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Stochastic proximity embedding (SPE) is a novel self-organizing algorithm for sampling conformational space
using geometric constraints derived from the molecular connectivity table. Here, we describe a simple heuristic
that can be used in conjunction with SPE to bias the conformational search towards more extended or compact
conformations, and thus greatly expand the range of geometries sampled during the search. The method uses a
boosting strategy to generate a series of conformations, each of which is at least as extended (or compact) as the
previous one. The approach is compared to several popular conformational sampling techniques using a reference
set of 59 bioactive ligands extracted from the Protein Data Bank, and is shown to be significantly more effective in
sampling the full range of molecular radii, with the exception of the Catalyst program, which was equally effective.
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Most organic molecules of non-trivial size can assume a
multitude of different three-dimensional (3D) conformations.
Identifying which of these conformations are relatively stable
and likely to be populated at room temperature has been the
subject of countless studies in the computational chemistry
literature.[!] This problem is particularly critical in computer-
assisted drug design. Recent studies of crystal structures of
protein—ligand complexes have shown that bioactive con-
formations tend to be more extended than random ones,!
and may lie several kcalmol™! higher in energy than their
respective global minima.l*] Since the bioactive conforma-
tion of a ligand also depends on the geometry of its host,
it is imperative that the search for conformational minima
casts a wide net over the potential energy surface. Several
applications depend critically on the diversity of conforma-
tions sampled during the search, including protein docking,
pharmacophore modelling, 3D database searching, and 3D
quantitative structure—activity relationship (QSAR) methods,
to name a few.

Conformation generation algorithms fall into two broad
categories—deterministic, which exhaustively enumerate all
possible torsions at certain discrete intervals, and stochastic,
which use a random element to explore the molecule’s con-
formational space. Although systematic search can be very
effective for molecules with limited conformational flexi-
bility, the exponential growth of the search space with the
number of rotatable bonds, as well as problems associated
with ring closures, limit its utility as a general conformational
sampling technique.l*7] For flexible molecules, stochastic
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methods designed to sample low energy conformations repre-
sent a viable alternative.[¥1% A common problem with many
stochastic techniques, however, particularly those based on
molecular dynamics,!! =141 is that they spend a considerable
amount of time generating and minimizing many transitional
conformations along the trajectories connecting the local
minima.

Recently, we introduced a self-organizing algorithm called
stochastic proximity embedding (SPE) for producing coordi-
nates in a low-dimensional space that best preserve a set of
distance constraints,[!>1%] and extended the method further to
the problem of conformational sampling!!”! using a distance
geometry formalism.['31°1 SPE attempts to generate confor-
mations that satisfy a set of interatomic distance constraints.
These constraints are derived from the molecular connectivity
table, and are encoded in the form of upper (u;;) and lower (/;;)
bounds for every possible interatomic distance dj; (such that
li < d;j <uy;;). Distance constraints are usually supplemented
by volume constraints to enforce planarity of conjugate sys-
tems and correct chirality of stereocenters. By generating
coordinates that satisfy these constraints, one should, in the-
ory, be able to sample the entire conformational space. In a
recent study, distance geometry was shown to identify con-
formations that were missed by alternative systematic search
methods. 0]

SPE is a very efficient algorithm for solving these con-
straints. The method starts from a random initial config-
uration and gradually refines it by repeatedly selecting an
individual constraint at random, and updating the respective
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atomic coordinates towards satisfying that specific constraint.
This procedure is performed repeatedly until a reasonable
conformation is obtained. A detailed description of the
algorithm can be found in ref. [17].

Here, we describe a simple boosting strategy that can be
used in conjunction with SPE to bias the search towards
more extended or more compact conformations, and thus
extend the range of geometries sampled during the search.
The method generates increasingly extended conformations
through a series of embeddings, each seeded on the result
of the previous one. In the first iteration, a normal SPE
embedding is performed as described above, generating a
reasonable conformation cj. The lower bounds of all atom
pairs {/;;} are then replaced by the actual interatomic distances
{d;;} in conformation c1, and used along with the unchanged
upper bounds {u;;} to perform a second embedding to gener-
ate another conformation, c;. This process is repeated for a
prescribed number of iterations. The lower bounds are then
restored to their original default values, and a new sequence
of embeddings is performed using a different random num-
ber seed. Because the distance constraints in any iteration are
always equal to or greater than those in the previous itera-
tions, successively more extended conformations should be
generated. An analogous procedure can be used to gener-
ate increasingly compact conformations. More details can be
found in ref. [21]. We should note that the strategy described
above is not related to the boosting approaches employed in
the context of machine learning using predictor ensembles.

The method is here compared to seven other conforma-
tional sampling programs using 59 ligands!?! extracted from
the Protein Data Bank,[?>?3! containing 323 rotatable bonds.
These techniques included classical SPE (without boosting),
Rubicon, Omega, Macromodel, two variants of Catalyst, and
two variants of MOE. The specific parameters used for each
one are as follows:

SPE — A total of 10000 conformers were generated for
each molecule, using the default parameters described in
ref. [17].

