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Abstract: We present a method for simultaneous three-dimensional (3D) structure generation and pharmacophore-
based alignment using a self-organizing algorithm called Stochastic Proximity Embedding (SPE). Current flexible
molecular alignment methods either start from a single low-energy structure for each molecule and tweak bonds or
torsion angles, or choose from multiple conformations of each molecule. Methods that generate structures and align
them iteratively (e.g., genetic algorithms) are often slow. In earlier work, we used SPE to generate good-quality 3D
conformations by iteratively adjusting pairwise distances between atoms based on a set of geometric rules, and
showed that it samples conformational space better and runs faster than earlier programs. In this work, we run SPE
on the entire ensemble of molecules to be aligned. Additional information about which atoms or groups of atoms in
each molecule correspond to points in the pharmacophore can come from an automatically generated hypothesis or
be specified manually. We add distance terms to SPE to bring pharmacophore points from different molecules closer
in space, and also to line up normal/direction vectors associated with these points. We also permit pharmacophore
points to be constrained to lie near external coordinates from a binding site. The aligned 3D molecular structures are
nearly correct if the pharmacophore hypothesis is chemically feasible; postprocessing by minimization of suitable
distance and energy functions further improves the structures and weeds out infeasible hypotheses. The method can
be used to test 3D pharmacophores for a diverse set of active ligands, starting from only a hypothesis about corre-
sponding atoms or groups.
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Introduction

Pharmacophore methods allow the abstraction of a set of active
molecules by a three-dimensional (3D) geometric arrangement
of chemical groups. Such methods are key to drug discovery
efforts, since they power 3D database searches and allow the
discovery of new ligands dissimilar in 2D structure to currently
known actives but retaining the activity (scaffold hopping') and
surmounting physical, chemical, and/or metabolic liabilities
(lead evolution?). Pharmacophores have also helped side-effect
prediction with models for HERG K*-channel binding.*> Gillet
et al.* describe the de novo design of ligands fitted to a 3D phar-
macophore hypothesis. Pharmacophore methods have been com-
bined with structure-based docking methods,”™® and additionally
with molecular mechanics/dynamics methods™'® and clustering
techniques.!' Pharmacophores have also been developed for
ADME/tox predictions.'?

With the availability of receptor structural information, phar-
macophores are increasingly being derived by receptor-based

methods; however, for many important therapeutic target classes,
such as G-protein coupled receptors (GPCRs), the target protein
structures or models are not available, and pharmacophore mod-
eling is one of the easiest methods to characterize the active
molecules and quantify their structure-activity relationships.
Pharmacophore-based QSAR models guide subsequent lead-opti-
mization efforts to obtain favorable chemical and metabolic
properties without losing activity.

Pharmacophore perception methods attempt to extract com-
mon steric and electronic features from a set of active mole-
cules, while pharmacophore development methods represent
them as points or groups at certain distances to each other in
3D, and decide between competing pharmacophore hypotheses
which one best explains the observed activity patterns. Once
extracted, a pharmacophore serves as a core set of features rep-
resenting the important part of a molecule for a chemist, as a fil-
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ter to determine or predict activity of new compounds, and as a
search query to a 3D conformational database to identify novel
putative ligands.

The method we describe in this article involves iterative con-
formational search and pharmacophore alignment that starts
from 2D connection tables and 1D pharmacophores (inter-molec-
ular atom or group correspondences), and produces an alignment
of 3D structures that helps elucidate the pharmacophore in 3D.
When the conformational analysis and alignment method con-
verges, which happens when the supplied pharmacophore corre-
spondence is plausible, both the geometries of the individual
molecules and of the alignment are correct. The 3D pharmaco-
phore can then be extracted from the geometry of the corre-
sponding pharmacophore groups in the alignment. If multiple tri-
als return different plausible alignments, this provides several
alternative viable pharmacophore hypotheses.

Related Work

Research in the field of pharmacophore perception, develop-
ment/elucidation and use in drug design has seen a renaissance
in the last few years, and the state of the art and several recent
technological advances are summarized in the excellent book by
Giiner.'* Several commercial software products such as
Accelrys’ Catalyst, Schrodinger’s Phase, CCG’s MOE and offer-
ings from MDL, Tripos, Chem-X and other companies imple-
ment pharmacophore detection and 3D database searching. Spe-
cialized commercial pharmacophore software packages are also
emerging, such as Inte:Ligand’s LigandScout,'*'*> which uses a
polynomial-time matching algorithm for faster pharmacophore
detection and development.

We review mostly the advances in the ligand-based methods,
which take as input a group of known active ligands. Methods
that incorporate structural information from the receptor binding
site into the derivation of the pharmacophore are not covered,
since these methods can be cast as a ligand-based pharmaco-
phore problem by including distance constraints to external
points in the active site, or by adding excluded volumes where
atoms from the binding site would sterically hinder the presence
of a ligand atom. Several excellent reviews of virtual screening
methods cover receptor and ligand-based pharmacophores.'®

An example of a mature automated method for ligand-based
pharmacophore design is Catalyst from Accelrys Inc.??* It
combines a multi-conformer database generated by an algorithm
called poling, and a flexible search mechanism encoded in the
HipHop®® and Hypogen®® methods that generates pharmaco-
phores by finding the geometries of shared sets of chemical
groups between the conformations of each active compound, and
removing the sets that are also shared by many of the inactive
compounds. Catalyst includes a 3D database search program,
and has been used extensively to design and optimize new
ligands.>”"%

Some new directions in pharmacophore research involve the
representation of the pharmacophore and how it is perceived and
developed.

Bernard et al.*® compute a representation called a 2D confor-
mationally-sampled pharmacophore that does not require molec-
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ular alignment. They express the conformational space available
to each molecule as a 2D probability distribution of distances
and bond angles between selected atoms. Then they find the
overlapping probability distribution, which reveals possible phar-
macophore hypotheses.

