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Summary

A genetic algorithm (GA) has been developed for the superimposition of sets of flexible molecules.
Molecules are represented by a chromosome that encodes angles of rotation about flexible bonds and
mappings between hydrogen-bond donor proton, acceptor lone pair and ring centre features in pairs of
molecules. The molecule with the smallest number of features in the data set is used as a template, onto
which the remaining molecules are fitted with the objective of maximising structural equivalences. The
fitness function of the GA is a weighted combination of: (i) the number and the similarity of the features
that have been overlaid in this way; (ii) the volume integral of the overlay; and (iii) the van der Waals
energy of the molecular conformations defined by the torsion angles encoded in the chromosomes. The
algorithm has been applied to a number of pharmacophore elucidation problems, i.e., angiotensin II
receptor antagonists, Leu-enkephalin and a hybrid morphine molecule, 5-HT,, agonists, benzodiazepine
receptor ligands, 5-HT, antagonists, dopamine D, antagonists, dopamine reuptake blockers and FKBP12
ligands. The resulting pharmacophores are generated rapidly and are in good agreement with those

derived from alternative means.

Introduction

One approach to drug design is to seek to develop new
ligands on the basis of structural information about the
biological receptor site at which the molecules are expect-
ed to show the activity of interest [1]. However, often
there is little or no information about the 3D structure of
the receptor. In such cases, alternative methods such as
the active analogue approach [2] must be invoked that
seek to rationalise the ligand-receptor interaction on the
basis of structural characteristics of those active molecules
that have been identified thus far. One such approach
involves aligning the active molecules to identify common
structural features (however defined), with the aim of
elucidating the pharmacophore that is responsible for the
observed activity. There are many ways in which the
alignment can be carried out, as reviewed recently by
Klebe [3]. However, the procedures that have been de-
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scribed thus far typically have one or more of the fol-
lowing limitations: they require intervention to specify at
least some points of commonality, thus biasing the result-
ing overlays; they encompass conformational flexibility by
considering some number of low-energy conformations,
rather than the full conformational space of the molecules
that are to be overlaid; or they are extremely time-con-
suming in operation. In this paper, we describe the use of
a genetic algorithm (GA) for the overlay of sets of mol-
ecules that seeks to overcome these limitations.

The first report on the use of a GA for the superim-
position of flexible molecules, and the starting point for
the work reported here, was a paper by Payne and Glen
[4]. However, this GA was controlled by fitting to con-
straints or by minimising the distance between known
pharmacophore points in the two molecules that were
being compared. The GA presented here encodes not only
conformational information but also intermolecular map-
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1. A set of reproduction operators (crossover, mutation etc.) is chosen. Each operator is assigned a weight.
2. An initial population is randomly created and the fitnesses of its members are determined.

3. An operator is chosen using roulette-wheel selection based on operator weights.

4. The parents required by the operator are chosen using roulette-wheel selection based on scaled fitness.
5. The operator is applied and child chromosomes are produced. Their fithess is evaluated.

6. The chiidren replace the least fit members of the population.

7. If an acceptable solution has been found, stop; otherwise goto 3.

Fig. 1. Summary of an operator-based GA.

pings between important structural features (such as lone
pairs, hydrogen-bond donor protons and aromatic rings)
that may be required for activity; in addition, the algo-
rithm does not require any prior knowledge regarding ei-
ther the constraints or the nature of the pharmacophoric
pattern. Indeed, one of the main applications of the pro-
cedure described here is the identification of such pat-
terns, since these can then be used to search a corporate
or public database of 3D structures for additional, poten-
tially active molecules.

Methods
Genetic algorithms

A GA is a computer program that mimicks the process
of evolution by manipulating a collection of data struc-
tures called chromosomes. A steady-state-with-no-dupli-
cates GA [5-7] was used in the experiments reported here,
as summarised in Fig. 1. Starting from an initial random-
ly generated population of chromosomes, the GA repeat-
edly applies two genetic operators, crossover and muta-
tion, which result in chromosomes that replace the least
fit members of the population. Crossover combines chro-
mosomes, while mutation introduces random perturba-
tions. Both operators require parent chromosomes that
are randomly selected from the existing population with
a bias towards the fittest, thus introducing an evolution-
ary pressure into the algorithm. This selection is known
as roulette-wheel selection, as the procedure is analogous
to spinning a roulette wheel, with each member of the
population having a slice of the wheel that is proportional
to its fitness. This emphasis on the survival of the fittest
ensures that, over time, the population should move to-
wards the optimum solution, e.g., to the correct structural
overlay of a series of active molecules presumed to bind
to a biological receptor in a similar fashion.

Given a set of active molecules, the GA selects one of
them as a base molecule, to which the other molecules are
fitted. A chromosome in the GA encodes a range of in-

formation that is necessary to ensure an appropriate
overlay of a molecule onto the base molecule. Specifically,
each chromosome contains binary strings that encode
angles of rotation about the rotatable bonds in all of the
molecules, and integer strings that map hydrogen-bond
donor protons, acceptor lone pairs and ring centres in the
base molecule to corresponding sites in each of the other
molecules. A least-squares\ﬁtting process is used to over-
lay molecules onto the base molecule in such a way that
as many as possible of the structural equivalences sug-
gested by the mapping are formed. The fitness of a de-
coded 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 molecu-
lar conformations. This GA exploits methods that were
developed in the flexible docking algorithm described by
Jones et al. [8].

In the following, a detailed account is given of the
various components of the program, i.e., the routines that
are used to initialise each molecule in the overlay, the
chromosome representation that is used to characterise
molecular conformations and the features that are to be
overlaid, the fitness function that is used to evaluate these
chromosomes, and the genetic operators that are applied
to the chromosomes.

Initialisation of input structures

In the absence of refined crystallographic co-ordinates,
an input structure was normally created using the SYBYL
BUILD module [9] and hydrogen atoms were added to all
atoms with free valences. Groups within the input struc-
ture were ionised if this was appropriate at physiological
pH (e.g., alkyl amine, carboxylic acid) and specific atoms
were protonated if this was indicated by pK, or NMR
data. A low-energy conformation was generated using
molecular mechanics (the SYBYL MAXIMIN energy
minimiser with Gasteiger—Marsilli charges [9]). Following
this procedure, each input structure was written out from
SYBYL as a MOL2 file. All of the rings in each structure
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TABLE 1
ALLOWED DONORS AND ACCEPTORS BASED ON SYBYL
ATOM TYPES

SYBYL atom types Donor Acceptor
N3, N2, 03 Y Y
N1, NAR, 02, OCO2, F, BR, CL N Y
NAM, NPL3, N4 Y N

were identified using a smallest-set-of-smallest-rings
(SSSR) algorithm [10], and each structure was then ana-
lysed to determine the features that were present, where
a feature is a hydrogen-bond donor proton, a lone pair or
a ring. The base molecule was defined to be the one with
the smallest number of features.

Hydrogen-bond donor and acceptor atoms were ident-
ified in each of the input structures using the SYBYL
atom-type characterisation in Table 1 (with the restriction
that each donor must be bonded to at least one hydro-
gen). Donor hydrogens could then be identified, and lone
pairs were added to acceptors at a distance of 1.0 A from
the acceptor. All freely rotatable acyclic single bonds that
were not connected to terminating atoms were selected as
being rotatable. Additionally, single cyclic bonds could
also rotate if the technique of bond breaking and ring
closure was used (see the overlay of two FKBP12 ligands
in the Results). Prior to superimposition, a random trans-
lation was applied to each input structure (including the
base molecule) and random rotations were applied to all
rotatable bonds.

