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Genetlc and Evolutlonary under consideration. For example, in order to construct an EA

to search the conformation space of a molecule, each angle of
Algorlth ms rotation around a flexible bond could be encoded as a real num-
ber. Concatenating these numbers gives a string which can be
used within an EA. Thus, each individual would encode a spe-
Gareth Jones cific set of torsion angles. EAs manipulate pools or populations
University of Sheffield, UK of individuals. The EA is started with an initial population of
size u comprising random individuals (that is, each value in
every string is set using a random number generator). Every
individual is then assigned a fithess value. To generate a fithess
score the individual is decoded to produce a possible solution

1 Introduction to the problem. The value of this solution is then calculated

2 Evolutionary Algorithms using the fitness function. Population members with high fit-

3 Applications of Evolutionary Algorithms in ness scores therefore represent better solutions to the problem
Computational Chemistry than individuals with lower fitness scores. Following this ini-

g gglgctleujlzaiscles tial phase the main iterative cycle of the algorithm begins.

6 References Using mutation (perturbation) and recombination operators,

the u individuals in the current population produkechildren.
The 1 children are assigned fitness scores. A new popula-
tion of p individuals is then formed from thg individuals in
the current population and the children. This new popula-
tion becomes the current population and the iterative cycle is
Abbreviations repeated. At some point in the cycle evolutionary pressure is
applied. That is, the Darwinian strategy of the survival of the
fittest is employed and individuals compete against each other.
This is achieved by selection based on fithess scores, with fitter
individuals more likely to be selected. The selection is applied
either when choosing individuals to parent children or when
1 INTRODUCTION choosing individuals to form a new population.
There have been three main independent implementation
Many applications in computational chemistry have a sealnStances of EAS-* GAs, developed by Hollaridand thor-
rch space that is exponentially proportional to the problenPUghly reviewed by Goldber;evolution strategies (ESs),
dimensions and but for the simplest of cases these problenfieveloped in Germany by Rechenbemnd Schwefef, and
cannot be solved using exhaustive search methods. Consgvolutionary programming (EP), originally developed by
quently, there is considerable interest in heuristic techniquek- J. Fogel et af. and subsequently refined by D. B. Fogel.
that attempt to discover near-optimal solutions within anEach of these three algorithms has been proved capable of
acceptable time. Genetic algorithms (GAs) and other relatedlielding approximately optimal solutions given complex, mul-
evolutionary algorithmgEAs) provide a framework for effec- timodal, non-differential, and discontinuous search spaces.
tively sampling large search spaces, and the basic technique ficcess has also been achieved for noisy and time-dependent
both broadly applicable and easily tailored to specific problemsandscapes. A simple description of each technique is given
(seeGenetic Algorithms: Introduction and Applications All here and more formal descriptions are given bgck and
that is required to apply an EA to any particular problem isSchwefel Back? and Fogeft
an appropriate encoding scheme and a target function. Since
1992 we have seen an explosion in the number of seemingl : :
intractable problems to Wﬂich EAs have been successfuglal)/%1 Genetic Algorithms
applied. This article reviews the application of EAs within  Figure 1 shows the canonical GA as developed by Holfand.
the field of computational chemistry. The canonical GA encodes the problem within binary string
individuals. Evolutionary pressure is applied in step 3, where
the stochastic technique of roulette wheel parent selection is
2 EVOLUTIONARY ALGORITHMS used to pick parents for the new population. The concept is

EA = evolutionary algorithm; ER= evolutionary program-
ming; ES= evolution strategies; GA= genetic algorithm;
GFA = genetic function approximation.

EAs are computer programs that attempt to solve complex _ o o
problems by mimicking the processes of Darwinian evolution. 1- éitﬁzgg'igg?egfgr?gizgrlgg"t’f:gfh'isnh"i'\:'izté‘?d-
In an EA a number of artificial Creatljlres Sear_Ch over the spa " Using roulette wheel parent selectio pairs of parents are chosen from
of the problem. They compete continually with each other to  the current population to form a new population.
discover optimal areas of the search space. It is hoped that With probability Pc, children are formed by performing crossover on the
over time the most successful of these creatures will evolve tg l\l/(/z_tﬁa'fs é’f EF;‘_{E;‘}S- Th? f;h"df_e” fel?'ace ghe P?rf]ems in the ”?V;’ population.

: : : . ith probability Pr,, mutation is performed on the new population.

discover the _optlmal SOIUIK.)n' S 6. The new population becomes the current population.