Several methods try to combine information from ligands
and the receptor or convert one to the other. Pseudoreceptor
modeling methods such as Yak®' and ProPose®” construct pepti-
dic active site models around a small molecule or aligned en-
semble, which are found to compare favorably with crystal
structures. Pseudo-ligand approaches such as Virtual Ligand™®
go the opposite route, deriving an idealized constellation of
potential ligand sites that interact with binding site residues.
Renner et al.** designed inhibitors of a HIV protein-RNA inter-
action using a fuzzy pharmacophore model with potential phar-
macophore points and associated probabilities® and a correlation
vector representation for molecular similarity searching.*

Some of the areas of emerging research into pharmacophore
development address concerns about the speed and the versatil-
ity of current methods. When a pharmacophore development
method is to be used with large sets of highly flexible actives,
both speed and accuracy/coverage become very important. If
the flexibility is accounted for by storing single or multiple
low-energy conformations and using matching techniques for
rigid structures, the method may not find some bound confor-
mations that are not low-energy structures but would have sig-
nificant strain energy if they were unbound.>’ Also, the number
of available conformations for each flexible molecule can be
very large, and increase both the combinatorial complexity of
alignment and the number of generated hypotheses requiring
further analysis and filtering.® Kristam et al.** have compared
different conformational analysis techniques for the pharmaco-
phore development and 3D database search tasks in the Catalyst
software. On the other hand, if conformations are matched by
performing conformational analysis on-the-fly during alignment,
speed of the conformational analysis and alignment methods
becomes an issue. Some examples of iterative but slow
approaches are the genetic algorithms used in systems like
GASP" and GALAHAD.*"** Another method, based on multi-
objective optimization of an evolutionary algorithm and Pareto
ranking, aims to generate a manageable number of diverse but
plausible hypotheses.*®

We present an attempt at this problem, by simultaneously
and iteratively performing conformational analysis and align-
ment, in effect casting the slower alignment procedure as a
faster conformational analysis procedure for which a fast method
(SPE) is available. The basic idea of ensemble distance geome-
try was pioneered by Sheridan et al.** to derive the nicotine
pharmacophore automatically. Here, we apply their basic princi-
ples to derive an ensemble version of a nonlinear geodesic
embedding, not a strictly distance-geometry-driven one.*’

Method
First, we briefly describe the method of 3D structure generation

by self-organization,*® based on Stochastic Proximity Embed-
ding (SPE).*>*’ SPE is a fast and scalable method for producing
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low-dimensional Euclidean maps that preserve the intrinsic
dimensionality and nonlinear geometry of complex high-dimen-
sional observation spaces. When applied to conformational sam-
pling, SPE generates atomic coordinates in a 3D space that best
preserve a set of distance and chiral constraints derived from the
covalent structure of the molecule.

Input and Preprocessing

The molecules to be aligned are stored in an input SMILES or
SDF file. If the SDF file for a molecule contains 3D coordinates,
they are used as initial coordinates for the alignment. There are
several types of constraints for each molecule in the alignment:

e [nternal distance constraints connect two atoms within the
same molecule, specifying the indices of the two atoms and a
minimum and maximum allowed distance.

e External distance constraints connect an atom of a molecule
to an external point with known coordinates, typically one
from a protein binding site taken from a crystal structure or
homology model. External distance constraints also specify
the range of distances that are allowed between the atom and
the external point.

e Pharmacophore distance constraints connect pairs of atoms in
two different molecules, specifying a minimum (by default set
to zero) and a maximum distance between them (set according
to the tolerance for aligning that point, by default 0.05 A).
Pharmacophore points are specified in a defined order for each
molecule, and corresponding pharmacophore points are paired
up between all n pairs of molecules in which they occur,
yielding "C, distance constraints.

Two variants of pharmacophore constraints require special
handling:

e Centroid constraints occur when an aromatic ring or hydro-
phobic region in a molecule acts as a pharmacophoric group.
Such a group is represented in SPE by the centroid of the
atoms that it contains, which is calculated from their coordi-
nates at each iteration of the algorithm and not stored as an
additional pseudo-atom.

e Angle constraints occur when planar aromatic rings or single
hydrogen-bonded atoms have a normal or direction vector that
must match between corresponding pairs of pharmacophore
atoms or groups; it is not enough that the point or centroid
coordinates match. Angle matching is implicit for pharmaco-
phore groups specified as aromatic rings, and may be explic-
itly specified for hydrogen-bond donors and acceptors (whose
directionality may also be modeled using a pair of points, or
ignored). When two matching atoms or groups have an angle
constraint, SPE will try to minimize the angle between them
by treating it as its distance equivalent, the arc length. The
detailed formulas for coordinate updates, distance error evalu-
ation, and gradient for an angle constraint will be given later
in this section.

Our method for alignment applies the SPE algorithm to an
ensemble of molecules by treating it as a single molecule whose
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components are concatenated, but not bonded, to each other. For
this purpose, sequence numbers of the atoms in each successive
molecule are offset by adding the total number of atoms encoun-
tered in all the previous molecules, so that they form a single
sequence. The same offsets are also applied to the sequence
numbers of the atoms referenced in all the constraints, so that
the constraints refer to the same atoms in the concatenated mole-
cule as they do in the original ones.

Modified Stochastic Proximity Embedding

After the initial preprocessing stage, SPE is run on the aggregate
molecule using a variant of the earlier algorithm of Xu et al.*®
The specific stages where our algorithm differs from the original
one are highlighted in the description below:

e Distance geometry rules-Geometric rules derived from stand-
ard covalent geometry set plausible ranges for quantities such
as bond lengths, bond angles, dihedral angles, tetrahedral vol-
umes (or planarity, when it is nearly zero), steric overlap, and
others. These constraints are added to SPE’s distance geometry
engine along with the externally supplied constraints. Since
steric overlap is allowed between atoms in different molecules
that are being aligned, all such pairs of atoms are excluded
from the steric overlap test by assigning a minimum distance
bound of zero rather than the sum of their van der Waals radii.

e Distance geometry embedding step-Embedding is an iterative
step of SPE where randomly picked constraints are applied to
the current coordinates to produce new coordinates. The origi-
nal SPE chooses from three different constraint types to
embed: pairwise distance, tetrahedral volume, and external
distance. The probability that a type of constraint is applied at
each iteration is the fraction of that type of constraints times a
bias parameter.

When performing alignment, we add pharmacophore con-
straints as a fourth type of constraint to choose from during
each embedding step. A bias parameter is also provided for the
new constraint type, to ensure that pharmacophore constraints
get chosen even when they are outnumbered by distance or vol-
ume constraints. We also modify the distance constraint type to
make it component-aware, i.e., to store the distance matrices
only for individual component molecules rather than the whole
ensemble, and always pick a pair of atoms from within the
same molecule to check for constraint satisfaction.

e Handling of centroid coordinates-When a single atomic phar-
macophore point is selected for an embedding step, coordi-
nates of the atoms on both molecules are moved towards each
other if their distance exceeds the upper bound, or away from
each other if it is smaller than the lower bound. When a phar-
macophore group with many atoms is selected, its centroid is
computed on the fly, and the coordinates of the two matching
centroids on the two molecules are used to compute the direc-
tion and magnitude of the motion that will be applied to all
atoms in both groups.

e Handling of angular/direction vector motion-Direction vectors
are associated with directional hydrogen-bonding atoms or
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planar groups such as aromatic rings that form a pharmaco-
phore point. Since SPE is based on distance geometry and
does not incorporate direction vectors or angle constraints, we
needed to extend it to handle angular motion. Similar to the
minimum and maximum distance bounds attached to a dis-
tance constraint, we introduce a minimum (zero) and maxi-
mum (default 7/18) angle that each pair of direction vectors
can make. Deviations between direction vectors are considered
as violations of this constraint only if:

1. Both direction vectors are well-defined; for aromatic rings,
this means that all the atoms are almost coplanar, and not
almost collinear. For hydrogen-bond donors and acceptors,
this means that the bond lengths are nearly correct in both
molecules, so the current direction vectors can be com-
pared.

