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Preface 

Nature has solved its most complicated problem, the creation, variation, and improvement 
of living organisms, in a simple and efficient manner. Starting from primitive forms in 
earth history, mutation and crossover produced variations that had to struggle for their 
existence and to compete with their ancestors and genetically different variations. Since 
the pioneering work of Charles Darwin “On the Origin of Species by Means of Natural 
Selection”, published in 1859, we know about these mechanisms and understand, in prin- 
ciple, the development of higher organisms from the very first reproducing organic sys- 
tems. 

If we take a closer look, we see that mankind developed science and technology, 
following the very same pattern. Discoveries, as well as major and minor technical im- 
provements led to the development of watches, cars, computers, and all kinds of machines. 
Likewise, in drug research, most new remedies were derived and are still developed from 
“simple” lead structures, e.g., bioactive plant products, endogenous hormones, neurotrans- 
mitters, or screening hits. The bioisosteric replacement of atoms and functional groups 
(i.e., the mutations of a chemical structure) and the introduction of active parts of other 
interesting molecules (corresponding to a crossover between two leads) are performed in 
several iterative cycles, in order to improve the affinity of the compounds to a certain 
biological target, to improve selectivity, bioavailability and duration of action, and to re- 
duce side effects and toxicity. Thus, without defining their research work as a Darwinian 
process, medicinal chemists have indeed applied evolutionary principles over the past 100 
years! The final drugs always resulted from the “survival of the fittest”. 

Taking all this into account, it is highly surprising that a systematic investigation of such 
strategies for mathematical and technical optimization problems started relatively late. 
The books “Evolutionsstrategie”, by Ingo Rechenberg (Germany, 1973), and “Adaptation 
in Natural and Artificial Systems”, by John Holland (USA, 1975), laid the foundation of 
evolutionary algorithms. Their enormous potential for complex optimization problems, 
e.g., the travelling salesman or packing problems, has been fully realized in the past two 
decades. In the meantime, many more problems have been approached by EAs. Every- 
body who has personal experience in the application of these techniques will agree that 
the simplicity of programming of these algorithms contrasts significantly with the aston- 
ishing speed of the calculations and the high degree of approximation to the “best” solu- 
tions. Problems, where no complete simulation is possible due to an intractable number of 
possible solutions and where even Monte Carlo methods would need years, are solved in 
a matter of seconds or minutes. 

In a series on “Methods and Principles in Medicinal Chemistry” it is now highly 
appropriate to review the state of the art in the application of evolutionary techniques in 
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different fields of drug research, from conformational analyses of small molecules, 
docking, de novo design, QSAR, and diversity analysis to 3D structure determination and 
protein folding, to mention only some topics. Thus, the Editors of this series are grateful 
to David Clark, who has assembled with enthusiasm, ongoing drive and unprecedented 
success a team of experts in different fields of drug design and stimulated them to 
produce this informative book within very short time. 

March 2000 Raimund Mannhold, Diisseldorf 
Hugo Kubinyi, Ludwigshafen 
Henk Timmerman, Amsterdam 



A Personal Foreword 

My first encounter with evolutionary algorithms (EAs) was in the early 1990s during my 
Ph.D. research at the University of Sheffield where I studied under the guidance of 
Professor Peter Willett. At that time, the number of published applications of EAs in the 
field of molecular design could probably have been counted on the fingers of one hand. 
The publication of this book, less than ten years later, bears witness to the rapidity with 
which EAs have been assimilated into the discipline, and to the ubiquity of their applica- 
tion. 

Since moving into industry, I have maintained a keen interest in EAs, particularly their 
application to the problems encountered in molecular design situations. One of the fruits 
of this “hobby” is a regularly updated web-based bibliography (http://panizzi.shef.ac.uk/ 
cisrgllinkslea-bib.html) kindly hosted at the University of Sheffield by Dr. Val Gillet. It 
was a chance encounter with this site that prompted Hugo Kubinyi to invite me to edit 
this book - an invitation that I was delighted to accept. 

The aim of this book is to provide an up-to-date and comprehensive survey of the 
applications of EAs in molecular design. It is hoped that this will be of use both to med- 
icinal chemists - who may not be very familiar with EAs - and also to more seasoned 
molecular design professionals - who will probably have encountered them at one time or 
another. To aid the former, we have provided an introductory chapter to explain the ma- 
jor terms and concepts and, for the latter, a concluding chapter is included that examines 
some of the newer techniques entering the field, together with some possible future direc- 
tions. 

Compiling a book such as this can be hard work! An oft-quoted verse from the Bible 
sums it up: “Of making many books there is no end, and much study wearies the body” 
(Ecclesiastes 12 : 12, New International Version). My task as editor would not have been 
possible without the help of many people. First of all, it has been my pleasure and privi- 
lege to work with a group of authors who are experts in the application of EAs to their 
chosen fields within the broad area of molecular design research. I would like to thank all 
the authors for their patience, co-operation and sheer hard work in the preparation of this 
volume. I am also grateful to Dr. Hugo Kubinyi for his invitation to edit the book and for 
the benefit of his editorial experience along the way. The staff at Wiley-VCH deserve my 
thanks for their help and expertise at each stage of the production process, particularly 
Dr. Gudrun Walter, Peter Biel and Elke Lentz. In addition, I am grateful to Dr. Stephen 
Pickett for granting me permission to work on this project and to my employer, Aventis 
Pharma, for providing the necessary facilities. Last, but not least, I am indebted to my 
wife, Barbara, and my young son, Theo, who have encouraged and supported me in this 
“labor of love” and kept me from falling into the despondency of Eeyore: “This writing 
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business. Pencils and what-not. Over-rated, if you ask me. Silly stuff. Nothing in it" 
(Eeyore's Little Book of Gloom, Egmont Children's Books, 1999). 

I hope that, in whatever capacity you read this book, you will find it useful, stimulating 
and enjoyable. 

April 2000 David E. Clark, Dagenham 
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1 Introduction to Evolutionary Algorithms 

Abby L. Parrill 

Abbreviations 

EA 
EP 
ES 
GA 
HPLC 
QSAR 
QSPR 
RMS 

Evolutionary algorithm 
Evolutionary programming . 

Evolution strategy 
Genetic algorithm 
High-performance liquid chromatography 
Quantitative structure-activity relationship 
Quantitative structure-property relationship 
Root mean square 

1.1 History and Biological Motivation 

The past 30 years have seen the independent development of three biologically motivated 
computational problem-solving methods [ 1-31 grouped together under the term, evolu- 
tionary algorithms (EAs). The three parent methods share a biological foundation, the 
basic principles of Darwinian evolution [4], but differ in their computational implementa- 
tion of these evolutionary principles [S]. The shared biological foundation of EAs includes 
treatment of proposed problem solutions as members of a population that vary in adapta- 
tion to their environment, or fitness. These population members are subjected to selection 
pressure, and survivors breed offspring by the application of genetic operations that may 
include mutation, crossover (also called recombination), or both. Optimization proceeds 
for a number of generations after which fitter population members have evolved from the 
original population. A genera1 scheme for EAs is demonstrated in Fig. 1 .  The three parent 
methods that follow this general scheme are genetic algorithms (GAS) [3 ,  6-81, evolution- 
ary programming (EP) [l, 91, and evolution strategies (ESs) [2, 101. 

The original variants of EAs were initially applied to different types of problems, as 
well as having differences in implementation. GAS were initially developed as computer 
models of natural adaptation [3], and have since been extended to many other problem 
types including pattern recognition and parameter optimization in many different fields 
[7]. EP was initially used to optimize predictions made by finite state machines through 
evolution of the state transition tables of the machines [l]. The subsequent application of 
EP to other problem types has paralleled the expansion of GAS [9, 111. ESs were first 
applied to experimental hydrodynamic problems [ 121. Subsequent use of ESs has been 

Evolutionary Algorithms in Molecular Design 
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Initialize Population of 
Starting Solutions a /l 

Members 

Solutions 

Generate Next Generation 
Population 

Figure 1. General scheme used by evolutionary algorithms for problem solving. 

largely confined to computer science research circles, and has resulted in the strongest 
theoretical basis of the three methods [2, 51, although fewer practical applications have 
been published using ESs. Readers interested in a more detailed history of the develop- 
ment of EAs should refer to the recent publication of David Fogel [13]. The implemen- 
tations of these three methods are outlined and compared throughout the following sec- 
tion in a qualitative manner. Readers interested in a more mathematical overview and 
comparison of these methods are referred to the work of Back and Schwefel [5 ] .  

1.2 Descriptive Comparison of Algorithms 

1.2.1 Representation 

The implementation of any EA begins with the encoding of the problem solutions. Histor- 
ically, GAS have used binary encodings whereas ESs and EP have used real number encod- 
ings [ll]. Each encoding method displays distinct advantages. The binary encoding re- 
quires translation to and from the natural representation of the problem. Although this 
requires additional steps, it means that expansion of the GA methodology to a new type of 
problem requires only the development of code to translate to and from a binary represent- 
ation. Real number encoding, however, is often a much more natural representation of the 
problem, especially in scientific problems. Regardless of the encoding type, a coded 
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problem solution is referred to as the genotype, and it can be used to determine the 
decoded phenotype. The genotype can also be called a chromosome, and consists of a col- 
lection of genes. Genes are exemplified in the following example and are shown in Fig. 2. 

120.0 118.2 45.3 121.2 10.1 1.0 1.3 0.8 

Real-Valued Representation 
Gene: 1 2 3 4 5 6 7 8  

Figure 2. Representation of the conformation of a drug candidate in an  enzyme active site using 
binary and real-valued representations. 

An example with relevance to computer-aided drug design is the search for the lowest 
energy conformation of a drug candidate in the environment of an enzyme active site, the 
docking problem. The representation must include information describing the conforma- 
tion of the drug candidate, as well as information about the orientation of the drug candi- 
date relative to the active site. Figure 2 demonstrates in a simplified manner how this 
information might be encoded in binary and real-valued representations. The conforma- 
tion of the molecule used in the example requires the representation of only two dihedral 
angles. In the real-valued representation the actual values of the two dihedral angles are 
included directly. In the binary representation, however, these values must be converted 
to a binary form. The example uses a very coarse representation of dihedral angle space, 
only using three bits to represent the full 360 degree range at 45 degree increments. The 
orientation of one molecule relative to another can be represented in several ways. The 
example in Fig. 2 uses three angles to represent the rotation and three distance offsets to 
represent the translation of the drug candidate relative to a standard orientation. 
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1.2.2 Evolutionary Operators 

0 1 1 0 1 1 0 1 1 0 0 1 1 1 0 0 0 1 0 1 0 1 l 0  

1.2.2.1 Mutation 

0 1 1 0 1 1 0 0 1 0 0 1 1 1 0 0 0 1 0 1 0 1 l 0  

The mutation operator is one of the evolutionary operators that can generate offspring 
solutions for the next generation. Mutation is the only evolutionary operator in use in EP, 
it is the primary operator used by ESs, and is a secondary operator in GA applications. 
The implementation of mutation depends on the representation. Mutation in binary re- 
presented problems was originally performed by selecting a bit and setting it randomly to 
either 0 or 1 (independent of the original value of that bit). It is currently more common 
to invert the value of bits selected for mutation. Mutation in real-valued representations 
requires a random change in the value of the real number encoded at a selected position 
in the genotype. This can be done by selecting one of a limited list of acceptable values, 
or can be done by adding a small random value centered on zero. Figure 3 demonstrates 
the effect of the mutation operator on the example introduced in the previous section 
and shown in Fig. 2. 

120.0 118.2 45.3 121.2 10.1 1.0 1.3 0.8 

Real-Valued Representation 

120.0 124.3 45.3 121.2 10.1 1.0 1.3 0.8 

Figure 3. The mutation operator as applied to binary and real-valued solution representations. Binary 
mutation changes the value of the mutated bit either from 0 to 1 or from 1 to 0. Real-valued muta- 
tion changes a value by a random amount in a limited range. 
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Angle value 

0 

45 

90 

The impact of mutation on a candidate solution can be controlled for real-valued repre- 
sentations. The range of allowed mutations can be modified to suit the problem at hand 
or dynamically updated during the optimization process. Dynamic control of mutations is 
assessed in more detail later in this chapter and again in Chapter 12. Binary represent- 
ations using standard binary coding do not naturally allow this type of control. A solution 
to this problem is the use of Gray coding. Gray coding is a binary encoding mechanism 
that encodes adjacent values so that they differ by only one bit. Figure 4 demonstrates an 
example of both standard encoding and Gray coding. The binary mutation in Fig. 3 
changes the gene from 0 1 1 to 0 0 1. If this gene had been coded using the standard 
binary encoding shown in Fig. 4, the phenotype would change from 135 degrees to 45 
degrees. However, if the gene had been coded using the Gray coding system in Fig. 4, the 
phenotype value would change from 90 to 45 degrees. Thus, Gray coding allows single 
mutations to the genotype to have a smaller impact on the encoded phenotype of the 
solutions. 

Standard binary code value 

000 000 

00 1 00 1 

010 01 1 

Gray code value 

135 

180 

225 

01 1 010 

100 110 

101 111 

Figure 4. Three bit codings of angles at 45 degree increments using a standard binary coding system 
and a Gray coding system. 

1.2.2.2 Crossover 

The crossover operator is the second evolutionary operator used to generate offspring 
from selected parents. Crossover is the primary operator in GAS, a secondary operator in 
ESs, and is not used at all in El? Crossover combines genetic information from two par- 
ents to generate one or two offspring that have features of both parents. Crossover can 
be implemented in a uniform manner (i.e., uniform crossover), in which each element of 
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the child is selected randomly from one parent or the other. A second type of crossover 
is to select a point in the gene, and create the child using the information from one parent 
prior to that point, and data from the second parent after that point. This type of cross- 
over is called one-point crossover. A final type of crossover is to use multiple crossover 
points. These three types of crossover are shown in Fig. 5. The suitability of crossover to 
assist in optimization problems relies on the presence of patterns in the genotype which 
always result in phenotypes having relatively high fitness values. In the previously defined 
example, such a pattern might be a particular set of distance offsets that move the mole- 
cule into a pocket in the receptor. Crossover of a parent having this optimal pattern of 
distance offsets with another parent can result in a child that retains this beneficial set of 
distance offsets and has values for other parameters that result in a better overall fitness 
than either parent. 

Parent 1 

Parent 2 

Child 
(Uniform) 

Children 
(One-Point) 

Children 
(Two-Point) 

Figure 5. Children 

crossover 

1 

resulting from three different crossover mechanisms. uniform crossover. one-ooint " 
crossover, and two-point crossover. Parts of the gene coming from parent 1 have a white background. 
those coming from parent 2 have a cross-hatched background. 
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1.2.3 Selection and the Next Generation 

The concepts of biological evolution include a “survival of the fittest” mechanism to 
explain how genetic material is selected to survive into the next generation. The computa- 
tional implementation of such a mechanism requires a means by which to calculate the 
fitness of each member of the population, the fitness function, as well as an algorithm for 
selecting members of the population who will pass their genetic material into the next 
generation. 

1.2.3.1 Fitness Functions 

Fitness values must reflect the relative quality of the individual solutions for the problem 
being optimized in order to be useful in directing the evolutionary search toward more 
promising solutions. Functions for calculating such values must therefore be written speci- 
fically for each problem. Some problems naturally suggest their own fitness functions. For 
example, a conformational search method that seeks the global minimum energy confor- 
mation can naturally use the energies of the population members to describe their relative 
fitnesses. Calculation of fitness values often consumes a majority of the time devoted to 
solving problems by EAs. Optimization or parallel implementation of fitness functions 
can therefore provide a significant gain in speed. 

There is, of course, no requirement that fitness values be determined computationally. 
Novel implementations of genetic algorithms in combinatorial chemistry actually used 
experimentally determined biological assay results as fitness values for population mem- 
bers [14, 151. 

1.2.3.2 Selection Algorithms 

EAs implement selection mechanisms through algorithms that choose particular parents 
to be used in generating offspring. GAS are usually implemented with stochastic selection 
methods. One of these methods is roulette wheel selection (also called proportional selec- 
tion). All members of a population are assigned a segment on a wheel, with each segment 
having a size in proportion to the fitness of its associated population member. Random 
positions on the wheel are chosen, and the population member occupying that space 
becomes a parent. This process is repeated as needed. This selection method can result in 
premature convergence to a local optimum if there is a candidate solution with a fitness 
that is greatly superior to that of other population members. This problem can be avoided 
by using a candidate’s rank rather than its actual fitness to determine the size of its space 
on the wheel. Tournament selection relies on competitions between randomly selected 
population members for selection of parents. Two or more members of the population are 
compared, and the one having the best fitness value is deemed the winner. The winner of 
a tournament becomes a parent, and additional tournaments are held to obtain the de- 
sired number of parents [16]. Both roulette wheel selection and tournament selection may 
not select the best member of a population as a parent due to the random nature of the 
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selection process. A common modification is always to include the best solution as a 
parent, a strategy termed elitism. 

GAS use two mechanisms to determine the solutions that form the next generation. 
Two main population models include the steady-state model and the generational model. 
A child produced in the steady-state model replaces a single member of the previous gen- 
eration (often the worst, called the “kill-worst” strategy) and becomes eligible to serve as 
a parent immediately. In the generational model, all children are produced from parents 
in a single generation before the next generation is developed. The next generation in a 
generational model can be selected only from the children or from a combined pool of 
the children and the members of the previous generation. 

ESs use more deterministic selection algorithms. One of these algorithms selects the 
next generation from the children, called the 01, A) model. This notation indicates that p 
parents are used to generate A offspring, from which the p best offspring are selected to 
form the next generation. An alternate selection algorithm selects the next generation 
from the union of the parents and children and is termed a 01 +A) model. This notation 
indicates that p parents are used to generate A offspring, and that the next generation is 
created from the p best members of p and A. This mechanism for developing the next 
generation is analogous to the generational population model used in some GA applica- 
tions. 

EP uses a probabilistic selection algorithm that has features of both tournament selec- 
tion and the 01 + 1) model. This selection algorithm competes each member of the com- 
bined population of parents and offspring against a set of randomly selected population 
members. Each individual typically competes with between two and ten other individuals. 
The population members who are awarded the most wins are used to form the next gen- 
eration. The formation of the next generation in EP is comparable to the generational 
model used in GAS. 

1.2.4 Self-Adaptation and Learning-Rule Methods 

Optimization accomplished by EAs relies on the application of evolutionary operators 
such as mutation and crossover in order to search the solution space. These evolutionary 
operators are applied with a particular probability in the development of the new popula- 
tion. This probability and other settings of the operators have an impact on the speed and 
result of the optimization. ESs were designed to evolve not only the problem solutions, 
but also the parameters controlling the search strategy [2] .  This co-evolufion or seff-adap- 
tation process was independently incorporated in EP at a later time [17], and has also 
made its way into GAS [MI. 

The implementation of self-adaptation in ESs represents the problem and the standard 
deviations controlling the search strategy within each member of the population. This 
results in a search for the optimal solution and the optimal strategy simultaneously. The 
mutation parameters are modified by a multiplicative function throughout the course of 
the search. EP varies slightly from this mechanism in that an additive function is used to 
modify the parameters controlling the search. Comparison of the two methods indicates 
that the additive mechanism is advantageous when the functions to be optimized are 
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noisy, and that the multiplicative mechanism is more advantageous in other situations 
[ l l ] .  Other work has shown that it is important to first modify the search strategy and 
then use the modified search parameters to generate the remainder of the gene [19]. This 
is thought to associate successful strategy parameters with the good problem solutions 
they generate, rather than having good problem solutions associated with unrelated strat- 
egy parameters. 

Alternative methods that modify the search strategy in the course of a search are the 
learning-rule methods. These methods track the success of various operator settings for a 
defined number of generations (or solution evaluations) and then probabilities are reas- 
signed so that more successful operators have higher probabilities [ZO]. 

1.3 Implementation Issues and Representative Applications 
of EAs in Drug Design 

The prior sections have outlined the historical background and biological motivation of 
the three parent types of EAs. This type of description was not meant to imply that all 
implementations should strictly adhere to any one of these “standards”. A recent over- 
view of genetic methods by Luke makes two key points [21]. First, particular choices for 
the representation, evolutionary operators, selection and fitness function should be 
adapted to the problem rather than forcing the problem into the mold of a particular EA 
implementation. The second key point from Luke’s overview is that not all problems are 
suited to solution by EAs. It is also important to note that many reports have now been 
made on effective combinations of EAs with other search or optimization methods. 

1.3.1 Problem-Adapted EA Features 

An example of problem-specific genetic operators in computer-aided drug design can be 
taken from the application of GA methods to the search for the maximum common 
three-dimensional substructure shared by a pair of molecules [22]. Two knowledge- 
augmented operators, creep and crunch, were developed to suit this problem. The creep 
operator adds a pair of atoms to the substructure (a match pair) based on the geometries 
of the molecules. Atoms from each molecule which have similar distances to two ran- 
domly selected matched atom pairs are chosen as an additional match pair. The creep 
operator has a greater chance to productively add to the size of the matched substructure 
than the more typical mutation operator, which simply randomly changes a matched pair 
in this implementation. The crunch operator reduces the number of atom pairs in the 
substructure match. This operator provides an opportunity to release a suboptimal match 
that was added without the use of the knowledge-augmented operators. The application 
of these problem-specific operators was shown to yield substructure matches with lower 
root mean square (RMS) values than those obtained with the traditional genetic opera- 
tors alone. 
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1.3.2 Problem Suitability for EA Implementation 

A theoretical comparison by Wolpert and Macready has shown that no algorithm is cap- 
able of outperforming any other algorithm over all problems [23]. Any algorithm which 
clearly outperforms others on a particular problem will suffer in comparison to other 
algorithms when confronted with a different type of problem. Wolpert and Macready 
have termed this the “No Free Lunch Theorem”. This performance issue has also been 
demonstrated in an area relevant to computer-aided drug design for the specific problem 
of selecting maximally dissimilar molecules from a database [24]. The similarity of a mole- 
cule to others in the database, in both the problem-specific algorithm and the GA, was 
measured by comparison of the molecule to the centroid of the database. The GA imple- 
mentation used the inverse of this similarity measure as the fitness value, and represented 
sets of molecules as a list of integers, each integer referring to a specific compound in the 
database. It also included a knowledge-enhanced mutation operator, to replace a molecule 
in the list with one from the database most dissimilar to the centroid of those already in 
the list. This mutation operator is equivalent to the selection process used in the problem- 
specific algorithm for set members after the initial compound was selected. It was deter- 
mined that the GA could effectively improve the dissimilarity score over random 
selection, but could not find sets that were as dissimilar as those selected by the problem- 
specific algorithm even after 100 000 generations. 

Two areas in which EA methods have been shown to be highly successful are protein- 
ligand docking (see Chapter 3) and variable selection for the development of quantitative 
structure-activity relationships (QSAR, see Chapter 5) .  A recent comparison of docking 
methods showed that a GA implementation was more efficient than molecular dynamics, 
Monte Carlo, or the AutoDock program over five test cases given a relatively small 
search space (2.5 8, spherical radius) [25]. Of course, consideration of the “No Free 
Lunch Theorem” [23] should result in a lack of surprise that the GA implementation was 
not the most efficient when the problem was changed to include a larger search space 
(11 A spherical radius). The comparison of docking methods utilized a soft potential dur- 
ing the initial phase of the optimization, an intermediate potential during the intermediate 
phase, and a hard potential in the final phase. Scaling of the repulsive forces during a 
docking simulation had previously been shown to allow ligand side chains to better search 
out suitable pockets without becoming trapped in local minima [26]. The QSAR problem 
is a challenging one due to the common availability of many more descriptors than data 
points. EAs have the ability to evolve combinations of these descriptors to develop mod- 
els without overfitting. Luke recently published a comparison of an EP implementation, a 
stepwise method, and a comprehensive search method for the generation of a quantitative 
structure-property relationship (QSPR) model describing high-performance liquid chro- 
matography (HPLC) column capacity factors [27]. He showed that the EP method was 
able to find five-parameter models that were nearly as good as the best found by the 
comprehensive method and that the method ran 2000 times more quickly. Allowing the 
EP method to include six-parameter models enabled it to find the best five-parameter 
model. The stepwise model generation method was 1000 times faster than the EP imple- 
mentation, but the best linear model found was worse than all of the top 150 models 
found by the EP method. 
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1.3.3 EA Combination Methods 

It is also important to note that many reports have now been made on effective combina- 
tions of EAs with other search or optimization methods. A very recent example is a two- 
stage method for the design and evaluation of hydrophobic protein core structures [28]. 
This two-stage method uses a GA to search conformational space for both side chains 
and the protein backbone, and subsequently uses Monte Carlo sampling to refine the best 
results obtained from the GA phase of the search. The Monte Carlo sampling was found 
to be more efficient in the refinement than continued use of the GA method. A prior 
example in the field of QSAR modeling used a GA to select sets of molecular descrip- 
tors, and subsequently fed those descriptors into a neural network in order to develop the 
quantitative relationship [29]. 

Hybrid methods have been applied in many areas, another interesting example being 
the use of such methods in geometry optimization. A GA implementation was compared 
with simulated annealing for optimization of small silicon clusters [30]. The GA imple- 
mentation was found to have favorable convergence early in the search, and then to have 
difficulty near the optimum. The simulated annealing method showed the reverse of these 
convergence properties. A combination of GA early in the optimization process and simu- 
lated annealing later yielded an order of magnitude improvement in search time over 
either method alone. More examples of hybrid methods can be found in Chapter 12. 

1.4 Conclusions 

As subsequent chapters in this book show, EAs have already pervaded all aspects of 
computer-aided drug design, including geometry optimization, de n o w  design, docking, 
guidance of combinatorial chemistry, QSAR and the interpretation and analysis of experi- 
mental structural information. It is therefore difficult to predict new areas of future EA 
application that will be fruitful. The application of evolutionary algorithms in drug design, 
however, is unlikely to taper off in the near future. Clark showed that publications on 
evolutionary algorithms in computer-aided molecular design have skyrocketed throughout 
the 1990s [31]. Thus, new implementations of EAs in all of the previously mentioned 
areas are going to be common in the future. 

One EA application area that is just beginning to appear in publications is the use of 
EAs to assist in the interpretation and analysis of experimental structural information. 
This is likely to be one area in which EAs will have rising impact in the future. As more 
research is published on the strengths and weaknesses of EAs, the development of hybrid 
methods is likely to be a second area to receive increasing attention. Such methods have 
the capability to utilize the complementary strengths of multiple search and optimization 
techniques and to more rapidly and thoroughly solve problems of interest to the pharma- 
ceutical industry. The geometry optimization example described in the previous section 
showed an impressive speed improvement through the use of an evolutionary algorithm 
in conjunction with simulated annealing. Both the use of combination methods and the 
number of different methods used in combination with EAs will escalate in the future. 
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EAs have become a popular method for dealing with challenging search and optimiza- 
tion problems for many reasons. The concept of EAs is relatively straightforward, and the 
biological foundation is familiar to all. EAs are also straightforward to implement, and 
once implemented are easily extended to additional problems. While they do suffer in 
performance comparison against algorithms optimized for particular problems, the flex- 
ibility they offer has been a major contributor to their proliferation. 
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2 Small-molecule Geometry Optimization 
and Conformational Search 

Ron Wehrens 

Abbreviations 

EA Evolutionary algorithm 
ES Evolution strategy 
GA Genetic algorithm 
NMR Nuclear magnetic resonance 
NOE(SY) Nuclear Overhauser effect (spectroscopy) 
RMS Root mean square 
SA Simulated annealing 

2.1 Introduction 

The optimization of molecular geometry was one of the very first applications of evolu- 
tionary algorithms (EAs) in chemistry. Once the possibilities of this class of optimization 
methods were realized, they quickly became very popular in a wide range of chemical 
application areas (several reviews have included applications of EAs in the optimization 
of chemical structures; see, e.g., [3-81. Several reasons can be identified for this popularity. 
First of all, evolutionary methods have shown good results in problems where other 
methods have struggled. Second, their principles are easily understood and intuitively ap- 
pealing. Furthermore, implementation is generally easy, given that several toolboxes are 
available in the public domain. In the extreme case, one only has to provide an evaluation 
function (see below) that assesses the quality of a trial solution. In structure optimization, 
such a function is often provided by molecular mechanics software, but other criteria may 
be used as well. 

Several different forms of EAs are used in practice, but the majority of applications 
concern generic algorithms (GAS) [9, 101. These are characterized by a population of trial 
solutions, each represented in a binary way, a selection operator that emphasizes the best 
individuals in a population and crossover and mutation operators to generate the next 
generation. The German school of evolution strategies (ESs) [ll] differs from GAS in that 
crossover is not applied, a real-valued representation rather than a binary one is used, 
and several search parameters such as the mutation rate are encoded in the trial solutions. 
In this way, the algorithm takes care of its own configuration. Boundaries between the 
two classes, however, are blurring; GAS often apply real-coded representations and many 
different, often problem-dependent, evolutionary operators, whereas ESs sometimes apply 
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crossover-like operators or omit the inclusion of search parameters in the strings. To the 
knowledge of the author, no applications in molecular structure optimization are known 
of other forms of EA, such as evolutionary programming [12], genetic programming [13] 
or classifier systems [14], and these will not be treated further in this chapter. 

For an algorithm to qualify as an EA, two criteria must be satisfied: (i) a method 
should manipulate a population of trial solutions; and (ii) some form of selection should 
be used. In practice, a third element is almost always present. This is that new trial solu- 
tions are created by combination of old solutions (the crossover operator, used in many 
different forms). 

This chapter will not treat technical matters in great depth: it is assumed that readers 
are familiar with the basic concepts of EAs (see Chapter 1). Rather, attention will be 
focused on the differences between EAs and other structure optimization methods, and 
strengths and weaknesses of each are identified. In the next section; some fundamental 
qualities of EAs will be discussed that are important in their application, especially in the 
field of structure optimization. Next, a short literature review will be given of the applica- 
tion of EAs in conformational search and geometry optimization, concentrating on the 
evaluation functions used, the representation of molecular structure and the types of 
molecule under study. Separate sections will be devoted to those applications where com- 
parisons are made between EAs and other optimization methods. 

2.2 Evolutionary Algorithms 

As stated in the introduction, one of the characteristic features of EAs is that a population 
of trial solutions is maintained. This is a marked difference from other individual-based 
optimization methods such as simulated annealing (SA) [15], and has several important 
consequences. In many cases, population-based search behavior will be markedly different 
from that of individual-based methods and, as such, the two classes complement each 
other. Although to date no single optimization method has consistently outperformed all 
other methods for a range of optimization problems (the “No Free Lunch” theorem [16]), 
it is possible that for a very specific application there is a clear preference for either the 
population- or individual-based search. In this section, we highlight those aspects of popu- 
lation-based search that are fundamentally different from individual-based search and that 
therefore may determine which of these is most suitable for a specific application. 

2.2.1 Diversity 

Use of a population makes it possible to encourage a better coverage of the search space. 
Imagine a perfect single-solution optimization method that always finds the globally opti- 
mal molecular conformation. In Fig. 1, this would mean that solution A would be found 
every time. However, the structures corresponding to some of the local optima B-E may 
also be populated at room temperature, especially if the energy wells are broad. With a 
single-solution method, only those conformations encountered during the journey from 
the starting point to the global optimum will be found. A way to find more would be to 
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restart the search from another starting position, but there is no guarantee that another 
route will be followed. This kind of search behavior is therefore also called “linear”. 

A 

Figure 1. A one-dimensional energy surface. Not only the global optimum A may be important, but 
B-E may also be populated at room temperature. 

With population-based search methods, there are ways around this problem. The ability 
to determine the similarity between several trial solutions opens up possible ways to 
promote diversity. Special operators such as forced mutations can be employed to ensure 
that the population does not converge completely to one single optimum. An even more 
rigorous approach is to maintain not one population but several subpopulations, which 
are allowed to evolve individually but for an occasional exchange of genetic material. 
Reports in the literature indicate that this approach not only leads to several good 
solutions (B-E in Fig. 1) but also may speed up the route to the global optimum. 

2.2.2 Creation of New Solutions 

With individual-based search methods, one trial solution is the starting point for the gen- 
eration of a new solution. The new solution may be generated by a random perturbation 
of the old solution, or by application of a modifying algorithm. The new solution may or 
may not replace the old solution as a starting point for the next iteration. This type of 
search behavior is illustrated in the left plot in Fig. 2; it follows a linear trajectory through 
search space. The consequence of such a strategy is that two consecutive solutions are 
probably very much alike, whereas two solutions that are far apart in the solution se- 
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quence are less likely to be similar. Unless special attention is paid to this problem, this 
behavior may make it difficult to overcome large energy barriers (in the case of energy 
minimization of a molecular structure). 

Figure 2. Linear versus non-linear search behavior. The left plot shows a trajectory through search 
space of an individual-based method; the right plot shows four generations of a GA application in 
the same search space (in both plots, 40 evaluations were performed). Circles indicate members of 
the zeroth (random) generation; triangles indicate members of the first generation. The darker the 
colour in the plot, the more negative the energy. 

In the case of EAs, the generation of new structures, especially in the case where cross- 
over is used, does not suffer from this problem. A trial solution in an offspring population 
may differ quite substantially from both its parents, as indicated in the right plot in Fig. 2. 
This enables the algorithm to take large steps in the solution space, and the linear beha- 
vior of the individual-based search is not observed. The other side of the coin is that this 
makes it difficult to obtain a precise estimate of the location of the optimum. This is also 
clearly visible in fig. 2: whereas the linear method goes straight to one of the local opti- 
ma, the GA seems to perform an almost random search. This example is of course very 
simplistic and EAs are much more suited for searching in high-dimensional spaces. To 
remedy the poor search precision, the final solution(s) of EAs are often further optimized 
by local optimization methods. 

2.2.3 Constraint Satisfaction 

In some optimization problems, including structure optimization, the overall quality of a 
trial solution may be quite good, but because some constraint is violated, the solution is 
not a valid one. EAs offer several flexible ways of dealing with this situation. One is to 
modify the solution so that the violation is removed. This so-called “repair” strategy is 
also applicable in individual-based optimization methods, but has the disadvantage that it 
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is slow, because of the large number of calculations needed to identify and remove the 
violation. In some cases, the optimization is also forced in the wrong direction because of 
a repair strategy. An example is depicted in Fig. 3, where a gray area in a Ramachandran- 
like plot indicates a “no-go” area, and the optimum is located at the other side. Indivi- 
dual-based methods employing repair strategies will not be able to cross the gray area 
and are forced to go around it. 

N 

0 360 
Angle 1 

Figure 3. Hypothetical Ramachandran-type 
plot, indicating forbidden combinations of 
two torsion angles. Individual-based methods 
are forced to go around the “no-go” area, 
whereas population-based methods can more 
or less ignore it. In the figure, three repair 
operations are necessary. 

Population-based methods employing the repair strategy are also described in the lit- 
erature, but there are other strategies available. Because of the non-linear search charac- 
teristics mentioned in the previous paragraph, there is no need to go around the forbid- 
den area. Solutions violating the constraints can be treated just like other solutions that 
are bad, for instance by penalizing them or removing them from the population alto- 
gether. An advantage of the penalization strategy is that the “genes” of such a solution 
are still available for reproduction (although with a smaller probability), so that good 
elements of this solution may still propagate to the next generation. Both penalization 
and lethalization strategies are much faster than the repair method, and have been shown 
to give good results [17]. 

2.3 Technical Aspects of Method Comparisons 

The comparison of several global optimization problems for a given application seems to 
be a simple task. One performs several optimizations with all the methods and finally 
picks the one that gives the best result. In the context of structure optimization, this may 
correspond to the structure with the lowest energy, as calculated by a force field method. 
However, there are several difficulties with this approach. First of all, one should be sure 
that each optimization method is properly tuned. Because of the large number of adjust- 
able parameters in EA optimization (and in many other optimization methods as well), 
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this is not a trivial task. Often, a one-at-a-time approach is used, starting from standard 
settings, as published in the scientific literature. There is a very real danger that this will 
lead to suboptimally configured methods, and so more thorough methods utilizing experi- 
mental design theory have been proposed [18, 191. A full optimization of the search 
settings may be costly in terms of computing power, and is therefore not often performed. 
In comparisons in the literature, one should always be aware of the fact that one of the 
methods employed may have received more attention (e.g., is a newly developed, and 
hence optimized, method), while others are applied without much tinkering. Comparisons 
with published results are only possible if exactly the same evaluation function is used in 
all methods. 

Another point is that, especially with stochastic optimization methods such as SA and 
EAs, results of repeated runs may lead to quite different answers. This variability in the 
results must be taken into account when comparing optimization methods. One way to do 
this is to report several values for each optimization (consisting of a number of repeated 
runs), such as the best solution found, and the quality of the mean and worst final solu- 
tions. 

These considerations are also important when fine-tuning a search algorithm. With 
EAs, this can be a difficult task, given the large freedom of the experimenter in choosing 
operators and search settings. As already stated, most measures of performance focus on 
the quality of the best solution found by the search method, or a mean value over a 
number of good solutions. Clearly, this is a one-sided view of the quality of an optimiza- 
tion method, and additional criteria have been suggested. These include measures of 
diversity during the optimization [20-221, the percentage of cases in which the global 
minimum was identified [23], the number of evaluations or the CPU time needed to find 
the optimum [18, 24-26] and the number of different structures found [21]. Exactly what 
is expected of the optimization method should be reflected in the criteria used to evaluate 
performance. In the context of structure optimization, a set of four quality criteria has 
been proposed recently (271. These concentrate on coverage of the search space, coverage 
of the solution space and the reproducibility of these quantities in repeated runs. The 
application of these criteria in the fine-tuning of GA settings has also been described 
1191. Because the criteria do not explicitly use values from the evaluation function, it is 
possible to fine-tune the evaluation function itself. This is important in cases where a 
weighted sum of several terms is used in evaluating trial solutions (see, e.g., [18, 281). 

2.4 Traditional Methods for Structure Optimization 

Traditional methods of structure optimization 1291 fall into one of two categories, depend- 
ing on the data that are available. If experimental distance constraints are available, for 
instance from NMR spectroscopy, distance geometry methods [30, 311 can be used. The 
problem is then to convert these incomplete distance constraints to a complete definition 
of a molecular conformation in Cartesian co-ordinates. The distance constraints are 
formulated as pairs of upper and lower bounds; a constraint is said to be satisfied if the 
corresponding distance in a molecular structure is between these bounds. 
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The most common algorithm for distance geometry uses an eigenvalue decomposition 
to transform a distance matrix into Cartesian space, and a subsequent optimization step is 
performed to obtain the final co-ordinates. Often, conjugate gradient minimization [32] is 
used for this. The distance matrix that is transformed is a random sample of distances 
between the upper and lower bounds. After this so-called embedding step, a smoothing 
step may be performed (metrization) after each new distance is picked, to ensure that the 
triangle inequality holds. Alternatively, an exhaustive search method can be used to 
manipulate a structure in torsion angle space so that distance constraints are satisfied. 

The second class of traditional structure optimization methods aims at finding mole- 
cular conformations with a minimal energy. Force fields [33, 341 are used to calculate the 
energy of a molecular conformation, and an optimization algorithm directs the search into 
a minimum. Several optimization methods are available: numerical methods [32], Monte 
Carlo methods and simulated annealing [15], random search and systematic search. To 
prevent the optimization method from becoming trapped in a local minimum, multiple 
runs are often performed. 

Besides these general optimization methods, some chemistry-specific methods can be 
used to sample conformational space. In the popular molecular dynamics method [35], 
each atom in a trial structure is given an initial velocity, and Newtonian equations are 
used to calculate the structure at a specific instant in time. Although this is an appealing 
method conceptually, it has several disadvantages: it requires significant computer 
resources, and is easily trapped in a local optimum. Therefore, its primary use is to study 
the behavior of conformations in the vicinity of an optimum. 

Other examples of structure optimization methods are directed tweak [36] and direct 
search methods [37]. The latter is an intelligent adaptive grid search that may be very fast 
because no derivatives need to be calculated. 4 set of trial conformations is evaluated 
and the worst of these is replaced by a new conformation. The replacement is done by a 
series of geometric operations in multi-dimensional optimization space. The method is 
closely related to the simplex optimization method of Nelder and Mead [38]. 

2.5 Evolutionary Methods for Structure Optimization 

EAs (and in particular GAS) nowadays are very popular methods for finding the optimal 
geometry of a molecular structure with respect either to agreement with experimental 
data, such as NMR-derived distance constraints, or internal energy. These two types of 
problem form the bulk of all EA applications in this area, and they will be treated in 
more detail in the next paragraphs. Several other applications also deserve a mention. 
Structure optimization with respect to complementarity to an active site (e.g., [39, 401) 
belongs to the domain of molecular docking and will be dealt with in Chapter 3. Another 
problem is tackled in [41], where a small set of diverse conformers is sought. The fitness 
of a solution is given by a measure of the difference with all other solutions in the popu- 
lation. The algorithm is initiated from a 3-D structure, and a population is generated by 
applying random mutations to this structure. 

The optimization of clusters of atoms and molecules with evolutionary algorithms is 
also an active area of research (see, e.g., [23, 42, 431). In [44], a nested GA is described 
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that can calculate cluster geometries of flexible molecules, where the inner GA loop is 
used to optimize the structure of each molecule separately. These applications will not be 
treated further in this chapter, nor will structure optimization as used in the alignment of 
flexible molecules [45, 461. These problems are very much related to the applications 
described in this chapter, however, since only the evaluation function is different. In almost 
all cases, torsion angles (internal co-ordinates) are used as the molecular representation, 
assuming standard values for bond angles and bond lengths. This has the advantage that 
only a few parameters are needed to describe relatively complex structures. However, one 
important disadvantage of this representation is the so-called “leverage” effect: a small 
change in one torsion angle may lead to a drastic change in the overall conformation of 
the molecule. In general, such a representation is found to have difficulties. Note that this 
effect is independent of whether real or binary coding is used. 

2.5.1 Satisfying Constraints from Experiments 

One of the first applications of EAs in structure optimization was described by Lucasius 
et al. [2, 471. They optimized the structure of a DNA dinucleotide using a standard GA. 
The method requires an experimental NOESY NMR spectrum, and the chemical shift 
information for each proton in the structure. Translation of the dihedral angles to a 3-D 
structure then makes it possible to calculate a theoretical NOE spectrum, which can be 
compared to the experimental one. The evaluation function in this case is a root mean 
square (RMS) difference between the intensities of crosspeaks in the theoretical and 
experimental spectra. 

A different approach is taken in [48], where distance constraints derived from NMR 
spectroscopy are used in the evaluation function. A GA, called DGSZ, was used as a 
front-end for the distance geometry program DGII [49]. The upper and lower bounds for 
a set of 58 distance restraints were coded in the strings. Each member of the population 
was the starting point for a distance geometry calculation, and the fitness of this member 
was given by the number of distance constraint violations. It was shown that for cyclo- 
sporin A, a cyclic undecapeptide notorious for its difficult sampling properties, the GA 
led to a significant improvement in the sampling behavior of the distance geometry algo- 
rithm. 

In other applications, the agreement with experimentally obtained distance constraints 
is used as a fitness function for oligopeptides [50], RNA stem-loop structures [28] and 
DNA oligonucleotides [18, 47, 511. Pearlman [52] uses a genetic algorithm to derive an 
ensemble of structures that best fits NMR data. The resulting weights indicate which 
conformers are important. In many of these applications, fitness penalties are given for 
structures with van der Waals overlap between atoms. Other extensions include the use of 
stereochemical constraints or constraints on the conformation of a substructure. The 
advantage of such an evaluation function is that it can be calculated quite quickly, much 
faster than a complete distance geometry optimization or the calculation of a theoretical 
NMR spectrum. 
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2.5.1.1 Comparisons with Other Methods 

Several comparisons have been made between distance geometry programs and GA 
approaches. In [53], a GA for the optimization of torsion angles is compared to the DGII 
distance geometry package [49] for a modified thymine dimer. It was found that DGII 
was more successful in satisfying the distance constraints in the data. However, this came 
at the cost of a much larger variability in bond angles, which in some structures assumed 
rather extreme values. The GA identified a much more tight set of structures because 
only torsion angles could be modified during the search. 

This comparison was extended to include the DGQ program described in [48], and 
more or less similar results were obtained [54]. Again, the classical GA yielded the poor- 
est sampling of the conformation space, albeit that all generated structures had a good 
covalent geometry. DGQ performed slightly better than DGII, but required much more 
computing time. 

2.5.2 Energy Minimization 

An even more popular use of EAs in the optimization of molecular conformation is in 
the energy minimization of a molecular structure. Here, an appropriate force field calcula- 
tion is used as the evaluation function. In most cases, only the most important energy 
terms are taken into account to speed up calculations. Many examples can be found of 
the structural optimization of small organic molecules [20-22, 24, 55-58], small peptides 
and peptide analogs [59-62], and proteins [l, 25, 63-65]. 

Again, the most popular way to represent molecular structure is to use internal co- 
ordinates (torsion angles). Tuffkry et al. [l, 251 describe an evolutionary algorithm that 
optimizes the structure of protein side chains by selecting rotamers from a predefined set, 
where the chance of selecting a specific rotamer is determined by its probability of occur- 
rence, determined beforehand. In most cases, standard genetic operators are used, but the 
application of specialized operators sometimes leads to improvements. In [56], a graph 
crossover, where two subgraphs are combined (and repaired if necessary), is used, result- 
ing in an increased robustness of the algorithm. Jin et al. compare three variants of their 
GAP program, differing in ways to enforce diversity during the optimization [22]. It was 
concluded that the different crossover operators did not influence the sampling character- 
istics very much, probably because the crossover operator is only of minor importance at 
the end of the search, when the diversity in the population has decreased. 

Parallellization using island or migration models is reported to improve results, mainly 
by making it easier for the algorithm to maintain a diverse population [51, 56, 62, 631. 
Niching, where the population is divided into subsets of more or less similar individuals, 
is also used for this purpose. A popular niching technique is sharing, where the fitness of 
individuals in the same niche is lowered when the niche is overpopulated. Measuring the 
degree of similarity in the population (also called convergence) is not always straight- 
forward. Torsion angles of -179 and 179 degrees are of course quite close, so simply look- 
ing at differences or variances may lead to wrong conclusions. In [21], a simple criterion 
is defined for the measurement of similarity in a population defined by strings of torsion 
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angles. Each angle is represented by a point on the unit circle, and if the angles are 
evenly distributed, the mean of all angles will lie at the origin. A larger distance from the 
mean to the origin indicates a smaller diversity. It should be noted, however, that even a 
small deviation in torsion angles can lead to large differences in overall 3-D structure, so 
that the measure is useful for signalling convergence in the population. Cluster analysis is 
sometimes used to determine the presence of similar conformations [l, 27, 57, 601. 

Although in almost all applications the final solutions of an EA are further optimized 
by a local optimization method (typically steepest descent), it is also possible to perform 
a local optimization in each evaluation during the EA run [l, 241. Although in most cases 
only a few steps are performed, run times will increase significantly, and for small mole- 
cules it usually is unnecessary. 

2.5.2.1 Comparison with Other Methods 

Many papers compare the performances of EAs with other search methods such as 
simulated annealing, direct search methods and random search (see, e.g., [26, 37, 66, 671). 
The general conclusion is that EAs are consistently among the best performing general 
search algorithms, in many cases performing as well as or only slightly worse than optimi- 
zation methods specifically designed for the problem at hand. As noted by several other 
authors, Judson states that GAS are particularly useful for quickly producing a family of 
low-energy conformers, but are less successful in fine-tuning these towards the exact glo- 
bal optimum [66]. The post-EA steepest descent optimization that is performed in most 
applications is the result of this realization. Because of the limited accuracy of energy 
calculations this disadvantage is not too important. 

In the context of 3-D database searching, Clark et al. found that GAS were better than 
distance geometry, systematic search and random search, and both GAS and directed 
tweak methods performed well enough to be useful in practical applications [67], a 
conclusion that is also reached in [26]. 

2.6 Discussion 

The many successful applications of EAs, and in particular GAS, have made EAs the de 
fucto reference method in the optimization of small- to medium-sized molecules. With 
larger structures, typically containing hundreds of torsion angles, results have been less 
encouraging, and it may be necessary to apply EAs to smaller substructures separately 
before analyzing the overall geometry (see Chapter 11 for more details). Apart from the 
good results, in that usually very low energies are obtained or many of the experimental 
constraints are satisfied, EAs have the significant advantage that they provide a family of 
solutions. In some cases, it is shown that they are not always the most efficient search 
method in terms of number of evaluations, but with the dramatic increase in computing 
power of the least few years (and there is little reason to believe that this development is 
slowing down), efficiency may no longer be the most important aspect. Attention will 
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probably shift to measures of completeness (are all relevant minima identified?), reliabil- 
ity and reproducibility. 

As already stated, application of EAs is relatively straightforward, once an evaluation 
function is available. The most straightforward of these is a force field program, but more 
often custom-built evaluation functions are written. In most cases, the value that is 
returned is only required to give a relative quality measure of the trial solution so, for 
instance, large parts of expensive energy calculations can be omitted. Configuration of 
EAs may be a problem, and sometimes large performance drops can be observed because 
of an inadequate choice of operators or search settings. Although standard settings seem 
to be used widely, small differences in implementation may require expensive meta- 
optimization. Table l summarizes some of the applications mentioned in the text. 

Table 1. Summary of applications mentioned in the text. 

Compound class Evaluation Representation Reference 

Organic molecules Energy T 
Proteinslpeptides Energy P 

Energy T 
Constraints T 
Constraints 0 

Nucleic Acids Constraints T 

Constraints 0 

[20, 21, 24, 55, 56, 581 

PI 
[22, 57, 60, 62, 63, 651 
[50, 59, 611 

[481 
[2, 28, 47, 511 

[I81 

Representation: T: torsion angles, P: predefined set of partial conformations, 0: other. 

The most critical choice for the success of an EA, however, is probably the representa- 
tion. The most widely used representation, and also the most efficient one, consists of a 
series of torsion angles (see also Table 1). This leads to standard values for bond lengths 
and bond angles; usually, these are optimized in the subsequent local optimization. The 
biggest disadvantage of a representation by torsion angles is that a small change in one 
angle may lead to a large change in the value of the evaluation function. This leads to an 
EA “search landscape” with very sharp peaks, which in test functions is observed to ham- 
per the performance of the search method significantly. On the other hand, the deviation 
in one torsion angle may be compensated for by another angle, so that two different 
strings may code for almost the same 3-D structure. At the moment, however, in most 
applications there is no realistic alternative. 

The flexible nature of EAs and many other global search techniques has led to many 
hybrid methods, where elements of methods from different classes are combined. 
Examples in other fields include combinations of evolutionary methods with local optimi- 
zation methods, simulated annealing and tabu search [68] (see Chapter 12 for a further 
discussion). Two examples of methods having some characteristics of EAs can be found 
in [69, 701. In [70], deep local minima are identified by combining torsion angles from a 
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small set of other local minima. In [69), what is essentially a tree-search is performed, 
where the descendants of each node are generated by crossover-like mechanisms. Again, 
torsion angles are taken from a pool of previously found local minima. 

2.7 Conclusions 

Evolutionary algorithms of many flavors have found wide application in the conforma- 
tional search of small- to medium-sized molecules. Their success has been remarkable, 
especially since they are general problem solvers, not specifically designed for structure 
optimization problems. Moreover, the basic algorithm is very simple. Although there are 
several issues to be addressed, most notably the representation of molecular structure, 
EAs are likely to continue to play a major role in the future. 
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Abbreviations 

EA 
EP 
ES 
GA 
LGA 
MC 
MD 
RMSD 
SA 
TS 

Evolutionary algorithm 
Evolutionary programming 
Evolution strategy 
Genetic algorithm 
Lamarckian genetic algorithm 
Monte Carlo 
Molecular dynamics 
Root mean square deviation 
'Simulated annealing 
Tabu search 

3.1 Molecular Structure and Medicine 

The fundamental tenet that biological function is inextricably linked to molecular struc- 
ture underpins much of computational molecular biology. Understanding how molecular 
structures interact, in normal and pathological cases, is one of the most important goals of 
medicine today. Until relatively recently, new medicines were discovered by accident, and 
even today, trial and error can be an important part of drug discovery. It could be argued 
that high-throughput screening is our present-day equivalent, and is used to test large 
numbers of chemical compounds for potential activity against some pathological organism 
or process. When a compound shows activity, even if weak, this so-called lead molecule 
may become the basis of a concerted program to improve its potency. 

However, when three-dimensional (3-D) structural information of the macromolecular 
target is available, a more directed approach may be taken. Structure-based drug design 
methods seek to use knowledge of the structure of the target macromolecule complexed 
with a given lead molecule. Enzyme functional groups that influence binding are identi- 
fied and their contribution to substrate binding quantified. This knowledge can then be 
used to suggest improvements in the lead molecule that would enhance its binding. Puta- 
tively improved molecules can be made by organic synthetic chemists, and tested to deter- 
mine the change in activity. The drug design cycle continues until a molecule with an 
inhibition constant in the nanomolar range or better is found. This is far from the end of 
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the story, as problems of toxicology, bioavailability and synthetic cost, for example, must 
also be solved before human trials can begin. 

Protein-ligand docking plays a central role in the process of structure-based drug 
design. In the lexicon of molecular biology, docking refers to the process by which one 
molecule binds noncovalently to another molecule. (Computationally, the term is more 
loosely used and may also encompass covalent binding.) A small molecule such as a 
substrate binds, or docks, to its target enzyme at the active site. The structure and stereo- 
chemistry of the enzyme - in particular at its active site - complement the shape and 
physico-chemical properties of the substrate so as to catalyze stereospecifically a particu- 
lar reaction. Of course, some enzymes are more specific than others and can have a wide 
range of binding affinities for their inhibitors. Drugs usually consist of small molecules 
that mimic the transition state of the biochemical reaction that the enzyme catalyzes, but 
bind more tightly than the native substrate. Since experimental data for the structures of 
the complexes of a target enzyme exist - though not always with the desired ligand - it is 
immensely valuable to be able to predict the bound structure using the assistance of a 
computer. This facilitates the testing of many possible inhibitors computationally, before 
committing the necessary resources for their synthesis. 

Protein-ligand docking has found other important uses in biomolecular science. A simi- 
lar problem arises sometimes in X-ray crystallography in trying to solve the structure of a 
protein-ligand complex. The positions of the protein atoms can be determined relatively 
straightforwardly, by analogy with previously determined homologous proteins. In certain 
cases, however, the electron density of the ligand turns out to be too ambiguous to assign 
the atomic positions of its binding mode. Computational docking may be used to identify 
the most favorable conformation of the ligand when bound to the protein molecule, which 
may then be tested for compatibility with the experimental electron density. Similarly, the 
binding of substrates, products, and transition states may be predicted computationally. 
allowing study of enzyme mechanisms and bound states that are impossible to study ex- 
perimentally. 

3.2 Computational Protein-Ligand Docking 

Despite improvements in computational power, docking remains a very challenging - and 
many would argue a “hard” or “NP-complete” - problem. Even with the fastest compu- 
ters, many docking problems are still intractable. Exhaustive, systematic search methods, 
often referred to as “brute force” methods, are not always feasible even for the simplest 
of docking problems, namely docking a rigid molecule to a rigid receptor. Extremely 
rapid energy function evaluations and coarse sampling of parameter values are necessary 
to make systematic searches possible. To obtain an idea of the magnitude of the problem, 
if a 20 A-sided cube is systematically scanned at translational intervals of 0.5 A and rota- 
tional intervals of 5 degrees, there would be almost 2.4 x 10’” potential docking states. 
Clearly, we need to be able to search the possible binding configurations very efficiently, 
if we wish to use systematic search for docking. An example of this is DOT [l], which 
uses fast Fourier transforms and parallel computation to perform convolutions that 
rapidly calculate energies for rigid protein-protein docking. 
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There are various approaches to computational molecular docking. Flexible docking 
and design methods that use nonevolutionary as well as GA-based methods have been 
reviewed elsewhere. Rosenfeld et al. [Z] focused on two applications, the design of retro- 
viral protease inhibitors and the design of major histocompatability complex (MHC) 
receptor-specific peptide antigens. They considered methods that ranged from rigid to 
flexible docking, and that used Monte Carlo/molecular dynamics docking, in-site combina- 
torial search, ligand build-up methods, and active site mapping and fragment assembly. 
They also discussed the use of empirical free energy as a target function. Jones and Will- 
ett reviewed new algorithmic approaches in 1995 [3], while Lengauer and Rarey reviewed 
the progress in simulating the flexibility of molecules in docking in 1996 [4]. Finally, for 
an excellent description of docking in general, written for a readership of computer scien- 
tists, see [ 5 ] .  

Broadly speaking, docking is a search or optimization problem, which necessitates a 
way of ranking potential dockings. The complexity of biological molecules adds an addi- 
tional wrinkle: fewer levels of conformational flexibility can be modeled to simplify un- 
manageable searches. The next two sections briefly discuss the types of scoring functions 
and the level of molecular flexibility that is modeled. 

3.2.1 Scoring Functions 

The extent of interaction between two molecules is usually expressed quantitatively by an 
energy value, which is ultimately based on a model of the physical chemistry of atomic 
interactions. There is often a trade-off between the sophistication of a scoring function 
and its computational cost. Rapid screening methods use simple geometric or steric criter- 
ia to allow very large numbers of ligands to be docked to a given target. However, these 
often miss potentially important ligands or binding modes, owing to their poor chemical 
selectivity. In the middle of the spectrum are enthalpic scoring functions, which account 
for the potential energy of interaction by using pairwise-atomic Lennard-Jones potentials, 
12-10 hydrogen bonding terms, and Coulombic electrostatic terms. These resemble the 
force fields commonly used in molecular mechanics and molecular dynamics codes, like 
AMBER [6, 71, CHARMm [8] and GROMOS [9, 101, and require moderate computa- 
tional resources. Perhaps the most complete scoring functions are those which include not 
only enthalpic terms but also entropic terms, and which estimate free energies of binding. 
These use a variety of ways of accounting for loss of conformational degrees of freedom 
and changes in solvation of the ligand upon binding. Examples of programs that use this 
type of scoring function are LUDI [11-131 and AutoDock 3.0 [14]. These free energy 
functions are often derived empirically using linear regression analysis, and require careful 
calibration using a large set of structures of protein-inhibitor complexes of known binding 
affinity. They have shown excellent results, showing a better prediction of experimental 
binding constants than purely enthalpic force fields. 

The computational cost of energy evaluation may be reduced using precalculated grids 
[15]. The protein is placed within a grid volume, and a probe atom is sequentially placed 
at each point. The resultant energy of interaction is calculated. The grid may then be used 
as a look-up table during docking simulations, greatly speeding the process. Note, how- 
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ever, that this normally requires that the protein be modeled as rigid, although it is also 
possible to represent an ensemble of protein conformations using the grid formalism. 

The EPDOCK method has been used to explore different energy functions in molecu- 
lar docking (161 by looking to protein folding theory. It was noted that rough energy land- 
scapes contain many kinetic barriers to docking. For proper docking, there is a thermody- 
namic requirement that the crystal structure has the global minimum energy, and a kinetic 
requirement that this global minimum is accessible to the search. In a rough landscape, 
there will be many competing minima separated by steep barriers that will compete with 
the proper minimum. Citing a paper on protein folding, Verkhivker et al. [16] posited that 
improved search methods are not the best solution to this “kinetic barrier” problem; 
instead, they preferred a smoothing of the energy landscape. They noted that standard 
molecular mechanics force fields give very rough surfaces, because of the large repulsive 
energies. They sought to find a less “frustrated” energy surface by softening the repulsive 
potentials, using a simple piece-wise function in which the repulsive energy barrier is 
easily modified. A common approach is to soften repulsive barriers early in a simulation, 
thus smoothing the energy landscape, and then to restore the barriers towards the end, 
theoretically funneling the docked conformation into the global minimum. In this work, 
however, Verkhivker et al. looked for one soft potential that gave the best results when 
used throughout the simulation. One might question this approach: molecular mechanics 
potentials are parameterized against physical data, so the steep repulsive barriers are 
based in fact, and cannot be lightly thrown away at the end. In any case, the coarse 
potential yielded poor results, with docked conformations rarely less than 2 A RMSD 
from the crystallographic conformation. 

3.2.2 Level of Allowed Molecular Flexibility 

Typical proteins are composed of hundreds to thousands of atoms, most connected by 
rotatable bonds. Proteins are dynamic, and constantly undergoing small motions. The level 
at which this motion is modeled will often determine the accuracy and utility of the 
results. Of course, once again there is a trade-off, and in general docking methods tend to 
be more thorough and accurate as more conformational flexibility is added to the model. 
At the same time, however, they become slower and less able to ensure that the search 
space is adequately explored. Docking methods weight these conflicting needs differently. 
Common models, listed in order from simple to complex and from very fast to computa- 
tionally demanding, include: (i) rigid protein and a rigid ligand; (ii) rigid protein and a 
ligand with rotatable bonds; (iii) rotatable bonds in both ligand and protein (often, the 
protein backbone is held rigid and selected side chains are flexible); and (iv) fully flexible 
protein and ligand (including bond stretching and bond-angle bending). 

Early versions of DOCK [17, 181 fall into the first class, and are able to dock thousands 
of ligands to a protein in a single study. These methods ignore the conformational space 
of the ligand during the docking, simplifying the search space dramatically and accelerat- 
ing the computation. The quality of the docked solutions can be poor, however, allowing 
only a gross triage of results. Early versions of AutoDock [15] are in the second class, and 
allow more accurate docking of several dozen ligands to a protein, with increased confi- 
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dence in the docked conformation. Class (iii), including programs such as AutoDock 4.0 
(currently undergoing testing) and to some extent GOLD [19], are now the best tools for 
docking and evaluating a set of a few dozen inhibitors. When combined with empirical 
free energy functions, this level of modeling provides a good prediction of both docked 
conformation and binding free energy. Molecular mechanics packages such as AMBER 
[6, 71 and CHARMm [8] are in the final class. Given a random starting point, they cannot 
sample the docking space broadly enough or simulate a time scale long enough to predict 
binding reliably. They are often used to “relax” docked conformations produced by the 
simpler approaches, and to perform free energy perturbation calculations, but these can 
be much more time-consuming than empirical free energy functions. 

Note that the number of rotatable bonds alone is not always indicative of how hard the 
docking will be. In a study using the program PRO-LEADS [20], dockings of argotroban 
to thrombin were repeated with an increasing number of rotatable bonds, from one to 
seven. Surprisingly, the relative performance was quite similar for one through five rotata- 
ble bonds, but the Performance suffered sharply when the sixth and seventh bonds were 
allowed to rotate. The explanation for this behavior is found in the branching of molecu- 
lar structure. The first four rotatable bonds were linearly arranged in a long side chain, 
the fifth only rotated a carboxylate. In contrast, both the sixth and seventh bonds 
branched out at the “root” of the long side chain and caused large portions of the ligand 
to move. Thus, the size, shape and bonding topology of the ligand may have important 
consequences for the complexity of the problem, in addition to the number of rotatable 
bonds. It is worth noting here that careful tailoring of the operators of the search method, 
such as choosing appropriate points for crossover breaks, may yield considerable compu- 
tational gains. 

3.2.3 Testing and Evaluating Docking Methods 

The validity of a docking method is typically established by trying to reproduce the crystal 
structure of one or more protein-ligand complexes. This problem differs from the typical 
tests of optimization methods, because the crystallographic conformation is rarely the glo- 
bal minimum of the search space. Since the search space is so large, the global minimum 
is unknown, but good search methods typically find that the best answers all fall near the 
crystallographic conformation. One must keep in mind, however, when evaluating docking 
methods by prediction of the crystallographic conformation, that both the energy function 
and the search method are being tested at once. 

In a typical test, the ligand and the protein in a complexed structure are separated, the 
ligand is randomly translated. re-oriented and conformationally changed, and then docked 
back into the protein. With stochastic search methods, the ligand is docked several times, 
giving different results that are dependent on the random number generator and its seed 
value(s). These docked structures are ranked by score, energy or free energy. Some meth- 
ods perform conformational clustering, before ranking the clusters by fitness. For each 
docked structure, the RMSD of the atomic positions in the docked structure from the 
corresponding atoms in the crystallographic structure is then calculated. Ideally, this 
should be small, say 1.0 A or less. The most important criterion is that all the observed 
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protein-ligand interactions be reproduced, including hydrogen bonding, steric and electro- 
static interactions. 

This is the ideal testing situation, when the answer is known. The best test of a docking 
method, however, is a blind test where the structure of the complex is not known. The 
protein or DNA structure is required, either from some other complex, or from the un- 
complexed or apo-form. In these cases, the docking of the ligand of interest is repeated 
many times, and then analyzed to see if there are any predominant binding modes. If 
conformational clustering is performed, there should be one or two well-populated, dis- 
tinct clusters, preferably with low energies or good scores. This assumes that the confor- 
mation of the protein does not change significantly upon ligand binding, and this tends to 
be a limitation of all docking methods. Biochemical knowledge, from mutagenesis experi- 
ments for example, can help to evaluate such docking results, in the absence of any struc- 
tural experimental data for the complex. 

Vieth et al. [21] presented an ad hoc “efficiency” measure to evaluate the success of 
docking. Most methods judge success by conformations that are within a given tolerance, 
typically 1 to 1.5 A RMSD away from the crystallographic structure. The authors also 
included conformations in the range of 2 to 3 A RMSD, denoting these as “partially 
docked”, and weighting them fractionally within the efficiency measure. The validity of 
this score is questionable. In molecular docking, “partially docked” conformations can be 
worse than no solution at all. A 180 degree reversal of rings or peptide planes and other 
similar large errors will give RMSD values of about 3 A, providing a misleading under- 
estimation of binding energy and improper prediction of intermolecular interactions 
involved in recognition. 

3.3 Evolutionary Algorithms for Protein-Ligand Docking 

Evolutionary algorithms (EA) encompass a range of methods that are based on the prin- 
ciples of natural genetics and neo-Darwinian biological evolution. There are two main 
subgroups of search methods under the heading of EA: (i) genetic algorithm (GA) [22]; 
and (ii) evolutionary programming (EP) and evolution strategy (ES). Much of the 
language is similar in all these methods. The most common terms will be covered here, 
before we go on to discuss the applications of E A  methods to protein-ligand docking in 
section 3.4. 

In molecular docking, the phenotype can be thought of as the set of Cartesian co-ordi- 
nates of the protein-ligand complex, while the genotype encodes the information describ- 
ing how to assemble the separated ligand and protein into a given complex. 