The artificial creatures in EAs, known as individuals, are7 s the termination conditions are satisfied exit, otherwise go to step 3.
typically represented by fixed length strings or vectors. Each
individual encodes a single possible solution to the problenfigure 1 A canonical GA
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Population Size = 4 constrained not to contain any duplicaté$n order to increase
D program effectiveness hybrid GAs mix problem specific oper-
A ations with crossover and mutatiéh.
3 C S . . . . -
election pressure is defined as the relative probability
6 that the fittest individual in the population will be chosen
2 B as a parent relative to an individual of average fitness. Too
high a selection pressure and a GA will rapidly converge
to a suboptimal solution. While encouraging search, a low
selection pressure can result in a GA taking an inordinate time
Figure 2 Roulette wheel parent selection to converge. In order to control selection pressure within a GA
fitness values are often rescaled when applying roulette wheel
parent selectiof!
One problem with a canonical GA is that there is no guar-
antee that good individuals will survive from one iteration to
&he next. Not all algorithms produce an entirely new popu-

d individual has th . b Irﬂ';\tion each iteration. An elitist strategy involves copying the
and any individual has the capacity to become a parent, selegjq; ingiviguals unchanged from the current population to the

tion is clearly biassed towards fitter individuals. Parents arg aw populatiort! In a steady-state GA, each iteration involves
not requged to be unlgue _and, in each iteration, fit |nd|V|duaIsthe application of one crossover or mutation operator and only
ma|3:/ produce malmt/_ 0 spfrlng. 2 pai f N one or two new individuals are added to the population, usu-
rom a population of sizei, /2 pairs of parents are ally replacing the worst individuafs:® Davis has compiled a
chosen. These parents form a new population. With probab|llt¥Iumber of examples of the application of GAs to real world

P each pair IS recomblned using the crossover operator . 1ms and the modifications to the canonical GA that were
produce a pair of children. This cut and splice operator i requiredt!

illustrated in Figure 3. A cross point is selected at random. GAs have proved to be the most popular of the three EAs.

Each child is identical to one parent before the cross poin . ; :
and identical to the other after the cross point. The chiIdIrhey provide a simple framework for attempting to solve

individuals then replace their parents in the new populationComplex 'search pro.blems and have been widely applied in
) o EE . R tomputational chemistry.

Following crossover, mutation is applied to all individuals

in the new population. With probability’y,, each bit on

every string is inverted. The new population then becomeg.2 Evolution Strategies

the current population and the cycle is repeated until some Figure 4 shows the ES as developed by Recherfkeng

#g{n;'(;'gtéogxzrger:fmeggrsglistfe'fgﬁ;ge glrgg:::i?Totz\?'e‘iagcr:niZSchwefe@ Historically ESs were designed for parameter opti-
' 9 mization problems. The encoding used in an individual is

detected within the population. The probabilities of rT]u'["’lt'ontherefore a list of real numbers: these are called the object vari-

Zﬂg zg:;sobveersf;g t?nc:h}; ¢ :lsrgr p$razr£re\zlt?ést§ealg$grrn ables of the problem. Additionally, each individual contains
y - 1Yp ) a number of strategy parameters, these being the variances

and 0.01 forPp, indicating that the algorithm is driven by 5,4 covariances of the object variables (the covariances are
recombination, and mutation is largely a background operator

Holland's schema theory provides a framework to explain ho optional, but when used are normally defined using the rota-
and's schema theory p s aframe  lo explain NoW;, , angles of the covariance matrix). The strategy parameters
parts of the binary string encoding for high fithess multipl

y . .
through iterations of the algorithf, are used to control the behavior of the mutation operator and

Many GAs applied to real world problems bear only aare not required when decoding an individual,
; . I h iteratiom. offspri ted f -
passing resemblance to the canonical GA, and GAs are be@:ti n each reration OiSpring are generated from a popu

; d di : uti h. rather th on of sizey, wherej is typically 7u. The recombination
ViIewed as a paradigm for evolutionary search, ratner than 8perator produces one child and requires two parents for each
specific algorithm. The binary encoding is often inappropri-

te 1 bl q b tended t bi object variable and strategy parameter in the child. Histori-
ate for manyn%%ro ems ?‘nl may he exten de' 0 non 'na%ally, the same parents are used to generate all object variables
representations. Successful GAs have used integer stringjn the child, then the parents are re-selected for each strategy

individual$>'*-?or even more general representations such ag, ameter. The parents are selected randomly from the current
tree and matrix structuréd:'* Specialized crossover operators nonlation (i.e.. there is no selection pressure at this point). A
have been devised to handle unusual encodings: the Partially-

Matched crossover operator recombines integer strings that are
1.

A has fitness

illustrated in Figure 2, using a trivial example with a popula-
tion of four individuals. Each individual is assignhed a sector
of a roulette wheel that is proportional to its fithess and th

A current population ofi individuals is randomly initialized.

2. Fitness scores are assigned to each ofittmglividuals.
Parents 3. X new offspring are generated by recombination from the current popula-
P | 1 tion.

4. Thex new offspring are mutated.
2. _ 5. Fitness scores are assigned to xheew offspring.
6

A new population of: individuals is selected, using eith@r, ) or (u + )

Children ) ;
L I selection.
1. 7. The new population becomes the current population.
2. _ | 8. If the termination conditions are satisfied exit, otherwise go to step 3.

