
384

A number of recent advances have been made in deriving
function information from protein structure. A fold relationship
to an already characterized protein will often allow general
information about function to be deduced. More detailed
information can be obtained using sequence relationships to
already studied proteins. Methods of deducing function directly
from structure, without the use of evolutionary relationships,
are developing rapidly. All such methods may be used with
models of protein structure, rather than with experimentally
determined ones, but model accuracy imposes limitations. The
rapid expansion of the structural genomics field has created a
new urgency for improved methods of structure-based
annotation of function.
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Introduction
Structure has an important role to play in providing insight
into protein function. With the advent of structural
genomics [1], this role has greatly increased in signifi-
cance, as more and more structures are now being
obtained in advance of any other sort of experimental
information. Also, the completion of large-scale genome
sequencing projects is resulting in the discovery of hun-
dreds of thousands of new protein sequences [2]. The vast
majority of these proteins have not been studied experi-
mentally, nor will they be for a long time. Thus,
annotation of their function relies on bioinformatics tech-
niques. Structure provides a more powerful evolutionary
link than sequence information alone, allowing the detec-
tion of more remote relationships and also providing a
means of identifying detailed functional differences with-
in protein families. New techniques, based on ab initio
function analysis of structure without the aid of evolution-
ary information, are beginning to have a significant
impact. We discuss the role of structure in understanding
function, examine existing computational techniques for
extracting function information and suggest how these
may develop in future. Related reviews have recently
appeared [3••,4••].

Function from protein structure
What sort of information about function can structure pro-
vide? The function of a protein can be usefully divided

into three types: phenotypic, cellular and molecular [5].
Phenotypic function corresponds to the influence that a
protein has on the properties of an organism as a whole,
cellular to the role of the protein in the cell system and
molecular to those properties related directly to interac-
tions between the protein molecule and other molecular
species. Information about protein structure provides
insight into molecular function. A classical example is pro-
vided by members of the chymotrypsin class serine
protease family [6]. In humans, these proteins have a very
wide variety of phenotypic and cellular functions, ranging
over food digestion, sperm processing and regulation of the
immune response, but have closely related molecular func-
tions. All are proteases, with a common catalytic
mechanism, and the different phenotypic and cellular roles
are the result of differences in specificity of peptides
cleaved. They also share a significant degree of sequence
similarity. Structure provides essential information about
these differences in the specificity and, therefore, about
the detailed differences in molecular function. Other high-
throughput experimental techniques [7], such as
transcription profiling [8], detection of protein–protein
interactions [9], cellular location tracking [10] and gene
disruption [10], provide complementary information about
phenotypic and cellular roles. Throughout this review,
‘function’ refers to molecular function.

Structure provides information about molecular function at
different levels of detail. We consider three different levels
of function resolution. At a low resolution, the class is
known — the protein is an enzyme, a DNA-binding pro-
tein or a cell surface receptor, for example. At medium
resolution, the type of function is known — the enzyme is
a protease or a β-lactamase, say; the DNA-binding protein
is a repressor. At high resolution, the specificity is
known — for example, it’s a protease with trypsin speci-
ficity, it’s a β-lactamase with specificity for penicillins
rather than for cephalosporins, it’s the lac repressor.
Depending on how much is already known from other
techniques, low- or medium-resolution function informa-
tion may be very valuable, or add nothing. Different types
of analysis of structure provide functional information at
the different resolutions.

Categories of function from structure
The amount and resolution of the functional information
that may be deduced from a structure depends on the
relationship of the structure and its features to those
already known. 

We consider three situations: function information based
on a fold relationship to an already known structure; func-
tion from analysis of the features of a protein structure; and
function from models of protein structure.
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Function from fold relationships
Low- and medium-resolution function information is pro-
vided in a straightforward manner by homologous fold
relationships. A fold relationship between proteins arises
in two different ways: the proteins have a common evolu-
tionary ancestor (sometimes these are referred to as
homologous folds [11] or as members of the same structur-
al superfamily [12]) or the proteins have converged to the
same fold and have no common evolutionary history (an
‘analogous’ fold relationship or just a fold relationship, in
the language of SCOP [12]). As low- and medium-resolu-
tion function is often conserved within a superfamily,
recognizing a homologous fold relationship does provide
some functional information and functional hypotheses so
generated can often then be verified by looking for con-
served key sequence features, not in themselves
statistically significant. For example, the structure corre-
sponding to the ycaC gene was found to have a fold similar
to that of the amidohydrolase family, consistent with a
remote sequence relationship [13•]. Inspection of the
structure determined that the same catalytic apparatus was
present and indicated a small substrate — medium-resolu-
tion function information. When nothing else is known,
this resolution of functional information can be very valu-
able. Analysis of recent PDB entries using the SCOP
classification [12] shows that about half of the new
sequence family entries were members of known super-
families, so this method is widely applicable.