Boosting SPE — A total of 10000 conformations were gen-
erated for each molecule, using the same defaults. 6250
of these conformations were generated by tightening the
lower bounds (i.e. towards more extended conformations),
using 1250 independent trials of five boosted conformers
per trial. The remaining 3750 conformations were gener-
ated by tightening the upper bounds (i.e. towards more
compact conformations), using 1250 trials of only three
boosted conformers per trial.

Rubicon — Rubicon'**! uses a distance geometry method
very similar in principle to SPE. Like SPE, Rubicon
sets upper and lower bounds for distances and volumes,
but uses a different algorithm to find atomic coordinates
that satisfy those bounds. Rather than selecting random
starting coordinates, Rubicon selects a random set of dis-
tances within the bounds and uses the ‘metric matrix’
algorithm(?3] to generate approximate 3D coordinates, fol-
lowed by conjugate gradient minimization to refine these
coordinates so they satisfy the original bounds. A total
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of 10000 conformers were generated for each molecule,
using one trial per conformation, no hydrogen atoms,
1-4 bump checking enabled, redundancy checking dis-
abled, and default values for all the remaining parameters.

Catalyst — Two sets of conformers were generated using the
BEST conformational sampling option in Catalyst ver.
4.10. The first set used Catalyst’s ‘poling’ technique, which
introduces an artificial potential during the sampling to
repel similar conformers, thereby promoting conforma-
tional variation. 500 conformers were requested for each
molecule, though the actual number produced ranged from
43 to 456. The second set of conformers was obtained
with poling disabled. In this case, 10000 conformers were
requested, though for some molecules fewer conformers
were produced. Duplicate checking was disabled, and all
other parameters were kept at their default values.

Omega — Omega divides each molecule into component frag-
ments, which may contain up to five contiguous rotatable
bonds. A library of predefined angles is used to generate
conformations for each fragment, which are then assem-
bled to construct the conformations of the whole molecule
using a depth-first, divide-and-conquer approach, driven by
the fragment energies. 10000 conformers were requested
for each molecule, but the actual number generated var-
ied. Default values were used for all the remaining
parameters.

Macromodel — A total of 10000 conformers were generated

for each molecule using the serial torsional/low-mode con-
formational sampling method in Macromodel ver. 9.0016.
This is a hybrid technique that combines broad Monte
Carlo sampling of torsional spacel?®! with local low-
frequency eigenvector sampling in the vicinity of the
current conformation.?”] Since minimization could not
be decoupled from the actual search, a single cycle of
truncated Newton conjugate gradient!?8! minimization was
performed on each conformer using the MMFF94s force
field (i.e. the resulting conformers were effectively not
minimized). No energy cutoff was applied to discard unrea-
sonable conformations. Default values were used for all
other parameters.

MOE —Two sets of conformers were generated. The first was

obtained using MOE’s stochastic conformational search,
a variant of Ferguson’s Random Incremental Pulse Search
method.[*?! 10000 conformations were requested for each
molecule. The resulting geometries were minimized using
MMFF94s with the distance-dependent dielectric disabled.
All minimized conformations with energy values above
500 kcal mol~! from the global minimum were discarded.
90 successive failed attempts at generating new conforma-
tions before termination was applied in order to maximize
the number of conformers produced within the speci-
fied energy window. All other parameters were set to
their default values. The second set of conformers was
generated using a fragment-based approach. This algo-
rithm breaks the molecule up into overlapping fragments,
retrieves pre-computed conformations of those fragments,
and re-assembles them by rigid body superimposition. In
this work, only fragments with strain energy less than
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Fig. 1.

Distribution of radius of gyration of the conformations generated by each method for each molecule. All rows are scaled

identically from 1.5 to 8.5, which covers the full range of molecular radii encountered across all conformers, all molecules,
and all methods. The intensity of the shade is proportional to the fraction of conformations that fall within each bin. The black
triangles indicate the bins containing the minimum and maximum radius for that particular method and molecule. Within each
molecule panel, the methods appear, from top to bottom: SPE, boosting SPE, Rubicon, Catalyst, poling Catalyst, Omega,

Macromodel, MOE stochastic, and MOE systematic.

5kcalmol™! were considered. Once again, 10000 con-
formations were requested for each molecule. All other
parameters were set to their default values.

The results are summarized in Fig. 1. The Figure contains
a series of panels, one for each molecule, which show the
distribution of the radius of gyration (a measure of extend-
edness) for all the conformers obtained by each method. The
histograms are identically scaled from 1.5 to 8.5, which cov-
ers the full range of radii encountered across all conformers,
all molecules, and all methods.