Figure 3 The GA crossover operator Figure 4 A simple ES
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number of alternative recombination techniques are availabléhat have worse fithess scores than The u individuals

but the best results have been observed by setting each objeeith the highest tournament counts go on to form the new
variable in the child to be the same as the object variable ipopulation. Note that ag increases the selection pressure
one of the parents and setting each strategy parameter in the the algorithm increases and the selection process becomes
child to be the mean of the parameter’s values in the parentgacreasingly deterministic. One side-effect of this selection
Mutation is the main operator in the ES and acts upon strategjgrocess is that the best individual is always present in the
parameters as well as object variables. The mutation operaew population.

tor first perturbs the strategy parameters. The object variables Like ESs, applications using EP are rare in computational
are then mutated using the resulting probability distributionchemistry, though some successes have been achieved by
defined by the modified strategy parameters. This special mutqyke'® and Gehlhaar et &P Like ESs, EP is a technique best
tion operator allows the ES to evolve good strategy parameter§ited to parameter optimization.

for the problem and has been termed self-adaptation. Selection

in EAs is deterministic: the bestindividuals are taken from

the » new offspring ((u, ») selection) or from the union of 2.4 Summary

W parents and. offspring ((u+ 1) selection). The preferred  Tpree main types of EA have been developed: GAs, ESs,
method is(u, 1) selection, sincéu + A) selection can disrupt and EP. These algorithms are broadly similar, yet there are sig-
the self-adaptation mechanism. Like the GA, EAs run untilyiicant differences. All operate on fixed length strings, which
some termination criteria are satisfied. There exists a limited gntain real values in ESs and EP and binary numbers in the
amount of convergence theory for ESs. _canonical GA. All algorithms incorporate a mutation operator:
As yet there is only one published application of ESs ing, 5 and EP mutation is the driving force. GAs and ESs also
the field of_computatlona_l chemistry, that of Schnglder éfal. use a recombination operator, which is the primary operator
However, in ESs remains an attractive alternative o GAStor the GA. All three use a selection operator which applies
especially in the field of parameter optimization, where g, tionary pressure, either extinctive (in ESs and EP, the
model systems they appear to outperform GAs. operator determines which individuals will be excluded from
the new population) or preservative (in the GA the operator
2.3 Evolutionary Programming selects individuals for breeding). In GAs and EP selection is

Figure 5 illustrates the form of an EP scheme. EP was origprobabilisti(:, while ESs use a deterministic selection. ESs and
inally developed by L. J. Fogel et &lfor the evolution of meta-EP allow self-adaptation, where parameters controlling

finite state machines using a limited symbolic alphabet encod—?maﬂon are allowed to evolve along with object variables.

) inally, it is worth noting that the implementer is free to mod-
ing. Subsequently D. B. Fogel extended the EP to encode rezﬁly thgse algorithms Fgr example F:he GA can be run using
numbers, thus providing a tool for variable optimizatfoimdi- ’ '

viduals in the EP comprise a string of real numbers, as in esé" integer alphabet.

EP differs from GAs and ESs in that there is no recombination
operator. Evolution is wholly dependent on the mutation oper3  App| |ICATIONS OF EVOLUTIONARY
ator, which uses a Gaussian probability distribution to perturb 5| GORITHMS IN COMPUTATIONAL
each variable. The standard deviations correspond to the square cHEMISTRY

root of a linear transform of the parents’ fitness score (the

user is required to parametrize this transform). To overcome
parametrization problems associated with the linear '[ransforrna
Fogel developed meta-evolutionary programming (metaiEP). a

Innmeta-liP |ndr|_\/|gual? er,‘ncodhe bt?.th tobjer(_:tt\)/larlagles_nagdsva;ﬂﬁons_ Recent literature reviews include Clark and Westkead
ances (one variance for each object variable). As | S 16n applications in computer-aided molecular design, Willett

variances are self-adapted and used to control the Gauss%ﬁ molecular recognitioft Parrill on drug desigR? Peder-
mutation operator.

Selection pressure is applied in the EP when forming a newo" anq Moﬂlt on protem strugture predlct.i%?nand Judson
population from parents and offspring of the mutation operator',n ch_em_|stry2._ Additionally, DeV|I_Iers has edited a volume of
using a mechanism called tournament selection. Stochastic 2PPlications in molecular modelirfg.
tournament selection is employed, wherés a parameter of

the algorithm. LetU be the union of all parents and offspring. 3.1 Macromolecular Structure Prediction
For each member of U, ¢ opponents are selected fraphat

random. A count is then made of the number of opponents The pred_iction _Of macromolecular‘ Sm.m,”e and, partic-
ularly, protein tertiary structure (the ‘folding’ problem; see

Protein Folding and Optimization Algorithmy remains one

Over recent years the application of EAs to complex prob-
ms in computational chemistry has become commonplace
nd there is now a growing collection of published applica-

