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Abstract

Conformational changes make the comparison of
protein structures difficult. Algorithms that identify
small differences in protein structures to identify influ
ences on specificity are particularly affected by molec
ular flexibility. However, such algorithms typically
compare proteins with identical function and varying
specificity, causing them to focus on closely related
proteins rather than the remote evolutionary homologs
sought by most comparison algorithms. This focus
inspired us to ask if structure prediction algorithms,
which more accurately predict the structures of close
evolutionary neighbors, can be used to "remodel"
existing structures with the same template, to make the
comparison of their binding sites more accurate. Our
results, on the enolase superfamily and the tyrosine
kinases, reveal that this approach to error reduction is
indeedpossible, enabling our methods to identify influ
ences on specificity in protein structures that originally
could not be compared.

1. Introduction

Conformational flexibility affects accuracy in all
methods for protein structure comparison. Most algo
rithms in this category seek to identify proteins with
remote evolutionary and functional similarities (e.g.
[1]-[3]), employing an assumption of conformational
rigidity in order to make database searches more
practical. Comparisons of this nature can be applied to
whole protein structures (e.g. [4]-[6]) or focus on just
crucial elements of protein binding sites (e.g. [7]-[9]).
In both cases, small changes in backbone or sidechain
conformation can obscure the strong similarity that is
required to distinguish truly related proteins from the
noisy background of randomly similar structures [10]
[12].

Molecular flexibility has a related effect on an
emerging class of comparative algorithms that predict
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influences on binding specificity [13]-[15]. These algo
rithms analyze superposed binding cavities to identify
regions that may be conserved, to accommodate the
same molecular fragment, and other regions that vary,
to create differences in binding specificity (Fig. 1).
Like other methods, the detection of specificity deter
minants can be negatively effected by conformational
change. Unlike other methods, however, algorithms
that identify influences on specificity are generally
examining very similar proteins rather than distant evo
lutionary homologs. This focus on similarity permits
a novel approach that we propose here: to mitigate
comparison errors from conformational variations by
using protein structure prediction algorithms.

Specifically, this paper examines the hypothesis that
homology modeling can be used to remodel close
homologs in nearly identical conformations to enhance
comparison accuracy, and thus the identification of
structural influences on binding specificity. Naturally,
the prediction of protein structures is also a source of
error; even changes in rotamer conformation can alter
binding cavity shape. Nonetheless, it is crucial to ob
serve that structure prediction by homology modeling
is more accurate when the structures of close homologs
can be used as modeling templates [16], [17]. These
methods generally preserve the structure of functional
surfaces [18], as well. The comparison of very similar
protein structures may thus be able to leverage the
strengths of homology modeling algorithms to mitigate
errors from conformational change.

We tested this hypothesis by examining redundant
and nonredundant representatives of two families of
well studied flexible proteins: the enolases and the
tyrosine kinases. Structures from both families exhibit
conformational variations in binding site shape that
are known to cause differences in binding preferences.
Both families also exhibit varying conformations that
make their binding sites, as provided in existing crystal
structures, incomparable. Using NEST [19], a rapid
homology modeling package, and VASP [13], a pro
tein structure comparison tool for identifying potential
influences on specificity, we observed that remodeling



3. Methods

Our study integrates several existing methods to test
our hypothesis. Here, we paraphrase these methods and
explain how they are applied in the current setting.
Overall, as input, we begin with a collection of protein
structures for comparison. These structures exhibit the
same fold and biochemical function, but may prefer to
interact with different substrates. Furthermore, these
structures may exhibit a range of backbone or side
chain conformations, both active or inactive. In brief,
our integrated approach begins by designating one
structure as a template and modeling the other proteins
with the template, using NEST [19]. We hypothesize
that the effect of this modeling phase will be to reduce
conformational differences between the model struc
tures. We then structurally align the models, identify
binding sites in each model, and compare the binding
sites using VASP [13]. These steps are detailed below.
Model Building. Input for NEST is a template
structure and a protein sequence alignment, which
we generate with Ska [20]. With these inputs, and
otherwise default parameters, NEST creates models
with an "artificial evolution" approach that iteratively
modifies the template structure with insertions, dele
tions, and mutations from the input alignment. For
each modification, relaxation steps minimize van der
Waals, hydrophobic, electrostatic, torsional, and hydro
gen bonding potentials, and only the most favorable

In contrast to existing work, VASP [13], the compar
ison method applied here, compares the empty regions
inside protein binding with Boolean set operations.
Boolean set operations can detect unusually large
differences [14] or unusually small similarities [15]
in binding cavities that influence binding specificity.
Much like existing methods, differences in conforma
tion can make comparisons with solid representations
inaccurate, as we observed on the START domains
[13]. By normalizing the conformation of protein
backbones with homology modeling, we present a
novel strategy for mitigating the influence of conforma
tion change on the accuracy of structure comparisons
among similar proteins.