2. The distance between the centroids of both rings is smaller
than the upper bound for matching a pharmacophore con-
straint, i.e., there is no violation of a distance constraint,
or the centroid positions nearly coincide. Only in this case
are angle violations considered; this resolves the problem
of combining pharmacophore distance and angle violations
into a single value.

Angular twist motions of a pharmacophore group are applied
by rotating each atom about the line passing through their cent-
roid and parallel to the cross product of the two direction vec-
tors, which we call the axis of the rotation. Denote the distance
of each atom from the axis as its radius; then multiplying an
angle by this radius gives the arc length that each atom must
move. We use the arc length of an angle deviation to calculate
its equivalent distance motion, and the arc length of the maxi-
mum allowed angle as the maximum allowed distance. Then we
use the same formula as SPE uses for updating coordinates using
distance constraints, to compute the arc length and hence the
angle of the final rotation to be applied.

One difference between the way translations and rotations
are applied is that rotations are applied fully to only one of the
groups of atoms, rather than equally to both groups. The chosen
group is the one that occurs later in the constraint file, and hence
has a higher index number in the list of angular constraints; this
ensures consistency, and minimizes the chances of an alignment
failing because of large moves that scatter many quasi-aligned
vectors towards one misaligned one.

e Distance function error evaluation-Distance geometry meth-
ods report the goodness of an embedding by evaluating the
extent to which constraints are violated; the value of the dis-
tance function error is used to choose good conformations if a
force field is not in use, as well as in the refinement postpro-
cessing step. Violations of distance, volume, and external con-
straints are evaluated as before, and violations of pharmaco-
phore point constraints are evaluated in the same way as for
distance constraints. Thus, the violation of a pharmacophore
distance constraint is the difference between the squared dis-
tance between the pair of atoms or group centroids and the
squared maximum distance allowed, expressed as a fraction of
the squared maximum distance. Violations of all the con-
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straints are squared and summed up to get the final distance
geometry error reported. For pharmacophore points or groups
that have an associated direction vector, a mismatch between
these vectors when all other constraints are satisfied needs to
be factored into the function evaluation. Eligibility criteria
used are similar to those for angular motion aforementioned
(the direction vector is well-defined, and the points already
satisfy the distance constraints). Eligible pairs of direction
vectors that diverge by more than a maximum amount (default
n/18) are converted to arc lengths and assigned a violation
using the same formula as for distances.

e Distance function gradient-The postprocessing steps of dis-
tance geometry refinement and force-field energy minimiza-
tion need to compute the gradients of the distance and energy
functions at the current values of the embedded coordinates,
so that they can push each function towards its minimum. For
a pharmacophore constraint whose atoms and groups are
farther apart than the allowed maximum distance, its gradient
is computed in a similar way to the gradient of a distance
function.

We also derive formulas for the gradient of the angle
between two direction vectors that are constrained to align with
each other. We calculate the gradient at each point that can
rotate during the motion that aligns the direction vectors, i.e.,
each point on the second in the pair of pharmacophore groups
being aligned. The formula is derived for groups such as planar
aromatic rings whose direction vectors are bidirectional, since
they are plane normals and can be lined up with another direc-
tion vector in two ways. In such a case, we take the gradient not
of the angle 6 between these two direction vectors, but of o = 1
— cos? 0, which converges to zero when cos 0 becomes either 1
or —1, i.e., the vectors are either parallel or antiparallel to each
other. This ensures that the least required motion is applied. The
resulting gradient is given by the following formula, where V is
a basis vector in the plane of the first ring calculated as the cross
product of the axis of rotation and normal vector of the first ring
(see derivation in the Appendix):

o 2(v.x){(v.x)x - ||X||2V}
X Ix11*

Unidirectional vectors such as directional hydrogen bonds,
which can line up with matching vectors in only one way, are
modeled by adding an extra point constraint in our current
implementation. However, if the angle 0 is parameterized in
terms of the positions of neighboring atoms, then expressions
for the motion, evaluation and gradient of a unidirectional vector
can be derived.

Postprocessing and Output

After a run of SPE, the embedded 3D conformations are
observed to be nearly in their lowest energy states, and SPE is
found to sample low energy conformations if it is run for a suffi-
cient number of steps.*® This continues to be the case with the
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SPE-based pharmacophore alignment: possible alignments are
sampled, and both the conformations and the alignments found
look plausible. However, to produce the best possible alignment
we use two postprocessing steps: geometric refinement and
energy minimization. Since we start from good conformations,
both these steps usually converge in 10 or fewer iterations.

Below, we describe the changes made in the postprocessing
and output stages of the algorithm.

e Distance geometry refinement-The use of a modified gradient
function that is aware of molecular components and pharma-
cophore constraints, as described in Modified Stochastic Prox-
imity Embedding Section, enables the existing refinement
code for SPE to work with pharmacophore alignment.

o Energy minimization-Apart from a modified gradient function,
there are two changes and one performance optimization that
need to be made for energy minimization to work with phar-
macophore alignment:

1. No electrostatic or van der Waals interaction is allowed
between atoms in different components. Such atoms are
added to an existing list of atom pairs that do not interact
with each other.