1. A current population ofi individuals is randomly initialized. of the most challenging problems in computational chemistry.
2. Fitness scores are assigned to each ofitmlividuals. Not onlv is th f ti | but th h
3. The mutation operator is applied to each of ghiadividuals in the current 0 only 1s e con Orm_a Ional space enormous, bu € mecn-
population to produce offspring. anisms of folding remain poorly understood. EAs have proved
4. Fitness scores are assigned to thefspring. a popular approach to tackling the search space problem. As in

5. A new population of sizg is created from tha parents and the offspring all folding algorithms, considerable difficulty has been encoun-
using tournament selection. d in desiani - ble fi f . Gi h h
6. If the termination conditions are satisfied exit, otherwise go to step 3. tered in designing Swta e fitness unct|ons.. I_Ven t at.t e
success of any technique depends on the objective function it
Figure 5 A simple EP scheme is thus difficult to evaluate and compare search strategies.
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3.1.1 Protein Structure Prediction GA to sample the conformational space of loop regithan
(SeeProtein Structure Prediction in 1D, 2D, and 30 alphabet of tetrapeptide conformations was defined and each

Numerous practitioners have used EAs to attempt to soly&A individual encoded conformations of partially overlapping

the folding problem. An early study suggested the superil€trapeptides. Tufry et al. have used a GA to predict side-

ority of GAs over simulated annealing by performing an chain packind? A rotamer library was used to describe side-
idealized study on a 2D gr®. Bowie and Eisenberg also chain conformations and each GA individual encoded one

demonstrated the effectiveness of GAs by using an empiric ptamer for every side-chain. Molecular mechanics energy

- Y . _terms were used in the fitness function. &ujf et al. have
guiding function! A library of peptide fragment conforma also compared the effectiveness of GAs and other techniques

tions was used to build the starting population and muta-.n side-chain packin® While the GA was as effective as the

tion and crossover were more likely to occur at fragment . . >
junctions y 9 other algorithms it was not the most efficient.

Using a tetrahedral 3D lattice, Dandekar and Argos illus- GAs have also been .applled to the simpler problem of

trated how GAs could fold a foui-strand bundI€® A binary seco_ndary structure pred|ct|o_n. Acceptable results have_been
: ' : L ?btalned by Vivarelli et al. using a neural network supervised

encoding was used, where two bits encoded the direction qly 4 GAM
the main chain through the lattice from eacts &om. A sim- y '
ple fitness function, which minimized clashes and scored for
B-sheet formation, was employed. Later work has concentrate8.1.2 DNA Structure Prediction
on grid-free experiments. Using a different binary encoding,
where each residue is assigned a conformation from a sma{!ll
. . ; ; aq
library (typically, the residue can be in one of seven conforma:

tions), Dandekar and Argos successfully folded small helica sed with torsional angles encoded as binary numbers and the

A . . :
lprotemsz. Tr}et fitness g_urr\]ctlon V‘(’ja? mtc))rz clomrp])lex, being daconformation of the ribose ring was described by two binary
Inéar sum of terms which scored tor bad clashes, Secondalyy.qqed numbers, a pucker amplitude, and pseudo-rotational
structure formation, tertiary structure formation, hydrophobic

. ; . ) hase angle. To reduce the search space a hierarchical system
burial, and hydrogen bonding. The potential function has beefy: sag V\?as devised. At the bottomp of the hierarchy GXS

further refined for nonhelic#l proteins and recent work shows erformed conformational analysis on single DNA bases. GAs

good results on 19 test systems of mixed secondary structuigere then employed higher in the hierarchy to link the DNA
type3! Sun and co-workers have also achieved considerablgrcture together.

success in protein folding using a GA. Using a statistical poten-

tial in the fithess function, and a binary string representation o

melittin and apamin were successfully fold&dBinary num- 3.1.3 RNA Structure Prediction

bers were used to encode a state on the Ramachandran mapRNA structure prediction remains an intractable problem,
for each residue. The formation of the initial population andand is further complicated by a lack of experimental structural
the mutation operator was assisted by a dictionary of pepinformation. Nevertheless, GAs are among the current state of
tide Segment conformations. More recently the algorithm ha$he art techniques in RNA structure predictﬂ?nAn impor-
performed well on two test sets of ten small protéth¥’  tant area of RNA structure prediction is determining which
In another GA study, Le Grand and Merz encoded proteimucleotides form stem loops. Separate groups have devised dif-
torsional angles as binary numbers in each individdiainfor-  ferent encodings for use within a GA. Two groups, Beneditti
tunately problems were encountered with the knowledge-baseghd Morosetfi’” and van Batenburg et &€,identify all possi-
potential function, though the GA proved effective at searchingle stem loops and then use a binary encoding. If a bit is set
conformational space. then the corresponding stem loop is present. Gultyaev 4t al.

The techniques described above usually require knowlhave extended their work to simulate the folding prodéss.
edge of protein secondary structure. However, Pedersen angternatively, Shapiro and Naveffaencode the size and start
Moult®® have used a GA to successfully perforab ini-  and stop positions of each loop in an individual as tuples.
tio folding of a 22-residue peptide. The fitness function wasGiven the complexity of the problem a specialist annealing
parametrized by a potential of mean force analysis of experimutation operator has been developed by Shapiro angt Wu
mental structures. and massively parallel hardware utilizé.

