












features into topographically distinguishable re­
gions. By reducing the size of each cluster, we over­
come the strong time dependence of docking with 
system size. We assume that two regions that are 
distinguishable are also independent. The method 
should be evaluated by two criteria: Does it genu­
inely separate a molecule into physically distinct re­
gions and does it increase the efficiency of the search 
without compromising its accuracy? 

In the protein-protein complexes, for which the 
subclustering technique is most important and use­
ful the issue of how subclusters correspond to phys­
ic~l regions of the molecule can be addressed by 
organizing the residues of a protein along structural 
and functional lines. Residues of PTI, for instance, 
can be assigned a role either in stabilizing the tertiary 
fold of the molecule or in binding to trypsin40 [Fig. 
l1(a), see color]. Comparing PTFo organized by sub­
clusters [Fig. l1(b), see color] to the structure/func­
tion organization of the molecule, one notices that 
the subclusters correspond to either structural or 
functional regions. The binding loop residues in Fig. 
I I(a) are completely described by clus'ter 3 in Figure 
l1(b). The hydrophobic pocket residues in Figure 
Il(a) are found in clusters 1 and 2, which divide the 
nonbinding part of PTI between them. The binding 
loop cluster has few overlaps with the hydrophobic 
regions of the molecule. Subclustering thus seems 
to do a good job of separating PTI into physically 
and functionally distinct regions. 

Clustering improved the efficiency of the docking 
runs dramatically without sacrificing accuracy in all 
the protein-protein complexes we tested. The re­
sults for PTIItrypsin with and without subclustering 
are compared in Table V. Without subclustering, mac­
romolecular docking is not practical for our method. 

The results for the small molecule test cases are 
less persuasive. While subclustering still shortened 
run times, the unclustered spheres always repro­
duced the crystallographic results in reasonable 
amounts of time. In lactate dehydrogenase/NAD, for 
example, subclustering meant performing 12 differ­
ent docking runs for all combinations of ligand and 
receptor clusters. While this did improve run times 
and lead to better distributions of the docked ori­
entations around the crystallographic result (Table 
V), the unclustered sphere sets clearly pro~ded an 
adequate description of the molecules. The different 
impacts of subclustering on the macromolecular li­
gand and small ligand systems might reduce to a 
question of size. The small molecule ligands, and 
their cognate receptor binding grooves, simply lack 
the heterogeneous topologies that make subcluster­
ing necessary for the macromolecular systems. !"lav­
ing said this, subclustering does reduce search times 
in the small ligand systems and will be a useful tech­
nique whenever one wants to target specific regions 
of a site for a docking search or when docking to a 
large receptor site. 

Sampling and Focusing 

In molecular docking, it is important to be able to 
survey the general features of configuration space 
and then concentrate on those areas that offer the 
greatest possibilities for complementarity. The fo­
cusing algorithm guides a search by expanding the 
number of molecular descriptors in regions of dis­
tance space that return favorable orientations, lead­
ing to longer searches in these regions than in 
regions that do not return favorable matches at the 
initial low-density sampling. The technique is essen­
tially a variation on the tree-search-with-pruning ap­
proach: Rather than cutting off branches due to a 
failure of an early node, branching is increased due 
to an early success. 

Focusing improves the efficiency of a search of 
orientation space. Both the number of low-rmsd 
configurations and the number of high-scoring con­
figurations per number of matches increase dra­
matically with focusing, which allows for faster 
searches to achieve the same degree of accuracy 
(Fig. 10). Focusing is most effective in protein-pro­
tein complexes. In a search of trypsin/PTI using 
small bins (low initial sampling levels) and high sen­
sitivity to focusing signals, the number of matches 
necessary to achieve either a high score or a low 
rmsd value to the crystallographic result was re­
duced by a factor of 100 compared to a run where 
focusing was not done (Fig. 12). The nonfocusing 
run shows a monotonic increase in the best score 
or rmsd result achieved with the level of sampling 
up to a maximum value. This is the expected result 
for a discrete, unbiased sampling of configuration 
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space. The focusing run, on the other hand, achieves 
a result very close to the maximum almost imme­
diately and improves only slightly as more and more 
orientations are looked at. 

One caveat for focusing is that it often increases 
the number of high-scoring orientations distant from 
the crystal configuration, as well as increasing the 
number of orientations close to the crystallographic 
result (Fig. 10). This reflects the different spaces in 
which orientations are first generated and then eval­
uated. In generating a ligand-receptor configuration, 
we match internal distances between molecular de­
scriptors. Focusing increases the number of descrip­
tors to match in a particular region of distance space. 
Two points that are the same distance to a third 
point will not necessarily be close to one another in 
Cartesian space, and focusing based on distance in­
formation can therefore lead to the inclusion of de­
scriptors from a different region of the molecule than 
the one that was involved in the initial, low-level 
sampling match. This explains the broadening of the 
rmsd distributions, which are measured in Cartesian 
space. Notwithstanding this feature, focusing always 
increases the number of high scoring configurations 
as a percentage of matches tried. Since the signal to 
focus on a particular region is score based, this is 
perhaps a more consistent metric. 