2. Rigid realignment is needed to make the pharmacophore
points overlap with each other, after being separated by
relaxation of the rest of the structure ensemble. Rigid
realignment is done by least squares superposition of the
corresponding points to recover the optimal translation and
rotation. We extend this process somewhat to accommo-
date the ring normals, which must also remain aligned in
the final alignment. We convert each ring normal into an
additional single point, 1 A away from the ring centroid,
before alignment. If both directions of the ring normal
were to be converted into points, there would be a combi-
natorial problem of matching 2 combinations for this pair
of points to correctly align the ring if it occurs in N struc-
tures. Thus, we place only one point for each ring, whose
direction was initially chosen as the side of the ring that
faces away from the centroid of all pharmacophore points.
This worked to some extent because of our assumption
that the geometries being realigned after minimization
were already prealigned, and during minimization the rings
did not flip over or otherwise change orientation vis-a-vis
the centroid of all points. However, we did observe rare
cases where the wrong orientation was chosen, leading to
parallel rather than aligned rings. Thus, an additional and
stronger criterion was chosen that works even in cases
where the rings change orientation around the centroid of
all points; viz., to look at the curvature of a series of three
successive pharmacophore points that includes the centroid
of the ring being aligned. Since the pharmacophore points
are already aligned, one would expect this curvature to be
the same across molecules, as is indeed observed. Thus
the point corresponding to the normal is placed consis-
tently on the inner or outer side of the ring based on local
curvature, i.e. by checking the sign of the dot product of
the normal with the cross product of vectors joining pairs
of those three points, and flipping the normal if necessary.
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3. To improve performance of the minimization on large mo-
lecular ensembles being aligned, we break up the ensem-
bles and submit each molecule for independent minimiza-
tion. Essentially this is the same thing that happens when
we try to minimize the entire ensemble, since atoms in dif-
ferent molecules do not interact energetically; however,
the time complexity of the problem, and the number of
steps required for convergence, are much lower for mini-
mizing several smaller molecules than one large ensemble.
Step 2 (rigid realignment) is then run on the separately
minimized molecules. Currently this optimization is trig-
gered if we are aligning more than three molecules and
running minimization as a postprocess.

e Output of molecules-Instead of outputting the entire ensemble
as a single molecule, the components are split up and written
individually in an SD file.

Pharmacophore Extraction and Rendering

The alignment based on pharmacophores can be visualized as
such, or converted to the conventional representation of a phar-
macophore as a set of spheres at certain points or regions. In
our representation, such spheres are placed at pharmacophore
points, and are assigned radii indicating the RMS deviation in
the coordinates of that point with respect to the centroid of all
instances of that point in the alignment. The radii of spheres cor-
responding to hydrophobic regions and aromatic rings are
increased by the average distance between each representative
centroid point and the atoms it represents. In addition, aromatic
rings are planar and have two normal vectors corresponding to
the top and bottom faces of their plane.

We now describe the pharmacophore sphere extraction and
visualization process in more detail. To compute the point radii,
first we calculate the RMSD for each pharmacophore point’s
coordinates within each trial, with respect to the centroid of
these coordinates. Before the coordinates can be averaged
between trials, we have to determine which trials produced
unique aligned conformations that should be considered sepa-
rately. For this, a vector of pairwise distances between pharma-
cophore points or centroids between trials is built, and vectors
are considered unique if and only if they differ in two or more
pairwise distances by more than 15%. This criterion is an
attempt to ensure robustness, in distinguishing truly unique
alignments that change several pairs of distances from align-
ments that differ in only one pairwise distance or by less than
15%, which are observed to be essentially similar.

To calculate the radii of pharmacophore spheres within a set
of unique trials, first the sets of averaged pharmacophore coordi-
nates from each trial are rigidly aligned using least squares
superposition. Then the RMSD of each pharmacophore point in
this cross-trial rigid alignment is computed with respect to its
centroid, to which is added the maximum of the earlier com-
puted RMSDs for that point in any of the trials. Thus, if X
denotes the position of the i-th pharmacophore point on the j-th
molecule in the k-th trial, where i € {1 ... Nppore}, j € {1 ...

Nmot}, and k € {1 ... Nyja}, j} . ]JI-V:“I denotes the indices of
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the N | molecules in which the i-th pharmacophore occurs, and
N

i mol
ik)= #E;‘: ;1 Xijx denotes the averaged position of the i-

Z N
mol

ave (
th point in the k-th trial over all molecules where it occurs, then
we can define the averaged superimposed position as:

z,,(i, k), ifk=1
e (i k) = . . . .
Zoyg (1, k) s].}g?r“l.rgpl?‘:cse <Zavg(l,k) on z,, (i, 1))7 if k>1
from which:
j mol
. IS c )2
rmsd(i, k) = - Z (x,;,—k - z;vg(z,k)>
mol I:f,l
J L
center(i) = Zave (i, k)
trial 3y
1 Nirial )
radius(i) = (Zavg (i, k) — center(i))

Nisial =1

+ %Eﬁii(rmsd(i, k))

Pharmacophore points representing aromatic rings are visualized
in a slightly different way from those representing atoms or
hydrophobic groups. Two additional quantities to be visualized
include the averaged symmetric normal vector of each ring and
its deviation within each trial and across trials. The aggregation
of ring normal vectors differs from that of point coordinates in
two key ways. First, the average computed on the normal vec-
tors is a geodesic average on their representation as points on a
unit sphere, which is computed using the successive weighted aver-
aging technique described by Nathan Reed on the DevMaster.net
forum.*® Just as the average of a series of N numbers can be writ-
ten as a recursive weighted pairwise average, average(x; ... xy) =
((N — 1) X average(x; ... xy—1) + Xy)/N, similarly the average of
N vectors can be computed by successively finding average(x; ...
X;) as the point on the unit sphere that subdivides the arc between
average(xy ... xj—p) and x; in the ratio (i — 1):1. The deviation of
the vectors within each trial is also measured within the unit
sphere, as the mean distance between the average normal vector
and each contributing vector in a direction perpendicular to the
average normal:

hasNormal(i, k) = {j € {l ... Npol}|Xjx has a normal}

1
" |hasNormal(i, k)|

X )

Jj€hasNormal(i k)

angdev (i, k)

Nijx — Niji - geoNorm  (Nj.)

JjehasNormal(i k)

Using the same technique as in the rigid realignment after minimi-
zation, these averaged normal vectors are then represented as
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proxy points, one for each ring, placed in the direction pointing
out from the centroid of all points towards the centroid of the ring.
The rotation and translation found during the least squares super-
position of pharmacophore points between trials is then applied to
this proxy point, and the new normal vector is inferred by subtract-
ing the transformed centroid from the transformed proxy point.

Finally, the transformed normals are geodesically averaged
across trials, and deviation between them across trials is found
analogously to point coordinates, as the RMSD of transformed
average normals added to the maximum deviation seen in any
trial. Denoting the transformed normals as N}, we get:

* * *
it — Nji - geoNorm (Ny)
kE{l Nmal}

trial ke{l ... Nyia }

angdevtrials(i) =

trial

+ rlglfll;((angdev(i, k))

To visualize each normal vector and its deviation, two techni-
ques are used. First, the normal vector is surrounded by a cone
whose apex half-angle « is taken such that sin « equals the devi-
ation (which can never exceed 1). Thus, the deviation is
expressed as the radius of the circular cross-section of the cone
where it crosses the unit sphere. This cone and vector is drawn
on both sides of the sphere, since the vector is bidirectional.
Also in parallel, the pharmacophore sphere radius is scaled
down in the direction of the normal vector by an amount equal
to its deviation. Thus, an aromatic ring that is nearly perfectly
aligned across trials is drawn as a flat disc with thin cones sur-
rounding both normal vectors; a badly aligned one that distrib-
utes normal vectors roughly equally in angular space will show
up as a spheroid with aspect ratio sin(45°) ~ 0.71 and cones
with 45°. Since plane normals are treated as bidirectional when
taking geodesic averages, larger deviations tending to 1 are
avoided.