In most cases, the particular arrangement of a ligand and a protein can be defined by a 
set of real values describing the translation, orientation and conformation of the ligand 
with respect to the protein. Typically, these are composed of a 3-D translation vector, 
three Eulerian rotation angles, and a collection of torsion angles that describe bond rota- 
tions in the ligand and protein. Other formulations based on matching techniques have 
also been reported (described in Section 3.5). These values are the ligand’s state variabfes, 
and in the genetic and evolutionary algorithms, each state variable corresponds to one 
gene. A particular value of a given gene is called an allele. The genome corresponds to 
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the set of genes that completely describe one individual in the population. The state of 
the ligand corresponds to its genotype, while the conversion of the state into atomic co- 
ordinates gives its corresponding phenotype. 

The genetic algorithm is modeled closely on biological evolution, and it mimics many 
features observed in Nature. The simulation is composed of series of generations. Each 
generation is composed of a population of individuals, which in molecular docking are 
various candidate protein-ligand complexes. At each generation, a population of parents 
gives rise to a new population of offspring. Typically, a selection method is applied, and 
parents must compete with one another so that only the individuals with the best fitness 
give rise to offspring in the next generation. In molecular docking, the fitness is the total 
score, enthalpy or free energy of interaction of the ligand with the protein; it is evaluated 
using a fitness function. The iterative process of evolution continues until some termina- 
tion criterion is met: the maximum number of generations, the maximum number of 
fitness function evaluations, or convergence of the population. Evolutionary algorithm- 
based docking methods use different variations of genome representation, parenting, 
fitness evaluation, and selection. 

Two essential methods for creating offspring are borrowed from biological reproduc- 
tion. Different genes from two parents are recombined and become inherited by their off- 
spring in the process called crossover (sometimes this is also referred to as recombina- 
tion). One-point crossover occurs when two parents, whose genomes are split at one posi- 
tion, say A*B and a*b, mate to give two new children with genomes A*b and a*B. In two- 
point crossover, the parents’ genomes are split at two locations, say A*B*C and a*b*c: the 
resulting offspring genomes are A*b*C and a*B*c. Uniform crossover occurs when any 
number of genes may be crossed, and is typically controlled by a percentage of genes that 
may be crossed. The attractive global search properties of GA methods are typically 
attributed to the process of crossover, although crossover alone merely re-shuffles existing 
traits [23]. Hence, a second operator is used to explore the neighborhood of a particular 
solution. 

The second method by which new offspring are created is mutation. Just as in real 
genomes, small random changes or mutations are occasionally made to individual genes. 
The amount of mutation is often chosen from a Gaussian distribution, and the breadth 
(sigma) of this distribution may also be allowed to evolve during the simulation. If the 
sigma values are allowed to evolve, this may be done in two ways: (i) “sigma-first”, where 
the sigma values are modified and then the offspring generated; and (ii) “sigma-last”. 
where offspring are generated and then the sigma values are modified. The sigma-first 
method is generally preferred [24]. Mutation might be thought of as performing a local 
search that complements the global search properties of crossover. A fundamental differ- 
ence between GAS and EWES is that GAS use both crossover and mutation operators, 
while EP and ESs use only mutation operators. 

Selection of the next generation’s individuals from the current generation and the new 
offspring occurs based on the fitness of each individual. Thus, solutions better suited to 
their environment reproduce, while worse ones die. Several types of selection have been 
implemented in the context of docking. These include: (i) step function or hard selection, 
in which all parents in the top P %  of the population have an equal likelihood of being 
selected; (ii) roulette wheel selection, where survivors are chosen probabilistically, with 
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favorable conformations having a greater chance of surviving; and (iii) tournament selec- 
tion, where survivors are chosen in a limited competition between a subset of the popula- 
tion. The selection pressure can have an important influence on the extent of the search 
and on the issue of premature convergence, a condition where all the dockings found 
early on are similar but not necessarily low in energy. Selection pressure is defined as the 
relative probability that the best individual will be chosen as a parent compared to the 
average individual. It can be reduced (and thus diversity maintained) by selecting parents 
of the next generation using roulette-wheel selection based on their linear-normalized, 
rank-based fitness, rather than fitness. This has been observed to help in improving the 
global search during a docking (see, e.g., [25]). Another consideration regarding selection 
is whether parents may survive into the next generation or only their offspring. 

Some implementations extend the biological metaphor to include ecology. The popula- 
tion is subdivided by pseudogeographical barriers, giving rise to niches. These “islands” 
may exchange their best individuals occasionally by migration from niche to niche. Of 
course, this adds additional parameters to be optimized, including migration rates and 
niche sizes. In addition, some implementations include purely artificial concepts, which 
have common-sense appeal. One is elitism, which ensures that one or more of the best 
individuals always survives on to the next generation. Another is diversity, which ensures 
that a new population is composed of a set of differing individuals. This helps to prevent 
the search becoming too focused on a small region of the search space. 

3.4 Published Methods 

While EAs have been used in other fields for a number of years, they are relatively new 
in their application to molecular docking. The literature clearly documents the difficulty 
of molecular docking. In most reports, clever modifications are made to the traditional 
implementation of a method, allowing larger and more complex subjects to be studied. 

One of the first reports used the well-tested negative-spheres description from the 
DOCK program [17] for assigning a fitness, later on adding a GA procedure for docking 
ligands flexibly [26]. The DOCK method fills the protein active site with spheres, and 
then roughly docks the ligand by matching atoms with centers of the spheres. This 
required an alternate formulation of the genome, to allow control of this matching pro- 
cess by the values in each gene. A bit string was used to represent the matching of a set 
of ligand atoms to receptor spheres, thus defining ligand position and orientation. A tradi- 
tional bit string was used to assign the torsion angle values of the rotatable bonds in the 
ligand. The GA optimized the position/orientation matching and torsion angles simulta- 
neously. The GA method was of comparable speed to DOCK when the ligands were 
treated rigidly, but slower when it allowed for ligand flexibility. Although no positional 
RMSD values were given for the GA docking results, one figure showed qualitative suc- 
cess in the flexible docking of methotrexate into the active site of dihydrofolate reductase 
(DHFR) when compared to the crystallographically determined position. Later, GA mod- 
ifications of DOCK showed success in three systems: DHFR-methotrexate, thymidylate 
synthase-phenolphthalein, and HIV-1 protease-thioketal haloperidol [27]. 
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The following year, Judson et al. presented a GA-based method for docking flexible 
ligands to rigid protein binding sites [28], an extension of their work on small molecule 
conformation searching also using a GA [29]. Their implementation was based on a mod- 
ified, binary-encoded version of the breeding GA method of Miihlenbein and coworkers 
[30, 311. They used a Gray code to represent each torsion angle (see section 3.5 for more 
information on Gray coding), and included single-point crossover, niches, elitism, and two 
types of selection: step function selection and roulette wheel selection. The energy evalua- 
tion consisted of a two-level filter, which quickly searched for steric overlap, and then 
calculated a more detailed energy for those that passed the first test. Judson et al. 
restricted the translational space severely, defining a “pivot” atom in the ligand and 
restraining it to a small space around the crystallographically known position. They were 
unable to find the crystallographic conformation of the tetrapeptide Cbz-GlyP-Leu-Leu 
to thermolysin if they allowed the GA to search the entire set of 20 rotatable bonds at 
once. They therefore introduced a “growing” algorithm. This began by allowing a small 
fragment including the pivot atom to explore the active site. The GA was easily able to 
find good positions for this fragment, and then after a user-defined number of generations 
the submolecule was “grown” to include the next nearest neighbors in the ligand, until 
the entire ligand was present. This reduced the number of dimensions of the search space 
and the method found conformations close in position and energy to the crystal confor- 
mation, although requiring a Herculean computational effort. In a later publication, the 
method performed well on eight large ligands docked to thermolysin, Gly-L-Tyr to car- 
boxypeptidase A, and methotrexate to DHFR [32]. 

Duncan and Olson described a method called SurfDock that used an evolutionary pro- 
grammirig method, combining aspects of genetic algorithms and simulated annealing for 
the docking of proteins [33]. The molecules were described by parametric representations 
of their surface geometry and surface physico-chemical properties, such as hydrophobicity 
and electrostatic potential. These descriptions were built around spherical harmonic func- 
tions, allowing varying levels of detail to be chosen by including more or fewer terms in 
the spherical harmonic series. The level of detail of the molecular representation was 
increased gradually during the docking. It began with low-resolution surfaces based 
primarily on shape complementarity, increasing the detail in five steps, finishing with 
high-resolution surfaces, with a different weight between the shape and energy terms. 
Their evolutionary method did not use the crossover operator essential to GA methods. 
The problem consisted of searching the translations and orientations of one rigid molecule 
with respect to another, so they reasoned that crossover between two good solutions 
could result in wildly different states, making the search inefficient. Their selection proce- 
dure is noteworthy in that it strove to maintain diversity in the population. This helped to 
compensate for the imprecise evaluation function and also avoided premature conver- 
gence. Duncan and Olson presented applications of their procedure with protein-protein 
complexes of known and unknown structure. A blind test using a protein-protein docking 
problem published in 1996 showed SurfDock to be very successful [34]. 

GAME (Genetic Algorithm for Minimization of Energy) was designed to dock one or 
more rigid ligands to a single, rigid, larger molecule [35]. The major focus was predicting 
molecular cluster structures, but the method is applicable to protein-ligand docking. 
Although the GA implemented was typical, the docking procedure was somewhat idio- 
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syncratic. The GA used a single population of individuals, with chromosomes consisting of 
three translation genes and three rotation genes, each coded as an 8-bit string. If more 
than one molecule was being docked simultaneously, the individuals carried extra chromo- 
somes to encode the additional states of these molecules. Four stages were used during 
docking, utilizing a typical enthalpic force field to evaluate the fitness. The first two stages 
restrained the ligand in its observed binding orientation and allowed the translations to 
explore only a narrow area around the observed binding position. The third phase began 
with the ligand at its crystallographically observed translation, but with a random orienta- 
tion. The final phase began with the ligand placed randomly within a narrow 2 A window 
and random orientations. Thus, the first three stages searched only three degrees of free- 
dom, and the last just six. In this way it was possible to dock correctly two deoxyguano- 
sine molecules simultaneously to actinomycin D, but it was noted that had there been 
conformational change upon binding then the method would have failed. Testing of the 
method with translational bounds large enough to encompass the whole receptor mole- 
cule was not discussed. 

DlVALI, reported in 1995, uses an AMBER-type force field as the fitness function for 
a typical GA [36]. The program was tested on four protein-ligand complexes, using rigid 
and flexible ligands. Perhaps most noteworthy was the introduction of a masking operator 
to improve the binary chromosome-based genetic algorithm (see section 3.5). Clark and 
Ajay also used their genetic algorithm to perform local energy minimization on the 
crystal structures, allowing the ligand bonds to rotate, by seeding the initial population 
with the crystal structure and running for 50 generations. The implementation they used 
had difficulty with the docking of methotrexate, the ligand with the most rotatable bonds, 
to DHFR. They were forced to restrict the translation and rigid-body orientation of 
methotrexate in order to find successful dockings. 

Jones, Willett and Glen described a GA method for docking a flexible ligand to a par- 
tially flexible protein [25]. Protein heavy atoms were kept rigid, but single bonds to 
hydrogen-bond donating heteroatoms were allowed to rotate. The GA was based on a 
typical steady-state-with-no-duplicates method, but an unusual representation of the gen- 
ome was chosen. Two binary strings were used to encode the torsion angles of the ligand 
and of the protein side chains. In addition to this more conventional representation, a 
novel description was introduced to describe how the hydrogen bonding sites in the ligand 
might map to hydrogen bonding sites in the protein active site. Two strings of integers 
were used; these were expressed to give a phenotype by least-squares fitting the ligand 
into the active site, such that as many as possible of the hydrogen bonds defined by the 
mapping were satisfied. The fitness was defined as the number and strength of these 
hydrogen bonds plus the van der Waals energy of the complex. The method performed 
well on a number of large protein-ligand complexes, but required several attempts to find 
the proper conformation of the most difficult problem: folate and DHFR. In later work, 
in which the program gained the name GOLD (Genetic Optimization for Ligand Dock- 
ing) [19, 371. the method achieved an excellent 71 % success rate on a data set of 100 
“drug-like’’ complexes selected from the Protein Data Bank. In the new version, the force 
field for hydrogen bonding was improved and the Gray coding was discarded because of 
interference with crossover. The original implementation of GOLD and its forerunner 
relied upon the assumption that the ligand would form hydrogen bonds to the receptor, 
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so it would not have performed as well with purely hydrophobic ligands. A recent report 
described a modification that additionally defines hydrophobic site points, where appro- 
priate hydrophobic ligand atoms are mapped using the same integer-chromosome type 
approach. 

EPDOCK was one of the first protein-ligand docking programs to  use EP to perform a 
positional and conformational search of a ligand [38, 391, using a flexible ligand and a 
rigid protein. Each parent was mutated by a random amount to  create one or  more 
offspring; as is normal for EP methods, crossover was never used. A tournament selection 
was performed, and the mutation operator added a different random displacement with a 
zero-mean Gaussian distribution to  each dimension. The variances for each dimension 
were also allowed to  evolve, adding self-adaptive strategy parameters to the search di- 
mensions [40-42]. The best solution at the end of the docking was subjected to conjugate 
gradient energy minimization, using the same fitness function as that used during the E P  
docking. EPDOCK performed well in tests with dihydrofolate reductase and HIV-1 pro- 
tease. In later work, EPDOCK was shown to be successful in the docking of small flexible 
peptides to streptavidin [43], and two large inhibitors to the protein FKBP-12 [44], which 
required careful choice of water locations. A detailed test of different E P  variations in 
EPDOCK has been presented in [24]. 

Meadows and Hajduk [45] reported a GA-based method for protein-ligand docking 
that exploited NMR-derived constraints [45]. The fitness function was a weighted sum of 
dispersion/repulsion energies and an error function that sought to match distances to ex- 
perimental nuclear Overhauser effect (NOE) observations. The method was successful in 
predicting the complex of biotin with streptavidin. The authors note that the method is 
useful for defining the minimum set of conformations that fulfil the experimental con- 
straints. 

Westhead et al. compared four search methods using the program PRO-LEADS, ulti- 
mately finding that GA and E P  methods were marginally better for protein-ligand dock- 
ing [20]. Simple versions of a GA (one-point crossover and mutation) and EP, along with 
simulated annealing and tabu search (TS), were tested. Simple versions were chosen to 
reduce the number of parameters that needed to be optimized for each method, attempt- 
ing to level the playing field. A simple scoring function similar to  that of EPDOCK [38, 
391 was used along with a grid-based energy look-up table, to speed evaluation. The G A  
and EP methods were found to  be better for local searches, but the ranking of the four 
methods changed when different protein-ligand systems were tested in full docking simu- 
lations. According to  a report in 1998 [46], TS was selected as the search method of 
choice in PRO-LEADS. It gave docked conformations with an RMSD of 1.5 A or less 
from the crystal structure in 43 out of 50 protein-ligand test systems. 

“Virtual molecular docking” was presented in 1997 in the program STALK. a parallel 
implementation of a GA-based docking program linked to  a virtual reality interface [5]. 
Levine et al. used the PGAPack parallel genetic algorithm library, a general purpose, 
data-structure neutral library based on the Message Passing Interface, or MPI, which can 
take advantage of either dedicated parallel hardware or heterogeneous networks of work- 
stations. The authors linked a GA method to the CAVE immersive environment. The user 
was able to observe the G A  docking in action, or was able to  interact with the system, 
performing the docking by hand. The GA was implemented on a parallel computer to 
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allow the speed necessary for the link to visualization. A standard GA was employed and 
a typical master/slave model was used to execute function calls in parallel. The method 
was demonstrated on one system, showing that the GA found conformations of lower 
energy than those found by manual docking. 

Vieth et al. [21] presented an analysis of energy functions and an analysis of search 
strategies for flexible docking based around the CHARMM energy function [8]. They 
compared a GA method with two Monte Carlo (MC) methods and molecular dynamics 
(MD). Their GA was a standard implementation with traditional crossover, but also 
included niches with migration. MC and MD were performed within CHARMM, and the 
AutoDock version 2.4 MC simulated annealing method [47] was also used. The authors 
applied an unusual three-stage simulation in all methods. The first stage took 60 % of the 
time, and searched widely over the space. In MC and MD, high temperatures were used, 
and in the GA, a high mutation rate was used. Energy potentials were softened to remove 
large energetic barriers. In the second stage, local energy basins found in the first stage 
were searched, taking about 30% of the time. MC and MD employed lower tempera- 
tures, and the GA used a reduced mutation rate, but increased the crossover rate. Harder 
potentials were used in the last stage, the simulation being quenched using full van der 
Waals repulsion. Finally, a short MD simulation was performed on the GA and MC 
results. No comparison of this convoluted schedule with simpler schedules was reported. 
The authors compared methods by requiring that each used similar amounts of computer 
time in five standard test systems. The GA, MC, and MD within CHARMM all used a 
similar number of energy evaluations, but the AutoDock MC performed roughly ten times 
more (the fast grid-based energy evaluation made this possible within the same computa- 
tional time limit). The surprising result is that the GA performed significantly better than 
MC and MD according to their efficiency score (see section 3.2.3), but using a 1 8, 
RMSD criterion all the methods performed roughly the same, with the GA lagging 
slightly behind. 

Wang et al. [48] presented a two-stage GA to dock peptides to proteins and to predict 
protein-protein complexes. Both the protein and peptides were treated as rigid bodies. In 
the first stage, a typical GA was combined with a simple steric energy function and six 
full degrees of freedom were searched. In the second stage, a more complete AMBER 
force field was employed and the search was constrained in translation to lie close to the 
best conformations from the first stage. The method performed very well on eight com- 
plexes randomly chosen from the Protein Data Bank. 

A hybrid GA method combining local search with a traditional GA was implemented 
within AutoDock [14, 49). The local search method used was based on that of Solis and 
Wets [ S O ] .  After each generation, local search was used on a user-defined proportion of 
the population, essentially allowing these individuals to adapt to their environment. These 
newly adapted individuals were then allowed to pass on their genes to their offspring. 
Biologically, this contravenes neo-Darwinian principles, and was proposed by Lamarck in 
the early twentieth century [51]. Of course, computationally we are not limited to biologi- 
cal rules and can pass genetic information in whatever direction is needed to improve the 
search. To distinguish this hybrid GA from traditional implementations, it is referred to 
as the Lamarckian genetic algorithm (LGA). This method performed very well on a vari- 
ety of test systems, and is described more fully in section 3.6. 
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3.5 Representation of the Genome 

In a traditional GA, the parameters to be optimized are encoded as bit strings, and the 
mutational and crossover operations are applied directly to these strings. Application of 
this formalism to docking is straightforward: the translation and rotation angles defining 
orientation may be defined by six real numbers, and additional angles may be encoded 
for each torsional degree of freedom. Many of the published GA methods use this simple 
formalism, but problems may occur. 

One problem is that of discontinuity. In the work of Dixon [26], the genome was repre- 
sented as a traditional string of bits. This can lead to extreme changes when a high-order 
bit is flipped or a crossover occurs within the bit string of a gene, generating offspring 
phenotypes very different from their parents, and often well outside the bounds of possi- 
bility. The bit string-based GA search is therefore less efficient than those whose repre- 
sentations use a more natural description of the problem (see [52]), such as floating point 
values ranging from minus ?t to plus x radians for torsion angles. In effect, the representa- 
tion is the window through which the search method views the world, and if badly 
chosen, can severely limit its performance [53-551. 

Several approaches have been taken to improve the continuity of the search. The sim- 
plest method, employed in AutoDock [14] and many others, is to limit crossover points to 
breaks between variables, so that the break never occurs, for instance, in the middle of 
the x#co-ordinate but instead between the x and the y#co-ordinate. Judson et al. [28], for 
example, also employed Gray coding, which has the property that any two points next to 
each other in the problem space differ by only one bit (see for example [56]). This allevi- 
ates somewhat the problem that purely binary approaches suffer during mutation, namely 
that two points close in the representation space could be very distant in the solution 
space. 

The bit string nature of the genome may be used to great advantage, however. In the 
program DIVALI [36], a masking operator was devised for use during modification of the 
genome. By fixing the most significant bit of each of the translational components, Clark 
and Ajay effectively divided the grid volume being searched into eight subcubes, and thus 
tested eight different binding hypotheses simultaneously in each docking. This also en- 
forced diversity in the translational degrees of freedom during the search. Without this 
additional masking operator, their implementation of the genetic algorithm was unable to 
find an acceptable solution, for example, for the rigid-body docking of glucose to periplas- 
mic binding protein after hundreds of different runs. 

Other formulations of the genome have also been devised to take advantage of differ- 
ent models of protein-ligand interaction. As mentioned earlier, in the program GOLD 
[19, 251 the chromosome was made up of two binary strings and two integer strings. The 
binary strings were used in 8-bit bytes to encode the torsional angles in the ligand and in 
the protein. The torsion angle bytes were Gray-coded in the original implementation [25],  
but this was dropped in GOLD. The two strings of integers were used to encode the 
ligand’s location and orientation, but not by typical translation and rotation values. 
Instead, the values encoded a set of possible hydrogen-bond mappings between the ligand 
and the protein. The position, P, of the integer value, V, in the first string of integers 
represented a hydrogen bond donated from the V-th hydrogen bond donor in the protein 
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and accepted by the P-th lone pair in the ligand. The second string of integers similarly 
encoded the hydrogen bonds donated from the ligand to the protein. The conformation of 
the ligand encoded by the binary part of the chromosome was first constructed and then 
the ligand was placed in the active site by least-squares fitting according to the H-bond 
mappings defined in the genome. 

3.6 Hybrid Evolutionary Algorithms 

Hybrid methods are showing great promise for the creation of faster and more efficient 
docking tools. In these methods, local searches are performed on some members of the 
population during the simulation. A hybrid combines the attractive global search proper- 
ties of evolutionary methods with methods that are better suited to exploring the local 
energy landscape. 

Local search may be added in a biologically consistent way, preserving the biological 
flow of genetic information. Judson et al. [28] combined a short energy minimization with 
a traditional GA, and found improved results. During the GA search, a few steps of 
gradient minimization were applied to individuals whose energy was lower than some 
pre-defined value. The brief minimization yielded a less misleading energy and improved 
the ranking of the competing individuals. 

Hybrid GA methods may also go beyond the biological model, by allowing genetic 
information to pass back from the phenotype to the genotype. A nonbiological hybrid 
GA-local search method was compared to more traditional SA and GA methods using 
AutoDock Version 3.0 [14]. The hybrid method added local searching to each generation. 
A certain fraction of the population was selected at random, and an energy minimization 
was performed on each of these individuals. This novel algorithm was termed an LGA 
because genetic information was passed from optimized phenotypes back to the genotype. 
To make their comparison a fair one, the number of energy evaluations was set to similar 
values in each test. In ten dockings for each of seven diverse test cases, the GA - which 
used a real-valued genome - obtained lower energies than SA, even though the SA dock- 
ings ended up using slightly more energy evaluations than the GA dockings. In fact, there 
were some cases where the ligand being docked using the SA method became trapped, 
either partially or wholly, within the protein. The GA was therefore more efficient at 
searching the docking space than SA. However, the hybrid LGA search method 
performed even more efficiently than the neo-Darwinian GA in docking tests, consistently 
finding lower energies than the GA. 

The success of the LGA method has shown that the biological metaphor should be 
taken literally only as far as is useful. It is interesting to note that, whether a global 
search method is evolutionary or not, hybridizing it with a local search method improves 
the search efficiency. Trosset and Scheraga [57] demonstrated that the Monte Carlo search 
method could be improved by incorporating local energy minimization into their ECEPP/3 
docking program. Perhaps other hybrid formulations, with or without biological counter- 
parts, await discovery. 
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3.7 Conclusions 

Genetic algorithms, evolutionary programming, and evolution strategies - collectively 
known as EAs - have proven remarkably successful and have revolutionized the field of 
protein-ligand docking. Thanks to continuing advances in both software and hardware, it 
has become feasible to study larger and more complex protein-ligand docking problems. 
Both the fields of computer science and molecular biology have gained from this interdis- 
ciplinary enterprise. Computer scientists have been able to test the limits of their algo- 
rithms on “real-world’’ problems, and molecular biologists have been able to approach 
systems of increasing biological relevance. Other benefits have emerged: it could be 
argued that this very active field of research is contributing to our understanding of the 
physical chemistry underlying molecular recognition (see for example [ 1 I]), 

While it is impossible to say with certainty, future efforts in EA-based docking will 
probably be most fruitful in at least three fundamental areas. Improved hybrid search 
technologies and new and enhanced chromosomal encodings of the docking problem 
surely await discovery. There is also room for improvement in the fitness functions: ones 
that not only give good correlation with observed inhibition constants, but also give better 
selectivity in identifying the experimental binding mode while rejecting false#positives. A 
broader issue remains to be investigated: how much does the conformation of the apo- 
form of a protein change upon ligand binding? This question is beginning to be addressed 
in the realm of protein-protein association [58],  but the implications for protein-ligand 
docking could be significant. 

With true scientific hubris, we close with this speculative, philosophical note. We have 
looked to Nature for inspiration in the design of these new algorithmic approaches to 
docking. The LGA results suggest that the opposite may also be beneficial. If Nature 
could universally adopt a Lamarckian mechanism, evolution might progress more rapidly 
than it has thus far. 
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4 De Novo Molecular Design 

Valerie J. Gillet 

Abbreviations 

ADME 
CoMFA 
EA 
EP 
ES 
GA 
MCSS 
QSAR 
RMS 
TS 

Absorption, distribution, metabolism, and excretion 
Comparative molecular field analysis 
Evolutionary algorithm 
Evolutionary programming 
Evolution strategy 
Genetic algorithm 
Maximum common substructure 
Quantitative structure-activity relationship 
Root mean square 
Tabu search 

4.1 Introduction 

There are many applications in the chemical industries where novel molecules are re- 
quired, for example, novel bioactive compounds are required as potential drug candidates 
in the pharmaceutical industry, novel pesticides are required in agrochemicals, and novel 
polymers are required in the petrochemical industry. Many computational tools have been 
developed to assist in the design of novel compounds; however, computer-aided molecular 
design is still well known as a complex and computationally demanding task. Traditionally, 
the design of new compounds is approached through trial and error: a compound is 
synthesized and tested and then a new compound is designed based on the results of the 
tests. This process typically proceeds through many iterations. De nuvo design, on the 
other hand, is a direct approach and refers to the process of designing compounds from 
first principles, that is, without basing the design directly on existing known compounds. 
De nuvu design is combinatorial in nature with the combinatorics arising from the num- 
ber of different element types that is available for constructing molecules and the variety 
of ways in which they can be linked together. For molecules of nontrivial size, this combi- 
natorial explosion results in a search space that is much too large to allow systematic 
searching of all possibilities. Indeed, it has been estimated that there are of the order of 
lo6' molecules of up to 30 nonhydrogen atoms containing the elements C, N, 0, and S 
[l]. Therefore, sophisticated computational techniques must be employed to allow the 
search space to be sampled effectively for a given application. 
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One obvious way to reduce the search space is to restrict the types of molecule that 
are generated to those that meet the requirements of the application area. This can be 
achieved by defining appropriate constraints and ensuring that the molecules generated 
are consistent with the constraints. For example, when designing new compounds as 
potential drug candidates, the constraints on molecular design may include the receptor 
site of a protein where the molecule should bind in order to exert a particular biological 
effect. In other cases, the target protein may not be known; however, it may be possible 
to specify some constraints on molecular design from series of known active and inactive 
compounds. In the area of polymer design, the potential candidates are typically 
constrained to have some desired physical properties such as a particular thermal conduc- 
tivity. Focusing the design according to constraints can be an effective way of preventing 
the design of inappropriate molecules; however, even when the constraints are taken into 
account, the search space is usually still of such an enormous size that a systematic search 
is not feasible. 

Exploring the extremely large search spaces that characterize de novo design is a task 
that is well suited to the application of evolutionary algorithms (EAs) [2 ] .  EAs attempt to 
solve complex problems using ideas that are based on natural selection and Darwinian 
evolution. EAs have been developed for the design of molecules in two-dimensional 
(2-D) and three-dimensional (3-D) forms. Examples of design in 3-D include the design 
of molecules to bind to a protein receptor site, and the design of molecules to fit a phar- 
macophore hypothesis or a 3-D quantitative structure-activity relationship (QSAR) such 
as a CoMFA plot. Examples of molecular design in 2-D include the design of molecules 
with 2-D structure similar to a known active compound, the design of molecules to fit a 
traditional 2-D QSAR, and the design of molecules with desired physical properties such 
as thermal conductivity. 

There are three main classes of EAs: genetic algorithms (GAS) [3,4]; evolutionary stra- 
tegies (ESs) [5], and evolutionary programming (EP) [6]. Most EA applications in de 
novo design have involved GAS, and a brief description of a basic GA is given in the next 
section. EAs in general are described more fully in Chapter One. The chapter then fo- 
cuses on the application of EA techniques to the de novo design of molecules in different 
domains. An important part of de novo design is the definition of the constraints which 
are used to guide the design of the molecules. The different types of constraints that have 
been used in de novo design are reviewed. The various EAs that have been developed for 
de novo design under different constraints are then described. In the context of defining 
the constraints, a number of EAs have been developed for the elucidation of pharmaco- 
phores and for the design of receptor models. In the absence of the 3-D structure of a 
target receptor site, these models can be used as constraints for the de novo design of 
potential drug molecules; these related methods are also reviewed. The applications of 
EAs in other areas of computational chemistry are covered in the other chapters of the 
book and have also been reviewed elsewhere [7-131. 
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4.2 Overview of a Genetic Algorithm 

The basic operation of a GA is illustrated in Fig. 1. A GA operates on a population in 
which each member is usually a fixed length string that represents a potential solution to 
the given problem. Each population member is assigned a fitness according to how well it 
satisfies the solution requirements. The GA then enters a breeding phase where indivi- 
duals or parents are chosen to reproduce, generating offspring (or children). Evolutionary 
pressure is applied by basing the selection of parents on the fitness scores so that fitter 
members have a greater chance of being selected than less fit members. The selection 
method is usually roulette wheel selection, a process in which each individual is assigned 
to a sector of a roulette wheel, with the size of the sector proportional to the fitness of 
the individual. The size of the sector corresponds to the probability of the individual 
being selected, thus, fitter individuals have a higher chance of being selected. The stan- 
dard genetic operators are crossover and mutation. Crossover involves the exchange of 
information between two parents, while mutation involves altering one or more randomly 
chosen bits in the string representation of one parent. Many nonstandard genetic opera- 
tors have also been devised that are appropriate for particular problem domains. Follow- 
ing genetic modification, the offspring are then inserted into the population to replace 
existing members, and the new population is scored. The GA iterates through the breed- 
ing and scoring phases until some termination condition is reached, for example, a given 
number of iterations or convergence of the entire population to a maximum fitness. 

Initialize population 

I-+ Select parents 

~ p p ~ y  genetic operators 

Apply fitness function to children I I * I Insert children into population 

Test for convergence 

Figure 1. Basic operation of a genetic algorithm. 
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The basic GA outlined here can be adapted easily to solve problems in different 
domains with the development of a GA to solve a particular problem involving considera- 
tion of the following: the encoding scheme used to represent the problem space within a 
population of individuals; the fitness function used to evaluate the goodness of an indivi- 
dual; the selection criterion used to choose parents for breeding; the particular genetic 
operators that are used to produce offspring; and the termination condition for the algo- 
rithm. 

4.3 Defining the Constraints 

The constraints on de novo design depend on both the application for which the mole- 
cules are being designed and the knowledge that is available. In drug discovery projects, 
the knowledge about the system can be in the form of a target protein whose structure 
has been determined by X-ray crystallography, nuclear magnetic resonance or homology 
modeling. In such cases, the aim is to design novel compounds that are able to bind to 
the receptor site of the target protein and thus exert some biological effect. 

The receptor site of a protein provides constraints in terms of its steric and physico- 
chemical properties, and potential drug candidates must have properties that are comple- 
mentary to the receptor site in order to bind. The shape of the receptor site is clearly 
important in determining the size and general shape characteristics of candidate mole- 
cules. The shape constraints are usually described by a volume or boundary into which 
the molecules must fit. As well as shape, the physico-chemical properties of the receptor 
site are also important and ligand-receptor binding is generally assumed to be determined 
by key interactions formed by groups within the surface of the receptor site. From an 
analysis of the receptor, it is possible to identify regions within the active site where, if a 
ligand atom is placed, it is likely to interact with the protein via, for example, a hydrogen 
bond. There are two basic approaches to identifying interaction sites. One approach is 
based on calculating energies, usually through some variation on the GRID algorithm [14, 
151, the other approach is rule-based [16-181. These localized regions can be used to guide 
structure generation. Hydrophobic interactions are also important, though they tend to be 
less localized and so can be more difficult to use to guide structure generation. Neverthe- 
less, they can be incorporated into scoring functions that estimate how likely a molecule 
is to bind. 

The aim of de novo design in the context of a receptor site is to generate molecules 
that satisfy as many of the interaction sites as possible without violating the steric con- 
straints. The receptor provides a set of external constraints on de novo design; however, 
there are also additional constraints on the molecules themselves that are independent of 
the receptor. For example, the molecules should be synthetically accessible and chemically 
stable. Ideally, all of this knowledge should be incorporated into the design process. 

In the absence of the structure of the target protein, it may be possible to derive con- 
straints in the form of a pharmacophore [19]. A pharmacophore is defined as the spatial 
arrangement of functional groups required for binding, and it can be determined from 
series of known active and inactive compounds. In addition, it may also be possible to 
derive some shape constraints in the form of allowed and excluded volumes. The con- 
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straints on de novo design, in this case, are to build structures that contain the given phar- 
macophore. Several programs have been developed for generating pharmacophores, 
including methods that are themselves based on evolutionary algorithms. The programs 
based on EAs are reviewed in section 4.5. A number of EA-based methods have also 
been developed for building pseudo-receptor sites that can then be used as constraints for 
de novo design. These methods are reviewed in section 4.6. 

In drug discovery, de novo design techniques have also been applied to the generation 
of molecules that are constrained to be similar to some known target structure, where the 
similarity may be defined in different ways, for example 2-D and 3-D similarity [20], and 
also to fit QSARs. A QSAR model is normally a linear combination of functions of mole- 
cular descriptors that relate the descriptors to the activities of a series of molecules. EAs 
have also been used to derive QSARs themselves, and these methods are described in 
Chapter 5. 

Most developments in de novo design have been in the design of small molecules as 
potential drug candidates. However, there have also been applications of evolutionary 
algorithms in areas such as the de novo design of polymers. Here, the aim is to design 
new molecules with desired physical properties, and hence the constraints are given in 
terms of required physico-chemical properties such as thermal conductivity. Another ex- 
ample of a property that has been the focus of de novo design efforts is biodegradability. 
In these property-driven examples, the molecules are designed in 2-D; there is no require- 
ment to consider the 3-D conformations of molecules that are relevant for receptor bind- 
ing. 

4.4 Applications of EAs to De Novo Design 

The early 1990s saw intense research into the development of methods for the de novo 
design of novel compounds to bind to a receptor site of known structure. The many pro- 
grams developed during this period are reviewed in [21-231. The constraints on de novo 
design for this type of application have been described in the previous section. The repre- 
sentation of the constraints varies from one program to another, but all are based on the 
concept of localized interaction sites within a steric cavity. In de novo design, molecules 
are built from smaller units, or building blocks. Exploring the search space fully requires 
the building of all possible molecules, and hence the building blocks should be the smal- 
lest units possible - that is, atoms - and the atoms should be connected together in all 
possible ways. However, since such a systematic search for all structures satisfying the 
constraints is not feasible, many different strategies have been developed for sampling the 
search space. One way of reducing the size of the search space is to use fragments as 
building blocks, rather than atoms, so that fewer steps are required to build a molecule of 
a given size (see, e.g., [17,24]). This approach has the advantage that some unlikely combi- 
nations of atoms can be avoided, and the disadvantage that certain combinations of atoms 
can never be built. Another way is to restrict the design domain to particular compound 
types, for example, peptides [25]. However, even when the search space is restricted by 
predefined sets of building blocks, it is still too large to be searched systematically. For 
example, there are 204 or 160 000 different tetra-peptides when just their 2-D graphs are 
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considered, and many more possibilities when conformational space is explored, as is 
required in structure-based drug design. Thus, sophisticated search algorithms are also 
required for sampling the search space even when the types of molecules that can be 
generated are restricted. Several different algorithms have been developed including: the 
use of random numbers to select a subset of possibilities at each building step (see, e.g., 
[26]); sampling of conformational space (see, e.g., [24]); and the use of tree searching 
techniques to determine the order in which partially built solutions are processed so that 
the more promising partial solutions are expanded first [24]. Here, the focus is on pro- 
grams that have been developed using EAs as a way of exploring the search space. These 
methods may be thought of as whole molecule approaches in that population members 
evolve into new and hopefully better molecules as the search progresses, rather than 
being built sequentially. 

Glen and Payne reported one of the earliest evolutionary algorithms for de novo design 
in the Chemical Genesis program [27]. The method is based on a GA that operates on 
the 3-D structures themselves, rather than on a string representation that is the traditional 
form of a chromosome in a GA. Operating on the atom co-ordinates and bond connectiv- 
ities directly has the advantage that realistic conformations of molecules that fit the con- 
straints are selectively bred. Molecules can be evolved to fit different types of constraints, 
for example, to fit a receptor site, to fit a pharmacophore or to have certain desired mole- 
cular properties. The properties or constraints are divided into scalar properties such as 
molecular weight and surface area, and surface and grid properties that are spatially 
dependent and are used to describe properties such as electrostatics, molecular shape, and 
hydrogen bonding ability. A set of optimal properties or target constraints is calculated 
and the evolving molecules are scored according to their similarity to the target 
constraints. A penalty is added for molecules with high internal strain energy. When de- 
signing molecules to fit a receptor site, the constraints reflect the requirement for comple- 
mentarity between the molecules and the receptor site. 

The algorithm may be initialized in a number of ways: with ethane as the seed mole- 
cule; with a series of random fragments extracted from a library; or with a known starting 
structure, for example, a bound inhibitor within a receptor site. Parent molecules are 
selected for breeding using roulette wheel selection. The genetic operators are applied 
directly to the molecules themselves and include specialized implementations of crossover 
and mutation. Crossover can be either terminal crossover or region crossover. In the for- 
mer, a terminal part of a molecule is identified (single bond connection) and removed, 
and the molecule is connected to a similar terminal part of another molecule. In the 
latter, the internal portions of molecules are exchanged via two single bond connections. 
In both types of crossover, the exchange is made between parts of the molecules that 
occupy the same volume of space. Several different types of mutation operator are en- 
coded including: translation and rotation of the molecule; rotation about a bond; modify- 
ing an atom or bond type; adding or removing a fragment; creating or breaking a ring. 
Following crossover and mutation, the geometries of the newly created molecules are 
optimized using molecular mechanics. The algorithm has been tested for the optimization 
of a bound inhibitor and also for the de novo design of many novel molecules to bind to 
the enzyme dihydrofolate reductase (DHFR). 
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Blaney et al. [28] reported a GA-based method for de novo design that is based on the 
representation of molecules using SMILES notation [29], where SMILES is a linear nota- 
tion that encodes 2-D chemical structure. In the method, the population of candidate 
molecules is represented by a series of SMILES strings. The GA is initialized with a ran- 
domly created population of 10 to 30 molecules each with 5 to 20 atoms. The frequency 
of occurrence of bond and atom types was determined by an analysis of the Medchem 
database [30] of 25 000 molecules of known biological activity. A molecule is evaluated 
by generating 3-D conformations and docking them into the receptor site using a method 
based on distance geometry [31]. The binding energy is estimated and additional rules are 
also used to reward or penalize specified substructures. The genetic operators crossover 
and mutation are performed on the SMILES strings to evolve new molecules. The method 
was tested on DHFR, where it was able to generate some interesting suggestions for 
inhibitor design. Subsequently, a more general approach has been described, where mole- 
cules can be represented as either SMILES strings or 2-D molecular graphs and they can 
be evolved to fit a variety of constraints including: similarity to a target compound; simi- 
larity to a pharmacophore model; fit to a binding site; fit to a CoMFA model; and actual 
binding energy [32]. 

LeapFrog [33] is a program for de novo design available within the Tripos suite of pro- 
grams. Although LeapFrog is not actually an evolutionary algorithm it does use operators, 
called moves, that are similar to genetic operators and that operate directly on the mole- 
cules. The method has not been published in detail. It proceeds through iterations where 
in each pass a ligand is selected and a randomly chosen move performed which modifies 
the ligand in some way. A number of different moves are available, for example, bridging 
between ligands, changing the orientation of a ligand, joining and fusing fragments onto 
the ligand and rotating about bonds. As LeapFrog proceeds, the total number of ligands 
stored increases, and so a move called Weed is available which allows ligands to be 
removed from consideration. LeapFrog operates in three different modes: (i) OPTIMIZE, 
to suggest improvements to existing leads; (ii) DREAM, which proposes new molecules 
that are expected to have good binding; and (iii) GUIDE, which supports interactive 
design by evaluating user-defined modifications. Molecules can be designed to fit a recep- 
tor site or a CoMFA model [34]. 

Jansen et al. [35] report the application of LeapFrog to the design of new ligands to fit 
models of receptor sites. The receptor-site models are built using the program Yak [36] 
that operates in a number of steps. The first step is to superimpose a series of known 
active compounds. Vectors are then generated around ligand atoms that are associated 
with hydrogen bonds and hydrophobic interactions. Finally, residues in the model receptor 
site are positioned according to an analysis of the clusters of vectors for all superimposed 
ligands. Receptor-site models were developed for the paclitaxel binding site of tubulin 
and the serotonin 5-HTIA receptor. In the tubulin case, the receptor site model was built 
around a series of known ligands; in the serotonin case, the model was based on a combi- 
nation of homology modeling and the Yak concept. In both cases, LeapFrog was used in 
DREAM mode to design novel compounds and in OPTIMIZE mode to suggest modifica- 
tions to previously docked ligands. When LeapFrog was run in DREAM mode, neither 
case produced interesting ligands. However, the OPTIMIZE mode resulted in some viable 
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solutions with novel interaction modes compared to the known ligands, some of which 
might represent starting points for further design. 

Westhead et al. [37] developed a GA to refine a set of structures that had been gener- 
ated using the de now design program PRO-LIGAND. The set of structures output from 
PRO-LIGAND forms the initial population of the GA. As in the Chemical Genesis 
program described earlier, the GA operates directly on the molecules themselves. The 
molecules are evaluated using graph theory routines that fit the molecules onto interac- 
tion sites within the receptor site and the fitness function involves a weighted sum of the 
number of interaction sites hit, together with some physical properties of the molecules 
themselves such as the numbers of rings and rotatable bonds. The interaction sites include 
hydrogen bond donors, hydrogen bond acceptors, aliphatic lipophilic and aromatic lipo- 
philic sites. The population is evolved by using roulette wheel parent selection and the 
genetic operators crossover and mutation. Crossover is implemented by cutting the two 
parents across a single bond and reconnecting the resulting fragments. Two types of muta- 
tion are possible: torsional mutation in which one or more torsion angles in a structure 
are randomized; and a rule-based atom mutation similar to that used by Glen and Payne 
[27]. The method has been tested by refining structures generated for DHFR and struc- 
tures generated as mimics for the DNA-binding antibiotic, distamycin. 

Two other programs for de novo design that are based on evolutionary algorithms have 
been announced recently; however, details of the methodologies used have not been pub- 
lished. They are mentioned here for completeness. The programs are EAInventor [38] 
and LigBuilder [39]. 

The characteristics of programs developed for the de novo design of molecules to fit 3-D 
constraints are summarized in Table 1. The programs have been developed for the design 
of potential novel drugs and the fitness functions generally involve, either directly or in- 
directly, some estimate of binding affinity together with penalties for molecules that have 
undesirable characteristics. In most cases, the chromosomes of the GA are the molecules 
themselves, in which case the fitness function can be calculated directly. In the program 
developed by Blaney et al. [29, 321 the chromosomes encode 2-D structures, and 3-D 
structures must be generated prior to estimating binding affinity. 
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Table 1. Characteristsics of programs for the de n o w  design of molecules to fit 3-D constraints. 

Program Chromosome 3-D constraints Fitness function 
encoding 

Chemical 
Genesis [27] 

3-D molecule Receptor site and Comparison of calculated properties 
manipulated Pharmacophore with target constraints and internal 
directly strain energy penalty 

Blaney et al. [28] Linear SMILES Varied constraints A number of fitness functions available 
string/2-D graph including: including: estimate of binding energy 

and similarity to a target compound. 
Fragment-based penalties also included 

receptor site 

LeapFrog [33] 3-D molecule Receptor site and N o  information available 
manipulated CoMFA model 
directly 

PRO-LIGAND 3-D molecule Receptor site Number of interaction sites hit and 
P I  manipulated physical property penalties 

directly 

A number of programs using EAs have been developed for the design of molecules 
with desired physical properties. These programs are concerned with properties that 
depend on 2-D structure rather than the ability to adopt a given 3-D conformation as is 
required for receptor binding. Venkatasubramanian et al. [40-42] have developed a GA 
for the design of polymers with desired properties. The properties under consideration 
include density and thermal conductivity. Molecules are represented as linear strings of 
symbols where each string may be composed of one or more segments, and each segment 
represents an elemental, substructural or monomer unit. Nesting is used to differentiate 
between backbone units and side chain substituents. The initial population of molecules is 
created at random by choosing units from a predefined set of functional groups. The 
properties of each polymer in the population are calculated and compared to the desired 
values. The fitness function is based on the amount by which the calculated properties 
deviate from the desired properties. Molecules are chosen for reproduction at random but 
in proportion to their fitness, and are evolved using crossover and mutation as well as a 
number of new genetic operators that were developed specifically for the problem 
domain. The new operators include: a blending operator, which involves the end-to-end 
connection of two parent molecules; insertion and deletion operators, which add or 
remove groups from either the main chain or a side chain; and the hop operator whereby 
a randomly chosen group in the main chains "hops" to a randomly chosen position on the 
main chain. 

The first case study was to design semiconductors with required property constraints. 
The genetic operators were restricted to modifications to the main chain units. Several 
feasible solutions matching the property constraints were found. The second study 
involved locating an exact target polymer where the constraints were the properties of 
the target molecule itself within a specified tolerance. When the initial population was 
constructed from a random combination of four main chain base groups and three side 
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chain base groups, with manipulations of both main chains and side chains allowed, the 
GA successfully located the target polymer. The GA was then applied to a much larger 
problem involving 17 main chain groups and 15 side chain groups with constraints defined 
by a target structure and including additional restrictions on the bulkiness of the mole- 
cules and their chemical stability. In many cases, the algorithm was successful in identify- 
ing the target. However, the results varied in terms of success rate; that is, in the number 
of successful identifications of the target in several runs of the algorithm, as well as in the 
quality of the final solutions obtained. 

One of the difficulties when using GAS is determining optimal parameter settings such 
as population size and the relative frequencies with which the different genetic operators 
are applied. Often, parameters are chosen through trial and error. In a more recent study, 
Sundaram and Venkatasubramanian [43] investigated the sensitivity of their GA with re- 
spect to different parameter settings. They found that the optimal settings varied accord- 
ing to the target constraints, and were subsequently able to identify a number of factors 
that could be used to improve the performance of the GA. These include investigating 
different sampling schemes, dynamically tuning the parameters during a run based on the 
performance of the GA, and allowing the user to interact with the GA. (These issues are 
discussed in more detail in Chapter 12.) 

Nachbar [44] uses genetic programming (a subclass of GAS where the chromosomes 
are trees rather than linear strings) to evolve molecules to fit a QSAR or QSPR (quanti- 
tative structure-property relationship) model and a set of desired chemical attributes. The 
method makes use of the relationship between chemical structures and graph theory. The 
molecular graph of an acyclic structure is a tree that maps directly into a genetic pro- 
gramming framework where the chromosomes are trees rather than linear strings. The 
tree is organized as subexpressions where each subexpression is headed by a bond and 
the leaves are atoms. The root of the whole tree represents the molecule itself. Rings are 
handled using a labeling system that indicates ring closures and is similar to the encoding 
used in the SMILES notation [29]. The handling of rings in this way places special restric- 
tions on the genetic operators in that subexpressions can only be excised or replaced if 
they contain both members of a labeled pair. 

Structure generation begins with the creation of a random set of molecules. A molecule 
is created by firstly selecting a root atom, appending bonds to it to satisfy its valency, and 
then adding appropriate atoms to the ends of the bonds. The process is repeated with the 
new atoms becoming the roots of the next level substructures. The structures are grown 
down each branch until either a terminal atom is added or some depth criterion is 
reached. Rings can then be created by replacing some number of pairs of hydrogen atoms 
by ring labels. Some additional rules are used to prevent the creation of very unusual 
structures. The genetic operators include crossover and mutation as well as some new 
operators that are specific to the problem domain. Substructure or subexpression cross- 
over and mutation are implemented by exchanging or replacing subexpressions with other 
subexpressions that have equivalent heads, or bonds, so that valency is maintained. Only 
subexpressions that either contain no ring labels or that contain matching ring labels are 
eligible for crossover and mutation. Atom and bond mutations require the appropriate 
number of hydrogens to be added or removed. Special operators are required to allow 
ring opening and closing and ring expansions and contractions. For example, ring opening 
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is implemented by locating a pair of ring labels and replacing them by hydrogens; conver- 
sely, ring closing is implemented by replacing a pair of hydrogens by ring labels. 

The method has been tested by designing compounds to fit a QSAR that relates 
valence to toxicity. A regression model, for use in the fitness function of the GA, was 
derived using a training set of 27 alcohols, ethers, aldehydes, ketones, and esters. The GA 
was initialized with molecules that were constructed from the atoms H, C, and 0. The 
fitness function was a combination of the QSAR, with molecules having predicted toxicity 
outside a desired range being linearly penalized, and penalties for undesirable chemical 
features. The method was able to generate a population of diverse structures that included 
several of those that were used to generate the QSAR. In addition, 30 % of the designed 
molecules fell in the desired toxicity range. 

Globus et al. [45] describe a method for designing molecules based on 2-D similarity to 
a target compound. Their method is an extension of genetic programming that they call 
“genetic graphs”. Whereas genetic programming evolves tree-structured programs, the 
method of Globus et al. evolves graphs, that is, cycles are possible within the genetic 
graph. Thus, the genetic graphs can represent rings within a molecule directly without the 
use of special labels as required in Nachbar’s genetic programming method [44] and in 
the linear SMILES notation [29]. The graphs represent molecules with the vertices corre- 
sponding to atomic elements and the edges corresponding to single, double, or triple 
bonds. Hydrogen atoms are implicit and valency is enforced. A random population is cre- 
ated by choosing a random number of atoms between half and twice the size of the target 
molecule. Atomic elements are assigned through a random choice of the elements avail- 
able within the target. Bonds are added at random to construct a spanning tree, and then 
a random number of additional bonds is added to form cycles. The number of cycles is 
between half and twice the number in the target compound. Parents are chosen by tour- 
nament selection in a steady-state genetic algorithm. The population is evolved using 
crossover only. Crossover involves choosing a set of edges that when removed, causes a 
graph to be split into two disconnected parts. The disconnected parts from two different 
parents are then exchanged to form offspring. As implemented, crossover allows for 
cycles to be opened or closed and even allows complex ring systems such as cages to be 
generated. However, the method cannot generate new cycles when none exist within the 
population. Unlike Nachbar’s method, no special-purpose ring-opening and closing opera- 
tors are necessary. The fitness function is based on similarity to the target calculated using 
an atom-pairs based method similar to that described by Carhart et al. [46]. Five test 
cases have been reported: the design of molecules that are similar to benzene, cubane, 
purine, diazepam, and morphine. 

Devillers and Putavy [47, 481 have designed a hybrid system that uses a back-propaga- 
tion neural network in conjunction with a GA to design molecules presenting varying 
degrees of biodegradability. The GA searches for combinations of structural fragments 
among a set of descriptors, and the candidate molecules are scored using the neural net. 
The neural net was trained with a set of 38 heterogeneous molecules and then subse- 
quently tested on 49 molecules where it was able to predict the biodegradability correctly 
for 45 out of the 49 test molecules. The molecules are described by means of 13 binary 
descriptors that indicate the presence or absence of features that are known to influence 
the environmental fate of chemicals. Examples of the descriptors used include: an N-con- 
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taining heterocycle; more than two chlorine atoms; the occurrence of only C, H, 0, and N 
in the molecule. Four molecular weight classes were also defined as an additional descrip- 
tor. The GA is initialized by creating a random population of individuals, with a chromo- 
some in the GA consisting of 14 genes corresponding to the 14 molecular descriptors. The 
fitness of each individual is calculated using the neural net. Note that some of the descrip- 
tors are mutually exclusive: for example, the occurrence of more than two chlorine atoms 
in a molecule and the occurrence of only C, H, 0, and N atoms. The fitness function 
includes a penalty to ensure that chromosomes containing inconsistent descriptor combi- 
nations are removed from the population. The genetic operators are crossover and muta- 
tion, and candidates are selected for breeding according to their fitness. On termination 
of the GA, the final population is examined for the percentage occurrences of the various 
descriptors. The GA regularly generates molecules with codes that match those in both 
the training set and the predicted set, and also gives results that are in agreement with 
known characteristics about biodegradability. Further experiments were performed in 
which structural constraints were introduced in the form of structural descriptors that 
must be present or absent in the solutions. This involved modifying the initialization 
process so that it was no longer random, and also the crossover and mutation operators 
to avoid the loss of the selected descriptor. 

The characteristics of the programs developed for the de novo design of molecules to 
fit 2-D constraints are summarized in Table 2. The programs have been developed for the 
design of molecules in a variety of different domains, for example, from drug design to 
the design of polymers. Consequently, the fitness functions have been developed to opti- 
mize the design of molecules to fit a variety of different constraints. A variety of different 
encoding schemes are used to represent molecules within the programs. 

Table 2. Characteristics of programs for the de novo design of molecules to fit 2-D constraints. 

Program Chromosome 2-D constraints Fitness function 
encoding 

Venkatasubra- 2-D molecule Physico-chemical Comparison of calculated physical 
manian et al. represented as properties properties with target values 
[40-421 a linear string 

Nachbar [44] 2-D molecule QSAWQPSR QSAR and penalties for undesirable 
represented as chemical features 
a tree 

Globus et al. [45] 2-D molecule 2D Similarity Atom-pairs based similarity measure 
represented as 
a graph 

Devillers et al. Molecular Biodegradability Neural net (trained to estimate 
[47,48] fragments biodegradability 

represented as 
a linear string 
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4.5 Applications of EAs to Pharmacophore Mapping 

As already mentioned, in many drug discovery projects it is the case that the 3-D struc- 
ture of the protein binding site is not known, but activity data are available for a set of 
compounds that are known to interact with the receptor. In such cases, it may be possible 
to derive a pharmacophore that can be used to provide constraints for de novo design. 
Pharmacophore elucidation methods attempt to align active molecules in order to identify 
common structural features that are presumed responsible for the observed activity. To be 
most effective, programs should take into account conformational flexibility in the mole- 
cules and be fully automated. Several approaches to pharmacophore elucidation that are 
themselves based on EAs have now been reported, and are reviewed here as providing 
potential starting points for de novo design. 

Payne and Glen [49] reported the first use of a GA for the alignment of flexible mole- 
cules. Constraints are defined as a set of pharmacophore features and distance constraints 
previously calculated from a template molecule, and the GA attempts to find an optimum 
superposition of the molecules with respect to the constraints. A chromosome of the GA 
encodes the conformation of each molecule to be aligned as torsional rotations and para- 
meters that control the conformations of rings. The chromosome is divided into sections, 
with each section describing the conformation of a different molecule in the set. The GA 
is initialized with a random population of chromosomes, each representing a different 
conformation for each molecule. A chromosome is scored by applying the appropriate 
conformational changes to the original molecules and then least-squares fitting the mole- 
cules to the constraints. The fitness function measures the RMS difference between the 
point properties of the target molecule and the oriented molecules. Other constraints can 
also be used in the fitness function such as charge distribution and penalties for van der 
Waals contacts. Individuals are chosen for breeding using roulette wheel selection, and 
the genetic operators are crossover and mutation. 

Subsequently, Jones et al. [50, 511 devised a GA-based program, called GASP, that is 
able to perform flexible molecular overlay and pharmacophore elucidation without requir- 
ing prior knowledge of the pharmacophoric pattern. The chromosomes of the GA encode 
torsional rotations for each molecule and the intermolecular mappings between putative 
pharmacophore features in the molecules and a base molecule which is chosen as the one 
with the smallest number of pharmacophoric features. Examples of pharmacophoric fea- 
tures include hydrogen bond donor protons, hydrogen bond acceptor lone pairs and ring 
centers. A least-squares fitting process is used to overlay molecules so that as many as 
possible of the structural equivalences suggested by the mapping are formed. The fitness 
of a chromosome is given as a combination of the number and the similarity of the over- 
laid features, the volume of the overlay, and the van der Waals energy of the molecular 
conformations. The GA uses an island model where the population of the GA is divided 
into a small number of subpopulations which are kept relatively isolated from one 
another. Partitioning the population can help to maintain diversity in the population as a 
whole and allows for the parallel implementation of the algorithm. The genetic operations 
consist of crossover, mutation and migration, in which a chromosome can move from one 
subpopulation to another. Roulette wheel. selection is used to choose chromosomes for 
breeding. 
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Handschuh et al. [52] have also developed a GA for the flexible superposition of 3-D 
structures. Their method finds maximum common substructures (MCSs) between two mo- 
lecules. The GA is combined with a gradient-based optimization method known as “direc- 
ted tweak” [53]. The GA finds an optimal assignment of the atoms between different 
structures and the geometric fit is optimized through a combination of the G A  and the 
directed tweak technique. Molecules are represented at the atomic level, with a chromo- 
some encoding matching atom pairs between two structures and torsional rotations that 
represent the conformations of both molecules. The search for the MCS involves two cri- 
teria: the size of the substructure, and the fit of the matching atoms. These are conflicting 
criteria since a larger MCS will by definition have a larger deviation in the co-ordinates 
of the superimposed atoms. Rather than attempt to combine the different criteria into a 
single weighted fitness function, as is done in GASP, a set of Pareto solutions is obtained 
at the end of each run whereby an optimal geometric fit is found for each possible size of 
MCS. (In Pareto optimization, an optimized state is reached if none of the parameters 
can be improved further without making another one worse.) 

The selection of individuals for breeding is made using restricted tournament selection. 
In tournament selection, once offspring have been bred they then compete with other 
individuals for insertion into the new generation. Each individual is compared to a num- 
ber of randomly chosen opponents. If the individual’s fitness exceeds that of an opponent, 
it receives a win. At the end of the process, the next generation is chosen from the indivi- 
duals with the highest number of wins. In restricted tournament selection, tournaments 
are held between similar individuals, rather than individuals chosen at random, in order 
to maintain the diversity of the population. The new offspring compete with the most 
similar individuals found in a subset of the existing population. W o  new genetic operators 
are introduced, in addition to crossover and mutation. They are “creep” and “crunch”. 
The creep operator refines solutions found using crossover and mutation by adding a 
matching pair of atoms to the match list. The crunch operator reduces the size of the 
MCS by eliminating a match pair that is responsible for bad geometric distance para- 
meters. The directed tweak optimization method is applied to the superposition repre- 
sented in a chromosome prior to calculating the fitness function. Handschuh et al’s meth- 
od has been found to produce results that are comparable to those produced by GASP. 

Holliday and Willett [54] describe a G A  for pharmacophore mapping that identifies the 
smallest 3-D pattern of pharmacophore points within a set of molecules with the require- 
ment that each molecule contains some user-defined number of the points. Thus, not all 
molecules are required to contain all the pharmacophore points. The method as described 
is restricted to finding pharmacophoric patterns in rigid structures, that is, conformational 
flexibility is not taken into account. 

The algorithm consists of two GAS. The first is used to select a population of rn points 
in each molecule that are maximally superimposed. A K-point pharmacophore is then 
taken as the number of unique points in the superposition. For example, if all the mole- 
cules contain the same pharmacophore of size rn then K is equal to rn. In practice, not all 
the points will superimpose and K is equal to the number of unique points in the super- 
position. The second GA refines the output from the first, that is, it tries to find a better 
fit between the K-point site and the input molecules. In the first GA, the chromosome 
consists of N sets of m integers where there are N molecules and the minimum number 
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of pharmacophore points required in each molecule is m. The GA is designed to optimize 
the mN points so that the molecules are maximally superimposed. Breeding is performed 
using crossover, mutation and roulette wheel parent selection. The fitness function mea- 
sures how well the m points in each molecule overlap based on calculated interatomic 
distances. The better the overlap between the points represented in the chromosome, the 
more fit is the chromosome. Each chromosome in the final population represents a poten- 
tial K-point site. The population of the second GA is seeded with the output from the 
first. Each chromosome in the second GA represents the 3-D co-ordinates of the K-point 
site. The genetic operators include crossover and mutation where different forms of muta- 
tion are allowed including: removing a point, adding a randomly selected point, and repla- 
cing two points by a single point at their midpoint. Each chromosome is checked using a 
clique-detection procedure to confirm that an m-point match exists between the K-point 
site encoded in a chromosome and each of the input molecules. If this is not the case, the 
chromosome is discarded. The fitness function is the inverse sum of the number of points, 
K, and the chromosome tolerance which is a measure of how well the molecules fit the 
pharmacophore. The GA attempts to minimize both the number of points and the toler- 
ance. It has been tested on four sets of compounds having the same activity, including 
angiotensin-converting enzyme (ACE) inhibitors and antifilarial antimycin analogs. In 
each case, a three-point pharmacophore was found that was common to all compounds in 
the class (m' = 3; K = 3) and a five-point pharmacophore was found which had four points 
in common with each member of the class (m = 4; K = 5). When tested on a set of 15 
heterogeneous ligands selected from the Brookhaven Protein Data Bank (PDB), a six- 
point pharmacophore was found which had three points in common with each of the 15 
ligands (m = 3; K = 6). 

CLEW [55] is a program for the generation of pharmacophore hypotheses through 
machine learning techniques. Whereas GASP uses information about actives only, the 
CLEW program also takes account of information generated from the inactive molecules. 
The analysis begins with the generation of complete sets of conformations using the 
WIZARD program [56]. The next step involves the perception of pharmacologically rele- 
vant features in the molecules such as hydrogen bond donors, hydrogen bond acceptors, 
hydrophobic regions, JC systems, and ionic groups. The molecules are classified into broad 
structural classes based on their 2-D structure, and machine learning techniques are ap- 
plied to the actives and inactives within a class to derive rules that relate structure to 
activity. The common features among all classes are found and a geometrical fitting pro- 
gram is used to find a 3-D fit of the features between minimized conformations of the 
active structures. Three different techniques are used to derive the rules: a logic-based 
machine learning method; a GA; and EF! The chromosomes of the GA represent rules in 
the form of fragments. A fragment is described by a bit string in which the bits indicate 
the presence or absence of structural features such as donors and acceptors, and also an 
indication of the environment of the feature. A chromosome is scored according to the 
relative occurrence of the fragment in the active and inactive molecules. The GA is initi- 
alized with randomly assigned rules. The GA uses tournament selection to select rules to 
include in the breeding population. New rules are evolved using crossover and mutation. 
The EP method uses the same chromosome representation and the same evaluation func- 
tion. However, it uses the entire gene pool as the breeding pool. The best members from 
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the gene pool and the breeding pool are used as the next generation's gene pool, and only 
mutation is implemented; that is, there is no crossover operator. The GA and EP method 
were found to produce similar results to the logic-based method, although it is reported 
that numerous runs of the GA were required to duplicate the logic-based results. 

4.6 Applications of EAs to Receptor Modeling 

Several methods are now available that attempt to build a model of the receptor site from 
known ligands. Some examples of these are: the widely used CoMFA [34] models that 
represent the 3-D field properties around a series of superimposed molecules using a 
probe atom to compute the interaction energies; Hahn's [57] method for building a recep- 
tor surface model that is composed of many triangle meshes that attribute properties at 
points on the surface; and the Yak program [36] that was described briefly in section 4.4. 
Receptor models can be used as constraints for de novo design in the absence of a known 
receptor site. Programs for pseudoreceptor modeling that are based on EAs are reviewed 
in this section. 

The aim of the GERM (Genetically Evolved Receptor Models) program [58, 591 is to 
build an atomic-level model of a receptor site based on a small set of known structure- 
activity relationships. First, a set of compounds with experimentally determined activities 
are superimposed in low-energy conformations. An initial model of the receptor site is 
then constructed by placing 40-60 atoms on a grid around the surface of the superim- 
posed active compounds. The atom types consist of 14 typical protein atoms and a null 
atom type to correspond to no a ton  at all at a given position. A GA is used to alter and 
optimize the atom types of the receptor site in order to maximize the correlation between 
drug-receptor binding calculated using molecular mechanics and measured drug activity. 
The chromosomes of the GA encode potential receptor models as bit strings; each bit 
corresponds to a grid point placed around the superimposed ligands together with pseu- 
doreceptor atom assignments. The genetic operators include crossover and mutation. The 
fitness function involves firstly calculating the energy between each ligand and the recep- 
tor model encoded in a chromosome and then calculating the correlation between calcu- 
lated drug-receptor binding and measured drug activity. The GA is initialized with be- 
tween lo00 and 5000 models, depending on the number of compounds in the training set. 
Individuals are chosen for breeding using roulette wheel selection. The method is able to 
generate several thousand models, all of which have a high correlation between calculated 
binding energy and measured bioactivity. The models successfully discriminate quantita- 
tively between compounds with varying biological activities. 

The PARM (Pseudo Atomic Receptor Model) program [60] is based on the GERM 
algorithm, but with two significant differences. One difference is that receptor atoms are 
assigned to the grid according to charges that have been precalculated at every grid point 
and that are based on the charges of the ligand atoms that are closest to it. The second 
difference is that the fitness function is based on the cross-validated R2 of the QSAR 
equation derived to correlate the interaction energy of each ligand with its bioactivity. 
The use of cross-validation can prevent overfitting that may occur with the conventional 
correlation coefficient used in GERM. 
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Vedani and Zbinden [61] have developed a program called Quasar that is also similar 
to GERM. Quasar differs from GERM in that it generates a family of receptor surfaces 
in which the surface is adapted to each ligand used in the study, rather than an averaged 
surface over all ligands. In addition, Quasar includes “H-bond flip-flop particles” which 
can simultaneously act as hydrogen bond donors and hydrogen bond acceptors towards 
different ligand molecules. Initially, an averaged receptor surface is constructed by sur- 
rounding the ligands with virtual particles followed by energy minimization (with or with- 
out consideration of conformational flexibility in the ligands). Then, each ligand is taken 
in turn and the averaged receptor surface is optimized to give a family of receptor mod- 
els. Finally, a GA is used to optimize the family of models by placing atoms on the recep- 
tor surfaces in a similar approach to that used in GERM. 