The chromosome representation

A chromosome of 2N —1 strings was used to encode a
molecular overlay involving N molecules. This contained
N Gray-coded [5,7] binary strings, each encoding confor-
mational information for one structure with each byte
encoding an angle of rotation about a rotatable bond,
and N -1 integer strings, each encoding a mapping be-
tween features in a molecule (other than the base mol-
ecule) to features, of the same type, in the base molecule.
For example, a lone pair in one molecule could be
mapped to a particular lone pair in the base molecule,
under the implicit assumption that the lone pairs in both
molecules interacted with the same hydrogen-bond donor
in the receptort.

On decoding a chromosome, the fitness function of the
GA would attempt to satisfy the specified mapping by
using a least-squares fitting technique. In order to make
the mapping chemically sensible, the mapping was one-to-
one between similar features. For example, it would not
make sense if a lone pair was mapped to two different
lone pairs in the base molecule, or if it was mapped onto
a hydrogen-bond donor proton. Each integer string had
a length L, where L is the number of features in the base

molecule. Because the mappings were one-to-one, the
integer string was constrained to have no duplicate
values. Each feature in every molecule was assigned a
unique label. The labels of the base-molecule features
were then arranged in a list of length L. If V was the
integer value at position P on the integer string and B the
Pth element in the list of base-molecule labels, then the
feature with label V was mapped onto the base-molecule
feature with label B. By associating features in each mol-
ecule to base-molecule features, these mappings suggested
possible pharmacophoric points. On decoding the chro-
mosome, the GA used a least-squares routine to attempt
to form as many points as possible.

It was possible for the base molecule to have a larger
count of a particular feature than another molecule. This
problem was solved by assigning dummy labels, so that
each molecule had as many feature labels of each particu-
lar type as the base molecule. The dummy labels were ne-
gative integers, and identical dummy labels were not per-
mitted in the same chromosome (that is, each individual
mapping had its own dummy labels). Dummy labels were
ignored by the fitness function, but treated as normal val-
ues by the genetic operators, which are discussed below.

Extra dummy labels were assigned to rings. Consider
the example in Fig. 2, in which it is assumed that mol-
ecule A is to be superimposed onto molecule B. In order
to overlay the sulphur and amide functional groups, the
best superimposition is to map ring-1 in A to ring-1 in B,
and to have ring-2 unmapped. However, if ring-1 in A is
mapped to ring-1 in B then ring-2 in A must be mapped
to ring-2 in B, unless extra dummy ring labels are pro-
vided. A number of extra dummy ring labels were thus
made available, the number being equal to the difference
between the number of rings in the base molecule (as
defined by the SSSR routine mentioned above) and the
number of cyclic regions in the base molecule. Thus, for
the example in Fig. 2 there is one extra dummy ring label
and ring-2 in A can be unmapped, i.e., mapped to the
dummy label.

The fitness function

The fitness function was evaluated in six stages, as
follows:

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

(2) Each molecule was superimposed on top of the
base molecule using a transformation obtained from a
least-squares procedure that fitted to the mapping en-
coded in the appropriate integer string.

(3) A van der Waals energy was obtained for the inter-
nal steric energy of each molecule.

(4) A volume integral was obtained for the common
volume between each molecule and the base molecule.



(5) A similarity score was generated by determining
which features were common to all molecules in the cur-
rent overlay.

(6) A final fitness score was generated by performing
a weighted sum on the terms calculated in steps 3, 4 and
5.

Each Gray-coded byte in the binary string was decoded
to give an integer value between 0 and 255. This integer
value was linearly rescaled to give a real number between
0 and 2w, which was used as an angle of rotation, in
radians, for the appropriate rotatable bond. The random-
ised 3D co-ordinates for the molecule were used as a
starting configuration. Bond rotations were successively
applied around the rotatable bonds to generate a new set
of co-ordinates for the molecule. The resulting conforma-
tions were then passed on to the least-squares fitting
procedure.

A virtual point, representing a donor or acceptor atom
in the receptor with which the molecules interact, was
created for each hydrogen-bond donor proton and accep-
tor lone pair in a molecule at a distance of 2.9 A from
the donor or acceptor, in the direction of the hydrogen or
lone pair. A virtual point was created at the centre of
each ring. Consider the superimposition of one molecule,
A, onto the base molecule. Let N be the number of base-
molecule features (minus any dummy labels that are re-
quired by molecule A), so that decoding a chromosome
would give rise to N pairs containing a virtual point in
the base molecule and a virtual point in A. Then, a Pro-
crustes Rotation [11], with a correction to remove inver-
sion, vielded a geometric transformation that, when ap-
plied to all the virtual points from molecule A in the N
pairs, minimised the least-squares distance between all of
the virtual points from molecule A and the corresponding
base-molecule virtual points. As not all possible features
in the base molecule will necessarily be included in a
pharmacophore, a second least-squares fit was applied to
minimise the distance between those pairs of points that
were less than 3 A apart.

The least-squares fit failed if the second pass contained
fewer than three pairs of points, in which case the fitness
function returned an error and the chromosome was
excluded from the population. This limitation often
caused severe problems during the initialisation of the GA
population, where the values of all elements in each chro-
mosome were assigned randomly, and the fitting proce-
dure thus needed to be modified to accommodate this
problem. If, during initial population generation, a failure
in fitting occurred, the fitness module returned the ident-
ity of the molecule that failed the fitting process. The
portion of the chromosome which mapped this molecule
to the base molecule was then regenerated randomly and
returned to the fitness module for refitting. Up to 10
regenerations were permitted per chromosome before the
chromosome was finally discarded.
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Calculation of the van der Waals energy

The internal steric energy for each molecule was calcu-
lated using a Lennard-Jones 6-12 potential [12]. This
potential was of the following form:

E; =k;(1.0/a)’ - 2.0/a] 6}

where i and j are a pair of atoms, a; is the distance be-
tween i and j divided by the sum of their van der Waals
radii and k; is the arithmetic approximation to the geo-
metric mean of k; and k;, where the k values are depend-
ent on the atom type and are parameters of the Lennard-
Jones potential. The values for the radii and k values for
each atom type were taken from the SYBYL general-
purpose Tripos force field (v. 5.2) [13]. In order to effi-
ciently calculate the interaction, an energy lookup table
and a cutoff distance of a;= 1.0 were employed.

The steric energy of a molecular conformation was
expressed as the difference between the 6-12 energy of
this conformation and the 6—12 energy of the original
input molecular conformation, prior to the randomisation
of molecular coordinates (recall that the input structures
are normally minimised and thus are low-energy confor-
mations). If this difference was negative (indicating that
the conformation was of lower energy than the input
structure), then the steric energy for that molecule was set
to zero. This was done to prevent the GA optimising on
van der Waals energy rather than similarity. In order for
the van der Waals energy term in the final fitness score to
be independent of the number of molecules in the overlay,
the mean 6-12 energy per molecule was determined. We
call this energy vdW _energy.

The steric energy term is intended to ensure that struc-
tures generated by the GA are low-energy conformers.
For reasons of efficiency, no full molecular mechanics
potential was implemented. Thus, a final optimisation of
the structures generated by the algorithm may be appro-
priate. However, given that only single bonds with no
significant energy barrier to rotation are manipulated by
the GA, a van der Waals energy should be sufficient to
gencrate low-energy structures. This assumption is sup-
ported by the fact that few large changes in geometry are
observed when minimising overlays generated by the GA.

SO, SO3
°© NH, @ k
Molecule A Molecule B

Fig. 2. Ring mapping problem. Mapping rings 1 and 2 in A to rings
1 and 2 in B results in the two molecules being incorrectly overlaid.
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Calculation of the volume integral

In order to predict which portions of the actives are in
contact with the active site, the algorithm should deter-
mine common molecular surface areas as a measure of
similarity. However, such a calculation is extremely time-
consuming, and pairwise common volumes were thus de-
termined between the base molecule and each of the other
molecules. In order to speed up the determination of
common molecular volume, the calculation was approxi-
mated by treating atoms as spheres and summing the
overlay between spheres in the two different molecules.