In order to guide GAs to solve this seemingly intractable  Once the nucleotides within stem loops have been iden-
problem some groups have devised specialist operators ffied, it is a nontrivial task to identify the 3D structure of
be used with crossover and mutation within the GA. Forthe loop. In the work of Orgeta et al. the 3D conformation
example, Rabow and Scheraga use a Cartesian space opergpiRNA stem loops was modeled using a GAEach GA
for recombinatior’’ while Elofsson et al. have devised a individual contained seven variables for each nucleotide: six
local operator to perturb small sections of the backbBne. of each torsion and one to describe the conformation of the
In attempts to improve search methods other techniques havgugar ring.
been combined with GAs: Gunn et al. have folded myoglobin
using parallel simulated annealing with a mixing of states
achieved by a GA? Del Carpio performed local optimization
of offspring following crossover and mutatidf Both of these Prediction of the binding mode of a ligand within a protein
implementations utilized parallel hardware. active site of known structure is of paramount importance

Predicting the tertiary structure of part of the protein isin rational drug desigi¥>* (see Drug Desigr). There have
in itself a demanding problem. Ring and Cohen have used hAeen many attempts to solve this problem using EAs. As in

Lucasius et al. have developed a GA for the analysis of
ueous DNA in order to generate conformations consistent
ith NMR distance constraintS. A binary encoding was

3.2 Protein Docking
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protein structure prediction, the problem is twofold: a fast3.3 Small Molecule Conformational Search and
search algorithm is required to evaluate many possible binding  Structure Prediction

modes and appreciation of the process of molecular recognition Many of the techniques described previously for structure

is required to design good target functions (déelecular o Ki rediction n
Design and Structure-based Drug Desijn &redlctlon of macromolecules and docking predictions ca

: : : e applied to the conformation analysis of small molecules
. Early attempts at_dockmg cpr_mdered both the protein an ith a view to energy minimization or constraint satisfac-
ligand to be rigid. Xiao and Williams used a GA to perform

2 . S . ; tion. (SeeConformational Search: Linear Chains; Coarse-
rigid body docking of deoxyguanosine into actinomycirrD. Grained Searches Over Protein Conformations; Conforma-

Three translations and three rotations were encoded as bina{%nal Analysis: Conformational Analysis: 1; Conformational

numbers and a simple molecular mechanics term was used ihhayysis: 2 and Conformational Search for Medium-Sized
the fitness function. Molecules)

Investigators have found that EAs are particularly appropri- - g.oqmeier and Pretsch have used a GA to perform molec-

ate when considering ligand flexibility. Judson et al. dockedar minimization using a molecular mechanics energy func-
a flexible inhibitor into thermolysin using a G¥. Rotations tion% The GA encodes torsional angles as binary numbers
around flexible bonds were encoded as binary numbers ang each individual. Hermann and Suhai use a similar encod-
one portion of the ligand was held fixed in the active S'te-ing but use the MOPAC AMHamiltoniarf® in their fitness

where a known interaction occurred. The fitness function ﬁrs?un'ction?” Using the same encoding Meza and co-workers

tested for bad contacts and then (if no bad contacts werg,nq that GAs and a direct search method were equally effec-

docked into three proteir?é.Clark and_ Ajay utilized a similar A common problem is the identification of molecular con-
scheme, though one portion of the ligand was no longer cong, mations that satisfy NMR constraints. Sanderson et al.
strained to interact with the protetA Three rigid body transla- describe the use of a GA to determine possible solution con-
tions, three rigid body rotations, and rotations around flexibl&qmations of a cyclic Arg-Gly-Asp peptide analog that were
bonds were encoded as binary numbers. Good results weggnsistent with NMR datZ Torsions were encoded as binary
obtained across four different complexes. The fitness funcyympers. In order to perform full cyclic conformational sea-
tion evaluated a molecular mechanics energy for the compleXch the macrocycle was broken and constraints were applied
Using the same encoding Verkhivker et al. have performedq ensure ring closure. Beckers et al. describe a distributed GA
docking studies on HIV-protease and FK506BPThe fit-  hat is used to obtain biopolymer conformations consistent with
ness function calculated simple pairwise atomic interactionsynRr data??