Sampling configuration space at variable densities 
is a physically sound approach to a problem that can 
have an infinite number of solutions. We have out­
lined a procedure for focusing that meshes easily 
with our docking algorithm-other methods are cer­
tainly conceivable. The general approach is not lim­
ited to molecular docking, but should be useful in 
any method where low-density sampling can guide 
high-resolution searches. Such methods might in­
clude docking on a regular lattice l2 ,38 or in grid 
searches of conformation space, where smaller step 
sizes (step size here being a torsion angle, an Euler 
angle, or a translation) would be used in low-energy 
regions of the energy surface and larger step sizes 
in high-energy regions. Guided searches are implic­
itly implemented in Monte Carlo methods for sim­
ulating molecular dynamics,41 although here it is not 
step size but rather time spent in a particular region 
of space that is modified, so the analogy is only 
approximate. 

UNSOLVED PROBLEMS 

Using low-resolution representations of molecules, 
either in the form of potential functions or topog­
raphy, to guide searches of molecular interactions 
is a general problem in the field.32,42 In this article, 
we have shown how methods for organizing high­
resolution information can be used to address this 
issue. Both subclustering and focusing do not, how­
ever, use actual low-resolution infonnation as a 
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guide, It would be conceptually appealing, and prac­
tically rewarding, to use low-resolution information 
to prune the search tree, This would allow one to 
limit searches that use high-resolution features of 
the molecules, which are the most expensive com­
putationally, to regions of likely complementarity. 
To our knowledge, the general problem of using res­
olution to guide searches remains largely unad­
dressed. 

The scoring function that DOCK2 uses to evaluate 
configurations, although improved from the one 
used in DOCK, is still too simplistic. Our concern 
previously had been that a more complex scoring 
function, of the sort used in molecular mechanics 
for instance, could only be used at the cost of re­
ducing the amount of orientations we could look at. 
This should not be the case for a lattice-based scor­
ing method, however.2 

Finally, we have not discussed the issue of con­
formational flexibility. The degrees of freedom in a 
docking problem that allows for conformational as 
well as configurational sampling are potentially very 
large, which implies either that searching such a 
space would be very slow or very incomplete or both. 
There are ways to reduce the degrees of freedom of 
this problem. If one defines local regions of space 
as interaction zones, and only looks at conforma­
tions in this region while keeping the rest of the 
system rigid, then the issue becomes more 
tractable.43,44 Alternatively, if one keeps the protein 
rigid and only allows the generally much smaller 
ligand to sample conformation space, the size of the 
space is similarly reduced.2 This method suffers in 
situations where conformational accommodation 
takes place largely at the receptor, which some have 
argued is the general case.45 

Applications 

The modifications encoded in DOCK2 improve our 
ability to model biological systems37 and design 
novel enzyme inhibitors4 (Shoichet, unpublished re­
SUlts; Bodian, unpublished results). The changes in 
matching algorithm give the user more control over 
the depth of search in docking calculations, while 
the lattice scoring makes the program faster and 
leads to more sensible evaluations of orientations. 
The subclustering technique will be useful in systems 
where one wishes to explore particular regions of a 
molecule in detail while downplaying others. Sub­
clustering will also significantly improve run time 
efficiency in large sites, and the technique is essen­
tial for the docking of two macromolecules, an area 
of current pharmaceutical interest. The focusing 
technique will improve the efficiency of a search, 
judged by the number of complementary orienta­
tions per number of matches tried. Focusing will be 
especially useful when highly detailed searches of a 
particular regions are required, as will be the case 
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when trying to reproduce or predict a biological 
complex or when trying to capture particular details 
of a binding interaction. 

CONCLUSIONS 

DOCK2 can reproduce the experimental configura­
tions of protein-ligand complexes in a wide variety 
of systems. We have shown how docking can be 
changed from a problem that scales as the fourth 
power of system size to one that scales linearly with 
it. This is achieved by breaking down the description 
of the molecules into independent pieces and con­
centrating high-resolution searches of orientation 
space on those regions that return favorable com­
plexes at low resolution. 

The success of any feature-based docking scheme 
depends on how descriptors are chosen for matching 
between molecules. We have found that the Fan and 
Cat's Cradle internal distance algorithms work well, 
while the Center of Mass method does not. We have 
described how new routines allow for variable depth 
searches and more efficient scoring of orientations. 
Compared to our previous implementations,7,8 the 
current methods allow faster and more complete 
searches of orientation space. The algorithm is well 
suited to macromolecular docking, which the earlier 
methods were unable to treat. 
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