2. Related Work

Computational representations of protein structures
often employ the assumption of conformational rigidity
in structure comparisons. Many of these representa
tions describe structure with points in three dimensions
[2], [4]-[6], [20] and use geometric invariants (e.g.
[4]), conserved matrices of inter-point distances [1],
or topological similarities in geometric graphs [3], [21]
to detect similar protein structures. A second class of
point-based representations compare functional sites
using "motifs" in three dimensions to represent atoms
in catalytic sites [7]-[9], [22], evolutionarily signifi
cant amino acids [23], "pseudo-centers" representing
protein-ligand interactions [24], and pseudoatoms rep
resenting amino acid sidechains [25]. If the points are
assumed to remain rigidly associated with each other,
point-based representations can be rapidly compared
with least-squares methods [26], [27]. The rigidity
assumption enables both these types of algorithms to
rapidly scan databases of protein structures (e.g. [28])
to detect proteins with remote evolutionary similarities.

Relaxing the assumption of molecular rigidity to
detect similar proteins in different conformations re
quires more sophisticated representations. Methods
like Flexprot [29] and FlexSnap [30] represent protein
structures as rigid components connected by virtual
hinges, enabling their detection in different conforma
tions. Posa [31] uses partial order graphs to construct
correspondences between similar components shared
among multiple proteins in different conformations.
These representations are optimized for detecting re
mote evolutionary relationships despite differences in
molecular conformation, by accounting for significant
insertions and deletions and by allowing parts of the
protein to be aligned in different positions.

Fig. 1. Boolean Set Operations (a) on solid representations of protein structures (b.c) or aligned binding sites (d.e.f) can be used
to detect similarities in binding sites (g) that accommodate the same molecular fragment or variations (h,i) that cause differences in
specificity [13]-[15].

the structures of each family onto a single template
enabled influences on specificity to be identified when
they could not be, due to conformational flexibility.
Together, these results point to new applications of pro
tein structure prediction that will enhance the quality
of protein structure comparisons in the future.
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modification is accepted in each iteration. Once the
template has been completely modified into the query
protein, the resulting model is returned as output.
Structural Alignment. Model structures are super
posed onto the template, and for binding site using Ska
[20], an algorithm for whole-structure superposition.
Binding Cavity Representation. Solid representa
tions of binding cavities are generated by first aligning
a structure or a model onto a designated structure with
a bound ligand. In this data, the atrolactic acid bound
to mandelate racemase from pseudomonas putida (pdb
structure l mdr) was used for cavity generation in
the enolase structures. Among tyrosine kinases, the
staurosporine bound to human Abelson kinase (pdb
structure 2hz4) was used for cavity generation among
tyrosine kinase structures.

When the structures or models are superposed onto
the liganded structure, the position of the ligand indi
cates the binding site in each model. Using the aligned
position of each model with the ligand, we generate a
solid representation of each binding cavity: First, we
generate a series of spheres with a 5 A radius, centered
at each ligand atom. Using VASP, we compute the
Boolean union of these spheres. Second, we generate
a molecular surface of the model using the Trollbase
library from GRASP2 [2], which applies the classical
rolling-probe technique [32] with a water-sized probe
of radius 1.4 A. The molecular surface is a closed
surface that can be interpreted as a three dimensional
solid. Using VASP, we use Boolean subtraction to
subtract the molecular surface from the union of ligand
spheres. Third, with the Trollbase library, we generate
an "envelope surface" with a probe of radius 5.0
A, based on an external cavity boundary used in
SCREEN [33]. Using VASP, we compute the Boolean
intersection of the envelope surface and what remains
of the ligand spheres. The resulting region is a solid
representation of the binding cavity on the model
structure. This approach is detailed in [13].
Binding Site Comparison. One indicator of struc
tural differences between two binding cavities is the
existence of regions in one binding cavity that that
can accommodate molecular fragments that will not
fit in the other cavity. Given binding cavities A and
B, we thus measure their similarity by using the
volume of the largest contiguous region where the two
cavities do not overlap (e.g. Figure l h.i). We refer
this region as the largest fragment between A and B.
Fragments between similar cavities tend to have very
small volumes, while fragments between cavities with
different binding preferences are larger.