Atoms were characterized as hydrogen bond donors, accep- a different GA application is described by Perlm&n.
tors, donoracceptors, or nonpolar. Another approach is thatere possible conformations that satisfy NMR constraints are
described by G. Jones et®lHere the encoding used by the getermined by molecular dynamics. A GA then determines
GA comprised both integer and binary strings. The binarythe weighted set of conformations that best satisfy the NMR
numbers encode rotations about flexible bonds and the integefata. Molecular conformations consistent with NMR data are
strings encode possible intermolecular h.ydrogen bonds. Leasgften generated using distance geometry. van Kampen et al.
squares fitting was used to dock the ligand so as to try thave developed a GA that optimizes matrix embedding for

form the encoded hydrogen bonds. The fitness function comdistance geometry by encoding putative distance geometry
prised a term for steric interactions and a specialized term fopgynds’3

hydrogen bonding. Recently, the algorithm has been improved
considerably and tested on 100 protdigand complexe§? )
Oshiro et al. describe the inclusion of a GA with the DOCK 3-4 Molecular Design
suite of programs to perform flexible ligand dockitfef3 The Designing new molecules possessing desired qualities is
encoding specifies rotations about flexible bonds and a putasn important activity in chemical and pharmaceutical research
tive mapping between protein and ligand spheres (the sphergsee Design of Compounds for Physical PropertlesCom-
are shape descriptors used by the DOCK prog&m)gain, puter-aided molecular design offers an attractive alternative
a molecular mechanics energy is calculated in the fitnesg traditional methodologies. Again EAs have proved promis-
function. ing in this field. Venkatasubramanian et al. have developed
All of the docking algorithms described above utilize GAs. a GA for molecular desigf*~7® Molecules are encoded
Gehlhaar et al. describe a rapid docking procedure that uses strings using a symbolic chemical group alphabet and
an EP and its application to HIV proteaSeAn encoding of  then optimized to have desired physical properties. Glen and
three rigid body translations, three rigid body rotations, andPayne have devised a GA for the generation of molecules
rotations around flexible bonds was used. The fitness functiowithin constraints’” GA individuals encode 3D structure and
was similar to that used by Verkhivker et®dland utilized crossover entails exchange of substructure between parent
simple pairwise atomic potentials. structures. Mutation may have a number of effects, such as
The methods described above use specialized objectiv@oving the structure, changing molecular conformation, or
functions in order to predict ligand binding modes, thoughaltering the chemical composition of the structure. A variety
the same docking methods can be applied to more comef constraints are available, including scalar properties, sur-
strained docking problems. Meadows and Hajduk have devisefice properties, and grid properties. Westhead et al. use a GA
a GA that docks ensembles of small ligands subject to NMRor structure refinement within a de novo design progrém.
constraint$* Again the encoding used is the chemical structures themselves.
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The starting population consists of a number of compound8.6 Combinatorial Libraries and Library Synthesis
produced by ade novodesign program. These are evolved In view of the inherent complexity of combinatorial librari-
to satisfy the constraints of a design model. An alternative plexity

L . . .~ .S, it is not surprising to find a number of EA applications
approach to designing molecules with specific properties i$ ; h e L L
given by Devillers, who uses a communicating hybrid syste Ar\]ntahlesfiglds(hs(freifj:gr:ng:]n datlgg,'?:sll_ébr?jgesi.riﬁglﬁ\ljvrea/_\éxvggn be
of a GA and neural networké SIS y

De novoprotein design can be viewed as a reverse foldin sed to suggest combinatorial library mononfér&ach GA

problem, where an amino acid sequence is designed to fold 61d|V|duaI EnCOdef;”? pqss_llble_ztllbrfatrz compodundd asa sengs ?f
a given 3D structure. Using a GA, D. T. Jones has attempte onomer bases. 1he simifarity of the encoded compounas 1o

a solution to this problerf® To encode sequences the GA nown actives is used as a fitness function. At the end of a

used a symbolic alphabet of amino acid types. Using thisGA run good library compounds that resemble known actives

technique Jones et al. designed a helical protein, which, off"® found.

synthesis, exhibited evidence of significant helical cortént. fitn':\srs]LliLTnbc?irogfs Itrclvs?sr?t?\aet;)igse E?Vr?_ ;csgﬁl(ijt agg;y éiiﬂ;s \;\r/]eE?r
Schneider et al. propose the use of an ES for protein dé&ign. y 9 y P :

Unfortunately as yet, the method has only been applied to 5;[ .al' egcA%ge_?hstafrf;mg re?gentt.s for aI’IIUchj reac:;]on mna btlaary
model multimodal function, though an encoding scheme based- Y ) € fitness function involved synthesizing the

on amino acid types and conformational preferences has sin OdUCFS and then. measurin_g ‘.h?" inhibitory ability_. Using a
been published? rombin assay, micromolar inhibitors were found. Singh et al.