4.7 Discussion 

Several EAs have been described for de now design, with the majority of the algorithms 
actually being based on GAS which are a subclass of EAs. The basic GA, illustrated in 
Fig. 1, has been modified in different ways according to the particular application. One 
criterion that varies within the methods is the encoding scheme that is used to represent 
potential solutions within the chromosomes of the GA. Programs that have been 
developed for designing molecules to fit 3-D constraints can be divided into those that 
represent 3-D structure within the chromosomes [27, 33, 371 and those that are based on 
2-D representations [28]. In the 3-D approaches, the programs usually operate on the 
molecules directly, that is, the genotype and phenotype of the GA are the same. (In the 
pharmacophore elucidation programs, 3-D conformations are encoded in linear strings as 
rotations, translations and torsional rotations 149-521.) The 3-D approaches have the 
advantage that molecules can be evolved in reasonable conformations directly; however, 
many different conformations of the same 2-D structure may be represented as different 
individuals within a single population reducing the diversity of structures that is explored. 
The 2-D representations such as SMILES strings fit the standard GA model directly and 
allow more structures to be explored; however, 3-D conformations have to be generated 
within the GA itself in order to evaluate the goodness of a potential solution. Generating 
3-D conformations is computationally expensive and can result in a large number of con- 
formations for each molecule if conformational space is explored fully. Another disadvan- 
tage of the 2-D methods is that it can be more difficult to ensure that the molecules 
represented in the chromosomes are chemically and conformationally sensible. Some new- 
er interesting approaches are based on genetic programming and make direct use of the 
correspondence between 2-D chemical structures and graphs (44,451. 

The fitness function is another crucial component of an EA, and the particular fitness 
function that is applied depends on the problem domain. For example, in receptor bind- 
ing, the fitness function generally attempts to estimate the strength of drug-receptor bind- 
ing. In other cases, the fitness function measures how well a molecule fits a pharmaco- 
phore hypothesis, or how similar it is to some known target compound. Fitness functions 
have also been developed that measure how well the evolving molecules fit a QSAR or 
QSPR. 
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In many cases, specialist genetic operators have been developed, in addition to the 
standard mutation and crossover operators, to allow chemistry space to be well repre- 
sented and to ensure that the molecules that are generated are chemically reasonable. 
This is particularly the case when the GA operates on the molecules themselves. 

EAs are typically controlled by a large number of parameters, for example, population 
size; the relative frequencies of applying the different genetic operators; and so forth. 
One of the difficulties in implementing EAs is choosing an optimal set of parameters. 
Often, parameters are chosen through a process of trial and error. One recent study [43] 
has included a detailed investigation of optimal parameter settings within a GA; however, 
the conclusions were that the optimal parameters are dependent on the particular con- 
straints to which the GA is applied. Thus, this remains an area of difficulty and suggests 
that self-adapting GAS in which the parameters are altered during a run of the GA may 
be beneficial (see Chapter 12). 

One of the attractive features of EAs in general is that it is relatively easy to incorpo- 
rate multiple objectives within the fitness function. For example, in designing potential 
drug candidates, factors such as synthetic feasibility, chemical stability and properties of 
absorption, distribution, metabolism, and excretion (ADME) are important, as well as 
binding affinity. Many approaches encode multiple objectives using a weighted fitness 
function with a weight assigned to each objective under consideration; however, this may 
not be the best approach, especially ,when the objectives are conflicting. An interesting 
approach to dealing with conflicting objectives is to search for the Pareto surface [52], 
where solutions at the surface are Pareto optimal; that is, none of the objectives can be 
improved without causing a degradation in the others. 

4.8 Conclusions 

Many interesting programs have been developed for de novo design, and it is clear that 
EAs are well suited to tackling the problem. However, there are still significant limita- 
tions associated with the various methods. As should be clear, the fitness function is a 
crucial component of EAs, but this remains one of the major limitations - particularly 
when designing molecules to fit a receptor site. In this respect, the fitness function for de 
novo design is closely related to the scoring functions used in docking programs and 
described in Chapter 3. In de novo design, the fitness function is applied very frequently, 
and hence the speed of the calculation is an important factor as well as the accuracy of 
the result. Much effort has gone into the development of scoring functions; however, this 
remains as one of the limiting factors in the success of de novo design methods. Another 
potential problem with using EAs to evolve molecules is their tendency to produce mole- 
cules that are synthetically inaccessible and are therefore unlikely candidates for drug 
discovery. 

A limitation of all programs developed so far for de novo design of ligands to fit a 
receptor site is the assumption that the receptor remains rigid during binding. This is 
clearly an invalid assumption. Some docking programs do now account for protein flex- 
ibility in a limited way, but there are as yet no reported examples of.de novo design that 
allow changes to occur in the conformation of the receptor site. 
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One of the characteristics of programs for de novo design, whether or not they are 
based on EAs, is the tendency to generate large numbers of solutions all of which satisfy 
the constraints. Whereas generating a wide range of diverse solutions is usually one of the 
aims of de novo design, it is important that ways of navigating through the large answer 
sets are provided. This is another area in which there is clearly still much room for im- 
provement. 

Despite the intense interest in de novo design methods during the early 1990s, the 
emphasis in the pharmaceutical industry has shifted more recently towards the techniques 
of combinatorial chemistry and high-throughput screening. However, recent advances in 
genomics and structure determination techniques will continue to result in more and more 
receptors becoming available as targets for structure-based drug design. Therefore, de 
novo design techniques are likely to re-emerge as important tools, and an area of increas- 
ing importance will be the integration of de novo design techniques with combinatorial 
chemistry. 
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Symbols 

B1 Verloop steric parameter 
L Verloop steric parameter 
? Squared correlation coefficient 
n Hydrophobic substituent constant 
q2 Cross-validated squared correlation coefficient 
S Residual standard deviation 
urn Hammett constant 

5.1 Introduction 

Despite immense efforts in the pharmaceutical industry and academic laboratories, the 
design of novel drugs remains essentially a trial-and-error process. It is estimated that 
only one in 10 000 compounds investigated ever emerges as a commercial drug, and the 
investment required for the overall development may be on the order of $350 million 
over 15 years - the average time required to bring a therapeutic agent from preclinical 
evaluation to market launch. Thus, from a scientific point of view and also commercially, 
it would be desirable to develop a method that is able to reduce this rather large domain 
of test compounds by filtering out those which are likely to be less effective. The concept 
of quantitative structure-activity relationships (QSAR) was introduced with this in mind. 

QSAR techniques are commoiily regarded as the best approaches to computational 
molecular design when the macromolecular structure of the therapeutic target is not 
known. The major goal of QSAR is to formulate mathematical relationships between 
physico-chemical properties of compounds and their biological response in the system of 
interest. A good predictive model not only enhances our understanding of the specifics of 
drug action, but also provides a theoretical foundation for future lead optimization. 
Hansch pioneered this field by demonstrating that the biological activities of drug mole- 
cules can be correlated to a few thermodynamic or electronic variables using a simple 
regression equation [l]. New QSAR methodologies continue to appear in the literature, 
and two significant developments have been made in recent years. The first is the intro- 
duction of a wide range of novel molecular descriptors that may be more specific in the 
characterization of certain types of interaction than traditional descriptors. The second is 
the emergence of many sophisticated correlation methods for the determination of 
QSARs that are a significant improvement over the original linear regression analysis. 
Many techniques are brought into this field as a result of multidisciplinary efforts from 
artificial intelligence, multivariate statistics and applied mathematics researchers. In this 
chapter, we will review the recent advances and, in particular, the role played by genetic 
algorithms (GAS) in the development of these new tools. 
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5.2 Key Tasks in QSAR Development 

This section outlines the typical steps in the development of a QSAR. The mathematical 
form of a QSAR is given by the following general expression: 

Biological activity = f(n1, x2, . . ., n,) (1) 

where f is a mathematical function and x are the molecular descriptors that provide infor- 
mation on the physical and/or chemical attributes of the molecules. Thus, the main chal- 
lenges in QSAR modeling are to find a suitable set of molecular descriptors and an 
appropriate function that can accurately explain the biological data. 

5.2.1 Descriptor Tabulation 

The first step is the tabulation of experimental or computational physico-chemical para- 
meters that provide a molecular description of the chemical entities that is relevant to 
their underlying biological activities. Traditionally, the descriptors generated are usually a 
few thermodynamic or electronic variables. In recent years, many novel molecular de- 
scriptors, such as fragment fingerprints, molecular connectivity indices [2], vibration-based 
descriptors [3, 41, electrostatic and steric shape similarity indices [5], autocorrelation vec- 
tors [6], electrotopological indices [7], and the description of molecular fields in a three- 
dimensional (3-D) lattice environment [S] have been introduced. In general, obtaining 
two-dimensional (2-D) descriptors from molecular structures is a straightforward task. On 
the other hand, depending on the flexibility of the molecules, the generation of 3-D de- 
scriptors can be quite complex because of the uncertainty associated with both the confor- 
mation and the alignment of the molecules. 

5.2.2 Feature Selection 

The next step is to apply a statistical or pattern recognition method to correlate these 
experimental or computed molecular properties with the biological data. It is ironic that 
the ease in descriptor generation often creates a problem in subsequent analysis, namely 
the overfitting of data. This is because the number of descriptors can easily exceed the 
number of data objects. To circumvent this, a number of algorithms have been proposed 
to preselect the descriptor set. Feature selection can help to define a model that is easier 
to interpret. In addition, the reduced model is often more predictive, simply because a 
better signal-to-noise ratio is obtained when the noninformative inputs are discarded. We 
must emphasize that descriptor selection is not new: in the past it was performed by a 
human expert based on experience and scientific intuition as well as a great deal of trial 
and error. In this section, we will review some common selection strategies that are more 
objective in nature. 
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5.2.2.1 Forward Stepping and Backward Elimination 

With the increasing availability of fast computers and commercial statistical packages, 
feature selection based on a stepwise procedure is commonly employed [9]. In the case of 
a forward stepping strategy, new descriptors are added to the model one at a time until 
no further improvement is obtained, as judged by a significance measure such as the F- 
statistic. In backward elimination, a full set of descriptors is used as an initial model and 
the redundant descriptors are pruned in a systematic fashion. While these procedures are 
computationally fast, they have some shortcomings. First, because of their stepwise nature, 
the algorithms fail to take into account information that involves any coupled effect 
among multiple descriptors. Specifically, it is possible that a certain descriptor is elimi- 
nated early on because it may appear to be redundant at that stage; but it may later turn 
out to be the most informative descriptor when other descriptors are eliminated. In other 
words, an optimal solution is not necessarily obtained. Second, the algorithms are deter- 
ministic in nature, and subsequently the final result is represented by a single solution. 
However, it has been argued that due to both the complexity and the dimensionality of 
the problem, it is unrealistic to assume the existence of a unique “best” solution. A better 
approach is to make use of a set of models in which each model may be more suitable 
for characterizing different regions of parameter space. A number of stochastic algo- 
rithms, such as simulated annealing and genetic algorithms, have been introduced to the 
field of QSAR to address the aforementioned problems. 

5.2.2.2 Simulated Annealing 

Simulated annealing (SA) is an optimization method based on a physical annealing pro- 
cess [lo]. The principle of this method is similar to a Monte Carlo simulation [ll], but the 
algorithm contains a slowly decreasing temperature parameter. At the beginning of the 
optimization, solutions of lesser quality are accepted more readily according to a Boltz- 
mann-type probability, thereby allowing for the exploration of a large configurational 
space. As the temperature is slowly reduced, the system converges to a final solution. 
Because of the stochastic nature of SA, simulations that are initialized with different ran- 
dom seeds can lead to different outcomes. The first chemometric application of simulated 
annealing in descriptor selection was performed by Sutter and Kalivas [12]. 

5.2.2.3 Genetic Algorithms 

Genetic algorithms (GAS) are stochastic optimization methods that have been inspired by 
evolutionary principles [13]. The distinctive aspect of a GA is that it investigates many 
solutions simultaneously, each of which explores different regions of parameter space. The 
basic design of a genetic algorithm is summarized in the flow diagram shown in Fig. 1. 
The first step of a GA simulation is the creation of N chromosomes, each of which repre- 
sents a candidate solution of the problem. In the case of feature selection, an appropriate 
representation of a chromosome can be a numerical string encoding a particular combina- 
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tion of molecular descriptors. The fitness of each chromosome is evaluated based on a 
numerical function, which reflects the quality of each candidate solution. The next step, 
reproduction, creates new chromosomes from the existing generation. Through the selec- 
tion operator, better chromosomes can proliferate preferentially. With crossover, each 
chromosome has an opportunity to exchange information with the others via a mating 
procedure. Finally, fitter offspring may appear in the next generation if beneficial muta- 
tions take place. As the system gathers more knowledge about the underlying parameter 
space, the collective search, which may appear to be random at first, begins to gain focus 
and moves towards more optimal regions. The reproductive cycle is repeated until a pre- 
defined number of generations, a specified convergence criterion or a target fitness score 
is attained. 

Initial population 
A starting population of N chromosomes is 
generated. Each chromosome, which 
represents a candidate solution to the problem, 

genes. 
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Figure 1. Flow diagram showing a typical genetic algorithm simulation. 
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5.2.2.4 Exhaustive Enumeration 

Although a GA investigates many possible solutions simultaneously, there is no guarantee 
that the best possible solution will be found in any run of a GA. An exhaustive enumera- 
tion (EE) of all possible sets of descriptors is the only method which guarantees to locate 
the global optimum, although such a brute-force approach is often impractical due to the 
exponential increase of the number of possible sets that can be formed from a given num- 
ber of descriptors (i.e., the total number of all possible sets = 2N - 1, where N is the total 
number of descriptors). For a QSAR data set with say, 30 descriptors, this number is 
already greater than lo9 and for 100 descriptors, it exceeds lo3'. 

5.2.2.5 Other Methods 

It is beyond the scope of this chapter to provide a comprehensive review of ail the feature 
selection strategies that have appeared in the literature. In what follows, two interesting 
approaches are discussed briefly. GOLPE (generating optimal linear PLS estimations) is a 
variable selection procedure that has been developed to obtain the best predictive PLS 
models. In this approach, combinations of variables derived from a fractional factorial 
design strategy are used to run several PLS analyses, and only variables that contribute 
significantly to predictivity are selected [14]. Wikel and Dow have investigated how an 
artificial neural network (see section 5.2.3.2) can be used for descriptor selection [15]. 
First, a neural network is trained using all input descriptors. Subsequently, input descrip- 
tors are selected based on the weights between the various input and hidden nodes. 

5.2.3 Model Construction 

5.2.3.1 Linear Methods 

Given a set of input descriptors and a set of output responses, one needs to formulate a 
mathematical expression to relate the two quantities. Multiple linear regression (MLR), 
or ordinary least squares (OLS), has been the method of choice for QSAR applications in 
the past, mainly due to its computational simplicity and in part because of the interpret- 
ability of the resulting equation. However, this method cannot be applied when the num- 
ber of variables equals or exceeds the number of objects (for MLR the recommendation 
is that the ratio between number of objects and variables should be at least greater than 
five). One way to reduce the number of variables is through the use of principal compo- 
nent analysis (PCA). In this procedure, the input descriptors are transformed to some 
orthogonal principal components, where a small number of principal components is usual- 
ly sufficient to capture the essential variance (-90 %) of the original data. These principal 
properties are then used as the input to a regression analysis. Another powerful method 
that can be applied to deal with an underdetermined data set is partial least squares 
(PLS) [16]. There is no restriction in PLS on the ratio between variables and data objects. 
Unlike MLR, this method can analyze several response variables simultaneously. Briefly, 
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PLS attempts to identify a few latent structures (linear combinations of descriptors) that 
best correlate with the observables. Cross-validation (see section 5.2.4.1) is employed to 
avoid overfitting the data. An added advantage of PLS over MLR is that it can deal with 
strongly collinear input data and can tolerate missing data values. For an in-depth com- 
parison of PLS with MLR, readers are referred to previous publications [14]. 

5.2.3.2 Nonlinear Methods 

Apart from the linear analysis tools mentioned above, there is an increasing interest in 
the use of methods that are intrinsically nonlinear. Nonlinear mapping (NLM) is a meth- 
od that attempts to preserve the original Euclidean distance matrix when high-dimen- 
sional data are projected to lower (typically two) dimensions. However, NLM does not 
provide a quantitative relationship between activity and structural descriptors. At the pre- 
sent time, artificial neural networks (NNs) are probably the most commonly used non- 
linear method in chemometric applications. NNs are computer-based simulations which 
contain some elements that appear to exist in living nervous systems. What makes these 
networks powerful is their potential for performance improvement over time as they 
acquire knowledge about a problem, and their ability to handle fuzzy “real-world” data. 
Fig. 2 shows’a schematic representation of a neural network. During the training phase, a 
network is taught data patterns through iterative adjustments of the weight values 
between the interconnecting nodes. A trained network is able to draw generalizations 
from these patterns and, more importantly, it can make quantitative predictions for novel 
patterns. Previous applications [17-191 of neural networks to QSAR have established that 
the number of adjustable weights plays a crucial role in determining the predictivity of 
the network. With too few adjustable weights, a network may not be able to extract the 
relevant relationships from the data; with too many weights, the network may tend to 
overfit the data because it has the capacity to memorize the entire data set. Finding an 
optimal network topology to achieve a balance between the two extreme situations is an 
active area in neural network research [20]. 

5.2.3.3 Other Methods 

In addition to the methods mentioned above, many multivariate analysis methods have 
been reported in chemometric applications. These have included k-nearest neighbors 
(KNN), correspondence factor analysis (CFA), linear discriminant analysis (LDA), simple 
classification analysis (SIMCA), cluster significance analysis (CSA), and canonical correla- 
tion analysis (CCA). 

5.2.4 Model Validation 

Model validation is a critical component of.QSAR development. A number of procedures 
have been established to determine the quality of QSAR models. 
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Figure 2. This network is configured with three input, two hidden, and a single output nodes (3-2-1). 

5.2.4.1 Cross-Validation 

The most popular validation method is cross-validation (CV), also known as jack-knifing 
or leave-one-out (LOO). This method systematically removes one data point at a time 
from the training set, and constructs a model with the reduced data set. Subsequently, the 
model is used to predict the data point that has been left out. By repeating the procedure 
for the entire data set, a complete set of predicted properties and cross-validated statistics 
can be obtained. It has been argued that the LOO procedure often overestimates the pre- 
dictivity of the model and that, subsequently, the QSAR models are overoptimistic [Zl]. 
As an alternative to LOO, a leave-group-out (LGO) procedure, which leaves out multiple 
data objects (typically between 5 % to 20 YO of the entire set), can be applied. An added 
bonus of a LGO procedure is the reduction in computing time relative to a LOO cross- 
validation, the amount of time saved being inversely proportional to the percentage of 
removed population. 

5.2.4.2 External Test Set 

A common use of a QSAR model is to provide activity predictions for new analogs. Thus, 
in a practical sense, the accuracy of prediction of a test series constitutes the most strin- 
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gent test of a model. As an external test set, these compounds must not have been used 
in any way during the construction of the QSAR model. 

5.2.4.3 Randomization Test 

Another procedure that is easy to perform is a randomization test. In this method, the 
output values (the biological activities) of the compounds are shuffled randomly, and the 
resulting data set is examined by the QSAR method against real (unscrambled) input 
descriptors to determine the correlation and predictivity of the resulting “model”. The 
whole procedure is repeated on many different scrambled data sets. The rationale behind 
this test is that the significance of the real QSAR model would be suspect if there is a 
strong correlation between the selected descriptors and the randomized response vari- 
ables. 

5.2.4.4 Measurement of Model Quality 

In the field of QSAR, many statistical variables have been reported to indicate the qual- 
ity of the model. Most commonly, the following measures are included. The first is the 
value, which is the Pearson correlation coefficient, and the s value, the residual standard 
deviation for the predicted values of the training set of compounds. 

= 4 j=’ N - k - 1  (3) 

These measures give indications of how well the model fits existing data; that is to say, 

For cross-validated statistics, it has been suggested that PRESS and q2 are good esti- 
they measure the explained y variance in the biological data. 

mates of the real prediction error of a model: 
N 
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Generally speaking, a q2 value of 0.5-0.6 is regarded as the minimum acceptance criter- 
ion for a reliable QSAR model. For more detailed discussions on model validation and 
statistical parameters, readers are referred to a previous chapter in this book series [14]. 

5.3 Availability of GA Programs 

A number of commercial and academic programs are available for GA-based QSAR 
modeling. They include the GFA module that is part of the Cerius’ molecular modeling 
package marketed by Molecular Simulations Inc. 1221. A GAPLS program is one of the 
modules in CHEMISH, an integrated chemometrics system, which is freely available upon 
request from the research group of Funatsu [23]. Some research groups have utilized the 
worldwide web as a medium for distributing tools. For example, a GAPLS web page has 
been installed on the QSAR server at the University of North Carolina to allow the 
public submission of data sets [24]. Also available is Luke’s evolutionary programming 
(EP) algorithm, which is part of the CHEMSP;! package at the National Cancer Institute’s 
Frederick Biomedical Supercomputer Center [25]. In addition, there are several public 
domain GA codes and libraries and it is straightforward to link these resources to build 
customized systems. 

5.4 Applications of GAS in QSAR 

5.4.1 GA-MLR Approach 

The earliest application of GAS in chemometrics was reported by Leardi et al. in 1992 
[26]. They employed a GA for variable selection and MLR for quantitative modeling. 
Their initial test was carried out on an artificial data set with 16 data points, 11 descrip- 
tors and a single response variable. Because of the simplicity of this data set, an exhaus- 
tive enumeration of all descriptor combinations was possible, thereby allowing a bench- 
mark comparison of both the efficiency and completeness of the GA searches. In their 
study, they limited the simulation time of the GA to 25 % of the time required for a full 
exhaustive search. In ten separate runs, the GA run always found the best combination, 
which was an eight-descriptor model. Another impressive feat was that the GA discov- 
ered the ten best combinations in nine out of ten simulations initialized with different 
random seeds. By comparison, stepwise regression returned a five-descriptor combination 
that was ranked sixth overall in the list obtained by exhaustive enumeration. After this 
initial validation, the method was tested on a real data set, which consisted of 41 samples 
of provola cheese that were described by 69 chemical variables. The objective of the study 
was to find a meaningful correlation between the age of these samples and their chemical 
compositions. Using a stepwise approach, Leardi et al. obtained a 12-descriptor regression 
model that yielded a cross-validated variance of 83 %. The top models from five indepen- 
dent GA runs gave corresponding values of cross-validated variance of 89 YO, 85 %, 81 YO, 
91 YO, and 84 YO. This particular example clearly demonstrates the stochastic nature of the 
GA optimization, where different starting conditions can lead to distinct local minima 
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corresponding to models of quite different qualities. Consequently, one recommendation 
from the authors is to perform at least two runs on the same data set when a GA is 
employed as a feature selection tool. 

Later, Rogers and Hopfinger published a paper that described a type of GA, termed 
genetic function approximation (GFA), to select descriptors. The GA was coupled with a 
standard multiple linear regression (MLR) method to derive QSAR models [27]. GFA is 
a conventional GA with crossover and mutation operators, and its reproduction strategy 
is shown in Fig. 3. The calculation began with a population of 300 randomly chosen sets 
of descriptors, and it took typically 3000-10 000 genetic operations to reach convergence. 
GFA incorporates the lack of fit (LOF) error measure as its fitness criterion: 

In this equation, c is the number of variable parameters, d is a user-adjustable smooth- 
ing parameter that provides some control over the number of terms in the model, p is the 
total number of features contained in all basis functions (some basis functions may be 
combinations of different features or descriptors) and M is the number of samples in the 
training set. The use of this function tends to prevent the data being overfitted because 
while adding a new term to the QSAR may reduce the error in the fit, it may not be 
sufficient to offset the penalty as specified by the denominator. In addition, the d value 
(the default value of d is 1) allows more flexible user control over the smoothness of the 
fit. Rogers and Hopfinger also introduced a number of nonlinear basis functions in model 
construction, including splines, Gaussians, and polynomial functions. Finally, the algorithm 
permits the number of descriptors to be varied throughout the calculation. The algorithm 
was tested on the Selwood data set [28], which has been studied extensively in the past 
and has become a standard test of novel 2-D QSAR methods. The data set consists of a 
series of 31 antifilarial antimycin analogs and each compound is parameterized by 53 
physico-chemical descriptors. Using the GFA method, Rogers and Hopfinger uncovered a 
number of QSAR models that were significantly better than the models obtained in 
earlier studies by Selwood et al. [28] and by Wikel and Dow [HI. In particular, there was 
very little overlap in the exact choice of descriptors among the three studies. LOGE the 
sole descriptor encoding hydrophobicity in the set, was the only common choice. The top 
20 models have cross-validated r values ranging from 0.849 to 0.812, thus supporting the 
notion that it is unlikely that a single QSAR model can adequately describe all of the 
interesting relationships within the data set. The authors also observed the interesting 
phenomenon that averaging the predictions of a number of top-rated models often led to 
better predictions than could be obtain from any individual model. In the same paper, 
Rogers and Hopfinger applied GFA to two additional data sets, again achieving impress- 
ive results. 
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At about the same time, Kubinyi of BASF and Luke of IBM published two studies, also 
using the Selwood data set as the benchmark. Both investigators utilized variants of GAS, 
termed MUSEUM (Mutation and Selection Uncover Models) [29] by Kubinyi and Evolu- 
tionary Programming (EP) [30] by Luke. Both algorithms do not contain a crossover 
operator and they rely solely on a mutation operator to create new offspring (Fig. 4). 
Independently, both researchers discovered other excellent three-descriptor combinations 
that were not reported in the GFA study, though it was likely that those combinations 
might have been visited by GFA but were later destroyed by crossover or mutation op- 
erations during evolution. In his paper, Kubinyi also suggested variable selection is an 
appropriate method for the size of data set that is typical in conventional QSAR studies 
(i.e., 20-200 descriptors). However, for CoMFA-type analysis, variable selections may carry 
too great a risk of chance correlation because of the large number of input variables. In a 
more recent study [31], Luke extended his earlier work and compared the accuracy and 
efficiency of three different selection strategies, which included stepwise selection, EP, 
and EE of all possible sets. The basic conclusion from the study is that although EP and 
EE can reveal the optimal combinations of descriptors, the computational efficiency of 
the stepwise approach allows for the exploration of different functional forms of descrip- 
tors (in his paper, both logarithmic and exponential transformations were examined) that 
may lead to better results. In this study, Luke introduced an alternative cost function for 
the fitness criterion: 

(7) 

where k is the desirable number of descriptors as specified by the user, n is the actual 
number of descriptors used in the QSAR model, and Base is a parameter that is similar 
to the smoothing parameter ( d )  in GFA [32]. Error off i t  is defined by the RMS error, 
although any other reasonable measure can be used. The third term is a product of the 
weights associated with each function, where the weights are related to the exponent to 
which each descriptor is raised. In Luke’s implementation, the weight of linear term is 
one, that of the quadratic term is two, and all other weights a re  set to 100. The Base value 
turns out to be a very important parameter in the evolution of the models. In this study, 
Luke demonstrated that by automatically adjusting the value of Base, a much more thor- 
ough search in parameter space could be achieved. 

Leardi extended his earlier GNMLR work and proposed a general method for model 
validation and outlier detection [33]. For full validation, Leardi argued that the initial 
choice of selected variables should be independent of the data points that were used for 
its validation. He achieved this by partitioning the full data set into k deletion groups, 
(TI, V,), IT?, V,) . . . (Tk, Vk]. For each deletion group, GA-based descriptor selection was 
applied to the larger data partition, Ti, and several models were formulated based on the 
statistical parameter (e.g., 2 or 4’) of this training set only. The remaining data, Vi, served 
as an external validation set for freshly generated models. Only those combinations 
exceeding a minimum predictivity threshold would undergo a formal “leave-group-out’’ 
validation. Different correlation models, which were re-derived using the same combina- 
tion of descriptors on different training sets in each of the deletion group, were used to 
predict the other validation sets. The final predictivity assessment of a given combination 
would be based on the result of full validation. Fig. 5 shows a schematic representation of 

Cost = Baselk-nl x (Error offit) x n Weight(Ni) 
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this process. In this example, the full data set is split into four deletion groups. Based on 
the training set T1, three good combinations of descriptors, MI,,,  M1,2 and Mla were 
revealed. The portion of data that was left out in the model building, V1, was used to 
validate each combination. In this example, because the predictions of V1 using combina- 
tion M1.3 are sufficiently predictive, this combination is carried forward to perform a full 
validation. In this stage, the same descriptor combination M1.3 is applied to other deletion 
groups, T24. Since the compositions of these training sets are somewhat different from 
that of TI, the scalar parameters (i.e., regression coefficients in case of MLR) describing 
the model should be slightly different. The re-derived models are used to provide predic- 
tions for the other validation sets Y24. and together with V1, they form a complete set of 
prediction results for the combination M1,3. The process is repeated for other good combi- 
nations from the other deletion groups (e.g., M2.1, M2,2, etc). The combination that yields 
the best full-validation result will be considered as the optimal choice of descriptors. An 
extremely useful application of the above procedure is the detection of outliers. Because 
an outlier creates significant heterogeneity in the data set, when an outlier is partitioned 
to a validation subset Vi, the corresponding training set Ti becomes more homogeneous. 
Thus, the presence of an outlier in Vi is characterized by an anomalously high quality of 
fit in the corresponding training set Ti and an unusual lack of fit in Vi. Using this method, 
Leardi successfully identified an outlier in the data set where classical approaches had 
failed [33]. 

g 
M3,3 

e 

Figure 5. The validation procedure described by Leirrdi. 
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Partly due to its commercial availability and its integration into the Cerius’ modeling 
environment, Rogers’ GFA method has become a popular GA-based algorithm for 
chemometric applications. In a recent study, Shi et al. of the National Cancer Institute 
(NCI) applied the GFA program to examine the antitumor activity patterns of a series of 
ellipticine analogs [34]. These 112 compounds can be classified into three structural sub- 
classes (E, Q, and H types). From the in vitro assay results against a panel of 60 human 
cancer cell lines from different organs of origin, seven representative activity indices were 
derived: 

MOLT-4, the activity against leukemia cell line MOLT-4; 
mean-60, the mean activity against all 60 cell lines; 
mean-CNS, the mean activity against six CNS cell lines; 
mean-p53W, the mean activity against 19 p53 wild-type cell lines; 
mean-p53M, the mean activity against 41 p53 mutant cell lines; 
CNS-sel (= mean-CNS - mean-60), the CNS selectivity; 
p53-MW (= mean-pS3M - mean-p53W), the “p53-inverse” selectivity 

Since the majority of the standard clinical anticancer agents are more potent against p53 
wild-type cells than against p53 mutant ones (and the fact that the p53 gene is mutated in 
more than half of human tumors), the p53-inverse selectivity is an important parameter 
for the future optimization of novel therapeutic agents. In their preliminary study, 49 stan- 
dard molecular descriptors, which included a single electronic, 13 information, eight spa- 
tial, two thermodynamic and 25 topological descriptors, were generated using the Cerius’ 
molecular modeling package. Three indicator variables (E, Q and H), each encoding a 
different structural class, were also added to this set. Using this set of 52 descriptors, j! 
and cross-validated ? (CV-?) values were obtained against the seven activity indices for 
the complete data set (EHQ). Most of the GFA models were poor: the values of j! ob- 
tained for the seven activity indices (MOLT-4, mean-60, mean-CNS, mean-p53 W, 
mean-p53M, CNS-sel and p53-MW) were 0.40, 0.10, 0.27, 0.29, 0.24, 0.68, and 0.51, and 
the values of CV-2 range were 0.34, 0.26, 0.30, 0.23, 0.22, 0.64, and 0.46, respectively. Thus, 
it is clear that only the correlation models for CNS-sel and p53-MW seem to be signifi- 
cant, and these were obtained only after the inclusion of the three indicator variables in 
the GFA analysis. In fact, the most important descriptor appeared to be the indicator vari- 
able for the Q-type of compounds. This finding is consistent with the assay results that this 
subclass is both more CNS selective and more potent against p53 mutant cell lines than 
the E or H subclasses. In other words, the mechanisms of action of these compounds are 
likely to be different among the three structural series, so that a global descriptor gives a 
higher correlation with respect to a seleclivity measure as opposed to descriptors encoding 
specific, local structural variations. Shi et al. also reported the statistics for the GFA ana- 
lyses performed separately on the three structural classes. In general, the correlation coef- 
ficients for the individual classes were higher than those of the full set. A very important 
result reported by the authors was the outcome of randomization tests for the CNS-sel 
index of the H subset. Of the 19 GFA models derived from randomly permuted data, two 
of them actually yielded higher ? values (>0.90) than that of the “real” model, and ten 
had ? values greater than 0.60! So, the apparently high ? value of this particular GFA 
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model with real data is probably due to spurious correlation. The result of this study illus- 
trates the importance of model validation in QSAR applications. 

5.4.2 GA-PLS 

PLS is often regarded as a modern alternative to MLR for chemometric applications, and 
it has played a critical role in the derivation of QSARs in CoMFA studies [35]. In the 
past, few researchers paid special attention to feature selection in PLS applications, partly 
because PLS makes no restriction on the number of variables used and partly because of 
its high tolerance towards noisy data [36]. It is only recently that this attitude has changed 
as more people recognize the benefits of feature selection. The use of procedures such as 
GOLPE [14] and GAS in conjugation with PLS is now increasingly common. 

In the past two years, Funatsu and co-workers have published a series of papers [9, 23, 
37-39] describing the application of the GAPLS method in QSAR. In their first study on 
this subject [37], they investigated a series of 35 dihydropyridine derivatives acting as 
calcium channel antagonists with PICSO values spanning the range between 4.0 and 8.9. In 
these compounds, there are three variable positions (R2, R3, and R4), and the substitution 
pattern of each position is described by four descriptors: n, the hydrophobic substituent 
constant, a,, the Hammett u constant encoding electronic properties, and B1 and L, the 
Verloop steric parameters. It was anticipated that with a GA, the redundant parameters 
would be discarded and only the most important properties would enter the PLS analysis. 
Their results show that the q2 value (q2 = 0.685) of the GAPLS model based on six 
descriptors is superior to the full 12-descriptor PLS model (q2 = 0.623). In addition, they 
performed an external validation employing the D-optimal criterion to partition the full 
data set into 21 training compounds and 14 test compounds. Using the same six variables, 
they obtained a similar predictivity (4’ = 0.693) for the test compounds. The process of 
descriptor selection also led to the resulting model being more interpretable. The selected 
features were in accordance with the earlier work of Gaudio et al., who performed exten- 
sive QSAR analyses on the same set of compounds [40]. In their second QSAR study [9], 
Hasegawa et al. applied GAPLS to a data set of 57 benzodiazepines in which each com- 
pound was parameterized using 42 physico-chemical descriptors. Two GAPLS models 
were reported. The first model, which was derived from 13 descriptors, yielded a q2 value 
of 0.836; and the second, a 10-descriptor model, yielded a value of 0.835. Both were 
significantly higher than the q2 value (0.711) derived from a PLS analysis using all 42 
descriptors. Furthermore, when this data set was partitioned into a training set of 42 com- 
pounds and a test set of 15 compounds using D-optimal design, the test set 3 values for 
the two GAPLS models were 0.702 and 0.737, which again compared favorably to that of 
the full PLS model (0.593). Most recently, Hasegawa et al. [23] examined a set of 48 
HIV-1 protease inhibitors by applying GAPLS to the variables derived from comparative 
molecular binding energy analysis (COMBINE) [41]. Several improved GAPLS models 
with significantly better q2 values than the original study were formulated. In summary, 
the results of the above studies and a recent study by Leardi and Gonzhlez [36] provide a 
clear demonstration that a PLS model with an appropriate selection of descriptors can be 
significantly more predictive than the one using all the variables. 
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In a recent publication, Kimura et al. described the use of a genetic algorithm for 
region selection in CoMFA, termed GA-based region selection (GARGS) [39]. This work 
was an extension to the cross-validated R2-guided region selection (q2-GRS) approach 
advocated by Cho and Tropsha [42]. In the original study, Cho and Tropsha first subdi- 
vided the full rectangular lattice into a number of smaller boxes. By performing indepen- 
dent CoMFA calculations on these boxes, they identified the regions of subspace that 
yielded reasonably predictive “partial” models (as judged by a minimum q2 threshold). 
Using only the regions defined by the boxes that were characterized as information rich, 
a q2-GRS CoMFA model was generated. Compared to the conventional CoMFA 
approach, the q2-GRS procedure produced 3-D QSAR models that were less sensitive to 
molecular orientation. In addition, these models were apparently more predictive as indi- 
cated by a significant increase in the value of q2. Extending this idea, Kimura et al. per- 
formed a GA-based procedure that sought the best combinations of subregions. It was 
noteworthy that they did not attempt to perform GAPLS analysis on individual CoMFA 
field descriptors for the following reasons: (i) it is unlikely that an important structural 
change can be encoded by a single field value, rather, a group of spatially contiguous field 
variables must be considered; (ii) in a GA, the number of distinct chromosomes (combi- 
nations) increases exponentially with the number of genes (descriptors); and (iii) variable 
selection on a large number of descriptors can inadvertently increase the likelihood of 
spurious correlation. As an initial ‘example, they studied a set of 20 polychlorinated 
dibenzofurans with activities against the aromatic hydrocarbon receptor. Using the 
GARGS procedure, they reduced the number of field variables entering the PLS analysis 
from 1275 to 43, and increased the internal predictivity of the model from 0.88 to 0.95. In 
addition, they performed a validation study by splitting the data set into two sets. Based 
on the coefficients determined from the training set of 15 compounds using the previously 
determined set of variables, they were able to generate some impressive predictions for 
the five test set compounds. However, in our opinion this cannot be regarded as a true 
‘‘external” validation because the test compounds have already introduced a degree of 
bias into variable (or in this case, region) selection. For a true external validation, we 
believe that the variable selection process must be performed independently of the test 
compounds. Nevertheless, the results from this and another application on a set of acetyl- 
cholinesterase inhibitors [38] further strengthen the value of region selection in 3-D 
QSAR analysis. 

5.4.3 GA-NN 

A major advantage of using neural networks (NNs) raiher than linear regression methods 
(e.g.. MLR and PLS) in correlation studies is their ability to handle nonlinear relation- 
ships. In a series of four papers [43-47], So and Karplus investigated a new hybrid method 
(GNN) that combines a genetic algorithm for descriptor selection and an artificial NN for 
model building. In their first application [43] of GNN on the extensively studied Selwood 
data set, QSAR models with fitting and predictivity that exceeded all previous published 
models were obtained. The improvement appears to derive from ‘the selection of non- 
linear descriptors because the NN was able to unravel complex relationships using these 
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properties. A major drawback of this approach was the computational expense compared 
to other methods based on linear regression. However, the intrinsic capability of a NN to 
handle both linear and nonlinear descriptors partly offset this cost because the need to 
examine separately each possible nonlinearity can be avoided [48]. So and Karplus also 
investigated the efficiency of searching using the GFA and EP schemes, and found that 
the optimal combination was discovered after sampling approximately 3500 combinations. 
Relative to an exhaustive search, this performance translated to a six-fold speed-up. In 
their next paper [44], the core GNN simulator was refined by replacing the problematic 
steepest descent training algorithm with a more efficient training algorithm based on a 
conjugate gradient method. This led to a significant improvement in the speed of conver- 
gence as well as the stability of the solutions. This new simulator was tested on a set of 57 
benzodiazepines, which was also examined by Hasegawa et al. in their GAPLS work [9]. 
So and Karplus obtained a six-descriptor GNN model that yielded a q2 value of 0.867, 
which was slightly better than the top-ranking 13-descriptor (q2 = 0.836) and the 10-de- 
scriptor (q2 = 0.835) GAPLS models reported by Hasegawa et al. and a 10-descriptor NN 
model derived by backward elimination by Maddalena and Johnston [49]. 

After enjoying noticeable success with the generation of 2-D QSAR models, So and 
Karplus investigated how the GNN method could be used to analyze molecular similarity 
matrices to obtain predictive 3-D QSAR models [45, 461. Molecular similarity-based 
descriptors are different from conventional parameters because they provide a numerical 
measure of resemblance between a pair of molecules based on their spatial or electro- 
static attributes, rather than any specific physico-chemical property. A schematic descrip- 
tion of the similarity matrix-genetic neural network (SMGNN) approach is shown in 
Fig. 6. After an initial validation of the methodology on the extensively studied corticos- 
teroid-binding globulin (CBG) steroid data set, SMGNN was applied to eight data sets 
with a broad range of chemistries. In each case, GNN was able to derive impressive corre- 
lation models relating molecular similarity to various biological and physico-chemical 
measures. Most recently, both the conventional GNN (which operated on standard 2-D 
and 3-D descriptors) and the SMGNN methods were applied to a set of glycogen phos- 
phorylase inhibitors [47]. Both methods yielded good predictive QSAR models (q2 = 0.80 
and 0.82 for conventional and SM-based GNN). Besides standard structure-activity corre- 
lation studies, GNN has also been employed to predict the folding ability of model pro- 
teins [50]. Using this approach, the key parameters that determined the kinetic properties 
of a model system were identified. 

Another active research group in the development and application of hybrid systems in 
QSPR and QSAR is led by Jurs at Pennsylvania State University. Over the years, they 
have investigated QSPR/QSAR models for a wide range of physical or biological proper- 
ties based on molecular structure [5141]. These properties have included aqueous solubi- 
lity, boiling point, critical temperature, autoignition temperature, toxicity and human 
intestinal absorption. The last two properties are of special interest to the pharmaceutical 
industry because a good predictive model can be a cost-saving alternative to in vivo ani- 
mal studies. Using a combined GA-NN approach, Wessel et al. built a correlation model 
to estimate percent human intestinal absorption (YO HIA) from molecular structure [60]. 
The starting point was a data set of 86 compounds with measured YO HIA from the litera- 
ture. These data were divided into three groups: a training set of 67 compounds; a valida- 
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Figure 6. Schematic diagram for the construction of SMGNN QSAR model. 
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tion set of nine compounds; and an external prediction set of 10 compounds. 3-D struc- 
tures of these compounds were generated using CORINA [62]. A total of 162 topological, 
electronic and geometric descriptors were generated for each of the compounds using 
their in-house ADAPT program. This set of descriptors was augmented by 566 binary 
descriptors that encoded the presence or absence of certain important substructural frag- 
ments. Based on a minimum variance criterion and a correlation analysis, the initial set of 
728 descriptors was reduced to a smaller pool of 127. A preliminary analysis was made 
using regression in conjugation with feature selection based on simulated annealing or a 
genetic algorithm; however, this procedure did not lead to a satisfactory linear model. It 
was concluded that the Linear methods were unable to take advantage of the data that 
appeared to be nonlinear in this case. Thus, a GA-NN hybrid system was tested on this 
data set and a six-descriptor NN model was identified. The mean absolute error (MAE) 
for the training set was 6.7 % HIA units, that for the validation set was 15.4 % HIA units, 
and for the external prediction set, 11.0 % HIA units. Three of the six descriptors are re- 
lated to hydrogen bonding capability, which reflects the lipophilic and lipophobic charac- 
teristics of the molecule. The fourth descriptor encodes the number of single bonds, which 
gives an indication of structural flexibility. The final two descriptors are geometric proper- 
ties that provide a description of molecular size. One can make reasonable arguments as 
to why the above set of molecular descriptors can be related to the mechanism of intest- 
inal absorption. As a first attempt to tackle this complex problem, the quality of predic- 
tions from validation and external sets are very encouraging. Continuous refinement can 
be made with addition of reliable experimental data as well as more informative descrip- 
tors. We anticipate this kind of tool will play an important role for virtual screening in 
the future. 

5.4.4 Chance Correlation 

The examples shown in the previous sections have demonstrated the utility of GAS in 
descriptor selection, and discussed their role in chemometrics when used in combination 
with correlation methods such as MLR, PLS, and NNs. The major pitfall of using a GA- 
based (or any other) variable selection method is that, despite careful planning and exten- 
sive validation, chance correlation can still be a concern [63]. Not surprisingly, the critical 
factor determining the likelihood of chance correlation is again the ratio between the 
number of descriptors and the number of objects. In a recent study [36], Leardi and Gon- 
zilez attempted to identify this critical ratio using a series of randomization tests on many 
data sets. According to their study, a variables/objects ratio of five was suggested to be 
the critical point above which using a GA selection will produce statistical models that 
are less reliable. Obviously, this empirical ratio is a good general guideline, although other 
specific dependencies such as the ratio of signal-to-noise intrinsic to the data (particularly 
the response variables) should also be considered. In this regard, randomization tests 
should be performed in combination with any application involving descriptor selections. 
In addition, Leardi and Gonzilez have proposed a stop criterion for GA evolution that 
may prevent overfitting of the data. This criterion is based on the empirical observation 
that, in general, the fitness of the population increases rapidly in the early phase of evolu- 



92 5 Quantitative Structure-Activity Relationships 

tion, then the improvement becomes much slower in the later stages. It is argued that the 
early improvement is derived from the modeling of the information component in the 
data and, at the late stage, a GA begins to “refine” the model by adding the noise com- 
ponent. Obviously, it would be desirable to stop a GA run before any substantial noise is 
included. A way to determine an optimal stopping point is to divide a series of GA runs 
into two sets. In the first set, real response data are used, and in the second, data with 
scrambled response value are examined. Subsequently, one can plot the fitness (perhaps 
of the top models) as a function of GA generation, and the best moment to stop a GA 
run would correspond to the time when the difference in fitness between the real and the 
random lines is at a maximum (Fig. 7). To further reduce the chance of including redun- 
dant variables, Leardi and Gonzalez also introduce a hybridization operator that perturbs 
the population periodically. This operator makes use of a backward elimination procedure 
to examine the best chromosomes. This idea originated from a study by Jouan-Rimbaud 
et al. [63], who have demonstrated that forward selection in the subsets selected by a GA 
can greatly reduce the number of irrelevant variables. 
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Figure 7. A stop criterion for genetic algorithm evolution. 
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Another approach that appears to limit chance correlation is the concept of basis mod- 
els proposed by Rogers [32]. This relies on a GA (in his example, GFA was used) to 
generate multiples of N statistical models, then PCA is applied to the data matrix contain- 
ing the prediction errors of these models. Only the most significant components that 
explain at least 1IN of the error variance are retained. The basis models are selected from 
the original pool of N models whose prediction errors are best correlated to each of the 
retained components. The predictions from the selected basis models are combined to 
provide consensus scoring. Using a previously analyzed socio-economic data set [64], 
Rogers demonstrated that the use of basis models can offer performance superior to that 
of the single best GA model in the following ways: first, the basis prediction (SRCCba,is = 
0.699) is better than the mean prediction for the best GA models from 20 runs 
(SRCCbest GA = 0.591); second, the prediction variance of the basis model (variancebasis = 
0.081) is lower than the prediction variance .for the best GA models from 20 runs (varian- 
cebest G~ = 0.123); and finally, there is a positive correlation between the magnitude of 
prediction error and the prediction variance, so that the latter can be a rudimentary esti- 
mate for the accuracy of future predictions. 

5.5 Discussion 

The recent developments in a number of hybrid QSAR tools involving the combination 
of a GA with regression or pattern recognition have been reviewed in this chapter. A GA 
offers an objective and effective means for the selection of important QSAR descriptors. 
The removal of redundant descriptors can lead to significant increases in both predictivity 
and interpretability of a model, which are critical factors that determine its utility in 
molecular design. The major liability of this type of approach is the risk of chance corre- 
lation. Thus, when variable selection is employed in QSAR generation, a strong emphasis 
should be made on model validation through randomization tests or external test set pre- 
dictions. Another aspect of the work that warrants additional research effort is the use of 
multiple models derived from a GA simulation. Often, it is not easy to differentiate 
between individual QSARs because a particular model may be more applicable under 
certain situations. For this reason, consensus scoring based on multiple QSARs is likely to 
provide more reliable predictions, though it is not always obvious which models should be 
picked and how they can be combined. In this regard, the use of basis models proposed 
by Rogers [32] is a promising direction that should be tested in a more general context in 
future. Altogether, we believe that variable selection methods using GAS, when correctly 
applied, can help to define a robust and predictive model that can dramatically reduce 
the number of chemical synthesis-bioassay cycles during lead optimization. 

In the conclusion of a recent review article on neural networks [20], Manallack and 
Livingstone wrote: 

“We feel that the combination of GAS and neural networks is the future for the 
[QSAR] method, which may also mean that these methods are not limited to simple 
structure-activity relationships, but can .extend to database searching, pharmacokinetic 
prediction, toxicity prediction, etc. Neural networks have lived up to the promise of 
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improving the way we deal with data over conventional methods, however, the need for 
better molecular descriptors, network interpretability and accessibility to commercial 
packages encompassing the latest methods still need to be addressed". 

It is fair to point out that new applications that utilize GA-based tools are now begin- 
ning to appear. In the area of combinatorial library design, Cho et al. reported the use of 
a GAPLS QSAR model to bias the design of bradykinin-potentiating peptide sequences 
[65]. A similar idea was explored in database search, where a preconstructed SMGNN 
model has been suggested to probe 3-D molecular databases [47]. With both strategies, an 
efficient method for descriptor generation is crucial because a massive virtual library of 
compounds is being accessed during the search. The commercial availability of G A  pro- 
grams also leads to exciting developments in other areas of research, such as experimental 
design. Using the GFA module in Cerius', Kowar successfully regenerated a number of 
complex relationships using fewer experiments compared to a more conventional factorial 
design strategy [66]. In the area of structure-property correlation, one of the most challen- 
ging problems remains the prediction of absorption, toxicity, and pharmacokinetic para- 
meters, which has seen only limited success in the past. We anticipate that, with more 
optimal molecular descriptors, better access to high-quality biological databases and 
continuous refinement of QSAR methodologies, significant improvements in prediction 
accuracy will be achieved. In this regard, the work by Wessel et al. [60] has given us the 
first glimpse of the future. We await, with great eagerness and excitement, the time when 
in silico predictions will play a dominant role in lead development. 
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6.1 Introduction 

The discipline of chemometrics is now some 30 years old, the term being used for the first 
time in 1972 by Svante Wold. Although the number of pure chemometrics laboratories is 
quite small, the discipline is firmly established in the chemical community, with chemo- 
metrics papers appearing in a broad range of chemical journals. Moreover, two specialized 
chemometrics journals have been published for quite some time, and several textbooks 
have appeared [14]. A recent definition of the term “chemometrics” reads [3]: 

“Chemometrics is a chemical discipline that uses mathematics, statistics and formal lo- 
gic (a) to design or select optimal experimental procedures; (b) to provide maximum 
relevant chemical information by analysing chemical data; and (c) to obtain knowledge 
about chemical systems.” 

The links between chemometrics and analytical chemistry have always been very strong, 
for obvious reasons: quantitative analysis has greatly benefited from multivariate chemo- 
metrical regression techniques, but qualitative analysis has also received attention. In re- 
cent years, the field has expanded significantly, as is obvious from the number of chemo- 
metrical papers, applications appearing in nonchemometrical and nonanalytical journals, 
and the diversity of applications in chemometrics journals and books. 

Optimization problems have always received considerable attention in the chemo- 
metrics literature. Initially, the optimization of experimental conditions using experimental 
designs was stressed where, with a minimal number of experiments, the maximum infor- 
mation must be obtained. With the advent of computer-based chemistry, the number of 
experiments that could be performed in a reasonable time increased by orders of magni- 
tude, and this led to the development and application of global optimization methods 
such as evolutionary algorithms, simulated annealing, and simplex optimization. 

Overviews of the application of evolutionary algorithms in chemometrics can, for ex- 
ample, be found in [5-lo]. In this chapter, the most important application areas for opti- 
mization with evolutionary algorithms are highlighted. For clarity, they have been divided 
into three classes: parameter estimation; subset selection; and miscellaneous applications. 

Parameter estimation problems typically arise in cases where there is no analytical solu- 
tion for a modeling problem, and classical methods rely on iteration from a more or less 
accurate initial estimate. Examples include nonlinear and robust estimation, curve fitting 
and neural network applications. The second area considers combinatorial problems 
where a small set of variables or objects must be selected from a larger set, according to 
some criterion. Problems of this kind are known to be NP-complete, which means that 
with increasing complexity an exhaustive search quickly becomes impossible. Some appli- 
cations which do not quite fit either of these two categories are discussed in the last of 
the three sections. 

6.2 Parameter Estimation 

Parameter estimation problems are optimization problems where evolutionary algorithms 
are used to estimate the parameters in complex nonlinear equations; the quality of a para- 
meter set is judged by comparing the result of the equation to measured data. Examples 
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include curve fitting and solving differential equations (e.g., elucidating rate constants). 
The representation of a solution in the population is quite simple: each parameter is 
directly coded in the string, in either a real or binary representation. 

6.2.1 Curve Fitting 

“Classical” curve fit procedures such as the Newton-Raphson method are iterative proce- 
dures requiring a reasonable first guess. In many cases, such a first guess is difficult to 
obtain, especially when many peaks must be fitted simultaneously. Replacing these classi- 
cal algorithms with global search methods such as simulated annealing or evolutionary 
algorithms is a logical step, and many applications have appeared in spectroscopy. 

Choy and Sanctuary describe a genetic .algorithm (GA) for fitting one-dimensional 
nuclear magnetic resonance (NMR) signals with a scaled squared error between the ex- 
perimental and calculated spectrum as the fitness function [l I]. The estimated parameters 
were peak damping factor and frequency; peak amplitude and phase were then obtained 
by simple regression. A priori knowledge can be introduced by imposing constraints on 
the parameter values. It was shown using simulated noisy spectra that the GA performed 
better than an iterative maximum likelihood method proposed by the same authors, 
although execution times were longer. (For more applications of EAs in NMR, see 
Chapter 10.) 

In the area of X-ray spectroscopy, several groups have used GAS to solve crystal struc- 
tures from powder diffraction data. The aim in this case is to find parameters describing 
both the structure of a molecule and its orientation in the unit cell. Shankland et al. use a 
x2 error value as the fitness function, based on the difference between the observed and 
calculated diffraction. pattern [12]. They obtain good results for molecules with up to ten 
degrees of freedom (three translational, three rotational, and four internal). Essentially 
the same approach is taken in [13], where it was also concluded that the GA method 
appeared to be faster than a Monte Carlo procedure. The method was also successfully 
applied to a structure with 12 torsion angles [14]. More details on applications of EAs in 
X-ray crystallography appear in Chapter 9. 

A combination of a GA and an artificial neural network (ANN) was applied in [15] to 
fit X-ray equator diffractograms of poly(ethy1ene naphthalate) (PEN) yarns. Pearson VII 
lines, employing four parameters for each peak were used to fit the spectra; Gaussian and 
Lorentzian lines are special cases of the Pearson VII lineshape. The ANN was used as a 
peak-picking procedure and, as such, yielded rough initial estimates for the search space. 
The evaluation function F was a combination of the correlation r between the experimen- 
tal and simulated spectrum and the root mean square error E 

This function proved to be superior to the separate r and E values. The GA was shown to 
be much more robust than a steepest descent method that often ended up in a local opti- 
mum. 
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The same program, CFIT, was applied to IR spectra of poly(ethy1ene terephthalate) 
(PET) yarns [16]. Again, very good results were obtained, although in this case it was 
necessary to refine the final GA solution with a local optimization method to obtain the 
optimal solution. 

Wavelength (nm) 

Figure 1. Example of a wavelength-dispersive X-ray fluorescence (WDXRF) spectrum of a gold coin. 
Due to the huge selectivity for almost all elements in qualitative analysis and the extremely wide 
dynamic range in quantitative analysis, WDXRF is commonly applied in the determination of the 
elemental composition of unknown samples. 

Dane et al. investigated the use of GAS for the analysis of layered materials with two 
forms of X-ray fluorescence spectroscopy [17, 181. An example of such a spectrum is 
given in Fig. 1. The number of layers, the thickness of each layer and the composition of 
each of the layers could be elucidated in this way. Theoretical spectra were calculated 
with the so-called fundamental parameter method [19] and, again, Eq. 1 was used as the 
evaluation function. 

6.2.2 Nonlinear Modeling 

The nonlinear calibration of an array of four ion-selective electrodes has been performed 
using a GA [20]. For each electrode, the cell potential, slope, and selectivity coefficients 
were optimized. A relative quadratic difference between observed and predicted electrode 
potentials was used as the evaluation function. The best solutions of six replicated GA 
runs were used in a subsequent simplex optimization to obtain the final solution. Compar- 
ison with a pure simplex approach revealed that the simplex method alone was better in 
determining the parameters with the largest effect on the error function; the GA-simplex 
hybrid was better in determining values for relatively small selectivity. coefficients only. It 
was concluded that the electrode array did not constitute a very appropriate model sys- 
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tem for multivariate calibration, since unrealistically high species concentrations are 
needed to obtain any response. 

The same authors described the determination of stability constants by a GA using 
calorimetric and polarographic literature data [21]. An interesting aspect of this imple- 
mentation is that the chromosomes have a variable length because of the explicit coding 
of the number of metals and ligands that are involved. Again, a simplex method is used 
to fine-tune the final GA results. 

Global optimization methods such as GAS and simulated annealing (SA) are compared 
in the determination of rate constants and reaction mechanisms: complex differential 
equations are solved [22]. The conclusion was that the GA and SA both work well, 
whereas the simplex algorithm sometimes gets stuck in a local optimum. In general, the 
search precision of the SA method used is better: the final error is lower than with the 
GA. This is in agreement with other results from the literature. 

Several applications describe the use of GAS in summarizing a data set in terms of 
complicated basis functions. An example from the field of quantitative structure-activity 
relationships (QSAR) is described in [23]: the octane number of 293 hydrocarbons, di- 
vided into five classes, is predicted. The final solution is again obtained by a hill-climbing 
method. The occurrence of 15 functional groups was used as representation of the hydro- 
carbons. The results were much better than those obtained with linear regression, but this 
is not surprising because of the nonlinear terms taken into account. The advantage of the 
approach over, for example, neural networks, is that the results can be interpreted chemi- 
cally. Another example is the description of a data set with wavelets [24], where the opti- 
mal coefficients for a set of basis functions containing splines, polynomial terms as well as 
wavelets are identified with a GA. 

A final area in which iterative procedures are often used to obtain the desired results is 
robust modeling. Here, one seeks to find a model which is not only optimal in terms of a 
minimal prediction error, but also insensitive to outlying observations. Examples include 
finding those parameters yielding a minimal median squared error (as opposed to the 
minimal mean squared error) [25], finding the optimal discrimination vector in robust lin- 
ear discriminant analysis (LDA) [26], and finding piecewise linear discriminant functions 
[27, 281. In the latter application, it was found that simplex methods consistently outper- 
formed global search methods such as several forms of GA and SA. Several reasons were 
cited: a good estimate was already available and the number of evaluations was limited; 
the parameter values depended strongly on each other (epistasis), which means that va- 
lues that are good in one solution may be very bad in another solution, and the response 
surface suited the simplex algorithm. 

6.2.3 Neural Networks 

The training of neural networks can be seen as an optimization problem, and the 
frequently used backpropagation method can be replaced by an evolutionary algorithm 
(EA). Several papers have appeared proving the feasibility of such an approach [29, 301. 
Clear improvements over backpropagation or other training methods have not been 
reported, however. 
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Another, potentially more interesting, application is the investigation of the response 
surface defined by a trained neural network. In this case, the parameters that must be 
optimized are the input parameters, and the evaluation function is simply the output of 
the network. In [31], a neural network was trained to predict the level of bioactivity, given 
a set of operating conditions for sequential-injection analysis (SIA). A GA was used to 
find those conditions leading to maximum bioactivity. The large variability of the values 
of two of the parameters indicated that they did not have a significant influence on the 
bioactivity, and they could be set to default values. The optimal predicted bioactivities 
were larger than the largest value in the training set. Unfortunately, the results were not 
validated in practice. The dangerous part in this approach is the neural network model; 
several ANN models may be able to predict the test set to the same degree of accuracy, 
while having completely different weight sets. It is uncertain that two networks with simi- 
lar performances on a test set actually describe the same response surface. However, 
other applications have shown this to be a viable route in practice. For instance, a GA 
was used to “invert” an ANN that modeled the relationship between physical structure of 
yarns (input) and ten physical properties such as tenacity, shrinkage, and elongation at 
break (output). The goal was to find the yarn structure which led to optimal properties 
~321. 

6.3 Subset Selection 

Many different forms of subset selection by EAs appear in the chemometric literature. In 
almost all cases, the EA uses a binary representation, in which a 1 indicates retention of 
the object or parameter, and a 0 leads to rejection. The reason for the popularity of EAs 
is their ability to traverse the huge search spaces resulting from the inherently combina- 
torial nature of the subset selection problem: the number of possibilities of selecting rn 
variables out of a superset of p variables is 

P! 
m!@ - m)! 

which becomes practically impossible for even moderate values of p and m. Moreover, 
the correct (minimal) value of m is usually not known. Stepwise procedures usually 
perform suboptimally. 

In quantitative analysis, the two main problem types are feature extraction and object 
selection. The difference between these is illustrated in Fig. 2. Usually, rows in a data 
matrix represent objects and columns represent variables. Feature selection then comes 
down to selecting columns, often with the aim of obtaining more predictive or robust 
calibration models. 
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Variables 
I 1 

Figure 2. Variable selection (left) versus object selection (right). Rows indicate objects columns indi- 
cate variables 

6.3.1 Feature Selection 

Feature selection, or variable selection as it is most often called in the chemometrics 
literature, is an important application of global optimization methods. It is generally 
accepted that even so-called full-spectrum methods like partial least-squares regression 
(PLS) benefit when uninformative variables are removed prior to model building. With 
large numbers of variables, techniques not applying optimization methods often rely on 
the weights in the final regression vector or the size or variability of loadings (see, e.g., 
[33, 341). Nonevolutionary optimization methods such as simulated annealing have also 
been applied [35]. However, many papers have appeared where evolutionary methods 
have been used for variable selection in quantitative applications (e.g., [36-381); for quali- 
tative applications, such as clustering or classification, it is harder to find examples (an 
overview of some widely used nonevolutionary methods can be found in [39] and refer- 
ences therein). 

Many reports stress the importance of including the complete validation sequence in 
the process of feature extraction. In practice, this means that the data should be split in 
several groups and that cross-validation statistics should be used as evaluation criteria. If 
this is not done, there is a severe chance of overtraining: the algorithm just chooses those 
variables that describe the current dataset, and the generalizing properties of the resulting 
model are poor. An added benefit is that the cross-validation can also provide informa- 
tion on potentially outlying observations [40]. 

6.3.1.1 Spectroscopy 

Examples of feature selection in spectroscopic calibration can be found in quantitative 
applications of IR spectroscopy I41431 as well as qualitative ones [44], mass spectrometry 
[45] and UV-Visible spectroscopy [46]. Jouan-Rimbaud et al. showed that a GA for wave- 
length selection sometimes includes uninformative variables if a fitness function is used 
that is based solely on a predictive sum-of-squares [47]. Therefore, they proposed perform- 
ing a forward stepwise selection from the final best solution found by the GA. Other op- 
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tions are to use a fitness function which chooses the smallest set of wavelengths that yields 
a model with a predictive power better than a prespecified threshold [45], or a fitness func- 
tion which incorporates in some way the number of selected wavelengths [48]. Both have 
their disadvantages: in the first case, one must specify a threshold value (and, in practice, 
will have to try several values before a suitable one is found); in the second case, the form 
of the fitness function is more complicated and will also have to be fine-tuned. 

In some cases, a selection is made not from the original variables, but from transformed 
variables. An example is the selection of principal components (PCs) to obtain an optimal 
quantitative model. Rather than using the k principal components with the largest eigen- 
values, a set of PCs is selected according to some other criterion, usually related to the 
predictive ability of the model. In [48] the following fitness function is used: 

(3  ) 
PC . dw . PRESS 

= (2  - dw) 

where f is the fitness value, PC is the number of PCs selected, dw is the value of the 
Durban-Watson criterion which checks whether residuals are normally distributed, and 
PRESS is the usual predictive residual error sum of squares [ 3 ] .  The criterion in Eq. 3 
minimizes the number of selected PCs, and maximizes predictive ability. In each case, the 
GA identified the global optimum of this function (as determined by an exhaustive 
search). 

In [49], variable selection is performed on the original variables (wavelengths in the 
NIR region) as well as Fourier and wavelet coefficients. Contrary to other reports in the 
literature, (original) variable selection followed by multiple linear regression (MLR) per- 
formed worse than PCR and PLS; selection of Fourier or wavelet coefficients by a G A  
led to models of comparable quality to (full-spectrum) PCR/PLS. This may be an effect 
of the data sets or the fitness function. 

6.3.1.2 3-D QSAR 

Variable selection in the context of QSAR is described in a number of applications. Using 
a smaller set of informative variables can greatly increase the modeling capabilities of 
Comparative Molecular Field Analysis (CoMFA)-like analyses, and enhances the inter- 
pretability. Several algorithmic approaches have been described, most prominently the 
GOLPE method (Generating Optimal Linear PLS Estimations) [50, 511. In this approach, 
experimental designs are used to assess the effect of different combinations of variables 
on the prediction (as given by the standard deviation of prediction errors, SDEP). A logi- 
cal extension to this approach is to consider the space of all possible parameter combina- 
tions, and to use global search methods such as evolutionary algorithms to find the opti- 
mal one(s) [37, 52-54]. Rogers and Hopfinger describe a similar application called Genet- 
ic Function Approximation (GFA), where functions of the original variables are also 
considered [55]. This makes it possible to use quadratic terms or splines. (GFA actually 
belongs in the Parameter Estimation section, but because some parameters are estimated 
as zero, it is also a subset selection method.) The fact that several good models are ob- 
tained is seen as an advantage by the authors as it facilitates interpretation. 
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Instead of selecting individual variables from a steric or electrostatic grid, it is also 
possible to select regions and perform the PLS modeling with the gridpoints from the 
selected regions only (GA-based region selection, GARGS) [56, 571. It is shown that 
GARGS coefficient contour maps are much easier to interpret than the standard CoMFA 
maps. A comparison with the results of applying GOLPE to the same data set shows that 
this approach also has a better predictive ability [51, 561. 