Function information from analogous fold relationships is
less specific. For example, the ‘ferredoxin’ fold, one of the
10 superfolds listed by Thornton and co-workers [14], has
so far been found as a ferredoxin, as an RNA-binding pro-
tein, as a protease propiece and as an amino acid
metabolism regulatory domain. Although there are no con-
crete rules for choosing between these or a fifth function,
inspection of the structure and comparison with the known
examples will generally allow a distinction to be made. 

Methods of comparing the folds of two structures are well
developed and used routinely. Some of the more popular
are Dali [15], VAST [16] and CE [17]. An extensive set of
references to current methods is provided in a recent paper
[18]. The different methods have different strengths and
weaknesses for suggesting remote fold relationships and it
is advisable to use more than one.

Function from analysis of structural features
Identification of ligand-binding sites
A simple and powerful method of identifying ligand-bind-
ing sites is to scan the surface of a protein molecule for
clefts. In a systematic study, Laskowski et al. [19] found
that, in 83% of cases examined, the largest cleft is the
known primary binding site for small ligands and, in a fur-
ther 9% of cases, the second largest cleft is the primary
binding site. One of a class of methods that find clefts and
cavities by filling vacant space with appropriately sized
spheres was used. In practice, a GRASP [20] surface 

representation of a protein is often sufficient to identify
these probable small-ligand-binding sites and the signal
may be enhanced by displaying local curvature. For exam-
ple, the putative binding site in a structural genomics
target protein, HI1434, was easily found in this way [21]. 

Identification of ligand-binding specificity
Whereas computational methods for identifying sites of
ligand binding are well developed, those for finding exact-
ly which ligands bind are still emerging. In principle, the
methods that have been developed for drug design are
applicable — testing a library of small molecules found
in vivo for compatibility with the binding site. Because this
list of compounds is relatively short, compared with the
number of possible drug molecules, and because some
binding properties may already have been inferred from
sequence family relationships, this may be less challenging
than drug design. On the other hand, conformational
changes occurring upon binding natural ligands (induced-
fit effects) may complicate the process.

Existing drug design software, such as DOCK [22] and
HOOK [23], have potential. These two methods represent
broadly complementary approaches. DOCK, one of the
most popular drug design algorithms, uses a sphere-filling
approach similar to the method used by Laskowski
et al. [19] for finding clefts. The shape so defined is then
matched against the possible conformations of compounds
in a library. Possible ligands are docked into the site and the
electrostatic compatibility of ligand and site is used as a
final filter. In contrast, HOOK uses a library of small func-
tional groups, such as carbonyl groups and nonpolar rings.
Possible subsites for binding these groups are identified by
constructing a grid in the site of interest and evaluating the
energetic and steric fit of each group type at each grid point.
The library of possible ligands is then scanned for combi-
nations of groups consistent with the site mapping. 

Established docking methods are not able to take into
account conformational changes to the protein that may
accompany binding. These induced-fit effects are com-
mon upon the binding of natural ligands and may differ
between members of a family. Emerging new methods,
such as SLIDE (SK Volker, LA Kuhn, personal communi-
cation), are able to address this issue.

It may also be possible to develop methods that make use
of the relationship between ligands within a family — lim-
ited variation between different steroids or different
peptide sequences, for example. Specific binding roles of
particular protein groups can often be assigned for mem-
bers of the family for which the structure is known and
changes in these groups provide immediate clues as to the
probable changes in the ligand. No effective automatic
methods have yet appeared.

Metal-binding sites are a special case of ligand specificity.
Visual inspection of the structure, together with knowledge
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of the binding specificity, given a probable functional region,
is quite effective. In addition, potential sites may be scanned
for known three-dimensional motifs. These data are avail-
able for the most common metals, for example, calcium [24]
and zinc [25]. Second shell methods based on local
hydrophobic moment analysis [26] and methods based on
three-dimensional cluster analysis [27] may also be useful.

Identification of macromolecular-binding sites
The identification of macromolecular-binding sites is a
challenging aspect of function analysis that has made sig-
nificant progress recently. There are four methods
available at present.

