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ABSTRACT
Comparative sequence analysis has been used to
study speci®c questions about the structure and
function of proteins for many years. Here we
propose a knowledge-based framework in which the
maximum likelihood rate of evolution is used to
quantify the level of constraint on the identity of a
site. We demonstrate that site-rate mapping on
3D structures using datasets of rhodopsin-like
G-protein receptors and a- and b-tubulins provides
an excellent tool for pinpointing the functional
features shared between orthologous and paralogous proteins. In addition, functional divergence
within protein families can be inferred by examining
the differences in the site rates, the differences in
the chemical properties of the side chains or amino
acid usage between aligned sites. Two novel analytical methods are introduced to characterize rateindependent functional divergence. These are
tested using a dataset of two classes of HMG-CoA
reductases for which only one class can perform
both the forward and reverse reaction. We show that
functionally divergent sites occur in a cluster of
sites interacting with the catalytic residues and that
this information should facilitate the design of
experimental strategies to directly test functional
properties of residues.
INTRODUCTION
The relationship between molecular evolutionary processes,
structures and functions of macromolecules has been recognized for a long time. An understanding of the physical basis
of these processes in proteins will not only identify important
factors in the emergence of functions, but also aid in the
construction of structure-based phylogenetic models (1).
However, physical models of proteins remain incomplete,
preventing them from having general predictive properties (2).
This is due to the failure of these models to account for terms
that are not easily experimentally observable such as entropic