6.3.1.3 Miscellaneous 

Zupan and Novic use the correlation between the biological activity predicted by a neural 
network and experimental values as the fitness function in a GA for the selection of the 
15 most useful variables out of a set of 120 for defining molecular structure [58]. Hou et 
al. apply a GA to select a subset from 24 features with which to predict the biological 
activity of two groups of HIV-1 inhibitors (591. An application in quality control is de- 
scribed in [60], where the subset of product quality variables retaining most of the infor- 
mation contained in the original set is sought. 

6.3.2 Object Selection 

Subset selection applications where objects rather than variables are selected usually have 
one of two purposes: either the identification of outlying variables, or exactly the oppo- 
site, the construction of representative subsets, usually for clustering or model building 
purposes. 

Outliers are objects which do not conform to the general pattern in the data. One ap- 
proach, already mentioned, is the application of robust methods which are not influenced 
very much by the presence of outliers. However, their use is not without drawbacks, such 
as the high computational demands and the absence of reliable confidence estimates. A 
more frequently used strategy is to detect, and subsequently remove, outlying observa- 
tions from the data set. In [61, 621, a GA is used to identify the least informative objects 
in a data set, and to build a model without them. While they may not be outliers in the 
statistical sense of the word, the effect of removing them from the data set is very much 
the same. 

The selection of objects to form a representative subset is the subject of several investi- 
gations. In [63], a subset of objects is selected in such a way that the variance-covariance 
matrix of the complete set is approximated. The primary aim of the object selection lies 
in the field of (statistical) model building: in this way the representativeness of a training 
set can be assessed. The GA is compared with a kernel-density estimation procedure and 
it was concluded that, in smooth (simulated) data sets, the latter performed better. For 
real data, the two techniques had somewhat different characteristics. The GA-based 
subsets tended to describe the edges of the distribution better than the centers whereas, 
with the other procedure, stress is placed on the centers. Depending on the application, 
one of the two procedures should be selected. 
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In the context of high-throughput biological screening, a different approach can be 
taken. In such an application, a subset of molecules is selected in which each molecule is 
representative of a number of similar species. An approach to select an optimal subset for 
such cases is described in [64], where representative subsets of 100, 300, and 500 mole- 
cules were selected from a superset of 5000. The 281 original variables, chemical and phy- 
sical descriptors, were summarized in 58 principal components prior to subset selection. A 
fitness function based on the product-moment correlation coefficient appeared to work 
well. In comparison with other methods, such as clustering, or using a maximum dissim- 
ilarity criterion, GAS are suitable for the selection of subsets that preserve local informa- 
tion [65]. Subsets retaining more global information are obtained by other approaches 
such as the maximum dissimilarity method, while the most representative subsets were 
obtained by clustering methods. Differences, however, may be caused by the optimization 
criterion: all methods use slightly different criteria. 

In the context of experimental design, the GFA of Rogers and Hopfinger [55] was used 
to find good functional approximations of a set of experimental data, with a fitness func- 
tion that incorporated the sum of squared errors, the number of data points, and the num- 
ber of factors incorporated in the model [66]. Because splines are available to the GFA 
models as well as linear terms, the GA usually provided a better fit than the classical 
linear model. The authors then went on to propose an experimental design strategy in 
which all parameters of interest are varied randomly over the entire experimental range, 
with GFA being used to model the results. This is somewhat contradictory to the philoso- 
phy behind experimental design methods, and probably leads to experimental designs 
with rather more experiments than actually necessary. An approach which is more ortho- 
dox is described in (671, where GAS have been applied to select the most informative 
experiments for a system with six factors at three to seven levels. The discriminant of the 
experimental design matrix was maximized, and it was found that 28 experiments sufficed 
to estimate the 25 parameters of interest. 

6.4 Miscellaneous 

Several applications do not readily fit into either of the two categories treated above. An 
example is clustering, where a data set is divided into more or less homogeneous subsets. 
Although it is possible to formulate a cluster procedure as a subset selection problem 
(selecting the centers of the clusters and subsequently assigning the remainder of the data 
to the respective clusters), other formulations are also possible. Rather than treating 
related problems in different places, they are gathered below in one section. 

6.4.1 Clustering and Classification 

The division of data sets into separate clusters is described in a number of publications. 
In all cases, the number of clusters is assumed to be known. For large data sets, Lucasius 
et al. describe a k-medoid clustering method, in which the GA is used to pick the cluster 
centers [68]. The fitness criterion consists of the minimization of the sum over all clusters 
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of the distances of a mediod to all samples in the same cluster. This is a true object selec- 
tion problem, and the number of parameters in the GA strings equals the number of 
cluster centroids. Another application, where the length of the string equals the number 
of objects, and each object is assigned a cluster number, is less suitable for large data sets 
[69]. In the latter, the evaluation function is based on a general Gaussian mixture model: 

where K is the number of clusters, and Nk and & are the number of elements and the 
scatter matrix of cluster k, respectively. In this kind of model-based maximum-likelihood 
clustering, the expectation-maximization (EM) algorithm [70] is the usual optimization 
method. 

The k-nearest-neighbor (KNN) classification technique was combined with a GA to 
predict the conservation of water molecules in proteins upon ligand binding [71]. The task 
of the G A  was to find a weighting scheme for the four variables that would provide opti- 
mal KNN performance. After training on data from 13 nonhomologous proteins, the pre- 
diction accuracy on seven new proteins was 75 YO. In other words, 75 % of the conserved 
waters were correctly predicted. 

The aim of nonlinear mapping (NLM) is to find a low-dimensional representation of 
high-dimensional data that retains the interobject distances in the low-dimensional repre- 
sentation; that is, the topology of the data is preserved. Subsequently, the data can be 
inspected visually, or a clustering can be performed in the reduced space. Usually, the 
starting point is a small (typically two) number of principal components, which is further 
optimized by steepest descent minimization. In [72], a GA is proposed for NLM; this 
employs two specialized operators to speed up the search and prevent premature conver- 
gence. 

Reijmers et al. discuss several versions of phylogenetic clustering with GAS [73, 741. 
The problem here is to construct a binary tree that reproduces the observed distances 
between protein sequences. Several representations of the tree topology are compared. 
One representation optimizes a working distance matrix from which, by a straightforward 
algorithm, a tree topology is derived; another representation uses a Prufer number (see 
Fig. 3) that directly codes for the topology [75]. The order of individual figures in the 
Prufer number is to be optimized. Both representations show markedly different search 
characteristics [74]. 
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Figure 3. Representation of a bifurcating tree by a Priifer number. The leaves (open circles) corre- 
spond to the objects that are to be clustered. Roughly speaking, the Priifer number indicates the 
order in which the nodes (filled circles) are joined to the leaves. 

Applications in which elements are to be ordered according to some criterion are some- 
times termed sequencing problems. In chemistry, this is a relatively rare type of problem. 
Apart from the phylogenetic clustering using Priifer numbers, another application is 
described in the context of the interpretation of 2-D NMR data of proteins [76]. The 
patterns associated with individual amino acids in the protein are to be ordered in such a 
way that the patterns match the amino acid types in the (known) sequence, and that there 
is a maximum of contacts visible in the spectra. 

The last example of the use of EAs is the identification of classification rules to deter- 
mine suitable detectors in ion-chromatography by a classifier sysreem [77]. The population 
now represents different rules, whose individual strength is given by their ability to make 
classifications in agreement with the input data. New rules are constructed by the usual 
genetic operators. In a later paper, it was concluded that the crossover operator did not 
contribute significantly to the generation of effective classification rules [78]. 

6.5 Discussion 

From the wealth of publications in the chemometrics domain describing applications of 
EAs (and GAS in particular), it is clear that EAs have become part of the standard reper- 
toire of optimization methods. In many cases, writing an evaluation function is easy and 
application is straightforward; standard search settings suffice to obtain good results. This 
is especially true for subset selection problems and curve-fitting applications. Surprisingly, 
the number of detailed comparisons of the search behavior of EAs and other optimiza- 
tion methods is still rather small. As argued in Chapter 2, fair comparisons between sto- 
chastic optimization methods are notoriously difficult, if only because one is usually very 
familiar with one of the methods, and therefore the other methods may receive less atten- 
tion. In the cases where a comparison is made, the EA does not always appear to be the 
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most efficient method, although it is usually possible to obtain a good estimate of the 
global optimum. Other methods, most notably SA, are often faster and more precise. The 
same results have been found outside the field of chemometrics. 

Nevertheless, EAs are very popular. The speed of an optimization method is apparently 
not longer so much of an issue, except for the largest problems. The lack of search preci- 
sion is countered, if necessary, by the subsequent application of a more local search meth- 
od such as a gradient method or a simplex optimization. Clearly, these disadvantages are 
thought to be less important than the ease of implementation and the very good proper- 
ties in locating global optima. Indeed, in several cases it is reported that EAs could tackle 
problems which proved beyond other optimization methods. 

Since the field of chemometrics is developing and expanding quickly, it is to be 
expected that EAs will continue to find new applications. As the diversity of the problems 
increases, it may be expected that standard.methods will no longer suffice and that the 
implementation of optimization methods will have to rise to new challenges. A detailed 
understanding of the problem characteristics that make an optimization easy for one 
particular method and difficult for another method is required. Of course, the underlying 
chemistry should be the main source of inspiration in this respect. Exciting times lie 
ahead! 
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Abbreviations 

AA 
CPU 
EINECS 
GA 
MCS 
MOS 
NMR 
NP 
WDI 

Atom assignment 
Central processing unit 
European Inventory of Existing Chemical Substances 
Genetic algorithm 
Maximal common substructure 
Maximal overlap set 
Nuclear magnetic resonance 
Non-polynomial 
World Drugs Index 

7.1 Introduction 

Computer-based systems for the storage and retrieval of information pertaining to the 
two-dimensional (2-D) and three-dimensional (3-D) structures of chemical compounds 
play an increasingly important role in many areas of chemical research [l]. These systems 
contain machine-readable representations of large numbers of molecules, and provide a 
range of retrieval mechanisms by which users can access the stored structural data. In this 
chapter, we discuss some of the results obtained from a continuing study in Sheffield of 
the use of genetic algorithms (GAS) for processing the structure representations stored in 
such systems [2-91. These studies commenced in 1992, when there was much less familiar- 
ity with GAS in the chemical community than is now the case, by looking at the proces- 
sing of graph-based representations of 2-D chemical structure diagrams. This work was 
then extended to the processing of 3-D chemical structures, initially using distance-based 
representations but then encompassing more sophisticated descriptors that take account 
of the functionally important components of molecules. 

The chapter is structured as follows. Section 7.2 provides a brief introduction to current 
methods for chemical structure handling, and section 7.3 discusses our initial studies into 
the use of GAS for the processing of 2-D chemical graphs. Section 7.4 describes GAS for 
the processing of 3-D chemical graphs and the following sections then describe two, very 
different ways of overlaying pairs of 3-D structures. We conclude by comparing the results 
obtained here with those obtained from other, nonevolutionary approaches to the proces- 
sing of chemical structure data. 
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7.2 Representation and Searching of Chemical Structures 

The principal method of representation for a 2-D chemical molecule is a connection table, 
which contains a list of all of the (usually nonhydrogen) atoms within a structure, together 
with bond information that describes the exact manner in which the individual atoms are 
linked together. A connection table is an example of a graph, a data structure that de- 
scribes a set of objects, called nodes or vertices, and the relationships, called edges or urcs, 
that exist between pairs of these objects [lo]. In the context of a 2-D chemical graph, the 
nodes denote the atoms and the edges the bonds linking pairs of atoms, thus providing an 
explicit description of the topology of a molecule. The presence of a query subgraph in 
another, larger graph can be detected using a subgraph isomorphism algorithm [ll]: thus, 
if the graphs denote 2-D chemical moieties, a subgraph isomorphism algorithm provides a 
basis for substructure (or atom-by-atom) searching [l], which involves searching a data- 
base of molecules to find all those that contain a user-defined query substructure, 
irrespective of the environment in which the query substructure occurs. 

Subgraph isomorphism is known to be NP-complete [12] and will thus be extremely 
time-consuming when applied in a database searching context (where a subgraph check 
must be carried out for each structure in the database). This has led to the development 
of algorithms to minimize the computational costs of substructure searching [13]. The 
principal heuristic that has been adopted is that of using an initial screen search, where a 
screen is a substructural feature, the presence of which is necessary, but not sufficient, for 
a molecule to contain the query substructure. The presence of the screens describing a 
query substructure provides an effective filter for ensuring that only a small fraction of an 
entire database is passed onto the detailed, atom-by-atom search. 

Subgraph matching also forms the basis for substructure searching in 3-D since, as was 
first noted by Gund [14], it is possible to describe a rigid 3-D molecule by a graph in which 
the nodes and edges of a graph represent the atoms and interatomic distances, respectively. 
This is a very appropriate level of description since many of the pharmacophores, or phar- 
macophoric patterns, that chemists wish to search for are framed in terms of a set of atoms 
(or pharmacophore points such as hydrogen-bond donors, hydrogen-bond acceptors, or 
ring centroids), together with some or all of the associated interatomic distances [15]. 
Given that a 3-D structure can be represented by a graph, the presence or absence of a 
pharmacophoric pattern can be confirmed by means of a subgraph isomorphism procedure 
in which the edges in a database structure and a query substructure are matched if they 
denote the same interatomic distance (to within any user-specified tolerance, e.g., * 0.5 A). 
A subgraph isomorphism search of a 3-D chemical graph is often referred to as geometric 
search, thus differentiating it from the atom-by-atom search that characterizes the proces- 
sing of 2-D chemical graphs. A screening stage is again invoked to filter out molecules that 
do not need to undergo the geometric search, with the screens here being based on simple 
geometric characteristics, most commonly pairs of atoms together with an associated 
interatomic distance range [16]. Similar approaches can be used for the representation and 
searching of flexible 3-D structures, as discussed in section 7.4.1. 

Thus far we have considered only the use of subgraph isomorphism algorithms for pro- 
cessing chemical graphs, but there have also been many chemical applications of maximal 
common subgraph isomorphism algorithms. Given two graphs, a maximal common sub- 
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graph isomorphism algorithm will identify the largest subgraph common to the two graphs 
that are being compared, where “largest” is defined in terms of the number of matching 
nodes and/or edges. Chemical applications have focused upon the ability of such algo- 
rithms to identify the degree of structural overlap between pairs of chemical molecules, 
using both 2-D and 3-D structure representations (see, e.g., [17, IS]). The resulting max- 
imal common substructure (MCS) can be used as a measure of intermolecular structural 
similarity. Such measures provide the basis for similarity searching, that is, scanning a 
database to find those molecules, the nearest neighbors, that are most similar to a user- 
defined target structure; other types of similarity measure are based on the screens that 
are used for 2-D substructure searching [19] and on the molecular fields that are discussed 
in section 7.5. 

7.3 Processing of 2-D Chemical Graphs 

Our very first study of the use of a GA for chemical structure handling involved the 
development of a procedure for 2-D substructure searching [3]. This algorithm involved 
generating mappings of nodes between a query substructure and a database structure so 
as to maximize the number of matching edges, that is, the number of matching chemical 
bonds. However, this proved to be an inappropriate choice of application for two reasons. 
First, while subgraph isomorphism detection is time-consuming, there are efficient algo- 
rithms available for the processing of chemical graphs (such as the algorithm due to U11- 
mann [20] that was used as a comparison for our GA); second, while the GA was able to 
find matches for a query substructure relatively quickly, its nondeterministic nature meant 
that it was not possible to conclude unequivocally that a query substructure was absent 
from a database structure, even if it was run many times with many generations in each 
run. Taken together, these characteristics suggest that this particular type of graph-match- 
ing application is not suitable for processing by a GA; however, we found that the chro- 
mosome representation and genetic-operators that had been developed could also be used 
for a much more promising application, viz. the computation of the maximum overlap set 
(MOS), as described below. 

Brown et al. [21] have suggested the use of a hyperstructure, as a way of increasing the 
efficiency of 2-D substructure searching systems. A hyperstructure is a pseudomolecule 
that is formed by the superimposition of sets of molecules in such a way that the structur- 
al overlap between molecules is maximized. A hyperstructure thus encodes a set of chem- 
ical structures with minimal redundancy; not only does this minimize the storage require- 
ments but it also has the potential for improving substructure-searching times, since com- 
mon features will need to be searched only once (rather than once for each structure in 
which they occur, as in a conventional substructure search). A hyperstructure is formed 
from a set of structures as follows: the first structure is the base hyperstructure, and sub- 
sequent structures have atom nodes mapped to hyperstructure nodes of the same elemen- 
tal type, in such a way that there is a maximum overlap between structure edges and 
hyperstructure edges of the same type. A new hyperstructure node is created if there is 
no hyperstructure node to which a structure node can be mapped, and new hyperstructure 
edges are created as needed in a similar manner. The MOS problem involves generating 



118 7 Chemical Structure Handling 

the mapping that minimizes structural redundancy and is closely related to the better 
known MCS problem mentioned previously. GA-based algorithms for MCS identification 
have been described by Fontain [22], in what was probably the first reported application 
of a GA to a chemical structure handling problem, and by Wagener and Gasteiger [23]. 

Structure 

i- Cl6 

I 
O-C,- 

I 

c,- c2- ca 
I 

Hyperstructure 

Figure 1. Mapping of a structure to a hyperstructure created by the genetic algorithm, as described 
by Brown et al. [21]. 

We have developed a GA to solve (or at least to investigate) the MOS problem. Its 
workings are illustrated using the example shown in Fig. 1, where the hyperstructure had 
been created from the superposition of five previous structures. Candidate mappings 
between the graphs representing a structure and the hyperstructure are encoded in inte- 
ger-string chromosomes. The position of an integer in a string encodes the value of a 
query node, while the integer value at that position is the structure node to which that 
query node maps. For example, the mapping: 

{ 1~27),{2~26),{3~5),(4+6},{5+16~,{6+3),(7+11),(8~12),~9~9}, 
[ 10-+2),[ 11+24},[ 12+23},[ 13+22t,{ 14+25),[ 15+21)) 
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encodes as 

27 26 5 6 16 3 11 12 9 2 24 23 22 25 21 

The fitness of each such chromosome is the number of query edges that map to structure 
edges (with the same label) under the decoded mapping. 

Three genetic operators - mutation, uniform crossover and node-based crossover - 
were employed, the operands being chosen by fitness-based, roulette wheel parent selec- 
tion with user-defined weights. The mutation operator takes one parent chromosome and 
produces one child chromosome, by randomly changing a structure-to-hyperstructure 
node mapping at a randomly chosen position in the chromosome. Uniform crossover was 
used, with the reordering operation used in partially matched crossover [24] being applied 
following crossover. Finally, node-based crossover is a crossover operation, specifically 
designed for this application, that explicitly combines the most fit parts of the parental 
chromosomes in the children, as described by Brown et al. [3]. 

The algorithm was tested on 10 794 structures from the EINECS (European Inventory 
of Existing Chemical Substances) database by generating a global hyperstructure; that is, a 
hyperstructure that contained all of the individual molecules in the data set. The data set 
was also divided into clusters of similar structures, using the Jarvis-Patrick clustering 
method [25], and a hyperstructure was then produced for each cluster. The performance 
of the GA in generating hyperstructures was compared to the atom-assignment (AA) 
algorithm of Brown et al. [21], which generates hyperstructures by merely assigning struc- 
ture nodes to the first available hyperstructure node, considering only the node type with- 
out any regard for edge matching. The results are shown in Table 1. ‘limes are in CPU 
seconds on an ESV 3, and there was a total of 203 757 edges in the individual molecules 
comprising the data set. The results show the GA giving a significant improvement in the 
quality of the matching. This increased effectiveness is at the expense of CPU time, with 
the simple AA algorithm being two or three orders of magnitude faster; however, it must 
be remembered that hyperstructure generation is a “one-off’ operation that needs to be 
camed out only when a database is created. The improvement in compactness is quite 
marked in the global case, where the resulting hyperstructure has a much smaller number 
of edges than does the AA-based hyperstructure. 

Table 1. Comparison of edge compression and execution times (in CPU seconds) for the creation of 
hyperstructures using the genetic algorithm (GA) and atom assignment (AA) methods [2, 31. 

Hyperstructure Edges Run-time 
GA AA GA AA 

Global 1966 3813 332 200 220 
Clustered 83 245 96 173 70 770 21 1 
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The primary rationale for the generation of hyperstructures is to improve the speed of 
substructure searching. The AA and GA methods were used to generate global hyper- 
structures and hyperstructures for each of the clusters that contained more than five indi- 
vidual compounds, and 27 query substructures were then searched against these two sets 
of hyperstructures. The relative performance of the two approaches is defined by the 
speed-up, that is, the ratio of the AA search time to the GA search time. The results show 
a median speed-up of 2.1 for cluster hyperstructure search and of 1.3 for global hyper- 
structure search, with peak speed-ups of 4.9 and 3.3, respectively. A one-tailed sign test 
shows that the GA search is significantly faster in both cases ( P  <0.001 for cluster hyper- 
structure search and P < 0.005 for global hyperstructure search), thus validating the effec- 
tiveness of our GA for the MOS problem [2]. 

7.4 Processing of 3-D Chemical Graphs 

As noted in section 7.2, the geometry of a rigid 3-D molecule can be encoded by a graph 
in which the nodes are the atoms and the edges are the interatomic distances, and such 
graphs can be processed using subgraph and maximal common subgraph isomorphism 
procedures analogous to those employed for processing 2-D chemical graphs. For exam- 
ple, searches for pharmacophores in databases of rigid 3-D structures are carried out 
using screening and subgraph isomorphism techniques derived from those used for 2-D 
substructure searching [16], and maximal common subgraph isomorphism algorithms can 
be used for the automatic identification of pharmacophoric patterns in sets of bioactive 
molecules [18, 261. In this section we discuss two GAS that we have developed for proces- 
sing 3-D chemical graphs. 

7.4.1 Flexible 3-D Substructure Searching 

The screening and subgraph isomorphism procedures that are used for 2-D and for rigid 
3-D substructure searching can be further extended to encompass, in part at least, the 
representation and searching of flexible 3-D structures, where a molecule can adopt some, 
or many, different conformations by rotating around one or more of the rotatable bonds 
present in a molecule. One approach is simply to generate a number of low-energy con- 
formations and then to search each of these as if it was a distinct rigid structure [16]. An 
alternative approach, and the one discussed here (and in more detail by Clark et al. [4, 
27]), adopts a graph representation in which the nodes are again the atoms of a molecule; 
however, rather than representing just a fixed distance, each edge describes a range of 
distances, specifically the range spanned by the maximum and the minimum interatomic 
separations that are possible for a given pair of atoms, these separations typically being 
calculated using techniques derived from distance geometry [28]. It is simple to extend a 
subgraph isomorphism algorithm so that it can check whether the individual bounded 
distances in such a distance-range graph are consistent with the distance bounds that have 
been specified in a query pharmacophore, that is, to carry out a geometric search [27]. 
However, the distance geometry techniques that are normally employed to calculate such 
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distance ranges cannot take account of all of the strong interdependencies that exist 
between the sets of distance ranges in a flexible database structure, and thus the hits from 
the geometric search must be checked in a further, conformational search. The GA we 
have developed for this purpose is described below. 

The chromosome for a molecule contains one byte for each of the rotatable bonds in a 
molecule, with each byte encoding an angle of rotation about one of the flexible bonds as 
an unsigned Gray-coded integer [24]; thus, given an 8-bit byte, the search resolution is 
1.4" (that is, 360/256). When a chromosome is decoded, the rotations are applied to the 
conformation of the molecule that provides the input to the GA, thus defining a new 
conformation that is then checked to see if it is a match for the query pattern. Specifi- 
cally, the GA uses a penalty function to rank individual conformations in order of increas- 
ing fitness, with the penalty function comprising two parts as discussed below. 

The distance range between each pair of atoms in the pharmacophore was determined 
for a particular conformation of a database structure. If the distance lay within the al- 
lowed bound, then the pharmacophore-match penalty was set to zero; otherwise, a penalty 
value equal to the modulus of the difference between the distance and the closest bound, 
in A, was assigned. The penalty values were then summed over all distances in the struc- 
ture. The molecular conformations retrieved in a flexible 3-D substructure search must 
not only match the distance constraints but must also be of reasonable energy. An energy 
penalty was hence calculated as the scaled difference between the energy of a conforma- 
tion generated during a search and the energy of the reference conformation stored in 
the database that is being searched, these energies being calculated using the Lennard- 
Jones 6 1 2  potential in the SYBYL forcefield [29]. The overall penalty was then a 
weighted sum of these two contributions. The GA uses parent selection based on linear 
normalized fitness values, and the two standard genetic operators (bit mutation and one- 
point crossover) employ roulette wheel parent selection based on these values. The GA is 
run until a zero penalty value has been obtained, to (near-)convergence or for a user- 
defined number of iterations. 

The GA was used as part of a flexible substructure-searching system, in which a set of 
eight pharmacophore queries was searched against a file of 1538 3-D structures. Screen 
and geometric searches were carried out for each of these queries using the procedures 
described by Clark et al. [27] and the resulting potential hits then passed on for the final 
conformational search using several different searching methods: distance geometry, 
systematic search, the GA, and directed tweak [4]. Of these, distance geometry was found 
to be far too slow, and attention hence focused on the other three methods, the search 
results for which are listed in Table 2 (where the results for systematic search were the 
best of those obtained with a range of different torsional increments for the routine 
included in the SYBYL package [31]). The GA was run ten times for each pattern, and 
the two sets of figures listed are for the union of all of these ten runs and the mean 
number of hits when averaged over the ten runs. It will be seen that the directed tweak 
method gave the largest number of hits for the three methods, and its performance was 
confirmed in subsequent searches of a set of 9886 structures, where it was found both to 
identify more hits and to be noticeably faster than the GA. It was thus concluded that 
directed tweak was the method of choice for conformational searching, and it has subse- 
quently been adopted for the flexible pharmacophoric pattern matching systems produced 
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by MDL Information Systems [32] and by Tripos Inc. [33]. That said, directed tweak 
searches torsional space using a pseudoenergy function that involves the sum of the 
squares of the deviations of the interatomic distances in a database structure from the 
input distance constraints as specified in the query pharmacophore. This is very efficient 
for distance-based queries, but substantial modifications to the algorithm are required if 
other, nondistance constraints (such as valence or torsion angles, or included or excluded 
volumes) are to be included in a pharmacophore query; conversely, it is easy to encompass 
such types of constraint in the GA merely by specifying an appropriate penalty function. 

Table 2. Percentage of hits from the geometric search outputs that were found to contain the query 
pharmacophore pattern in a comparison of different conformational searching algorithms for flexible 
pharmacophoric pattern matching [4]. 

Pattern Systematic Genetic algorithm Directed 
search All hits H i t s h n  tweak 

1 0.0 0.0 0.0 0.0 

2 33.3 43.5 38.8 44.6 
3 0.0 0.0 0.0 0.0 
4 15.1 32.9 27.1 30.1 
5 21.6 34.2 15.2 38.4 
6 30.1 37.0 34.6 38.4 
7 17.4 25.6 7.7 34.9 
8 12.7 15.3 11.8 15.3 

Median 16.3 29.3 13.5 32.5 
Mean 16.1 23.6 16.9 25.2 

7.4.2 Identification of Common Structural Features in Sets of Ligands 

We have noted previously that maximal common subgraph isomorphism algorithms can 
be used for pharmacophore mapping, that is, for the automatic identification of pharma- 
cophoric patterns in sets of bioactive molecules. The results of these tests can then be 
used to validate, or to modify, the pharmacophore. Programs such as DISCO (DIStance 
COmparisons) [26] use a clique-detection algorithm to identify the MCS, that is, the lar- 
gest pattern of pharmacophore features (such as donors or ring-centroids) in 3-D that is 
common to all of the input molecules. An MCS algorithm provides an obvious basis for 
pharmacophore identification, but suffers from two limitations. First, the requirement that 
the same set of features occurs in the same geometric arrangement in all of the molecules 
can lead to MCSs that contain only a pair of features or that involve very large interfea- 
ture distance range tolerances. Second, and more generally, the use of the MCS involves 
the inherent assumption that there is a single, common pharmacophore that is responsible 
for the observed activity, and this assumption may not be correct. \ye have sought to 
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overcome these problems by developing a GA called MPHIL (Mapping PHarmacophores 
In Ligands) to identify a minimal set of features that suffices to cover all of the mole- 
cules; an alternative approach to this problem has been described by Barnum et al. [34]. 

MPHIL identifies a K-point site, a pattern consisting of K point-like features and the 
associated interfeature distances, with which all of the input molecules have at least some 
minimal number of features in common, subject to the constraint that K should be as 
small as possible. The input to MPHIL consists of the 3-D co-ordinates of the features in 
each of the N bioactive molecules (typically N is in the range 5 to 20) that are to be 
analyzed, from which the interpoint distances are calculated; the minimal number of 
points, rn, that each molecule must have in common with the K-point site; and the inter- 
point distance tolerances that must be met if two 3-D patterns are to be regarded as 
geometrically equivalent. The process involves the identification of a subset of rn points 
from each of the N molecules, giving a total'of Nm points. The geometry of each m-point 
subset may allow the superimposition of points such that one or more points may be com- 
mon to more than one molecule when the user-defined interpoint distance tolerances are 
taken into account, this leading to a reduction in the total number of unique points, K. 
The optimum situation is the case where all molecules contain the same pattern of m 
points, in which case K = m; this corresponds to the identification of an m-point substruc- 
ture that is common to all of the molecules, as in existing programs for pharmacophore 
mapping. More generally, rn 5 K 5 Nrn, and MPHIL tries to ensure that K is as small as 
possible, so that the resulting K-point site has some similarities to the hyperstructure 
representations that have been discussed in section 7.3 for reducing the computational 
requirements of 2-D substructure searching. 

The identification of the smallest K-point site is an extremely demanding combinatorial 
problem: if each of the N molecules contains P points, then there are no less than 

possible combinations of m-point subsets that may need to be considered. The matching 
of such subsets is effected in MPHIL by means of an MCS algorithm based on clique 
detection [MI. This algorithm identifies cliques of size m that are common to a number of 
molecules and that may thus be contained within the K-point site; the principal novel idea 
in MPHIL is the use of a GA to generate subsets that can be submitted to these clique- 
based matching procedures so as to minimize the final value of K. Specifically, our GA 
uses a chromosome that encodes the 3-D co-ordinates of the K points comprising the 
current K-point site. For each molecule, a size-rn clique must be found in both the mole- 
cule and the K-point site represented by the chromosome. This requires N invocations 
(one for each molecule) of the clique-detection algorithm for each chromosome in each 
iteration of the GA, and our initial experiments showed this to be far too time-consuming 
for practical purposes, given the huge number of m-point subsets that would need to be 
considered. Accordingly, an initial, precursor GA (hereafter referred to as GA-l), has 
been developed that reduces the computational requirements of the second, clique-detec- 
tion stage (hereafter referred to as GA-2). 

GA-1 is a standard steady-state-with-no-duplicates algorithm that identifies a combina- 
tion of m points from each molecule, such that the resulting set of points can be maximally 
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superimposed (this corresponding to minimizing the number of distinct points in the final 
K-point site). Each chromosome in GA-1 contains N sets, one for each of the N input 
molecules, of rn integers, each integer indexing the 3-D co-ordinates of a single point in 
one of the molecules. An initial population of chromosomes is generated randomly subject 
to the constraints that the same point does not appear more than once in any set and that 
no duplicate chromosomes occur. The population of chromosomes is processed using stan- 
dard one-point crossover, with mutation involving the replacement of one point in a chro- 
mosome with a new point from the same molecule. The aim of GA-1 is to identify a max- 
imal overlap of the points of the chromosomes, and the fitness function is thus an inverse 
measure of how badly the N sets of points overlap, as determined by the interatomic 
distances calculated from the 3-D co-ordinates of each point. The algorithm is typically 
run for 100 OOO generations, which is quite sufficient to generate a suitable population for 
GA-2. This second algorithm then assembles these rn-point subsets by means of the clique- 
detection procedure to give a K-point site that is as compact as possible. 

Each chromosome for GA-2 contains the 3-D co-ordinates of the K-point site encoded 
in a high-fitness chromosome output by GA-1, together with the point descriptors and the 
interpoint distances for that site. These distances are recalculated each time that a new 
chromosome is generated since mutation may move some of the points (as described 
below). Each chromosome is also assigned an initial tolerance level which is used to 
match distances in the clique-detection stage. This level is initially the user-defined toler- 
ance, but may be systematically increased in cases where the K-point site from GA-1 
requires a slightly larger tolerance for a fit. The initial fitness function (see below) for 
each chromosome is also calcuIated at this stage. 

A standard one-point crossover technique is used in which co-ordinates following the 
crossover point are interchanged between two parent chromosomes to produce children. 
Mutation occurs in several different forms as follows: a new point is selected randomly 
from one of the molecules and added to the chromosome; a random point is removed 
from the chromosome; a random point is moved (or creeps) in a random direction by a 
user-defined distance; the tolerance for that chromosome is reduced by some user-defined 
value; the mid-point between two points is calculated and a new point is created at this 
new position, with the original two points being removed from the chromosome. Clique 
detection is carried out using the algorithm described by Bron and Kerbosch [35]. For 
each molecule-chromosome match a check is made to see whether any size-rn cliques 
exist, that is, whether that molecule and the K-point site encoded in that chromosome 
have a set of rn points in common. If no size-rn cliques are found, then the new chromo- 
some is discarded. Alternatively, if the new chromosome contains a common clique for 
each chromosome-molecule comparison, then it replaces a less-fit chromosome in the 
population. The fitness function is given by the inverse of the sum of the number of chro- 
mosome points, K, and the current chromosome tolerance, T; thus GA-2 operates by 
seeking K-point sites for which both K and Tare as small as possible. 

The use of the program is illustrated with a data set of 19 angiotensin-converting enzyme 
and thermolysin inhibitors, possessing between seven and 12 points (specifically the consti- 
tuent heteroatoms), selected from a set of 58 described by Scott et al. 1361; results with 
other data sets are reported by Holliday and Willett [6]. The 3-D structures of these mole- 
cules were obtained by running the CONCORD structure generation program, followed by 
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minimization using the Tripos force field in SYBYL 6.3 [31]. Sample runs are detailed in 
Table 3, which describes the user-defined rn values and tolerances that were employed and 
in which the run-times are in CPU minutes for C programs running on a DEC Alpha 3000 
Unix workstation. With m = 3, all 19 compounds contain a common substructure composed 
of the two oxygens in a carboxylic acid group and an amine. As a result, the same 3-point 
subset is repeated throughout all of the compounds giving a K of 3. This solution, together 
with the edge tolerances, is shown in Fig. 2. With rn = 4, a common 4-point substructure is 
found in 18 of the compounds, this being made up of the carboxylic acid, the amine, and a 
further nitrogen in close proximity to the 3-point subset. One compound does not contain 
this second nitrogen, however, and a further point is required to cover this compound. The 
resulting 5-point solution is shown in Fig. 3a. The absence of a tolerance on one edge (de- 
noted by the broken line) in the solution is due to the fact that this edge is not contained 
within any of the individual 4-point subsets, one example of which is shown in Fig. 3b. 

N 2.95t  0.08 

2.71 f0.08 

Figure 2. Solution for MPHIL with a data set of 19 angiotensin-con- 
verting enzyme and thermolysin inhibitors with rn = 3. 

\ /:o,02 

0 

Table 3. Use of MPHIL on a set of 19 angiotensin-converting enzyme and thermolysin inhibitors: the 
times (columns 3 and 4) are in CPU minutes on a DEC Alpha 3000 Unix workstation, and the toler- 
ances (columns 2 and 7) in A [6]. 

m Initial GA-1 GA-2 GA-2 K Final 
tolerance time time iterations tolerance 

3 0.50 3.2 64.7 2044 3 0.10 

3 0.50 3.2 66.5 2369 3 0.20 

4 0.50 4.4 40.4 1344 5 0.35 
4 0.50 4.7 68.2 2382 5 0.30 

Figure 3. Solution (a) and example 4-point subset (b) for MPHIL on a data set of 19 angiotensin- 
converting enzyme and thermolysin inhibitors with rn = 4. 
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These results (and many others discussed by Holliday and Willett [6]) demonstrate the 
ability of MPHIL to find the smallest pattern of points in 3-D space that has at least some 
user-defined number of points in common with each of a set of molecules. The program is 
also quite efficient: a run typically takes some tens of CPU minutes, and MPHIL is thus 
sufficiently rapid to enable several different solutions to be obtained without undue effort. 
That said, there are obvious limitations, in that the most of the experiments thus far have 
considered only patterns of heteroatoms (rather than more generic pharmacophore-point 
definitions such as hydrophobic region or hydrogen-bond donor), and in that the program 
considers only the limiting case in which all of the molecules are considered to be rigid, 
and represented by a single low-energy conformation. 

7.5 Field-Based Similarity Searching 

Systems for similarity searching have been introduced in section 7.2. At the heart of any 
such system is the measure that is used to quantify the degree of structural resemblance 
between the target structure and each of the database structures. The most common of 
these measures are based on comparing the fragment screens that are normally used for 
2-D substructure searching, so that two molecules are judged as being similar if they have 
a large number of screens, and hence substructural fragments, in common [19]. Although 
widely used, fragment-based measures have several limitations [37], most noticeably their 
focus on topological similarities that take no account of the electrostatic, steric and hydro- 
phobic fields that lie at the heart of modem approaches to the correlation of molecular 
structure and biological activity [38]. This limitation led to a program of work in Sheffield 
to develop methods for field-based similarity searching that would facilitate the discovery 
of nonobvious bioisosteres, that is, molecules with different structures but exhibiting the 
same biological activity. Our initial studies adopted a graph-based approach to the repre- 
sentation and searching of molecular field data [39], but this was supplanted by the GA- 
based approach that is discussed below. 

Field-based similarities may be calculated using methods first developed by Carb6 et 
al. [40]. Given a molecular property P that can be calculated at any point around a mole- 
cule, a field may be created around the molecule by integrating P with respect to volume, 
and the similarity between a pair of molecules may then be calculated based on the over- 
lap of the corresponding fields. This provides an elegant and natural way of quantifying 
molecular similarities, but it is very time-consuming. Good et al. [41] have described a 
Gaussian-based procedure that allows the similarities to be calculated much more rapidly 
and with little loss of accuracy, and we have used this approach in all of our studies. 
Specifically, we have developed a G A  to align the fields representing two molecules so as 
to maximize the degree of overlap using the field-based measure of similarity normally 
referred to as the Carb6 index [40]. 

The GA is extremely simple. The target structure for the similarity search is assumed 
to be held stationary, and a chromosome in the GA encodes the rotations and translations 
that are to be applied to the current database structure to align it with the target struc- 
ture. The fitness function is the value of the Gaussian similarity coefficient resulting from 
the particular alignment encoded within a chromosome, and the GA hence moves the 
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database structure relative to the target structure so as to maximize the calculated similar- 
ity. If no account is taken of conformational flexibility then just the rigid-body rotations 
are encoded in a chromosome; alternatively, if the molecules are allowed to flex, then the 
chromosome additionally encodes the torsional rotations [8]. However, we have found 
that the inclusion of flexibility information does little, if anything, to increase the effec- 
tiveness of the algorithm unless it is run for a totally unacceptable amount of time, and 
the experiments reported below hence consider only the rigid version of the GA. 

The algorithm was initially developed to align molecules on the basis of the molecular 
electrostatic potential [9], but it has since been modified so that it can additionally 
encompass hydrophobic and steric fields [5 ] ;  the resulting program, called FBSS (Field- 
Based Similarity Searching) thus permits the calculation of all three types of similarity by 
the same basic procedure. Alignments may be made based on a single field-type, or on 
any combination of the three types of field; here, we report the results when all three 
types were combined. During the execution of the GA, each alignment of a target struc- 
ture and a database structure is used to calculate each of the three individual types of 
field-based similarity and then the fitness for the chromosome encoding that alignment is 
the mean of the three resulting Gaussian similarity values. No types of weighting or stan- 
dardization are applied to the individual similarity measures, so that all three types of 
field are assumed to contribute equally to the overall score of an individual database 
structure. 

The effectiveness of the GA for similarity searching was tested using a 10 % sample of 
the 1995 edition of the World Drugs Index (WDI), which contains the 2-D structures and 
activity classes for about 41 000 compounds for which qualitative biological activity data 
are available [42]. This subfile was searched by FBSS using the 10 target structures em- 
ployed in a study of property-based similarity measures by Kearsley et al. [43]. Each of 
these target structures was used as the basis for a field-based similarity search (which, as 
noted previously, involved all three types of field) and for a conventional 2-D, fragment- 
based similarity search (which was implemented using the search routines in the UNITY 
chemical information management system [31]). In both cases, the search performance 
was measured by the number of actives present in the top-ranked 300 nearest neighbors; 
further results are presented and discussed by Drayton et al. IS]. 
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Table 4. Analysis of the active molecules retrieved in the top300 rank positions by the 2-D and GA- 
based similarity measures, using ten different target molecules. The left-hand part of the table con- 
tains the number of actives retrieved, and the right-hand part of the table contains the diversity of 
the retrieved active molecules [5]. 

Numbers of actives Calculated diversities 
2-D GA 2-D GA 

Apomorphine 60 49 0.32 0.56 
Captopril 
Cycliramine 
Diazepam 
Diethylstilbestrol 
Fenoterol 
Gaboxadol 
Morphine 
RS86 
Serotonin 
Mean 

68 26 0.41 0.70 

94 120 0.59 0.60 
46 37 0.51 0.55 
100 100 0.38 0.35 
58 33 0.42 0.44 

7 14 0.49 0.52 
46 30 0.31 0.34 

26 14 0.62 0.70 

21 22 0.33 0.52 
52.6 44.5 0.44 0.53 

The left-hand portion of Table 4 shows the number of top-ranked actives returned by 
the two types of similarity measure, where it will be seen that the 2-D measure retrieves 
more active molecules. This finding might appear counterintuitive, given the importance 
of molecular fields in determining biological activities [38], but account must also be 
taken of the types of molecule in the database used here. Many of the molecules with a 
given activity class in the WDI are topologically very similar, including many close ana- 
logs and so-called “me-too’’ drugs. These molecules are very easy to retrieve using a simi- 
larity measure that explicitly encodes topological information; however, they might well 
not represent the full range of bioactive structural types, whereas such diverse sets of 
molecules might well be retrieved by measures that do not focus on the specific patterns 
of atoms and bonds in molecules. An inspection of the various search outputs certainly 
suggests that the 2-D measure results in less diverse sets of nearest neighbors than do the 
other measures, and we have sought to quantify this finding by means of a diversity index 
based on the fragment bit-strings used for the 2-D similarity search [44]. This index was 
calculated for the sets of active structures retrieved in each of the searches and the results 
are listed in the right-hand portion of Table 4, where it will be seen that the GA measure 
results in more diverse sets of compounds (that is, larger values of the diversity index) 
than does the established 2-D measure; similar results are obtained if all of the nearest 
neighbors are considered, rather than just the active nearest neighbors as here. This indi- 
cates that while the GA measure generally finds fewer actives, those that it does find are 
better able to suggest novel structural classes that are additional to the close analogs 
usually retrieved by similarity searches; thus, the main use of the approach may be to act 
as an “ideas generator”, rather than as a high-precision search tool as is the case with 2-D 
similarity searching. The different types of output suggest that the two types of similarity 
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measure are complementary in nature, as further demonstrated by the fact that each of 
them retrieved large numbers of active molecules that were not retrieved by the other 
similarity measure. 

The results presented here and elsewhere [S] suggests that our GA provides an effec- 
tive way of identifying bioisosteres in chemical databases that cannot be retrieved using 
conventional 2-D similarity measures; current work in Sheffield using the BIOSTER data- 
base, which contains pairs of known bioisosteres [45], provides further evidence to sup- 
port this conclusion [46]. 

7.6 Generation of Molecular Alignments 

The MPHIL and FBSS programs described above involve the alignment of rigid 3-D 
chemical structures; in both cases, the principal aim of the work has been to identify an 
efficient matching criterion that permits large numbers of such alignments to be evaluated 
(either in the repeated invocations of the clique-detection procedure in MPHIL, or in the 
matching of the target structure with each of the database structures in FBSS). In this 
section, we describe a further alignment procedure called GASP (Genetic Algorithm 
Superimposition Program) that has been designed for the detailed processing of sets of 
flexible 3-D structures, with the aim of providing an effective method for the generation 
of putative pharmacophoric patterns. The fitness function that has been developed is far 
more complex than those discussed previously, and we hence focus upon this aspect of 
the program, rather than upon the results obtained when it is implemented (as with some 
of the previous GAS in this chapter). 

Given a set of N bioactive molecules for which the common pharmacophoric pattern is 
required, GASP selects one of them as a base molecule, to which the other molecules are 
fitted. A chromosome in GASP encodes two types of information: binary strings that 
encode angles of rotation about the rotatable bonds in all of the molecules; and integer 
strings that map pharmacophore features (viz. hydrogen-bond donor protons, acceptor 
lone-pairs, and ring centers) in the base molecule to corresponding features in each of the 
other molecules. Molecules are then overlaid onto the base molecule in such a way that 
as many as possible of the structural equivalences suggested by the mapping are formed. 
The fitness of a decoded chromosome is then a combination of the number and similarity 
of overlaid features, the volume integral of the overlay and the van der Waals energy of 
the molecular conformations. The genetic operators are used to drive the algorithm to 
that molecular superimposition that maximizes the value of this fitness function, corre- 
sponding to the best possible structural overlay of a series of active molecules that are 
presumed to bind to a biological receptor in a similar fashion. Having given a brief intro- 
duction to the overall structure of GASP, we now present the principal components of 
the program; a more detailed account is provided by Jones et al. [7]. 

Each of the N structures in a data set is analyzed to determine the features that are 
present, and the base molecule is then that molecule with the smallest number of features. 
A chromosome in GASP contains a total of 2N-1 strings, these comprising: N Gray-coded 
binary strings, each encoding conformational information for one structure with each byte 
encoding an angle of rotation about a rotatable bond; and N-1 integer strings, each encod- 
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ing a mapping between features in a molecule (other than the base molecule) to features, 
of the same type, in the base molecule (e.g., an acceptor lone pair can only be mapped to 
a comparable lone pair in the base molecule). By associating features in each molecule to 
base-molecule features, these mappings suggest possible pharmacophoric points: on 
decoding the chromosome, GASP uses a least-squares fitting routine to attempt to form 
as many points as possible. 

GASP uses two genetic operators: the crossover operator performs two-point crossover 
on the integer strings, using the PMX crossover operator (including the duplicate removal 
stage) that is described by Goldberg [24], and traditional one-point crossover on the bin- 
ary strings; and the mutation operator performs binary-string mutation on binary strings 
and integer-string mutation on integer strings, using the mutation operators described by 
Davis [47] and by Brown et al. [3], respectively. 

The fitness function lies at the heart of any GA, and the evaluation of the one devel- 
oped for GASP involves no less than six distinct stages, as summarized in Table 5. Each 
Gray-coded byte in the binary string is decoded to give an integer value between 0 and 
255, and this denotes an angle of rotation for the appropriate rotatable bond. The rando- 
mized 3-D co-ordinates for the molecule are used as a starting configuration, and bond 
rotations are successively applied around the rotatable bonds to generate a new set of co- 
ordinates for the molecule. The resulting conformations are then passed to the least- 
squares fitting procedure. Here, a virtual point is created for each donor proton and 
acceptor lone-pair in a molecule at a distance of 2.9 h; from the donor or acceptor, in the 
direction of the hydrogen or lone pair. Virtual points are also created at the center of 
each ring. Decoding the chromosome gives a set of pairs of virtual points, one from the 
current molecule and one from the base molecule. A Procrustes rotation yields a geo- 
metric transformation that minimizes the least-squared distance between all of the virtual 
points in a molecule and the corresponding base-molecule virtual points. 

Table 5. Components of the fitness function in GASP [7]. 

1.  A separate conformation is generated for each molecule by applying the bond rotations encoded 
in the appropriate binary string. 

2. Each molecule is superimposed on top of the base molecule using a transformation obtained from 
a least-squares procedure that fits to the mapping encoded in the appropriate integer string. 

3. A van der Waals energy is obtained for the internal steric energy of each molecule. 

4. A volume integral is obtained for the common volume between each molecule and the base mole- 
cule. 

5. A similarity score is generated by determining which features were common to all molecules in 
the current overlay. 

6. A final fitness score is generated by performing a weighted sum on the terms calculated in the 
three previous stages. 
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The van der Waals energy is calculated in the third stage of Table 5. The internal steric 
energy for each molecule is calculated using a Lennard-Jones 6-12 potential with para- 
meters taken from the SYBYL force field [29]. The steric energy of a molecular confor- 
mation is expressed as the difference between the 6-12 energy of the conformation and 
the 6-12 energy of the original input molecular conformation, prior to the randomization 
of molecular co-ordinates. In order that the van der Waals energy term in the final fitness 
score be independent of the number of molecules in the overlay, the mean 6-12 energy 
per molecule is determined. 

In order to predict which portions of the actives are in contact with the active site, 
GASP should ideally determine common molecular surface areas as a measure of similar- 
ity in the fourth stage of Table 5. However, such a calculation is extremely time-consum- 
ing, and pairwise common volumes are thus determined between the base molecule and 
each of the other molecules. The volume calculation is approximated by treating atoms as 
spheres and summing the overlay between pairs of spheres in the two different molecules, 
with the total volume integral between two molecules being determined by summing all 
the individual terms from atomic common volumes. Once each of the volume integrals 
has been calculated, the mean volume integral per molecule with the base molecule is 
determined. 

The calculation of the similarity score in stage 5 of Table 5 is the most complex part of 
the fitness function, and is the weighted sum of three terms: a score for the degree of 
similarity in position, orientation and type between hydrogen-bond donors in the base 
molecule and hydrogen-bond donors in the other molecules; a score derived from compar- 
ing hydrogen-bond acceptors; and a score that results from comparing the positions and 
the orientations of aromatic rings. To determine how similar two hydrogen-bond donor or 
acceptor types are, GASP uses methods developed previously in the GOLD program for 
flexibie ligand docking [48]. GASP uses the GOLD procedure for measuring the similar- 
ity between hydrogen-bond types a and b, where a and b are either both donor types or 
both acceptor types and where one is in a molecule and the other in the base molecule. 
The third term in the similarity score requires the use of normals to aromatic rings, with 
the similarity between a pair of rings, one in a molecule and one in the base molecule, 
being calculated from the product of the mean normals. The final fitness score is then a 
weighted sum of the volume integral, similarity and van der Waals energy scores, and the 
output of the GA is a set of conformations that maximize the goodness of fit among the 
members of the data set. 

GASP has been applied successfully to many different sets of structures, as detailed by 
Jones et a]. [7], and is now distributed commercially by Tripos Inc. [31]. 

7.7 Conclusions 

The previous sections have described the GAS that have been developed in our labora- 
tory for a range of chemical structure handling applications; other applications include 
the GOLD program mentioned previously [48], the design of combinatorial libraries [49] 
and the analysis of protein 2-D NMR data. [50], inter a h .  With the obvious exception of 
the initial, 2-D subgraph isomorphism application, we have found that GA-based ap- 
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proaches provide an effective way of handling the inherently combinatorial nature of 
many problems in chemical structure handling. Moreover, this degree of success is 
achieved with programs that are, in many cases, quite simple in concept but that are still 
able to produce satisfactory solutions even with the extremely large sizes of some of the 
search spaces considered here; the MPHIL program discussed in section 4.2 provides a 
good example of this combination of characteristics. Problems can obviously arise from 
the nondeterministic nature of a GA, but we have not found this generally to be a limita- 
tion given the sorts of task that are being considered. For example, two runs using FBSS 
are most unlikely to give exactly the same ranking of a set of compounds in decreasing 
order of similarity with the target structure; however, this is not a serious problem if, as 
suggested in Section 7.5, the principal use of the program is to suggest novel types of 
structure that are additional to those retrieved by existing types of retrieval mechanism. 
Again, Jones et al. report extensive experiments which demonstrate the general robust- 
ness of the processing in GASP, with similar sets of alignments being generated in differ- 
ent runs of the program [7]. 

Graph-theoretic approaches have provided the basis for most types of chemical struc- 
ture handling application for many years, and it is perhaps worth comparing this very 
different way of processing structural data with the GA-based approaches considered 
here. If the problem space is sufficiently small, then one should use a graph-based algo- 
rithm if at all possible: for example, there are efficient algorithms available for MCS 
detection on pairs of either 2-D or 3-D structures [17, 181, and thus little reason for devel- 
oping a nondeterministic approach unless the nature of the graphs that are to be 
processed precludes the use of a conventional algorithm (as with the hyperstructures dis- 
cussed in section 7.3, which are too large to be processed efficiently using a conventional 
graph-matching procedure). In some cases, both approaches may be applicable. For exam- 
ple, our initial attempts at field-based similarity searching sought to represent molecular 
fields by graphs that could then be aligned by a suitable MCS procedure; specifically, 
Thorner et al. [39] described the use of graphs in which the nodes were the strongly posi- 
tive or negative portions of a molecular electrostatic potential and the edges were the 
distances between the centers of these portions. The approach was found to work quite 
well in practice; however, the graph-generation procedure required the specification of a 
large number of parameter values, and the precise natures of the resulting graphs were 
highly dependent upon the values adopted for these parameters. The decision was hence 
taken to focus upon the GA-based approach, with the results summarized in section 7.5. 
In other cases, there may be alternative, nongraph-based methods available, as with the 
directed tweak algorithm for conformational searching described in section 7.4.1. In gen- 
eral, however, we believe that the results we have obtained suffice to demonstrate that 
GAS provide a valuable complement to existing techniques for the representation and 
searching of chemical structure information. Many further such applications remain to be 
investigated as more powerful types of processing become available, such as the Pareto 
approach to multicriteria optimization first discussed in a chemical context by Handschuh 
et al. [51]. 



Acknowledgments 133 

Acknowledgments 

My thanks are due to the following individuals and organizations for their involvement 
with the work reported here: Rob Brown, David Clark, Val Gillet, Bobby Glen, John 
Holliday, Gareth Jones, Ansgar Schuffenhauer, David Wild and Matt Wright for their 
contributions; the Biotechnology and Biological Sciences Research Council, the James 
Black Foundation, MDL Information Systems Ltd., ORAC Ltd., the Science and Engi- 
neering Research Council, Tripos Inc. and Wellcome Research Laboratories for funding; 
Derwent Information and Synopsys Scientific Systems for data; and Tripos Inc. for soft- 
ware support. The Krebs Institute for Biomolecular Research is a designated biomolecu- 
lar sciences center of the Biotechnology and Biological Sciences Research Council. 

References 

[l] J. E. Ash, W. A. Warr, P. Willett (Eds.), Chemical Structure Systems, Ellis Horwood, Chichester, 
1991. 

[2] R. D. Brown, G. M. Downs, G. Jones, P. Willett, A Hyperstructure Model for Chemical Structure 
Handling: Techniques for Substructure Searching, J. Chem. Inf Comput. Sci. 1994,34,47-53. 

[3] R. D. Brown, G. Jones, P. Willett, R. C. Glen, Matching Two-Dimensional Chemical Graphs 
Using Genetic Algorithms, J. Chem. In$ Comput. Sci. 1994.33, 63-70. 

[4] D. E. Clark, G. Jones, P. Willett, P. W. Kenny, R. C. Glen, Pharmacophoric Pattern Matching in 
Files of Three-Dimensional Chemical Structures: Comparison of Conformational-Searching 
Algorithms for Flexible Searching, J. Chem. Inj Comput. Sci. 1994, 34, 197-206. 

[5] S. K. Drayton, K. Edwards, N. E. Jewell, D. B. Thmer, D. J. Wild, l? Willett, P. M. Wright, K. 
Simmons, Similarity Searching in Files of Three-Dimensional Chemical Structures: Identification 
of Bioactive Molecules, Internet J. Chem. at http://www.ijc.com/articles/l998v1/37/. 

[6] J. D. Holliday, P. Willett, Identification of Common Structural Features in Sets of Ligands Using 
a Genetic Algorithm, J.  Mol. Graphics Modeil. 198. 15, 221-232. 

[7] G. Jones, P. Willett, R. C. Glen, A Genetic Algorithm for Flexible Molecular Overlay and Phar- 
macophore Detection, J. Cornput.-Aided Mol. Des. 1995, 9, 532-549. 

[8] D. A. Thorner, D. J. Wild, P. Willett, P. M. Wright, Similarity Searching in Files of Three-Dimen- 
sional Chemical Structures: Flexible Field-Based Searching of Molecular Electrostatic Potentials, 
J. Chem. In8 Comput. Sci. 1996,36, 9W908. 
D. J. Wild, P. Willett, Similarity Searching in Files of Three-Dimensional Chemical Structures: 
Alignment of Molecular Electrostatic Potentials with a Genetic Algorithm, J.  Chem. Inf: Com- 
put. Sci. 1996,36, 159-167. 

[Y] 

[lo] R. J. Wilson, Introduction to Graph Theory, 4th edition, Longman, Harlow, 1996. 
[ll] R. C. Read, D. G. Corned, The Graph Isomorphism Disease, J. Graph Theory 1977, I ,  339-363. 
[12] M. R. Garey, D. S.  Johnson, Computers and Intracrahiliry: a Guide to the Theory of NP-Comple- 

1131 J. M. Barnard, Substructure Searching Methods: Old and New, J. Chem. Inf Comput. Sci. 1993. 
ieness, W. H. Freeman, San Francisco, 1979. 

.~ I 

3.3, 532-538. 
[ 141 l? Gund, Three-Dimensional Pharmacophore Pattern Searching, Prog. Mol Suhcell. B i d .  1977. 5,  

117-143. 
[I51 L. B. Kier, The Prediction of Molecular Conformation as a Biologically Significant Property, 

Pure Appl. Chem. 1973,35, 509-520. 
[16] W. A. Warr, P. Willett, The Principles and Practice of 3D Database Searching, in Y. C. Martin, P. 

Willett (Eds.), Designing Bioactive Molecules: Three-Dimensional Techniques and Applicarions, 
American Chemical Society, Washington, 1998. pp. 73-95. 

[ 171 J. J. McGregor, Backtrack Search Algorithms and the Maximal Common Subgraph Problem, 
Sofrware Pract. Exper. 1982, 12, 23-34. 

[18] A. T. Brint, P. Willett, Algorithms for the Identification of Three-Dimensional Maximal Com- 
mon Substructures, J. Chem. Inj Comput. Sci. 1987, 27, 152-158. 



134 7 Chemical Structure Handling 

[19] P. Willett, J. M. Barnard, G. M. Downs, Chemical Similarity Searching, J. Chem. In$ Comput. 
Sci. 1998. 38, 983-996. 

1201 J. R. Ullmann, An Algorithm for Subgraph Isomorphism, J. Assoc. Comput. Much. 1976, 16, 31- 
42. 

[21] R. D. Brown, G. M. Downs, P. Willett, A. P. F. Cook, A Hyperstructure Model for Chemical 
Structure Handling: Generation and Atom-by-Atom Searching of Hyperstructures, J. Chem. In$ 
Comput. Sci. 1992,32,522-531. 

[22] E. Fontain, Application of Genetic Algorithms in the Field of Constitutional Similarity, J. Chem. 
In: Comput. Sci. 1992,32, 748-752. 

(231 M. Wagener, J. Gasteiger, The Determination of Maximum Common Substructures by a Genetic 
Algorithm: Application in Synthesis Design and for the Structural Analysis of Biological Activ- 
ity, Angew. Chem. lnt. Ed. End.  1994,33,1189-1192. 

(241 D. E. Goldberg, Genetic Algorithms in Search, Optimization and Machine Learning, Addison- 
Wesley, Wokingham, 1989. 

[25] R. A. Jarvis, E. A. Patrick, Clustering Using a Similarity Measure Based on Shared Nearest 
Neighbours, IEEE Trans. Comput. 1973, C-22, 1025-1034. 

[26] Y. C. Martin, M. G. Bures, E. A. Danaher, J. DeLazzar, I. Lico, P. A. Pavlik, A Fast New 
Approach to Pharmacophore Mapping and its Application to Dopaminergic and Benzodiazepine 
Agonists, J. Cornput.-Aided Mot. Des. 1993, 7, 83-102. 

(271 D. E. Clark, P. Willett, P. W. Kenny, Pharmacophoric Pattern Matching in Files of Three-Dimen- 
sional Chemical Structures: Use of Bounded Distance Matrices for the Representation and 
Searching of Conformationally-Flexible Molecules, J.  Mol. Graphics 1992, IO, 194204. 

[28] G. M. Crippen, T. H. Havel, Distance Geometry and Molecular Conformation, Research Studies 
Press, Taunton, 1988. 

[29] M. Clark, R. D. Cramer, N. Van Opdenbosch, Validation of the General Purpose Tripos 5.2 
Force Field, J. Comput. Chem. 1989, 10, 982-1012. 

[30] R. A. Dammkoehler, S. F. Karasek, E. F. B. Shands, G. R. Marshall, Constrained Search of 
Conformational Hyperspace, J.  Comput. -Aided Mol. Des. 1989,3,3-21. 

[31] CONCORD, GASP, SYBYL and UNITY are available from Tripos Inc. at http://www.tripos.com 
[32] T. E. Moock, D. R. Henry, A. G. Ozkaback, M. Alamgir, Conformation Searching in ISIS/3D 

Databases, J. Chem. lnf Comput. Sci. 1994,34, 184-189. 
(331 T. Hurst, Flexible 3D Searching: the Directed >eak Technique, J.  Chem. Znform. Cornput. Sci. 

1994,34, 190-196. 
[34] D. Bamum, J. Greene, A. Smellie, P. Sprague, Identification of Common Functional Configura- 

tions Among Molecules, J. Chem. In! Comput. Sci. 1996, 36,563-571. 
[35] C. Bron, J. Kerbosch, Algorithm 457. Finding All Cliques of an Undirected Graph. Comm. 

Assoc. Comput. Mach. 1973,16, 575-577. 
[36] A. Scott, S. A. DePriest, D. Mayer, C. B. Naylor, G. A. Marshall, 3D-QSAR of Angiotensin- 

Converting Enzyme and Thermolysin Inhibitors: A Comparison of CoMFA Models Based on 
Deduced and Experimentally Determined Active Site Geometries, J. Am. Chem. SOC. 1993, 115, 

[37] D. Flower, On the Properties of Bit String-Based Measures of Chemical Similarity, J.  Chem. In: 
Comput. Sci. 1998.38, 379-386. 

(381 H. Kubinyi, G. Folkers, Y. C. Martin (Eds.) 3 0  QSAR in Drug Design, Kluwer/ESCOM, Leiden, 
1998. 

[39] D. A. Thorner, P. Willett, P. M. Wright, R. Taylor, Similarity Searching in Files of Three-Dimen- 
sional Chemical Structures: Representation and Searching of Molecular Electrostatic Potentials 
Using Field-Graphs, J. Cornput.-Aided Mol. Des. 1997, 11, 163-174. 

[40] R. Carb6, L. Leyda, M. Amau, How Similar is a Molecule to Another? An Electron Density 
Measure of Similarity Between >o Molecular Structures, Int. J. Quantum Chem. 1980, 17, 

[41] A. C. Good, E. E. Hodgkin, W. G. Richards, The Utilisation of Gaussian Functions for the 
Rapid Evaluation of Molecular Similarity, J. Chem. Inf Comput. Sci. 1992, 32, 188-191. 

(421 The World Drugs Index database is available from Derwent Infotmation at 
http://www.derwent.co.uW. 

[43] S. K. Kearsley, S. Sallamack, E. M. Fluder, J. D. Andose, R. T. Mosley, R. P. Sheridan, Chemical 
Similarity Using Physicochemical Property Descriptors, J. Chem. In! Comput. Sci. 1996.36, 1 1 8 -  
127. 

[44] D. B. Turner, S. M. Tynell, P. Willett, Rapid Quantification of Molecular Diversity for Selective 

5372-5384. 

1185-1189. 

on, J.  Chem. In{ Comput. Sci. 1997, 37, 18-22. 



References 135 

[45] The BIOSTER database is available from Synopsys Scientific Systems at http://www.synopsys.- 
co.ukl 

[46] V. J. Gillet, A. Schuffenhauer, P: Willett, Similarity Searching in Files of 3D Chemical Structures: 
Analysis of the BIOSTER Database Using 2D Fingerprints and Molecular Field Descriptors, 
J. Chem. Inf: Cornput. Sci. 2000, 40, 295-307. 

[47] L. Davis (Ed.), Handbook of Genetic Algorithms, Van Nostrand Reinhold, New York, 1991. 
[48] G. Joneq P. Willett, R. C. Glen, Molecular Recognition of Receptor Sites Using a Genetic Algo- 

rithm with a Description of Desolvation, J. Moi. Biol. 1995, 245, 43-53. 
[49] M. J. Bayley, G. Jones, P. Willett, M. I! Williamson, GENFOLD a Genetic Algorithm for 

Folding Protein Structures Using NMR Restraints, Protein Sci. 1998, 7, 491-499. 
[50] V. J. Gillet, P. Willett, J. Bradshaw, D. V. S. Green, Selecting Combinatorial Libraries to Opti- 

mise Diversity and Physical Properties, J.  Chem. ZnJ Cornput. Sci. 1999, 39, 169-177. 
[Sl] S. Handschuh, M. Wagener, J. Gasteiger, Superposition of Three-Dimensional Chemical Struc- 

tures Allowing for Conformational Flexibility by a Hybrid Method, J. Chem. Inf: Cornput. Sci. 
1998,38, 220-232. 



8 Molecular Diversity Analysis 
and Combinatorial Library Design 

Lutz Weber 

Abbreviations 

CAMD Computer-assisted molecular design 
EA Evolutionary algorithm 
EM Ensemble of molecules 
GA Genetic algorithm 
QSAR Quantitative structure-activity relationship 
VB Valence bond 

8.1 Introduction 

The simultaneous synthesis of many different compounds in an extremely efficient way 
emerged as a new discipline in chemistry during the last decades of the twentieth century. 
Combinatorial chemistry has now become an established tool, especially in pharmaceuti- 
cal research, to aid in the discovery of new molecules and materials with desired proper- 
ties from collections of different compounds - called combinatorial libraries. New devel- 
opments in chemical synthesis strategies and instrumentation, as well as new high- 
throughput testing methods, have enabled the synthesis and screening of many hundreds 
to thousands of compounds in a shorter time than previously possible. 