To determine the volume integral between two mol-
ecules A and B, each atom i in A was compared with
every atom j in B. Let d; be the interatomic distance
between the two atoms, R; the van der Waals radius of
the atom in A and R; the van der Waals radius of the
atom in B. The values of the van der Waals radius were
dependent on atom type and were the same as those used
in the SYBYL general-purpose Tripos force field (v. 5.2)
[13]. Four separate cases could result when determining
the volume integral between the two atoms:

(1) The distance d; is greater than either R; or R,
Here, the common volume between the two atoms is 0.

(2) R;>R; and d;<R;—R; Here, atom j is completely
enclosed in atom i, and the common volume is given by
4/3 TR}

(3) Ry>R; and d;<R;-R,. Here, atom i is completely
enclosed in atom j, and the common volume is given by
4/3 7R3,

(4) Otherwise the two atomic spheres partially overlap.
Here, the common volume is defined by the equation for
the intersection of two spheres. Let

x= (R} - R} - d}) /24, 2
then the common volume is given by
/3 (2R] + 2R} + df) — n (xR} + (R} + xd) (d; - x)) (3)

The total volume integral between molecules A and B
was determined by summing all the individual terms from
atomic common volumes. In order for the volume integral
term in the final fitness score to be independent of the
number of molecules in the overlay, the mean volume
integral per molecule with the base molecule was deter-
mined. We call this term volume_integral.

Calculation of the similarity score

A similarity score was determined for the overlaid
molecules. This score, similarity_score, is the sum of three
terms. The first term is a score for the degree of similarity
in position, orientation and type between hydrogen-bond
donors in the base molecule and in the other molecules;
the second term is a score derived from comparing hydro-
gen-bond acceptors; and the third term is a score that

results from comparing the position and orientation of
aromatic rings. Thus:

similarity_score = donor_score + acceptor_score @
+ ring_score

Similarity index for donor and acceptor atom types In
order to assign similarity scores, the GA required the use
of a function that determines how similar two hydrogen-
bond donor or acceptor types are. Let type_sim[a, b] be
a weight between 0 and 1 that is a measure of the similar-
ity between hydrogen-bond types a and b, where a and b
are either both donor types or both acceptor types.
Donor and acceptor types were labelled by the fragment
types used in Ref. 8 to model their bonding strength (the
labels NPLCG and NPLCA refer to the guanidine and
arginine donor types). Let ACCEPTORS be the set of
hydrogen-bond acceptor atom types and DONORS the
set of hydrogen-bond donor atom types:
DONORS = {N4, NPL3, N3DA, NAM, O3DA,

N2DA, NPLCG, NPLCA}
={d,, d,, ...... , dg}
ACCEPTORS = {BR, N2DA, 02, 0CO2, CL, N1, N3A,

O3A, F, N2A, N3DA, O3DA, NACID}

={a, 2, ..e.... , A3}

Let bond_strength[d,, a;] be the strength of the hydro-
gen bond between donor d; and acceptor a;. The experi-
mental determination of the solvated hydrogen-bonding
energies for all pairs of donors and acceptors has been
detailed by Jones et al. [8]. These bonding energies ac-
count for the displacement of water during bond forma-
tion.

For donors, type_sim[d1, d2] was defined as follows:

ratiosim{d], d2] = . ﬁ bond_ strength[d1, a,]
a ’ .1 bond_strength[d2, a, ]

if ratio_sim[dl, d2] > 1

1
ratio_sim[d1, d2]
else  type_sim[dl, d2] = ratio_sim[d1, d2]

then type_sim[d1,d2] =

For acceptors, type_sim{al, a2] was defined as follows:

® bond_strength[d;, al]

8
tio_sim[al, a2] =
ratio_sim| ! \/E bond_ strength[d., a2]

if ratio_sim[al, a2] > 1
1

then type_simfal,a2]= ——F—
ype_sim| ] ratio_sim[al, a2]

else  type_sim[al, a2] = ratio_sim[al, a2]
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TABLE 2
DONOR ATOM-TYPE SIMILARITIES (ratio_sim[d1, d2])
dl d2

N4 NPL3 N3DA NAM O3DA N2DA NPLCG NPLCA
N4 1.00 4.05 3.20 7.68 2.88 4.17 1.93 2.84
NPL3 0.25 1.00 2.27 0.88 0.44 1.84 0.39 0.48
N3DA 0.31 0.44 1.00 0.55 0.80 0.00 0.68 1.13
NAM 0.13 1.13 1.80 1.00 0.36 222 0.24 0.33
O3DA 0.35 2.25 1.25 2.1 1.00 4.02 0.66 0.96
N2DA 0.24 0.54 0.00 0.45 0.25 1.00 0.33 0.38
NPLCG 0.52 2.60 1.47 4.25 1.52 3.00 1.00 1.48
NPLCA 0.35 2.09 0.89 3.04 1.04 2.61 0.68 1.00

These atom types have been defined by Jones et al. [8] in their program for docking flexible ligands.

In calculating the similarities, the geometric mean of bond
strength ratios was preferred to the arithmetic mean, since
this resulted in the property type_sim[a, b]=type_sim[b, a].
A correction was made to the above calculation for
those cases where the bonding energy was positive, i.e.,
the bond was unattractive. In these instances the calcu-
lated bond energy is largely meaningless, and it is likely
that, following optimisation, the model fragments would
not be in a hydrogen-bonding position. For this reason,
the geometric mean ratio_sim was only determined over
those ratios whose bonding energies were less than —0.25
kcalmol™. The calculated values of ratio_sim are shown
in Tables 2 and 3. The geometric means are shown rather
than the atom-type similarities, so that it is clear which of
the two donors or acceptors in the ratio is the stronger.
The rationale behind this approach of measuring simi-
larity is that the GA should overlay donor or acceptor
groups of similar strength. While the method described
here is intuitively acceptable, the main justification for the
adoption of this similarity index is the success of the
algorithm in superimposing sets of known actives.
Donor similarity score  Each virtual point correspon-
ding to a hydrogen-bond donor proton in the base mol-

TABLE 3
ACCEPTOR ATOM-TYPE SIMILARITIES (ratio_sim[al, a2])

ecule was used to define a hydrogen-bonding centre with
the potential to interact with acceptors within a receptor
molecule. A virtual point from every other molecule,
corresponding to the hydrogen-bond donor proton that
was geometrically closest to the base-molecule virtual
point, was added to each of these hydrogen-bonding
centres. A score, vec_wt X sim_wt, was then assigned to
the hydrogen-bonding centre, where vec_wt is a measure
of closeness of virtual point positions and hydrogen-bond
vectors in the hydrogen-bond centres and where sim_wt
is a measure of the similarity of the donors involved in
the hydrogen-bond centre.

The centroid of the virtual point positions was deter-
mined in order to estimate the similarity of virtual point
positions within the hydrogen-bond centre. Let vp_dis-
tance_wt be a measure of how close the centroid is to the
base-molecule virtual point in the centre and let vp_d be
the distance between this virtual point and the centroid of
the virtual point positions. If vp_d was less than 0.5 A,
then vp_distance_wt was 1, or if vp_d was greater than
1.75 A, then vp_distance_wt was 0. Otherwise, vp_d lay
in the interval [0.5, 1.75] and was linearly rescaled to the
interval [1, 0] and squared to give vp_distance_wt.

al a2

BR N2DA 02 0Cco2 CL N1

N3A 03A F N2A N3DA O3DA NACID

BR 1.00 0.18 0.29 0.12 0.68 0.37
N2DA 5.58 1.00 1.21 0.22 2.41 2.05
02 3.47 0.83 1.00 0.27 1.99 0.95
0CO2 8.11 4.54 372 1.00 8.73 9.71
CL 1.46 0.42 0.50 0.11 1.00 0.85
N1 2.73 0.49 1.05 0.10 1.18 1.00
N3A 5.14 0.77 1.96 0.16 222 1.87
0O3A 1.05 0.79 0.36 0.10 191 0.80
F 0.47 0.00 0.14 0.08 0.57 0.00
N2A 4.96 0.89 1.41 0.13 2.14 1.34
N3DA 1.64 1.02 1.71 0.18 1.12 1.63
O3DA 2.65 0.86 0.90 0.22 2.29 1.35
NACID 3.20 2.56 1.54 0.43 5.40 5.45