The largest fragment between A and B is de
termined by first computing the symmetric Boolean
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Fig. 2. Histogram of fragment volumes between enolases
with identical binding preferences. 295 out of the 340 plotted
here occupied less than 10 A3 in spatial volume.

difference (A - B) U (B - A). This set of operations
may generate several disconnected fragments. Using
a graph-based method described here [14], [34], we
systematically isolate every contiguous region and
measure its volume. The fragment with the largest
volume (in A3) is returned.
Statistical Modeling. Fragments that occur between
cavities with identical binding specificity are generally
very small, due to structural similarity between the
cavities. For example, among enolases with similar
binding preferences (see homogenous enolase set, Fig
ure 3), 248 out of 340 fragments were less than one
cubic angstrom. 295 were less than 10 A3 (Figure
2). Similar distributions were observed for tyrosine
kinases.

This left-skewed distribution of fragment volumes
can be approximated closely by the log-normal dis
tribution, which allows us to estimate the value of
the distribution at any point on the positive x axis.
As we shown earlier [14], [34], we can estimate the
probability of observing a fragment equal or larger
volume than a given fragment, which we refer to as
the p-value. We describe a fragment whose volume
has a p-value less than 0.05 as statistically significant.

The p-value estimates the probability of observing a
fragment of a given size between two cavities assumed
to have identical binding preferences. If that probabil
ity is too low, e.g. less than 0.05, then we reject our
assumption as improbable, and predict the alternative:
that the cavities exhibit different binding preferences.
This prediction is based on our evaluation of the data,
and not a statement of fact.

In this work, we evaluate the statistical significance
of fragment volumes between modeled and unmodeled
cavities. To evaluate the effect of modeling on fragment
volume, we always train our statistical model on un
modeled cavities, as we did in earlier work [14], [15],
[34], [35], so that we can assess the improvement in
prediction accuracy when using remodeled structures,
relative to unmodeled structures.



3.1. Data Set Construction

Protein Families. We test the effectiveness of our
methods on the enolase superfamily and the tyrosine
kinases. The wealth of research on both families en
abled us to verify the accuracy of our predictions
against established experimental evidence. These fami
lies were selected on the requirement that both families
exhibit binding site flexibility that is visible in publicly
available structures. We also require that both families
exhibit variations in binding preferences based on well
documented variations in their binding cavities. While
differences in specificity may exist in the context of
other ligands, our experimentation uses the experimen
tally determined binding preferences described below
as a "gold standard" for similarities or differences in
binding preferences.

Both families exhibit binding site flexibility that can
have an integral impact on function. Members of the
enolase superfamily have a flexible "capping domain"
that influences specificity [36] and can close the active
site. Tyrosine kinases exhibit several modes of con
formational flexibility near the active site, including
the "DFG flip" on the activation loop [37] and mul
tiple conformations of the phosphorylation loop (the
"P-loop") [38]. These conformational variations can
hamper the comparison of enolase and tyrosine kinase
binding sites, making it difficult to detect influences
on specificity.

Proteins in the enolase superfamily catalyze reac
tions that abstract a proton from a carbon adjacent
to a carboxylic acid. These reactions occur near the
C-terminal ends of beta sheets in a conserved TIM
barrel, where amino acids act as acid/base catalysts to
facilitate several different reactions [39]. Our demon
stration focuses on three key differences in speci
ficity that occur between the three enolase subfami
lies: Enolases (EC 4.2.1.11), the eponymous subfam
ily, catalyze the dehydration of 2-phospho-D-glycerate
to phosphoenolpyruvate [40], mandelate racemases
(EC 5.1.2.2) convert (R)-mandelate to and from (S)
mandelate [41], and muconate-lactonizing enzymes
(EC 5.5.1.1) catalyze the reciprocal cycloisomerization
of cis,cis-muconate and muconolactone in muconate
lactonizing enzyme [39].

The tyrosine kinases (EC classes 2.7.10.1 and
2.7.10.1) transfer a phosphate group from adenosine
triphosphate (ATP) to a tyrosine on an acceptor protein.
This family of proteins plays essential roles in cell
signalling (e.g. [42]), and due to their importance to
cell growth and death, they are widely studied as
targets for inhibitor design (e.g. [43], [44]). While there
are many differences in binding preferences between
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Enolase Superfamily (homogeneous):
Enolases: le9i, 1iyx, 1pdy, 2pa6, 2xsx, 30tr
Enolase Superfamily (homogeneous, redundant):
Enolases: lebh, l els, 1nel, 2al2, 3enl, 7enl