As a consequence of these new developments, we are now facing questions that had 
not received much attention before the inception of combinatorial chemistry. How large 
is accessible chemical space? How diverse are different molecules? How many and which 
molecules need to be made to find an optimal one? What is chemical similarity and does 
it relate to similarity in property space? Can one optimize the information content of a 
compound library? How general are chemical reactions? 

Clearly, to answer these questions, a tight integration of experimental design with novel 
computational and mathematical methods is required. When this is achieved, combinator- 
ial chemistry may well make a significant contribution towards moving chemistry from a 
purely empirical science of singular observations to a science with more abstract and logi- 
cal reasoning based on mathematics. 

This chapter is intended to provide an overview of some recent approaches towards the 
description of molecular diversity and, as a consequence, the design of combinatorial 
compound libraries. The problem of describing molecular diversity and its relation to the 
corresponding properties of individual compounds or compound collections can be subdi- 
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vided into several areas: the definition of a chemical and a property space; suitable simi- 
larity measures for both spaces; and the relation between these measures. While the defi- 
nition of a property space and suitable measures therein are somewhat easy to obtain and 
obviously context-dependent, the definition of a chemical space and its relation to the 
property space of interest is far from obvious. 

By analogy to genetics, one may regard such a chemical space or the chemical descrip- 
tion of a molecule as the “genotype”, whereas its property would be the “phenotype”. 
This analogy matches the idea of chemistry that uses discrete “building blocks” (atoms, 
reagents, starting materials, and reactions) to yield whole molecules. While the chemistry 
space is by its nature discontinuous, the related property space is mostly continuous, for 
example, the lipophilicity of molecules. 

Although the introduction of the concept of chemical genotypes is arbitrary, it allows 
the application of evolutionary algorithms (EAs) - computational methods that are well 
suited to discover the relationship between genotypes and phenotypes. Furthermore, com- 
binatorics in a mathematical sense is nothing other than statistical analysis in a discontin- 
uous space, thereby matching the requirements of evolutionary algorithms that are based 
on discrete, discontinuous genes or descriptions. Combinatorial optimization methods [l] 
have proven to be useful in solving multidimensional problems, and are now being used 
with success in various areas of combinatorial chemistry. Thus, evolutionary computation 
as a specific branch of combinatorial optimization may aid in the selection of informa- 
tion-rich subsets of available compound libraries or in designing screening libraries and 
new compounds to be synthesized, thereby adding a new quality to combinatorial chemis- 
try. 

8.2 The Diversity of Genotypes: The Space of Chemistry 

Various conventions have been developed to describe chemical structures. One of the 
most important is valence bond (VB) theory that uses certain rules for connecting atoms 
with bonds. This emerged from Sir Arthur Cayley’s representation of molecules by graph 
theory in the nineteenth century. A general VB-based algebraic representation of the 
chemical similarity of molecules or “ensembles of molecules” (EM) has been developed 
by Ugi et al. [2] using be- (valence bonds and electrons) and r- (reaction) matrices. Within 
this representation, all atoms of a molecule, their connectivities and shared electrons are 
used to compute a metric “chemical distance” between isomeric molecules [3] or EM. 
This description of molecules lends itself to a formal and generally applicable structure- 
based diversity measure based on counting the changes in these matrices that are needed 
to transform one molecule to another. For example, the representation of aziridine and 
ethylamine by be-matrices is given in Fig. 1. The four steps needed for their interconver- 
sion by a hydrogenation reaction are given by the r-matrix. This reflects the chemical 
distance between the molecules in a straightforward way and provides a metric for the 
respective chemical space. In terms of “small molecule genetics”, four mutations are 
needed to convert from the genome of aziridine to the genome of ethylamine. As this is a 
rather small distance, both molecules are similar with respect to their chemical structures. 
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Figure 1. be- and r-matrices for the hydrogenation reaction of aziridine. 

It can be seen that chemistry has well-defined metric properties that can be used to 
compare two'molecules or even reactions. For convenience, the detailed VB-based model 
described above can be simplified by introducing derived descriptors or encoding 
schemes. Examples of such schemes are the SMILES notation introduced by Weininger 
[4] or the letter codes for peptides, carbohydrates, and nucleic acids. The reconstruction 
of a VB-structure from the respective encoding is accomplished according to a defined 
set of rules. These rules can be encoded themselves and used to build whole molecules 
[5, 61 in a more comprehensive way using substructural representations, for example, 
>C<, -H, -0-, >C=O, -C6H5, as building blocks. 

Contrary to general encoding schemes, combinatorial libraries allow an efficient encod- 
ing using arbitrary encoding schemes. Binary strings [7, 81, alphanumeric values or real- 
valued strings [9] have been used to encode the starting materials of a combinatorial 
library. This encoding strategy relies on a context convention, similar to the idea of the 
peptide letter code where a letter, for example, A standing for alanine, represents a whole 
molecule. For such molecular genomes, an operator is needed that translates each encod- 
ing into a general VB-type representation of real molecules assuming a given chemical 
assembly reaction. The explicit description of each different molecule in such compound 
libraries is often called enumeration (Fig. 2). The respective operator may also be under- 
stood as a synthesis scheme or a routine that drives an automated synthesizer generating 
a particular molecule. 
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A1 B2C1 D88E1 F101 

Figure 2. Encoding a tripeptoid structure with an arbitrary alphanumeric genome [9] using building 
blocks B2, D88, FlOl (in bold) and reaction schemes Al ,  C1, and El. 

The number of possible different molecules constitutes an enumerable search space of 
practically unlimited size. For example, the number of all different proteins comprising 
only 200 amino acids is 2O2O0, a number that is much larger than the number of particles 
in Space (estimated to be about loS8). Similarly, the number of “drug-like” molecules with 
a molecular weight below 500 Da that could be synthesized in principle is far in excess of 
our synthetic and even computational capabilities, and is not yet possible to calculate. The 
program MOLGEN [lo] can calculate all possible isomers of a given constitution and 
while a hydrocarbon of the general formula ChHI4 has only five isomers, C18H38 has some 
60 523! 

Finally, it is important to note that any genotype, for instance the triplet UUC in Nat- 
ure’s encoding scheme for the amino acid phenylalanine, does not reflect any biological 
or physico-chemical property of the encoded phenotype directly. Rather, the direct conse- 
quence of the encoding scheme is the metric of the chemistry space of interest. 

8.3 The Diversity of Phenotypes: The Property Space 

A broad range of interesting molecular properties can be calculated or estimated from a 
compound’s chemical structure. Broadly, one can distinguish between properties that can 
be derived from: 

the two-dimensional (2-D) representation of the chemical structure; 
the three-dimensional (3-D) structure; 
physical property calculations; and 
experimental data such as biological activities. 
Quantities such as molecular weight, the number of heteroatoms, substructural frag- 

ments, and the number of hydrogen-bond donors and acceptors can be determined 
exactly. A range of several hundred topological indices is accessible via programs such as 
MOLCONN-Z [ll]. Other parameters may be dependent on the 3-D conformation of the 
molecules (3-D parameters) - a property that is unknown a priori and can only be 
approximated. In the case of conformationally flexible molecules, multiple conformations 
are possible, each of which contributes according to its Boltzmann ‘weight to the overall 
phenotype of the molecule. 
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Many properties of interest cannot be calculated or estimated from the chemical struc- 
ture. These properties are often those that reflect the interaction of molecules with other 
complex systems such as living organisms. Molecules that exhibit the same property may 
be chemically very distant or dissimilar, for example, lithium is an important antidepres- 
sant, as is amitryptiline. Obviously, it would be very difficult to conclude from the chemi- 
cal structure of amitryptiline that the atom lithium will show the same pharmacological 
property. Conversely, very similar molecules may have very different properties, for exam- 
ple the glycine derivative glyphosphate (Fig. 3) is well known for its herbicidal activity; 
however, any small variation of the chemical structure abolishes this activity. 

(ii) (iii) 

Figure 3. Antidepressants (if lithium, (ii) amitryptiline and (iii) the herbicide glyphosphate from 
Monsanto. 

These examples show that the metric of the chemistry space and the metric of the 
property space are not necessarily related or, in other words, the similar-property princi- 
ple is not inviolable. Any method for diversity-based predictive selection will fail in these 
cases. Nevertheless, there are well-known examples where the metric of the chemistry 
space and the property space seem to be closely correlated. Thus, on the level of DNA, a 
single mutation of UUC encoding phenylalanine yields UUA encoding leucine, an amino 
acid very similar to phenylalanine in terms of its hydrophobicity. Conversely, three muta- 
tions are required to obtain CAA which encodes glutamate, a very different amino acid 
with respect to both leucine and phenylalanine. An example involving small organic 
molecules is given in Fig. 4, which depicts similar molecules that are all available commer- 
cially as local anesthetics. 
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Articaine Mepivacaine 

Figure 4. Glycine derivatives that are used as local anesthetics. 

Lidocaine 

The above examples have been given to illustrate the nature of the correlation between 
the genotype (chemistry) and phenotype (property space): there are areas of both predict- 
able and nonpredictable behavior. Within a certain area of predictable behavior one may 
find explicit, rather simple models that describe this relationship - these are the classical 
quantitative structure-activity relationships (QSARs). QSAR methods are based on the 
somewhat naive assumption that similar compounds exhibit similar biological activity. For 
example, in recent work, a compilation of descriptors is given for the task of developing 
models that allow the differentiation of “active” and “inactive” molecules [12]. 

Models that allow the description of structure-property relationships over predictable 
as well as nonpredictable areas are the focus of current research using evolutionary com- 
putational methods. Adopting the model of areas of nonpredictable and predictable rela- 
tionships between the genotype and phenotype spaces, Fontana and Schuster [13] investi- 
gated the shape change of short RNA sequences depending on the changes in the se- 
quence of those RNA aptamers. They give a definition of continuity between genotypes 
and phenotypes: neighbors in sequence space (i.e., genotypes) that are also neighbors in 
the shape space (i.e., phenotypes) are said to exhibit continuity. A change in sequence 
space that gives rise to a different shape is called a transition. Two types of transitions are 
observed: continuous, as defined above, and discontinuoirs (or in our context, a different 
genotype-phenotype area, the properties of which cannot be predicted or extrapolated 
from the previous one). 

Selecting compounds in such a way that each continuous structure-property relationship 
area is represented by one compound would give a library of maximally diverse com- 
pounds of discontinuous transitions. Selecting compounds from only one continuous area 
of the structure-property relationship would give similar compounds that could still be 
diverse if each continuous transition were represented by one compound. 
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8.4 Diversity and Distance Calculation 

The selection of diverse molecules or sublibraries out of a larger library is a combinatorial 
problem and thus, a computationally intensive task. Choosing n maximally diverse com- 
pounds out of a library of N compounds requires the evaluation of 

N !  
n!(N - n)! 

subsets [14]. The diversity comparison of all molecules has a computational complexity of 
order O(N2). Thus, in the case of large libraries, the full computational evaluation of all 
relationships becomes nonfeasible. 

The distance between two molecules in chemistry or property space can be calculated 
by various methods based on the coordinates xk and yk of molecules x and y in the k- 
dimensional space [ 151. For example, the Euclidean distance: 

(2) 

the squared Euclidean distance that gives more weight to molecules that are more dis- 
tant: 

the City-Block or Manhattan distance: 

or the Cosine coefficient calculated from the cosine of the angle formed by the two mole- 
cular vectors in the property space. The latter has been recommended [16, 171 because it 
lends itself to rapid calculation. However, it is dependent on the definition of the origin. 
Each of the above distance metrics leads to different results with respect to compound 
selection - a rather unsatisfactory result which is discussed by Agrafiotis and Lobanov 
[18]. Outliers may also have undesired effects. Thus, a highly dissimilar compound within 
a given compound set will tend to make all the other compounds appear more similar 
than they really are. 

Cell-based methods have been developed that partition the space of interest into boxes 
or cells. The compounds are then assigned to these cells [15, 18, 191, which provides a 
computationally faster evaluation of distances. The optimal number of bits (6) per prop- 
erty descriptor has been suggested as b = (N/2)'ld where N is the number of molecules 
and d is the number of descriptors used. This procedure leads to approximately two mole- 
cules per cell [15]. 

Using the metric measures described above, the selection of maximally diverse com- 
pounds can be evaluated. The MaxMin selection method has been proposed as effective 
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and efficient for compound selection. MaxMin maximizes the minimal pairwise dissimila- 
rities between the compounds to be selected for a maximally diverse compound set [20]. 

Fractal theory has been used to judge the quality of selected subsets that were obtained 
by various methods [21]. The underlying idea is that the fractal dimension of an optimally 
selected subset should be the same as for the original library. The fractal dimension is 
easy to calculate with a box counting method, and therefore provides a facile measure for 
comparing different diversity selection methods. 

8.5 Connecting the Structure and the Property Space: 
Evolutionary Algorithms 

Evolutionary algorithms, such as genetic algorithms (see below),’ are inspired by the 
principles of Darwinian evolution and do not require an explicit knowledge of structure- 
activity relationships. Several properties of EAs make them attractive for dealing with 
problems of molecular diversity and compound selection [22]: 

They are ideal for optimization problems where the search space is very large and the 
solution consists of a subset of a large number of parameters, each of which can be 
independently varied. In the case of the genotype of combinatorial or other compound 
libraries, these independent parameters are, for example, the starting materials for 
synthesis or the substructures found in the complete molecules. 
Finding solutions in the discrete, discontinuous and nonsteady space of structure-prop- 
erty relationships is very similar to evolutionary processes in Nature. 
Very large compound libraries that cannot be enumerated for practical reasons can only 
be handled with heuristic methods. 
One possible disadvantage of evolutionary algorithms is that they are stochastic; there- 

fore, each run may yield a different result - providing a set of good solutions instead of 
the best solution. However, this can be an advantage in situations where multiple solu- 
tions are of interest, as is often the case in computer-assisted molecular design (CAMD). 

A series of other heuristic optimization algorithms that will not be covered in this chap- 
ter includes fuzzy logic, neural networks, cellular automata, fractals and chaos theory and 
hybrid variants. These have been collectively termed “soft computing” methods [23]. 

synthesis 

A I 

genotype - phenotype 

, selection 
4 

mutation 
new < 

genotypes Figure 5. Selecting compounds with desired selected 
genotypes properties with evolutionary algorithms. 

The principles of evolution can be generalized in a simple scheme that displays the 
basic elements necessary for the implementation of artificial evolutionary systems (Fig. 5) 
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for the selection of compounds with desired properties. Generally, new generations of 
compounds with better fitness are evolved based on the fitness of the properties of pre- 
vious generations. The genotype is the description of the chemical space and the pheno- 
type of the particular compound is either calculated or measured. 

Many evolutionary algorithms have been developed to select optimal combinations 
from a pool of combinatorial possibilities. One of the first was developed by Rechenberg 
[24] at the Technical University of Berlin. These algorithms were applied to the calcula- 
tion of optimal wing profiles for airplanes. In his basic work, a wide variety of different 
selection and mutation operators were defined, giving rise to a series of possible optimiza- 
tion strategies. One special subcase of such evolutionary optimization algorithms has been 
named and made popular by Holland. This is the “genetic algorithm” (GA) [25], so-called 
because of its similarity to the principles of DNA-based evolution in living organisms. 
The application of evolutionary, and especially genetic, algorithms towards problems in 
chemistry is still in its infancy but has increased rapidly, as shown in recent reviews [26, 
271. 

A GA usually starts with a randomly chosen set of different entities encoded by gen- 
omes - the “population”. The evaluation and ranking of the fitness of these genomes is 
performed based on the properties of their phenotypes during the selection step. Various 
methods are possible to select parents that are to be considered for creating the new gen- 
eration of offspring - the “children”. These new genomes are then generated from the 
ranked list of parents by GA functions that are inspired by those of DNA-like genetics: 
death, replication, mutation, deletion, insertion, and crossover (Fig. 6). 

Replication regenerates an equivalent individual (child = parent). Mutation sets one or 
more bits in the parent genome to a different value, thereby providing a new child. Cross- 
over combines two or more parent genomes to build child genomes by mixing elements 
of the parents according to various rules. Deletion deletes a bit or bit strings from the 
parent genome, insertion introduces new bits or bit strings. According to the chosen en- 
coding scheme, these functions may have different meanings when applied to the genome. 
Thus, crossover applied to a genome where the variable parts of a compound structure 
are encoded by a binary representation may result in a different outcome to crossover 
applied to a real-valued representation. In a real-valued encoding scheme, a crossover 
operation may intersect the genome only in between these real-values (i.e., building 
blocks or substituents). Therefore, the building blocks of the respective parents are 
exchanged among the children, but both their number and nature will remain the same. 
In the binary string representation however, the crossover may also take place within the 
binary string that represents a given building block (i.e., between the bits that make up 
the gene). As a result, the children may contain different building blocks from their par- 
ents. This is also the case for Nature’s encoding of proteins, for example, a crossover with- 
in the triplet UUC (phenylalanine), for instance UU/C, may result in the novel building 
block UUA (leucine) which was not present in the DNA encoding of the parent protein. 
This crossover strategy has the effect that the crossover operator is effectively a mixture 
of crossover and mutation, with the mutation probability increasing with the length of the 
encoding string for a given building block. For example, there are four possibilities to cut 
UUC: at the beginning and the end (/UUC or UUC/) as well as two possibilities of intra- 
building block cuts (UIUC or UU/C). 
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Death: 1001 11101111 => 

Replication: 1001 11101111 => 100111101111 

Mutation: 1001 11101111 => 1101 1110 1111 

Deletion: 1001 11101111 => 10011101111 

Insertion: 1001 11101111 => 1001 111010 1111 

Crossover: 

parent 1 1001 1110 1111 => 1001 1001 1001 

parent 2 1001 0001 1001 => 1001 0110 1111 
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Figure 6. Operators of genetic algorithms as they may be applied to the encoding of molecules from 
combinatorial libraries. The tripeptoid example from Fig. 2 has been chosen to illustrate the DNA- 
like crossover with binary bit strings. 

While the first strategy of replacing only whole building blocks appeals more to the 
intuition of chemists, the latter (see Fig. 6) is more similar to natural crossover in DNA. 
Contrary to evolution in Nature, we are completely free to define how these GA opera- 
tors are applied in the computer; for example, a new child may have more than just one 
or two parents. 

After evaluating the fitness of the molecules, the GA includes a ranking and selection 
step that determines which genome is subject to which genetic operator. This step is an 
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implementation of the idea of “survival of the fittest” where fit genomes are allowed to 
survive and weak genomes are eliminated. The methods that are found in the literature 
differ significantly. In one example, a ranked list of genomes is generated and then the 
genomes that are to be killed off are determined, for instance, those that are older than a 
specified number of cycles. The remaining list of a predetermined population size is then 
treated by combinations of replication, mutation or crossover chosen either with equal 
probability, stochastically or with a distribution according to the rank of the genome in 
this list. Thus, in an example method called “best third”, the worst third of all genomes is 
eliminated, the best third of the genomes is simply replicated to the new generation 
(giving rise to an “elitist” selection), and the middle third is subject to mutation and 
crossover to generate new children. However, while many E A  variants are possible, it has 
not been shown that a specific version is superior. Many other parameters can be set and 
varied during the course of a GA experiment: for example, size of populations, number of 
surviving genes, mutation rate, number of parents per child and finally the ranking or 
fitness function. This parameter set constitutes the “breeding” recipe for molecules of 
higher fitness. However, finding optimal parameters for a given problem is an optimiza- 
tion problem in itself (see Chapter 12). 

The “structure” of the search space has a large influence also on whether or not a GA 
will be successful [24, 251. The properties of the compounds that are the basis for selec- 
tion are either measured or estimated by calculation, and may be erroneous. This error 
may be regarded as “noise” in the property space. Levitan and Kauffman have investi- 
gated the influence of noise on the performance of GAS [28]. Interestingly, the ability to 
find more optimal solutions in a shorter time with a GA increases when the fitness mea- 
surement is slightly noisy! Apparently, this is because a population leaves suboptimal 
areas of the search space more easily in the presence of noise. 

The good searching power of GAS is believed to originate from the building-block 
hypothesis [29-321. This model assumes that the combination of “fit” building blocks (or 
contiguous bit strings or schemes of genes) in the genomes may yield higher-order 
schemes of even better fitness. This optimization behavior matches perfectly the discon- 
tinuous structure space of chemistry that is formed by building blocks and which can then 
be statistically analyzed by the GA. In chemical terms, such building blocks may be 
atoms, substituents, reagents, starting materials or even reactions. Combinatorial libraries 
are especially suitable for GA-based evaluation since they are generated from systematic 
arrays of building blocks. The length of the encoding string for a given building block also 
has an influence on the optimization behavior, as shown in [32]. Other criteria that may 
influence search space coverage and selection pressure are given in [33]. For a recently 
published book on the theory of GAS, see [29]. 

Other prominent heuristic algorithms differ from GAS, but are conceptually similar. 
Simulated annealing (SA), inspired by the natural process of “annealing”, starts with a 
random individual (classically SA works on individuals not populations) [34] and evaluat- 
ing its fitness (Do,,). A new individual is generated by making a random change to the 
initial state; this individual is accepted if its fitness (Dnew) is below a value that is calcu- 
lated by a formula similar to 
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where rnd is a random number between 0 and 1, and T is a parameter analogous to the 
temperature in the Boltzmann distribution equation [35]. 

8.6 Evolutionary Methods for Compound Selection 

Genetic algorithms have been used to select molecules exhibiting structural similarities to 
a given target molecule, such as a known drug, from large virtual libraries. In this case, 
the fitness function is a description of molecular similarity to the target. Using GAS for 
the generation of diversity, one may also choose a molecular property and select mole- 
cules that are different with respect to that property. For example, selecting molecules to 
have dissimilar and unique molecular weights would facilitate, for example, the deconvo- 
lution of combinatorial library mixtures by mass spectroscopy. 

The first published example of similarity selection by a GA was reported by Sheridan 
and Kearsley who used tripeptoid molecules [9] that were synthesized in silico. The mole- 
cules were built by selecting from a set of 2507 x 2507 x 3312 building blocks, giving a 
virtual library size of about 20 billion. From this library, a specific tripeptoid (see Fig. 2) 
was chosen as the target molecule. A topological descriptor using atom pairs separated by 
a specific number of bonds was used as a similarity measure. Several GA strategies were 
studied including the stochastic + best-third selection and random + neighbors mutation. 
In the stochastic selection procedure, parents are chosen randomly from the previous 
population to generate new children, whereas in the best third method, the top-scoring 
best third of all parents are transferred unchanged, the worst third is eliminated, and the 
middle third is used to generate new children via crossover. Random mutation permits 
each gene to be mutated with equal probability, whereas neighbors mutation follows a 
given rule that a mutation may lead only to a similar building block. With a population 
size of 300 molecules, elitist best-third selection and neighbors mutation, the right solution 
was found after only 12 generations! This result is astonishing since only 3600 peptoids 
were examined out of the 20 billion possible. Known cholecystokinin (CCK) and angio- 
tensin-converting enzyme (ACE) antagonists were also chosen as molecular targets to 
search for similar tripeptoids. A striking structural similarity between the proposed pep- 
toids and the target molecules was achieved after only 20 generations. 

The analysis of the diversity of combinatorial libraries appears to be more amenable to 
computational methods than that of general molecule collections due to the well-defined 
“closed” chemical space of the former. The optimal design of combinatorial compound 
libraries was the aim of a recent application reported by Brown and Martin [36]. A GA 
was designed that is useful in selecting optimal subsets out of a pool of possible starting 
materials for combinatorial library synthesis. In one example, 360 and 259 precursors were 
available for a reaction product with two sites of diversity, giving rise to 93 240 possible 
compounds. The library design required the selection of a pool of 100 x 100 starting ma- 
terials for a compound library that was required to be optimal with respect to diversity as 
well as having a minimum product and substituent molecular weight redundancy of its 
compound members. In this example, the chromosome encodes an entire sublibrary rather 
than individual compounds. The number of possible chromosomes is 2.5 x lo’@. To solve 
the problem, a complex fitness function was assembled by using the weighted mean of 
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individual fitness criteria, with the result that several properties of the library are opti- 
mized simultaneously. 

Selecting optimally diverse compounds out of a large combinatorial library based sim- 
ply on the product structures is synthetically inefficient, as such a subset does not repre- 
sent a combinatorial library. Several methods have therefore investigated the design of 
diverse combinatorial compound libraries by selecting optimal sets of building blocks for 
synthesis [37, 381. It has been shown [38] that selecting reactant pools based on the diver- 
sity of their products as opposed to the reactants results in libraries of higher diversity 
while still maintaining synthetic efficiency. In this example, the sum of all molecular pair- 
wise dissimilarities of the compounds of a sublibrary was maximized using a GA to select 
reactant pools. The optimized combinatorial library was then found to be very close in 
diversity to optimally dissimilar noncombinatorial subsets. 

Using molecular volume, lipophilicity, charge, and H-bond donor or acceptor descrip- 
tors [39, 401, it has been shown that peptoid-type combinatorial libraries may be designed 
to exhibit the same density of descriptor distributions counted per atom [41] as commer- 
cial drugs. 

This method has been developed further by Liu et al. [42] for molecules that are 
defined by a core backbone structure with various attachment points for substituents. 
After generating the new compounds by a GA, the conformation of each compound was 
minimized using the MM2 force field. The 3-D similarity of the molecules was then calcu- 
lated by comparing 28 principal components extracted from their Comparative Molecular 
Field Analysis (CoMFA) matrix. As an example, a maximally diverse benzodiazepine 
library with three points of diversity was constructed showing a fast convergence of the 
diversity criterion after four generations. The same methodology was also used to obtain 
a library of molecules similar to (-)-huperzine A, a natural acetylcholinesterase (AChE) 
inhibitor. One of the proposed compounds showed better inhibitory activity than the par- 
ent molecule - thus providing an experimental proof-of-concept. A GA has also been 
used to improve the parameters of QSAR models in a study using AChE inhibitors [43]. 
Here, the various 3-D properties of existing molecules are encoded as genomes and a GA 
selects those that have the most predictive value. The GA-driven selection of descriptors 
has been found to be so useful that several commercial and proprietary diversity assess- 
ment programs include this feature. 

A GA has been used in a similar way to propose new polymer molecules that mimic a 
given target polymer [44]. The molecules were built in the computer by linking predefined 
genes (main chain or side chain atoms or atom groups) subject to several chemical rules 
designed to ensure stability. Some novel and interesting GA operators were introduced 
such as insertion and deletion of genes into chromosomes, shifting main chain atom 
groups into other positions on the chromosome, or blending parent chromosomes into 
one large chromosome. Even more chemical rules are needed when generating general, 
nonpolymeric molecules of all structural classes with a GA [6]. Target molecules with a 
given molecular weight and 3-D shape were chosen as an example. The method was 
stated to be of use for the design of any class of molecules, such as enzyme inhibitors, 
polymers, or new materials. Similarly, a stochastic diversity search method has been used 
to select a small library of polymers with a diverse range of glass transition temperatures 
and hydrophobicities [45]. From a library of 112 synthesized polymers, 17 were chosen as 
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a training set. After developing a quantitative structure-property relationship (QSPR), 
the model was used to select both 17 maximally diverse polymers and a set of similar 
polymers out of the 112. The comparison with their experimental properties enables a 
judgment to be made on their diversity. Although the number of polymers considered is 
not very high, this work is the first example of diversity and similarity selection that can 
be verified based on experimental data in the field of materials discovery. 

An interesting example of selecting active compounds from a large database of general 
molecules with a GA was presented by Gobbi and Poppinger [46]. Molecules were 
encoded with a bit string of length 16 384 in which individual bits are set according to the 
occurrence of predefined substructural elements. After crossover, the molecule that is 
most similar to the new offspring was retrieved from the database and added to the popu- 
lation. Once a parent was used more than 10 times it was eliminated from the parent set. 
The GA was tested in a simulation using a data set from the National Cancer Institute 
comprising 19 596 molecules with biological activities. Using a population size of 20 com- 
pounds, most or all highly active compounds were found after examining only 1 % to 
10% of the complete database. This method may offer a means to replace conventional, 
“blind” high-throughput screening in the future enabling a significant reduction of screen- 
ing costs. 

A similar method was used to develop biological activity profiles based on H-bond 
donor and acceptor properties and other structural features that may differentiate “drug- 
like” molecules from others using the World Drug Index (WDI) as a “drug-like” set and 
the SPRESI database [47] as a “nondrug-like” set. The resulting set of descriptors was 
used to classify compounds as drug-like or nondrug-like. Using a randomly assembled set 
of drugs and compounds from the chemical supplier’s catalogs, the ratio of drugs versus 
nondrugs was evaluated for the selected set of predicted drug-like molecules. A GA-driven 
selection using the descriptors as a fitness function versus a random selection obtained an 
initial enhancement of up to 6.4 in favor of predicted drugs. The enhancement ratio was 
found to be higher when using molecules selected from specific biological activity classes 
(hormones 8.3, anticancers 6.8 and for antimicrobials 6.2) but lower for other, more general, 
classes as anesthetics, blood and central nervous system (CNS) drugs. This behavior is un- 
derstandable when considering the structural diversity of the known drugs for these areas, 
and indicates the general limitation of this method. However, the GA-based selection of 
such activity profiles performed better than a purely statistical analysis of substructural frag- 
ments. Subsequently, such profiles were also used to select optimally diverse, but drug-like, 
combinatorial libraries [ 141 based on product properties. 

A program that combines several of the ideas of evolutionary compound selection 
described above was developed by Tropsha and coworkers [48, 491. Simulated annealing 
or GAS were used to select building blocks for combinatorial libraries that comprise pro- 
ducts that show similarity with a given target molecule. Building blocks are then asso- 
ciated with a probability that they give rise to products that fulfil the design criteria. 
Building blocks with a frequency above random are then chosen as suitable for a subli- 
brary for synthesis. The Kier-Hall topological 2-D descriptors were used. While this pro- 
gram can be seen as the continuation of the early work of Sheridan and Kearsley [9], the 
generality and experimental value has still to be shown. A similar method for selecting 
diverse compounds was implemented by the same authors. Simulated annealing guided 
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evaluation (SAGE) of molecular diversity of virtual combinatorial libraries [50] was per- 
formed using a diversity function that was stated to give better sampling than the Max- 
Min procedure. 

8.7 Computer- Aided Evolutionary Chemistry 

The evolutionary principles of Nature have been used to develop experimental evolution- 
ary methods such as phage display libraries, combinatorial biochemistry, or even artificial 
evolution of enzymes [51]. The idea of the experimental application of evolutionary chem- 
istry for small, nonoligomeric molecules is based on the idea of replacing Nature’s “infor- 
matics system” (DNA) by molecules encoded in the computer and applying GAS to these 
artificial genomes. Some early examples have’ been reported of the successful integration 
of GAS, organic synthesis and biological testing in evolutionary feedback cycles that yield 
molecules with desired properties. 

In one example, a population of 24 hexapeptides was randomly chosen from the 64 
million possible hexapeptides and optimized for trypsin inhibition using a GA [52]. Biolo- 
gical testing was performed with a chromogenic trypsin assay. According to the “best- 
third” method described earlier, the best eight peptides out of 24 were duplicated, the 
worst eight were eliminated, and the remainder were kept to arrive at a new population 
of 24 peptides. This new population of peptides was then changed using a crossover rate 
of 100 %, with children being generated from two randomly chosen parents. Thereafter, 
mutation was applied with a probability of 3 YO. The average enzymatic inhibition of the 
synthesized peptides (at 200 p M  concentration) was improved from 16% in the first 
randomly chosen population to 50% in the sixth generation. Moreover, 13 out of the 25 
most active peptides had a consensus sequence of Ac-XXXXKI-NH2 and eight of these 
possessed an Ac-XXKIKI-NH2 sequence. The most potent peptide identified was Ac- 
TTKIFT-NH2 with an inhibition of 89 YO, being identical with a previously found trypsin 
inhibitor from a phage display library. 

In a further example, substrates for stromelysin were searched for in the pool of possi- 
ble hexapeptides [53]. Only 300 peptides were synthesized in five generations to obtain 
useful substrates. The peptides were synthesized on solid support and fluorescence- 
marked at the N-terminus. After proteolytic cleavage, the nonfluorescent beads were ana- 
lyzed. The starting sequences were biased by using 60 peptides with the sequence 
X1PX3X4X5X6, but the bias was removed in all subsequent generations. From each popu- 
lation of 60 peptides, the best was copied to the new generation, the others were changed 
using a crossover rate of 60 YO. The new peptides were then subjected to mutation with a 
rate of 0.1 YO applied to each bit of the 30-bit gene, giving a 3 Yo overall mutation rate. 
The GA was terminated when 95 YO of the peptides in the population were identical. The 
hexapeptide MPQYLK was identified as the best substrate for stromelysin in the final 
generation, being cleaved between the amino acids tyrosine (Y) and lysine (L). The selec- 
tivity of the new substrates versus collagenase was also determined, and selective sub- 
strate sequences were identified for both enzymes. Therefore, this method may not only 
help to find new substrates but to also obtain structure-activity and selectivity ideas for 
new inhibitors. 
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A combination of GAS and neural networks was used for the design of signal peptidase 
I cleavage sites [54, 5.51. Here, simulated molecular evolution exploits the rules of peptide 
sequence space. A neural network was trained with a set of protein sequences that are 
known cleavage sites for the peptidase. The trained network was used afterwards as a 
fitness function to predict new leader peptidase substrate sequences such as 
FFFFGWYGWA-RE. These proposed artificial cleavage sites were then cloned in Escher- 
ichiu coli within a fusion protein that turned out to be processed by the secretory pro- 
teases as predicted. 

The first example of GA-driven selection and synthesis of nonpeptidic molecules was 
applied to thrombin inhibitors [7]. Using 10 isonitriles, 40 aldehydes, 10 amines and 40 
carboxylic acids, 160 OOO Ugi four-component reaction combinations are possible. 
Whereas in the initial population, the best reaction product exhibited an IC50 of about 
300 p M ,  a thrombin inhibitor with a submicromolar ICS0 was discovered after 20 genera- 
tions comprising 20 single Ugi products per population. To our surprise, this N-aryl-phe- 
nylglycine amide derivative A (Fig. 7) is the three-component side product of the four- 
component reaction B. However, the encoding was based on the process of combining the 
four starting materials and not the final, expected products. The applied GA is obviously 
not product structure-based and the fitness function depends on the process, including 
possibly varying yields of the reaction, mistakes in biological screening, and so on. The 
GA therefore appears to be quite tolerant of experimental mistakes and may still yield 
good results even if the starting hypothesis is wrong, as false-negative results are simply 
eliminated and not remembered. The elimination of false-positive results takes somewhat 
longer - depending on how often a good genome is allowed to replicate. This "fuzzy" and 
robust optimization property makes GAS especially attractive for real-time experimental 
optimizations as described above. 

7, 8 2  

?3 8 4  

NC CHO 

NH, COOH 

Figure 7. N-aryl-phenylglycine amide-type thrombin inhibitor selected from 160 OOO possible reaction 
products with a GA and a thrombin inhibitor assay as the feedback function. 

We have recently synthesized a full combinatorial library with a Ugi three-component 
reaction comprising 15 360 parallel reaction products. These compounds may be viewed 
as a follow-up library to the above example's product A [57]. All products were measured 
for their ICsO inhibitory activity against the serine protease thrombin, a popular test case. 
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The chemistry space had the dimension 12 x 8 x 60, while the ICsos of the property 
space were measured on a continuous scale between 100 pM and 90 nM. The presence of 
the desired products was verified by mass spectroscopy. This structure-property landscape 
was then used to investigate the optimization behavior of various GAS and parameter 
sets. Several rough conclusions could be drawn that may guide the application of GAS for 
evolutionary chemistry. For example, low mutation rates and high crossover rates were 
found to be generally useful. In this case, the differences between GAS using binary or 
real-valued encoding of building blocks were small. To assess the GA’s improved selection 
rate versus random selection a simple parameter is useful 

zc5ox ZC50(x+l) Lr(x + 1) = c - - 
l n  n 

where, assuming a population size n, the difference (Lr)  at generation (x + 1 )  of the aver- 
age ICsos of the parents population x and the child population (x  + I )  gives a measure for 
the “learning rate” per individual. In random selection, this value is close to 0 as shown 
in Fig. 8 for a population size of 80 and random selection. 
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Figure 8. The average activity of the new children population at each generation where only new 
compounds are considered that have not yet been made. A total of 100 GAS for each parameter set 
was run and averaged to give one curve using the complete library of 15 360 reaction products The 
mutation rate was 1 %, crossover rate 100 YO, and population sizes were 10, 20, and 80, respectively. 
For comparison, random selection is shown with a population size of 80, a mutation rate of 100% 
and 100 % crossover rate. 
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An interesting feature of the GAS shown in Fig. 8 is that, by around generation 16, the 
most active compounds have already been discovered. Since their resynthesis is not 
allowed, the search space of 15 360 becomes depleted of active compounds and the 
“learning” decreases. Also, the speed of learning is not very different when different pop- 
ulation sizes are considered! Thus, smaller populations learn more per individual and, as 
a consequence, it is not very useful to increase the population sizes considerably. 

The yield of a certain chemical reaction is a parameter that influences the biological 
result when crude reaction products are tested. Thus, it should be also possible to use 
evolutionary feedback functions to optimize reaction conditions, resulting in higher yields 
of the respective biologically active reaction product. We applied a GA to optimize the 
yield of a multicomponent reaction by varying the solvents, time points for reagent addi- 
tion, and concentrations of the starting materials [57]. After several ,cycles of optimiza- 
tion, a different, higher yielding reaction protocol for the Ugi four-component reaction 
was found. 

In the context of evolutionary chemistry, the world of multicomponent reactions is 
especially interesting for constructing biologically relevant molecules. Some prebiotic 
reactions that are believed to have yielded the building blocks of life (e.g., amino acids 
and nucleotides) were likely to have been multicomponent reactions. Classical combina- 
torial chemistry is understood as the variation of substituents around a common chemical 
core by choosing from lists of starting materials of the same chemical type. Alternatively, 
we have proposed a different type of combinatorial chemistry that varies the reactant 
types and may be useful in the discovery of new reactions and chemical backbones [58]. 
The application of evolutionary chemistry and biological screening to this combinatorial 
reaction-finding approach [57] may yield chemical-biological systems that behave like pre- 
biotic evolutionary systems and give rise to tales of the unexpected. For a recent review 
of this new type of evolutionary chemistry, see [59]. 

8.8 Summary and Outlook 

Heuristic evolutionary computation methods like GAS are being used increasingly to 
solve problems in molecular diversity. Examples have been given of the selection of simi- 
lar compounds and optimally diverse subsets from very large libraries as well as finding 
solutions for parameterization problems in QSAR studies. For problems with very large, 
multidimensional search spaces that are NP-complete, evolutionary computation seems to 
be the method of choice, particularly because the implementation of EAs is relatively 
straightforward. As several authors have shown, problems of combinatorial chemistry are 
especially amenable to GA-driven compound selection since the systematic discrete 
discontinuous search space fits well with the strengths of combinatorial optimization. In 
addition, the optimization of a lead molecule to a drug and the development of materials 
are understood by many scientists as evolutionary processes. These advantages may be 
the reason why GAS seem to be favored over other alternative computational techniques 
such as cell-based methods, fuzzy logic, cellular automata, or neural networks. Evolution- 
ary algorithms are combinatorial optimization procedures lacking a clear theory to guide 
the design and parameterization [29]. Therefore, optimal GAS have to be developed using 
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real experimental data with trial and error. The central task in the implementation of 
EAs is the identification of suitable molecular descriptors. The disadvantage of GAS for 
general applications is their intrinsic sequential nature, as learning takes place only over a 
rather unpredictable number of optimization cycles. The speed of a GA-driven optimiza- 
tion therefore depends strongly on the cycle time of synthesis and screening, which 
prevents the use of long synthesis procedures for compound generation. 

Evolution in Nature generates diversity and similarity by changing, for example, an 
essential amino acid required for biological activity by a single mutation in the DNA. By 
analogy, GAS are used to generate diversity and similarity by mutation and crossover with 
respect to the applied diversity selection function for small molecules. To improve compu- 
tational methods, it may be useful to study evolutionary processes in Nature in more 
detail. By understanding the role and underlying rules of mutations and crossover, contin- 
uous and discontinuous transitions, one may develop evolutionary computation methods 
that are more efficient and reliable. For example, it is already known that mutations often 
do not occur with simple statistical probability in DNA, but are more likely in positions 
where they may produce more ‘‘useful’’ proteins. Other new methods may include the 
application of information theory and stochastic algorithms to develop GAS to aid in the 
task of selecting optimally diverse compounds [60] for biological screening. 
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EA Evolutionary algorithm 
GA Genetic algorithm 
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R-factor 
Weighted profile R-factor 
Scaled R-factor 
Integrated intensity of the reflection (hkl) 
Energy 
Fitness 
Space group 
The set of variables defining a trial structure 
Fractional co-ordinates (of an atom or the center-of-mass of a molecule, 
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Rotation angles defining the orientation of a molecular fragment 
Torsion angle 
A general variable in the set f 
Random number 
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Number of structures in a population 
Number of mating operations 
Number of mutation operations 
Number of generations in a GA calculation 
Lowest value of R-factor in a population 
Highest value of R-factor in a population 
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Unit cell parameters 
Weighted profile R-factor for region i of a powder diffraction pattern 
Overall weighted profile R-factor (summed over all regions) 
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9.1 Introduction 

Several aspects of crystallography, which we interpret in its widest sense to mean the 
study of properties of crystalline solids, are directly amenable to investigation using evolu- 
tionary algorithms. Crystalline solids are characterized by well-defined structures with 
long-range, three-dimensional (3-D) periodic ordering of atoms, ions or molecules (see [l] 
and [2] for general overviews of crystallography). Thus, a crystal structure may be repre- 
sented by specifying the periodicity of the structure (the concept of the “lattice”) and the 
positions of the atoms, ions or molecules within the repeating unit. The repeating unit 
within the structure is termed the “unit cell”. Furthermore, on taking account of the sym- 
metry of the crystal structure, the unique part of the unit cell contents (the “asymmetric 
unit”) represents only a fraction of the complete unit cell (except in the case of space 
group Pl) .  Thus, the periodic structural properties of a macroscopic crystalline solid (com- 
prising billions and billions of atoms, ions or molecules) may actually be defined in terms 
of an amazingly small number of parameters - the unit cell dimensions [a, b, c, a,  /3, y ] .  
the space group symmetry S, and the fractional co-ordinates [(x, y, z)j] of each atom (la- 
beled j )  in the asymmetric unit. Here we ignore structural defects (i.e., local deviations 
from the perfect periodic structure discussed above) and we ignore the structure at the 
surfaces of the crystal (by definition, the surface structure is nonperiodic in 3-dimensions). 
In the diffraction pattern from a crystalline solid, the positions of the diffraction maxima 
depend on the periodicity of the structure (i.e., the dimensions of the unit cell), whereas 
the relative intensities of the diffraction maxima depend on the distribution of scattering 
matter (i.e., the atoms, ions or molecules) within the repeating unit. 

In general, the properties of a ciystalline solid (except those properties that are influ- 
enced by defects or by the crystal surfaces) depend directly on the bulk crystal structure, 
and may therefore be expressed, at least in principle, as a direct function of the structural 
parameters [a, b, c, a, /3, y } ,  S and ((x, y, z)j}. As such, there are considerable opportu- 
nities to exploit evolutionary algorithms (EAs) in crystallographic applications by making 
use of the relationships between these structural parameters and properties of crystals. 
For example, if the structure and a particular property are both known experimentally, 
then evolutionary algorithms could be applied to establish the relationship between the 
structure and the property in question (for example, by finding optimum values for the 
parameters in relationships with known functional forms). Alternatively, if a particular 
property is determined either experimentally or computationally for a crystalline solid of 
unknown structure, and if the dependence of this property on the crystal structure is 
already known and quantified by a well-defined relationship, then evolutionary algorithms 
may be applied to establish the best set of structural parameters [(a, b, c, a, ,5, y ) ;  S; (x, y, 
z),) to fit the experimentally or computationally determined property. 

In this chapter, we focus on the implementation and application of evolutionary algo- 
rithms in a variety of crystallographic contexts. All examples discussed here concern pro- 
cedures for establishing the best set of structural parameters to fit properties determined 
experimentally or computationally. In this regard, the main experimentally measured 
property is the diffraction pattern of the material (we focus primarily on powder diffrac- 
tion data), and the procedure to establish the best set of structural parameters by fitting 
experimental diffraction data is termed “structure determination” (the term “structure so- 
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lution” is defined in section 9.2.1). The main computationally derived property is the po- 
tential energy of the crystal, and the procedure to establish the set of structural para- 
meters corresponding to minimum energy is termed “structure prediction”. We also men- 
tion a hybrid approach incorporating both diffraction data and energy for structure deter- 
mination. In these applications, the “population” in the evolutionary algorithm comprises 
a set of trial crystal structures, with the “genetic code” for each structure represented by 
the structural parameters {(a, b, c, a, b, y) ;  S; (x, y, z)~} ,  or an appropriate subset of these 
parameters. The quality (“fitness”) of a given structure is assessed from some property 
that depends on (and is determined directly from) the values of the structural parameters. 
Such properties include crystallographic R-factor (which quantifies the level of agreement 
between an experimental diffraction pattern and the diffraction pattern calculated from a 
given set of structural parameters) and energy (which may be computed from a given set 
of structural parameters provided an appropriate potential energy function is available for 
the system of interest). 

The main focus of this chapter is the application of genetic algorithm techniques to 
solve crystal structures of molecular materials directly from powder diffraction data (sec- 
tion 9.2). In this application, the aim is to find the set of atomic positions {(x, y, z)j) 

[knowing the unit cell (a, b, c, a, j3. y }  and space group s] that give the optimal represen- 
tation of an experimental powder diffraction pattern. We then describe the application of 
a genetic algorithm, based on the use of structure-based cost functions and computed lat- 
tice energies, for the prediction of inorganic crystal structures (section 9.3). We also dis- 
cuss the application of a genetic algorithm for indexing powder diffraction patterns - that 
is, to find the unit cell parameters [a, b, c, a, B, y ]  directly from the experimental powder 
diffraction data (section 9.4). Finally, some applications of genetic algorithms in other 
crystallographic contexts, including protein crystallography, are discussed in section 9.5. 
General introductions to genetic algorithms may be found in references [3-51 and other 
chapters of this book. 

9.2 Crystal Structure Solution from Powder Diffraction Data 
using Genetic Algorithms 

9.2.1 Background 

Crystal structure determination from diffraction data (either for single crystal or powder 
samples) can be divided into three stages: (i) unit cell determination (“indexing”) and 
space group assignment; (ii) structure solution; and (iii) structure refinement. In structure 
solution, the aim is to derive an approximate description of the crystal structure by direct 
consideration of the experimental diffraction data, but starting from no knowledge of the 
actual arrangement of atoms, ions or molecules in the unit cell. If the approximate struc- 
ture solution is a sufficiently good representation of the true structure, a good quality 
crystal structure may then be obtained subsequently (in the structure refinement stage) by 
refinement of this structural model against the experimental diffraction data. For powder 
diffraction data, refinement of crystal structures can be carried out fairly routinely using 
the Rietveld profile refinement technique [6, 71. In general, structure solution from pow- 
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der diffraction data is a significantly greater challenge than structure refinement. A sche- 
matic overview of the different stages of structure determination from powder diffraction 
data is shown in Fig. 1. 

Experimental powder 
diffraction pattern 

solution refinement 
Unit cell and High-quality 
space group crystal structure 

Figure 1. Diagram illustrating the different stages involved in determination of a crystal structure 
from powder diffraction data. 

As many important materials cannot be prepared as single crystals appropriate for con- 
ventional single crystal diffraction studies (nor for synchrotron-based microcrystal diffrac- 
tion techniques), the ability to solve crystal structures directly from powder diffraction 
data promises to open up many new avenues of structural science. Although single crystal 
and powder diffraction patterns contain essentially the same information, in the former 
case this information is distributed in 3-D space whereas in the latter case the 3-D diffrac- 
tion data are “compressed” into one dimension, which generally leads to considerable 
overlap of peaks in the powder diffraction pattern. As discussed below, such peak overlap 
gives rise to significant difficulties in solving crystal structures from powder diffraction 
data. The techniques currently available for structure solution from powder diffraction 
data can be subdivided into two categories - “traditional” approaches and “direct-space” 
approaches. 

The traditional approach [8-151 for solving crystal structures from powder diffraction 
data is to use the intensities I(hkl) of individual reflections extracted directly from the 
powder diffraction pattern. Structure solution may then be attempted by using these 
I(hkf) data in the types of structure solution calculation that have been developed for 
single crystal diffraction data, such as direct methods or Patterson methods. However, as 
there is usually extensive overlap of peaks in the powder diffraction pattern (particularly 
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for low-symmetry structures), it is often difficult to extract unambiguous values of the 
intensities I(hk1) of the individual diffraction maxima. Unreliable values of the intensities 
I(hk1) can lead to severe difficulties in subsequent attempts to solve the structure using 
such “single-crystal-like” approaches. In order to overcome this problem, we either 
require improved techniques for extracting and utilizing peak intensities (there have been 
several important developments in this area [16-24]), or we require alternative structure 
solution strategies (see below) that allow the experimental powder diffraction profile to 
be used directly in its “raw” digitized form, without any requirement to extract the inten- 
sities I(hkf) of individual diffraction maxima from the experimental powder diffraction 
pattern. 

Modify trial 
structure \ /  

I Calculate weighted I 
I profile R-factor (Rwp) I for trial structure 

Figure 2. Schematic illustration of the basis of the “direct-space’’ approach for crystal structure solu- 
tion from powder diffraction data. 

In the direct-space approach [13, 2.51 for solving crystal structures from powder diffrac- 
tion data, trial crystal structures are generated in direct space, independent of the experi- 
mental powder diffraction data, and the suitability of each trial structure is assessed by 
direct comparison between the powder diffraction pattern calculated for the trial structure 
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and the experimental powder diffraction pattern (Fig. 2). The comparison between the 
experimental and calculated powder diffraction patterns is quantified using an appropriate 
R-factor. To date, almost all reported direct-space approaches have used the weighted 
profile R-factor R,,, which is the R-factor normally used in Rietveld refinement [6]. The 
definition of R,, is: 

where yi(obs) is the intensity of the ith data point in the experimental powder diffraction 
profile, yi(calc) is the intensity of the ith data point in the calculated powder diffraction 
profile, and y is a weighting factor for the ith data point. Importantly, R,, considers the 
entire digitized intensity profile, rather than the integrated intensities of individual diffrac- 
tion maxima. Thus, R,, takes peak overlap implicitly into account and uses the digitized 
powder diffraction data directly as measured. The use of R,, to assess the correctness of 
a structural model clearly requires that the peak shape and peak width parameters used 
to construct the calculated powder diffraction pattern are consistent with those that define 
the experimental powder diffraction pattern. In practice, this can be readily established 
by prior analysis of the peak shapes and peak widths in the experimental powder diffrac- 
tion pattern. Alternatively, other definitions of the R-factor based on extracted peak in- 
tensities may be used to assess the agreement between calculated and experimental pow- 
der diffraction data within direct-space structure solution strategies. Our research in this 
field has focused on the use of the profile R-factor R,,, thus using the measured experi- 
mental diffraction data directly without further manipulation. 

The direct-space strategy for structure solution aims to find the trial crystal structure 
that has the lowest possible R-factor, and the approach is equivalent to exploring a hyper- 
surface R ( 0  to find the global minimum on the hypersurface. Here r represents the set 
of variables that defines the structure. In principle, any technique for global optimization 
may be used to locate the lowest point on the R ( 0  hypersurface, and success has been 
achieved using Monte Carlo [25-321 and simulated annealing [33-40] search algorithms as 
the basis of direct-space techniques for powder structure solution. In addition, the use of 
grid search techniques has also been reported [4144]. Recently, genetic algorithms have 
also been applied in this field [45-531. In this section, we focus on fundamental and ap- 
plied aspects of our implementations of genetic algorithm techniques to achieve global 
optimization with respect to the Rwp(O hypersurface. 

In all the applications of structure solution discussed here, we assume that the unit cell 
parameters (a, b, c, a, fi, y )  and space group S are already known from prior analysis of 
the experimental powder diffraction pattern. We also assume that the contents of the unit 
cell (for example, the types and number of atoms, ions or molecules) are known, at least 
to a sufficiently good approximation, but that the positions and structural arrangement of 
these constituents within the unit cell are not known. The structure is defined in terms of 
a “structural fragment”, which represents an appropriate collection of atoms within the 
asymmetric unit, and is “coded” using a set (denoted 0 of variables that represents the 
positions of the atoms and/or molecules in the unit cell. For a collection of independent 
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atoms, the set r would comprise the fractional co-ordinates ((x, y, z),] for each of these 
atoms. However, when the structural fragment comprises a molecule of known constitu- 
tion, it is greatly advantageous to specify the structural fragment in terms of the position 
and orientation of the molecule as a whole, together with any variables describing un- 
known aspects of the intramolecular geometry (such as torsion angles), rather than in 
terms of the fractional co-ordinates ((x, y, z),] of each individual atom. Thus, for a mole- 
cular fragment, the position may be defined by the fractional co-ordinates (x, y, zl of the 
center of mass or a predefined pivot atom, the orientation may be defined by rotation 
angles (0, q5, q] around a set of orthogonal axes, and the intramolecular geometry may be 
specified by a set of n variable torsion angles Itl, t2, . . ., 4. These concepts may be ex- 
tended to the case of two or more (identical or nonidentical) molecular fragments within 
the asymmetric unit. 

In general, the bond lengths, bond angles and any known torsion angles (i.e., if the 
molecular conformation, or aspects of it, are known a priori) are generally fixed, and may 
be taken either from standard values for the type of molecule under study or from the 
known geometry of a similar molecule. Ideally, the structural fragment should include all 
atoms with significant scattering power (i.e., all nonhydrogen atoms in the case of powder 
X-ray diffraction) within the asymmetric unit, but it may sometimes be advantageous to 
omit certain atoms to restrict the number of variables to be optimized (the omitted atoms 
may be found later by difference Fourier techniques). Clearly the choice of structural 
fragment in any given structure solution problem is not unique, although certain choices 
of structural fragment may be significantly advantageous over others. 

The possibility of using genetic algorithm (GA) techniques in structure solution from 
powder diffraction data was realized independently by two research groups. Our approach 
[4547, 51-54] and the approach of Shankland, David and coworkers [4&50] differ in the 
definition and handling of the fitness function and other aspects of the implementation of 
the GA. Details may be found in the papers cited. In our approach, the fitness of each 
member of the population is determined using an appropriate function of R,,, emphasiz- 
ing the philosophy of using the digitized powder diffraction data directly as measured. 
Importantly, the use of appropriate functions of R,, (rather than R,, itself) provides con- 
siderable scope for optimization of the GA strategy and incorporates the advantages of 
dynamic scaling. In the approach of Shankland, David and coworkers, the fitness of mem- 
bers of the population is given by the figure-of-merit x2, which is based on the intensities 
of individual reflections I(hk/) extracted from the powder diffraction pattern using the 
Pawley refinement procedure [55,56]. The definition of x2 incorporates the co-variance 
matrix (as derived from the Pawley refinement), and the use of the co-variance matrix in 
this way may serve to overcome problems that may otherwise arise when considering the 
intensities of individual reflections extracted from the powder diffraction pattern. 

In this chapter we focus on fundamental aspects of our implementation of the GA 
method for structure solution from powder diffraction data (section 9.2.2), highlighting 
some examples of the application of this method (section 9.2.3). 
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Population of Np 
POPULATION Pj I Trial Structures 

Select NG Pairs of Parents and 
Generate ~ N M  offspring Using r the Mating Procedure 

Intermediate Population of (Np + ~ N M )  Trial Structures 
(Population Pj plus Offspring) 

"NATURAL 
SELECTION" 

Select the (Np - Nx) Best 
Trial Structures from the 
Intermediate Population 

1 
Trial Structures in the 

Intermediate Population 

I 
Figure 3. Flow chart representing the evolution of the population from one generation (population 
Pi) to the next generation (population Pj + 1) in the program GAPSS [54]. 
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9.2.2 Methodology 

9.2.2.1 Overview 

Our GA approach for structure solution from powder diffraction data is implemented in 
the program GAPSS [4547, 51-54], and a flow chart describing the operation of this 
program is shown in Fig. 3. Before running the GA calculation, it is necessary to know 
the lattice parameters (a, b, c, a, B. y ]  and space group S (determined from prior analysis 
of the powder diffraction pattern) and to make an appropriate choice of the structural 
fragment. The population comprises a set of trial crystal structures, with each member of 
the population defined by a set r of variables. We note that the values of these variables 
are real numbers. Each member of the population is characterized uniquely by the values 
of the variables in r, which define its “genetic code”. 

The initial population Po comprises N, randomly generated structures. During the GA 
calculation, the population evolves through a sequence of generations, with a given popu- 
lation Pj+l (generation j+l) generated from the previous population Pj (generation j) by 
the operations of mating, mutation and natural selection. It is important to note (see be- 
low) that mutations create new genetic information within the population, whereas mating 
serves to redistribute the existing genetic information. The overall scheme for generating 
population Pj+, from population Pj in our GA method is summarized in Fig. 3. The num- 
ber (Np) of structures in the population remains constant for all generations, and N, mat- 
ing operations and N, mutation operations are involved on passing from population Pj to 
population Pj+l. 

In implementing GA strategies for structure solution, there is considerable scope for 
diversity and flexibility in the methods and rules that may be used to carry out particular 
evolutionary operatiofis and in the definition of the fitness function. Furthermore, details 
of the flow-chart shown in Fig. 3 may differ from one implementation of the GA to an- 
other. 

9.2.2.2 The Structural Fragment 

As discussed in section 9.2.1, each member of the population is a trial crystal structure 
defined by a set of variables r, representing the position, orientation and intramolecular 
geometry of the structural fragment. The choice of structural fragment for any particular 
problem is not necessarily unique. For the general case of a rigid molecule, six variables 
are required: r=  {x, y, z, 8, @, q]. For the general case of a structural fragment with a 
number (n) of unknown torsion angles ti, each member of the population is defined by 
(6+n) variables: r= (x, y, z, 8, @, q, tl, t2, .. ., tn]. 

Clearly, when molecules occupy special positions in the crystal structure, the number of 
variable degrees of freedom may be reduced from (6+n). For example, when a molecular 
inversion center is coincident with a crystallographic inversion center, the molecule has 
no translational degrees of freedom, and each member of the population wauld be de- 
fined by (3+m) variables: r = (0, @, I#, tl, t2, . . ., t,] (where m refers to the number of 
variable torsion angles in half the molecule). 
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9.2.2.3 The Fitness Function 

The quality of a given trial structure is defined by its fitness (F). The value of fitness 
dictates whether the trial structure survives into subsequent generations (through natural 
selection) and determines the probability with which it takes part in mating. In our GA, 
fitness is defined as a function of the weighted profile R-factor Rwp The advantages of 
using R,, to assess the level of agreement between calculated and experimental powder 
diffraction patterns were discussed in section 9.2.1. To calculate the powder diffraction 
profile corresponding to any given trial structure requires: (i) the lattice parameters (to 
determine peak positions); (ii) the atomic positions, as defined by (and obtained directly 
from) the parameters in the set r, and atomic displacement parameters (to determine 
peak intensities); (iii) analytical functions to describe the peak shapes and peak widths 
(as a function of diffraction angle 28); and (iv) a description of the background intensity. 
The shape of a peak in a powder diffraction pattern depends on features of both the 
instrument and the sample, and different types of peak shape function are appropriate 
under different circumstances. The most widely used peak shape for powder X-ray diffrac- 
tion data is the pseudo-Voigt function, which allows flexible variation between Gaussian 
and Lorentzian character [6,7]. After constructing the calculated powder diffraction pat- 
tern for a given trial structure r, the value of R,, is obtained by fitting the calculated and 
experimental powder diffraction patterns through variation of the overall scale factor 
(which serves to put the calculated and experimental powder diffraction patterns on the 
same absolute intensity scale). 

To determine the fitness of a given member of the population from its value of Rwp, it 
is advantageous to consider the following scaled R-factor: 

where Rmin and R,,, are the lowest and highest values of R,, in the population, respec- 
tively. The value of p lies in the range 0 I p I 1. The fitness is then expressed as an 
appropriate function of p, and the following fitness functions have been used in our work: 

exponential F(p) = exp(-Sp) 
tanh 

cosine 

F(p) = 1/2 [ l  - tanh(h(2p - l))] 

F(p) = 1/2[1 + cos(npl2)l 
power F ( p )  = 1 - p” 

In each case, F(p) takes its highest value (i.e., F(p) = 1) when p = 0 (i.e., R,, = R,in) 
and takes its lowest value when p = 1 (i.e., R,, = RmaX). The values of Rmin and R,,, are 
continually updated as the population evolves during the GA calculation, representing 
“dynamic scaling” of the fitness function. For a given fitness function, the ability to discri- 
minate between different structures in the population depends on the value of (Rmax- 
Rmin). In general, as (Rmax-Rmin) becomes smaller, there is greater discrimination in 
fitness between a given pair of structures. 
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All fitness functions defined above have maximum fitness F(0) = 1 when R,, = Rmin 
(i.e., for the best member of the population). For the power, tanh and cosine functions, 
the value of minimum fitness (i.e., for R, = R,,,) is F(l)  = 0. For the exponential func- 
tion, on the other hand, the minimum fitness is F(1) = exp(-S) [note that for S 2 5 ,  
F(l) _< 0.011. The major difference between the fitness functions defined above concerns 
their behavior for values of R,, between Rmin and R,,,, as shown in Fig. 4. 
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Figure 4. Graphs showing some of the fitness functions discussed in the text: exponential function 
with S = 5 (squares); tanh function (triangles); power function with n = 3 (circles). 

The exponential function discriminates well between different good structures, as a wide 
range of values of F(p) is covered by good structures (with low values of p ) .  On the other 
hand, the curve is shallow around p = 1, and a wide range of structures with high values 
of p all have very low fitness. The power function is convex for n > 1 and gives good 
discrimination among poor structures (for which the curve is steepest) but little discrimi- 
nation among good structures. For example, for n = 3 (Fig. 4), all structures with p 5 0.5 
have F(p)  2 0.9. In this regard, the behaviour of the power function with n > 1 is directly 
opposite to the behavior of the exponential function. The tanh function does not discrimi- 
nate significantly among good structures and does not discriminate significantly among 
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poor structures. However, the tanh function does discriminate well among structures with- 
in the intermediate region 0.3 _< p _< 0.7 (note the step-like character of the tanh function). 
The cosine function has similar properties to the tanh function, but is less steep in the 
intermediate region. In practice, the linear fitness function (i.e., the power function with n 
= 1) has been employed in some of our work. 

In many cases, it may be advantageous to change the definition of fitness function sys- 
tematically during the GA calculation. For example, the tanh function (which discrimi- 
nates mainly between good structures and poor structures, but provides little discrimina- 
tion among different good structures) can be advantageous in the early stages of the GA 
calculation, whereas the exponential function (which provides better discrimination be- 
tween different good structures) can be advantageous in the later stages of the GA calcu- 
lation. 

9.2.2.4 The Mating Procedure 

The probability of selecting a given structure to take part as a “parent” in mating is re- 
lated to its fitness, with structures of high fitness more likely to be selected. In our proce- 
dure for selecting parents, a structure (with fitness F) is chosen from the population at 
random and a random number !R (with 0 2 !R < 1) is generated. The selected structure is 
then allowed to take part in mating if F > X. This selection procedure is continued to find 
a second structure that is allowed to mate with the first. Pairs of structures selected con- 
secutively in this way are allowed to mate with each other, until the required number 
(N,) of mating operations has been carried out. Note that a given structure could be 
selected several times for mating in a given generation. 

We now consider some specific methods that may be used to generate offspring by com- 
bining the parameters in the sets r for the two selected parents. For a rigid structural frag- 
ment defined by six parameters {x, y, z, 8, @, q,), one approach for mating is single-point 
crossover in which the sets of variables defining the two selected parents are cut and 
spliced between the positional and orientational parameters to produce two offspring. 
Thus, the parents {xa, ya, z, I Oa, @a, v,) and (xh, Yb, z b  I Ob, @b, v b )  would lead to the two 
offspring {xa, ya, z, I 8b, @b, q b )  and (Xh, Yh, z b  I ea, @,, va). Such single-point crossover at a 
fixed point has the potential disadvantage that, for a given pair of parents, it will always 
lead to the same pair of offspring, and may therefore contribute to loss of diversity within 
the population. Although the use of single-point crossover between the positional and or- 
ientational parameters is attractive in view of the physical significance associated with se- 
parating the positional and orientational information, there is no guarantee that this repre- 
sents the most efficient approach for finding the optimal structure solution, and single- 
point crossover at randomly selected positions within the set of variables or multiple-point 
crossover can have several advantages. In these methods, a given pair of parents could 
produce several different pairs of offspring. An alternative procedure is to take the six 
variables from each parent and distribute them (on a random basis) between the two off- 
spring, with no restriction on which combination of groups may come from each parent. 

For a structural fragment with two variable torsion angles, one method for mating di- 
vides the eight variables that define each parent into four groups (x, y, z I 8, @, 1/, I 51 I 52). 
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For mating between two selected parents, the four groups are divided into two sets of two 
groups, which can be done in three different ways: 

In a given mating operation, one of these ways of dividing the four groups is chosen 
(with equal probability), and two offspring are generated by taking the first set of two 
groups from one parent and the second set of two groups from the other parent, and vice 
versa. Thus, mating the parents {xar ya, z, I 8,, #a, qa I t l a  I t2a) and (xa yb zb I oh, @b v b  I 
t l b  t rZb] will lead with equal probability to one of the following pairs of offspring: 

An alternative mating procedure takes a weighted average (interpolation) of corre- 
sponding parameters from the two parents, leading from two parents (xa, ya, za I Oa, @a, 
Va I r l a  I ~ 2 a )  and {xb, yb zb I % @b, q h  I rib 1 ~ 2 b I  to one offspring {xo. ym zo I em @or Vo I 

I Q,], with Eo = (1 - 2 )  ta + 1 t h  (where 6 represents each of the variables). The value 
of 2 is in the range 0 51 I 1, and may be weighted according to the fitness values of the 
two parents. 