0.19 0.95 2.11 0.20 0.61 0.38 0.31
1.30 1.26 0.00 1.12 0.98 1.17 0.39
0.51 2.76 6.94 0.71 0.58 1.11 0.65
6.25 10.3 13.1 7.85 5.63 4.55 2.35
0.45 0.52 1.74 0.47 0.89 0.44 0.19
0.54 1.25 0.00 0.74 0.61 0.74 0.18
1.00 2.34 0.00 1.39 0.90 1.16 0.30
0.43 1.00 1.44 0.60 0.49 0.40 0.23
0.00 0.70 1.00 0.00 1.00 0.22 0.22
0.72 1.68 0.00 1.00 0.82 0.99 0.25
1.11 2.04 1.00 1.22 1.00 1.29 0.33
0.86 2.49 4.61 1.01 0.77 1.00 0.51
3.39 4.26 447 3.29 3.05 1.95 1.00

These atom types have been defined by Jones et al. [8] in their program for docking flexible ligands.
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Fig. 3. Angiotensin antagonists.

A correction to this method was applied to ensure that
the possible points of interaction with the receptor, repre-
sented by the hydrogen-bonding centre, did not lie within
the van der Waals volume of the overlaid molecules. A
hydrogen-bond centre was only formed for a base-mol-
ecule hydrogen-bond donor proton if the virtual point as-
sociated with that hydrogen lay outside the van der Waals
volume of the base molecule. When choosing a virtual
point from another molecule, M, to add to the hydrogen-
bond centre, only those virtual points that did not lie in-
side the van der Waals volume of M were considered. If
no virtual point was available from M to add to the hy-
drogen-bond centre, then a vec_wt of zero was assigned.

An indication of the similarity of hydrogen-bonding
vectors can be obtained by considering the closeness in
positions of the hydrogen-bond donors associated with
the virtual points in the hydrogen-bonding centre. Let
such a measure be donor_distance_wt and let donor_d be
the distance between the donor associated with the base-
molecule virtual point and the centroid of all hydrogen-
bond donors that were connected to the virtual points in
the hydrogen-bonding centre. As before, if donor_d was
less than 0.5 A, then donor_distance_wt was 1, or if d
was greater than 1.75 A, then donor_distance_wt was 0.
Otherwise, donor_d lay in the interval [0.5, 1.75] and was
linearly rescaled to the interval [1, 0] and squared to give
donor_distance_wt.

The value of vec_wt could now be determined. If either
donor_distance_wt or vp_distance_wt was 0, then vec_wt
was set to 0. Otherwise, if donor_distance_wt was less
than vp_distance_wt, then

vec_wt = (donor_distance_wt + vp_distance_wt) / 2.0
and else
vec_wt = vp_distance_wt / 2.0

This combination was chosen so that the GA would not

superimpose donors in preference to virtual points, since
it is the virtual points that represent the points of interac-
tion with the receptor.

The donor similarity term, sim_wt, was then deter-
mined for the hydrogen-bond centre. The similarity index
type_sim (defined above) determined the similarity be-
tween two donor types. However, if the overlay was of
three or more molecules, a similarity term that deter-
mined the similarity between many donor types was re-
quired. Let d_b be the type of the donor atom in the base
molecule that was connected to the virtual point at p_b.
Let d_m be the donor type of a donor (in another mol-
ecule) that was associated with another virtual point in
the hydrogen-bond centre and let mol_sim_wt =type_sim
[d_b,d_m]. Different values of mol_sim_wt were deter-
mined for all d_m donor types in the hydrogen-bond
centre, and sim_wt was then set to the smallest value thus
found.

Once vec_wt and sim_wt had been determined for a
given hydrogen-bonding centre, the contribution vec_wt x
sim_wt was determined, and donor_score was then the
sum of all such contributions from all hydrogen-bonding
centres containing donor hydrogens.

One possible problem encountered with this similarity
measure was that it was weighted towards matching those
donors that contained a larger number of donor hydro-
gens. For example, an NH, group in the base molecule
may be able to contribute a score of 2.0 to donor_score,
whereas an OH group can at most contribute only 1.0. In
order to redress this problem, a correction was applied to
the contribution that each hydrogen-bonding centre made
to donor_score. Each of the donors connected to a hydro-
gen-bond donor proton in the hydrogen-bonding centre
was examined in turn. A count was made of the number
of donor hydrogens and lone pairs that were connected to

Fig. 4. Overlays of two angiotensin II receptor antagonists. Structure
23 is shown coloured by atom type and structure Sf is purple.
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that donor. Let the smallest such count, belonging to
donor D, be min_points. If all donor hydrogens (and lone
pairs, if any) attached to D were superimposed, then the
maximum contribution to donor_score would be min_
points, and the possible contribution from D, score, was
hence normalised by dividing by min_points.

It is clear that, although any hydrogen-bond donor
proton from the base molecule can appear in only one
hydrogen-bonding centre, it is nevertheless possible that
a hydrogen-bond donor proton from another molecule
could appear in more than one hydrogen-bonding centre.
The following procedure was adopted, in order to correct
for this anomaly. Let F be a feature that occurs in two
hydrogen-bonding centres, d1 the distance between F and
the base-molecule feature in the first hydrogen-bonding
centre, and d2 the distance between F and the base-mol-
ecule feature in the second centre. Suppose (without loss
of generality) that d1 is less than d2, then the contribu-
tion from donor_score from the second centre was set to
0. This mechanism prevented the same feature from con-
tributing twice to the donor similarity score.

Acceptor similarity score Each acceptor lone pair in
the base molecule was used to define a hydrogen-bonding
centre with the potential to interact with donors within a
receptor macromolecule. The process used to generate the
score acceptor_score was entirely analogous to that used
when determining donor_score.

Aromatic ring similarity score The third term in the
similarity score, ring_score, required the use of normals
to aromatic rings. Given an aromatic ring (determined
using the atom types of its constituent atoms) of n atoms
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with position vectors p;, Py, ..., P, and a centre

1 n
C—ngn (5)

a mean normal direction was determined:

n-1

m=(p,—0)®(p—¢) + X P—0)® (-0 (6
i=1
The mean normal m was scaled to a magnitude of size 2.9
A, so that similarity scores calculated on ring normals
would be comparable to those calculated on virtual
points.

There are clearly two normal directions, m and —m, to
any aromatic ring. The deduction of the most similar
normals in two rings would thus involve four compari-
sons. In order to reduce this overhead, only one normal
was used for each ring. The directional components
(along the x-, y- and z-axis) of m were examined and the
largest component was identified. If this component was
positive then m was chosen, otherwise —m was chosen as
being representative of the ring.

A third type of hydrogen-bonding centre was created
for aromatic rings. Each aromatic ring in the base mol-
ecule was used to define a hydrogen-bonding acceptor
centre. The ring centre normal that was geometrically
closest to the base-molecule ring centre normal was added
to the list.

In order to estimate the similarity of ring positions
within a hydrogen-bond centre, the centroid of ring cen-
tres was determined. Let d be the distance between the
centroid and the base-molecule ring centre. As before, if
d was less than 0.5 A then ring_distance_wt was 1, and if
d was greater than 1.75 A then ring_distance_wt was 0.
Otherwise, d lay in the interval [0.5, 1.75] and was linear-
ly rescaled to the interval [1, 0] and squared to give
ring_distance_wt.