Datasets for Validation

To test our pharmacophore alignment method, we provide sev-
eral cases where pharmacophores have been derived from the
literature, some where the bound conformations are known from
the structures of some of the ligands in a protein binding site,
and some where the method samples multiple known alignments
or bound conformations consistent with each selected pharmaco-
phore. The selected datasets of compounds are summarized in
Table 1.

Adamantane Fragments

This is a synthetic case created to test the molecular alignment
functionality, where the pharmacophore points chosen have no
chemical or therapeutic significance. The adamantane molecule,
which has a bridged cyclic structure, is split into two compo-
nents, the cyclohexane ring and the Y-shaped 3-ethylpentane.
Individually, cyclohexane can adopt the chair, boat or twist-boat
conformations (with the boat and twist-boat being significantly
higher in energy, but geometrically distinct), and 3-ethylpentane
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Table 1. Numerical Summary of Performance of the Alignment Program on Pharmacophore
Case Study Datasets.
Dataset Molecules Features RMSD Error Tope Tmin () Ref. Steps Min. Steps
Opioids 14 3 0.44 23-307 0.6s 11 3-5 100-500
P-gp binders 7 4 1.65 12-1418 0.4s 15 2-27 175-800
Dopamine receptor substrate/inhibitors 8 3 0.81 846 0.3s 2.5 1-23 80-350
HIV-1 protease inhibitors 15 4 0.98 922-437,360 0.8s 112.5 23-200 150-1000
HIV-1 protease structure 15 17% 0.99 148-165,077 0.7s 99 154-200 171-1000
HIV-lintegrase inhibitors 5 3 0.83 7-16 0.2s 35 4-86 150400

The columns are as follows: dataset name, number of molecules, number of pharmacophore points, the largest
RMSD for any pharmacophore point in the final alignment (RMSD), the range of distance constraint errors (which
includes pharmacophore constraint errors, hence can be huge), the average time per embedding using SPE (Tp.), the
average time per embedding including DG refinement and energy minimization (7,,;,), and finally the range of itera-
tions taken for DG refinement and energy minimization to converge (Ref. Steps and Min. Steps, capped at 200 and

1,000, respectively).

4 ligand-based from previous model; 13 structure-based derived from steric and H-bond interactions shown in

Figure 5 from Wang et al.*

can adopt several conformations with specific chiral configura-
tion at the branching point. Chirality is made visible by attach-
ing a different halogen atom to each endpoint and the branching
point of the chain, as shown in Figure 1. However, when they
are aligned with adamantane by considering the carbons with
the same halogen substituents as pharmacophore points, the
chair (and occasionally, twist-boat) conformation of cyclohexane
and two compact chiral conformations of 3-ethylpentane are pro-
duced. This reduces to one conformation (aligned with adaman-
tane) when an additional constraint is added to tie the branching
point of the Y in adamantane and 3-ethylpentane. The substitu-
tion of hydrogens by halogen atoms to mark corresponding phar-
macophore points does not change the geometry of adamantane
or its components, as the halogens are covalently bonded to car-
bons and cannot have ionic or hydrogen bond interactions with
any other atom.

The aligned conformation shown is attained even without
distance or energy minimization, both of which converge in
just a few iterations (typically 2—10 for distance, and 10-50 for
energy).

Opioids

The compound morphine derived from opium poppies is a
potent analgesic, but is also highly addictive and damages the
nervous system. Morphine achieves its analgesic effect by bind-
ing to a set of native receptors in the body, called the opioid
receptors. Deriving potent painkillers that also bind to an opioid
receptor but have fewer side effects and addictive tendencies is
an active area of cheminformatics research. Opioid receptors are
often membrane proteins, without determined structures, and
thus drug design targeting opioid receptors is a classic applica-
tion of ligand-based pharmacophores.’®> Pharmacophores have
been developed that attempt to capture the analgesic activity of
opioids without most of their undesirable side-effects and addic-
tiveness.’® Also, several authors have shown that different 3D
pharmacophores specifically account for binding to opioid recep-
tor sub-types such as g, 6, and x.°>> "% This makes the elucida-
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tion of a pharmacophore for opioid activity a challenging task.
Bernard et al.>° among others, have studied the opioid pharma-
cophore by a computational method that considers the overlap
of probability distributions of distances and angles between
groups, and showed that several different 3D pharmacophores
are feasible.

For our case study we considered 13 opioids: naturally occur-
ring morphine, codeine, and synthetic heroin (acetylated mor-
phine) that are analgesic but also addictive and toxic to some
degree; MET-enkephalin and norepinephrine, respectively a pep-
tide and a small molecule that are endogenous ligands of the
body’s opioid receptor; and eight synthetic morphine derivatives,
all analgesic, some potentially toxic/addictive and some not, as
shown in Figure 2. Morphine occurs twice in our dataset as it is
represented by two SMILES from two different sources; though
included inadvertently, the duplicate morphine was left in our
dataset since it is of interest to see if the two copies attain
the same conformation and chirality under pharmacophore
constraints.

The pharmacophore tested consists of an aromatic ring, a
hydroxyl group attached to the ring, and basic nitrogen (high-
lighted in Fig. 2). According to Messer,”® this is the essential
scaffold of chemical features for opioid activity, and all other
groups including the hydrophobic ring system near the basic
nitrogen can be dispensed with and the analgesic activity
retained. In fact, several compounds such as fentanyl, meperi-
dine/demerol, and methadone lack even the hydroxyl group and
still retain analgesic activity, so we allow this group to be miss-
ing in these compounds.

P-Glycoprotein Binders

The human phosphoglycoprotein (P-glycoprotein, P-GP) func-
tions as a cellular efflux pump for drugs and other toxic or for-
eign substances, and helps in maintaining the blood-brain bar-
rier, among other functions. Pearce et al.5>%® firgt described the
P-glycoprotein binding pharmacophore in a series of analogs of
the natural product alkaloids reserpine and yohimbine that
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Figure 1. (a) Substituted adamantane and its fragments; (b) unique alignment of the fragments;
(c) the derived “pharmacophore,” which is nearly independent of different random number

seeds and parameters such as whether refinement and minimization were used; alignment shown
includes refinement and minimization selected.
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Figure 2. (a) The morphine analogs dataset; (b) representative alignment (after refinement and mini-

mization); (c) pharmacophore derived from the alignment; (d) measurements of pharmacophore point
radii and pairwise distances.
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Figure 3. (a) The P-glycoprotein binder dataset; (b) alignment after refinement; (c) alignment after
refinement and minimization. [Color figure can be viewed in the online issue, which is available at

www.interscience.wiley.com.]

inhibit P-glycoprotein activity. Since then, several other inhibitor
series have been studied,”” and several refined pharmacophore
models have been proposed.ﬁg"72

We consider the seven P-GP binders shown in Figure 3,
with five of them from the reserpine and yohimbine analog
series of Pearce et al.,* and two (verapamil and rhodamine
123) being actives from a different series studied by Varma and
Hou®® and others. The pharmacophore for P-GP binding integra-
tes these two datasets, incorporating the two aromatic rings and
a basic nitrogen group found from the reserpine/yohimbine, and

Journal of Computational Chemistry

a hydrogen bond acceptor occurring in verapamil and rhoda-
mine 123.