Clearly, many different options exist for mating, each of which may be more or less 
advantageous in different circumstances. For systems involving greater numbers of para- 
meters than the examples given above, more complex rules governing the mating proce- 
dure may be adopted (see also section 9.2.3). 

9.2.2.5 The Intermediate Population 

As the number of mating operations in each generation is N, and each mating operation 
leads to two offspring, the total number of offspring produced in each generation is 2N,. 
An intermediate population (Ij+l) containing N,+2N, structures is then constructed, tak- 
ing the N, structures from the previous generation (Pj) and the 2N, offspring generated 
by the mating procedure. At this stage the values of Rmin and R,,, for the intermediate 
population are determined, and the values of fitness for all members of the intermediate 
population are re-calculated. Although each structure camed through to the intermediate 
population from the previous generation has the same value of R,, as in the previous 
generation, the value of fitness may change (as the values of Rmin and R,,, may differ 
between populations Pj and Ij+l). If two or more structures are identical within predefined 
tolerance limits, all but one of these structures is eliminated from the intermediate popu- 
lation. The structures in the intermediate population are then ranked according to their 
fitness, in preparation for natural selection. 
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9.2.2.6 The Mutation Procedure 

In each generation, a number (N,) of mutant structures are generated in order to intro- 
duce new genetic information within the population, and thus to help to maintain diver- 
sity. In our mutation procedure, N, “parent” structures are selected at random from the 
intermediate population, and a new mutant structure is generated from each selected 
“parent” by introducing random changes to the values of one or more variables in its 
genetic code (0. It is important to note that the “parent” structures used to create the 
mutants are not replaced by the mutants, but remain within the intermediate population. 

As an example, for a structural fragment with two torsional degrees of freedom, one 
method for carrying out mutation is to randomly select two of the four groups of para- 
meters (x. y, z I 0, @, I r1 I t2] and to assign a new random value to one parameter 
within each of the selected groups. For systems involving greater numbers of parameters, 
more complex rules governing the mutation procedure may be adopted. 

In principle, the mutation procedure could be introduced in several different ways with- 
in the overall scheme for converting population Pj to population Pj+l. However, it is im- 
portant (as in the scheme shown in Fig. 3) that the mutant structures are allowed the 
opportunity to take part in mating operations before the process of natural selection is 
carried out. Thus, while many of the mutants will themselves represent poor quality struc- 
tures (and will be rejected subsequently from the population at the natural selection 
stage), they may nevertheless contain useful genetic information which may be passed 
into the population through the mating procedure. 

An alternative technique is dynamic mutation, in which selected parameters are sub- 
jected to random displacements from their values in the “parent” structure. Thus, for a 
particular variable < in the set r, the new (mutated) value 5, is given by 

where 5, is the value of E in the “parent“ structure, 2 is a random number between -1 
and +1, and A&,,,, is a maximum allowed displacement. Dynamic mutation is particularly 
useful for fine-tuning the population in the later stages of the GA calculation, when static 
mutation may in general cause perturbations that are too large (leading to structures with 
very low fitness which would probably be rejected in the next generation). There is con- 
siderable scope for optimizing the strategy of using static mutation in the initial stages 
and then introducing dynamic mutation in the later stages of the GA calculation. 

9.2.2.7 Natural Selection 

The (j+l)th generation (Pj+,) is produced by taking the N,-N, best (highest fitness) mem- 
bers of the intermediate population together with the N, mutant structures generated 
from population P,. The values of R,, for the mutants are calculated and the new values 
of R,i, and R,,, for population Pj+] are evaluated, and the fitness of each structure in 
the new population Pj+l is then determined. The complete cycle shown in Fig. 3 is then 
repeated for a specified number (Ng) of generations, or until some predetermined termi- 
nation criterion is satisfied (such as reaching a sufficiently low value of Rmin). We note 
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that the value of R,, for the best structure in population Pj+l must be less than or equal 
to the value of R,, for the best structure in population Pj, and thus Rmin cannot increase 
from one generation to the next. The population size (Np) remains constant from one 
generation to the next, and the best structures in a given generation are almost certain to 
be carried forward into the next generation (i.e., it is unlikely for all offspring generated 
by mating to have higher fitness than the fittest members of the population in the pre- 
vious generation). The overall quality of the population, assessed from the average value 
of R,, (denoted Rave), generally improves from one generation to the next. However, as 
mutants are included in the calculation of R,,, the value of R,,, may sometimes increase 
slightly on passing from one generation to the next. 

9.2.2.8 The Overall Procedure 

Typically, our GA structure solution calculations have involved a population size (Np) of 
a hundred or a few hundred structures. In each generation, typically 50 to 100 mating 
operations (N,) are carried out and 10 to 20 mutant structures (N,) are generated. In 
general, a few hundred generations (Ng) are sufficient to obtain the correct structure solu- 
tion. Actual examples of the choices of these parameters are given in section 9.2.3. 

The complete evolutionary cycle involving mating, mutation and natural selection is 
repeated for a specified number (Ng) of generations or until convergence is reached. The 
structure solution calculation is started from a randomly generated initial population 
(with random values for the degrees of freedom in each structure in the population). As 
the GA is, in part, a stochastic procedure, there is no absolute guarantee that the global 
minimum will actually be located in a given calculation with a finite number of genera- 
tions. Thus, a good strategy is to repeat the calculation several times from different ran- 
dom initial populations - finding the same structure or very similar structures repeatedly 
is a strong indication that these structures represent the global minimum. 

9.2.2.9 Schemata 

For the GA method to be an efficient approach for global optimization, the evolutionary 
procedure must be able to recognize the existence of certain combinations of parameters 
that are associated with high fitness. These groups of parameters are known as “schema- 
ta”, and their existence is crucial for the success of the GA as an optimization technique. 
Thus, for a given member of a population, if a subset of the parameters is close to optimal 
but the other parameters are far from optimal, it is important that the GA calculation 
can identify the subset that is close to optimal and that the calculation retains and propa- 
gates this subset of parameters in the evolutionary process. We are currently carrying out 
systematic studies to understand more fully the nature of schemata within GA methods 
for solving crystal structures from powder diffraction data. The parameters that define the 
structure in the GA calculation could, in principle, be chosen in a number of different 
ways (in the GA method described here, the parameters are (x, y, z, 0, rp, q, tl, t2, ..., 
t,,}), and the question of how strongly schemata are expressed may depend on the parti- 
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cular choice of parameters. It is also important that the strategy for mating should ensure 
that schemata are preserved and propagated in the evolution of the population, rather 
than destroyed by an inappropriate method for crossover. Clearly the existence and prop- 
er handling of schemata is conducive for facile convergence of the GA calculation to- 
wards the global minimum. 

9.2.3 Examples of Applications 

Several structures of varying degrees of complexity have been solved from powder dif- 
fraction data using our GA method. As illustrative examples, three case studies are high- 
lighted. First, we describe structure solution calculations for two previously known crystal 
structures (polymorphs) of a completely flexible molecule - the a and fi phases of L-glu- 
tamic acid. Second, we describe structure solution of another completely flexible molecule 
- heptamethylene-bisfdiphenylphosphine oxide) [Ph2P(0). (CH2), . P(O)Ph2] (the struc- 
ture of this material was previously unknown). Third, we describe the structure solution 
of a steroid molecule with flexible side-groups attached to the steroid ring system - form 
2 of fluticasone propionate (the structure of this material was previously unknown). 

We emphasize that studies of highly flexible molecules represent the greatest challenges 
in direct-space structure solution. In such cases, several torsion angles defining the mole- 
cular conformation are required as variables in the structure solution calculation. In gen- 
eral, the complexity of the structure solution calculation increases as the dimensionality 
of parameter space increases. The hypersurfaces are defined by 10 degrees of freedom for 
L-glutamic acid, 18 degrees of freedom for Ph2P(0). (CH2),.P(0)Ph2 and 12 degrees of 
freedom for fluticasone propionate. 

9.2.3.1 Case Study 1: The a and p Phases of L-glutamic acid 

L-Glutamic acid H02C(CH2)2CH(NH2)C02H is known to exist in two different poly- 
morphic forms, denoted the a and p phases. In both crystal structures [57, 581, the L-glu- 
tamic acid molecules are in the zwitterionic form (Fig. 5a). Both structures have the 
orthorhombic space group P212121. The unit cell parameters for the a phase are: a = 
10.28 A, b = 8.78 A, c = 7.07 A. The unit cell parameters for the p phase are: a = 5.16 A, 
b = 17.30 A, c = 6.95 A. Both structures have one molecule in the asymmetric unit. The 
powder X-ray diffraction patterns for the a and fi phases of L-glutamic acid were re- 
corded at ambient temperature in transmission mode on a Siemens D5000 diffractometer, 
using Ge-monochromated CuKal radiation and a linear position-sensitive detector cover- 
ing 8" in 28. In each case, the total range of 28 was 3" to 50", measured in 0.02" steps and 
collected over 2 hours. 

In our GA structure solution calculations for both polymorphs, the structural fragment 
comprised all nonhydrogen atoms of the L-glutamic acid molecule (Fig. 5b). Standard 
geometries (bond lengths and angles) were used, with all C-0 bond lengths taken to be 
equal (the C-O single and C=O double bonds are readily assigned during Rietveld refine- 
ment). The four torsion angles (rl, . . ., r4] defining the conformation of the L-glutamic 
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b 8 
Figure 5. (a) Molecular structure of the L-glutamic acid zwitterion. (b) Structural fragment used in 
the GA structure solution calculations for L-glutamic acid, showing the variable torsion angles. 

acid molecule are indicated in Fig. 5 b. The position of the structural fragment was de- 
fined by the (x, y, z) co-ordinates of the central carbon atom (C,) of the molecule. For 
these calculations, the positional, orientational and torsional variables were all discretized, 
with grid sizes of 0.01 for all fractional co-ordinates and 10" for all angles. However, in 
most of our other applications of the GA method, we have chosen not to discretize the 
variables in this way. 

The GA calculation involved the evolution of 100 generations of a population of 100 
structures. In each generation, 200 offspring (100 pairs of parents) and 10 mutations were 
considered. In this case, the tanh fitness function was used. For mating and mutation, the 
10 variables were considered in terms of six groups (x, y, z I 8, @, I tl I t2 I t3 I r4). To 
carry out a mating operation between two parents, the six groups from each parent were 
distributed between the two offspring, with no restriction on which combination of groups 
may come from each parent (in each mating operation, the combination of groups coming 
from each parent was determined on a random basis). In carrying out the mutation proce- 
dure on a selected structure, two groups were selected at random, and a random change 
was made to one variable within each of the selected groups. 

The progress of the GA structure solution calculation is assessed from the Evolutionary 
Progress Plot, which shows the best (R,in) and average (Rave) values of R,, for the po- 
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pulation as a function of the generation number. The Evolutionary Progress Plots for the 
a and /3 phases are shown in Fig. 6. For the /3 phase, there is a rapid initial drop in R,in, 
whereas the progress for the a phase is more step-like. It is clear that the GA structure 
solution calculation converges rapidly in both cases. 
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Figure 6. Evolutionary Progress Plots showing the evolution of R,, (filled circles) and Rmin (open 
circles), as a function of generation number, in the GA structure solution calculations for (a) the a 
phase and (b) the B phase of L-glutamic acid. 

Figure 7. Comparison between the position of the structural fragment in the best structure solution 
obtained in the GA structure solution calculation (light shading) and the positions of the correspond- 
ing atoms in the known crystal structure (dark shading) for (a) the a phase and (b) the @ phase of L- 
glutamic acid. 

The best structure solution (i.e., the structure with lowest R,, in the final generation) 
for the a phase is shown in Fig. 7a,  and the best structure solution for the B phase is 
shown in Fig. 7 b. For comparison, the known crystal structures [57, 581 of the a and p 
phases are also shown. For each phase, the structure solution generated by the GA calcu- 



9.2 Crystal Structure Solution from Powder Diffraction Data using Genetic Algorithms 177 

lation is in excellent agreement with the known structure, and in each case the structure 
solution will refine readily (using the Rietveld method) to the known crystal structure. 
For both phases, the maximum distance between an atom in the structure solution and 
the corresponding atom in the known crystal structure is less than 0.5 A. We emphasize 
that the L-glutamic acid molecule has a significantly different conformation in the a and 
B phases, and that the GA structure solution calculations successfully found the correct 
conformation for each phase. 

9.2.3.2 Case Study 2: PhzP(0) (CHz),' P(O)Ph2 

The structure determination of Ph2P(0). (CH2)7.P(0)Ph2 [51] represents one of the most 
complex molecular crystal structures that has been solved directly from powder diffrac- 
tion data. Structure solution of this previously unknown structure was carried out using 
our GA method, involving 18 degrees of freedom with 12 variable torsion angles. 

The powder X-ray diffraction pattern of Ph2P(0). (CH2)7. P(0)Ph2 was recorded at 
ambient temperature using the instrument described in section 9.2.3.1. The total range of 
28 was 5" to 60", measured in 0.02" steps and collected over 6 hours. The powder pattern 
was indexed by the program I T 0  [59],  giving the unit cell: a = 12.59 A, b = 10.20 A, c = 
22.89 A, fi = 105.5". From systematic absences, the space group was assigned as P21/n, and 
density considerations suggested that there is one molecule in the asymmetric unit. 

In the GA structure solution calculation, the structural fragment comprised all nonhy- 
drogen atoms of the Ph2P(0). (CH2), . P(0)PhZ molecule. Standard bond lengths and 
bond angles were used, and the atoms of each benzene ring and all atoms directly bonded 
to it were constrained to be co-planar. The molecule was subjected to translation and 
reorientation within the unit cell, together with variation of all 12 torsion angles (Fig. 8) 
that define the molecular conformation. Thus, each structure in the GA calculation was 
defined by 18 variables (x, y, z, 8, @, I#, z1, t 2 ,  z3, .. ., ~ 1 2 ) .  

0 

.... p 
P .  + 
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0 

Figure 8. The molecular structure of Ph2P(0). (CHZ),. P(0)Ph2, showing the variable torsion angles 
considered in the GA structure solution calculation. 
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The GA structure solution calculation involved the evolution of 500 generations of a 
population of 100 structures. In each generation, 100 offspring (50 pairs of parents) and 
20 mutations were considered. In this case, the linear fitness function F(p) = 1-p was used. 
For mating and mutation, the 18 variables were subdivided into 14 groups {x, y, z I 8, @, 
I tl I t2 I t3 I . . . 1 tl2). In the mating operation, the 14 groups from each parent were 
distributed between the two offspring, with no restriction on which combination of groups 
may come from each parent (in each mating operation, this was determined on a random 
basis). In carrying out the mutation procedure on a selected structure, seven groups were 
selected at random, and a random change was made to one variable within each of the 
selected groups. The evolution of R, during the GA calculation is shown in Fig. 9, and 
demonstrates that the overall quality of the population improves as the population 
evolves. The lowest value of R,, in the population decreases significantly, with evidence 

0 100 200 300 400 500 
Generation 

Figure 9. Evolutionary Progress Plot showing the evolution of R,, for the best structure in the popu- 
lation (open circles) and the average R,, for the structures in the population (filled circles) as a func- 
tion of generation number in the GA structure solution calculation for Ph,P(O). (CH&. P(0)PhZ. 

The structure with lowest R,, in the final generation was taken as the starting model 
for Rietveld refinement. The positions of all nonhydrogen atoms were refined, with stan- 
dard geometric restraints applied to bond lengths and bond angles. The final Rietveld re- 
finement (Fig. 10) gave R,, = 5.0 % and R, = 3.8 %. In the crystal structure (Fig. l l ) ,  the 
molecule adopts an unexpected (but completely plausible) conformation, with one gauche 
bond in the (CH2), chain and the other parts of the chain close to all-trans conformations. 
It could not have been predicted in advance that this specific conformation would be 
adopted in the crystal structure, emphasizing the importance of allowing complete confor- 
mational flexibility of the structural fragment in the GA structure solution calculation. 
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Figure 10. Experimental (+ marks), calculated (solid line) and difference (lower line) powder X-ray 
diffraction profiles for the Rietveld refinement of Ph*P(O). (CH2)7. P(0)PhZ. Reflection positions 
are marked. The calculated powder diffraction profile is for the final refined crystal structure. 

Figure 11. Final refined crystal structure of PhZP(0). (C€I2)7. P(O)Ph* (hydrogen atoms not shown) 
viewed along the 6-axis. 



180 9 Evolutionary Algorithms in Crystullogruphic Applications 

9.2.3.3 Case Study 3: Fluticasone Propionate 

As the final example, we consider the case of a steroid molecule, fluticasone propionate 
(FP; C Z ~ H ~ ~ F ~ O ~ S ;  Fig. 12), which has pharmaceutical importance as a potent anti-inflam- 
matory agent which suppresses inflammation of the bronchial passages in the lungs. FP 
has been found to exist in two different polymorphic forms. Form 1 can be obtained by 
crystallization from a variety of solvents (typically acetone), and the crystal structure of 
form 1 is known. In attempts to produce crystals of FP of controlled size and morphology 
€or pharmaceutical applications, crystallization in a supercritical fluid medium (with etha- 
nol or acetone as solvent) was carried out, but was found to yield a new polymorph (form 
2). As form 2 was obtained only by the supercritical crystallization method, yielding poly- 
crystalline powder samples, structural characterization of form 2 could not be carried out 
by single crystal X-ray diffraction. Instead, the crystal structure of form 2 of FP was de- 
termined directly from powder X-ray diffraction data using the GA method [52]. 

0 

F 

P 
“I  

Figure l2. (a) Molecular structure of fluticasone propionate. 
(b) Structural fragment used in the GA structure solution 
calculation for form 2 of fluticasone propionate, showing the 
variable torsion angles. 
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The powder X-ray diffraction pattern of form 2 of FP was recorded at ambient tem- 
perature using the instrument described in section 9.2.3.1. The total 28 range was 5" to 
60", measured over 12 hours in steps of 0.02". The powder X-ray diffraction pattern was 
indexed by the program IT0 [59] [the final refined unit cell is a = 23.2434(9) A, b = 
13.9783(5) A, c = 7.6510(3) A]. Systematic absences are consistent with space group 
€912121, and density considerations suggest that there is one molecule in the asymmetric 
unit. 

In the GA structure solution calculation, all nonhydrogen atoms of the FP molecule 
were used to define the structural fragment. The tetracyclic ring system was considered as 
a rigid unit, comprising one planar six-membered ring (designated A), two six-membered 
rings in the chair conformation (B and C), and a five-membered ring in an envelope con- 
formation (D). The side-groups attached to the D ring were considered as flexible units, 
with their conformations defined by six variable torsion angles. Thus, the GA calculation 
involved 12 degrees of freedom [x, y, z, 8, @, I), tl, z2, ..., t6]. Bond lengths and angles 
were taken from known structures of other steroid molecules and from other information 
on standard molecular geometries [60]. The GA calculation involved the evolution of 60 
generations of a population of 100 structures. In each generation, 200 offspring (involving 
100 pairs of parents) and 10 mutations were considered. For mating and mutation, each 
of the 12 variables was considered as an independent gene. In mating two parents to gen- 
erate two offspring, the 12 variables from each parent were combined and distributed 
between the two offspring, with no restriction on the combination of variables allowed to 
pass from a given parent to a given offspring. In the mutation procedure, six variables of 
the selected structure were chosen at random, and a new random value was assigned to 
each of these variables. The structure solution with lowest R,, in the final generation was 
taken as the starting structural model for Rietveld refinement, giving R, = 4.8 % and R, 
= 3.3 % for the final refined structure. 

In the crystal structure of form 2 of FP (Fig. 13), the molecules form stacks along the 
c-axis with adjacent molecules related by translation. Zig-zag chains of molecules related 
by the 2, screw operation along the 6-axis are linked by C-0-H . . . O=C hydrogen bonds 
involving the hydroxyl group (C ring) and carbonyl group (A ring) of adjacent molecules 
(0.. . 0, 2.8 A; C-0.. . 0, 110"). This structure provides interesting similarities and con- 
trasts with the structure of form 1 of FP. Both structures contain similar hydrogen-bonded 
chains (described above along the 6-axis in form 2), but differ in the structural relation- 
ship between adjacent chains of this type. In form 2, adjacent chains are anti-parallel 
(related by a 21 axis), whereas in form 1, adjacent chains are parallel to each other 
(related by translation). 
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Figure 13. Final refined crystal structure of form 2 of fluticasone propionate (hydrogen atoms not 
shown) viewed along the c-axis. Dashed lines indicate hydrogen bonding interactions. 

9.2.4 Discussion 

Although the successful application of GA techniques for powder structure solution has 
been demonstrated, there is considerable scope for further development and optimization 
of the strategies for implementing GA techniques in this field. In this regard, we are 
currently exploring several fundamental aspects of the GA technique (with the aim of 
optimizing the procedures for searching R(T) hypersurfaces) and developing new ways of 
defining the hypersurface such that global optimization may be achieved more efficiently. 

The main factor limiting the scope of direct-space approaches for structure solution is 
the dimensionality of the hypersurface to be explored. The complexity of the search pro- 
cedure (and the time required to achieve successful structure solution) depends more di- 
rectly on the number of degrees of freedom in the optimization (the number of variables 
in T )  rather than the number of atoms in the asymmetric unit. Thus, direct-space structure 
solution is generally more straightforward for a molecule that is essentially rigid than a 
molecule that is completely flexible (i.e., for which the conformation is not known in ad- 
vance), irrespective of the number of atoms in the molecule. In contrast, the complexity 
of structure solution using traditional approaches depends more directly on the number 
of atoms in the asymmetric unit. 

A feature of considering R,,(T) (or alternative definitions of R-factor) in direct-space 
structure solution is that the figure-of-merit is based purely on experimental data, and is 
not biased by the introduction of any arbitrary parameters or assumptions. However, it 
may be advantageous under certain circumstances to combine the powder diffraction data 
with other “direct-space’’ information, such as the computed potential energy E(T). Thus, 
an alternative strategy for direct-space structure solution is to consider a new hypersur- 
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face G ( 0 ,  defined as an appropriate function of E ( 0  and Rwp(r): i.e., G(T) = 3 ( E ( 0 ,  
Rwp(r)). Provided a reliable definition of energy is available for use in this type of appli- 
cation, this hybrid approach may have significant advantages over the consideration of 
Rwp(O alone. The key to this approach lies in the definition of the function 3, such that 
the contributions of E(r) and R,,(r) are appropriately weighted in a manner that reflects 
the differing characteristics of the E ( 0  and Rwp(T) hypersurfaces. In this regard, we are 
currently exploring the optimization of the function 3 in direct-space structure solution 
using our GA method [61]. 

9.3 Crystal Structure Prediction using GAS 

Section 9.2 concentrated on the determination. of crystal structures, based on the compar- 
ison between calculated and experimental powder diffraction patterns. Another area of 
considerable interest concerns the prediction of crystal structure based on minimization of 
the energy of a solid as a function of the unit cell parameters and/or the positions of the 
atoms, ions or molecules in the unit cell. Clearly this type of approach is susceptible to 
the quality of the parameterized energy function used to compute the energy of the solid, 
and any assumptions and approximations inherent within the parameterization, and for 
this reason it 'can be advantageous to validate the results of such structure predictions 
against experimental data (for example, diffraction data). As discussed above for the R,, 
hypersurface, the energy hypersurface for a polyatomic solid is multidimensional and con- 
tains many local minima in addition to the global minimum (which corresponds to the 
lowest energy structure). Clearly an appropriate algorithm is required to carry out rapid, 
reliable searching of the energy hypersurface in order to find the global minimum. 

In 1995, Catlow and coworkers [62] developed a GA for use in crystal structure predic- 
tion of inorganic crystalline solids. The method was used to predict the previously un- 
known crystal structure of the ternary oxide Li3Ru04. In a recent publication [63], the 
same group reported the development of a modified version of their earlier GA approach 
for crystal structure prediction. Here we describe in detail the most recent implementa- 
tion of their GA method for structure prediction. The method comprises the following 
stages: 

Stage 1: 

Stage 2: 

A GA is used to produce plausible candidate structures on the grounds of ionic 
co-ordination and approximate energy considerations (discussed below). 
The co-ordinates of the plausible structures generated in Stage 1 are locally 
optimized by minimization of the calculated lattice energy (which provides a 
better measure of the quality of a candidate structure than the criteria used in 
Stage 1). In this implementation, the lattice energy is calculated using empirical 
potentials based on the Born model of a crystal, but including three-body 
terms in those cases (such as a-quartz) for which covalency may be important. 
The calculation of lattice energy and conjugate-gradient minimization are per- 
formed within the GULP (General Utility Lattice Program) package of Gale 
~ 4 1 .  
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Stage 3: The powder diffraction patterns calculated for the best candidate structures 
generated in Stage 2 are compared to the experimental powder diffraction pat- 
tern. The co-ordinates are then refined (for example, by Rietveld refinement) 
to minimize the differences between the calculated and experimental powder 
diffraction patterns. 

The method requires knowledge of the unit cell (determined, for example, by indexing 
the powder diffraction pattern of the material of interest) and the unit cell contents, 
which may be deduced from density considerations. The space group P1 is assumed. The 
unit cell is divided up into a three-dimensional Cartesian grid with 2” divisions along each 
unit cell edge (for a cubic unit cell), yielding a total of Z3” smaller cells. Thus, this ap- 
proach involves discretization of parameter space. The ions that constitute the unit cell 
contents are then placed randomly into these subcells and the position (x, y, z ) ~  of each 
ion is represented by a concatenated string of three binary numbers (each of length n and 
ranging in value from 1 to 2”). Thus, each candidate structure corresponds to a string of 
3nN, binary digits, where N, is the number of ions in the unit cell. 

The initial population comprises 2M candidate structures (“adults”) and is generated at 
random. The quality of each candidate structure is then assessed using the cost function 
(fitness function) described below. Pairs of parent structures are then chosen (either by 
“tournament selection” or based on their fitness) to participate in the “crossing” (mating) 
operation, which involves the exchange of random pieces of the strings representing each 
of the parent structures. The mutation operation is performed by randomly changing some 
digits in the binary code from 0 to 1 or from 1 to 0 for certain candidate structures. The 
GA approach is elitist as the best N members of any given generation are allowed to pass 
into the succeeding generation. In addition, randomly generated “foreign” structures are 
admitted at each cycle to ensure population diversity. 

The cost function (generalized from the implementation in [62]) is a weighted sum of 
the following contributions: (i) the discrepancy between the ionic charge and the sum of 
bond valences between each ion and its nearest neighbors; (ii) the Coulombic repulsion 
between ions with charges of the same sign; (iii) the discrepancy between the expected 
and calculated first-shell co-ordination numbers of all the ions; (iv) the Coulombic attrac- 
tion between ions with charges of opposite sign; (v) a bond valence term between ions 
with charges of the same sign; and (vi) the discrepancy between the expected and calcu- 
lated second-shell co-ordination numbers of all the ions. Note that in the reported work 
[63], only terms (i) - (iii) were actually included in the cost function. It is important to 
emphasize that this cost function provides a robust measure of deviations from standard 
geometric features, and can be calculated rapidly (more rapidly than calculating the lat- 
tice energy and/or the R-factor for every trial structure in the population). 

With this method, the correct (previously known) structures of 38 binary oxides (of the 
types M20, MO, M203 and MOz), including a-quartz and some polymorphs of Ti02, and 
a number of ternary oxide structures (such as MgA104, TI2Mn207 and several perovskite 
structures) have been generated successfully [63]. In a number of cases, it was found that 
incorrect polymorphs were predicted and some disordered structures were generated, 
although such structures can be readily eliminated on the basis that they give a poor fit to 
the experimental powder diffraction pattern. The fact that the polymorphs of SiOz were 
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difficult to generate may suggest that an alternative fitness function could be advanta- 
geous in the case of structures based on distinct polyhedral networks. 

9.4 Indexing Powder Diffraction Data using GAS 

9.4.1 Background 

As discussed in section 9.2.1, the first stage of crystal structure determination from pow- 
der diffraction data involves determination of the unit cell by “indexing” the powder dif- 
fraction pattern. Clearly it is not possible to proceed with structure solution unless the 
correct unit cell has been found at this initial stage. In contrast to the recent advances in 
techniques for structure solution, there has been relatively little fundamental development 
of indexing methods since the pioneering work over 20 years ago (see [14] for a recent 
review), and reliable indexing of powder diffraction data using existing techniques is often 
the limiting step in the structure determination process. Recognizing these issues, a new 
indexing technique, based on whole-profile fitting and global optimization using a GA, 
has been developed recently [65]. 

The positions of the peaks in a powder diffraction pattern depend only on the unit cell 
dimensions (lattice parameters) {a, b, c, a,  p. y ) ,  and the aim of indexing is to determine 
the correct lattice parameters from knowledge of the peak positions in the experimental 
powder diffraction pattern. The most widely used indexing programs ( IT0  1591, TREOR 
[66] and DICVOL [67]) all consider the measured positions of peak maxima for a number 
of selected peaks (general reviews are given in [14, 68, 691). However, as discussed above, 
experimental powder diffraction patterns typically have considerable peak overlap and 
sometimes peak displacements, which can lead to several problems in indexing (elabo- 
rated in [65]). For reliable indexing by existing methods, at least 20 measured peak posi- 
tions are usually required, especially for low-symmetry structures. For such techniques, 
the selected peaks tend to be confined to the low-angle region as peak overlap is more 
severe at high diffraction angles. Peak overlap is particularly severe for materials with low 
symmetry and large unit cells, such that extraction of peak positions may be difficult even 
at low diffraction angle. In many cases, certain peaks which may be crucial for correct 
indexing may be obscured or completely unresolved due to peak overlap. Another issue 
concerns the presence of impurity phases in powder samples, which often constitutes an 
intractable problem for indexing by existing methods (unless the presence of the impurity 
phases is known a priori) - thus, if an impurity peak is inadvertently selected for the 
indexing procedure, it is generally difficult or impossible to find the correct unit cell. 

In view of these issues, there is a clear requirement for new indexing strategies that are 
not based on using a few selected peak positions but instead use all regions of the powder 
diffraction pattern, including the overlapped peaks. In this section, we give an overview 
of a new indexing strategy in which the correctness of trial sets of lattice parameters {a, b, 
c, a, /3, y )  is assessed using a whole-profile fitting procedure and the hypersurface defined 
by these parameters is explored using a GA. This approach is fundamentally different 
from any previous indexing method, and is intrinsically more robust for dealing with the 
problems discussed above. 
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We note that a method for indexing powder diffraction data by using a GA within the 
framework of the conventional indexing strategy (i.e., requiring a set of extracted peak 
positions) has also been proposed [70]. 

9.4.2 Methodology 

First, we describe our method [65] for constructing a powder diffraction profile for a set 
of trial lattice parameters {a, b, c, a, p, yJ ,  allowing R,, to be determined. The lattice 
parameters determine the peak positions, and parameters describing the peak shape and 
peak width are used in the Le Bail profile-fitting procedure [56, 711 to partition the ob- 
served intensities, producing a calculated powder diffraction pattern from which R,, is 
calculated. It should be noted that the Le Bail technique is not based on minimization of 
R,,, although R,, will be lowest when all the parameters of the model are correct. 

The aim of our indexing strategy is to search parameter space {a, b, c, a, p, y )  in order 
to find the parameter set that represents the best agreement (lowest R,,) with the experi- 
mental powder diffraction pattern. In effect, we require to search the hypersurface 
RWp(a, b, c, a,  p, y )  to find the global minimum. We note that some of these parameters 
may be fixed by the metric symmetry, and it is only in the case of triclinic systems that all 
six parameters are treated as variables. We have chosen to use a GA in this field based 
on the recognition that certain features of RWp(a, b, c, a, p, y )  hypersurfaces are particu- 
larly suited for exploration using GAS. Thus, certain parts of the experimental data de- 
pend specifically on only one parameter or a well-defined group of parameters, and there- 
fore schemata should be expressed strongly. For example, the positions of the {hOO] peaks 
depend only on the lattice parameter {a], the positions of the (hM)] peaks depend only on 
the subset of lattice parameters {a, b, y ] ,  and so on. 

In the GA approach for indexing powder diffraction data, each member of the popula- 
tion is a set of trial lattice parameters {a, b, c, a,  0, y ]  (or a subset of these parameters, 
depending on the crystal system), and the population evolves through mating, mutation 
and natural selection. The fitness of each set of trial lattice parameters depends on its 
value of R,, and the linear fitness function [F(R,) = 1 - (R,, - Rmin)/(Rmax - R,in)] 
has been used in our work so far. As before, Rmin and R,,, denote the lowest and highest 
values of R,, in the current population, and are updated for each new generation of the 
population. Our strategy for carrying out the GA calculation is similar to that implemen- 
ted in our GA technique for structure solution (see section 9.2.2). 

The presence of peaks at low diffraction angles can be crucial for correct indexing, but 
these peaks are often weak and the use of a conventional R,, may fail to recognize the 
significance of these peaks. To overcome this limitation, we use a modified definition of 
R,, in which the powder diffraction pattern is divided into different regions and R,, is 
calculated separately for each region. These individual values of R,, (denoted R$! for 
each region i) are then summed to obtain the overall R,, (subsequently denoted R;;). 
With this approach, the residuals for a given region are scaled according to the total in- 
tensity of the region (the lower the total intensity, the higher the scaling factor). Thus, a 
region containing only weak peaks can make as much contribution to R;$ as a region 
containing peaks of much greater absolute intensity. There is also scope for overcoming 
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the problems discussed above by using new definitions of R,, in which weighting schemes 
(wi) based on d-spacing, rather than intensity, are used. 

An important advantage of whole-profile fitting is that the presence of minor impuri- 
ties does not limit the success of the procedure. Peaks due to impurity phases simply con- 
tribute a constant amount to the R-factor, and the global minimum in R:; will arise when 
the majority phase is indexed correctly. 

I I I I 
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Figure 14. The fit of the calculated powder diffraction data (solid line) to the experimental powder 
diffraction data (crosses) for the best (correct) unit cell obtained in the GA indexing calculation for 
phase-I1 of gallium arsenide. The arrows highlight the impurity peaks and the asterisks mark the 
positions of the very weak reflections that are crucial for correct indexing. Regions (1) and (2) are 
discussed in the text. In this plot, the total intensity of region (1) is amplified relative to the total 
intensity of region (2). 

9.4.3 Example of Application 

The GA indexing method described above is illustrated here for unit cell determination 
of the orthorhombic (space group Cmcm) phase-I1 of gallium arsenide (GaAs). The unit 
cell determined previously [72] from powder X-ray diffraction data is: a = 4.9703(1) A, b 
= 4.7801(3) A, c = 5.2717(4) A. Importantly, the experimental data (see Fig. 14) contain 
an impurity phase, representing a particularly challenging problem for indexing the pow- 
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der diffraction pattern. Furthermore, indexing the powder diffraction pattern successfully 
relies on correctly fitting the positions of the two very weak peaks (marked by asterisks 
in Fig. 14) at low diffraction angle, but these two peaks would have negligible effect on a 
conventional R,, defined across the whole powder diffraction pattern. However, by divid- 
ing the data into two regions [(l) 6" I 28 < 9.5" and (2) 9.5" I 2 8  < 30"] with our modified 
definition of R;;, both regions influence the fit significantly. 

The GA calculation [65] involved 500 generations of a population comprising 100 sets 
of trial lattice parameters (a, b, c) for the orthorhombic system. In each generation, 25 
mating operations (leading to 50 offspring) and 20 mutation operations were carried out. 
Each individual lattice parameter was constrained to be less than 8 A during the calcula- 
tion, and the unit cell volume was constrained to be less than 200 A3. Fig. 15 shows the 
evolution of the lowest value of R;$ for the population and the average value of RE; for 
the population as a function of generation number. The lattice parameters corresponding 
to lowest R;; at the end of the GA calculation were a = 4.968 A, b = 4.773 A, c = 5.285 
A, in close agreement with those determined previously [72] (see above). Fig. 14 shows 
the fit of the calculated powder diffraction pattern to the experimental powder diffraction 
pattern for the best unit cell obtained from our GA indexing calculation. In our experi- 
ence, even if only the strongest impurity peak is included, all of the commonly available 
indexing programs fail, whereas our whole-profile fitting GA method successfully indexed 
the majority orthorhombic phase in spite of the presence of the impurity phase. 

25 1 
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Figure 15. Evolutionary Progress Plot showing the evolution of RG' for the best unit cell in the popu- 
lation (filled circles) and the average R!$ for the population (open circles) as a function of genera- 
tion number in the GA indexing calculation for phase-I1 of gallium arsenide. 
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9.5 Other Applications of EAs in Crystallographic Areas 

9.5.1 Biological Crystallography 

Although several of the other chapters in this book are concerned with the application of 
evolutionary algorithms in the study of molecules of biological or biochemical importance, 
it is relevant here to mention some reported applications of such techniques in crystal 
structure analysis of proteins and other biological macromolecular systems. We note the 
significant challenges [73] faced in the measurement and analysis of the diffraction data 
from single crystals of such materials, arising in part from the fact that the diffraction data 
have significant intensity only at low diffraction angles (low resolution). 

In this field, a GA method has been developed [74] for ab initio phasing of low-resolu- 
tion X-ray diffraction data from highly symmetric structures. The direct-space parameter- 
ization used incorporates information on structural symmetry, and has been particularly 
applied to the case of icosahedral viruses. A GA has also been introduced [75] to speed 
up molecular replacement searches by allowing simultaneous searching of the rotational 
and translational parameters of a test model, while maximizing the correlation coefficient 
between the observed and calculated diffraction data. An evolutionary programming 
approach for six-dimensional molecular replacement searches has also been described 
[76]. GA methods have also been used [77] to search for heavy atom sites in difference 
Patterson functions. 

A related area concerning protein structure determination has involved the develop- 
ment [78] of a GA method for determining the low-resolution structures of proteins in 
solution from small angle X-ray scattering. This method has been applied to determine 
the low-resolution structure of the active site cavity of lysozyme, the bilobed structure of 
gamma-crystallin, and the horseshoe shape of pancreatic ribonuclease inhibitor. The 
method shows promise for applications to other proteins and large macromolecular as- 
semblies. 

9.5.2 Miscellaneous Applications 

In the area of surface science, Landree et al. [79] have introduced a GA method for 
direct phasing of surface diffraction data as part of a strategy to determine surface struc- 
ture using direct methods. The method has been applied to both centrosymmetric and 
noncentrosymmetric two-dimensional structures. 

Tam and Compton [80] have reported a GA approach for determining the Miller in- 
dices of crystal faces, using interplanar angles measured experimentally. A two-step "di- 
vide-and-conquer'' strategy was adopted, and was found to speed up the convergence to 
the global minimum. The method was tested on crystals of triphenylmethyl chloride, lead- 
ing to excellent agreement with the results obtained from other indexing methods. 

Knorr and Madler have recently introduced an evolution strategy for refining structural 
fragments in orientationally disordered crystals [81]. The fragments are embedded into 
the electron densities which are derived from the experimental data using maximum en- 
tropy techniques [82]. The method has also. been used for refinement against structure 
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factors derived from these electron densities. The evolution strategy consists only of fit- 
ness-based selection and mutation stages (i.e., there is no matinglcrossover). Applications 
include determination of reorientation pathways for the [PF,]- anion in KPF6 and deter- 
mination of the conformation of the flexible organic molecule 1,3-dioxolane in a sodalite 
host [81]. 

9.6 Concluding Remarks 

As highlighted above, it is clear that evolutionary algorithms have already made an im- 
pact in optimization problems within a number of crystallographic areas, and we may 
forecast with confidence that evolutionary algorithms will find increasing applications in 
other areas of crystallographic sciences in the years to come. 

Although several other approaches may also be used for global optimization (including, 
for example, Monte Carlo and simulated annealing methods), it is not advantageous at 
this stage to enter a detailed general comparison between these approaches and GAS, as 
the relative merits depend critically on the particular problem at hand and details of the 
particular implementation of each approach. Nevertheless, it is worthwhile to highlight 
the fact that GAS operate in an intrinsically parallel manner, with many different regions 
of parameter space (corresponding to different members of the population) investigated 
simultaneously. Furthermore, information on these different regions of parameter space is 
passed actively between individual members of the population by the mating procedure, 
promoting efficient convergence towards the global minimum. The implicit parallel nature 
of GAS makes them efficient and robust vehicles for optimization, and particularly advan- 
tageous for optimization problems defined by a large number of variables. However, in 
assessing the suitability of applying GAS in any particular optimization problem, it is im- 
portant to recognize the role of schemata, and to ensure (for example, by appropriate 
definition of the parameter space and/or the fitness function and/or the mechanism for 
mating) that schemata are strongly expressed and properly utilized in the GA. 

Importantly, several different aspects of GAS (such as the procedures for mating, muta- 
tion and natural selection, and the definition of the fitness function and parameter space) 
are open to re-definition and adaptation such that they can be optimally suited to a parti- 
cular type of optimization problem. In this regard, there is much scope to derive highly 
optimized procedures for the implementation of GAS in crystallographic applications, as 
well as in other fields of science. 
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TLS Total least squares method 
TOCSY Total correlation NMR spectroscopy 

Denotes inter and intra distances between atoms in amino acids 
Nuclear spin-spin coupling constant 
Two dihedral angles associated with peptide bonds 

10.1 Introduction 

From its inception, as a curiosity of fundamental research, in the 1940s, nuclear magnetic 
resonance (NMR) has evolved and found application in almost every branch of science. It 
moved from physics to chemistry in the 1950s, with the discovery of chemical shifts; to 
heteronuclear spins and low natural abundant spins, with the advent of fast Fourier trans- 
form (FFT) techniques in the late 1960s and early 1970s; to medical imaging in the late 
1970s and 1980s; and into biochemistry in the late 1980s and 1990s with the discovery of 
multidimensional NMR [l]. 

It is a branch of spectroscopy that has benefited from the weakness of spin couplings, 
leading to simple spectra, and slowness of relaxation, leading to narrow lines in most ap- 
plications. NMR also is blessed by being based, for the most part, on nuclear spins with 
magnitudes predominantly of 1/2 and 1. The most common nuclei in the biosciences, 
hydrogen, carbon, nitrogen, phosphorus and oxygen, by having a nuclear spin, lend them- 
selves easily to NMR and provide many different avenues for exploitation. % has no 
nuclear spin, and so there is no spin coupling to hydrogen ‘H, with its spin 1/2. When 
needed, the isotope, I3C, can be studied, and this also has a spin of 1/2. Nitrogen, I4N, has 
a spin of 1 and oxygen has no nuclear spin. Labile hydrogens can easily be replaced by 
deuterium ’H, with spin 1, and isotopic substitution is a useful technique that enables the 
study of specific parts of biomolecules. 

The advantage of having spins of 1/2 and 1 clearly lies in the fact that they are the 
simplest quantum systems to deal with. Although dipole-dipole coupling still presents pro- 
blems for exact calculations, the majority of spin dynamics, and the response of spins to 
pulses, is well established [I]. This area - call it ‘-spin gymnastics” - makes it possible to 
follow the spin polarization from one pulse to another. Considerable effort has been put 
into spin gymnastics [2] and spins co-operate well both theoretically and experimentally. 

NMR spectroscopy, as a field, has moved from research to technology, much like X-ray 
crystallography evolved into an experimental technique in the late 1960s. A review by 
Wagner et al. in 1992 compares and contrasts NMR and X-ray techniques in the structure 
determination of proteins [3]. This is not to say that new fundamental areas in NMR will 
not be discovered. For example, very high magnetic fields may still hold some surprises, 
but for the most part NMR has settled down. This also does not mean that there are not 
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exciting and fundamental applications yet to be developed, especially in the area of spin 
relaxation, and these will rest upon established statistical mechanical methods. 

It is also not an exaggeration to say that from the time the sample tube is placed in the 
magnet, running spectra and analyzing the data is almost totally automated. This is a 
credit to the companies that design and develop the instrumentation. The areas that are 
not fully automated are those which are reviewed here. NMR spectra provide four cate- 
gories of data: frequencies (chemical shifts); coupling constants (J values); intensities; and 
line widths (relaxation times) [l]. The first three categories contain the information that 
allows a structure to be determined, and the last allows molecular dynamics to be studied. 

Although structure determination in most chemical applications - especially when 
coupled with IR spectroscopy and X-ray crystallography - offers few challenges, the situa- 
tion is less satisfactory for biomolecules. These large molecules contain repeating units of 
nucleic acids or amino acids. As such, the spectra are crowded, with the spins resonating 
at similar positions, making assignments difficult. All NMR studies of biomolecules are 
done with two-dimensional (2-D) and three-dimensional (3-D) NMR which separate and 
simplify 1-D experiments. Due to slow tumbling of large proteins, present 2-D NMR 
studies are limited to molecular weights of about 10 kDa, whereas larger proteins (up to 
about 25 kDa) can be treated by routine 3-D NMR, although this limit is continually 
being challenged. NMR and X-ray crystallography are complementary techniques, one 
being applicable to small proteins or polypeptides that may not crystallize, and the other 
to larger proteins that must crystallize. 

Within the domain of protein NMR, there are three problems. One is spectral para- 
meter estimation [4] from the free induction decay (FID). This analysis is usually handled 
by fast Fourier or discrete Fourier transform techniques, but alternative algorithms have 
been proposed [5 ] .  Another, alluded to above, is the sequence-specific resonance assign- 
ment of these spectra [6, 71. Manually this is a difficult and time-consuming task, but 
attempts to automate this step have been encouraging. The third problem is protein struc- 
ture determination using distance restraints and dihedral angles. 

It is in these three areas of the NMR of biomolecules that genetic algorithms (GAS) 
have had the greatest impact and made contributions. GAS have also been applied to the 
generation of NMR pulse shapes. Thus, it is to these four areas that this review is limited. 

NMR of biomolecules has been reviewed exhaustively in excellent monographs. Up to 
1995, a complete and exhaustive treatment of biological NMR has been edited by Evans 
[8], and up to 1997 by Markley and Opella [9]. Freeman’s book on spin choreography [2] 
(spin gymnastics) is beautifully written, nonmathematical, and highly intuitive. 

The sequence-specific assignment problem is discussed in Wiithrich’s book [6] which, 
although written in 1986, remains a valuable resource and introduction to this area. 
Wiithrich also reviewed the area in 1996 [lo], while another review - which includes a 
summary of optimization techniques, including GAS - is by Zimmerman and Montelione 
Ill]. Data analysis, and a comparison of heuristic optimization methods, GAS and simu- 
lated annealing (SA), are reviewed and compared by Weber et al. [12]. 



198 10 Structure Determination by N M R  Spectroscopy 

10.2 Protein Structure Determination from NMR Data 

During the past 15 years, remarkable progress has been made in applying NMR spectro- 
scopy to the study of proteins [6, 131. For example, in NMR, the solution conditions can 
be vaned, the internal dynamics and chemical exchange phenomena can be characterized, 
and the effects of temperature change can be studied. 

Protein in solution, -0.5 ml, 2 mM concentration 

NMR spectroscopy, 1 D, 2 D, 3 D, _.. 

Sequence-specific resonance assignment 

Calculation of initial structure using distance 

Structure refinement using restrained 

Figure 1. The flowchart of the protein structure determination process 

10.2.1 Basic Approach 

The steps for determining solution structures from NMR data are depicted in Fig. 1. 
Multidimensional NMR data are acquired as a series of one-dimensional (1-D) spectra. 
Once the NMR spectra are acquired, individual peaks in the spectra must be assigned to 
sequence-specific locations in the primary structure of the protein before the distance 
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information from NOESY (Nuclear Overhauser Enhancement SpectroscopY) can be fully 
interpreted. Sequence-specific NMR resonance assignment plays a pivotal role in the 
structure determination process. 

Full analysis of the NOESY spectrum provides many distance restraints between the 
hydrogen atoms of a protein. The interproton distance can be calculated from the intensity 
of the NOE cross peaks, provided that a fixed distance can be found for calibration. Gen- 
erally speaking, an NOE peak with strong intensity may indicate that two protons are 
within 2.5 8, of each other, while a weak NOE peak corresponds to an upper limit of 5 A. 

Many other geometrical restraints can be inferred using various methods. One of the 
restraints available from NMR data comes in the form of information concerning dihedral 
angles. ?iuo dihedral angles are associated with each peptide bond. The angle @ is the 
torsion angle between bonds N-H and C,-aH while the angle 2/, is another torsion angle 
between bonds C,-aH and C'O(Fig. 2). 

*, Ca 

Figure 2. The torsion angles of an amino acid residue. 

The dihedral angle @ can be calculated from the vicinal spin-spin coupling constant 
3 ~ , H . N H  using the Karplus equation [14, 151: 

J=H-NH = 6.4 COS* 0 - 1.4 C O S ~  + 1.9 3 

where 0 = I@ - 601 and 3J is given in Hertz. With the use of Eq. (l), measurement of 
J,H-NH gives complementary information to NOE distance restraints for calculating the 

initial structure of a protein. 
The next step is to determine an initial protein structure which is consistent with the 

hundreds of NOE restraints and, frequently, with some other conformational restraints. 
Distance geometry is the most commonly used mathematical procedure by which distance 
restraints are converted into 3-D structures [16]. The distance geometry procedure essen- 
tially is a projection from a high-dimensional space (in which thousands of distance rela- 

3 
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tions can be accommodated) into ordinary 3-D space. The initial structures calculated 
from distance geometry almost always violate many of the experimental restraints. Subse- 
quently, structure refinement is required to obtain a high-resolution protein structure. 

10.2.2 The Important Role of Sequence-Specific Resonance Assignment 

As described above, NMR spectra contain information from which biomolecular struc- 
tures in solution can be determined. However, none of the embedded information can be 
used without having the resonances of the biomolecules assigned. In other words, it must 
first be determined which resonances come from which nuclear spins. This is a common 
problem or process in all types of spectroscopy. The process of associating specific spins 
in the molecule with specific resonances is called sequence-specific resonance assignment. 

Sequence-specific resonance assignment is essential in three areas of biomolecular 
NMR application: (i) biomolecular structural analysis: (ii) intermolecular interaction with 
biopolymers; and (iii) studies of molecular dynamics. The importance of resonance assign- 
ment in these three areas is discussed below. 

As a first discussion, consider the determination of protein structures from NMR data. 
The structural information comes mainly from NMR cross peaks. An NOE peak between 
two hydrogen atoms (or groups of hydrogen atoms) is observed if these hydrogens are 
located at shorter distances than approximately 5.0 A from each other. Without sequence- 
specific resonance assignment, it is impossible to determine to which of the two hydrogen 
atoms a specific distance restraint refers. On the other hand, when combined with reso- 
nance assignment, these distance restraints can be attributed to specific sites along the 
protein chain and therefore the 3-D structure can be formed. 

The second application where resonance assignment is pivotal is in studies of intermo- 
lecular interaction. For example, in the study of the protein-DNA binding interaction, it is 
important to know the binding sites. The intermolecular NOE peaks can be manifested at 
short distances between nuclear spins located in different interacting molecules. Without 
sequence-specific assignment, such NOE data merely indicate that the intermolecular 
interaction has occurred. When combined with assigned resonances, the NOE data identi- 
fy the binding sites of the intermolecular contacts. 

The study of protein dynamics has made significant progress during the past few years. 
These studies rely on the observation of certain spectral properties in distinct NMR lines 
(peaks) that can be correlated with intramolecular motion. Once the NMR lines responsi- 
ble for the study region (such as a methyl group) have been assigned, it is then possible 
to investigate the desired spectral properties in the corresponding spectra. For a recent 
and more detailed review of NMR of macromolecules, see Driscoll and Kristensen [17]. 

10.2.3 The Difference Between Resonance Assignment and NOE 
Assignment 

Before describing the strategy of protein resonance assignment, the sometimes confusing 
term “NOE assignment” should first be clarified. 
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The sequence-specific assignment of protein resonances is a process of associating 
specific nuclear spins in the protein with specific resonances, that is, chemical shifts. The 
process may or may not involve NOE data. In the traditional resonance assignment strat- 
egy using homonuclear 2-D NMR, the inter-residue connectivities are established from 
NOESY data. Recently, heteronuclear 3-D NMR has provided inter-residue connectivities 
through a series of triple resonance experiments; thus, there is no need to use NOE data. 

NOE assignment is the analysis of the NOESY peak set to locate as many proton-pro- 
ton distance restraints as possible. The sequence-specific resonance assignment usually 
assigns only a few backbone NOE correlations, such as daN(i,i+l), dNN(i,i+l), d,~(i,i+3), 
and so forth. The backbone NOE correlations provide the required sequential connectiv- 
ities for placing amino acid residues at their corresponding locations along the primary 
sequence. The majority of the NOE peaks, however, remain unassigned in the resonance 
assignment stage. The NOE assignment process is responsible for determining all the 
short- and long-range inter-residue NOE correlations. 

Chemical shift degeneracy sometimes makes complete NOE assignment difficult in the 
protein side-chain region. For example, consider 10 protons resonating at 1.88 p.p.m., and 
there is an NOE peak with frequencies (1.88, 2.43) to be assigned. It is difficult to deter- 
mine which one of the 10 protons is responsible for that NOE peak. 

10.3 Summary of Manual Assignment Strategy 

Resonance assignment has been one of the major hurdles for protein structural analysis 
from NMR data. Significant progress has been made through the introduction of 2-D, 3-D 
and even four-dimensional (4-D) NMR experiments. When combined with systematic 
approaches for spectral analysis, although it is still tedious and time-consuming work, the 
resonance assignment of protein spectra is no longer an unmanageable task. 

Except for resonance assignment, most other aspects of protein structure determination 
rely heavily on computers. Therefore it is natural to seek software that permits fully auto- 
mated resonance assignment. Before reviewing the main aspects of automated resonance 
assignment, the traditional but effective manual assignment strategy is described. 

10.3.1 Manual Assignment from Homonuclear 2-D NMR Spectra 

After the 2-D COSY (Correlation SpectroscopY) and NOESY experiments were first ap- 
plied to proteins, it was realized that the intra- and inter-residue covalent linkage could 
be readily achieved, provided that the NMR data were of high quality. The idea for 
systematic assignment of proton resonances in proteins was first proposed by Wuthrich et 
al. [18] in 1982. Another approach, proposed by Englander and Wand [19], uses the same 
COSY and NOESY information, but in a different order. This approach is referred to as 
Main-Chain-Directed (MCD) assignment. 
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Wiithrich's assignment strategy includes the following steps: 
1. The spin systems of the protons in individual amino acid residues are identified using 

as many as possible of the through-bond 'H-'H connectivities, which are mainly pro- 
vided by 2-D COSY experiments. 

2. Sequentially neighboring amino acid 'H spin systems are identified from observation 
of the sequential NOE connectivities duN(i,i+l), dNN(i,i+l), or possibly dpN(i,i+l) 

3. Combining the information in the above, it is possible to establish chains of amino 
acid spin systems corresponding to peptide segments that are sufficiently long to be 
unique when compared to the primary sequence of protein. Sequence-specific assign- 
ment can then be obtained by matching the identified chains of spin systems with the 
corresponding segment in the independently determined protein primary sequence. 

10.3.2 Identification of Amino Acid Proton-Proton Spin Systems 

Identification of proton-proton spin connectivities (spin graphs) of individual amino acid 
residues is usually achieved by analysis of 'H COSY spectra in D 2 0  solution after repla- 
cement of all labile protons with deuterium. An attempt is made to collect all J-coupled 
resonances arising from the same amino acid residue. The 20 common amino acid resi- 
dues produce 10 different COSY connectivity patterns for the aliphatic protons and four 
patterns for the aromatic rings. Fig. 3 shows all of the 14 patterns from COSY spectra. 

In a crowded COSY spectrum, spectral overlap and chemical shift degeneracy make 
the identification of unique patterns difficult. A RELAYED-COSY or (Total Correlation 
SpectroscopY) TOCSY spectrum [20], which provides redundant information about the 
amino acid patterns, often allows the ambiguous assignments to be resolved. 

10.3.3 Sequential Assignment via Proton-Proton NOE 

Using 2-D COSY and possibly TOCSY spectra, the 'H amino acid spin systems can be 
identified. As shown in Fig. 3, certain amino acids have unique connectivity patterns, such 
as Val, Ile, Ala, Gly, Leu, and Thr. It is possible to assign the deduced spin systems to 
those unique amino acids directly. However, for AMX-type spin systems (one a H  and 
two BHs), unique assignments are generally unachievable. Wiithrich [6] proposed four 
different methods to classify the amino acid types; these are summarized in Table 1. 
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Ser,Cys,Asp 
Asn, Phe, His 

Thr 

rCH, 

NH 
a 

/ NH 

Pro, Arg / 
Gln, Glu, 
Met 

His ring Phe ring Trp ring 

4H Z.6H 5H 

6H 

4H a zn a 

3.5n a 7H@ 

2H 4H 

a a 

Val / k NH 

Tyr ring 

Figure 3. ?he 20 common amino acids and their spin coupling graphs. 
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Table 1. Four different classifications of the 20 amino acids. 

10 Structure Determination by N M R  Spectroscopy 

Category 

1 

2 

I I 

Number of amino Descriptions 
acid types in 
this category 

8 

13 

Gly, Ala, Val, Leu, Ile, Thr, (all aCH-BCH*), (all others) 

Gly, Ala, Val, Leu, Ile, Thr, Phe, Tyr, Trp, His 
Ser, (Cys, Asp, Asn), (all others) 

3 

4 

15 Gly, Ala, Val, Leu, Ile, Thr, Phe, Tjr, Trp, His 
Ser, (Cys, Asp, Asn), Pro, (Lys, Arg), (Met, Glu, Gln) 

Gly, Ala, Val, Leu, Ile, Thr, Phe, S r ,  Trp, His 
Ser, Cys, (Asp, Asn), Pro, Lys, Arg, Met, (Glu, Gln) 

18 

Before the NOE information can be used to create sequential connectivities, the 
deduced spin systems must be classified according to one of the above amino acid types. 
This task is achieved by inspecting the chemical shifts and the spin coupling patterns. 

Wuthrich 161 also found that there is a high possibility that at least one proton among 
the NH, aH, or PH from one residue will be near (less than 3.5 A, that is within the 
allowed NOE range) to the NH of the following residue. Thus by searching appropriate 
daN, dNN or d&i, i + l )  NOE correlations in the NOESY spectrum, it should be straight- 
forward to step from one residue to the next along the primary sequence. Once the 
connections between spin systems are established, the connected spin systems must be 
matched with the known protein primary sequence. 

10.3.4 Manual Assignment from Heteronuclear 3-D NMR 

Heteronuclear 3-D NMR experiments make use of the one-bond couplings, IJH-x where 
X is 13C or I'N, to overcome the spectral line broadening problem. Several triple reso- 
nance NMR experiments have been designed to conduct the sequence-specific resonance 
assignments without using crowded NOESY spectra. 

The inter-residue correlations are traditionally provided by NOE-type experiments 
where through-space dipolar couplings contribute to the observed cross peaks. Certain 
triple resonance NMR experiments, such as 3-D HNCA, HNCO, HCA(CO)N, also pro- 
vide inter-residue correlations where one-bond scalar couplings contribute to the observed 
cross peaks. The names of these experiments are derived from the pathway by which 
polarization is transferred within or between amino acids. By properly combining several 
triple resonance NMR experiments, it is possible to establish a sequential walk from one 
residue to the next without using NOE information. Fig. 4 is an example where assign- 
ment is carried out by merging previously assigned frequencies with each subsequent 
spectrum. 
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HNCA 

TDCSY-HMQC 

HCACO 

+ 

+ 
= NH N HA CA CO m 
+ NH N HA CA / C O  I 
= CIIIcI NH N HA CA CO 

HNCO 

Figure 4. Correlations observed in the five triple resonance NMR experiments. 

In the first two steps [HNCA and TOCSY-HMQC (Heteronuclear MultiQuantum Cor- 
relations)], the NH and "N frequencies of residue (i) are used to obtain the assignment 
of the C, and aH of the same residue. The C, and a H  frequencies are then used to 
obtain assignments for the CO of residue (i) and ''N of residue (i+Z) with the HCACO 
and HCA(C0)N experiments. Finally, the CO and I5N frequencies are used to find the 
NH proton frequency of residue (i) with the HNCO spectrum, thus completing one cycle 
of the assignment. 

10.4 Automated Sequential Assignment in NMR 
Spectroscopy 

As discussed in section 10.2, valuable information such as the distance restraints cannot 
be extracted until the spectra are properly assigned. Due to complexities and imperfec- 
tions such as missing peaks, spectral overlapping and artifacts in the spectra, the assign- 
ment process is time-consuming and often incomplete. These difficulties also provide chal- 
lenges for automated assignment procedures. Considerable effort has been devoted to the 
development of computer programs designed to permit automatic assignment, or at least 
to aid in the interpretation process. 

The strategy of automated resonance assignment essentially parallels the manual assign- 
ment strategy. Although the integration of resonance assignment and structure calculation 
1211 has been proposed, almost all of the published attempts are designed for spin system 
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identification, sequential assignment or both. In other words, structure calculations are 
usually separated from resonance assignments. Following this division, the automated 
assignment procedures are discussed first in this section. Following this, structure calcula- 
tions are reviewed in section 10.5. 

In general, automatic resonance assignment can be divided into three stages. The first 
stage is to extract all possible spin systems from the spectra, such as COSY and TOCSY 
in the 2-D case. In the second stage, attempts are made to map these spin systems to the 
20 amino acid types. Chemical shift and spin coupling topologies are used in the pattern 
recognition process. Due to the clustering of the amino acid chemical shifts in narrow 
regions and the possibilities of missing peaks in the spin systems, however, each spin sys- 
tem is usually mapped to more than one amino acid type. That is, rather than mapping a 
spin system to a specific amino acid, a candidate list is generated in which all the possible 
mappings are listed and a ranking system is devised. The final stage is sequentially to 
assign these recognized spin systems to the primary sequence of the protein. This step is 
difficult to automate, as an exhaustive search of all possible sequential assignments based 
on the spin systems’ mapping lists often leads to a combinatorial explosion. 

In this section, the characteristics of automated resonance assignment tools are dis- 
cussed, along with some problems and the limitations of automated assignment proce- 
dures. 

10.4.1 Basic Requirements of Automated Methods 

A complete automated assignment program should be capable of extracting spin systems 
from available spectral data. Furthermore, a tool should be provided for identification of 
the amino acid types. As for the sequence-specific assignment, both common approaches, 
that is use of inter-residue NOE and use of triple resonance heteronuclear 3-D NMR, 
should be taken into consideration. The design should allow the sequential connectivities 
to be created in a reasonable amount of time. A variety of algorithms has been applied to 
implement the above requirements, including those using systematic approaches [21-281, 
as well as artificial intelligence, such as expert systems [29], neural networks [30, 311, 
restraint propagation [32] and GAS [33]. 

An important characteristic of a good automated assignment program is that it should 
have the flexibility to accept many different types of NMR data from various experi- 
ments. NMR spectroscopists are continuously creating novel experiments. The continuing 
advance of NMR hardware and biotechnology generates specific experiments for a speci- 
fic protein sample. Algorithms designed for specific types of experiments, however, some- 
times outperform general-purpose algorithms because the latter might be unable to take 
full advantage of all the information embedded in a spectrum. 

Although the ultimate goal of resonance assignment is complete automation, human 
intervention is inevitable in today’s automated assignment tools due simply to the com- 
plexity of the spectral data which makes complete automation difficult to achieve. Auto- 
mated assignment software should not become a “black box” which prevents users from 
understanding the internal actions and processes. It is better to allow the software to have 
the capability of interacting with users at various stages during the assignment process 
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while simultaneously preventing it from becoming merely a book-keeping tool. In this 
regard, degenerate chemical shifts can result in strange spin systems. An example of this 
is a spin system with one aH and four PHs that can be generated due to degenerate a H  
chemical shifts. Although it is easy for computer algorithms to determine which spin sys- 
tems are incompatible with the 20 common amino acids using the spin coupling patterns, 
human inspection is useful to separate such degenerate chemical shifts. 

In order to obtain an accurate assignment, a program should ideally be able to use as 
much information as is available. Knowledge about the structural environment, such as a 
helix, P-strand, and coil may make it possible to predict the chemical shift range of cer- 
tain protons. 

In the actual assignment, the known chemical shift ranges can be treated as additional 
evidence to confirm or reject an assignment. The experimental conditions under which 
the spectra are acquired may help users predict which peaks are present in the spectra, 
and which are not. A mutant or homologous protein may be assigned rapidly as long as 
the original protein has been sequentially assigned [34, 351. A 2-D 13C HMQC spectrum 
may help to unfold the I3C chemical shifts of a 3-D spectrum. Such miscellaneous infor- 
mation is sometimes essential for a successful resonance assignment. 

In terms of the quality of the NMR data, a good automated assignment tool should be 
able to overcome problems caused by false and missing peaks. The software should toler- 
ate missing peaks to a considerable extent, just as it should also be able to reject false 
data. To accomplish this, automated assignment algorithms should inspect all logical rela- 
tionships that exist between a suspicious peak and its surroundings. A genuine peak must 
have several coupled neighboring peaks as evidence, whereas a false peak may have one 
connected neighbor and is less likely to have two or three neighbors. 

Data processing prior to assignment also plays a significant role in the design of auto- 
mated assignment software. Spectral artifacts which might be confusing to automated 
assignment procedures should be removed prior to the start of the actual assignment pro- 
cess. Before performing a Fourier transform on the time-domain data, zero filling, linear 
prediction [36] and Karhunen-Loeve transformation [37] are useful. After Fourier trans- 
form, ridges of tl noise can be removed manually [38, 391. 

The most critical preassignment processing is the peak picking procedure. The simplest 
approach is either to pick all points above a given threshold, or to use a maxima detecting 
procedure to find local maxima. These simple approaches seem incapable, to date, of pro- 
viding reliable peak lists. A great number of peaks - many of them noise - can be gener- 
ated. A more advanced approach is to implement user-defined peak shapes (for example, 
ellipsoids) and search for peaks having those shapes in the spectrum. Garrett et al. [40] 
have designed a software package called CAPP (Computer-Aided Peak Picking) based on 
this approach. Artificial neural networks [41], after training with examples, also have the 
capability to distinguish real from false peaks. 

Spectral alignment is another preassignment problem. Almost all assignment strategies 
use several different types of spectra, and the same hydrogen atom may appear at slightly 
different positions in those spectra. This chemical shift inconsistency can cause problems 
when comparing chemical shifts or peaks from two or more different spectra. If the incon- 
sistency is systematic - that is, all nuclear spins shift in the same direction by roughly the 
same distance - the correction is straightforward. Otherwise, a common approach is to 
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introduce tolerance values in the actual assignment stage. Every comparison between two 
chemical shifts from different spectra must pass the tolerance, though of course, some 
incorrect matches are inevitable. 