effects (2). However, an evolutionary analysis, as presented
here, is expected to detect the sequence and structural
conservation patterns that result from these effects.
In previous studies, the rate of evolution at a site (site rate)
is assumed to be an informative parameter to understand the
relationship between structure and selection. Several pairs of
structural features have been suggested to correlate with site
rates including: secondary structure and solvent accessible
surface area (ASA) of side chains (3), or ASA and distance to
the catalytic center (4). Furthermore, the co-occurrence of
amino acid substitutions in proteins has been observed and
linked to the periodicity of secondary structural elements
(5,6), a result that has important implications for quaternary
assembly and intermolecular interactions (7). Detection of
functional divergence has been used to study the evolution of
class I a-mannosidase (8), and has been suggested to predict
function within the caspase family (9). We have previously
used phylogenetically estimated parameters to locate the
potential substrate-binding regions of group II chaperonins
(10) and to re®ne the stop-codon binding model of the
termination factor eRF1 (11).
The contribution of phylogenetic information to structural
biology goes beyond the identi®cation of conserved and
variable residues in an alignment. The estimated rates of
evolution can be assumed to re¯ect the degree of functional
constraint at a site (4,12) These rates take into account
evolutionary processes via an explicit stochastic substitution
model and extract information from the phylogenetic signal
rather than simply considering the conservation versus
variability of amino acid positions.
The importance of phylogenetic information versus simple
conserved/variable schemes can be conveyed by an example.
If one were to compare sequences of a protein across very
closely related organisms in a multiple alignment, most sites
will appear extremely `conserved', with very few changes
along alignment columns. If one then examines another
alignment of the same gene made of sequences from a
phylogenetically divergent set of organisms, it is likely that a
larger number of sites in the latter group will be variable. In
this case, inferences about relative functional importance
based on conserved versus variable sites cannot be made
because the phylogenetic range in the two cases is different.
Thus, it is of the utmost importance to account for the
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divergence levels expected based on phylogenetic depth.
Using a phylogenetic method such as maximum likelihood
with a rates-across-sites model allows for the separation of
branch lengths that re¯ect the phylogenetic depths of the
comparisons while the site-by-site rates capture the relative
rate of the actual amino acid positions (13). Not only can the
relative degree of constraint at an amino acid position be
re¯ected in these site rates (4,12,14,15), but phylogenetic trees
of two homologous datasets (two subtrees) can then be
compared on a site-by-site basis to ®nd discrepancies
(changes) in site rates. A change in site rate between homologs
may re¯ect a change in function of the residue in the protein
over evolutionary time, a phenomenon that has been referred
to as `type I functional divergence' by Gu (16,17). Prediction
of type I functionally divergent sites has recently received
much attention and a number of methods have now been
published to detect signi®cant changes in site rates across
subtrees in a protein family (15±20). However, so far, little
effort has been directed at detecting site-rate independent
functional divergence (type II) that occurs via alteration in the
amino acid usage or required chemical properties at a site (16).
In this communication, we introduce several methods for
detecting and quantifying type II functional divergence at sites
in protein families. These methods are implemented in a
software tool, covARES, that maps site rates, type I and type II
functional divergence and other comparative information
provided by multiple sequence alignments and phylogenies
onto 3D protein models. Recently, plotting site conservation
onto 3D models has been implemented in the programs
ConSurf (21) and rate4sites (12), while the program
DIVERGE (22) uses a method to detect type I functionally
divergent sites. In contrast, covARES is the ®rst application
that allows the detection of functional divergence between two
subtrees using both rate-dependent (type I) and rate-independent (type II) methods and provides statistical and
structural analysis tools to interpret the mapping results.
Here, we demonstrate the utility of these methods for inferring
functional constraints and/or divergence in a number of
protein families.
MATERIALS AND METHODS
Site-rate estimation and phylogeny
A series of protein families were gathered from the NCBI
protein sequence database surveyed with BLAST (23) using
the following sequences from known crystal structures as
queries: lobster enolase (1PDZ) (24), chloro-muconate
cycloisomerase enzyme (cMLE) (1CHR) (25), a-/b-tubulin
(1FFX) (26), and hydroxymethylglutaryl-CoA (HMG-CoA)
reductase (1QAX) (27). A dataset of rhodopsin-like G-protein
receptors was obtained from the Pfam database (28, accession
7tml_1) and mapped on the bovine protein structure (1F88)
(29). Sequences were then aligned using Clustalw v.1.81 (30),
the alignment was manually edited to remove gap regions and
other segments of ambiguous homology and an estimate of the
phylogeny was determined using the quartet puzzling algorithm under the maximum likelihood criterion employing a
Jones±Taylor±Thornton (JTT) amino acid substitution model
plus an eight site-rate category discretized G model implemented in Tree-Puzzle v.5.0 (31). Relevant and strongly
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supported nodes were identi®ed to split the data into subtrees
and the a (gamma shape) parameter was re-estimated for each
subset of the data. Site rates used in this study were the
conditional mode site-rates (i.e. they had the highest posterior
probability given the model, tree and the rates-across-sites
distribution) estimated by Tree-Puzzle v.5.0.
Algorithms
Software availability. The latest version of covARES can be
accessed at the following URL (http://bogota.biochem.dal.ca/
covares) or by request to the authors.
Centroid approximation. Because the identity of the amino
acid at a site varies across the alignment, the shapes of side
chains at sites in the structure were idealized to spheres, here
referred to as `centroids'. This creates a structure with sidechain sizes and shapes that are a better generalization over all
sequences than the speci®c side chains on the structure
corresponding to the homolog that was crystallized. The
reference protein structure was used as input to determine for
each residue the average position of its side chain atoms
(excluding Ca). The centroid of glycine residues was,
however, set to the position of its Ca. This average position
was set as the centre of the centroid.
Site-rate shift detection. Shifts in site rate are determined in
covARES by using BAM ®lter, or weighted difference of the
conditional mode relative rates as per Equation 1:

DRab
i 

Rai ÿ Rbi
Rai  Rbi

1

where DRi is the difference in rate at a site i and Ria and Rib are
the gamma-distributed rates estimated at this site, respectively, in two subtrees a and b.
Differently evolving sites. covARES scans through the sites of
an alignment to detect sites in which the identity of the side
chain was absolutely conserved in one subtree, and different in
the other. A site that is absolutely conserved in both subtrees
but has a different state (or identity) is herein referred to as an
absolutely differently evolving (ADE) site. A site that is
absolutely conserved with a given state `X' in one subtree, but
faster evolving and with a probability of occurrence of PX
< 0.2 in the other is referred to as a differently evolving (DE)
site. In the latter case, the properties required in the subtree
where the state is absolutely conserved are likely unfavourable, if not deleterious, to the function of the same site in the
other subtree. These latter sites may or may not correspond to
sites with a site-rate shift (`type I functional divergence').
However, they are highlighted because of the differences in
states displayed in subtrees rather than differences in site rate.
Characterization of chemical properties and changes in
chemical properties. The chemical properties of a site were
*
expressed as an 8-dimensional normal vector (CP s), where
each dimension represents one of eight structural features of
*
side chains. For alignment position S, the vector CP s can be
described by Equation 2.
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Table 1. Matrix of chemical properties for naturally occurring side chains in protein
Side chain

