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ABSTRACT Clustering is one of the most powerful tools in computational biology. The conventional wisdom is that events that
occur in clusters are probably not random. In protein docking, the underlying principle is that clustering occurs because long-
range electrostatic and/or desolvation forces steer the proteins to a low free-energy attractor at the binding region. Something
similar occurs in the docking of small molecules, although in this case shorter-range van der Waals forces play a more critical
role. Based on the above, we have developed two different clustering strategies to predict docked conformations based on the
clustering properties of a uniform sampling of low free-energy protein-protein and protein-small molecule complexes. We report
on significant improvements in the automated prediction and discrimination of docked conformations by using the cluster size
and consensus as a ranking criterion. We show that the success of clustering depends on identifying the appropriate clustering
radius of the system. The clustering radius for protein-protein complexes is consistent with the range of the electrostatics and
desolvation free energies (i.e., between 4 and 9 Å); for protein-small molecule docking, the radius is set by van der Waals
interactions (i.e., at ;2 Å). Without any a priori information, a simple analysis of the histogram of distance separations between
the set of docked conformations can evaluate the clustering properties of the data set. Clustering is observed when the
histogram is bimodal. Data clustering is optimal if one chooses the clustering radius to be the minimum after the first peak of the
bimodal distribution. We show that using this optimal radius further improves the discrimination of near-native complex
structures.

INTRODUCTION

In the last decade, clustering has become a ubiquitous tool in

computational structural biology. Early on, clustering was

used to detect common three-dimensional structural motifs

in proteins (1). The underlying principle behind this com-

monality is that evolution has developed thermodynamically

accessible folding units that tend to be preserved among

large sets of protein families. More recently, clustering has

become a very useful tool for protein structure prediction (2),

and at every level of homology modeling—i.e., structure (3),

sequence (4), and alignment (5). However, it is not fully

understood whether the clustering is solely determined by

the existence of many structural neighbors around the native

state, or if the result at least partially depends on the par-

ticular simulation method used in the calculations. In fact,

one cannot fail to note that, to a large extent, the success of

clustering in structure prediction is due to the lack of an

appropriate free-energy estimate of model structures; thus,

recurrence of structural motifs is often the most reliable de-

terminant of a good structure.

Most macromolecular interactions require a rapid and

highly specific association process. A successful reaction

between proteins requires the appropriate encounter of a re-

active patch. This is often achieved by long-range electro-

static and/or desolvation forces that bias the approach of the

molecules to favor reactive conditions. This steering leads to

the clustering of ligands near their binding region, thus speed-

ing up the reactions. Quantitative analyses of the protein

binding free energy (6–11) have confirmed this rationale by

establishing a direct relationship between clustering and the

prediction of protein interactions.

Clustering of bound conformations near the native state

has also been observed in protein-small molecule interac-

tions, both experimentally and computationally. X-ray and

NMR structures of proteins, determined in aqueous solutions

of organic solvents, show that the organic molecules cluster

in locations near the active site of enzymes, delineating the

binding pockets (12–16; see also Ref. 17 for a cluster anal-

ysis of bound water molecules). All other bound molecules

are either in crystal contacts, occur only at high ligand con-

centrations, or are in small pockets that can only accommo-

date a single molecule rather than an entire cluster. This

evidence strongly suggests that clustering low free-energy

docked conformations should again be beneficial in iden-

tifying the active site in proteins, particularly when con-

sidering ‘‘consensus sites’’, i.e., the surface regions in which

six or seven different small compounds cluster.

In this article we discuss the application of simple

clustering strategies to the above two problems. Considering

a free-energy surface with multiple minima, it is obvious that

conformations with free energies below a certain threshold

will form a number of clusters (see Fig. 1) and that most of

these clusters will remain largely invariant for threshold

values within a certain free-energy range. Accordingly,
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many docking and conformational search algorithms use

clustering simply for reducing the number of conformations.

We emphasize that clustering is much more central to the

strategies we describe here, because looking for large clus-

ters is the major tool of finding near-native conformations.

We show that clustering provides significant improvements

for the prediction of protein complex structures over the tra-

ditional re-scoring and ranking of the conformations using

some type of potential. More interestingly, we find that the

clustering radius is not arbitrary but reflects the dominant

terms of the interaction free energy and the size of the main

attractors in the binding free-energy landscape. Without any

a priori knowledge of the complex structure, we develop a

methodology to predict an optimal clustering radius and

show that this radius further improves the discrimination of

the native state. A rigorous clustering analysis should dif-

ferentiate between anecdotal (or artificial) clustering and one

due to the biophysical mechanism of the problem at hand.

METHODS

Protein-protein docking: screening, filtering, and
clustering a homogeneous sampling of the
binding free-energy landscape

Docked conformations are generated using the ClusPro server (18). The

algorithm evaluates a simple shape complementarity scoring function on

some 109 putative structures using the program DOT (19), of which the top

20,000 are retained for filtering by electrostatic and desolvation potentials.

The desolvation free energy is calculated using an atomic-contact potential

(20). The electrostatic interactions are obtained by a simple Coulombic

potential with the distance-dependent dielectric of 4r. Usually we retain N

structures with the lowest values of the desolvation free energy, and 3N

structures with the lowest values of the electrostatic energy (21). The reason

for retaining three times more electrostatic than desolvation candidates is

that electrostatics is highly sensitive to small perturbations in the coor-

dinates, and hence yields many more outliers than the slowly varying atomic-

contact desolvation potential. For typical applications, we found that N¼ 500,

implying a total of 2000 (500 desolvation and 1500 electrostatic) low free-

energy receptor-ligand structures, is an optimal number for retaining the

most true positives from the original 20,000 structures.

Clustering method

The clustering algorithm, used for ranking and discrimination of protein-

protein complex structures, clusters the 4N (default 2000) receptor-ligand

filtered structures according to the root-mean-squared deviations (RMSDs)

of the ligand atoms that are within 10 Å of any atom on the fixed receptor.

We use a simple greedy algorithm to find the structures with the largest

number of neighbors within a certain clustering radius RC (the default value

is RC ¼ 9 Å). The structure with the highest number of neighbors within the

selected cluster radius is considered as the center of the first ranked cluster.

The members of this cluster are removed, and we select the next structure

with the highest number of neighbors from the remaining ligands, usually

generating and analyzing the top 30 clusters. The clustering and docking

method has been implemented as a public server named ClusPro at http://

structure.bu.edu (18), and the algorithm has been used with success in the

first Critical Assessment of PRedicted Interactions (CAPRI) experiment

(22,23).

Pairwise RMSD distribution of
docked conformations

To analyze the clustering properties of free-energy filtered docked

conformations, we compute the pairwise RMSD histogram of all docked

conformations. To understand this simple analysis, consider a set of points in

the plane, and construct the histogram of pairwise distances, i.e., plot the

number of points that are within a distance r to any other point as a function

of r. If the points are randomly distributed, the plot is smooth with no

characteristic length scale. However, if the points cluster within a radius R
(see, e.g., Fig. 2 A), then the distribution will have a peak, followed by

a minimum, at ;r ¼ R. Fig. 2 B shows the distributions both for a set of

random points, and the set of points that cluster with a radius of five units.

FIGURE 1 Sketch of a free-energy landscape of protein-protein associ-

ation.

FIGURE 2 (A) Distribution of a random set of points forming clusters of

size 5 (any dimension) on a two-dimensional square surface. (B) Histogram

of pairwise RMSD between points (bin of size 1) for the points in A has a

bimodal distribution with the minimum between the two peaks correspond-

ing to the clustering radius of the data set; also shown is the histogram for

a random set of points (not shown).
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