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Abstract

We discuss recent approaches for structure-based protein function annotation. We focus on
template-based methods where the function of a query protein is deduced from that of a template
for which both the structure and function are known. We describe the different ways of identifying
a template. These are typically based on sequence analysis but new methods based on purely
structural similarity are also being developed that allow function annotation based on structural
relationships that can’t be recognized by sequence. The growing number of available structures of
known function, improved homology modeling techniques and new developments in the use of
structure allow template-based methods to be applied on a proteome-wide scale and in many
different biological contexts. This progress significantly expands the range of applicability of
structural information in function annotation to a level that previously was only achievable by
sequence comparison.
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Introduction

It has been estimated that less than 1% of sequences in current sequence databases have an
experimentally verified function [1] and, realistically, this situation is unlikely to change.
Computational approaches offer the only viable solution to this problem. Numerous methods
continue to be developed to infer protein function, most commonly based on sequence
similarity, the presence of certain small sequence motifs, evolutionary history, and genomic
location. Many of these methods are automatic and the best of them outperform simple
orthology transfer, i.e., annotation transfer based on the best PSIBLAST hit [2]. Three-
dimensional structure information generally plays only a minor role in automated methods
but of course is invaluable in the manual annotation of the function of individual proteins.
The overall limited use of protein structural information is due in large part to the small
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number of protein structures available relative to the numbers of sequences. However, this
situation is changing and homology modeling is currently making structural information
available for large numbers of proteins [3]. Moreover, it has been shown that modeled
proteins can be effectively used to annotate function [4,5,6,7].

Structure-based methods for function annotation can be based on the properties of the
structure of a given protein itself, such as the presence of surface cavities, surface patches
containing evolutionarily conserved or covarying sets of residues, or biophysical features
such as electrostatic potentials [8]. Here we focus exclusively on so-called “template”-based
approaches, in which the function of a protein is assigned based primarily on its similarity to
other proteins whose function is known. The wide applicability of such approaches is
highlighted by the observation that, in general, there will be at least one, and usually several,
proteins in structural databases that carries out a similar function using a mechanism similar
to a query protein of interest [9,10,11,12]. This suggests that there are many new directions
where protein structural information can be applied and, most significantly, used on a
genome-wide scale [13*].

Templates are used in several ways in function annotation. Given a “query” protein with
unknown function, a database of templates is searched for structurally similar proteins based
on different metrics such as global sequence or structural similarity or local similarity of
protein substructures. Whether the query has a function similar to the template is then
evaluated by looking for similarities and differences sequence, geometric or biophysical
features after superposing the query and template structures. By similar function we
typically mean similar interaction properties (e.g., “these two proteins interact” or “this
protein binds molecules of a certain type at this location”), but methods are also being
developed to predict more specific functions such as enzyme class. Below we discuss recent
progress in template-based function annotation. Although many of the methods are not new,
their combination, especially in the context of machine learning approaches, is a recent
development that has significantly expanded the role of structure in protein function
annotation.

Exploiting Global Structural Similarity

The general strategy involved in using templates to identify binding properties of a given
query is to search a database of protein complexes to identify those where one member of
the complex (the template) shares some global similarity (both close and remote) with the
query (Figure 1). The query and interacting partner of the template are placed in the same
coordinate system using the transformation that structurally aligns the query and template
structures, at which point it is necessary to determine if an interaction is likely to occur. The
interaction partner can correspond to another protein, a peptide, a nucleic acid or a small
molecule.

Global similarity can be sequence or structure based. In sequence-based approaches if two
query proteins are homologous to two other proteins that form a complex of known
structure, the query proteins are first superimposed on their respective homologs in the
complex. The likelihood of the query proteins forming a complex can be assessed using
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scoring schemes based on different factors such as overall sequence similarity, sequence
similarity limited to the predicted interface [14] or sequence and structural similarity
combined with biophysical properties of the predicted interface [15,16,17]. Interfacial
residues in the query proteins are defined as those that align to interfacial residues in their
respective templates. We use the term interaction model (Figure 1) to define the method
used to score the putative interaction. This can range from an energetic analysis of the full
three-dimensional structure to just a sequence analysis of interfacial residues.

In other structure-based approaches, templates are identified based solely on geometric
similarity to the queries rather than on sequence similarity. Geometric similarity in principle
enables a much broader coverage since there are many cases where structural and functional
relationships are not detectable by sequence. The limited number of protein structures that
have been determined experimentally limits the scope of this approach but homology
modeling significantly expands the ability to exploit structural relationships. As an example,
an experimental structure is available for at least one domain in about a quarter of the human
genome but this number increases to about two thirds if homology models are used [13*].
The uncertain accuracy of many homology models may have limited their use in geometric
alignments but we believe that they have in fact been underused. This is because, at the very
least, they contain important information about a protein’s fold which can in turn be used to
identify proteins with similar structures that may be functionally related.