Tyrosine Kinases (homogeneous):
Small Gatekeeper residue: lqcf, 1fgi, 1fpu, 1fvr,
l gjo, 1irk, 1k2p, 1m14, 1m7n, 1qpc, 1rOp, 1t45,
1u4d, 1yvj, 1ywn, 2src
Tyrosine Kinases (homogeneous, redundant):
Small Gatekeeper residue: 2hz4, 2e2b, 2hyy,
2hzO, 2hzn, 2hzi, 2xyn, 2hmi, 3kf4, 3kfa, 3ms9,
3mss

Enolase Superfamily (heterogeneous) :
Enolases: 1e9i, 1iyx, 1pdy, 2pa6, 30tr, 1te6, 2xsx,
Mandelate Racemase: 20x4, Muconate Lac
tonizing Enzyme: 2pgw, 2zad
Tyrosine Kinases (heterogeneous):
Small Gatekeeper residue: 2hz4
Large Gatekeeper residue: 1fvr, lluf, l rjb, 1sm2,
1snu, 1snx

Fig. 3. PDB codes of structures used. Balded
structures were selected as templates.

kinases, our demonstration here focuses simply on the
impact of the gatekeeper residue [45] on inhibitor
specificity. Kinases with small gatekeeper residues can
be targeted by many inhibitors, while kinases with
large gatekeeper residues become resistant [46].

Selection. From the enolases and the tyrosine ki
nases, we constructed one dataset of proteins with
similar binding preferences, which we refer to as a
homogeneous dataset, and a second dataset of proteins
with different classes of binding preferences, which
we refer to as a heterogeneous dataset. Both datasets
were first constructed with sequentially nonredundant
proteins by eliminating pairwise sequence identity
above 90 percent (measured with Clustalw [47]). Then,
to increase conformational diversity, several additional
nonidentical structures were added that had more sim
ilar sequences but very different conformations.

One or more structures were selected in each data
set to be modeling templates. These selections were
made based on the presence of a ligand in the template,
which was used for generating a cavity in the template
and all aligned models, and to ensure that models were
made against holo structures. Next, all queries were
modeled to the template with NEST, and then aligned
to the template to preserve consistency. Finally, cavities
were generated using the method described above.



Fig. 4. Fragment volumes from cavities with similar binding preferences, before and after remodeling. Red bars indicate the volume of
the largest fragment between the template cavity and cavities with similar binding preferences, before remodeling. Blue bars indicate
the volume of the largest fragment between the template cavity and cavities with similar binding preferences, remodeled onto the
template. Sequentially nonredundant (A) and redundant (B) enolases are shown on the top. Sequentially nonredundant (C) and
redundant (0) tyrosine kinases are shown on the bottom.

4. Experimental Results

First, we demonstrate that remodeling protein struc
tures that exhibit the same function and the same
binding preferences in different conformations enables
them to be more accurately compared. We then demon
strate that remodeling protein structures that exhibit the
same function but different binding preferences does
not make them indistinguishable from proteins with
similar binding preferences.

4.1. Remodeling proteins with homogeneous
binding preferences

We remodeled all members of the homogeneous
enolase superfamily dataset onto the structure of sac
charomyces cerevisiae enolase (lebh). 4 out of 5
enolase cavities were more similar after remodeling
than before. The homogeneous tyrosine kinase dataset
was remodeled onto the structure of homo sapiens
haematopoetic cell kinase (lqcf). 13 out of 15 tyrosine

5

118

kinase cavines were more similar after remodeling,
then before remodeling. The degree of increased sim
ilarity for both enolases and kinases can be seen in
Figure 3.1a,c, which plots the volume of the largest
fragment before and after modeling, for both datasets.
In most cases, remodeling sequentially nonredundant
proteins in different conformations yielded binding
cavities that were much more similar than before.

Remodeling was similarly effective for reducing
the impacts of conformational variations among very
similar proteins (Figure 3.1b,d). Among enolases with
greater than 90% sequence identity, the largest frag
ment dropped in volume in 4 out of 5 cases. Among
kinases with greater than 90% sequence identity, the
largest fragment dropped in volume in 9 out of 11
cases. When sequence identity is very high, cavity
similarity is frequently but not necessarily enhanced
by remodeling.

In several cases, the volume of the largest fragment
fell a considerable amount before and after modeling.



We constructed a statistical model of fragment volume
among sequentially nonredundant enolase and tyrosine
kinase structures. We used that model to evaluate the
significance of fragments between sequentially nonre
dundant enolases and kinases. In lout of 5 cases, the
volume of the largest fragment between the template
cavity and the enolase cavities was statistically signif
icant before remodeling (2xsx), and not statistically
significant afterwards. In 12 out of 15 cases, the
volume of the largest fragment between the template
cavity and the tyrosine kinase cavities was statisti
cally significant before remodeling, and not statistically
significant afterwards. Two of the remaining cases
were always statistically insignificant (lu4d and 2src),
and one case (lywn) became more dissimilar after
modeling. If we depended on statistical significance
to differentiate cavity shapes without remodeling, our
model would have been unable to distinguish 20%
of similar-specificity enolases and 80% of similar
specificity tyrosine kinases from proteins with different
binding preferences. Those errors were corrected by
remodeling.