In order to measure the similarity of ring orientation,
the centroid of the normals to the rings that comprised
the hydrogen-bonding centre was computed. Let normal_
distance_wt be a measure of how close the base-molecule

Fig. 6. Overlay of Leu-enkephalin and hybrid morphine. The hybrid
morphine, EH-NAL, is shown coloured by atom type and Leu-enke-
phalin is shown coloured purple. The elucidated pharmacophore is
indicated by yellow circles.
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normal is to the centroid, where normal_distance_wt is
determined using the same method described in the previ-
ous paragraph. If either normal_distance wt or ring
distance_wt were O then ring_score was set to 0. Other-
wise,

(normal_distance_wt + ring_distance_wt) 7

ring_score=
& 2.0

A correction (as described above for the donor similarity
score) was made if any aromatic ring normal appeared in
two hydrogen-bonding centres.

The final fitness score

The final fitness score was determined by a weighted
sum of the common volume, similarity score and steric
energy. The fitness score is given by:

volume_integral + 750 X similarity_score g
- 0.05 x vdW_energy ®)

The weights of 750 and 0.05 were determined by empiri-
cal adjustment to give reasonable overlays (where the
algorithm is driven to generate good pharmacophores
without producing high-energy structures) over a wide
range of examples. The selection of ideal weights is a
complex process and it is an area of current investigation.

Genetic operators

The GA employed two genetic operators: mutation and
crossover. The crossover operator required two parents
and produced two children. The mutation operator re-
quired one parent and produced one child [5-7]. The
operator weight for mutation was set equal to the oper-
ator weight for crossover. Parents were selected using the
technique of roulette-wheel selection on linear normalised

fitness values [6]. The GA was parameterised to give a
selection pressure of 1.1, where the selective pressure
represents the relative probability that the best individual
will be chosen as a parent compared to the average indi-
vidual. This low selection pressure reduced the likelihood
of the GA converging to suboptimal solutions.

The crossover operator performed two-point crossover
on integer strings and one-point crossover on binary
strings. The one-point crossover was the traditional GA
recombination operator [5], while the two-point crossover
was the PMX crossover operator (including the duplicate
removal stage) that has been described by Brown et al.
[14] and by Goldberg [5]. As noted previously, each chro-
mosome consisted of 2N — 1 strings (N binary strings and
N -1 integer strings, where N is the number of molecules
in the overlay). Crossover proceeded as follows. A ran-
dom number, r, between 1 and 2N -1 was generated.
Crossover was then applied to the rth string in the parent
chromosomes (using integer-string two-point crossover if
this string was a mapping and one-point binary crossover
otherwise). The remainder of the parent chromosomes
were then copied to the children unchanged.

The mutation operator performed binary-string muta-
tion on binary strings and integer-string mutation on
integer strings. The binary-string mutation was identical
to that described by Davis [6]. Each bit in the binary
string had a probability of mutation equal to 1/L, where
L is the length of the binary string. If the binary string
remained unchanged after one application of the muta-
tion operator, the operator was repeatedly applied until
the string was mutated. The integer-string mutation was
identical to that described by Brown et al. [14]. A posi-
tion was randomly chosen on the integer string and the
value at that position was mutated to a (different) new
value that was randomly chosen from the set of allowed
integer values. If this new value occurred elsewhere on the
integer string, it was replaced by the original value at the
mutated position. The operator proceeded as follows. A
random number, 1, between 1 and 2N -1 was generated.
Mutation was then applied to the rth string in the parent
chromosome (using integer-string mutation if this string
was a mapping and binary mutation otherwise). The
remainder of the parent chromosome was then copied to
the child unchanged.

The island model

It should be possible to make the algorithm very effi-
cient by utilizing the fact that GAs are well suited to
implementation in a distributed environment by means of
the so-called island model. This involves separate sub-
populations and the migration of individual chromosomes
between the subpopulations [15,16]. The island model has
attracted growing interest, not only because it represents
a practical and efficient method of parallelising the GA,



and thus reducing the observed run time, but also because
it has been observed that the resulting distributed GA
with several small subpopulations often outperforms a
GA with a single large population equal in size to the
sum of the distributed subpopulations.

A simple island model was implemented using a serial
algorithm. N_ISLANDS subpopulations were created by
the GA and arranged in a ring, such that each island had
two neighbours. Genetic operators were then applied to
each subpopulation in turn, with parents being selected
from that subpopulation and children being inserted into
that same subpopulation. Let MAXOPS be the maximum
number of operations applied by the GA. Thus (if the
fermination conditions were not satisfied), MAXOPS/
N_ISLANDS operations would be applied to each sub-
population over the course of a GA run.

The migration operator required one parent and pro-
duced one child. The child was an exact copy of the par-
ent. Let p be the subpopulation to which the migration
operation was applied and let n be a subpopulation ran-
domly selected from the two neighbours of p. Roulette-
wheel parent selection was performed on n to produce the
parent and the child was then inserted into p. An oper-
ator weight was used to determine how many migrations
were performed, relative to mutation and crossover, and
it was found that a 5% migration rate gave good results.

Initial experiments showed that there was no percep-
tible difference in performance between using five sub-
populations of size 100 and a single population of size
500, although the island model showed slightly shorter
run times. However, on implementation of a parallel
version on five processors (either on a multiprocessor
machine or a workstation LAN), up to five times speed-
up could be achieved. This is currently under evaluation
and will be reported elsewhere.

Results

General

This section describes the application of the GA to a
number of diverse overlay and pharmacophore-gener-
ation problems; further examples of the application of
this algorithm have been presented by Jones [17]. The
parameters MAXOPS, OPS_INC and FITNESS_INC
were required by the GA in order to set the termination
conditions. The GA would terminate if the number of
operations exceeded MAXOPS. Otherwise, the GA
would terminate if the fitness of the best individual in the
population had not increased by the value of FITNESS_
INC in the past OPS_INC operations. In the following,
except where noted otherwise, the following default para-
meter values were used: N_ISLANDS=35; POPSIZE =
100; OPS_INC=6500; FITNESS_INC=0.01; and MAX-
OPS=50000. The GA was run 10 times for each of the
problems, and the resulting fittest solutions from each
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run were ranked in order of decreasing fitness. In the
following, references to the ‘best solution’, the ‘worst
solution’, etc. correspond to the position of the solution
in the ranked fitness list of final solutions. All CPU
times are for a Silicon Graphics R4000 Indigo II work-
station. The experimental results are illustrated in the
colour figures (Figs. 4, 6, 8, 10, 12, 14, 16, 18 and 21),
where the base molecules are coloured by atom type;
hydrogens and lone pairs are not generally displayed,
unless they are of particular significance in the over-
lay.

Overlay of two angiotensin II receptor antagonists

Bradbury et al. have reported a study of 2-alkyl-4-(bi-
phenylmethoxy)quinoline derivatives as angiotensin [I
receptor antagonists [18]. Two of their structures, num-
bered 5f and 23 in their paper, are shown in Fig. 3, with
structure 23 as the base molecule to which structure 5f
was fit. For this relatively simple problem, the default
value for MAXOPS was lowered to 15000 and
N_ISLANDS was set to 1, with the average time for each
GA run being 1 min and 30 s.

The eight best solutions, when ranked in order of de-
creasing fitness, produced overlays where every feature
was successfully mapped to an equivalent feature in struc-
ture Sf, with the remaining two runs failing to match one
of these features. However, the GA solutions showed
considerable variation in molecular conformation. Figure
4 shows four different overlay conformations that were
representative of the eight successful GA solutions. Struc-
ture 23 is shown coloured by atom type and structure 5f
is shown in purple. One of these conformations (the top
left overlay) is similar to a stereoview overlay shown in
Ref. 18. The generation of different possible overlay
conformations is a useful side-effect of the nondetermin-
istic nature of the algorithm.