Dopamine Analogs

Dopamine is a brain neurotransmitter with many functions, the
most well-known among them being mediation of the reward
system, which causes a sensation of pleasure when we repeat
behaviors that have been beneficial in the past. Dopamine binds
to a series of dopamine receptors in the brain, which are also
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activated by some narcotic substances such as cocaine (from
coca leaves), lysergic acid (from ergot fungus), and LSD (lyser-
gic acid diethylamine, a synthetic derivative). Dopamine is also
a precursor to the opioid hormone norepinephrine; apomorphine,
a morphine derivative, also binds to dopamine receptors. Two
more dopamine receptor agonists that we include in the list of
actives are methylphenidate, sold as the attention deficit/hyper-
activity disorder (ADHD) drug Ritalin, and mazindol, used as an
appetite suppressant and cocaine addiction therapy before being
recently discontinued.

The pharmacophore for nonselective dopamine receptor activ-
ity contains an aromatic ring, an H-bond donor/acceptor adjacent
or proximal to the ring (hydroxyl group in dopamine), and a posi-
tively charged H-bond donor (basic nitrogen in dopamine).”

HIV-1 Inhibitors

The HIV-1 protease (HIV1p) is one of the most studied and best
represented protein structures in the PDB; crystal structures are
available with HIV1p bound to several protease inhibitors (PIs).
Several pharmacophore models were proposed for HIV1p inhibi-
tors. Wang et al.* postulated a three-point model with one car-
bonyl H-bond acceptor and two hydroxyl H-bond donors. Pandit
et al.”* hypothesized a four-point model with one hydroxyl H-
bond donor neighbored by one hydrophobic and two aromatic
groups, with excluded volumes from the receptor structure and
partial matching of one among four features (two HBAs, one
HBD, one hydrophobic) added for specificity. Using multiple
protein crystal structures and MD simulation, Meagher et al.”
were able to derive a “consensus of consensus” pharmacophore
with eight points: two H-bond donors near the catalytic aspar-
tates, four aromatic/hydrophilic groups around the periphery of
the active site, and two aromatic/hydrophobic groups near the
center of the active site.

In modeling the HIV1p pharmacophore, we compare the
three-point ligand-based pharmacophore model and the struc-
ture-based model with hydrogen-bonding and excluded volume
constraints from Wang et al.** External coordinate constraints
are used to model reported proximities to active site residues,
and also exclusion spheres derived from them.

For HIV-1 integrase (HIV1i) inhibitors, the earliest pharma-
cophore proposed by Nicklaus et al.”® comprised a H-bond
acceptor (carbonyl O in Caffeic Acid Phenethyl Ester, CAPE,
the first natural product HIV1i inhibitor found) interacting with
two more acceptors (O or N) and shielded by an excluded vol-
ume sphere around the carbonyl carbon in CAPE. An updated
pharmacophore model”” consisting of a hydrophobic aromatic
group, two hydrogen-bond acceptors and one donor helped iden-
tify several novel inhibitors.”*”® A dynamic pharmacophore
model of HIV-1 integrase inhibition was produced by Deng
et al.®® by combining pharmacophore modeling with MD confor-
mational sampling of the protein.

Results

We summarize the alignments of the test datasets found by our
algorithm along with the derived pharmacophores in Figure 2

Journal of Computational Chemistry

through Figure 9. We also draw these pharmacophores within the
same figures, as well as quantify them by listing measurements of
the derived pairwise distance values and their standard deviations,
the pharmacophore sphere radii, and the angles made by and
uncertainties in ring normal vectors. We discuss the contents of
the derived pharmacophores and measurements in some detail,
comparing them to what is known from the literature. We give
some metrics of the algorithm’s performance for the test cases,
including distance error refinement and energy minimization.

Opioids

As seen in Table 1, the morphine analog/opioid pharmacophore-
based alignment was very sharp, with at most 0.44 A RMSD
within any of the aligned pharmacophore points when averaged
across all trials. The alignment of the rings and ring normals
was almost perfect after refinement, and deviated a bit more
after minimization. The extracted pharmacophore consists of the
hydrogen bond donor/acceptor hydroxyl (colored red), lying on
or slightly above the plane of the aromatic ring (colored light
green), whose normal deviates on average by 19.4° from its
mean position within the alignment (see Fig. 2). The basic nitro-
gen atom (colored blue) is somewhat above this plane and at a
distance of 4.7 A from the ring centroid and 7.0 A from the
hydroxyl oxygen.

The pharmacophores found match well with what is known
in the literature. For example, the specific pharmacophore for J-
opioid binding proposed by Loew and coworkers® contains the
aromatic ring, basic nitrogen and a hydrophobic group, and dis-
tances between the ring centroid and nitrogen are 4.5 A. The
distances and orientations between the aromatic ring and its
attached hydroxyl correspond to their covalent bonding to each
other.

As an aside, we also notice that in all trials that we consid-
ered, the two copies of morphine in the dataset superimposed
almost exactly, with the correct chiral conformation. This vali-
dates the underlying conformer generation algorithm of SPE,
which produces reasonable embeddings of a highly chiral mole-
cule by enforcing the volume constraints, and the implementa-
tion of the newly added pharmacophore constraints, which do
not break the correct chirality.