We recently developed a structure-based approach to predict whether two proteins interact
which relies heavily on homology models to provide extensive structural coverage of
genomes [13*]. If the two putative interaction partners have one or more domains whose
structure is found in the PDB or homology model databases, these structures are used to
identify geometrically similar proteins. If any pair of these forms a complex of known
structure, this complex is used to create an interaction model of the two query proteins. The
confidence score for a modeled interaction is based on overall structural similarity, the
quality of the alignment in the interfacial region and the nature of the predicted interfacial
residues. These scores are combined using Bayesian statistics. Although the use of
homology models generates less confident predictions for a PPI than obtained from crystal
structures, they still generate many high confidence predictions. Moreover, when the
structure-based score is combined with non-structural evidence, again using a Bayesian
approach, a large number of high confidence predictions are generated with an accuracy
similar to that obtained from high-throughput experimental methods. This study showed that
structural information can be exploited on a genome-wide scale and suggests that there are
many other ways that structural information can be exploited.

Template-based methods have also been used to identify protein-small molecule
interactions. Here, templates that are structurally similar to a query protein and that bind
small molecules are typically identified by global sequence similarity, as with protein-
protein interactions. Interaction models are then used to determine whether a query is likely
to bind the same or similar ligands. For example, a model of the interaction can be
constructed by placing the ligand from the template complex in the coordinate system of the
query using the transformation relating the template and query. The strength of the
interaction is then estimated based on the contacts the ligand makes in that model [18]. In
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other recent implementations, the similarity of putative ligand-contacting residues
determined from the alignment to the template is examined to determine whether the query
will bind similar ligands. [19,20]. Such an approach has been applied on a proteome-wide
scale and drugs targeting specific query proteins have been validated [21*]. As is the case
for protein-protein interactions, templates are generally not identified based on structural
similarity. However such an approach is likely to be quite fruitful since we have recently
shown that even proteins that only share structural similarity frequently bind ligands at
geometrically equivalent positions on their surfaces, making them suitable for ligand
binding site prediction [9].

Template-based methods also been applied to the problem of identifying proteins that bind
DNA and RNA [22,23*]. Here, the confidence in the inference of DNA/RNA binding was
determined using an estimate of the binding affinity using a statistical potential specifically
designed for protein-nucleic acid interactions. In one study [23*] previously unknown RNA-
binding proteins were identified and validated.

Exploiting Local Structural Similarity

Proteins can have local structural similarity without an obvious global sequence or structural
relationship, a phenomenon that suggests that protein fold space is continuous, at least in
part [24] [25]. Local similarities are often indicative of functional similarity, a fact that is
exploited by a number of template-based methods for function prediction. For example,
structures of interacting proteins have been analyzed to identify common substructures
consisting of small sets of secondary structure elements that mediate a protein-protein
interaction [26]. These substructures are used as templates instead of the full protein,
creating an interaction model by superposing the substructures if they are present in two
potentially interacting query proteins [26]. A similar approach has been developed to predict
interactions mediated by globular domains and peptides [27].

Local structural similarity is widely used in the identification of enzyme active sites. In these
approaches, proteins with known enzymatic function are analyzed to extract a library of
active sites which can be represented in several ways [28]. One commonly used
representation is simply the three-dimensional coordinates the subset of residues in the
protein present in the active site. A query protein of unknown function is then compared to
each of these subsets using various techniques, such as graph theory [29,30] or dynamic
programming [31] to determine whether the query has a similar active site and hence similar
function.

In another application of local similarity, conserved and covarying residues calculated from
a multiple sequence alignment of query orthologs are used to identify subsets of residues
that are clustered near each other in the 3-dimensional query structure. This 3-dimensional
cluster is then taken to be a putative active site and is used to scan a library of known
template functional sites [32,33].
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Template Families

The existence of families of proteins with similar functions is enabling the development of a
range of approaches to protein function annotation. Such template families can be used to
train machine learning classifiers, using the strategy outlined in Figure 2. Classifiers
discriminate, based on specific features, between sets of proteins that have a given function
and sets of proteins that do not. Features can include, for example, geometric and
biophysical properties or sequence conservation/covariation of amino acids in a binding
pocket. The classifier is then used to derive a confidence score. This approach has been used
recently to predict protein-protein interactions [34], protein-protein interfaces [35] small-
molecule binding sites [36], and DNA and RNA binding sites [37,38,39].