Masek et al. have described a method for the compari-
son of molecular shapes and exemplified it by comparing
two angiotensin 11 receptor antagonists that were virtually
identical to the antagonists shown in Fig. 3 [19]. Starting
with a set of low-energy conformations of both molecules,
the method involves a set of exhaustive volume compari-
sons to determine the optimal structural overlay. Using
these two structures and the parameterisation described
above, a series of 10 GA runs were performed. Near-
optimal overlays were observed in eight of the runs, with
the other two runs failing to match one feature. The
average execution time of the GA was 1 min and 40 s,
Stereaviews of the results obtained by Masek et al. [19]
appear to be in accordance with those found by the GA;
however, their procedure is far more time-consuming,
requiring 96 h of CPU time on a Silicon Graphics R4000
workstation. The long run time of this algorithm is pre-
sumably due to the overhead required to determine exact
intersection volumes.
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Fig. 8. Overlay of 5-HT,;, agonists. The base molecule, sumatriptan,
is coloured by atom type. Methysergide is shown in purple and 31190
in red. The elucidated pharmacophore is indicated by yellow circles.

Overlay of Leu-enkephalin on a hybrid morphine

The second superimposition problem to be considered
here involved two very different structures, specifically,
the hybrid morphine molecule EH-NAL, a mixed azide
between estrone and naloxone [20], and Leu-enkephalin,
as shown in Fig. 5. Although only two molecules are
involved, this is an extremely demanding problem, as
Leu-enkephalin is highly flexible, containing 20 rotatable
bonds. In contrast, EH-NAL has just six rotatable
bonds in side chains. The GA was run 10 times to gen-
erate 10 possible overlays. The mean run time was 9
min and 13 s.

Figure 6 shows the best solution (ranked by GA fitness
score) that was obtained. The base molecule, EH-NAL,
is shown coloured by atom type, while Leu-enkephalin is
shown in purple. The pharmacophore identified by the
GA contains five features, indicated by yellow circles, i.¢.,
two aromatic rings, one phenol group, the protonated
nitrogen (for which the connected hydrogens are shown

Ro15-1788 CGS-8216

Methyl-beta-carboline-3-carboxylate
Fig. 9. Benzodiazepine receptor ligands.

Fig. 10. Overlay of benzodiazepine receptor ligands. CGS-8216 is
coloured by atom type, Rol15-1788 is in orange and methyl-B-car-
boline-3-carboxylate is in purple. Points of interest are indicated by
yellow circles (see the text for discussion).

to illustrate their common directionality), and the GA has
also overlaid an sp® oxygen in EH-NAL with an sp® oxy-
gen in Leu-enkephalin, such that a lone pair from each
(displayed in Fig. 6) is aligned in the same direction. Six
of the 10 runs (including the five best runs) identified the
first four of these five features, with just the fittest ident-
ifying the oxygen overlap.

The bound conformations of these molecules are not
known, so it is not possible to judge the accuracy of the
GA. It is, however, interesting to note that Kolb [20] has
obtained a very similar fit (superimposing both rings, the
phenol group and the protonated nitrogen) using molecu-
lar dynamics with simulated annealing. However, this
approach is not fully automated, unlike the GA, and
would appear to be much more time-consuming in oper-
ation (although exact times are not available).

Structure 37 (S,8) Structure 44 (RG 12915)

Structure 47 (YMO060)

Fig. 11. 5-HT, receptor agonists (the structure numbers used are from
Ref. 23).

Structure 45



Fig. 12. Overlay of 5-HT, antagonists. Structure 37 is coloured by
atom type, 44 is in purple, 45 is cyan and 47 is orange. The elucidated
pharmacophore is indicated by yellow circles.

Overlay of three 5-HT, agonists

Potent 5-HT,;, agonists have been tested as migraine
therapeutic agents [21], and an overlay was attempted of
three such structures, as shown in Fig. 7. It was found
that the GA often took a long time to converge in this
problem, and the parameter MAXOPS was accordingly
set to 60000. Even so, the run time of the GA was only
7 min and 44 s when averaged over the 10 runs that were
carried out.

All but three of the GA solutions (specifically, the
worst, second worst and fourth worst ranked solutions)
identified a pharmacophore comprising an aromatic ring,
a protonated nitrogen and an oxygen acceptor group. The
solution obtained by the best run is shown in Fig. 8, with
the functional groups comprising the pharmacophore
indicated by yellow circles. For clarity, the lone pairs

OH
1 SO,__CHy
o Amisulpride
N'Hq H
N e
Dopamine  §! AT "

s

Haloperidol
H
Raclopride

Fig. 13. Fiexibie dopamme agomnists.
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Fig. 14. Overlay of dopamine ligands. Dopamine is shown coloured
by atom type, amisulphride is purple, haloperidol is ¢cyan and raclo-
pride is red. The elucidated pharmacophore is indicated by yellow
circles.

connected to the oxygen acceptor group and the proton
connected to the charged nitrogen are displayed. The
overlay of oxygen acceptor atoms comprises sp’ oxygens
from 311c90 and sumatriptan and an sp® donor-acceptor
oxygen from methysergide (sp” and sp® oxygen acceptors
have a high acceptor atom-type similarity of 0.9). The
second best solution overlaid sp” oxygens from all mol-
ecules, but the superimposition of the virtual points asso-
ciated with the lone pairs was not as good. Nevertheless,
the pharmacophore suggested by this second best solution
is the same as that identified by Glen et al. [21]. In both
the top two overlays, methysergide follows a different
path compared to the other two molecules to reach the
hydrogen-bond acceptor side. This is not unreasonable, in
that experiments have indicated that a portion of the
indole group in 311¢90 occupies a selective volume that
reduces the affinity of the drug for 5-HT, receptors [21].
Methysergide, however, shows no selectivity for 5-HT),
(over 5-HT,) receptors.

Overlay of three benzodiazepine ligands

Codding and Muir [22] have produced an overlay of
ligands that bind to the benzodiazepine receptor, using
structure—activity studies and functional group similar-
ities. Three of the ligands used in their analysis are shown
in Fig. 9; two of these molecules are inverse agonists
{which promote convulsions on binding), while Rol5-
1788 is an antagonist that has no convulsant effects, With
the exception of MAXOPS, which was set to 30000, the
default parameters were used. The mean execution time
of the GA was 2 min and 10 s.

The best solution obtained from the 10 runs is shown
in Fig. 10, where the base molecule, CGS-8216, is shown
coloured by atom type, Rol5-1788 is in orange and
methyl-B-carboline-3-carboxylate is shown in purple. The
pharmacophore elucidated by the GA comprised a ben-
zene ting and an sp’ oxygen acceptor; these features are
indicated in the figure by vellow circles and the lone pairs
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connected to the sp® oxygens are also displayed. Also of
interest is the fact that the donor nitrogens in the two
inverse agonists are closely positioned (this is again indi-
cated by a circle and the donor hydrogens are also dis-
played). It has been suggested that an absence of this
donor is required for antagonism [22]. All of the other
GA runs produced this overlay, although the worst run
produced a very untidy fit.

The GA solution is in fair agreement with Codding
and Muir’s structure—activity studies, which predicted a
binding site that recognises four features: an aromatic
ring, an sp® oxygen, a hydrophobic side chain and an N-
H donor group, although this last feature is not present
in Ro15-1788. The GA does not identify hydrophobic
regions, but the volume overlay term ensured that the
side chains comprising this feature were correctly over-
laid.

Payne and Glen obtained poor results when fitting
Ro15-1788 onto the B-carboline, using electrostatic and
shape constraints [4]. The GA described here has a sim-
pler fitness function, which drives it to elucidate phar-
macophores explicitly and has yielded much better results
on this data set.

Overlay of four 5-HT, antagonists

Clark et al. have synthesised several series of N-(qui-
nuclidin-3-yl)aryl and heteroaryl-fused pyridones and
tested them for 5-HT, receptor affinity [23]. An overlay
was attempted of the four antagonists shown in Fig. 11.
The default parameters were used, with the mean run
time being 6 min and 9 s.