SPE tends to produce significantly more compact confor-
mations compared to the other methods, including its close
relative, Rubicon. This is not entirely surprising if one con-
siders the way in which SPE refines the atomic coordinates.
Because the embedding starts from a random initial con-
figuration, many topologically neighboring atoms have to
approach each other from opposite directions. A typical SPE
optimization proceeds through an initial contraction phase
where atoms cross each other to get close to their neigh-
bors, followed by an expansion phase where the coordinates
are relaxed to satisfy all the distance constraints. There is
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no intrinsic force in SPE driving the system to an extended
geometry, as there are typically many geometrically feasi-
ble compact conformations that are more easily accessible
from these intermediate ‘imploded’ states. The algorithm will
generate extended conformations only if these are enforced
by the distance constraints. Boosting is an effective strategy
to achieve this goal.

Interestingly, Rubicon does not suffer from this prob-
lem, perhaps because it starts from the nearest ‘linear’ 3D
embedding of initial random distances, rather than from
random initial coordinates. Also, Rubicon’s conjugate gra-
dient minimization works in two phases—it first minimizes
bounds violations in four dimensions (which allows atoms
to pass through each other), and then minimizes the fourth
dimension towards zero, collapsing the conformation into
three dimensions. The use of a fourth dimension increases
the effective volume where atoms can move, causing the
molecule to expand more freely. It will be interesting to see if
this approach would work equally well with the SPE stochas-
tic minimizer (work in progress). In general, the two methods
explore different, complementary regions of conformational
space. The range of radii sampled by either of them is rela-
tively narrow, with SPE offering a slight advantage except for
long, linear molecules such as 1ICN, 1LIC, and 2PLV, and to
a lesser extent 1SME.

SPE’s affinity for compact geometries is compensated by
the use of boosting, which greatly expands the range of con-
formations sampled, and covers the broadest spectrum of
geometric sizes of all the methods examined, except Cata-
lyst, which we found to be equally effective. Interestingly,
the heatmaps in Fig. 1 show a characteristic bimodal distri-
bution for every molecule of considerable flexibility. This is
not an intrinsic limitation of our method, but rather an arti-
fact of our decision to explore the effect of boosting in both
directions (towards more extended as well as more compact
conformations). As it turns out, the latter is unnecessary, since
SPE already shows a strong bias towards compact conforma-
tions. The bimodal effect is not observed when boosting is
used only towards more extended conformations (results not
shown).

Of all the other methods, Catalyst emerges as the most
competitive to boosting SPE. It covers an equally broad
range of geometric sizes, and identifies comparable min-
ima and maxima in terms of extendedness for virtually
every molecule. Poling works as expected, producing just
as broad of a sampling but with significantly fewer con-
formations. Omega shows a strong preference for extended
conformations, in contrast to MOE’s stochastic search,
which is comparable to conventional SPE. MOE’s system-
atic search yields greater diversity, with a notable preference
for extended conformations. (We should note, parenthet-
ically, that we had considerable difficulty getting Omega
to work for many of these molecules, and failed to gener-
ate any conformers for two ordinary compounds, 1ICN and
2PLV)

Perhaps the most striking feature of Fig. 1 is the substan-
tially wider range of radii sampled by Macromodel. Closer
inspection reveals that unlike conformations generated by
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other methods the raw conformations produced by Macro-
model are severely distorted (results not shown), most
likely as a result of low-mode sampling. Indeed, Macro-
model relies primarily on energy minimization to generate
chemically sensible geometries. It is unclear whether this
form of sampling offers any significant advantages over
much simpler and faster procedures, such as Saunders’
stochastic search, particularly in light of the significant
computational overhead associated with computing the
eigenvectors.

We have chosen to generate on the order of 10000 confor-
mations by each method to avoid the possibility of the results
suffering from undersampling. However, it may be possible to
generate a comparable set of conformations by applying the
boosting heuristic with fewer conformers generated in each
iteration. An even smaller number of conformations actu-
ally tested by computationally intensive applications such
as docking and 3D-QSAR could be obtained from a large
number of generated conformers, for example, by selecting
a smaller diverse set of conformations covering the whole
range of radii of gyration.

Although the current analysis is based on raw, non-
minimized conformations, it is clear that our boosting strat-
egy greatly increases the sampling capacity of SPE. Boosting
is a general strategy that is likely to benefit any distance
geometry method. It can be easily implemented, and pro-
vides a way of sampling regions of conformational space
that may not be easily accessible by alternative methods.
Since bioactive conformations tend to be extended and often
fall outside the range sampled by an unbiased search, this
heuristic significantly improves the chances of finding such
conformations. This conclusion is also supported by the fact
that for SPE with boosting, conformations in later itera-
tions were found to have lower root-mean-squared deviation
from the bioactive conformations in the Protein Data Bank
crystal structures.?!] Our ultimate plan is to complete this
analysis with geometries minimized using the same force
field and minimization algorithm, but as of this writing these
calculations are still in progress. A more detailed report is
forthcoming. 13!

Accessory Publicationl

A fuller version of Fig. 1, featuring all 59 bioactive ligands,
is available from the author or, until December 2011, the
Australian Journal of Chemistry.
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