Shorta

Alkylb

Aromatic

Polarc

Acidic

Basic

Dihedrald

Disul®dee

G
P
A
V
L
I
M
D
N
E
Q
S
SSe
C
T
Y
F
W
H
K
R

1
1
1
1
0
0
0
1
1
0
0
1
1
1
1
0
0
0
0
0
0

0
1
1
1
1
1
1
0
0
1
1
0
0
0
1
0
0
0
0
1
1

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
1
0
0

0
0
0
0
0
0
1
1
1
1
1
1
0
1
1
1
0
0
1
1
1

0
0
0
0
0
0
0
1
0
1
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1

1
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
0

aSide

chain extending from the a-C by three or fewer C±C bonds.
chain that contains an alkyl moiety of three or more consecutive carbon atoms.
cSide chain with a net dipolar moment caused by heteroatoms.
dSide chain that may be recruited for its peculiar effect on backbone dihedral properties.
eExclusive to disul®de bond-forming cysteins.
bSide

*

CP s 

X

*

CP i  as bs cs ds es gs hs is 

2

i
*

where the properties vector (CP s) is the vectorial sum of all
*
states i at site S in an alignment. State speci®c CP s vectors are
described in Table 1.
*
Comparison between the CP s of two homologous sites can
be performed by calculating the vectorial difference of their
normal vectors (Equation 3). The length of the resultant vector
(Equation 4) will depend on the degree of similarity between
the two vectors that are compared (e.g. two vectors having
similar components will yield a short resultant vector while
vectors with different components will yield a longer resultant
vector).
*

CP s

C PÃ s  r
P
F2

3

DCPs  j C PÃ S2 ÿ CPÃ S1 j

4

F  a;b;c;d;e;f ;g;h;i

The value of DCPs represents a one-dimensional, relative
quantity of difference in side chain structural `preference'
between homologous sites found in two subtrees. To assess
statistical signi®cance of an observed DCPs value at a given
site, this value is compared with a distribution of DCPs*
derived from simulating sites maintaining the same patterns
of states (amino acid identities) among taxa but randomly
replacing the various states with other amino acids in

proportion to the overall frequencies of amino acids in the
dataset. A signi®cant difference in chemical properties is
detected if the probability of obtaining DCPs* >DCPs is <0.05.
A similar matrix of chemical properties has previously been
used to detect nucleotide binding sites on an individual
sequence basis (32). However, covARES determines the
average vector for all taxa in an alignment and normalizes it,
allowing the comparison of homologous sites between two
subtrees of different size.
Clustering test (covCLUSTER). The propensity for sites
within the same a priori de®ned subset (e.g. sites with
signi®cant DCPs rate shifts or similar rates, etc.) to cluster in
3D space was tested using N, the count of all pairs of sites that
(i) were in the same subset and (ii) were within a ®xed probing
Ê ) of each other. If there is
distance (varying between 6 and 24 A
a tendency to cluster, then N will be larger than if the subset
labels were assigned to sites at random in the sequence. The
distribution of N under the null hypothesis that there is no
tendency to cluster was approximated by the null distribution
of 500 N values, each one obtained by permuting the subset
labels across all sites. Because N is a count and sites are
independent, one can show that N should be approximately
normally distributed under the null hypothesis. This was
con®rmed using histograms and Q-Q plots of the permuted N
values. The 500 N values were used to approximate the mean
and variance of this normal distribution and a p-value was
calculated as the probability, under this distribution, of
obtaining values larger than the N observed for the data.
Alternatively, covARES also calculates an empirical p-value
based on the frequency of random clusters of equal or higher N
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than the observed data. For instance, Nobserved would be
considered signi®cant at an a-level of 0.05, if the frequency of
an N of that size or greater in the null distribution is <0.05.
Molecular graphics. Models of proteins were mapped by
covARES and were analyzed with VMD v.1.7.1 (33).
However, the mapped structure ®le respects the PDB standard
and can be viewed by any molecular graphics software. Final
rendering was done using POV-ray v.3.1g.
Preparing input data for covARES
Figure 1 illustrates the ¯ow of data from the input reference
structure and the maximum likelihood site-rate estimation to
the various applications forming covARES. Each polypeptide
chain is treated simultaneously but independently, which
allows the co-mapping of complexes of unrelated proteins. A
typical input requires a reference PDB ®le and, for one or more
of the polypeptide chain(s), it contains: (i) a multiple sequence
alignment and a maximum-likelihood analysis output ®le
(out®le) from Tree-Puzzle 5.0 containing the site-rate information or (ii) two multiple sequence alignments and their
corresponding Tree-Puzzle output ®les representing the two
subtrees of a phylogeny to be compared (e.g. eukaryotic versus
prokaryotic HMG-CoA reductase, or two paralogous
proteins). The output ®le from covARES contains a variety
of information for each site in the alignment(s) in a tabulated
format that can be imported into a spreadsheet application or
any other analysis package.