The GA clucidated a pharmacophore consisting of a
nitrogen donor, an sp”> oxygen acceptor and an aromatic
ring in all but the least fit run. Figure 12 shows the super-
imposition obtained by the GA run that generated the
highest fitness score. The base molecule, structure 37, is
shown coloured by atom type, 44 is coloured purple, 45
is cyan and 47 is orange. The yellow circles in Fig. 12
indicate the three pharmacophore points, i.e., the normals
of the aromatic ring, the lone pairs of the sp” oxygen and
the donor hydrogens bonded to the nitrogens. Although
the nitrogens are not overlaid, their donor hydrogens are
clearly in a position to interact with the same point in the
receptor. This pharmacophore is the same as that ident-
ified by Clark et al. [23], although the centres of the aro-
matic rings in their overlay do not appear to be as close
as in the GA solutions.

Using NMR and X-ray studies, Bradley et al. have
shown that structure 45 probably binds with the central
amide bond in a cis configuration [24]. This conformation
is stabilised by internal hydrogen bonds and gives a better
overlay of basic nitrogens. Unfortunately, the GA does
not currently include a term for internal hydrogen bond-
ing. Furthermore, as there is a large barrier to rotation in
an amide bond, this bond is not considered as being

flexible by the GA. In the experiment described above,
the overlays elucidated by the GA had the central amide
bond in a trans configuration, as this was the configur-
ation of the input structure. The experiment was repeated
using structure 45 with the amide bonds in the configur-
ation described in Ref. 24 and the GA elucidated the
same pharmacophore as before, with little of the expected
improvement in the grouping of the protonated nitrogens.
It would be a simple matter to extend the chromosome
encoding for those cases when it is not known whether or
not a bond is in a trans or cis conformation. For exam-
ple, a bit in the binary bit string that encodes molecular
conformation could be set to 1 to encode the fact that a
given bond should be in the trans configuration and it
could be set to 0 if the bond should be cis. Thus, in the
initial randomly generated population half the overlays
would contain structures with the bond in a cis configur-
ation and half would have the bond in a trans configur-
ation. The same mechanism could be used to encode
molecules of unknown chirality.

Overlay of four dopamine agonists

The algorithm was next applied to four flexible dop-
aminergic ligands that have been described by Hoberg
and Norinder [25]. These molecules (the dopamine recep-
tor agonist, dopamine, and three antipsychotic dopamine
D, receptor antagonists) are shown in Fig. 13. Using the
default parameters, the mean run time for the GA was 6
min and 51 s.

This problem was particularly deceptive for the GA, as
most runs generated pharmacophores comprising an
aromatic ring and oxygen sp® groups. However, the best
solution generated a pharmacophore comprising an aro-
matic ring and the protonated nitrogen, and an overlay
of sp® oxygen donors was also observed. This overlay is
shown in Fig. 14, where the base molecule dopamine is
coloured by atom type, amisulpride is purple, haloperidol
is cyan and raclopride is red. The pharmacophore points
are indicated by yellow circles and the hydrogen-bond
donor proton attached to the protonated nitrogen is
displayed for clarity, as is the lone pair attached to the
sp° oxygen.

The fact that the best overlay appeared only once indi-
cates a failure by the GA to sample the whole search
space. The runs were hence repeated with POPSIZE set
to 800 and MAXOPS to 80000, with the selection pres-
sure being maintained at 1.1. These changes resulted in an
increase in the mean run time (which was still just 10 min
and 14 s) and in not only the best but also the two next-
best runs managing to overlay the aromatic ring and the
protonated nitrogen (together with sp® oxygen groups).
Thus, the larger population size and the greater number
of operations appeared to increase the reliability of the
GA in this case, without an unacceptable increase in the
computational requirements.
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Qverlay of seven dopamine reuptake inhibitors

Froimowitz has performed conformational analysis on
a set of seven dopamine reuptake inhibitors that probably
have a common mode of action [26]. These ligands are
shown in Fig. 15. The GA was run with the default para-
meters, and the mean run time was 5 min and 50 s.

All 10 runs yielded a pharmacophore containing an
aromatic ring and a protonated nitrogen. However, the
fitter runs also succeeded in overlaying the second aro-
matic ring that occurs in structures 3-7. Figure 16 shows
the overlay generated by the best GA run. This super-
imposition was exceptional, in that the volume overlay
was much better than that observed in any of the other
runs. Structure 7, the base molecule, is shown coloured by
atom type, 1 is purple, 2 is orange, 3 is cyan, 4 is green,
5 is red and 6 is yellow. Structures 7 and 3 are overlaid
exactly. For clarity, the donor hydrogens connected to the
protonated nitrogen are displayed and the pharmaco-
phore points are indicated by yellow circles.

Froimowitz carried out superimposition studies on
structures 3-7 to define a pharmacophore based on the
aromatic rings and the protonated nitrogen, which was in
excellent agreement with the pattern suggested by the GA
overlay. It was also discovered that the superimposition
of 2 on the pharmacophore placed the ester methoxy
group on the second phenyl ring of structures 3-7 [26].
Froimowitz’s analysis of 1 and 2 showed that the pre-
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ferred conformers contained an electrostatic interaction
between the ammonium hydrogen and carbonyl oxygen
of the ester group. This effect may highlight the need to
include a term for internal hydrogen bonding in the GA
fitness function (as was observed above).

Overlay of six angiotensin II receptor antagonists

Perkins and Dean have described a novel strategy for
the superimposition of a set of flexible molecules, using a
combination of simulated annealing and cluster analysis
[27]. The conformational space of each molecule is
searched using simulated annealing. Significantly different
low-energy conformations are extracted from the confor-
mational analysis history using cluster analysis. For each
pair of molecules, every possible combination of confor-
mations found by cluster analysis is matched by simulated
annealing, using the difference distance matrix as the
objective function. The molecules are then superimposed
using the match statistics, either by reference to a base
molecule or by a consensus method. The algorithm was
tested on the six angiotensin II antagonists shown in Fig.
17, and we have also used these structures to evaluate the
GA. The butyl side chains in five of the six structures
were replaced by methyl groups, as this simplification was
also performed in Ref. 27. As the GA proved slow to
converge, the parameter MAXOPS was set to 60 000. The
average run time of the GA was 7 min and 56 s.

Six of the 10 overlays (including the three fittest sol-
utions) generated a pharmacophore comprising an aro-
matic ring and a protonated nitrogen. Inspection of the
structures in Fig. 10 shows that these are the only fea-
tures common to all compounds. The best overlay is
shown in Fig. 18. The base molecule, 1.-158809, is shown
coloured by atom type, GLAXO is magenta, SEARLE is
orange, SKB 108566 is cyan, TAK is green and DuP 753
is yellow. The yellow circles indicate the two pharmaco-
phore points and the hydrogen-bond donor proton
bonded to the protonated nitrogen is also displayed. It
was hoped that the GA might have been able to overlay
an acidic group from each structure. However, this was
not the case, although it was able to overlay acid groups
from all structures except SKB 108566 (which is the most
dissimilar structure from L-158809). This overlay is indi-
cated by a yellow circle and includes all the tetrazol
groups. The fact that this overlay of five acidic groups is
present in the final solution suggests that there may have
been chromosomes within the population that encoded an
overlay of acidic groups from all structures.

The superposition obtained by Perkins and Dean [27]
has some similarity with the GA result, in that the imi-
dazole group and benzene rings are also successfully
superimposed (due to their structural similarity). How-
ever, their procedure is far more time-consuming. Confor-
mational analysis took about 8 min (for SKB 108566),
while the pairwise matching process took about 6 h for



546

Fig. 16. Overlay of dopamine reuptake blockers. Structure 7 is col-
oured by atom type, 1 is purple, 2 is orange, 3 is cyan, 4 is green, 5
is red and 6 is yellow. The elucidated pharmacophore is indicated by
yellow circles.

each pair of molecules (based on the time used for match-
ing all conformers of DuP 753 and SKB 108566). These
times are for a Sun SPARCstation IPX workstation (a
CPU that is comparable to that used for the GA): a
superposition of the six structures, by reference to a base
molecule, should thus take about 31 h of CPU time, with
a consensus superposition taking considerably longer.