First, protein DNA- or RNA-binding sites and interaction
with membrane surfaces can often (but not always) be
identified from a region of positively charged surface. A
GRASP [20] surface potential map is ideal for this purpose.
Second, protein interfaces have particular residue compo-
sitions. Analysis of known protein–protein interfaces
shows that these patterns are distinctive, with a mixture of
salt bridge and nonpolar interactions predominating [28],
and do have some predictive power [29]. Third, a new
searchable library of protein surfaces [30] provides a cata-
log of interaction surfaces that have previously been
observed. Fourth, the evolutionary conservation pattern
method described below can be particularly effective.

Use of evolutionary conservation patterns
Analysis of the conservation of residue types within a pro-
tein family, as a function of position on the protein surface,
has emerged as a powerful method for identifying func-
tionally important regions of a protein. If a sufficiently
large and diverse set of sequences is available, an evolu-
tionary tree may be built and the degree of variation in
residue type plotted on the surface of the structure, at dif-
ferent evolutionary separations [31•]. This method has
been shown to be effective at identifying ligand-binding
sites and identifying a protein–protein interface in a bona
fide prediction example [32].

Identification of enzyme catalytic mechanisms
When a new structure is an enzyme, the wealth of accu-
mulated knowledge of catalytic mechanisms may be used.
Many components of enzyme mechanisms have evolved
multiple times. For example, the catalytic triad of the chy-
motrypsin class serine proteases is seen in the subtilisin
family and the serine/oxyanion hole component is also
found in the β-lactamases and related enzymes [33],
among others. Thus, when a new structure is that of an
enzyme, there is a reasonable chance that the mechanism,
or at least some components of it, has been seen before.

A thorough knowledge of enzyme mechanisms and inspec-
tion of a new structure will often be sufficient to recognize a
relationship to known catalytic machinery. PROSITE pat-
terns [34] also provide useful clues. Work is in progress to
produce a catalog of known three-dimensional motifs

involved in enzyme catalysis [35]. A newly determined
structure may then be scanned against the catalog. Efficient
scanning methods have already been developed [27,35]

Function from models of protein structure
The role of structure modeling in the functional
annotation of sequences
Most functional annotation of newly discovered proteins
is based on sequence relationships: a detectable
sequence relationship to a previously annotated protein
implies an evolutionary relationship, which, in turn, is
assumed to imply a functional relationship. It is widely
recognized that these methods have limitations and that,
within any sequence family, there will be variation of
function, at least at high resolution. The term ‘ortholog’
is used to imply that two proteins have the same function
and ‘paralog’ to imply that, although sequence related,
the two proteins have, in some sense, different func-
tions, at least at high resolution. The copying of function
annotation from one member of a sequence family to
another tacitly assumes the pair of proteins are orthologs.
Although sequence-related annotation methods are
some of the most powerful and successful tools in com-
putational biology, the resulting errors of function
assignment are wide spread [36–38]. More sophisticated
sequence analysis methods, particularly principal com-
ponent analysis [39], can sometimes subdivide a family
of sequences into probable orthologous sets. In general,
however, the problem of reliably identifying paralogs
and assigning function to them is unsolved.

Structural information derived from modeling provides a
powerful way of both detecting more remote evolutionary
relations than is possible from sequence and of obtaining
higher resolution information than is possible from
sequence alone. The usefulness of the approach depends
critically on the reliability of the models. One method of
assessing the state of the art in protein structure modeling
is provided by the CASP experiments [40,41]. These com-
munity wide experiments collect bona fide predictions of
soon to be solved protein structures from a large number of
modeling groups worldwide (approximately 4000 predic-
tions from 98 groups in the most recent experiment).
Subsequent evaluation of these models by comparison
with the corresponding experimental structures, using
numerical methods and the judgement of independent
assessors, provides a comprehensive view of the strengths
and limitations of the modeling methods. 

Function from fold recognition
It is often the case that although no sequence relationship
can be detected between a protein of interest and any
known structure, the fold will nevertheless turn out to
have been seen before. Fold recognition methods use
sequence information, together with a library of known
folds, to try to detect such relationships. Currently,
approximately 30% of new families entering the SCOP
database have new folds, implying that perhaps some 30%
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of sequences with no known fold could potentially be
assigned using these methods. A wide variety of fold
recognition methods have been developed. The results
from the most recent CASP experiment [42] show that
fold recognition is clearly more sensitive than sequence
methods at detecting remote evolutionary relationships.
Broadly speaking, current methods are effective at detect-
ing homologous fold relationships some of the time. In
CASP3, no single method came close to identifying all the
folds, but results from a set of a few top-scoring methods
would include the correct fold nearly always. The meth-
ods are currently much less effective at detecting
analogous fold relationships; however, as these are less
powerful at providing functional insight, this is not so
important for the present discussion. 