RESULTS AND DISCUSSION
Mapping phylogenetic estimated parameters
covARES maps phylogenetically derived information on a
molecular model by replacing up to two experimental ®elds
already present in the PDB ®le: the temperature factor and the
occupancy. These parameters can be: site rates, differently
evolving sites (DE, ADE or DCPs sites), site-rate shifts using
either the log difference or the weighted (BAM) difference
(Equation 1), neighbouring sites anisotropy (see http://
hades.biochem.dal.ca/Rogerlab/christian/NSA.html), visible
volume (34), distance from a user-de®ned subset of atoms
(such as a substrate or an interface of molecular contact) or
any user-de®ned parameter.
Structural studies across a phylogenetic dataset are predicated on the assumption that the fold of a known 3D structure
of a protein can be generalized to its homolog proteins where
segments of the primary sequence are unambiguously aligned.
Experimental observations regularly validate this assumption
(e.g. ref. 35). covARES excludes the ambiguously aligned
sites by outputting them with a different polypeptide chain
label. As an extreme case, Figure 2 shows the portions of the
structure both with (green/bold) and without (gray/thin)
regions of ambiguous alignment between a dataset of 63
eukaryotic enolases, 23 muconate lactonizing enzymes (MLE)
and their closely related homologs, chloromuconate cycloisomerase. The `gapped' regions in the alignment correspond
generally to loops and sections of the structure where variation
in length can be accommodated without affecting the side
chain packing of the protein interior.

Figure 1. Flow of data using covARES. The bolded boxes indicate some of
the applications forming covARES. The user must input a structure ®le, the
alignment and a Tree-Puzzle 5.0 maximum-likelihood output ®le for one or
more of the polypeptide chains present in the PDB ®le. The application
covCHEM allows the de®nition of a subset of atoms to be used as reference
point (e.g. an active site).

Figure 2. Stereogram of gapped regions in the alignment of sequences of
eukaryotic enolase versus sequences of MLE (MLE/cMLE) mapped on
Hydra vulgaris enolase structure (1PDZ). The green/bold segments of
backbone represent the gapped regions or segments of ambiguous homology
between the two datasets. The Mn++ ion is represented by a yellow sphere
and shown for reference.

Patterns of the rate of evolution
The patterns of slow evolving sites within a mapped protein
structure reveal the presence of functional units with a greater
degree of evolutionary constraint (3,12). For example, Figure 3
shows that the inner surface of the channel in the rhodopsinlike G-protein-coupled receptors is the most conserved region
amongst all sequences in this family. Furthermore, this
observation applies speci®cally to the section of channel that
lies on the cytoplasmic side of the cofactor, indicating that
only the mechanism of transduction from the cofactor-binding
site to the cytoplasmic interface is strongly conserved amongst
all members in this Pfam protein family. This is consistent
with the structural data indicating a network of interactions
along the transmembrane helix bundle (29). Provided a large
enough dataset becomes available, the alignment of this
family could be split into multiple representative sets corresponding to each of the functionally distinct paralogous
rhodopsin-like subfamilies and the site rates re-estimated for
each of these subsets. Such analyses could reveal conserved
structures speci®c to a narrower set of paralogs. This approach
of breaking datasets into functionally distinct subsets is
presented in a later section for the HMG-CoA reductase
family.
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Figure 3. Site-rate map of the 7 trans-membrane rhodopsin-like G-protein receptor. The site rates are color coded from slow (blue) to fast (red) evolving on
the bovine retinal rhodopsin [PDB: 1F88 (29)]. The left panel represents a view from the cytoplasmic side of the membrane while the right panel shows the
cytoplasmic end of the protein to the right. Grayed backbone segments indicate the homology of these segments could not be unambiguously determined due
to the presence of gaps in the alignment. The molecule of 11-cis-retinal is shown in yellow.