P-glycoprotein Binders

P-glycoprotein, being a cellular multi-drug efflux pump, is
known to have a large and flexible active site that can adapt to
bind a large variety of substrates. Its promiscuity and flexibility
imply that its many substrates bind in several different binding
modes; indeed, more than one pharmacophore hypothesis has
been proposed with nearly equal weight,®® and ensemble®' and
conformationally-sampled*® pharmacophores have also been pro-
posed to accommodate the plurality of binding modes in P-GP.
In this context, the finding of three unique and valid configura-
tions from 10 trials with refinement, and two unique conforma-
tions after refinement and minimization, supports the heterogene-
ity of this pharmacophore (Figs. 3—-5). The pharmacophores after
refinement and minimization have large deviations in the aligned
coordinates and in the normal vectors of aligned rings (over
45°), which hints that even the alignments being merged because
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Figure 4. P-glycoprotein binder pharmacophores derived from the alignment in Figure 3(b) obtained
when SPE was run with refinement. There were five unique pharmacophores found in 10 trials, two of
which were filtered out because of overlapping pharmacophore spheres. In (a)—(c) we show the remain-
ing pharmacophores, their point radii, and pairwise distances. Notice that (b)—(c) are much better phar-
macophores than (a), but all three unique pharmacophores conserve the distances between the yellow
aromatic ring and the blue basic nitrogen, and between the green aromatic ring and the red H-bond
acceptor. [Color figure can be viewed in the online issue, which is available at www.interscience.

wiley.com.]

of similar pairwise distances are really distinct, and that energy-
minimized alignments do not need to have the rings aligned.
Though the different unique alignments have different values for
most pairwise distances, the distance between the green aromatic
ring and the red H-bond donor/acceptor, and that between yel-
low aromatic ring and the blue basic nitrogen, stays relatively
fixed across all alignments. This indicates the invariance of these
distance pairs across the different pharmacophore models
proposed.

Dopamine Analogs

The dopamine receptor binders considered in our dataset, both
substrates and inhibitors, were strongly aligned using the aro-
matic ring, attached hydrogen bond donor/acceptor and distal
basic nitrogen as shared features (see Fig. 6). The alignment was

Journal of Computational Chemistry

almost perfect when only distance geometry refinement was
used for postprocessing, with sphere radii under 0.5 A and aro-
matic ring normal deviation of 6.7°; this increased to 18.1° after
energy minimization, with a corresponding threefold increases in
sphere radii for the two hydrogen-bonding pharmacophore
points. Overall the pharmacophore fit the compounds being
aligned well, though they were a mix of both substrates and
inhibitors, for which different pharmacophores are reported in
the literature. For dopamine receptor substrates, the model men-
tioned by Kubinyi’® does not enumerate these distances, but the
numbers we derive do seem plausible when inserted into their
model. For dopamine uptake inhibitors, the pharmacophore
model developed by Wang et al.¥? specifies a nitrogen atom, ar-
omatic center and carbonyl group, and the distance between the
nitrogen and the aromatic ring in that model is 5-7 A (we find
it to be 5.0 = 1.19 A). The carbonyl group serves as the H-bond
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Figure 5. P-glycoprotein binder pharmacophores derived from the alignment in Figure 3(c) obtained
when SPE was run with refinement and minimization. There were four unique pharmacophores found
in 10 trials, two of which were filtered out because of overlapping pharmacophore spheres. In (a)—(b)
we show the two remaining pharmacophores, and in (c)—(d) their point radii and pairwise distances.
Notice that both unique pharmacophores conserve the distances between the yellow aromatic ring and
the blue basic nitrogen, and between the green aromatic ring and the red H-bond acceptor, and these
distances are similar to those in Figure 4. [Color figure can be viewed in the online issue, which is

available at www.interscience.wiley.com.]

donor/acceptor (red) in our pharmacophore for cocaine and
methylphenidate, and thus the distances between this group and
the ring (3.4-6.1 A) and nitrogen (2.2—4.5 A) specified by Wang
et al. are close to what we determine (3.2 £ 0.66 A to the ring,
and 5.5 = 0.76 A to the nitrogen).

HIV-1 Integrase

The pharmacophore for HIV-1 integrase inhibition developed by
our program (see Fig. 7) has the two O/N acceptors closer to-
gether at a distance of 2.53 * 0.14 /f\, with distances to the car-
bonyl O acceptor as 7.5 = 1.86 and 7.2 = 1.48 A; this range
matches or partially overlaps the respective distance ranges of
2.548 * 0.3 A, 9.053 = 0.4 A, and 8.711 = 0.4 A mentioned
by Nicklaus et al.”® Their model also contains an exclusion
sphere centered on the carbon atom of the carbonyl group from

Journal of Computational Chemistry

CAPE, to ensure the orientation of the carbonyl group; this is an
internal excluded volume constraint that is not supported by our
current system, but can be easily incorporated in the future.

HIV-1 Protease

The HIV-1p inhibitors in our dataset are aligned using two sets
of pharmacophores: ligand-based and structure-based. The
ligand-based pharmacophore comprises four constraints: two for
the directional carbonyl group/H-bond acceptor, and one each
for the hydroxyl groups/H-bond donors. There is some ambigu-
ity about which hydroxyl corresponds to which other one, since
Wang et al. do not differentiate them.* This can be resolved
either during the pharmacophore point assignment pre-process-
ing step, or using the heuristic that the closer hydroxyls or the
ones on the same ring system as the carbonyl are in correspon-
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Figure 6. Dopamine receptor substrate/inhibitor dataset. Top row: (a) eight active compounds, corre-
sponding groups colored red (H-bond donor/acceptor), green (aromatic), or blue (H-bond donor); Middle
row: (b) alignment after refinement; (c) pharmacophore; and (d) measurements from (b); Bottom row: (e)
alignment after refinement and minimization; (f) pharmacophore, and (g) measurements from (e). [Color
figure can be viewed in the online issue, which is available at www.interscience.wiley.com.]

dence (“near” hydroxyls, and equivalently for the “far” hydrox-
yls). There are only a couple of cases where it is not obvious in
2D what the near and far hydroxyls should be, and these we
assigned by trial and error, or intuition. A general solution to
matching either of multiple possible candidates for a correspon-
dence involving the detection and reinforcement of emergent

Journal of Computational Chemistry

interactions was earlier explored by Agrafiotis and Xu in the
context of protein docking (unpublished data), but did not work
reliably in all cases. Further work in this area is ongoing, and
will be presented in due course.

Starting with the above ligand-based pharmacophore points,

the structure-based pharmacophore adds hydrogen-bonding
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Figure 7. (a) Some HIV-1 Integrase inhibitors, including natural compound CAPE (caffeic acid phe-
nethyl ester), and synthetic compounds identified in various screens as listed in the text; (b) alignment
after refinement and minimization; (c) extracted pharmacophore; (d) measurements. [Color figure can
be viewed in the online issue, which is available at www.interscience.wiley.com.]

contacts and excluded volume spheres around the key interacting
residues of the active site. The excluded volumes are added to
deny specific interacting atoms on one of the small molecules
(NSC32180) access to the steric volume of specific interacting
residues on the protein, rather than denying it to all atoms of all
ligands automatically. The latter choice is closer to what many
people think of as excluded volumes, and it needs an easy exten-
sion of the current system to implement them. The 15 external
constraints are given a frequency bias of 16, i.e., are 16 times
more likely to be picked than based on their relative count
alone, to give them parity with distance, volume and pharmaco-
phore constraints.