10.4.2 Human versus Machine 

Some people argue that automated assignment tools do not have much use, simply 
because computers can do no more than humans can do. Although the argument is true, 
this does not imply that the computer-assisted assignments are valueless. Due to the com- 
plexity of the task, complete automation of resonance assignment remains a worthwhile 
goal. Properly designed automated assignment software, however, does reduce the effort 
and the time required to assign a spectrum. 

Another common argument is that automated assignment tools should be able to ob- 
tain the results with fewer data than humans need. Many of the present automated assign- 
ment programs simply emulate manual assignment strategies. It is apparent that to 
achieve the goal of “using fewer NMR experiments”, one must exclusively implement 
different assignment strategies for computers. We would like to emphasize, however, that 
computer programs cannot achieve what people cannot. If a person cannot complete the 
assignment using a limited data set in an unlimited amount of time, there is no reason to 
expect that computers will succeed. 

Manual assignment is not 100 % deterministic; that is, independently obtained assign- 
ments from two persons might differ because of differences in human bias and intuition. 
In contrast, every step is deterministic in most computer assignment strategies, as intuition 
and bias are not involved. If a person is able to assign protein NMR data without using 
any personal bias or intuition - that is, every step has a clear logical basis - computer- 
assisted assignment tools should be able to produce identical assignment in much shorter 
time. This is probably the main advantage of using automated resonance assignment tools. 
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Figure 5. Schematic illustration showing how overlapped resonances are resolved. (a) Fragments from 
two molecules are shown. (b) The chemical shifts of the protons and carbons are displayed. Reso- 
nances in boxes are those having significantly overlapped chemical shifts. 
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Even so, cases exist that cannot be resolved. Putting missing peaks and low resolution 
aside for the moment, consider two glutamines at positions El6 and E21 in the 90-residue 
protein N-domain of chicken skeletal troponin-C. As seen in Fig. 5, the data for these two 
residues, obtained from 3-D HCCH-COSY/TOCSY, are heavily overlapped, and neither 
human nor machine can disentangle this. Such cases of severe overlap underscore the 
major challenge in devising automated methods. 

10.4.3 Automated Procedures which Incorporate GAS 

Zimmerman and Montelione [ l l ]  reviewed and compared progress in the development of 
semi- and fully automated approaches to protein resonance assignments up to 1995. Weh- 
rens et al. [33] treated the sequential assignment as a subset selection problem. In refer- 
ence to the difficulties relating to the combinatorial explosion, consider that there are N 
spin systems identified and these systems are to be mapped to M positions in the protein 
sequence (assume N > M in most cases). The size of the search space is therefore N!/(N- 
M)!. This number can become too large for systematic and exhaustive searches. To solve 
this problem, a G A  with a specially developed subset encoding along with specifically 
designed crossover and mutation operators was used. The candidate solutions were repre- 
sented as a permutation of the N possible elements and only the first M elements are 
evaluated in the fitness function. The fitness function used in this work was basically the 
count of how many valid pattern combinations were presented in the solution. The cross- 
over operator was designed to preserve position as much as possible and two special 
mutation operators, reorder mutation and trade mutation, were used. Reorder mutation 
swaps two elements in the first M elements of a solution, while trade mutation swaps an 
element from the first M elements with an element of the last N - M  elements. 

The method was tested on a number of real and simulated data sets, and the authors 
[33] assert that the GA is a promising technique to be used in automatic sequential 
assignment of NMR spectra, especially in cases where the errors present prohibit other 
techniques from producing meaningful results. Our own work in this area has tackled the 
problem of missing peaks and overlap for 2-D NMR [22-241 and 3-D NMR [2ti28] using 
graph theory and fuzzy mathematics. Essentially, peak sets from various experiments are 
merged using a number of restraints. The resulting spin graphs are then mapped to amino 
acids using a knowledge base of chemical shifts. The knowledge base contains not only 
the chemical shifts, but also the standard deviations of each resonance. Pattern recogni- 
tion of the graphs makes use of fuzzy mathematics. The main difference between the 2-D 
and 3-D strategy is that, in the former case, the algorithms attempt to identify the com- 
plete residue, while in the latter case, 3-D data were first used to generate the protein 
backbone. Following this, the aliphatic side chains are mapped to the backbone to give 
the final assignment. 

Good results were obtained with good data sets, although the generation of too many 
amino acid candidates for a given spin graph often led to a combinatorial explosion. 
Although refinements improved this, a way to reduce the number of candidates is to im- 
prove the knowledge base. Employing neural networks [42], the conformational depen- 
dencies of the chemical shifts of 'H, 13C, and ''N were studied. Depending on the confor- 



210 10 Structure Determination by N M R  Spectroscopy 

mation, (helix, sheet, and coil), small but systematic shifts of the chemical shift data were 
found. Other approaches to improve pattern recognition based upon neural networks, 
GAS and SA have had success in this area and are discussed below. 

In another application of neural networks, Huang et al. [43] used 456 spin systems from 
several proteins containing various types of secondary structure to train the network. This 
was tested on human ubiquitin, which contained no homologies with the training set. In 
60% of the spin systems, the correct amino acid class was among the top two choices 
given by the network, while for 96% of the spin systems, the secondary structure was 
correctly identified, thus showing the potential for neural networks for resonance assign- 
ments. 

GARANT is General Algorithm for Resonance AssignmeNT [44, 451 for the automatic 
resonance assignment of NMR spectra of proteins. Available free from Wuthrich's labora- 
tory (http://www.mol.biol.ethz.ch/wuthrichlsoftware/garant/), GARANT uses data from 
various NMR spectra, different line shapes, peak intensities or 3-D structures and chemi- 
cal shifts of homologous proteins. This greatly aids in circumventing the problems of 
incomplete data. Moreover, it combines the matching of spin graphs with a scoring tech- 
nique and the use of a GA with a local optimization routine. The task of finding the 
optimal homomorphism between the graphs and observed peaks grows exponentially with 
the size of the problem, and use of a GA avoids these excessive calculations. Tests show 
that combining GA and local optimization routines yields results that are clearly superior 
to those obtained when using either of the two techniques separately. In the systems stu- 
died [44], nearly complete assignment of the polypeptide backbone resonances and assign- 
ment of over 80 % of the amino acid side-chain resonances was obtained without manual 
intervention. The authors point out that further improvement of automated resonance 
assignments may primarily depend on the development of peak-picking procedures with 
improved handling of spectral overlap and noise bands. 

A pattern recognition algorithm, developed by Croft et al. [46] claims success in redu- 
cing the search time in pattern recognition. Using 3-D data, assignment strategies are 
applied directly to the NMR data to identify both side-chain and backbone spins. The 
program goes through a series of filters, the last of which employs various heuristic argu- 
ments to remove redundant results. Applicable to a wide variety of spectrum types, this 
approach reduces computational time and shows good results on the systems studied. 

Filtering and reducing the number of candidates from pattern recognition involves 
assigning a score to each. Lukin et al. [47] report success in the use of SA to maximize 
the score. First, they use statistical methods to identify the spin systems from 3-D NMR, 
and then SA generates the final sequential assignment. In the cases studied, although 
these authors report excellent assignment results, they also point out that a number of 
problems arise due to poor dispersion of chemical shifts and low SNR (signal-to-noise 
ratio). They also indicate that chemical exchange and conformational heterogeneity can 
lead to different sets of chemical shifts. These problems should be overcome by the SA 
optimization leading to one assignment. The algorithms are designed especially to use 3-D 
NMR data and are applicable to larger proteins. 
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10.4.4 Conclusion 

There is no doubt that during the past five years significant progress has been made in 
the automation of the sequence-specific assignment of protein resonances Earlier book- 
keeping techniques have given way to serious attempts to carry out complete assignments. 
The programs have moved from 2-D to 3-D NMR; allowed for a large variety of experi- 
ments; encouraged manual input and involved schemes which more or less followed 
manual protocols. The difficulty that these attempts face is a combinatorial explosion of 
possible assignments as the protein size increases. The use of neural networks, SA, and 
GAS - and combinations of these - have shown various degrees of success in tackling this 
problem. A significant problem, mentioned in most applications, is the inability of peak 
picking programs to pick accurate peak lists, and this is an area where improvements are 
needed. It seems likely that these approaches will eventually lead to methods that will 
give reliable and reproducible results which the experimentalist can trust, and which will 
allow for the routine and rapid structure determination of many interesting proteins. 

10.5 Protein Structure Optimization 

As discussed in section 10.2, once the sequence-specific resonance assignment has been 
carried out, it is then known from NOESY experiments which amino acid residues are in 
close proximity. Although a complete assignment is not necessary, the NOESY data avail- 
able provide distance restraints that are used in distance geometry optimization. A multi- 
dimensional space is reduced to a 3-D structure space, and in the process a global mini- 
mum is sought which corresponds to the best structure. 

Several studies usidg GAS for protein structure prediction have been made during the 
past five years, and a detailed review about this topic has been prepared by Pedersen and 
Moult [48]. Besides these, GAS have also been applied to molecular modeling, QSAR 
(quantitative structure-activity relationships) and drug design [49], as described in the 
remainder of this book. 

DGII [50] is a well-established method that uses distance geometry (DG) to determine 
structure. The individual structures generated by distance geometry (DGII) calculation 
are usually of poor quality when the experimental data are incomplete and imprecise. In 
most cases, they are only partially matched with the structural properties of the true struc- 
ture. Another method called DGQ (Distance Geometry-Optimized Metric matrix Embed- 
ding by Genetic Algorithms) was proposed [Sl], which uses a GA to combine well- 
defined parts of individual structures generated by a distance geometry program such as 
DGII. Sets of new upper and lower bounds are then identified within the original experi- 
mental restraints that restrict the sampling of the metrization algorithm to the most 
promising regions of conformational space. DGQ appears to improve the convergence be- 
havior as well as sampling properties compared to standard distance geometry techniques. 

In the DGQ approach, a complete set of modified restraints is encoded in each string 
(chromosome). These string-represented structures are then used as input for the DGII 
algorithm. After calculation and fitness evaluation, these strings are recombined by the 
crossover operator and a special mutation operator is then applied to adjust the restraints. 
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By using this evolutionary optimization strategy, the process limits the sampling of the 
metrization algorithm to specific ranges located within the original bounds, and a better 
structure can often be generated. Details about the implementation of the algorithm and 
further discussions are available [51]. 

Van Kampen et al. [52] compared DGO with the earlier DGII and GAT [52], a G A  
for direct optimization in torsion angle space. On comparing the three methods, it was 
found that D G S  was slightly better than DGII and GAT in sampling and convergence 
properties, but required more computational effort. GAT-generated structures, although 
inferior to those from DGII and DGO, have a better defined covalent geometry. In spite 
of combining DGII with a GA, the D G S  method required the same refinement time as 
when SA was used. 

Van Kampen and Buydens [53] also compared a GA with SA for structure determina- 
tion of a heptapeptide in torsion angle space. The study focused on'the crossover opera- 
tion in GA and concluded that, in this case, the GA was outperformed by SA. 

May and Johnson [54, 551 used a GA, dynamic programming and least-squares minimi- 
zation to compare protein structures. Their first paper describes how a GA is used to 
search for optimal structure comparisons, and the second discusses refinements of their 
methods. Pointing out that there are a number of reasons for wanting to compare the 
structures of two proteins, they describe how a GA is used, with the only required input 
being the sets of co-ordinates. Their method defines at least the same number of topologi- 
cal equivalences as the other procedures for this purpose, but always with a lower root 
mean square distance between them. 

In a continuation of this work [54, 551, May and Johnson describe an extension to their 
methods of finding local structural similarities among families of unrelated protein struc- 
tures. Their program [56], called GENFIT, evolved from the above work and can locate 
and superimpose regions of local structural homology regardless of their position in a pair 
of structures, the fold topology or the chain direction. Again based upon a GA, the com- 
putations use parallel processing and converge rapidly. A number of examples are given 
which convincingly demonstrate the viability and usefulness of their methods. In a similar, 
and earlier approach, protein surfaces are compared using a GA, again reporting good 
success [57]. 

In a paper by Li et al. [58],  a GA is used to identify the calcium ion positions in the 
crystal structure of a bovine prothrombin fragment. After NMR is used to determine the 
polypeptide structure, a GA is used to find the most frequently occurring low-energy 
structure for the metal placement, after which molecular dynamics (MD) simulations were 
undertaken to minimize the energy. The initial placement of the metal ion was deter- 
mined by obtaining search parameters that converged to the lowest energy structure. The 
majority of the structures obtained were identical, and this was chosen as the starting 
point for refinement, while the others were diverse and discarded. This paper (581 
describes the method. 

Ca2+ conantokin-T complexes [59, 601 were studied with NMR. The peptide structure 
was determined by conventional 2-D NMR, using TOCSY and DQF-COSY, from which 
the resonances were assigned. Following this, the structure was determined by use of 
distance geometry based upon NOES. The genetic algorithm of Li et al. [58] was used to 
study the docking of the metal ions. Using the techniques described, the initial positions 
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of the metal atoms were determined using the GA, after which molecular simulations 
were used to refine the docking locations. This application of a GA to elucidate protein 
function lends support to the methods and its utility for further similar studies. The struc- 
ture and function of conantokin G has also been studied by Rigby et al. [61] using NMR. 
A GA was used to locate the initial calcium position, which was then refined by MD. 

GENFOLD [62] is a GA that calculates protein structures using restraints obtained 
from NMR, such as distances derived from NOES and dihedral angles. Three proteins 
were studied, the largest being 108 residues. The program calculated structures that were 
close to the target structures and could then be refined by SA to give structures indistin- 
guishable from the targets. Applicable to both helical and sheet proteins, the size of the 
protein does not increase the optimization time significantly. The advantages offered by 
GENFOLD over other structure determination methods are discussed in detail. 

Beckers et al. [63] use a GA to interpret NOE distance restraints on the 3-D structure 
of dimers present in a DNA complex. The GA was used to minimize violations of the 
distance restraints. The torsion angles were allowed to vary over a wide range, and by 
keeping the bond angle geometries fixed, while applying the DG calculations, it was 
shown that bond angle geometry has a significant effect on the resulting conformation. 
The algorithm optimized to one family of structures and this differed from distance geo- 
metry calculations. The distance geometry calculations produced unreliable bond angles, 
while the G A  yielded more reliable results, thereby lending credibility to the GA 
approach. 

The distance restraints from NMR are not consistent with a single conformation, but 
rather an ensemble of conformers. With a program called FINGAR [64] (FIt NMR using 
Genetic AlgoRithm), Pearlman studies a weighted set of structures that best fits mea- 
sured NMR-derived data. Noting that DG calculations can generate structures that fulfil 
the NOE restraints, he points out that DG does not take into account the potential 
energy effectively. He shows appreciable advantages over commonly used refinement 
methods using FINGAR and suggests that it is a viable alternative to DG and MD, espe- 
cially for small molecule structure refinement. Recently [65], FINGAR has been extended 
to improve the scoring function by removing problem restraints. Problem restraints are 
inaccuracies in data and incorrect assignments of NOE peaks. These errors can cause the 
convergence to fail or to produce a distorted structure. The improved method locates the 
problem restraints and removes them, leading to a disproportionate improvement in the 
value of the scoring function. 

SAGA [66] (Sequence Alignment by Genetic Algorithm) is an optimization approach 
which avoids the problem of converging to a local minimum. Emphasis is placed on con- 
structing the objective function (OF) and its optimization by a GA. When applied to sys- 
tems with known tertiary structure, SAGA performed well. Notredame and Higgins [66] 
compare SAGA to molecular simulation algorithms and other stochastic optimization 
approaches, and find that SAGA does as well or better in the cases studied. Although not 
as fast as other optimization procedures, they point out that they have not attempted to 
improve the efficiency of SAGA but rather have focused on the method. Their most 
recent work [67] has improved the efficiency and developed a new method called COFFEE 
(Consistency based Objective Function For alignmEnt Evaluation). They show that multi- 
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ple sequence alignments can be optimized for their COFFEE score with the GA package 
SAGA. 

10.6 NMR Spectral Parameter Estimation from Time Domain 

10.6.1 Shortcomings of Discrete Fourier ’Ikansform 

Data 

Discrete Fourier Transformation (DFT) is the most important technique for time series 
estimation. The first “FT-NMR” experiment was carried out by Ernst and Anderson in 
1965 [68]. In the same year, Cooley and lbkey published an algorithm for computing the 
DFT in a much faster way [69]. Computation order improved from O(N2) to O(N log N). 
There is no doubt that DFT has played a crucial role in the evolution of the NMR techni- 
que, and revolutionized both instrumentation and application. 

Despite the usefulness of DFT, it has some well-known shortcomings for NMR data 
analysis under certain conditions, such as low digital resolution and spectral side bands in 
truncated data and short time series. All these hamper the quantification of spectroscopic 
data. One of the examples is the quantification of in vivo magnetic resonance spectra. In 
vivo magnetic resonance spectroscopy (MRS) allows the noninvasive investigation of me- 
tabolic states in selected organs of human body. To use this technique as a medical diag- 
nostic tool, reliable quantification of the metabolite concentrations is vital. Severe pro- 
blems, however, are encountered because in vivo MRS data usually suffer from a poor 
SNR, a low spectral resolution, and strong overlapping peaks. Owing to these reasons, var- 
ious spectral processing algorithms have been proposed to overcome the intrinsic limita- 
tions of DFT. Among them is a class of methods which employ the specific mathematical 
properties of exponential decay behind the NMR data model to quantify the spectral para- 
meters directly from the time domain data [70]. The advantage of such time domain analy- 
sis is that any data preprocessing can be avoided before the data are fitted to models. 

10.6.2 Alternative Data Processing Methods 

NMR data processing is treated in depth by Hoch and Stern [71], whose book covers 
many topics in NMR data processing such as fast Fourier transform (FFT), parameter 
estimation, maximum entropy, and many others. Of the various spectral processing algo- 
rithms that have been proposed here to overcome limitations of DFT, only those methods 
based on time domain data analysis are discussed. One advantage of time domain analysis 
is that any data preprocessing can be avoided before the data are fitted to models. Spec- 
tral parameters, such as frequencies, damping factors, phases and amplitudes of the signal 
components can be extracted directly from the time domain FID data. Moreover, time 
domain analysis is more desirable for analysis from the point of view of automatic data 
processing. In spite of these advantages, the commonly used time domain data analysis 
methods usually fail when the SNR becomes low. It is in this area that GAS have advan- 
tages. 
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Common methods of spectral parameter estimation are Iterative Quadratic Maximum 
Likelihood (IQML) [72]; Linear Prediction Singular Value Decomposition (LPSVD) [73]; 
Total Least Square (TLS) [74] and Matrix Pencil (MP) [75]. Although all these methods 
have found to be advantageous in application, the focus here is on comparing the perfor- 
mances of these methods to a GA approach when applied to data with low SNR. 

IQML appears to outperform the other three methods when the SNR is low and when 
the signal components of the FIDs are not overlapped. In situations where there is serious 
peak overlap and the signal components have a wide ranges of damping factors (decaying 
rates) and amplitudes, IQML performs similarly to the TLS method and it outperforms 
the most commonly used LPSVD method and the recently proposed MP method. 

Usually, some a priori knowledge is available such as the frequencies and damping 
factors of some peaks. Optimization methods can incorporate these as restraints when 
searching parameter space. Using a priori knowledge, GA optimization can outperform 
IQML when the SNR of the FID is low, although IQML does not use a priori knowledge. 
Fig. 6 shows the results from eight damped sinusoidai signals with their frequencies, damp- 
ing factors and amplitudes selected randomly. Ten trials were performed and in each, dif- 
ferent random noise was added. The ranges of the frequency restraints do not need to be 
narrow. Although the computational time for GA optimization is longer than conventional 
methods, a GA can be used as a complementary method when the SNR is low and can be 
incorporated into different models when necessary. Fig. 6 shows that the GA outperforms 
the IQML methods, especially with respect to the resolution of overlapped lines. 
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Figure 6. (a) FIT of the FID (average of 10 trials) reconstructed by IQML methods (window size 
used is equal to 48). (b) FFT of the FID (average of 10 trials) reconstructed by GA method with 
frequency restraints [42]. (c) Same as (b) with different frequency restraints [42] (d) FFT of the noise- 
less FID. (e) FFTof one of the FIDs in the 10 trials showing the noise. 
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Metzger et al. [76], in a similar study to the above, applied a GA to spectral quantifica- 
tion. They note that most fitting methods developed for high-resolution NMR are based 
on a Lorentzian line shape and do not work well for in vivo data where the peaks have 
more complicated line shapes. Moreover, linear prediction methods do not allow for a 
priori knowledge. Nonlinear optimization procedures, although allowing for a priori 
knowledge, are time consuming and have difficulty reaching a global minimum. Metzger 
et al. [76] demonstrate that GA optimization offers a robust alternative for analyzing 
spectroscopic data, especially those obtained with spatial localization techniques. They 
show GA to be a general technique which can accommodate a variety of line shapes, and 
allows for the incorporation of a priori knowledge. 

Weber et al. [12] also consider heuristic optimization algorithms (GAS and SA) as 
viable alternatives to spectral quantification for MRS. They point out that poor SNR, low 
spectral resolution, and strongly overlapping peaks limit the clinical application of MRS 
using conventional methods, and that heuristic optimization methods can help resolve 
these problems. For maximum likelihood methods (IQML), the minimization often termi- 
nates at a local minimum. Weber et al. [12] find that GAS and SA are valuable alterna- 
tives, and their report outlines the details of how the GA is implemented, and discusses 
the criteria for fitness and mutations. Several cases are found where conventional optimi- 
zation techniques became trapped in local minima, but a GA found better values. It was 
also found that the starting values have less influence on the results than in conventional 
techniques. Although more reproducible results were found with SA than with the GA, 
extremely deep minima were sometimes found with the GA and not with SA. With differ- 
ent advantages and short-comings of both SA and GAS, it was not possible for Weber 
and coworkers to recommend one method over another. 

10.7 NMR Pulse Shapes 

In analyzing complex spin systems by NMR, much effort has been devoted to solving the 
problem of exciting a spin system nonuniformly across a frequency band under investiga- 
tion, for example, tailored excitation and solvent suppression sequences. The rationale for 
designing such sequences is usually based on the approximate Fourier transform relation 
between the time-domain pulse envelope and the frequency-domain excitation pattern. 
This fails, however, for pulses with large flip angles. In these cases, the frequency-domain 
excitation profile of such a pulse train is calculated by solving the Bloch equations 
numerically, and the shape of this excitation spectrum is monitored. 

Freeman and coworkers have reported that a GA approach leads quickly to acceptable 
pulse shapes [77, 781. Simple examples were used to demonstrate the idea. Pulse shaping 
functions are used for gene encoding, and instead of defining an objective function to 
evaluate the fitness of the candidate solutions, the operator intervenes and chooses the 
most “promising” chromosomes as parents for the next generation. After some genera- 
tions, pulse trains that are suitable for specific purposes can be generated. It was con- 
cluded that the genetic evolution approach could be successfully used for NMR pulse 
shaping. Moreover, insight can be obtained by noting how the various shaping functions 
influence the excitation spectrum. 
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In similar studies, Lunati et al. [79, 801 have applied evolutionary strategies to optimize 
adiabatic pulses for use in MRI, as well as high-resolution NMR. Adiabatic pulses [81] 
have now supplanted earlier attempts to tailor and create selective excitation pulses using 
composite pulses. An important reason for this is that composite pulses have a high power 
requirement, while adiabatic pulses do not. Lunati et al. have approached the problem by 
optimizing not only the adiabaticity factor, but also simultaneously minimizing the power. 
They find that their algorithm for selective excitation pulses converges in a few minutes 
on a PC. 

10.8 Summary 

The ultimate goal of protein research lies in understanding their function, how to inter- 
vene clinically, and the origins and mechanisms of life. NMR is a valuable tool along the 
way, and GAS have made significant contributions to this area. One of the advantages of 
GAS is that they have wide applicability and are not limited to specific areas. For exam- 
ple, Reijmers et al. [82, 831 use a G A  to construct phylogenetic trees [84] which show the 
divergence of protein structures over their evolutionary history. There seems no better 
application of GAS than to track the natural history of protein evolution. 

The application of GAS, however, has made significant contributions to the very areas 
of protein structure determination by NMR that have caused the most difficulties. These 
are: data processing; the resonance assignment problem; and the structure refinement pro- 
blem. In all cases where optimization is required, GAS have done as well as, if not better 
than, alternative methods. Protein structure determination from NMR is still not comple- 
tely automated. It seems likely that human intervention will always be necessary in order 
to improve the speed and accuracy of subsequent optimizations. Certainly, in the light of 
the successes to date, this progress will continue and GAS will play a significant, if not 
the major, role in overcoming the existing difficulties. 
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Abbreviations 

AM1 
BPTI 
BW 
CG 
EA 
GA 
GHRH 
HZ 
MD 
MC 
MM 
NN 
OA 
RS 
SA 

Austin model 1 
Bovine pancreatic trypsin inhibitor 
Black/White 
Conjugate gradient 
Evolutionary algorithm 
Genetic algorithm 
Growth hormone releasing hormone 
Hydrophobic zipper 
Molecular dynamics 
Monte Carlo 
Molecular mechanics 
Neural network 
Orthogonal arrays 
Random search 
Simulated annealing 

11.1 Introduction 

Establishing the functional conformation of a protein or peptide from its primary amino 
acid sequence remains a central problem in biology. The most recent progress towards 
this goal has been in the areas of comparative modeling [l, 21 and fold recognition [3, 41. 
This progress has been a consequence of the increasingly large number of experimental 
structures that has become available. The database of known structures is used to assist 
directly in the determination of the conformation of protein and peptide sequences for 
which there exist no experimental structure information. The classical ab initio protein 
structure prediction problem - in which only the amino acid sequence and an energy 
model of atomic or residual interactions are available - has been more resistant to attack 
by theoretical methods [5, 61. 

nYo predominant schools of thought exist within the field of theoretical protein folding. 
The first school believes that computational models of protein folding can be used to 
understand the basic physics and kinetics driving the natural folding process. The other is 
driven solely by the development of algorithms that can directly predict the experimental 
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structure from the amino acid sequence alone. This chapter will not focus on either of 
these two schools of thought, but will rather focus on the use of evolutionary algorithms 
(EAs) to solve and understand protein folding. 

In the following text, the aim of understanding protein folding is discussed in section 
11.2. The peptide and energy models that have been used, together with the simulation 
protocols and a short overview of the spaces in which evolutionary algorithms can be 
applied are outlined in section 11.3. In section 11.4, the current understanding of protein 
folding from the perspective of evolutionary algorithms is summarized. Finally, in section 
11.5, we explore how EA simulations of protein folding can be used in molecular design 
and drug discovery. 

11.2 Searching for Functional Conformations of Peptides 

The protein folding problem is traditionally divided into two subproblems: (i) the confor- 
mational search problem; and (ii) the identification of suitable discriminating functions. 
Arguably, there exists a solution to both of these problems. Established molecular 
dynamics (MD) methods, together with an all-atom force field and an explicit solvent 
description, are believed to reproduce reliably the motion of a polypeptide chain as a 
function of time [7]. If this is true, it would be possible to generate the functional confor- 
mation of a protein by starting a simulation with a random conformation and running for 
a sufficient length of time. The problem with MD simulations is that the time needed to 
search the conformational space adequately is intractable. Current MD simulation meth- 
ods and state-of-the-art hardware can generate MD trajectories that represent a time 
window of seconds. In vitro protein folding typically occurs over a period of 1 second 
to 10 minutes. Simulations can be speeded up in a number of ways: simplified representa- 
tions of polypeptide chains can reduce the number of atoms that need to be handled in 
the simulation; larger steps in the simulation allow more conformational space to be 
searched with the same computational power; and novel, simplified energy models that 
require fewer mathematical operations allow faster evaluation of the inter- and intramole- 
cular forces acting on each atom during the simulation. Larger steps have often been 
made in Monte Carlo (MC) type simulations performed in dihedral angle space rather 
than Cartesian space. Large trial angles are applied to individual or multiple torsion 
angles and the resulting energy evaluated; if the energy decreases, the new conformation 
is accepted. If the energy increases, there is usually some probability for accepting the 
new conformation based on the Metropolis test [8]. 

Both MD and MC simulation methods are regarded as attempts to reproduce the true 
physical sequence of events during folding or at equilibrium. The intractability of MD 
and MC simulations for larger molecular systems has led to the development of a large 
number of algorithms that attempt to explore the functional conformations of the poly- 
peptide chain under the assumption that the functional conformation lies at a global 
energy minimum (thermodynamic hypothesis) [9, 101 or that the functional conformation 
is the most frequently visited conformation under native conditions (kinetic hypothesis) 
[ll-131. 
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11.3 Evolutionary Algorithms 

Evolutionary algorithms make use of the optimization procedures of natural gene-based 
evolution, namely, mutations, crossovers, and replication [14, 151, and evolve a population 
of species under the selection pressure of an objective evaluation function. EAs are a 
member of the class of co-operative search methods [16, 171 which lend themselves to 
distributed computing on parallel computing machines (see Chapter 12). 

11.3.1 Algorithm Qpes in Protein Folding 

Genetic algorithms (GAS), and variants thereof, are by far the most frequently used EAs 
in protein folding. Many types of atomic representation and simulation protocol have 
been developed, and these will be discussed in the following sections. 

In a GA, a number of searches are performed in parallel and information is exchanged 
between them. It is expected that this information exchange can increase the search effi- 
ciency by a larger factor than the number of parallel processes, and this has been demon- 
strated in some instances [16]. GAS may be described in the following way (Fig. 1). An 
initial population of trial solutions is established, usually represented by strings. Mutations 
are introduced independently into each string; these are operations within a single search 
trajectory, analogous to those of a traditional Monte Carlo procedure [8]. In the canonical 
GA, a mutation constitutes changing a single bit in the string describing a solution. Theo- 
retically, there is no  reason why more general operators could not be used. After some 
number of mutations has been performed, new strings are created by crossover opera- 
tions: two members of the population are selected, a break point in each of the strings is 
chosen, and two new population members are created by joining the left portion of one 
string to the right portion of the other, and vice versa. The operation of creating new 
strings is repeated until a new population of accepted strings is established, and then an- 
other phase of mutations is begun. This sequence of steps is repeated until the population 
converges to essentially a single string. A fitness function is used to assess the quality of 
single mutations and of new strings formed in the crossovers. 

Many details have to be decided in implementing an EA. The ratio of mutations to 
crossovers must be optimized. The fitness function may be used to assess all mutations or 
just crossovers. Only changes that increase fitness can be accepted, or some fitness- 
decreasing changes may be allowed in a manner similar to the Metropolis test used in 
MC methods [8]. The selection of positions for mutations may be random or based on 
some measure of local fitness. Members of the population may be chosen randomly for 
crossover trials or selected based on their fitness. Similarly, crossover points in the string 
may be randomly chosen or selected based on some measure of the likelihood of success. 
Some members of the previous generation may be transferred directly to the next genera- 
tion without crossover (“elitism”). Problems of premature convergence may be reduced 
by using subpopulations of strings that crossover only among themselves for an extended 
period of the simulation (“island models”). For protein structure prediction and simula- 
tion in particular, the nature of the strings describing the molecular conformations must 
also be decided. The only theories of EA behavior deal with a very simple framework 
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[14, 151 and in practice the optimum protocol is very problem dependent. In spite of this, 
EAs have proved very popular and several reviews have been written on their use in 
chemistry and protein folding [1&20]. 

A B 
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Figure 1. General outline of an evolutionary algorithm. (A) In a traditional Monte Carlo algorithm, 
individual local changes are made to a string of information. A fitness function is used to force 
changes to be made that will improve the fitness of the string. (B) In an EA, whole chunks of infor- 
mation are allowed to flow between members of a population. In the most trivial form one cut is 
made in the sequence of information, but in principle any number of chunks could be cut from one 
string and inserted into the other. 

11.3.2 Atomic Representation 

The detail of representation employed depends on the question one is interested in 
answering and how exhaustive a search has to be performed. The main types of represen- 
tation that have been used for protein folding simulations are outlined in Figs. 2 and 3: 
lattice models, united-atom models, and all-atom representations. In the following 
sections, each of these methods will be discussed in detail. 

11.3.2.1 Lattice Models 

Lattice models are the simplest “toy” systems for studying protein folding, and are inter- 
esting because they lend themselves to exhaustive searching as a control. They also allow 
one to address some basic thermodynamic and kinetic questions [21]. Lattice models pro- 
vide a useful demonstration of the potential advantages of EAs for structure simulations; 
however, the model is so simple that it leaves open the question of how much insight can 
be gained into real protein folding. 

Unger and Moult [22, 231 compared the effectiveness of MC and GA searches for find- 
ing the global minimum energy on a simple two-dimensional (2-D) lattice protein model 
of the sort developed by Lau and Dill [24]. In these models, two types of residues (hydro- 
phobic and hydrophilic) are scored, with an energy function that scores -1 for each pair 
of nonbonded hydrophobic interactions. In this study, chain lengths of 20 and 64 residues 
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B 

Figure 2. Tho- and three-dimensional “bead” or “lattice” models of polypeptide chains. (A) A typical 
Monte Carlo sequence for simulation on a lattice. Many types of move have been developed. Here, a 
comer-flip is shown first followed by a camshaft move. (B) The evolutionary simulation of a popula- 
tion of conformations. Tho conformations are selected at random from a population and each of the 
two population members are cut at the same point in the chain. The two halves are then swapped 
with the other two halves and the two chains are glued together to generate two new members of the 
next generation. In this example, the chains are joined in the same orientation as existed in the par- 
ent structures. In more advanced lattice EAs, an orientational search is performed before the two 
halves are joined. 

I Z  

/I a 2a 3a 
X Figure 3. A 210 lattice. One residue at the 

origin (O,O,O) is connected with a consecutive 
neighbor in the peptide chain by selecting 
one of 24 neighbors (23 when in the middle 
of the chain). The four possible lattice points 
in the +Z direction are shown, equivalent 
positions in +x, -x, +y, -y, -z direction exist. 
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were used. Three types of MC methods were included in an attempt to provide a fair 
basis for comparison. A population size of 200 was used in the GA. A string of bond 
angles along the chain was used to describe the trial conformations (Fig. 2). MC steps and 
GA crossovers were implemented as randomly chosen changes to a randomly selected 
bond angle (Fig. 2). Crossover sites were also selected randomly. Under these conditions, 
the GA is significantly more effective than the traditional MC search. For the shortest 
sequences, both methods find the global minimum, but the GA requires one or two or- 
ders of magnitude fewer energy evaluations. For the longer sequences% the MC algorithm 
did not find the global minimum in the available CPU time. In all but one intentionally 
difficult case, the GA was successful. The probable reason for the better performance of 
the GA is its ability to find accepted moves once the chain has adopted a compact 
conformation whereas most MC moves for a compact chain will be rejected. 

Lattice models are also well suited to explore the basic properties of .search algorithms. 
Judson et al. [25] have explored GA simulation methods together with other traditional 
search methods such as simulated annealing (SA), conjugate gradient (CG) minimization 
and random search (RS). Simulations were performed on 19-, 37- and 61-atom linear 
polymers on a 2-D triangular lattice using a simple Lennard-Jones potential to evaluate 
atomic interactions. This work confirmed the earlier findings of Unger and Moult that 
GAS are able to find lower energy conformations than traditional linear search methods. 
For these simple model systems, an SA ,protocol coupled with a conjugate gradient search 
performs almost as well as the GA. The work by Judson et al. also provides an excellent 
introduction to the basic properties and parameters of GAS. 

Konig and Dandekar [26] have used a simple lattice model described by Lau and Dill 
[24] to explore how to widen the basic EA search. They found that the use of systematic 
crossovers between individuals which differ in more than four bits increases the conver- 
gence rate for shorter chains. In this search, the probability for generating new, previously 
unvisited conformations is increased by only making crossovers between “diverse” par- 
ents. 

GAS have been applied to a lattice model which attempts to reproduce real peptide 
geometries by Sun et al. [27]. The 210-type lattice model (Fig. 3) [28] represents each 
amino acid by a single point. Neighboring residues in the sequence are restricted to posi- 
tions in space which are a combination of (0, &a, i 2 a )  along the three principal directions 
in space. In this case, a is the lattice unit dimension. The lattice model is then described 
by the virtual Ca-Ca-Ca bond angles ( I$)  and virtual dihedral angles (v )  Ca-Ca-Ca-Ca 
which form the information string (chromosome) that is used for GA simulations. Sun et 
al. [27] use this projected lattice model to explore a parameter optimization technique 
based on orthogonal arrays (OA). This method allows the identification of optimal simu- 
lation parameters through iterative sampling of finer and finer sets of limited combina- 
tions of parameters. A set of parameters derived from a simulation on crambin was 
applied to a simulation of cytochrome B562. Although the study is quite limited and 
leaves open the question of how problem-dependent parameters may be, it warrants 
further investigation. 
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11.3.2.2 United-Atom Models 

United-atom models move away from a lattice and into dihedral angle space. In these 
representations, the side chain of the polypeptide chain is typically replaced by one or 
two atoms at the center of the all-atom side chain. The dihedral angles of the side chain 
are then selected from a small library of preferred conformations in order to reduce the 
computational resources required. 

Sun et al. [29] used a description of a protein molecule that consisted of a full back- 
bone together with one virtual atom per side chain. A potential of mean force derived 
from known protein structures was used to assess the fitness of trial conformations. An 
additional constraint was the experimental radius of gyration. A library of peptide frag- 
ment conformations two to five residues long, constructed from known protein structures, 
was used to construct initial conformations and to perform mutational changes. A popula- 
tion size of 90 was used. Low final root mean square deviations from the experimental 
structure were reported. The significance of these results is difficult to assess, as the frag- 
ments were selected from the library on the basis of sequence similarity and the library 
contained the two larger structures that were successfully reproduced. This would presum- 
ably introduce a strong bias towards the expected structure. Nonetheless, the method 
presented is interesting and worthy of further study. 

Another united-atom model is the Ca structure representation used by Bowie et al. 
[30]. Small fragments of proteins were constructed using a fold recognition algorithm. 
Nine-residue segments were selected from a library of fragment conformations on the 
basis of their environment codes [30]. A similar method was used for some larger frag- 
ments (15-25 residues). Homologous structures were carefully removed from the data- 
base. The method of selecting initial conformations did enhance the local structure accu- 
racy to a value higher than that expected by chance alone. Structures were then improved 
by a GA procedure in which each gene represented the set of dihedral angles of a struc- 
ture and mutations made changes to one angle. For recombination, segments of one gene 
were replaced with segments of another. Mutations had a high probability of occurring at 
the fragment junctions. The fitness was evaluated with a function containing contributions 
from the fold recognition profile fit, hydrophobicity, accessible surface area, atomic over- 
lap and “sphericalness” of the structure. The weighting of the terms was strongly biased 
by the experimental structure. Under these conditions, some native-like structures were 
efficiently generated, along with competing low-energy, but incorrect, structures. 

Dandekar and Argos [31] used Ca backbone models of proteins in real space. A simpli- 
fied bit-string encoding of @/+ space, allowing each @/I) pair to adopt one of seven possi- 
ble angle combinations was used [32]. Each side chain was represented by a sphere of 1.9 
A and the global energy or fitness function consisted of hydrogen bonding, secondary 
structure preference and a hydrophobic scatter term, each of which were scaled according 
to heuristic constants. The method generally relied on the correct preassignment of sec- 
ondary structure for success. 

An interesting multilevel simulation method has been presented by Standley et al. [33]. 
In this method, the peptide folding process is first modeled by a Monte Carlo simulation 
using a coarse representation of the amino acid chain consisting of only one Ca-Cp atom 
pair per residue. The sidechain is not included explicitly but is represented by a effective 
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radius in the potential at the position of the Ca atom, which is dependent on the specific 
nonbonded residue residue interactions. A reduced angle set of 18 selected @I* pairs from 
the allowed regions of the Ramachandran map is used. The combined MCIGA simulation 
is performed on a cylinder sphere representation that is defined by local hydrophobicity 
calculated using the fold recognition potential of Casari and Sippl [34]. In the MC simula- 
tion whole chunks (loops) of structure are swapped between a precalculated library of loop 
conformations and the current structure. This reduction of chain complexity dramatically 
reduces the degrees of freedom for the polypeptide chain and increases simulation speed. 
All energy evaluations in this first step are performed on the Ca-Cg representation. 

Coarse models from the above simulations are then converted into a more detailed 
model in which each residue is described by six atoms: N, H, Ca, Ca, C and 0. The vari- 
ables are @I+ angles which are allowed to assume 532 states. The loop library from above 
is replaced by a presorted library of three-residue fragments. The fitness function is chan- 
ged from a fold-recognition potential to a combination of the fold-recognition potential 
and three additional physical terms: a torsional term, a hydrogen bonding term, and a 
disulphide bonding constraint. This simulation protocol has been tested on two small alp- 
proteins BPTI and 1cTE The method appears to be able to reproduce the secondary 
structure and is also able to generate topologies which are comparable to the native con- 
formation. The generation of three-dimensional topologies is likely to be driven mainly 
by the disulphide constraints and the many local secondary structure constraints. There 
are three disulphide bridges in the native conformation of BPTI and none in lCTE 

11.3.2.3 All-Atom Models 

Only a few full-atom conformational search algorithms for polypeptides have been de- 
scribed in the literature, the main limitation being the calculation of n-squared ( M )  inter- 
actions for larger systems. 

Pedersen and Moult [35, 361 have explored a GA designed to predict the structure of 
small fragments (12-22 residues long) of proteins. The simulation method is an extension 
of an earlier torsion space MC method [37]. In the GA method (Fig. 4), only fragments 
that are expected to have their conformation determined independently from the rest of 
the structure were selected [38]. A full heavy atom and polar hydrogen representation of 
the polypeptide backbone and side chains was used. Conformations with excessive steric 
overlap were rejected. Fitness was evaluated using a potential based on point-charge elec- 
trostatics and accessible surface area. Terms in the force field were parameterized using a 
potential of mean force analysis of experimental structures. A gene comprised a string of 
@I* and x angles representing a conformation. No mutation steps were used. Crossover 
points were weighted towards positions in the polypeptide chain that varied the most in 
the current population. An extensive annealing of side chain conformations was per- 
formed at crossover points before evaluating the fitness of the new gene. The population 
size was 200-300, and the GA was run for 40-50 generations. The parameters of the algo- 
rithm were optimized systematically using a set of fragments of known structure. Searches 
were performed in parallel on clusters of workstations or on parallel-architecture comput- 
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ing servers. Experience with this procedure shows it to be substantially more effective 
than the MC procedure at generating low-energy structures [36]. 

A B C  D E F G 

Figure 4. General scheme for an all-atom model EA simulation. (A) A population of structures is 
generated. (B) A pair of random or biased conformations are selected from the population. (C) One 
or more crossover points are selected in the backbone. (D) The two or more halves are swapped. (E) 
A joint search is performed to generate a pool of children. (F) Side chains are generated on all 
members of the crossover pool and structures are energy minimized. (G) Lowest energy conforma- 
tion(s) are selected as crossover products for the next generation. 

Cui et al. [39] have presented a G A  using a model which is based on a traditional 
molecular mechanics (MM) united-atom model. This model includes all dihedral angles 
and only uses the united-atom model for energy evaluation. The simulation method is 
virtually identical to that presented by Pedersen and Moult [40]. The simulation is biased 
by a reliable neural network secondary structure prediction method which works from the 
primary sequence of a given protein. The EA simulation chromosome consists of @, q, XI, 
x2,. . . values for each residue. Initial and mutation @/q backbone angle pairs are selected 
from areas of the Ramachandran map that are restricted by the secondary structure pre- 
diction, that is, if helix is predicted for a particular residue position @/I) is chosen ran- 
domly such that: -75 < @ <-%, -50 < q < -30. This technique dramatically reduces the 
search space for the polypeptide chain. Side chain conformations are selected from the 
Ponder and Richards side chain library [41,42]. 

The forcefield of Cui et al. [39] consists of only two terms: a hydrophobic interaction 
term that is calculated as the nonpolar solvent accessible surface area and a truncated 
Lennard-Jones term that penalizes overlapping atoms. The truncated Lennard-Jones term 
allows a considerable atom-atom overlap and thereby allows atoms to pass through each 
other during the simulation. This simplistic potential is able to generate some quite im- 
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pressive topologies of five small model proteins between 46 and 120 residues in length. 
The fact that this simulation protocol is able to identify lower energy structures, compared 
to the “native” conformation for two of the five structures indicates that the potential 
may not fully reflect the forces that drive natural protein folding. 

Herrmann and Suhai [19, 431 have performed extensive searches on small di- and tri- 
peptides using the AM1 forcefield. For these small model systems, an exhaustive search 
can be performed, identifying all available low-energy conformations by enumeration. In 
this algorithm, changes are made directly to the dihedral angles stored in the Z-matrix, 
which contains all internal parameters of the molecular system that is being simulated. 
The global minimum energy conformations were identified for a number of peptides up 
to four residues in length. The method was not tested on larger systems. 

Jin et al. performed a more detailed study on the small penta-peptide circulatory hor- 
mone [Met]-enkephalin [44]. In this study, random @/q and x angles’were assigned to an 
initial population of structures. An all-atom representation together with the ECEPP/2 
forcefield was used. This study tested a GA on a realistic peptide system and gave similar 
results to those reported by Herrmann and Suhai [19, 43). 

Tuffery et al. have applied GA simulations to the problem of finding the correct set of 
side chain rotamers for 3 protein, given the experimental backbone conformation [45, 461. 
In these simulations, the gene is a string of side chain rotamer angles (X-angles) for a 
complete protein. The half of the current gene pool with the lowest energy is carried for- 
ward to the next generation. The other half of the population is replaced by mutation and 
crossover operations. Mutations cause changes in the angle of a single rotamer and the 
mutation rate is decreased exponentially during the run. Crossovers either transfer a ran- 
domly chosen contiguous segment of rotamer values between genes, or a selected subset 
from the whole protein. In practice, this method was found to be effective, but not as 
efficient as an alternative EA procedure. Several methods have been reported in the lit- 
erature that can successfully identify side chain rotamer solutions given the exact back- 
bone conformation. If side chains are built on an approximate backbone conformation, 
much less success is observed [l, 2, 47, 481. 

Ring and Cohen have used a GA to construct initial conformations for loop regions in 
proteins, using four possible conformations for each residue [49]. In an eight-residue loop, 
a population of 30 initial genes consisting of bit strings describing trial conformations was 
used. Mutations consisted of single bit changes. This simulation converged after only eight 
generations and had to be coupled with extensive minimization in order to fit the chain 
ends to the protein scaffold. 

11.3.3 Simulation Protocols 

The choice of optimal simulation parameters for an EA is very problem dependent. 
Nearly all publications on EA methods for protein folding simulations use a different 
algorithm and molecular representation, making it difficult to extract any general infor- 
mation about optimal simulation parameters such as population size, crossover frequency, 
mutation rate, etcetera. For example, it is not necessary to consider side chain conforma- 
tions in 2-D or 3-D lattice simulations, whereas all-atom representations may need exten- 
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sive local mutations or annealing in order to accommodate chain-ends and side chain 
packing after crossovers. The number of generations that has to be simulated is highly 
dependent on how recombination is performed. If elitism is used, where the best confor- 
mations are always carried over to the next generation, structural convergence is likely to 
happen more quickly than otherwise. Some of the most commonly used parameter values 
for a selection of the GA simulation protocols reported in the literature are listed in 
Table 1. 

Table 1. Some basic parameters for protein folding EAs reported in the literature. A typical popula- 
tion size is 100-1000 and the number of generations is on the order of 50-1000. (*) indicates that this 
number has been estimated from other data in the listed reference. 

Reference Model ' Population Generations Chain length 

Triangular 2-D lattice 
2-D-lattice 

2-D-lattice 
(2,1,0)-lattice 
(2,l ,O)-lattice 

N, Ca, C, 0 
N, Ca, Cj3 C, 0 
United-atom/All-atom 
All-atom 
All-atom 

50 
200 

100-800 

50 

100&3000 

632 
200 
500 

1OCL500 
200 

- 

300 
- 

20-50 
500-2000(*) 

632 
- 

> 100 

200 
40-60 

1941  

2 M 4  
20-85 

46 
46 

46-128 
30-144 
46-70 
2 4  

10-14 

These parameters should only be used as a crude guideline for the optimization of new 
methods. The most important parameter to be monitored is the frequency of successful 
crossovers (also known as the survival rate) which indicates if the simulation has con- 
verged or not. This parameter is only seldomly reported. 

11.3.4 Recombination Spaces 

Previously, EAs in protein folding have only been applied at the structural level; that is 
the information string that has been used has encoded the conformation of a peptide 
chain. In principle, an EA is a general optimization procedure that could work in any 
parameter space. This section will discuss some of the less conventional applications of 
EAs in the protein folding field. 

'Qpically, recombination in protein folding simulations is performed by simple cutting 
and pasting of structural fragments. This frequently leads to poor geometries. Rabow and 
Sheraga have addressed this problem elegantly by using Cartesian combination operators 
as a method for blending two conformations together [50]. This is done simply by apply- 
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ing a linear combination to the Cartesian co-ordinates of the two parents: qchild (y,  qA, 
q”) = y (qB - qA) + qA. Linear combinations are applied to a 210-type lattice model of 
the polypeptide. The linear combination can only be applied to fairly similar conforma- 
tions and will tend to generate children containing distorted bond angles and bond 
lengths. Therefore, it has to be combined with a re-fitting of the children onto the lattice 
using a short minimization before the next round of crossovers. The advantage of the 
linear combination method is that it preserves many of the long-distance interactions ob- 
served in the parent structures. 

Sun et al. show that one can efficiently explore the thermodynamic minima of a model 
function using a GA or a GA/SA hybrid method [51]. In these simulations, the informa- 
tion exchanged consists of thermodynamic parameters or simple function parameters x l ,  
x2 and f (xl, x2). Although this method is not applied directly to peptide systems, it sug- 
gests alternative simulation methods [51]. For example, it is possible to envisage methods 
where the forcefield or scoring function is self adjusting, changing the parameters so as to 
optimally fit the state of the folding simulation. 

11.4 Understanding Protein Folding through EA 

As well as being an efficient method for solving a global minimum problem, EAs can be 
used as a tool to provide insight into the protein folding problem. This section will review 
some of these applications. 

11.4.1 Lattice Models 

Current thermodynamic models of protein folding are driven by simple 2-D and 3-D 
lattice model simulations of BW (B1ackiWhite)-type polymers [52, 531. BW polymers are 
simple bead models where a scoring function favors black-black or white-white interac- 
tions. The observation from these types of simulation is that the native folded state is well 
separated from all other conformations by a significant energy gap. Folding in these 
models happens by a hydrophobic zipper (HZ) mechanism in which the local structure is 
formed first, generating hydrophobic contacts between local residues [54]. This formation 
of local structure is followed by an aggregation of local structure into domains and fina- 
lized by a condensation of loops and termini on the surface. 

The factors that govern the speed of folding in lattice models have recently been inves- 
tigated by Dinner et al. [55] using a GA coupled with a neural network (NN). This study 
concluded that there is probably not any unifying feature that characterizes fast folding 
sequences, but it did identify an additional force in the HZ model which is important for 
fast folding. This was that early contacts are not only made between residues that are 
close in sequence but also between residues that are “topologically close”. 

As mentioned earlier, the validity of translating results obtained by lattice simulations 
to the folding of real proteins is unclear. However, the existence of nucleation sites that 
consistently form early in the simulations, together with stable cooperative structure is in 
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concordance with experimental findings and studies of more detailed models (see [55] for 
a discussion of the relationship of lattice simulations to experiments). 

11.4.2 Detailed Models 

Rose [ l l ,  12, 561 has proposed that the natural process of protein folding is hierarchical 
and predominantly kinetically driven. In other words, the native conformation of a pro- 
tein is not necessarily a global free energy minimum, but rather the most easily accessible 
energy minimum, or the most frequently visited energy minimum. If the folding process is 
hierarchical, this implies that, early in the folding process, local interactions play a domi- 
nant role. Initially, the chain folds up locally to form supersecondary structures that act as 
early folding units [38] around which the rest .of the structure condenses. Rose and Srini- 
vasan [57] have evolved this concept to produce a simulation algorithm which reflects the 
theory of hierarchical folding. Local structure is evolved first by only calculating interac- 
tions between residues that are close in sequence. Once the local structure has formed, it 
is frozen and not changed for the rest of the simulation. The linear interaction distance is 
gradually increased during the simulation. This algorithm is able to generate near-native 
local super-secondary structure, to some extent confirming the validity of the hierarchical 
hypothesis. 

Recent experimental studies on protein folding have partly confirmed that, in at least 
some cases, the folded state may be characterized by a kinetic trap [13, 581, where a 
significant energy barrier locks the native state in its folded conformation. Based on ex- 
perimentai evidence and a theory of protein folding, Baker and coworkers [59-61] have 
developed a simulation strategy which is essentially an evolutionary method. Local struc- 
ture is evolved independently of the rest of the structure by the identification of local 
sequence-structure similarities to a library of local structure fragments. A complete 
predicted structure is then built by identifying overlapping structural fragments that con- 
tain local sequence homology to the target. This method is able to generate near-native 
super-secondary structure fragments equivalent to the method of Rose discussed pre- 
viously [59, 601. 

The use of detailed models for the understanding of protein folding is evolving rapidly 
and the studies of Baker and Rose show much promise for the elucidation of protein 
folding mechanisms. 

11.5 The Application of Evolutionary Protein Folding 
Algorithms in Molecular Design 

Protein-folding simulations are currently only generating crude models of peptide frag- 
ments and protein topologies, but some applications of these in molecular design have 
been presented in the literature. These indicate some of the possible uses EA folding 
simulations may have in the future: 
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Mapping of conformational space for small peptides and the use of generated structural 

Protein design or the re-design of sequences with a known fold. 
Engineering of protein physico-chemical properties to design mutants that have in- 

ensembles to design peptidomimetics. 

creased thermostability, increased rate of folding, etc. 

Often in structure-based drug design [62], the structure of a rigid, experimentally deter- 
mined binding site is used for the design of specific ligands. This design process is 
frequently aided by the knowledge of the structure of a natural ligand. Although this 
method has been proven in some cases, it only represents a simplistic scenario of ligand- 
receptor interactions. While the receptor binding site can in some cases be approximated 
by a static model, the ligand is most frequently a small highly flexible molecule and un- 
derstanding the correct binding thermodynamics and kinetics requires a detailed knowl- 
edge of the free-energy distribution of ligand conformations [63]. EAs may be able to 
solve this problem by providing equilibrium distributions of ligand conformations in the 
bound and unbound state. 

Pedersen and coworkers [64, 651 have performed extensive GA simulations of small 20- 
to 40- residue peptides corresponding to the sequence of various incretine peptide hor- 
mones (GRF-like family). Simulations on a 29-residue peptide hormone corresponding to 
the sequence of growth hormone releasing hormone (GHRH) were used to design pepti- 
domimetics of the GHRH molecule [HI. A structurally conserved four- to five-residue 
region of the GHRH peptide was observed in the simulated population of structures. This 
conserved region was used to construct small organic molecules which retained GHRH 
activity. 

Jones [66] has used a GA simulation method to optimize the sequences of a number of 
designed protein structures using a fold recognition pairwise potential as the fitness func- 
tion [67]. In this work the structure of the peptide chain is kept fixed and the sequence is 
altered through crossovers and mutations within a population of 500 random sequences. It 
is possible for this algorithm to find sequences which are considerably more compatible 
with the structure than the native sequence. None of these sequences has been synthe- 
sized to confirm the designs; however, the method has been applied to the Paracelsus 
challenge [67, 681 which asks the question “Is it possible for an all-a protein to have more 
than 50 % sequence homology to an all$ protein?”. 

This type of design algorithm may prove valuable for the design of mutants that aim at 
altering the physico-chemical properties (such as thermostability) of a given protein. 

11.6 Conclusions 

Evolutionary algorithms have turned out to be well suited for protein folding simulations 
and should continue to provide useful insights into the protein folding problem. EAs effi- 
ciently search a large, complex, conformational space. In addition, EAs are trivially paral- 
lelizable and, for that reason, a prime choice for implementation on emerging parallel 
computer hardware platforms. 
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Simple models allow for the exhaustive exploration of simple polymer systems and may 
potentially answer general questions about the kinetic and thermodynamic behavior of 
polymer molecules. More detailed models may be used to answer questions about the 
conformational behavior of small peptides. 

From a practical perspective, the examples above outline some of the uses of protein 
folding EAs for molecular design. For example, the exhaustive conformational search of 
small peptides allowing the exploration of the thermodynamic distribution function and 
the design of protein structures and protein mutants. 

As our ability to model protein folding accurately increases, it is to be expected that 
such simulations, including those based on EAs, will play an increasing role in “real 
world” molecular design situations. 
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Abbreviations 

A1 
CAMD 
EA 
EP 
ES 
GA 
GP 
HIV 
HTS 
KBS 
KNN 
LGA 
MCS 
NFL 
NMR 
PC 
RMS 
RNA 
SA 
TS 
VR 

Artificial intelligence 
Computer-aided molecular design 
Evolutionary algorithm 
Evolutionary programming 
Evolution strategy 
Genetic algorithm 
Genetic programming 
Human immunodeficiency virus 
High-throughput screening 
Knowledge-based systems 
K-nearest neighbors 
Lamarckian genetic algorithm 
Maximal common substructure 
No free lunch 
Nuclear magnetic resonance 
Personal computer 
Root mean square 
Ribose nucleic acid 
Simulated annealing 
Tabu search 
Virtual reality 

12.1 Introduction 

It should be clear from the preceding chapters in this book that techniques based upon 
evolutionary algorithms (EAs) have been applied to many, if not the majority, of the tasks 
that comprise the discipline of computer-aided molecular design (CAMD). The burgeon- 
ing interest in EAs has been remarkable: Milne estimated that between 1989 and 1992 
there were only five chemically oriented research articles that employed EAs; between 
1993 and 1996, however, that figure mushroomed to 210 [l]. The number has continued 
to increase at a steady rate, prompting several review articles that survey this growing 
area of research [2, 31. The early implementations of EAs, generally genetic algorithms 
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(GAS), in CAMD tended to be fairly simple, canonical forms, often inspired by pseudo- 
codes from popular textbooks (e.g., [4]). However, in recent years, there has been a trend 
towards increasing sophistication and the adoption of what might be considered more 
advanced techniques. 

It is the purpose of this chapter to highlight some of these newer EA techniques that 
are finding their way into CAMD applications and also to introduce some of the wider 
aspects of EA research that could be of value to the CAMD community. We shall also 
provide an overview of some possible alternative methods that could be put at the dispo- 
sal of computational chemists and discuss how these methods can be applied to CAMD, 
what opportunities are available, and what barriers to their wider adoption need to be 
overcome. In addition, we seek to look forward to see what other new approaches may 
be forthcoming from the EA community. 

12.2 Basic EA Theory 

One of the active research areas within the evolutionary computation community con- 
tinues to be the search for a more secure theoretical framework from which to derive 
guidance for those applying and developing EAs and upon which future research could 
be based. The problem is succinctly stated by Back et al.: ‘We know that [evolutionary 
algorithms] work, but we do not know why’ [ S ] .  In practical terms, the use of current EA 
theory remains at the level of justifying useful metaphors that assist in the design of EAs. 
An example is the “building block hypothesis” [4] that suggests the EA designer should 
identify high-quality components (building blocks) that can be usefully combined, then 
design crossover operators that allow this to happen. At present, given that a quantitative 
and predictive theory for EA search dynamics is sought, the direct impact of current EA 
theory on CAMD practice may well be limited. This is for three reasons. First, the search 
space would need to be characterized, and this may require more search points to be 
sampled than just running the EA would involve. Second, the mathematical effort in- 
volved may be too great to be justified for complex real problems. Finally, an end-user 
would be more likely to adopt a system that can be justified in terms of the problem 
being solved (which they understand) rather than an abstract mathematical theory (which 
they might not). 

It would seem for the present time that the application and tuning of EAs is likely to 
guided more by empiricism than theory. As Fogel notes, “the hope of improving evolu- 
tionary algorithms in general function optimization on the basis of mathematical theory 
appears dim” [6]. 

12.3 Domain-Specific Representation and Operators 

For any evolutionary algorithm, the representation (or encoding) of the individuals com- 
prising the evolving solution population and the set of operators used to generate off- 
spring are perhaps the two most important components of the system, in many cases 
being crucial to the success of the algorithm. Clearly, there is a strong link between the 
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representation chosen and the operators that can be employed (or vice versa) and so con- 
siderations about one will inevitably affect the choices made about the other [7]. Tradi- 
tionally, EAs have represented the population members by binary strings (GAS) or 
vectors of real values [evolutionary programming (EP), evolution strategies (ESs)], and 
the archetypal variational operators have been developed with these in mind. However, 
in more recent times, there has been much enthusiasm for the employment of more “nat- 
ural”, or problem-specific, representations (and thus, operators). In general, the guiding 
principle today seems to be “mold the algorithm to the problem, not the problem to the 
algorithm” [&lo]. 

There are at least two reasons for this. First, as EAs have been applied to a wider 
range of problems, it has been increasingly found that many do not map well into a bin- 
ary string- or vector-based representation. Thus, workers have been driven to experiment 
with more natural representations and operators and have often found success by doing 
so. Second, and more fundamentally, the “no free lunch” (NFL) theorems of Wolpert and 
Macready [ll] state broadly that, for any algorithm, any elevated performance on one 
class of problems is exactly countered by poorer performance on another class. Thus, an 
EA tailored for a specific application by the incorporation of problem-specific knowledge 
in the encoding and operators is likely to outperform a canonical, “black-box’’ implemen- 
tation. 

There are a number of examples from the molecular design literature that illustrate the 
points made above. In developing a GA for protein folding simulations, Moult and Unger 
opted not to use any form of encoding of the population members but rather to allow 
genetic operators to act directly upon the conformations of the protein model [12]. Sev- 
eral workers in the field of de novo molecular design have adopted a similar philosophy, 
having the evolving molecular structures as the population members and developing 
crossover and mutation operators to suit the problem representation [13-161. For instance, 
in the work of Glen and Payne [14], two different types of crossover and no fewer than 
12 different mutation operators were employed for the manipulation and variation of 
molecular structures. 

12.3.1 How to do it? Principled EA Design 

Given the above, and the success of EAs for many CAMD applications, the question of 
how to design an effective EA is nontrivial. Thus, design remains an ad hoc process 
partly, but not wholly, due the lack of an effective theory. In this context, a principled 
design approach for EAs is required if they are to reach their full potential. One recent 
approach [17] is based on the idea of viewing EAs as knowledge-based systems (KBS) - 
“a computer system that represents and uses knowledge to carry out a task” [18]. Further- 
more, given that the artificial intelligence (AI) community has, for many years, been 
addressing the problems of how to design KBS, if EAs could be placed in a KBS frame- 
work, then it may be possible to exploit the extensive research already carried out into 
KBS design. 

One such useful concept from the KBS literature is the distinction made between the 
knowledge level (the description of what domain knowledge is present in the system), and 
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the symbol level (the description of how the knowledge is represented in the system - the 
data structures used and the operations on them) [19]. The design of EAs is, at present, 
conducted primarily at the symbol level, and therefore the knowledge/domain assump- 
tions made by the EA designer are implicit and may well not be properly utilized. A 
knowledge level analysis would make these explicit and ensure that they are fully consid- 
ered in the EA design. To this end, %son [17] proposes that the domain knowledge used 
by an EA can play three roles: 

Problem-solving knowledge - this assists the search by providing problem-specific 
knowledge that structures and guides the search. 
Problem specification (goal} knowledge - specifying the characteristics of desirable solu- 
tion(s) (i.e., the evaluation function). 
Search control knowledge - given a defined search space, how do we go about searching 
it? Any knowledge of the search process is represented here. 
Given that we would be interested in exploiting chemical knowledge, it would appear 

that the problem-solving knowledge role is most relevant. However, exactly what is meant 
by this? A working definition is that it is all of the knowledge that can be directly related 
to the problem itself, and which is not involved with specifying the quality of a solution. 
This allows for a clean separation from the technique-specific aspects of the search algo- 
rithm. Once these roles have been defined, then there are various types of knowledge 
sources available that need to be identified. Some example EA problem-solving knowl- 
edge sources are outlined below: 

Problem features that correlate with solution quality (i.e., the decision variables); 
How these features interact (because strongly interacting decision variables could be 
usefully considered as a single unit); 
Areas of the search space which could be excluded from the search (to reduce the size 
of the search space); 
Areas of the search space where good solutions lie (so that an initialization strategy 
could be used to start the search in a potentially productive region). 
Some reflection should suggest to the reader that the above sources can be framed as 

questions that a chemist would be able to answer in hidher role as a domain expert with- 
out necessarily having any expertise in optimization. In addition, n s o n  [17] shows that 
the above sources can be formalized in such a way that suitable EA crossover and muta- 
tion operators can be derived. Therefore, it appears possible that future EA design will 
center on the modeling and acquisition of expert knowledge rather than algorithm design, 
in much the same way that the KBS community has been advocating in recent years [20]. 
Furthermore, KBS methods such as those used for knowledge acquisition should allow 
the EA designer to extract the required knowledge more effectively. Given the need for 
more effective solutions to CAMD problems, such principled design approaches should 
help ensure the scalability of EA methods in the future. 

12.4 Self-Adaptation 

One of the major difficulties in using an EA is in deciding on the settings for the (many) 
adjustable parameters that are associated with this class of algorithm. Thus, another key 
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area for evolutionary computation research identified in [5, 61 is that of selfadaptation. 
An excellent review of the issue of parameter control in EAs has recently been published 

Most research on self-adaptation has emerged from the ES and EP communities, and 
has thus been primarily concerned with the mutation operator, which is the main varia- 
tional operator for these two classes of EA. The motivation for developing self-adaptive 
techniques was the realization that, given a population of real-valued vectors, the optimi- 
zation performance of the algorithm can be improved by applying perturbations of differ- 
ent magnitude to each of the variables in the vector, in other words, each dimension of 
the search. This is particularly so when the variables have different units of dimension, 
for example, pressure and temperature [22]. To try to determine a priori optimal values 
for these mutational step sizes is virtually impossible, especially as the optimal values may 
alter during the course of a search as the algorithm traverses the fitness landscape. The 
two main approaches towards self-adaptation seek to counter this problem by allowing 
the mutational step sizes to adapt themselves as the evolutionary search progresses. 

1211. 