Previous reports agree that buried sites in a protein tend to
evolve more slowly (3,4), but most of these analyses have
been restricted to globular enzymes (4). Interestingly, the
mapping of evolutionary rates on the a-/b-tubulin dimer
indicates the opposite pattern. As shown on Figure 4, the
relative rates of evolution at sites within the core of the tubulin
proteins are faster than the rates of sites at the surface. The
multitude of intermolecular interactions between tubulins and
other proteins are apparently restraining the identities of sites
at the surface relative to the constraints imposed by side-chain
packing within the core of the proteins. This is consistent with
the common assumption that co-evolution of many interacting
proteins leads to a high degree of sequence constraint in the
proteins where the interactions occur.
Site-rate mapping can similarly be used to delineate
essential binding functions of proteins. For instance, we
have used rate mapping to better characterize the stop-codon
binding region of eRF1 (11) and to determine whether genes
coding for HBS1 and eRF3 are interacting with homologs of
eF1b and tRNAs (Inagaki, Blouin, Susko and Roger, unpublished).
HMG-CoA reductase test case
By mapping the site rates of bacterial class II HMG-CoA
reductase on the Pseudomonas mevalonii structure, it is clear
that the proximity to the active site is an important factor
determining the evolutionary constraints of this protein
(Fig. 5A). This observation agrees with recent work addressing the nature of such constraints in enzyme systems (3,4).
Using regression analyses, ASA and the distance from the
catalytic center have been shown to be signi®cant explanatory
factors of the site-rate distribution in the enzyme isocitrate
dehydrogenase (4). However, it is unclear which of the
apparently relevant factors in¯uencing evolutionary rates are
truly independent of other factors. covARES offers an output
that allows one to evaluate structural and phylogenetic data
jointly. An in-depth analysis of these structural determinants
of site rates and site-rate shifts for the glycolytic enzyme
enolase will be presented elsewhere (Blouin, Susko and Roger
unpublished).

Figure 4. Site-rate map of the a- and b-tubulin heterodimer. The site rates
are color coded from slow (blue) to fast (red) evolving on the dimeric
bovine tubulin structure. The sites assigned to the slowest rate category
were rendered as a molecular surface to demonstrate that the slow evolving
sites are found at the surface of the protein.

Comparison of two orthologous datasets
Phylogenetic information can be used to probe areas of a
protein for functional divergence amongst protein family
members. To do this, a dataset of sequences is split into two or
more subsets where functional difference is expected a priori
or is being tested, and these are compared on a site-by-site
basis. If a site is part of a functional group in only one of the
subsets, it is expected that the unused site will change more
often during evolutionary time, and thus have a larger relative
rate. Change in site rate has been used to detect the differential
presence of function in homologous proteins in our group (11)
and by other workers (8,9,15,18,36). However, not all kinds of
functional divergence will manifest in changed site rates.
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Figure 5. (A) Mapping of site rates and DE sites in P.mevalonii HMG-CoA. A stereogram of relative evolutionary site rates in bacterial HMG-CoA reductase
as mapped on the P.mevalonii structure (1QAX). Only the unmasked segments are displayed. The site rates are color coded from blue (slowest) to red
(fastest). The substrate HMG-CoA and the cofactor NAD+ are represented as a yellow molecular surface and were successfully co-crystallized in only one of
the two active sites. The other active site is located around the lower cluster of slow evolving residues. (B) The distribution of DE sites between bacterial
class I and class II HMG-CoA reductase. Type II functionally divergent sites are mapped on the P.mevalonii structure (1QAX) showing the substrate
HMG-CoA and cofactor NAD+ (yellow) and the backbone trace of the homodimer. ADE sites, DE sites and sites for which signi®cant differences in chemical
properties (DCPs) were detected are displayed in their respective panels. These residues wrap around the substrate/cofactor binding sites and in¯uence the
environment of the catalytic site, but are not part of it.