4.2. Remodeling proteins with heterogeneous
binding preferences

We remodeled all members of the heterogeneous
enolase superfamily against muconate cycloisomerase
from Sinorhizobium meliloti (2pgw) and Thermotoga
maritima (2zad). When using 2pgw as a template, the
largest fragment was smaller after remodeling in 7 out
of the 10 models. When using 2zad as a template,
the largest fragment was smaller after remodeling in
8 out of the 10 models. These volumes are plotted
in Figure 5. We also remodeled tyrosine kinases with
large gatekeeper residues onto the structure of abelson
tyrosine kinase from homo sapiens (2hz4). The largest
fragment was smaller after remodeling in 6 out of 6
models. In general, remodeling slightly reduced struc
tural dissimilarity between the cavities of proteins with
identical function but different binding preferences.
These differences are illustrated in Figure 6.

We also measured the statistical significance of each
fragment generated above, before and after remodeling.
Unlike the fragments generated from proteins with
homogeneous binding preferences, described earlier,
fragment volume did not change as much between
the original structure and the remodeled structure.
Fragments from original structures were often sta
tistically significant, and fragments from remodeled
structures were as well: the largest fragment for 20
out of the 20 enolases modeled on 2pgw and on 2zad
were statistically significant after modeling. The largest
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Fig. 5. Fragment volumes from enolase cavities with different
binding preferences, before and after remodeling. Red bars in
dicate the volume of the largest fragment between the template
cavity and cavities with different binding preferences, before
remodeling. Blue bars; after remodeling. The top graph plots
results with enolase template 2pgw, the bottom with 2zad.

Fig. 6. Fragment volumes from tyrosine kinase cavities
with different binding preferences, before and after remodeling.
Red bars indicate the volume of the largest fragment between
the template cavity (2hz4) and cavities with different binding
preferences, before remodeling. Blue bars indicate the volume
of the largest fragment between the template cavity and cavities
with different binding preferences after remodeling.



fragment for 3 out of the 6 tyrosine kinases also
remained statistically significant after modeling. These
results suggest that the increased similarity induced
by remodeling does not make it more difficult distin
guish cavities with different binding preferences from
those that have similar binding preferences, because
cavities with different binding preferences remained
structurally distinct in our data.

5. Conclusions

We have demonstrated a remodeling approach for
comparing the structures of proteins with similar evo
lutionary backgrounds but different conformations. Our
method exploits the fact that homology modeling algo
rithms are the most accurate when predicting protein
structures that are very similar to a given template
structure. This approach perfectly complements our
intended application, the identification of structural
influences on specificity, which is focused on the
analysis of very closely related proteins that exhibit
the same function but different binding preferences.

We demonstrated our initial results on sequentially
nonredundant representatives of the enolase superfam
ily and the tyrosine kinases. Starting with protein
structures in different conformations, we showed that
remodeling onto the same template could normalize
differences in cavity shape. In cases where binding cav
ities were closed or inactive, remodeled conformations
returned them to an open state, allowing them to be
accurately compared.

The accuracy of this comparison is evident in our
results. Despite large differences in initial conforma
tion, binding cavities in remodeled enolases and tyro
sine kinases with similar binding preferences showed
only statistically insignificant differences in shape.
Thus, binding cavities with similar binding prefer
ences were statistically indistinguishable from other
binding cavities with similar binding preferences. In
contrast, remodeled enolases and tyrosine kinases with
different binding preferences exhibited binding cavities
that remained largely different: Differences between
these cavities were statistically significant relative to
cavities with similar binding preferences. These results
indicate that it is possible to accurately predict the
presence of similar or different binding preferences
from remodeled protein structures.

The approach we have demonstrated has consider
able applications. Most importantly, it indicates that
many protein structures that do not have the same
conformation, due to differences in crystallographic
method or due to the presence of absence of ligand,
can still be compared in an accurate manner. Second,
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it suggests that the analysis of protein sequences that
emerge from high throughput sequencing technologies
and gene resequencing efforts can be analyzed from
a structural perspective. Together with other sources
of information, integrating volumetric comparisons
and protein structure prediction algorithms may offer
important advancements for protein engineering and
protein function annotation.
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