12.4.1 Co-evolutionary Approaches 

The most commonly used method of self-adaptation is simply to encode the EA para- 
meters of interest (termed strategy parameters), such as the size of the mutation step 
made, into the encoded solution. These can then be operated on and allowed to co-evolve 
(hopefully) effective values alongside the solution’s decision variables. This approach was 
proposed independently by the ES [23] and EP [24] communities. The driving force for 
developing these techniques was the observation that, given a population of competing 
solutions, the solutions with strategy parameters that produce children with increased fit- 
ness will have a better chance of having their material (including the choice of strategy 
parameters) passed on to later generations. This is a consequence of the fitter children 
having a “head start” on the children of the other solutions with less suitable strategy 
parameters. This results in an implicit selection pressure upon the strategy parameters 
that should drive them towards appropriate values during the EA run. 

The ES variant of co-evolutionary self-adaptation is the more commonly used because 
it has demonstrated a generally superior optimization performance across a number of 
test functions [25]. The method of Schwefel [23] is as follows: each of the real-valued 
vectors of variables x comprising the population is given an accompanying vector of strat- 
egy parameters, o, where a(i) denotes the standard deviation to use when applying a 
zero-mean Gaussian mutation to component x(i) of the parent vector. Then: 

d( i )  = o(i) exp(t$rl(O,l) + zN(i)(O,l)) (1) 

and 

x’(i) = x(i) + N(O,d(i)) 
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where t = 1/[2(n’”)]’”, to = 1/(2n)’”, N(0,l) is a standard Gaussian random variable 
sampled once for all n dimensions, and N(i)(O,l) is a standard Gaussian random variable 
sampled anew for each of the n dimensions. Thus, under the Schwefel scheme, at each 
generation, the strategy parameters for the individual are mutated and the new values are 
used to generate the offspring (the “sigma-first’’ method [26]). 

As a final note it should be noted that this approach does not only apply to real coded 
problems. For instance, one could exchange the standard deviation of a Gaussian distribu- 
tion for the bit-wise mutation probability if a binary-encoding was to be used. However, 
the most successful applications of this approach have been for real-coded problems. 

12 New Techniques and Future Directions 

12.4.2 Learning Rules 

The other method for on-line adaptation of EA parameters is to utilize explicit learning 
rules that change E A  parameters according to some measure of operator quality. For 
instance, given an EA with two operators (i.e., crossover and mutation), the performance 
of each operator could be measured in terms of the improvements in solution quality that 
it produces when applied (termed operator productivity). A simple example of a learning 
rule that exploits this is COBRA (Cost Operator-Based Rate Adaptation) which was 
developed by Corne and coworkers [27]. This assigns different initial probabilities to each 
operator and periodically reassigns the “bag” of operator probability values by ranking 
the operators in order of their recent operator productivity, giving the highest probability 
to the operator with the highest productivity. This straightforward method has been shown 
to be effective for real-world timetabling problems. 

More sophisticated learning-rule adaptation methods exist which allow finer adjust- 
ments of operator probabilities and incorporate performance metrics that augment opera- 
tor productivity to reward operators that increase the effectiveness of other operators that 
are applied later (e.g., when mutation maintains diversity so that crossover can be effec- 
tive). An early example of this approach was the “1/5 rule” that emerged from the evolu- 
tion strategies community [28]. Other instances have been devised by Davis [29] and 
Julstrom [30]. 

12.4.3 CAMD Applications 

Two groups of CAMD researchers have experimented with self-adaptive mutation in the 
context of using EP algorithms for the conformationally flexible docking of ligands to 
proteins. In the development of their AGDOCK program [26, 31-33], Gehlhaar and co- 
workers have used both the sigma-first method outlined above and a variation they term 
“sigma-last’’ in which the parent u values are first used to create offspring and then mu- 
tated. They found that the sigma-first method was superior, probably because the off- 
spring positions in the search space are determined by the offspring strategy parameters. 
This avoids the situation that can occur with the sigma-last method whereby offspring 
may be generated that have useful position vectors but poor strategy parameters [26]. 
Westhead et al. [34] also employed a sigma-first method but in their work found that 
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better results were obtained using Cauchy, rather than Gaussian, mutation to perturb the 
x vectors in Eq. (2) - a tactic suggested by Yao and coworkers [35, 361. More recently, 
the Agouron group have also applied their self-adaptive EP methods to the problem of 
solving X-ray crystal structures by molecular replacement in a program called EPMR 
(Evolutionary Programming for Molecular Replacement) [37]. 

Other workers have experimented with using an annealing mutation operator to control 
the mutation rate during RNA folding simulations [38]. The annealing mutation operator 
permits a large number of mutations early in the search, but the mutation rate is de- 
creased hyperbolically as the search progresses towards convergence. While this does not 
constitute self-adaptation as such, it is similar in spirit. 

12.4.4 Meta-EAs 

It is also worth briefly mentioning an alternative approach to the problem of setting para- 
meter values - that of meta-evolution. In meta-evolution, one EA controls a population 
of other EAs, each of which is initiated with different parameter settings. As this popula- 
tion of algorithms operates on the problem in hand, the ones showing better performance 
have a higher probability of surviving and spawning new “child” EAs. In this way, good 
problem-solving strategies can be spread to the whole population of EAs. This type of 
method has been pioneered in programs such as DAGA-2 [39]. Such an approach also 
lends itself naturally to parallel architectures, of which more will be said in a later sec- 
tion. 

12.4.5 No Magic Bullet! 

Since the NFL theorem notes that no optimizer is more effective than another when con- 
sidered over all problems, this implies that self-adaptive EAs cannot be a general solution 
to the tuning problem. A corollary of this is that the designer is in fact making assump- 
tions that, if valid, lead to improved performance. Work in [40] investigated self-adapta- 
tion methods and found that the assumptions made were as follows: 

The performance metric used must suggest the correct adaptation decisions, for exam- 
ple, operator productivity arguments may not suggest the right action if the search is 
being hampered by a lack of diversity. 
EA performance must be related in a clear fashion to the EA strategy parameters being 
adapted (otherwise how would the mechanism be able to suggest a useful adaptation?). 
Given that the above are satisfied, the gains achievable by a good adaptation must out- 
weigh the costs involved in performing the adaptation and acquiring the required infor- 
mation. 
These assumptions apply to all self-adaptation methods, including the co-evolutionary 

approaches (as they implicitly process operator productivity information). Furthermore, 
Tuson and Ross [40] identified a number of problems for which adaptation mechanisms 
fail, due to one or more of the above assumptions being invalid. However, on a more 
positive note, self-adaptation has proved to be- a useful addition for a number of applica- 
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tions and should definitely be considered. Even failure of the mechanism should, with 
consideration of the above assumptions, allow the designer to understand better the 
nature of the problem at hand. 

12.5 What is a Good Solution? 

As noted earlier (section 12.3.1), the fitness function is itself a source of domain knowl- 
edge as it can be regarded as a specification of what is a desirable solution. However, for 
real-world problems it is not necessarily straightforward to set out a priori what constitu- 
tes a desirable solution! Instances of how this can occur will now be discussed, and inter- 
activity will be shown to be a possible solution to this issue, as well as to the more general 
problem of how to exploit the CAMD practitioner's knowledge to the' full. 

12.5.1 Constrained and Multi-Objective Problems 

One issue that has conveniently been ignored so far is that many CAMD problems do 
not have just a single objective. In reality, there are often constraints upon what makes a 
feasible solution, as well as a number' of objective functions to optimize. These objectives 
are not always mutually optimizable because a gain in one objective may lead to a reduc- 
tion in another. Unfortunately, the trade-off can be difficult to represent a priori, as the 
designer often does not know what this will be at the outset (or at best will have a very 
vague idea). 

Therefore, EA methods that can handle both constraints and multiple objectives are 
needed in CAMD applications. The handling of constraints can be dealt with in a number 
of ways such as penalizing infeasible solutions, or designing operators that only generate 
feasible solutions - these options are discussed in some length in [41]. The handling of 
multiple objectives has been dealt with by considering the idea of Pareto optimality. A 
solution is termed Pareto optimal if it is nondominating with respect to the other solutions 
in the search space; that is, no solutions exist that have better values for one or more 
objectives and at least equivalent (if not better) values for the remainder (Fig. 1). 

The domination condition can of course be expressed as a comparison function for 
tournamenthanking selection in an EA; that is, solution A is better than B if A dominates 
B. Owing to its population-based nature, an EA can be used to find a number of high- 
quality nondominating solutions that represent different trade-off decisions. The user can 
then be given these solutions and left to decide which offers the most appropriate trade- 
off, thus avoiding the problem of how to specify the trade-off between competing objec- 
tives. This approach can be implemented in a number of ways, and the reader is directed 
to [42, 431 for overviews on the subject. 

In the field of CAMD, a good example of a multi-objective optimization problem is the 
search for the 3-D maximum common substructure (MCS) among two or more molecular 
structures [44]. In this type of search, two generally contradictory parameters contribute 
to the fitness function: the size of the MCS, and the closeness of the geometric fit. In 
other words, it is generally observed that as the size of the proposed MCS (expressed as 
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Pareto-Optimal Front of Nondominating 

Objective 1 

N.B. A and B are nondominating, 
C dominates A and B 

Objective 

Figure 1. Illustration of Pareto optimality. 

the number of atoms it comprises) increases, the quality of the geometric fit between the 
two structures (expressed as RMS distance in A) decreases. The challenge is to find an 
optimum that accounts for both criteria. Consequently, Handschuh et al. [44] employed 
Pareto optimality in their GA fitness function for molecular MCS determination and 
superposition. In this way, they were able to select good results from the resulting Pareto 
sets of solutions. 

12.5.2 Interactive EAs 

One approach to multi-objective problems is to introduce some interactive component 
into the algorithm. This approach arises from the fact that the domain expert’s knowledge 
can often be difficult to formulate exactly; a situation that can also occur elsewhere in the 
EA design. For example, constraints are rarely set in stone. More often than not, they can 
be relaxed under certain conditions. Again, the circumstances under which this is possible 
are often very difficult to define, or of such a nature that a computer system could not be 
allowed to make the decision autonomously. In addition, the CAMD practitioner may 
also wish to impose additional constraints on the problem in order to make the search 
more tractable - effectively making additional hypotheses during the EA run about where 
good solutions may lie which can be dynamically revised during the optimization process. 

Therefore, interaction represents a potentially useful mechanism for fully exploiting the 
CAMD practitioner’s rich, although possibly implicit, knowledge of the problem domain 
to improve the EA’s effectiveness. Interaction also brings an additional advantage: human 
users are very reluctant to adopt decisions that they have not had a role in making. In 
many cases, this can lead to solutions being modified by hand or being ignored, both of 
which defeat the point of using an EA optimizer. In this context, interactive EAs have 
become the center of some interest of late. One instance of this is the work of Biles [45]. 
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This approach takes a “user-as-fitness-function” approach that substitutes the fitness func- 
tion for a user-assigned score in an admittedly ad hoc manner. Though this is in the spirit 
of what we are trying to achieve, n s o n  et al. [46] raise a number of objections. First of 
all, most realistic optimization problems will require on the order of thousands of function 
evaluations and this is clearly infeasible for a human expert to perform. For instance, 
Gehlhaar et al. typically use 70 000 fitness function evaluations for each docking run with 
AGDOCK [31]. In addition to this scalability problem, Biles’ approach ignores the fact 
that it is usually possible to construct a reasonably close model of what a good solution is, 
thereby reducing the human effort required. Finally, even a partial attempt at formalizing 
the goal knowledge can be a useful exercise in promoting a better understanding of the 
problem being solved. Therefore, a future issue in using interactive EAs for real-world 
problems such as CAMD will be to address scalability problems such as those above. In 
fact, preliminary work on this has begun which attempts to integrate, in a principled man- 
ner, the benefits of interactivity with those of an automated fitness function [46]. 

Interestingly, attempts have been made to implement interactive EAs in a CAMD set- 
ting. The LeapFrog de novo molecular design system has an interactive mode that allows 
the user to interact with the evolutionary algorithm-based molecular design process [47]. 
Another interactive program is STALK [48], a virtual reality (VR)-based system for pro- 
tein-ligand docking. Here, the user can influence the docking process interactively using 
VR technology. 

12.6 Parallel Algorithms 

In the execution of an EA, it is invariably the fitness evaluation step that is the most 
computationally expensive. However, the fact that this step is decoupled from the rest of 
the algorithm makes EAs highly amenable to parallelization, creating a parallel EA. 
Some of the various kinds of parallel EA have been classified by Cantu-Paz [49]. For the 
purposes of this chapter, two types of parallel EA are of particular interest. 

The first type is what Cantu-Paz terms “coarse-grained” parallelism. In this formalism, 
the population is divided into a small number of subpopulations that are kept relatively 
isolated from one another, evolving on separate processors or machines. The optional in- 
troduction of a migration operator permits the exchange of individuals between subpopu- 
lations at specified intervals. At least two models of coarse-grained parallelism are possi- 
ble: the first is termed the “island model” and the second is known as the “stepping 
stone” or “ring” model (Fig. 2). Both partition the population into subpopulations in the 
same way, the difference between them being that, while the island model allows migra- 
tion between any two subpopulations, the ring model allows migration only between 
neighboring subpopulations [49]. When using coarse-grained parallelism, there is an addi- 
tional benefit on top of the speed-up gained from distributing the fitness calculations over 
a number of processors. The partitioning of the population into subpopulations may also 
help to maintain genetic diversity in the population as a whole. This can help search effi- 
ciency by ensuring good sampling of the search space and may also help prevent prema- 
ture convergence to suboptimal solutions. This benefit of coarse-grained parallelism can 
be taken advantage of even on serial processors, as will be demonstrated below. A thor- 
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ough discussion of island models can be found in [50]. The second type of parallelism is 
“fine-grained” parallelism. In this, the population is subdivided into a large number of 
very small subpopulations. In the limiting (and ideal) case, each individual is assigned to 
its own processing element in a massively parallel computer [49]. 

- indicates migration 

Island model Island model 

- indicates migration 

Figure 2. “Ring” (or “stepping-stone”) and “island” models for parallel evolutionary algorithms 
(EAs). 
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Both types of parallelism have been experimented with in CAMD applications. The 
island model has been successfully employed by Jones and coworkers in developing genet- 
ic algorithms for protein-ligand docking [51] and molecular superposition and pharmaco- 
phore identification [52]. These algorithms were run on a serial machine with the subpop- 
ulations residing on the same processor. Nevertheless, in experiments comparing the use 
of a single population of 500 individuals to the use of five subpopulations of 100 indivi- 
duals, it was found that the island model gave equivalent results in slightly shorter run 
times [51]. This would seem to indicate that the maintenance of genetic diversity through 
distributed populations can aid search efficiency as well as the quality of the final solu- 
tion. Beckers et al. obtained a similar result using a stepping stone model in their GA for 
structure determination from NMR spectra [53]. Their parallel GA was run over a local 
area network of workstations and significant speed-ups compared to a sequential imple- 
mentation were observed arising from both the parallelization of the fitness evaluation 
and the fact that the parallel runs required fewer fitness evaluations to reach convergence 
(indicating a more efficient search). A stepping stone model was also used by Del Carpio 
in work on protein folding in which a network of five transputers was employed [54]. A 
variant of an island model has been developed by Notredame et al. in their PRAGA 
(Parallel RNA Alignment Genetic Algorithm) program [55].  PRAGA's parallelization is 
based upon a three-branched tree with three levels. Using this arrangement, it was possi- 
ble to achieve 80 % of the maximum theoretical speed-up while obtaining a final solution 
as good as that obtained from a single population of equal size to the sum of the 13 sub- 
populations used in the parallel implementation. Other parallel GAS for docking [48], 
identifying regions of local structural similarity in proteins [56], and for conformational 
searching [57] have also been reported. 

There have been fewer applications of massively parallel evolutionary algorithms in 
CAMD, presumably because of a lack of suitable machines. However, Shapiro and Wu 
have developed a GA for RNA folding predictions that runs on a MasPar MP-2 16384- 
processor machine [58]. This GA begins by initializing a population of simple RNA struc- 
tures, one for each processor. At each generation, for each processor, the GA selects two 
parents from the structures stored on the processor in question and its eight neighbors. 
This step takes advantage of the eight-way interconnected mesh structure of the MasPar 
machine. Mutation and crossover operations are then performed to generate two child 
structures, and the best of these replaces the current structure for the particular processor. 
All these operations take place in parallel, generating 16384 new structures at each gen- 
eration. Finally, Wild and Willett discuss a number of different models of parallelism in 
the context of a GA for similarity searching in databases of 3-D chemical structures [59]. 
In their work, a Kendall Square Research KSR-1 machine with 64 processors was used 
and a simple strategy of assigning single molecules to single processors was found to be 
the most successful. 

Parallel computation is rapidly becoming more popular, as it is increasingly recognized 
that many organizations possess large numbers of quite powerful PCs or workstations, 
many of which are idle for long periods. By employing distributed computing methods, it 
is possible to utilize this resource. Another driving factor is that of cost: it is nowadays 
often cheaper to buy several high-end PCs than one workstation. By using the PCs in a 
parallel fashion, excellent performance can be obtained [60]. For these reasons, it is likely 
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that there will continue to be much interest in parallel EAs and many more applications 
of them in CAMD. 

12.7 Hybrid Algorithms 

While EAs can often yield excellent results when applied alone to a problem, additional 
benefits can often be derived from their combination with other computational methods. 
There is often considerable synergy to be exploited between EAs and optimization meth- 
ods from mathematical programming, greedy or local search algorithms or other heuristic 
search algorithms [such as tabu search (TS) and simulated annealing (SA)] [61]. EAs have 
also been successfully hybridized with neural and fuzzy computing methods [62,63]. 

Given that EAs are often configured as global optimization methods, one of the most 
common hybridizations is with a local optimization method aimed at refining the solu- 
tions from the EA. This has been frequently employed in CAMD applications. For 
instance, the Powell minimization algorithm [64] has been employed to refine the final 
solutions generated by evolutionary docking algorithms [32, 341. Hibbert has also reported 
the beneficial combination of a GA with a steepest descent minimizer for the estimation 
of kinetic parameters [65]. In studies of the conformational search of large molecules, 
McGarrah and Judson found that frequent gradient optimization of the conformational 
energy during the course of a GA search gave a marked advantage over methods in 
which the energy was optimized by the GA alone [66]. Similar results have been obtained 
in protein folding experiments [54]. By contrast, in studies on molecules having smaller 
conformational search spaces, Judson et al. found that a GA was capable of locating good 
solutions without the computationally expensive optimization step [67]. GAS in which the 
population members generated by the genetic operators are replaced by the results of the 
local optimizer before undergoing selection and reproduction have been termed 
“Lamarckian” GAS (LGAs). This is a reference to Jean Batiste de Lamarck’s discredited 
assertion that phenotypic characteristics acquired during an individual’s lifetime can be- 
come heritable traits. Morris et al. have described such a GA for protein-ligand docking 
[68]. In their experiments, they found that the LGA outperformed both simulated anneal- 
ing and a traditional GA. The conformational search procedure reported by Frey would 
also appear to be Lamarckian in nature [69]. 

As detailed in Chapter 5 ,  neural networks have been usefully combined with evolution- 
ary algorithms for the generation of quantitative structure-activity relationships (QSARs). 
The most advanced example of this is the Genetic Neural Networks method of So and 
Karplus [70-731. Other work in this area is reported in [74]. Also in the QSAR field, 
GAS have been hybridized with quadratic partial least squares (QPLS) to provide a meth- 
od with significant improvements over the conventional QPLS approach [75]. 

A K-nearest-neighbors (KNN) classification algorithm has been hybridized with a GA 
to form the CONSOLV program developed by Raymer et al. [76]. This program derives 
and applies rules to decide whether a given water molecule in a protein active site is 
likely to be involved in or displaced by ligand binding. The same group of workers have 
also experimented with a KNN-genetic programming hybrid and found it to give superior 
results to the GA variant [77]. 
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There have been a number of accounts in CAMD of the hybridization of an E A  with 
another heuristic search algorithm. Gunn has described the combination of a GA with 
Monte Carlo SA for protein folding simulations and suggested that the efficiency of the 
resulting hierarchical algorithm exceeded what would be expected from either of the com- 
ponents used independently [78]. Several groups of workers have reported that, in the 
context of ligand-protein docking, such hybrid algorithms (GA/TS [34, 791, EP/SA [80] 
and GA/SA [Sl]) can yield superior performance to either of the algorithms used in isola- 
tion. Similarly, Zacharias et al. [82] have developed a combined SA/GA method for opti- 
mizing the geometry of silicon clusters which is reported to outperform SA or GA alone 
by an order of magnitude, in terms of the CPU time required to attain convergence. An 
S N G A  hybrid (termed an “annealing evolutionary algorithm”) has also been reported by 
Cai et al. for spectral fitting [83]. Finally, Waller and Bradley have implemented a novel 
variable selection procedure that combines elements of evolutionaj algorithms with 
Monte Carlo and tabu search methods [84]. 

As with self-adaptation (section 12.4), despite their successful applications, hybrid 
methods cannot be considered a universal solution to the design of effective EA-based 
CAMD solutions. Consider two techniques (an EA and another method) each with their 
own repertoire of behaviors. Combining these behaviors (which is in effect what hybridi- 
zation does) allows the EA designer access to more behaviors, thus making it more likely 
that the desired one is present. Unfortunately, this has the drawback of making the task 
of selecting (i.e., tuning) the correct behavior more difficult, as there are now more 
choices to consider. Therefore, although hybridization is undoubtedly useful, it is advised 
that EA designers structure their experimentation by formulating some rationale for why 
it would be useful for the problem before the EA-hybrid is built and run. 

12.8 New Algorithms 

2.8.1 Genetic Programming 

One subarea of evolutionary computation that is worth mentioning separately is genetic 
programming (GP) [85]. Although the original idea behind G P  was to evolve computer 
programs, for our purposes it can best be thought of as the use of an EA to optimize 
mathematical functions represented as trees. The leaf/terminal nodes indicate variables 
and constants that are successively operated on by function nodes on their way to the 
root node, giving the final result. The choice of the terminal and function nodes is user 
(and also problem) dependent. 

GP can potentially be used for the same applications as a neural network, for example, 
regression and classification. However, GP does have one distinct advantage. If the func- 
tion nodes are chosen well, the trees evolved by GP can be readily interpretable. One 
notable example was the use of GP, with a set of function nodes corresponding to Monod 
kinetics, in the identification of the kinetics of a fermentation process [a]. The results 
obtained were readily interpreted and provided valuable insights into the process for the 
chemists and biologists working on it. 
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In addition, the tree structure of GP allows the tree to be of whatever complexity is 
needed to solve the problem, whereas the complexity of a neural network is constrained 
by the user’s chosen network configuration. However, as this could increase the chances 
of GP “overfitting” the data, it is unclear whether it is an advantage or not. In fact, users 
of GP are advised to read a good neural networks text (e.g., [87]) because, despite claims 
to the contrary, issues such as overfitting, data preparation, and validation are equally 
applicable in G P  

In terms of CAMD applications, GP has yet to make a real impact. There are, however, 
some applications that show early promise. As mentioned earlier, the group at Michigan 
State University have experimented with both GAS and GP in combination with a KNN 
classifier with the intent of predicting water sites in X-ray crystal structures. In their ex- 
periments, they found GP to give superior results to the GA [77]. For instance, GP could 
give better predictions using fewer features and it was also capable of deriving nonlinear 
relationships, something not permitted by the GA’s encoding. Handley [88] has described 
using GP to detect alpha-helical regions in proteins while Koza has investigated GP for 
classifying transmembrane segments [89]. The prediction of RNA structure has also been 
attempted [90]. In terms of data analysis and QSAR, nonlinear principal components ana- 
lysis using GP has also been reported [91]. 

From a more analytical chemical point of view, Kell and coworkers have applied GP to 
a number of problems including the analysis of pyrolysis mass spectra [92-941 and non- 
linear dielectric spectroscopy data [95]. Goodacre and Gilbert reported that, when applied 
to the analysis of pyrolysis mass spectra of caffeine-containing drinks, GP was much more 
useful than neural networks because the interpretable nature of the evolved function trees 
enabled the spectra to be deconvoluted, identifying the mass ions of particular signifi- 
cance for the classification [94]. 

Based on these few examples, it would seem that GP should have an exciting future in 
CAMD where the derivation of interpretable classifications is becoming of great interest, 
particularly in the analysis of high-throughput screening data. Some possible future direc- 
tions for GP research and applications are given by Koza [96]. 

12.8.2 Neighborhood Search 

Any discussion of EA methods would be incomplete with noting that they can be placed 
in the framework of a class of optimization algorithms known as neighborhood (local) 
search (see Fig. 3 for a taxonomy of neighborhood search algorithms). Consider an EA 
with a population of size one. Since crossover would not be possible, this would constitute 
a search by trial-and-error (hillclimbing), where a solution is repeatedly perturbed at ran- 
dom by a neighborhood (or mutation) operator until an improved solution is found. Of 
course, local optima are a problem for hillclimbing and numerous approaches have been 
devised to overcome this. Many chemists would, for instance, be familiar with simulated 
annealing [97], which probabilistically accepts nonimproving moves by a process analo- 
gous to that of annealing in metals and spin-glasses. A full overview is impossible here 
and the reader is directed to the references [98]. 
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Evolutionary p r o w g  
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Evolution strategies 

Figure 3. A taxonomy of neighborhood search methods. 

One variant of neighborhood search that is worthy of attention here is tabu search [99, 
1001. The approach here is to exploit the memory of the search history by using explicit 
rules (logic) to guide the search. Certain applications of operators can be made forbidden 
(tabu active) by application of the logic. For example, a common form of (short-term) 
memory used is recency. When no allowed improving move is available, the least nonim- 
proving move is taken instead, and the inverse of this move is made tabu-active for a 
short time (the tabu tenure). This prevents the search cycling back into the local optimum 
from which it came. 

Like GP, tabu search has yet to be fully exploited in CAMD, although there have been 
a few pioneering applications. An early example was that of Kvasnicka and Pospichal 
who used tabu search for the evaluation of chemical distance (molecular similarity) be- 
tween chemical graphs [loll. Hong and Jhon applied a tabu search-based method to the 
optimization of argon cluster geometries [102]. In their work, they used the concept of a 
“tabu region”, rather than a classical tabu list, to encourage sampling away from previous 
configurations. Pardalos et al. have reported that a tabu search procedure for lattice-based 
protein folding simulations was able to outperform SA in many cases [103]. Most recently, 
tabu search has been very successfully employed as a search algorithm for protein-ligand 
docking by Westhead et al. [34, 1041, who consider it the method of choice in their appli- 
cation, and also Hou and coworkers [79]. 

The fact that tabu search is controlled by explicit rules may well be of interest to 
CAMD practitioners. Given that expert performance is partly due to an efficient search 
strategy, might it be possible to extract the human expert’s underlying strategy and ex- 
press it in a tabu search framework? The authors are unaware of work in this area, but its 
utility to CAMD practitioners should be clear. 
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12.8.3 Extending the Evolutionary Metaphor 

Given the successes of EAs in a wide range of applications, much effort has been ex- 
pended in the EA community with the aim of exploiting the evolutionary metaphor 
further, in other words, “putting more genetics into genetic algorithms” [105]. At first 
sight, this view does seem to have a great deal of validity, as two examples can confirm. 
First, the metaphor of co-evolution has been used both in self-adaptation (see section 
12.4.1) and in a predator-prey sense to improve EA performance [106]. Second, the meta- 
phor of “sexual selection” [107], where solutions are chosen for crossover on the basis of 
their similarity, so as to promote an effective balance between inbreeding and out-breed- 
ing, has been shown to improve EA performance for a number of problems. 

There is little doubt that there is some scope for the future development of EAs based 
upon a closer observation of natural processes. Burke et al. list five key attributes of bio- 
logical genetic representations not normally found in their computational analogs [105]: 

Biological genomes vary in length during evolution. 
Biological genes are independent of position. 
Biological genomes may contain noncoding regions. 
Biological genomes may contain duplicative or competing genes. 
Biological genomes have overlapping reading frames. 

Burke et al. have experimented with these features in their VIV program with some 
interesting initial results. 

In terms of applications of new biologically motivated algorithms in the CAMD 
domain, a co-evolutionary approach has been reported by Rosin and coworkers for the 
analysis of resistance-evading peptidomimetic inhibitors of HIV-1 protease [ 108, 1091. In 
this work, a set of inhibitors and a set of mutant proteases compete with each other. The 
fitness function models the viability of a particular mutant virus when challenged by a 
given inhibitor. At each generation, new inhibitors are selected to block optimally the 
current set of proteases, and new protease mutants are selected that retain their ability to 
cleave their viral substrates in the presence of these inhibitors. In this scenario, the goal 
of the drug designer is to find an inhibitor that maximally inhibits the entire range of 
possible protease mutants [lot%]. Based on their simulations, Rosin et al. made a number 
of recommendations for the design of HIV-1 protease inhibitors with a view to maximiz- 
ing their resistance-evading capacities. Manby et a]. have developed a predatory GA de- 
signed to locate not merely the global optimum of a system but other low-lying minima - 
often an important consideration in CAMD [110]. 

At the close of this subsection, a word of caution would again seem apt. Unfortunately, 
in some instances, it seems that the drive to replicate more closely the underlying evolu- 
tionary metaphor is driven by a belief that such natural processes inherently possess some 
additional computational power - examples of this view can be readily found in the evo- 
lutionary computation literature. However, the NFL results discussed in section 12.3 ear- 
lier and the effectiveness of other approaches such as tabu search would seem to warn 
against adhering to this view too strongly. In fact, Glover and Laguna suggest that this 
view is possibly due to the wave of “neo-Romanticism” in the late twentieth century, 
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characterized by a benign view of Nature [loo]. These authors further argue that though 
such metaphors do have a place - to help suggest ideas from which to launch an investi- 
gation - the problem begins when the metaphor is taken too far and is allowed to define 
the actual research agenda. 

12.9 New Application Domains 

The preceding sections, combined with the previous chapters of this book, show clearly 
just how widely EAs have been applied in CAMD. In fact, it is hard to think of any part 
of the field that has not seen the experimental, if not successful, application of EAs. One 
area that is currently of great interest is that of data mining: the analysis of the vast vol- 
ume of data that is generated by modern high-throughput biological and pharmacokinetic 
assays with a view to extracting explanatory and predictive models. There is some evi- 
dence that evolutionary computation is being used for data mining in the life sciences [77, 
1111 and medicine [112, 1131 but applications in the domain of high-throughput screening 
(HTS) data are still awaited. 

12.10 Collaborations and Commercial Applications 

In addition to the new methods and application domains discussed above, there are two 
other trends that are worth highlighting in relation to EAs and CAMD. These are the 
increase in collaborative research between EA experts and CAMD scientists and the 
growing number of commercial software products incorporating EA methods. 

In terms of the former, there are at least three examples of productive collaborations 
between E A  and CAMD researchers. Natural Selection Inc. and Agouron Pharmaceuti- 
cals Inc. have worked together in the development of the EPDOCK and EPMR programs 
[32, 371, while researchers from the Computer Science and Biochemistry Departments of 
Michigan State University have collaborated in the creation of CONSOLV [76]. Similarly, 
the Department of Computer Science and Engineering and the Department of Molecular 
Biology at the Scripps Research Institute have combined to study co-evolutionary analysis 
applied to HIV-1 protease resistance [108, 1091 and to develop new versions of the 
AUTODOCK docking program [68]. In all these cases, the former groups supply EA ex- 
pertise while the latter bring in-depth knowledge of the problem in hand. As EA meth- 
odologies continue to develop, and as CAMD researchers seek to gain maximum value 
from their EA applications, such collaborations are likely to become more common and 
bring benefit to both communities. 

New EA applications continue to appear in commercial CAMD software. Commercial 
programs using EAs are now available for de novo molecular design [47], conformational 
analysis [47], ligand-protein docking [47, 114, 1151, molecular superposition and pharma- 
cophore identification [47], QSAR [114] and combinatorial library design [114]. A related 
and interesting new development is the formation of a company specializing in applying 
EA-based CAMD methods to drug discovery [116]. 
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l2.11 Conclusions 

A decade ago, the application of EAs in CAMD was almost unheard of. Today, it is com- 
monplace, almost routine. Nonetheless, as we have tried to illustrate in this chapter, there 
are still many avenues to be explored in the search for more powerful and robust applica- 
tions. Collaboration in this exciting quest promises much for both the EA researcher and 
the CAMD practitioner. 
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APPENDIX: Internet Resources for Evolutionary Algorithms 

There are many web sites and mailing lists that provide useful information concerning 
evolutionary algorithms. Below is a selection of these resources. 

General Resources for Evolutionary Algorithms 

http://www.aic.nrl.navy.mil/galist/ - The Genetic Algorithms Archive is a repository for 
information related to research in genetic algorithms and other forms of evolutionary 
computation. This site provides source code for many GA implementations, an archive 
of messages from the G A  list discussion group and announcements about GA-related 
conferences. Also, links are given to many interesting sites around the world with 
material related to evolutionary computation. 
http://www.cs.clemson.edu/GAlclife/Welcome.html - ENCORE (the EvolutioNary Com- 
putation Repository network) is the electronic appendix to the Hitch-Hiker’s Guide to 
Evolutionary Computation, a compendium of files on the art of evolutionary computa- 
tion. 
http://www.dcs.napier.ac.uk/evonet/ - EvoNet (the network of excellence in Evolutionary 
Computing). EvoNet has been set up to encourage co-operation between evolutionary 
computing researchers in Europe. 

Resources for Applications in Computer-Aided Molecular Design 

http://panizzi.shef.ac.uk/cisrg/links/ea_bib.html - a regulary updated bibliography of EA 
applications in CAMD maintained by the editor of this book and hosted at the Depart- 
ment of Information Studies, University of Sheffield. 
http://members.aoI.com/btluke/gmovrl.htm - Brian T. Luke’s overview of genetic 
methods. 
http://www.scripps.edu/pub/olson-web/doc/autodock - the AutoDock homepage (see 
chapter 3). 
http://panizzi.shef.ac.uk/cisrg/chem.htrnl - the Computational Chemistry Research 
Group at the Department of Information Studies, University of Sheffield - home of 
GOLD, GASP, FBSS and SELECT programs (see chapters 3 , 4  and 7). 
http://mmlinl.pha.unc.edu/-jin/QSAR/ - the QSAR server at the Laboratory for Mole- 
cular Modelling, University of North Carolina, Chapel Hill, including the GA-PLS 
method (see chapter 5). 
http://www.mol.biol.ethz.ch/wuthrich/software/garant/ - GARANT program homepage. 
GARANT is a program for automatic resonance assignment (see chapter 10). 

Evolutionary Algorithms in Molecular Design 
Edited by David E. Clark 

Copyright0 WILEY-VCH Verlag GmbH, ZOO0 



Index 

A 
absorption 89 
acetylcholinesterase inhibitors 149 
actinomycin D 40 
active site 32, 38, 52 
ADAPT 91 
adiabatic pulses 217 
AGDOCK 246,250 

see also EPDOCK 
all-atom models 230-232,233 
allele 37 

AMBER 33,. 35,40,42 
amino acids, spin graphs of 202 - 205 
amitryptiline 141 
analytical chemistry 100 
angiotensin-converting enzyme (ACE) 

antimycin 63 
up-form 35,45 
aqueous solubility 89 
argatroban 35 
argon clusters 256 
aromatic hydrocarbon receptor 88 
Articaine 142 
asymmetric unit 160, 165, 182 
atom assignment 119 
atom pairs 59, 148 
atom-by-atom searching 116 
Autodock 33, 34, 35,42,258 
aziridine 138 

B 
backward elimination 74 
basis functions 82, 

basis models 93 
be-matrices 138, 139 
bead models, see lattice models 
benzene 59 
benzodiazepines 87 
binary encoding 2 - 3, 

binary oxides 184 
binding mode 32, 36 
binding site 236, 

see also active site 
biodegradability 59 

AM-1 232 

inhibitors 63, 124, 125, 148 

see also molecular descriptors 

see also representation 

bioisosteres 126, 129 
biological activity profiles 150 
biotin 41 

boiling point 89 
Bornmodel 183 
bovine pancreatic trypsin inhibitor 230 
bradykinin-potentiating peptides 94 
Bron-Kerbosch algorithm 124 
building-block hypothesis 147, 242 
building blocks 
- in combinatorial libraries 
- in de novo molecular design 53 
- in EA theory 242 

C 
calcium channel antagonists 87 
canonical correlation analysis 77 
CAPP 207 
Carb6 index 126 
carboxypeptidase A 39 
CAVE immersive environment 41 
CCA, see canonical correlation analysis 
cell-based methods 143 
Cerius' 80,86, 94 
CFA, see correspondence factor analysis 
chance correlation 91-93 
CHARMm 33,35 
CHARMM 42 
chemical distance 138, 256 
chemical exchange 210 
Chemical Genesis 54 
chemical shifts 197, 200, 204, 207 
- degeneracy of 201,207 
- inconsistency of 207 
- knowledge base of 209 
chemical space 138- 140, 141 
chemical structure handling 115- 133 
- 2-D structures 117-120 
- 3-D structures 120- 126 
chemical structures, representation and 

searching of 116-117 
chemometrics 99 - 11 1 
- clustering and classification in 108-110 
- definition of 100 
- parameter estimation in 100-104 
- subset selection in 104-108 
children 37, 51, 145 

. Bloch equations 216 

138, 147, 150 
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cholecystokinin antagonists 148 
chromosome 3 
- variable length 103 
city-block distance 143 
classification 109, 110, 150, 253 
classifier system 110 
CLEW 63 
clique detection 63, 122- 124 
cluster analysis 24 
cluster centroids 109 
cluster significance analysis 77 
clustering 108- 109 
- Jarvis-Patrick method 119 
clusters 
- atomic and molecular 21, 22 
co-evolution 8, 245-246, 257 
COFFEE 213,214 
collinear data 77 
combinatorial chemistry 67, 137 
combinatorial explosion 49, 104, 123, 209 
combinatorial library design 94, 137- 155 
combinatorial libraries 137, 147, 149 
combinatorial optimization 138 
combinatorics 138 
COMBINE 87 
CoMFA (model) 84,87,88, 

- as constraint in de novo molecular design 55 
- as a receptor model 64 
- in combinatorial library design 149 
compound selection 143 
- evolutionary methods for 148- 151 
conformational clustering 35, 36 
conformational ensemble 213 
conformational flexibility 34, 127 
conformational search 

conjugate gradient 228 
computer-aided evolutionary chemistry 

CONCORD 124 
connection table 116 
consensus scoring 93 
conserved waters, prediction of 109,253, 255 
CONSOLV 253 
constitutional isomers 140 
constraint satisfaction 18, 19 
constraints in de novo molecular design 52-53 
continuous transition 142 
convergence 23, 37, 233 
- premature 38, 39, 225 
convergence criterion, 

CORINA 91 
correspondence factor analysis 77 
COSY 201, 202 
cosine coefficient 143 
coupling constants 197 
coupling of descriptors 74, 

see also region selection, 3-D QSAR 

15-26, 121, 224, 236, 
253 

151 -154 

see termination criterion 

see also epistasis 

crambin 228 
crossover 5 
- Cartesian combination 233 
- graph 23 
- multiple point 6 
- node-based 119 
- one-point 6, 37, 170 
- partially matched 119 

- physical significance of 170 
- region 54 
- substructure 58 
- systematic 228 
- terminal 54 
- two-point I30 
- uniform 5 ,  37, 119 
cross-validated squared correlation 

cross-validation 64, 78, 105 
crystal structure 160, 179, 182 
crystalline solids 
- characteristics of 160 
- inorganic 183 
- prediction of structure of 183 
crystallographic conformation 35, 178 
CSA, see cluster significance analysis 
cubane 59 
curve fitting 101 - 102 
cyclosporin A 22 
cytochrome B562 228 

D 
2-DQSAR 89 
2-D substructure searching 117, 126 
3-D database searching 24, 94, 120, 252 

- PMX 130 

coefficient 79 

3-D QSAR 88, 89, 106-107, 
see also CoMFA 

3-D substructure searching 120- 122 
D-optimal criterion 87 
data mining 258 
death operator 145 
de n o w  molecular design 49-67, 243 
- application of evolutionary algorithms 

- definition of constraints for 52-53, 54 
- limiting factors in 66 
- to fi t  2-D constraints 60, 65 
- to fit 3-D constraints 57. 65 
deletion groups 85 
deletion operator 145 
deoxyguanosine 40 
descriptor selection, 

see feature selection 
descriptor tabulation 73 

DGR 22, 23, 211, 212 
DHFR, see dihydrofolate reductase 
diazepam 59 
DICVOL 185 
difference Fourier techniques 165 

to 53-61 

DG-I1 22, 23, 211, 212 
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diffraction pattern 160 
dihydrofolate reductase 
- in docking studies 38, 39, 40, 41 
- in de novo molecular design 
dipole-dipole coupling 196 
direct-space methods 163, 182 
direct search 21, 24 
directed tweak 21,24, 62, 121, 122 
DISCO 122 
discontinuous transition 142 
disordered crystals 190 
distamycin 56 
distance constraints, 

distance geometry 20, 22, 24, 55, 120, 199, 211, 

distance matrix 21 
distance restraints, 

DIVALI 40,43 
diversity index 128, 

diversity of population, 

divide-and-conquer 189 
DOCK 34,38 
docking 3, 32-45, 246 
- comparison of methods 10,41,42 
- evolutionary algorithms 36-44 
- hybrid algorithms 254 
- kinetic barriers to 34 
- molecular dynamics 42 
- Monte Carlo 42 
- tabu search 256 
- treatment of conformational flexibility 

- scoring functions 33 - 34 
- systematic search 32 
- testing and evaluation of Methods 35 -36 
DOT 32 

drug-like molecules 150 
drug design 31, 72 
dynamic programming 212 

E 
EAInventor 56 
ECEPPR 232 
ECEPPl3 44 
EINECS database 119 
electron density 32 
elitism 8, 38, 225, 233 
ellipticine 86 
embedding 21 
encoding 2, 

see also representation 
- alphanumeric 140 
- arbitrary schemes 139 
- binary 2-3 
- discontinuity 43 

54, 56 

NMR-derived 20-22, 41, 199, 213 

213 

see distance constraints 

see also molecular diversity 

see population diversity 

34 - 35 

DQF-COSY 212 

- Gray 5, 39, 40, 43, 121 
- real number 2-3 
energy function 226 
energy landscape 17.34 
- frustrated 34 
- rough 34 
- smoothingof 34 
energy minimization 23 - 24 
energy surface, 

enumeration of combinatorial libraries 139 
enzyme catalysis 32 
enzyme mechanisms 32 
EPDOCK 34,41, 

see also AGDOCK 
epistasis 103 
ethylamine 138 
Euclidean distance 143 
evaluation function, 

see fitness functions 
evolution strategies 1, 15, 190 
evolutionary algorithms 
- biological foundation 
- combination with other methods, 

see evolutionary algorithms, hybrid 
- commercial applications of 258 
- comparison with other optimization 

methods 24,110,111, 132, 190 
- conceptual simplicity of 12 
- constraint handling by 248, 

see also lethalization, penalization 
- domain knowledge used by 244 
- ease of implementation of 12, 11 1 
- efficiency of 24 
- future directions 11,241-259 
- growth in molecular design applications 

- history 1 
- hybrid 25, 253-254 
- convergence properties of 11 
- with local search 42, 44,210 
- with simplex 102 
- with simulated annealing 11, 234 

- inspiration from Nature 1, 38, 155, 257 
- interactive 249 - 250 
- interdisciplinary collaboration in 45, 258 
- intrinsic parallelism 190, 225 
- implementation issues 9, 52, 225 
- massively parallel 252 
- meta- 247 
- new techniques 241 -259 
- optimal parameter settings for 58, 66, 153, 

see energy landscape 

1, 38, 155, 257 

of 11, 115, 241 

232, 244, 
see also self adaptation 

- parallel 23,41, 250-253 
- predatory 257 
- principled design of 243 - 244 
- qualifying criteria for 16 
- stochastic (non-deterministic) nature of 

80, 117, 132, 144, 173 
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- suitability of problem for 10 
- theory of 147,225,242 
evolutionary chemistry 151 - 154 
evolutionary operators 

- domain-specific 209, 242 - 243 
- specialist 66 
evolutionary programming 1, 39, 84, 89 
evolutionary progress plot 175, 176, 178, 187 
excitation pulses 217 
exhaustive enumeration 76, 80 
experimental design 20, 94, 100, 108, 137 
expert systems 206 
external test set 78-79, 84, 87 
external validation set, 

see external test set 

4,62, 145 - 146 
see also crossover, mutation, selection 

F 
F-statistic 74 
factorial design 94 
fast Fourier transforms 32 
FBSS 127 
feature selection 73-76, 80, 87, 105-107 
- comparison of strategies for 80, 84, 91 
feedback cycle 151 
field-based similarity searching 126- 129; 132 
FINGAR 213 
fitness 1 
fitness functions 7, 22, 37, 65, 248-250 
- cosine 168-170 
- custom-built 25 
- dynamic scaling of 168 
- exponential 168 - 170 
- experimentally determined 7, 151 -154 
- linear 170, 178, 186 
- multiple objectives within 66, 149, 248 
- noisy 147 
- optimization of 7 
- parallel implementation of 7 
- power 168-170 
- tanh 168-170 
FKBP-12 inhibitors 41 
fluticasone propionate, 

folate 40 
fold recognition 229, 230, 236 
force field 19, 21, 

forward stepping 74 
Fourier transform 197, 207 
- discrete 197, 214 
- fast 214 
fractal dimension 144 
fractal theory 144 
fractional co-ordinates 160, 165 
free energy perturbation 35 
free induction decay 197, 214, 215 
fuzzy mathematics 209 

crystal structure of 180- 181 

see also united-atom models, all-atom models 

G 
gallium arsenide 187 
GAME 39 
GAPLS 80, 87, 88, 94 
GAPSS 167 
GARANT 210 
GARGS 88, 107, 

see also region selection 
GASP 61-62, 129-131 
GAT 212 
Gaussian distribution 37 
generational model 8 
genes 3,37 
genetic algorithms 1, 37, 51, 75, 145-147 

genetic function approximation 81 -82, 86, 93, 

genetic graphs 59 
genetic neural networks 88, 253 
genetic operators, 9 
- knowledge-enhanced 10 
- problem-specific 9 
- specialized 23, 54 
genetic programming 58, 59, 254-255 
GENFIT 212 
GENFOLD 213 
genomics 67 
genotype 3,36, 138 
geometric search 116, 121 
GERM 64 
GFA, see genetic function approximation 
global minimum, 

global optimum 17.24, 35, 164,211 
glutamate 141 
glyphosphate 141 
GNN, see genetic neural networks 
GOLD 35, 40,43, 131 
GOLPE 76,87,106 
graph theory 
- and representation of chemical 

- in automated assignment of NMR 

- in de novo molecular design 56, 58 
Gray coding 5, 39, 40, 43, 121 
GRID 52 
grid search 164 
GROMOS 33 

see also evolutionary algorithms 

106,108 

see global optimum 

structures 116, 132, 138 

spectra 209 

growth hormone releasing hormone 
GULP 183 

236 

H 
haloperidol 38 
Hansch analysis 72 
heptamethylene-bis(dipheny1phosphine oxide). 

high-throughput screening 31,617, 108, 150,258 
hillclimbing 255 
HIV-1 protease inhibitors 38, 41, 87, 107, 257 

crystal structure of 174, 177-179 
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homology modeling 52 
human intestinal absorption 89 
huperzine A 149 
hydrogen bonding sites 40 
hydrophobic field 39, 127 
hydrophobic site points 41 
hydrophobic zipper 234 
hyperstructure 117, 118 
hypersurface 164, 182, 183 

I 
icosahedral viruses 189 
indexing of X-ray diffraction patterns 161, 

information component 92 
information theory 155 
infrared spectroscopy 197 
inorganic crystalline solids 183 
insertion operator 145 
interaction sites 52, 53, 56, 

185 - 189 

see also hydrogen bonding sites, hydrophobic 
sites 

interatomic distance range 116, 120 
intermediate population 171 
internal strain energy 54 
intramolecular geometry 165 
inversion center 167 
IQML, 

island model 23, 61,225,250-252 
isotopic substitution 196 
iterative quadratic maximum likelihood 215, 

IT0 177, 181, 185 

J 
jack-knifing 78 
Jamis-Patrick clustering method 119 

K 
k-medoid clustering 108, 109 
k-nearest neighbors 77, 109, 253, 255 
Karhunen-Loeve transformation 207 
Karplus equation 199 
KBS, see knowledge-based systems 
kinetic hypothesis 224, 235 
kinetic trap 235 
KNN, see k-nearest neighbors 
knowledge-based systems 243 -244 
knowledge level 243 
knowledge sources 244 

L 
L-glutamic acid, crystal structure of 174- 177 
lack of fit error measure 82 
Lamarckian genetic algorithm 42,44, 253 
latent structures 77 
lattice, crystallographic 160 
- parameters, see unit cell dimensions 
lattice models 226-228, 233, 234, 256 

see iterative quadratic maximum likelihood 

216 

- 210-type 227, 228, 234 
lattice simulations, 

LDA, see linear discriminant analysis 
Le Bail profile fitting 186 
lead molecule 31 
LeapFrog 55,250 
learning-rule methods 9, 246 
learning rate 153, 154 
least-squares fitting 61 
leave-group-out 78, 84 
leave-one-out 78 
Lennard-Jones potential 33, 121, 131, 228, 231 
lethalization strategy 19 
leucine 141, 145 

’ “leverage” effect 22, 35 
Lidocaine 142 
LigBuilder 56 
line widths 197 
linear discriminant analysis 77, 103 
linear prediction singular value 

decomposi t ion 2 15 
linear regression analysis 33 
linear search methods 17, 18, 228 
lithium 141 
local minima, 

local optima 16, 80, 183, 216 
local optimization methods 18, 253, 

local search 44, 

see lattice models 

see local optima 

see also neighborhood search, local search 

see also neighborhood search, 
local optimization methods 

loop modeling 232 
LPSVD, see linear prediction singular value de- 

composition 
LUDI 33 
lysozyme 189 

M 
machine learning 63 
main-chain directed assignment 201 
major histocompatibility complex 33 
Manhattan distance 143 
masking operator 40, 43 
matrix pencil 215 
maximal common subgraph isomorphism 116, 

maximum common substructure 9, 62, 117, 

maximum dissimilarity selection 108 
maximum entropy technique 190 
maximum overlap set 117, 120 
MaxMin 143, 144, 151 
MCS, see maximum common substructure 
MDL Information Systems, Inc. 121 
Mepivacaine 142 
Message Passing Interface 41 
meta-evolution 247 
meta-optimization 25 

117,122 

118, 248 
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methotrexate 38, 39, 40 
metric 138, 139, 141 
metrization 211, 212 
migration operator 38, 42, 250 
migration model 23 
Miller indices 189 
MLR, see multiple linear regression 
MM2 forcefield 149 
model proteins, folding ability of 89 
MOLCONN-Z 140 
molecular alignment 61, 127, 129-131 
molecular conformation, optimization of 

molecular descriptors 73, 86, 89 
molecular dissimilarity 10 
molecular diversity 137- 155 
- calculation of 143-144 
molecular dynamics 21 
- in conformational search 21 
- in docking 10, 33, 42 
- in protein folding 224 
- in protein structure determination 212 
molecular electrostatic potential 39, 127 
molecular fields 126, 127 
molecular geometry, optimization of 15 - 26 
molecular graph 58 
molecular mechanics 15, 35, 54 
molecular overlay, 

see molecular alignment 
molecular properties 140- 141, 

see also molecular descriptors 
molecular replacement 189, 247 
molecular similarity 10, 126, 148, 256, 

see also similarity searching 
Molecular Simulations Inc. 80 
molecular structure, optimization of 15 - 26 
molecular superposition, 

MOLGEN 140 
Monte Carlo 74 
- in docking 
- in energy minimization 21 
- in protein design 11 
- in protein folding 224, 226-228 
- in X-ray structure solution 164 
morphine 59 
MP, see matrix pencil 
MPHIL 123- 126 
(F, h) model 8 
(p + h) model 8 
multicomponent reactions 152, 1.54 
multiple linear regression 76, 80, 106 
MUSEUM 83-84 
mutagenesis 36 
mutation 4, 37 
- Cauchy versus Gaussian 247 
- dynamic 172 
- reorder 209 
- self-adaptive 37, 40, 245-247 
- sigma-first 37, 246 

15-26 

see molecular alignment 

10, 33, 42, 44 

- sigma-last 37, 246 
- trades 209 

N 
National Cancer Institute 80, 86, 150 
natural selection 172- 173 
Natural Selection Inc. 258 
native conformation 230, 232,235 
nearest neighbors 117, 128 
neural networks 
- backpropagation 59. 103 
- in chemometrics 101, 103 
- in NMR spectroscopy 206, 207, 209, 210 
- in QSAR 77, 88-89, 91, 234, 253 
- inversion of 104 
- peptide design by 152 
- response surface defined.by 104 
- training of 103 
neighborhood search 255 - 256 
Newton-Raphson method 101 
niching 23, 38, 42 
NLM, see nonlinear mapping 
NMR, see nuclear magnetic resonance 

No Free Lunch theorem 10,16,243,247 
NOE assignment 2M)-201 
NOE connectivities 202 
NOE correlations 201, 204 
NOE distance restraints 199 
NOE spectrum 
- experimental 22, 199 
- peaks in 199, 200, 201 
- theoretical 22 
NOESY 199, 201, 211 
noise component 92 
nondominating solution 248, 

see also Pareto optimality 
nonlinear mapping 77, 109 
nonlinear modeling 102- 103 
NP-completeness 100, 116, 154 

spectroscopy 

nuclear magnetic resonance spectroscopy 20, 
52, 195 

- automation of 197 
- biological 197 
- data from 197, 199 
- data processing 207, 214 
- four-dimensional 201 
- geometrical restraints from 199 
- heteronuclear 204 
- in vivo 214,216 
- multidimensional 198, 201 
- of protein mutants 207 
- of proteins 197, 198-201 
- one-dimensional 198 
- pulse shapes 216 
- spectral parameter estimation 214 
- structure determination by 195-217 
- three-dimensional 197,201, 204-205.210 
- triple resonance 204, 205 
- two-dimensional 197,201 -204 
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nuclear spins 196, 200 
nucleation sites 234 
numerical optimization 21 

0 
object selection 107- 108, 109 
offspring 37, 51, 145 
one-point crossover 6 
operator productivity 246, 247 
operators, evolutionary 

see evolutionary operators 
operators, genetic 

see genetic operators 
optimization methods, 

see also molecular dynamics, Monte Carlo, 
simulated annealing 

- assessing quality of 20 
- comparison of 19, 23, 24, 190 
- conjugate gradient 228 
- direct search 21, 24 
- directed tweak 21, 24, 62, 121, 122 
- grid search 164 
- local 18, 253 
- molecular mechanics 
- numerical 21 
- Powell 253 
- random search 21, 24, 228 
- simplex 21, 102, 103 
- steepest descent 24,253 
- systematic search 21, 24, 121 
- stochastic 20 
- tabu search 25,41, 256 
- tuning of 19, 20 
orthogonal arrays 228 
outliers 107, 143 
- detection of 84, 107 
overfitting 73, 77, 91, 105, 255 
overtraining, 

15, 35, 54 

see overfitting 

P 
p53 86 
paclitaxel 55 
Paracelsus challenge 236 
parallel computation 32, 41, 212, 231, 252 
parallelism 23, 250-253, 

- coarse-grained 250 
- fine-grained 251 
parallelization, 

see parallelism 
parameter estimation 100- 104 
parameter optimization 228, 230 

see also evolutionary algorithms, 
optimal parameter settings for 

Pareto optimality 62, 66, 132, 248-249 
PARM 64 
partial least squares 76, 87, 105, 106 
Patterson function 189 
Pawley refinement 165 

see also island model, migration model 

PCA, see principal component analysis 
PCR, see principal component regression 
peak picking in NMR 207,210,211 
Pearson correlation coefficient 79 
penalization strategy 19, 248 
penalty function 121, 122 
peptide bond 199 
peptidomimetic design 236 
periodicity 160 
PGAPack 41 
pharmacophore 52,61, 116, 120-122, 129-131 
pharmacophore elucidation, 

pharmacophore mapping 61 -64, 122- 126, 

pharmacophoric pattern, 
see pharmacophore 

phenolphthalein 38 
phenotype 3,36, 138 
phenylalanine 140, 145 
phylogenetic clustering 109, 110, 217 
physico-chemical constraints 52 
pivot atom 165 
PLS, see partial least squares 
poly(ethy1ene naphthalate) 101 
poly(ethy1ene terephthalate) 102 
polymer design 57, 149, 150 
polymorphic forms 174, 180 
population diversity 38 

- maintenance of 

see pharmacophore mapping 

129-131 

- 10% Of 170 

- through mutation 184 
- through niching 23, 38 
- through selection 39, 62 
- through subpopulations 17,23, 61, 252 

population models 8 
potential energy function 161, 182, 183 
potential of mean force 229, 230 
powder diffraction patterns 161, 162, 164, 165 
- comparison of experimental and 

- indexing of 185-189 
- peak intensities from 163 
- peak displacements in 185 
- peak overlap in 
- peak shape in 
- peak width in 164 
Powell minimization algorithm 253 
predictive residual sum of squares 79, 106 
premature convergence 38, 39,225 
PRESS, see predictive residual sum of squares 
principal components 106, 149 
principal component analysis 76, 93, 255 
principal component regression 106 
principled design 243 - 244 
PRO-LEADS 35,41 
PRO-LIGAND 56 
Procrustes rotation 130 
property space 138, 140- 142 

calculated 164 

162, 164, 185 
164, 168 
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proportional selection, 

protein conformations, ensemble of 34 
Protein Data Bank 63 
protein design 236 
protein dynamics 200 
protein engineering 236 
protein folding 223-237, 243,252, 254 
- in vitro 224 
- atomic representation in 226-232 
- hierarchical 235 
- mechanisms 235 
- parameters for evolutionary algorithms 

for 233 
- simulation protocols for 232-233 
- theory 34 
- thermodynamic models of 234 
protein-DNA binding 200 
protein-protein docking 39, 42 
protein sequence alignment 214 
protein sequences 109 
protein structure determination 

- by X-ray crystallography 199 
protein structure comparison 212 
protein structure prediction 223-237 
protein surface comparison 212 
Priifer number 109, 110 
pseudo-Voigt function 168 
pseudoreceptor modeling 64 - 65 
pulse shapes in NMR 216-217 
purine 59 

Q 

QSAR, see Quantitative structure-activity 

Quantitative structure-activity relation- 

- application of evolutionary algorithms 

- chance correlation in 91 -93 
- construction of models 76-77 
- feature selection in 73-76, 80 
- hybrid algorithms for 93 
- key tasks in development of 73-80 
- measures of model quality 79-80 
- minimum acceptance criterion for 

reliability 80 
- multiple models 93, 106 
- nonlinear 88 
- ratio between number of objects and 

variables in 76, 91 
- validation of models 77-80, 84-85.87 
Quantitative structure-property relation- 

ship 150 
Quasar 65 

see roulette wheel selection 

- by NMR 198-201 

q2 79 

relationships 

ships 71-94, 142 

in 80-93 

R 
r2 79 
R-factor, crystallographic 161, 164, 197 
- weighted profile 164, 165, 167, 186 
r-matrices 138, 139 
radius of gyration 229 
Ramachandran map 230, 231 
random search 21, 24, 228 
randomization tests 79, 86, 91 
rate constants, determination of 103 
real number encoding 2 
receptor modeling 64-65 
receptor surface model 64 
recombination, 

see crossover 
refinement of X-ray structures 161, 164, 179, 

184 
region selection 88, 107 
regression model 59 
relaxation 196 
repair strategy 18 
replication 145 
representation 2-3, 

see also encoding 
- biological 257 
- domain-specific 242 -243 
- of molecular structure 22, 25, 26, 43-44 
- binary versus real-valued 3, 145 
- internal coordinate-based 22, 23, 25 
- torsion angle-based, 

see internal coordinate-based 
representative subset selection 107- 108 
reproduction 75, 

see also crossover, mutation, 
selection algorithms 

residual standard deviation 79 
resonance assignment, sequence-specific 197, 

199-201 
- automated 205-211 
- comparison of manual and automated 

208 - 209 
- manual 201-205 
restraint propagation 206 
restricted tournament selection 62 
retroviral protease inhibitors 33 
Rietveld refinement 161, 164, 174, 178, 181 
rigid receptor hypothesis 66 
ring model 250-252 
RNA folding 247, 252 
RNA sequence alignment 252 
robust methods 103, 107 
robust modeling 103, 107 
rotamer library 229,230 
roulette wheel selection 7, 38, 51 
11’5 rule 246 

S 
s value 79 
SAGA 213 
schemata 173, 186, 190 
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scoring functions 33 -34, 66 
- enthalpic 33 
- free energy 33 
- grid-based 33-34 
- piece-wise 34 
- self-adjusting 234 
screen search 116 
search 
- completeness 25 
- individual-based 16- 19 
- population-based 16- 19 
- reliability 25 
- reproducibility 25 
search behaviour 
- linear versus non-linear 17 - 19 
search landscape 25 
secondary structure prediction 231 
selection algorithms 7 
- best-third 147 
- deterministic 8 
- elitist 147, 184 

see also elitism 
- hard 37 
- probabilistic 8 
- restricted tournament 62 
- roulette wheel 7, 38, 51 
- step function 37 
- tournament 7, 38, 184 
selection pressure 1, 38 
self-adaptation 8, 66, 244 -248 
- applications in molecular design 246 - 247 
- co-evolutionary approaches 245 -246, 247 
- learning rules 246 
Selwood data set 82, 84, 88 
semiconductors 57 
sequencing problems 110 
serotonin receptor 55 
shape constraints 52 
sharing 23 
side chain Iibrary, 

see rotamer library 
side chain modeling 232 
signal-to-noise ratio 73, 91, 210, 214, 215 
silicon clusters 11, 254 
similar-property principle 141 
similarity matrix-genetic neural network 89, 

similarity searching 117, 252 
- field-based 126- 129 
- fragment-based 126, 128 
simplex optimization 21, 102, 103 
simulated annealing 16, 74, 147, 255 
- comparison with evolutionary algorithms 24 
- in docking 41 
- in geometry optimization 11 
- in protein folding 228 
- in X-ray structure solution 164 
simulated molecular evolution 152 
SMGNN, 

90, 94 

see similarity matrix-genetic neural network 

SMILES notation 55, 58, 139 
soft computing 144 
soft potential 34 
solvent suppression 216 
space group 
- assignment 161 
- symmetry 160, 164 
spanning tree 59 
spectral alignment 207 
spectral line broadening 204 
spectral parameter estimation 214-215 
spectral quantification 216 
spectroscopic calibration 105 
spherical harmonic functions 39 
spin connectivities, proton-proton 202 
spin couplings 196 
spin graphs 202,210 
spin gymnastics 196, 197 
spin polarization 196 
spin relaxation 197 
spin systems 
- AMX-type 202 
- amino acid 206,210 
- complex 216 
spin-spin coupling constant, vicinal 199 
splines 82, 103, 106, 108 
SPRESI database 150 
stability constants, determination of 103 
STALK 41, 250 
state variables 36 
steady-state model 8 
steepest descent optimization 24,253 
stepping stone model 250-252 
stepwise regression 80 
stereochemical constraints 22 
steric field 127 
steroid 180 
stochastic optimization methods 20 
stop criterion 91 -92 
strategy parameters 8, 41, 246, 247 
streptavidin 41 
stromelysin substrates 151 
structural fragment 164, 165, 167 
- conformational flexibility of 178 
- for fluticasone propionate 180 
- for L-glutamic acid 174 
- for PhzP(0).(CH,),.P(O)Ph2 177 
structural parameters, crystallographic 160 
structure-based drug design 31,67, 236 
structure determination 
- by NMR spectroscopy 195-217 
- by X-ray crystallography 161 - 183 
structure prediction by X-ray 

crystallography 183- 185 
structure refinement in X-ray crystallo- 

graphy 161,164, 179, 184 
structure solution by X-ray crystallography 
- direct-space approach 163- 183 
- genetic algorithm for 167-183 
- from powder diffraction data 161 - 183 
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- traditional approach 162- 163, 182 
subgraph isomorphism 116, 120 
subpopulations 17, 250 
subset selection 104-108, 148, 209 
substructure searching 116 
surface diffraction 189 
SurfDock 39 
survival of the fittest 7 
survival rate 233 
SYBYL 121,125, 131 
symbol level 244 
synthetic accessibility 52 
synthetic efficiency 149 
systematic search 21, 24, 121 

T 
taboo search, see tabu search 
tabu search 25,41, 256 
tailored excitation 216 
termination condition, 

termination criterion 37, 51, 75 
ternary oxides 183, 184 
thermal conductivity 57 
thermodynamic hypothesis 224 
thermolysin inhibitors 39, 124, 125 
thrombin inhibitors 35, 152, 153 
thymidylate synthase 38 
thymine dimer 23 
time domain analysis 214 
time series estimation 214 
TLS, see total least squares 
TOCSY 202,212 

total least squares 215 
tournament selection 7, 38, 184 
toxicity 59, 89 
transition 142 
transition state 32 
TREOR 185 
triclinic systems 186 
Tripos Inc. 55, 122, 131 
trypsin inhibitors 157 
tubulin 55 

see termination criterion 

TOCSY-HMQC 205 

U 
Ugi reaction 152, 154 
Ullmann algorithm 117 
uniform crossover 5 
unit cell 160 
- contents of 164 
- determination of 161, see also indexing 
- dimensions 160, 164, 185 
united-atom models 229-230 
UNITY 127 

V 
valence bond theory 138 
van der Waals energy 40, 129, 131 
variable selection 73-76, 80, 87, 105-107 
- comparison of strategies for 80, 84, 91 
variance-covariance matrix 107 
virtual reality 41, 250 
virtual library 94, 148 
virtual screening 91, 150 
viruses, icosahedral 189 
volume integral 131 

W 
wavelength selection 105 
wavelets 103 
WDI, see World Drug Index 
weighted profile R-factor 164, 179, 184 
WIZARD 63 
World Drug Index 127, 150, 151 

X 
X-ray crystallography 32, 52, 159-190, 197, 

- biological 189 
- structure determination by 161 - 183 
X-ray scattering, small-angle 189 

Y 
Yak 55, 64 

2 
Z-matrix 232 
zero filling 207 

247 
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