Desjarlais and Handel have used a GA to design thélj_sed a binary string GA to encode hexapeptide sequéfices.

hydrophobic core of proteirfé They encoded the problem he fitness function used a stromelysin and collagenase activ-

using a symbolic alphabet that specified residue types ani(!'iy assay to identify stromglysin-selective subsyraftes.. 'U-sing
residgue C())/nformatior?s (which werr:a picked from ayr%tame similar GA, Yokobayashi et al. evolved trypsin-inhibiting

library). The fithess function evaluated the steric energy O]hexapepnde%?’

the encoded core. The algorithm was able to reproduce known

core sequences and two variants of phage 434 cro proteid,7 Atomic Clusters
designed by the program, proved as stable as the native

structure. Another combinatorial problem that has seen the successful

application of EAs is the prediction of atomic clusters. Mestres
) ) and Scuseria encode topological descriptors in their GA and,
3.5 Chemical Structure Handling after parametrization on agQluster, the algorithm is applied

One of the first applications of genetic algorithms in the!0 rare gas atomic clusters of up to 13 atdfhdGregurick
field of chemical structure handiing was by Fontdinin €t al. use a hybrid GA to perform optimization of (Arand
order to determine the minimum chemical distance betweeB(A) clusters’” A binary encoding of internal atosatom
two structures a GA was used to map one structure ontdistancesis used and a local minimization procedure is applied
another. Integer strings were used by the GA to encode putd® new individuals. The idea has been extended by Niesse
tive mappings. A common problem in the handling of chem-and Mayne, who obtain better convergence using a real-
ical structures is the retrieval of structures having particulav@lued encoding based on Cartesian coordinates cli8ters.
properties from large databases. Using a similar encoding tB€aven and Ho have described a GA that efficiently finds
Fontain, Brown et al. describe how a GA can be used tdullerene clusters of up t0 45.2° The cluster structure is used
match 2D chemical structurés.While the algorithm they as the GA encoding and crossover is achieved via a cut and
developed was found to be considerably inferior to convensplice operation on the parent structures. The technique has
tional substructure search methods, it was found to be usefsince been extended to optimize Lennard-Jones cluéfers.
in the construction of hyperstructures (where a hyperstructurdomasulo and Ramakrishna have used density function theory
is a novel representation of a set of chemical structfi@®). within the fitness function of a GA to reproduce the global
The GA was found to be considerably more effective in minimum of aluminum phosphate structur&s.
matching flexible 3D molecules to pharmacophores (where
a pharmacophore is a 3D arrangement of atoms or featureés8 QSAR
that are considered necessary for activify)Torsion angles '
were encoded as binary numbers and the method was found A QSARmodel is normally a linear combination of basis
to be superior to distance geometry, systematic search, arfdnctions of molecular descriptors (such as LogP, molecular
random search. However, the directed tweak torsional minidipole moment, and so on). In building a QSAR model, the
mization method appeared to be slightly superior to GA seaselection of features, basis functions, and basis coefficients is
rch. GAs have also been used to determine the maximura complex and time-consuming task. It is not surprising to
overlap of molecular electrostatic potential between two rigidfind that many workers have developed EAs to improve on
molecules® The technique was applied to database similarconventional methods. In the genetic function approximation
ity search and has been extended to incorporate molecul4GFA) developed by Rogers and Hopfinger, a GA manipu-
flexibility. 8° lates strings of basis function® QSAR activity models are

An unusual application in this field is described by Le then produced by generating basis set coefficients by linear
Bret, where a GA was used to reconstruct possible connegegression. By means of a similar encoding Luke has used an
tivity matrices from lists of diatomic fragmeni8.Hibbert has EP to generate QSAR modéfslit is not clear which of the
described how a GA can evolve a drawing of a 2D chemicatwo approaches is more successful. Leardi has also performed
structure from its molecular formufa. basis selection using a GA? Kubinyi has developed an EA
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that is capable of basis function selectd8hThe EA is similar  molecular conformation; an overlay of molecules was cre-
to EP in that it is driven by mutation, but it only maintains ated using least-squares fitting on the pharmacophore features.
a population of size one. The individual comprises a set offhe GA was then used to minimize the distance difference
basis functions that are used to construct a putative QSARRetween pharmacophore features. An even more problematic
In a single generation repeated mutations are attempted, ai§@se is when neither pharmacophore features nor distances
the best individual is selected for the next generation. If noare known. G. Jones et al. have devised a GA that, without
improvement is found a local search is attempted. Kubinyiany prior knowledge, is able to perform flexible molecular
has also found that basis function selection can be achieveeverlay and pharmacophore elucidatidh.The GA encodes
systematically for the first three basis functidf$Subsequent conformational information in bit strings and encodes putative
basis functions in the QSAR can then be generated using thgharmacophores as integer string mappings between molecules
EA. More recently the same algorithm has been applied tdn the overlay. The fitness function is devised to guide the
variable selection in regression and partial least squares (PLS)olution of good pharmacophores.

analysis!©® Receptor modeling is a more ambitious approach to phar-

Neural networks are commonly used for activity predictionmacophore modeling. In this technique a model of the active
in QSAR. So and Karplus have used a genetic algorithm fogite is constructed from known actives. Walters and Hinds have
selection of molecular descriptors. These are then used aised a GA to attempt this tadk> The program requires a
input to a neural net which predicts activiy. An alternative ~ set of pre-aligned active molecules. The GA encoding is a
approach is suggested by Kyigyand Valjakka, who encode string of atom types. A set of possible protein atom positions
the neural net size and descriptors within a 8A.The  was created around the aligned molecules. Atom types for the
performance of the encoded network is then used as the GPositions are obtained by decoding a GA individual. The fit-
fitness function. ness function is designed so that the evolved model has good
protein-ligand interactions. The model can then be used to
3.9 Crystallography predict the activity of new ligands.