Overlay of two FKBPI2 ligands

The immunosuppressant FK506 is a microbial product
that blocks T-cell activation and proliferation and binds
strongly to the human immunophilin FKBP12. The three-
dimensional structure of FK506 has been determined by
X-ray crystallography [28] and the co-ordinates of the

DuP 753
N+H CHs N"H
SOy
N
CH4 ) N

TAK L-158809

SKB 108566
CH,

Fig. 18. Overlay of six angiotensin II receptor antagonists. The base
molecule L-158809 is shown coloured by atom type, GLAXO is
coloured magenta, SEARLE is orange, SKB 108566 is cyan, TAK is
green and DuP is yellow. Points of interest are indicated by yellow
circles (see the text for discussion).

bound complex have been deposited in the Brookhaven
Protein Data Bank (PDB) [29]. Holt et al. have described
the design, synthesis and evaluation of a number of high-
affinity FKBP12 ligands [30]. The atomic structures of
three FKBP12-ligand complexes were determined by X-
ray crystallography and deposited in the PDB, The struc-
tures of FK506 and compound 9 from Ref. 30 are shown
in Fig. 19.

The crystal structures of FK306 and compound 9 com-
plexed with FKBP12 were extracted from the PDB. The
structure of FKBPI12 was found to be highly similar on
binding to each ligand (using SYBYL [9], the two pro-
teins were superimposed and the mean rms deviation in
their atomic co-ordinates was found to be 1.1 A). Both
ligands were extracted from the crystal structures, hydro-

oo

SEARLE

Fig. 17. Six angiotensin 11 antagonists (structures from Ref. 27).



gens were added and the structures were minimised using
SYBYL molecular mechanics [9]. The GA was then used
to superimpose the ligands and to elucidate a pharmaco-
phore.

Inspection of Fig. 19 shows that FK506 contains a
large cyclic region. The technique of bond breaking and
ring closure to allow GAs to perform conformational
analysis of cyclic regions has been reported previously
[31]. In order to take account of the flexibility of FK506,
the bond labelled B in Fig. 19 was broken and single
bonds within the previously cyclic region were allowed to
rotate. In order to ensure closure of the ring, constraints
were applied. Figure 20 illustrates the use of these con-
straints. Using the initial input structure, the bond be-
tween A and B was deleted. Two dummy atoms, D1 and
D2, were then created in such a way that D1 was posi-
tioned on B and bonded to A and D2 was positioned on
A and bonded to B. Selection of rotatable bonds then
proceeded as described in Methods. On decoding a chro-
mosome, the distances d1 (the distance between D2 and
A) and d2 (the distance between D1 and B) were deter-
mined. The fitness of the chromosome was then reduced

FK&06

C
CH; & o}

Compound 9

Fig. 19. Two ligands of the human immunophilin FKBP-12 receptor.
FK506 is a natural substrate and compound 9 (from Ref. 30) is a
high-affinity ligand. The bond labelled X in FK506 was broken
during superposition (see text for discussion).
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TN

Origina!l Input Structure

\M\\

D2
Structure Decoded by GA

Fig. 20. Replacement of a single bond (between A and B) by two
dummy atoms (D1 and D2) and two constraints (d1 and d2) for the
conformational analysis of large cyclic regions.

by 100x ((d1)*+(d2)®) on the basis of empirical param-
eterisation. This correction to the fitness score had the
effect of reducing d1 and d2 and thus closing the ring
correctly.

This problem proved to be very demanding, with a
total of 46 rotatable bonds (33 in FK506 and 13 in com-
pound 9). Accordingly, the parameter MAXOPS was set
to 100000 and a single population of 800 individuals was
used. The average run time of the GA was 30 min and 15
s; this long run time is a consequence of the large number
of rotatable bonds.

The best overlay is shown in Fig. 21. The yellow circles
indicate the elucidated pharmacophore, which comprised
all the oxygen atoms from 9. The two ring-closure con-
straint distances, d1 and d2, in FK506 were found to be
0.23 and 0.27 A. In order to verify the effectiveness of the
ring-closure procedure, SYBYL was used to recreate the
bond and the resulting structure was minimised. The rms

Fig. 21. Overlay of compound 9 on FK306. The base molecule, 9, is
shown coloured by atom type and FK506 is shown in purple.
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deviation of heavy atoms in the minimised structure from
the GA solution was found to be only 0.44 A. Using only
the oxygen pharmacophore atoms elucidated by the GA,
the crystallographic co-ordinates of FK506 were fitted
onto the GA solution. Following fitting, the rms devi-
ation for the pharmacophore atoms in the GA solution
from those in the crystal structure was only 0.38 A, while
the rms deviation for all atoms was found to be 3.35 A.
The procedure was repeated for compound 9. Following
fitting, the rms deviation in pharmacophore points was
found to be only 0.34 A and the rms deviation over all
atoms was 2.67 A.

This is a good result for the GA, as the pharmaco-
phore observed by the GA is identical to that seen in the
crystal structure. Considering all atoms in the ligands, the
deviation from the crystal structure is not too bad, especi-
ally when one considers that large portions of each ligand
are solvent exposed and thus fairly mobile. One interest-
ing difference between the GA-predicted overlay and the
crystallographically observed binding modes is the super-
position of the benzene ring in compound 9 on the cyclo-
hexane ring in FK506. In the GA superposition, the rings
lie on top of each other; in the crystal structures the
planes of the rings make an angle of 90°. However, this
must be regarded as a limitation of the overlay problem,
since it is hard to see how, in the absence of any knowl-
edge of the receptor, any algorithm could predict this fit.

Conclusions

The design and implementation have been described of
a GA for the superimposition of flexible molecules and
the use of the resulting overlays to suggest possible phar-
macophoric patterns. The experiments reported here dem-
onstrate the effectiveness and versatility of the algorithm,
in that it has been possible to superimpose flexible mol-
ecules on structurally diverse test systems with results that
are both intuitively acceptable and often in agreement
with overlays suggested by alternative means; this said,
there are several additions and improvements that could
be made to the program and these are currently being
investigated. Inactive compounds that are similar to
known actives are often incorporated in a structure-activ-
ity analysis. It is possible to extend the GA to incorporate
inactives or to include biological activity. As the algo-
rithm attempts to find pharmacophore points that are
common to all input structures, a current limitation of the
fitness function is that the GA will have difficulty incor-
porating molecules that do not fit the pharmacophore for
some reason. Further simple improvements that could be
made to the algorithm include encoding with the chromo-
some for molecules of unknown chirality and the addition
of internal hydrogen bonding.

The use of the GA to elucidate possible pharmaco-
phoric patterns has been emphasised in this paper. How-

ever, other applications of the approach are equally feas-
ible. The overlays may be used as a starting point for
investigation of a data set by 3D QSAR, which requires
an initial alignment of the molecules that are to be ana-
lysed [32]. The potential of this approach is well illus-
trated in a recent paper by Calder et al. [33], who have
used an overlay program to generate the alignments for
a CoMFA analysis of six classes of compounds that block
GABA receptors. Another possible application is similar-
ity searching in 3D databases [34]. Current similarity
searching systems are normally based on the use of frag-
ment occurrence data or interatomic distances, since
superimposition-based procedures are generally far too
demanding of computational resources for use in a data-
base context, even if attention is restricted to rigid 3D
structures [35]. The speed of the GA when performing
pairwise superimpositions, which is what is required to
match a target structure against each of the structures in
a database, is such as to suggest that it might be feasible
to consider the use of a modified version of the algorithm
for flexible 3D similarity searching. We hope to investi-
gate these possibilities in the future.
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