Template families can alternatively be used to train various potentials, i.e. identifying
residues that occur more frequently in certain types of interfaces, as compared to a non-
interfacial background. This approach has recently been used to identify novel proteins that
interact with DNA or RNA [22,23*] and novel interactors of Bcl2 proteins [40*]. In another
approach, a large set of protein-peptide structures was examined to construct, for each of the
twenty amino acids, a three-dimensional grid of boxes containing the set of chemical groups
that more frequently interact with that amino acid in protein-peptide interfaces [41]. These
grids were used to predict protein-peptide interaction sites by placing them near a protein
surface to identify positions where interaction with a given amino acid would be favorable.

Conclusion

The use of protein structure to annotate protein function is of course not new, but the use of
structural alignments is a more recent development. As summarized above, these are
generally used in two ways. First, once a structurally similar template has been identified,
for example based on sequence based methods, structural alignment offers an approach to
construct interaction models that enable the evaluation of the likelihood that a given
complex will form. Second, structural alignment makes it possible to identify templates that
cannot be identified from sequence. Improved homology modeling techniques, and
technologies to efficiently search structural databases are ushering in an era where
“structural BLAST” [9] can be used to annotate protein function on an unprecedented scale,
comparable to that of sequence-based methods. Moreover, structural alignments make it
possible to annotate function based on sets of related proteins, determined from sequence,
alignments, annotated structural databases such as CATH [42] and SCOP [43], or
interactively as in the MarkUs server [44].

The use of structural information and homology modeling in template-based methods has
several advantages. For proteins that are closely related in sequence, identifying any
functional differences between them generally requires examination of the biophysical
properties of the structure such as electrostatic potential [45]. Machine learning using
features derived from structure lowers the computational cost of using structure compared to
other techniques, allowing them to be applied in a genome-wide scale. Moreover, template-
based methods combined with machine learning are not as sensitive to modeling errors as
detailed structural models. Steric clashes due, for example, to inaccurate modeling or
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conformational changes associated with binding are typically not a problem for machine-
learning approaches but can limit the applicability of docking [46]. Other errors in modeling
that can be accommodated by machine learning include the absence, in a modeled structure,
of a post-translational modification. This can confound the experimental identification of
protein-protein interactions which may not sample a cellular state in which the modification
is present [47]. All these issues make template-based approaches an important complement
to purely sequence-based approaches, to those based on high-resolution, computationally
intensive modeling, and to high-throughput experimental approaches to determine function.

Most notably, template-based methods are having considerable biological impact, and have
been applied to identify, almost always with experimental validation, previously unknown
protein-protein interactions [13*,40*], RNA-binding proteins [23*], membrane binding-
proteins [48*], enzyme families [49%], drug targets [21*], to analyze biological pathways
[50,51] and to understand the relationship between genetic variation and disease [52*].
Protein structure is, of course, a key component of these approaches. In particular, the ability
to examine and compare structural features and to construct approximate models of proteins
with their interacting partners is enabling the development of techniques to add confidence
to computational function annotation transfer that are not possible with purely sequence-
based approaches. Although they still for the most part limited to the community of
biologists familiar with three-dimensional structure, structure-based function annotation
methods are becoming more accessible as new web servers are created to facilitate their use
(see [18,36,41,45,53,54,55] for just a few recent examples). As new structures become
available and new techniques are developed, the applicability and utility of these methods
will almost certainly grow.
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Query Protein . . .
Structure Template Library Structure Alignment Evaluation

Figure 1. Function annotation using atemplatelibrary
The structure of a query protein (A) is used to scan a library of templates with known

function (B). Templates can be proteins with various binding partners including other
proteins (green), peptides (teal), RNA/DNA (brown) or small molecules (red star). For each
complex in the library, the query, template and binding partner are placed in the same
coordinate system by superposing the template and query based on global or local similarity
(C, dotted line). An interaction model is then created which defines the parameters used to
determine whether the query has functional properties similar to the template. These can
range from an estimate of the physical interaction energy derived from residues interactions
(D, yellow lines) in a 3-dimensional model of the interface, properties such as sequence
conservation and covariation in the interface, or other features used as input to machine
learning approaches.
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Figure 2. Using a machinelearning classifier for protein function annotation
Blue panel: Proteins which share a functional relationship are collected, where the

relationship can be specific (e.g., two proteins carrying out the same enzymatic reaction) or
general (e.g., involved in protein-protein interaction). A vector of features (x)y...) is
calculated for each structure in the collection, where x and y are the numerical quantification
of some property of the structure (e.g., x may be the number of residues in the largest
hydrophobic patch, and y might be the average degree of evolutionary conservation of those
residues). A machine learning classifier takes this training set of feature vectors and attempts
to identify patterns, i.e., the numerical values that are more likely to be associated with the
function. This is typically done by comparing the feature vectors to those calculated for a
collection of proteins known not to carry it out and quantifying any difference using
statistical measures. Red panel: In annotation, the same set of features is calculated for a
protein whose function is unknown and a confidence score for whether the protein has the
given function is calculated based on its similarity to patterns found for the training set.
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