(SeeCrystal Structure Calculations: land Crystal Struc-
ture Calculations: 2)

There have been a number of diverse applications of EAs There have been a number of instances where EAs have
within crystallography reported in the literature. Heavy-atombeen used to obtain approximate solutions to the &thger
replacement is a common procedure for phase assignment gfuation. Zeiri et al. use a real-value encoding to aid in the
protein crystallography. Chang and Lewis use a GA to seacalculation of bound states in a double well potential and in the
rch for heavy-atom sites that are consistent with the observedon-linear density functional calculatidt® Rossi and Truhlar
Patterson function differend® The coordinates of putative have devised a GA to fit a set of energy differences obtained by
heavy-atom sites were encoded as binary numbers on the GHDDO semiempiricalMolecular Orbital Theoryto reference
string. Another application is detailed by Tam and Comp-ab initio data in order to yield specific reaction parametéfs.
ton, who successfully index crystal faces using a ¥A. The technique was applied to the reactiontGCH,. In a third
Face indices were encoded in a binary lookup table and thexample, Rodriguez et al. apply a GA to diagonalization of the
best results were obtained using two GA runs, with the firstHamiltonian in the spin-coupled Fe-Fe?™ center of reduced
restricted to indexing only three faces. By encoding atomicuteroferrin!!®
coordinates as binary numbers within a GA, Bush et al. have
predicted the crystal structure of 3RuQ,.11! Experimental
X-ray powder diffraction profiles are in accordance with their
model predictions. Finally, Miller et al. have used a GA for In the field of protein similarity May and Johnson have
de novophasing of low-resolution X-ray data from crystals of devised a GA for protein structure comparigéhl?® Their
icosahedral viruse$? where bits were used to encode electronbinary string GA encodes three translations and three rigid
density on a lattice. body rotations. On decoding an individual a transformation
is generated to superimpose one protein on top of another.
The fitness function uses a dynamic programming technique
to determine topological equivalences.

In the absence of the 3D structure of a protein target, Jaeger et al. have reported using a GA to design a primary
pharmacophore modeling provides a useful alternative. Unforscreen for antirhinovirus agents. The activity of a diverse set
tunately, elucidation of the pharmacophore from a series 06f human rhinovirus inhibitors was measured against a larger
actives is a complicated problem, especially when molecuset of rhinovirus serotypes and a GA then selected serotypes
lar flexibility is a consideration. Payne and Glen applied afor the new screet?!
binary-coded genetic algorithm to the problems of molecular The use of GAs in partial least-squares (PLS) regression
similarity and pharmacophore elucidatithi. The GA encoded has been the subject of a few publications (Beetial Least
torsions as bytes on the binary string and cyclic flexibility Squares (PLS) in Chemist)y Shaffer et al. have used a GA
was accounted for by ring corner flipping. Two cases werdo guide the coupling of bandpass digital filtering and PLS in
investigated. First, a series of molecules was fitted to a knowthe near-infrared analysis of glucose in biological matriéés.
pharmacophore. Second, given only pharmacophore featureBangalore et al. used a GA to complement an automated wave-
the GA was able to elucidate pharmacophore distances. THength selection procedure for use in building multivariate cal-
best way of achieving this was to use the GA to encoddbration models based on P13 GAs have also been used by

3.11 Quantum Mechanics

3.12 Other Miscellaneous Examples

3.10 Pharmacophore and Receptor Models
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Vankeerberghen et al. to obtain parameters for robust regres-7.

sion in nonlinear models, which can then be used for instru-
ment calibratiort?* Wise et al. have found GAs to be more
efficient than neural nets in developing non-linear mo#&ls.
There are many other reported applications of GAs in
related fields. Some, which may be of interest, include: finding

low-energy distributions of ions above a crystal surf&e; g,

optimizing parameters for allosteric regulation of enzymes
in a model metabolic cycl&’ minimizing the discrepancies

between experimental and theoretical fluorescence/absorptioAl.

spectrat?® thin film analysist?® and parameter estimation for
kenetic model$30:+31

4 CONCLUSIONS 13

It is only since the early 1990s that EAs have been applied14.

to problems in computational chemistry. Yet, in that short
space of time, they have had remarkable success in almost
every complex search problem within the field. This success

must be due to the problem independence of EAs. Given al®:

problem, all that is required to implement an EA is appropriate
encoding and fitness functions. It is hoped that the many , .

applications discussed here are sufficient to demonstrate the ™
potential of this powerful new tool for the investigation of a 1.

wide range of optimization problems in chemistry and biology.

Given this initial success, it would seem probable to expect, 18.
in the future, an increasing number of powerful and sophis- 19.

ticated EA applications applied to complex problems in the
field of computational chemistry.

20.
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