As with the direct comparison of folds discussed above,
recognizing a homologous fold relationship does usually
allow low- or medium-resolution function to be deduced.
So, fold recognition methods are useful. They have been
extensively applied to genome sequence datasets, pro-
viding tentative lists of functions for otherwise
unannotatable ‘hypothetical’ proteins [43–45]. The
deduction of higher resolution function information is
severely limited by the accuracy of the models that can
be built on the basis of fold recognition. The most seri-
ous source of error is  alignment of the sequence of
interest onto the experimentally known structure serving
as the template for the model: an alignment mistake of
one residue position introduces an error of about 3.8 Å in
the backbone. Typically, these models have less than
50% of the residues correctly aligned [46]. This limita-
tion should not be allowed to detract from appreciation
of the power of fold recognition for obtaining low- and
medium- resolution information. 

Function from models based on close sequence family
relationships
For all pairs of natural proteins so far encountered, a clear
sequence relationship implies similar structures [47].
Thus, an approximate structural model may be built for
any sequence clearly related to that of an already known
structure. The model may then be analyzed using the
function identification methods described above.
Typically, proteins related by significant pairwise
sequence similarity have similar function at the medium-
resolution level, so that models need to deliver
high-resolution function information, such as differences
in ligand-binding specificity, in order to be useful. The
appropriate function analysis tools described above may
be used. Deduction of function is, of course, complicated
by the relatively large size of the errors in current models,
compared with those in high-quality crystal structures.
The CASP experiments [41] provide detailed information
on the accuracy of the structures produced with compara-
tive modeling methods [48]. These show that the most
serious source of error is alignment of the sequence of
interest onto the structure of the experimentally known

structure serving as the template for the model [48]. Over
the course of the CASP experiments, alignment quality
for comparative models has improved [46]. As a rule of
thumb, the best modeling groups will now usually pro-
duce correct alignments at higher than about 30%
sequence identity but, at lower values, alignment still pre-
sents a serious challenge. Because of this, high-resolution
function information can usually only be obtained from
models based on this or on higher sequence identity. 

Other sources of model error, particularly sidechain confor-
mation and the backbone of ‘loops’, also will affect
interpretation of function. However, analysis of the accura-
cy with which the best CASP models reproduce the
features needed for interpreting ligand-binding specificity
(C DeWeese-Scott, J Moult, unpublished data) gives
encouraging results and suggests that, providing uncertain-
ty in a model is taken into account, these models will be
very useful for obtaining high-resolution function informa-
tion. For example, the approximate specificity of the
fatty-acid-binding protein CRABP [49] could have been
deduced from CASP models based on 42% sequence iden-
tity. There is also an example of a bona fide prediction of
fatty-acid-binding specificity based on comparative model-
ing in the literature [50]. 

Full exploitation of comparative models to deduce high-
resolution function requires the development of new
software tools that systematically consider the uncertainty
in atomic position. Particularly for ligand-binding specifici-
ty, such tools are clearly possible. The development of
these tools, as well as improved comparative modeling
methods, is particularly important in view of plans for
large-scale structural genomics projects. These call for
solving a set of representative experimental structures,
such that ‘useful’ models can be built for the vast majority
of all soluble proteins [51•]. Eventually, all of that model-
ing will be in the comparative modeling regime.

Function from models based on ab initio structure
prediction
In principle, models of protein structure can be produced
directly from sequence, without the need for fold or
sequence relationships to already known structures.
Methods for producing such ab initio models have shown sig-
nificant progress over the CASP experiments [52]. Still, the
quality of these structures is currently far below that needed
to recognize functional features. Nevertheless, some opti-
mism has been expressed that it is possible to devise
algorithms able to identify functionally significant three-
dimensional motifs, using ‘fuzzy functional forms’ [53]. 

Conclusions
Methods of deducing function from protein structure are
already widely and effectively used. New methods will
extend the scope significantly and the very large number
of new unannotated sequences and structures will promote
increased activity in the field.
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