The alignment and extracted pharmacophores and measure-
ments for the ligand and structure-based pharmacophores, shown
in Figures. 8 and 9 respectively, show remarkable similarity.
The main difference, not visible in these figures, is that the dif-
ferent trials of a structure-based alignment have nearly the same
orientation and fill the same region of space (i.e., the active
site), while the ligand-based alignment trials tend to have more
diverse orientations and are spread through space. Both align-
ments result in nearly the same distance and radii measurements
for the developed pharmacophores. External constraints do
improve the alignment, but the underlying pharmacophore can
still be determined using no protein structure information.

Discussion

As seen in Table 1, the embedding and alignment part of our
method is very fast, though the process takes significantly longer
when energy minimization is introduced. The quality of the
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aligned conformations generated without energy minimization is
acceptable in a few cases (e.g. the morphine and dopamine ana-
logs), but the majority of cases need energy minimization to
generate realistic geometries for the compounds being aligned.
We achieve some speed-up by minimizing all molecules in the
alignment separately and then realigning them. The need for
energy minimization can be obviated if smaller rigid parts of
each molecule are embedded in pre-minimized geometries, and
rearranged at flexible regions such as rotatable bonds during
embedding. Such a fragment-based embedding approach called
Self-Organizing Superposition (SOS) has been developed in our
group,®® and can be combined with the method presented in this
paper to produce a pharmacophore alignment that does not need
to be minimized. SOS is nearly an order of magnitude faster
than SPE, and produces much better geometries.

It is notable that the method can accommodate both receptor
and ligand-based pharmacophore constraints, or a combination
of the two. The framework of conformational analysis based on
SPE is broad enough, and robust enough, that a new “pharma-
cophore” distance constraint type can be added to adapt it for
alignment rather than conformer generation, without major
changes to the current embedding algorithm. Thus, we demon-
strate the extensibility of the SPE algorithm to new problems
amenable to a self-organizing solution. We are able to cast the
pharmacophore development/molecular alignment problem in
terms of conformational analysis, and thus take advantage of a
fast algorithm with high sampling capacity (SPE) that exists for
conformational analysis. It has been previously demonstrated
that the SPE algorithm samples conformational space well*6-%*
and by extension we can claim that the present algorithm
should sample “alignment space” well.
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Figure 8. (a) 15 HIV-1 protease inhibitors discovered in a 3D search, from Wang et al.
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1.* The pharma-

cophore is specified as correspondences between a carbonyl, along with a near and a far hydroxyl
group on each compound. No structural constraints from the active site are used; (b) sample alignment
with this correspondence; (c) extracted pharmacophore; and (d) measurements. [Color figure can be
viewed in the online issue, which is available at www.interscience.wiley.com.]

The results presented on well-studied cases serve as a valida-
tion of the method’s accuracy for aligning small and medium-
sized sets of chemical compounds using a variety of constraints.
We do not present an independent validation of the derived phar-
macophores using 3D database search queries, or by comparison
with other pharmacophore development algorithms. The focus of
this paper is on the methodology, and such large validation or
comparative studies will form the subject of a future article.

Journal of Computational Chemistry

The alignment program presented has a requirement that cor-
respondences between pharmacophore groups be well-defined
across each molecule in the alignment. Such correspondences
can be resolved prior to the program being run, by defining all
the chemical groups of each type in each molecule, and formu-
lating a hypothesis (exhaustively, if necessary) as to which
groups in one molecule correspond to which ones in others. It is
tempting to allow for many-to-one or many-to-many matching,
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Figure 9. Alignments with highest (a,c) and lowest (b,d) energies derived from HIV-1 protease inhibi-
tor candidates of Wang et al., ligand-based (a,b) and structure-based (c—d) pharmacophores, and refine-
ment/minimization; (e) the derived structure-based pharmacophore; (f) measurements. [Color figure
can be viewed in the online issue, which is available at www.interscience.wiley.com.]

for example specifying that hydroxyl 1 and 2 are interchange-
able and equivalent (as seems to be the case in the HIV1 prote-
ase example); that any two out of three hydroxyls in a molecule
A can be its pharmacophore points; or that one of the two
carbonyls in molecule B matches one of the five carbonyls in
molecule C. We have tried such an approach in the past in the
context of protein-ligand docking using SPE, where several pro-
tein atoms may interact with each ligand atom, and obtained
mixed results (Xu and Agrafiotis, unpublished data). The method
seemed to often get stuck into suboptimal correspondences, and

Journal of Computational Chemistry

did not exploit other, more plausible combinations. We are con-
sidering improvements to the algorithm to alleviate this
problem.

Conclusion
We have presented an algorithm for aligning multiple molecules

specified as 1D (SMILES) or 2D (connection tables) using
shared feature hypotheses specified as corresponding groups on
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each molecule. This is a novel application of a self-organizing
method previously developed for conformational analysis or 3D
structure generation. We cast the task of alignment as a confor-
mational analysis of the molecular ensemble (an idea previously
explored using distance geometry). The resulting implementation
is useful as a fast way to thoroughly and stochastically sample
the molecular alignment space, and to develop 3D pharmaco-
phores from 1D correspondences so that one may assess and
rank competing hypotheses by the fit and quality of the align-
ment, and use them as database search queries. Case studies
using nontrivial alignments of multiple molecules by ligand and
structure-based pharmacophores demonstrate the method’s speed,
accuracy and utility. We feel that this method provides a useful
new tool for computer-assisted drug design.

Appendix: Derivation of Gradient of a
Bidirectional Angle Vector During Ring Rotation

Assume that the two rings have normal vectors 7, and 7
respectively making an angle 0 between them. Then the atoms
of the second ring are allowed to rotate about the axis y given
by 711 X 7 in order to align the normal vectors. Denote the vec-
tor in the plane of the first ring perpendicular to both 7; and y
as the basis vector V =y X ;. Now at any point X on the sec-
ond ring (on or near its plane), the local angle 0 it needs to
rotate to align with the first ring can be expressed as cos =
(V-X)=(V-X)|X||. So if we set « = 1 — cos” 8, which goes
to zero when cos® is =1 so that the rings are aligned with
vectors either parallel or antiparallel, and take derivatives w.r.t.
X on both sides, we get Ju/0X =d/0X(1 — cos?0) =
d/0x[1 - {(VX)/HX||}2] We use the substitution and quotient
rules for differentiation, and work out the derivatives of V.X and
IIXIl by breaking X and V into coordinates: (V.X)/0X = V and
JIX1l/0x = X/IXIl. Finally we get the following formula for the
gradient:

oz 2VX) [(v.x)x — x|V
X Ix]*
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