The comparison of the class I HMG-CoA reductase
(HMGR) of Archaea and the class II HMGR from
Eubacteria suggests that the difference in catalytic properties
between these two homologous classes may be caused by a
difference in the environment of the active site residues.
Figure 5B shows how differently evolved sites (DE and ADE
sites) are located along the substrate and cofactor binding
sites. As HMG-CoA is a homodimer, two of these clusters of
`functional shifts' are present in the structure, although only
one has the co-crystallized substrate and cofactor. Most of
these differently evolving residues are part of the second shell
of catalytic residues (i.e. these residues interact with the
catalytic residues), and therefore determine the physical
properties of the catalytic site. Finally, the chemical properties
vector (CPs) was determined for each site in both subtrees.
Sites with statistically signi®cant (p < 0.05) DCPs between the

archaeal class I and class II HMG-CoA reductase were
mapped in the P.mevalonii structure (Fig. 5B). As with the DE
sites, these sites also form part of the cluster of sites in which
the catalytic residues are embedded (Fig. 5B). Amongst these
shifts, there is an increased polarity assigned to secondary
positions surrounding the active site in the class II enzymes.
These positions, such as 785 (as named in structure 1QAX)
and 364, are suf®ciently close to the active site to in¯uence the
electrostatic context of the catalytic side chains 83 and 271.
There is also a pair of functionally divergent sites behind the
nicotinamide ring, which have an increased polarity in the
class II enzyme. These electrostatic differences may account
for the differential discrimination of cofactors between the
classes, and why the class II enzymes possess both anabolic
and catabolic activities while the class I enzymes do not (37).
Furthermore, the differently evolved sites may also correlate
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with the differential sensitivity of the class I and class II
HMG-CoA reductases to a variety of statin compounds
(38,39). These methods highlight changes in structural
preferences at sites. The notion of a network in this particular
case refers to a set of amino acid positions proximal to the
active site and cofactor binding regions that need not directly
interact but instead in¯uence the electrostatic environment of
the active site and may alter the energetic pro®le of the
catalysis performed in the two classes.
A survey of these residues offers a pertinent source of
information regarding what differs between two or more
classes of related enzymes. The effect of these residues may
not be directly observable in a single structure, but their
in¯uence may have left a trace that can be detected across a
large number of functionally similar but evolutionarily
divergent sequences. It highlights not only catalytic/
substrate-binding residues but also the other members of the
network of interactions that connect the catalytic side chains to
the protein matrix. The possibility that the set of residues
forming the putative network were randomly spaced across the
structure and not truly clustered was tested with the
covCLUSTER test, and was rejected at an extreme level of
signi®cance (p-value < 1E±16). Clearly these residues are
tightly clustered and likely co-evolved to provide a different
protein context for the active site residues, the substrate and
the cofactor binding pockets. Without comparative analyses,
identi®cation of such sites involved in functional changes by
systematic site-directed mutagenesis surveys would be a
prohibitively laborious endeavor, with no guarantee of
success. Thus, our comparative analyses have the potential
to drastically reduce the number of potential functionally
signi®cant sites in a protein to test experimentally.
Interestingly, the presence of differently evolving sites is
not merely attributable to ancient divergence in protein
families, but rather it does seem to speci®cally implicate
functional change in subtrees. For instance, a comparison of
enolase from bacteria and eukaryotes, where no signi®cant
changes in biological activities are expected (i.e. they are
known to perform identical activity in both subtrees), revealed
very few (<5 amongst 434 aligned sites) sites with signi®cant
DCPs values (C.Blouin and A.J.Roger, unpublished).
Other methods of site-rate shift detection
A number of methods directly addressing the detection of
changes in rates-across-sites within a tree have emerged
recently [16,17 (implemented in DIVERGE, 22),20,40]. The
output of any of these methods can be mapped on a reference
structure with covARES using the editable ®elds reserved for
each site. covARES provides two built-in weighted site-rate
difference measures: the BAM `difference's (Equation 1) and
a simple difference in log-transformed rates measure (see also
18). However, since no errors are provided on these estimates,
the statistical signi®cance of these two rate-shift measures
should be treated with caution, especially for small rate
differences.
CONCLUSION
There is little doubt that relationships exist between relative
evolutionary site rates, divergent evolution and the structure/
function of proteins. However, the scope and generality of

these relationships remain poorly understood. The study of
evolutionary patterns in 3D is providing new insights into the
processes of phylogenetic divergence in proteins as well as the
properties of proteins themselves. covARES serves both
functions by providing evolutionary and structural parameter
mapping and analysis tools that can help investigators harness
the vast information provided by rapidly increasing volumes
of comparative sequence and structural data.
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