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For 40 years, molecular biology has used evolutionary
approaches as a way to connect macromolecular (DNA
or amino acid) sequence to function [1]. Early work
applied special mathematical analyses to specific
cases [2,3]. Outside the field of molecular evolution,
simple evolutionary approaches (e.g. homology
searches [4]) are widely used today to infer ‘function’,
on the assumption that homologous sequences have
similar function [5]. Efforts have recently been
devoted to the development of more sophisticated
mathematical treatments that maximize the
interpretive value of genomic sequences [5–10].

The recent completion of a draft sequence for the
human genome [11,12] is almost certainly only the
beginning of a new episode of post-genomic biological
research, when genomic databases will be used to
generate hypotheses that can be experimentally
tested (interpretive genomics). For this purpose,
computational methods that generate hypotheses
about function from sequence evolution will be
valuable. Patterns of replacement, including changes
in the rate of replacement, are likely to be important
to these methods. For example, the functional
importance of sites is generally believed to be
inversely related to the evolutionary rate of amino
acid replacement [13,14]. This belief arises from one
interpretation of the neutral theory [13], in which
sites of greatest functional significance are under the
strongest selective constraints. An organism that
experiences a replacement at one of these sites is less
likely to survive and reproduce. Thus, the observation
that a histidine is highly conserved during the
evolution of a protein family is frequently taken as an
indication that the residue is in the active site of the
enzyme and is directly involved in catalytic function.

In some cases, the extent to which function
constrains the evolution of a protein sequence can be
estimated by measuring the ratio of non-synonymous
to synonymous substitution during its evolution. This
ratio is also widely used to detect positive selection in
coding DNA [15]. However, synonymous substitutions
are often selectively neutral and therefore occur at a
rapid rate [13]. Hence, synonymous substitution can
be used to detect only recent functional divergence,
because these sites rapidly become saturated with
mutations. For a typical vertebrate nuclear-encoded
gene [14], this type of analysis has been useful only as
far back as ~150 million years.

To assess more broadly the functional significance
of sequence evolution, particularly among more
distantly related proteins, new approaches have
emerged that consider amino acid replacements (or,
equivalently, non-synonymous substitution) alone.
These begin by analyzing how the evolutionary rates
of amino acid replacement differ among sites in a
protein sequence [16–18] (site-to-site rate
heterogeneity; Box 1), with a statistical formalism in
which the rate varies among sites according to a
gamma distribution. In the conventional analysis of
sequence evolution using the gamma model [17],
rapidly and slowly evolving sites remain rapid or slow
across the entire evolutionary tree. Because of this,
the model is termed ‘homogeneous’. A homogeneous
evolutionary rate is expected when the functional
constraints at sites are constant over the entire
evolutionary history.

However, if the function of the protein is changing,
some residues might be subject to altered functional
constraints in various portions of the phylogenetic
tree. This, in turn, implies that the evolutionary rates
at these sites will be different in different branches of
the tree. Such change in function is called type-I
evolutionary functional divergence [6,19,20]. To
capture this evolutionary phenomenon, the
constraint of fixed rates per site along the phylogeny
must be relaxed to allow the identities of ‘fast’and
‘slow’sites to change over evolutionary time; that is,
to allow site-specific rate shifts. Here, we refer to this
process as the ‘non-homogeneous gamma model’.
Conceptually, it can be tied to the covarion process;
that is, lineage-specific patterns of rate variation [2].
During the past three decades, many studies have
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found patterns of site-specific rate shifts during
protein evolution [2,21–36]. For example, statistical
tests have been developed and used to show that the
non-homogeneous gamma model provides a better
explanation of the evolutionary process than does the
homogeneous gamma model [24,25,30,33,36].

Site-specific rate shifts can influence tree making,
as has been demonstrated by empirical analysis
[27,29] and statistical modeling [26]. A
non-homogeneous gamma model is also useful in
identifying sites that could be involved in the change
of protein function [6,19]. Rate-shifted sites are the
residues that have either enhanced or reduced
selective constraints as a consequence of the change
in function during evolution, according to the
hypothesis of type-I evolutionary functional
divergence. For functional genomics, this analysis
turns out to be valuable. Indeed, these sites can be

further evaluated for their roles in functional
divergence by mapping them onto the available
tertiary structures of their proteins [20,31,34,37–41],
and be targeted in experiments. Such studies have
either predicted or correlated functional divergence
among gene families as diverse as caspases [20],
elongation factors [31,34], globins [40], Janus kinases
[35] and class-I α-mannosidases [42].

We begin here with a summary of different models
for the study of type-I evolutionary functional
divergence of proteins by site-specific rate shifts
during evolution. We then focus on approaches that
use the non-homogeneous gamma model (Box 1) to
identify sites that might be significant for functional
divergence and apply these approaches to several
gene families, highlighting the widespread
occurrence of functional divergence during protein
evolution. We finally illustrate the value of this
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Four amino acid positions of two hypothetical descendent
proteins and their common ancestor are shown in Fig. I.
Each ‘dot’ represents one unit of evolutionary change in
relation to the three other dots for a given sequence. Thus,
each dot represents the relative rate and not the absolute
rate. The descendent and ancestral sequence profiles
include the same number of slowly, moderately and rapidly
evolving positions (i.e. each consists of one ‘slow’, one
‘moderate’ and two ‘fast’ sites). The difference is that the
identity of these slow, moderate and fast sites can change
in the non-homogeneous gamma process, in contrast to
their fixed status in the homogeneous alternative. Thus, a
slow site can become a fast one (or vice versa) in the
non-homogeneous model but not in the homogeneous
one. Such rate changes at sites might reflect shifts in their
selective constraints and can thereby identify positions that
are probably involved in functional divergence.

Rate variation among sites is summarized in the gamma
distribution by its shape parameter (α). When the mean
replacement rate per site is set to 1.00, α becomes equal to
the inverse of the variance in rates among sites. Thus,
α increases as the variation in rates among sites decreases.
As has been proved statistically, combining two sets of
sequences with non-homogeneous rates increases the
value of α relative to its separate estimates for each group.

Conceptually, this increase in α can be explained by
reference to the two diagrams of descendent and ancestral
sequences. In the case of homogeneous rates, each
position of the two descendent sequences retains its
ancestral identity of slow, moderate or fast. Thus, the same
set of rate identities underlies the estimation of α,
regardless of whether the descendents are analyzed
separately or together. By contrast, when rates can shift,
the slow sites of one group can be opposed by the fast ones
of the other (and vice versa).

Consider the situation in which the sequences from D3
are combined with the sequences from D4 to generate a
single multiple sequence alignment (Fig. I). The combined
D3–D4 data are then used in a phylogenetic analysis to
calculate the evolutionary rates for the four positions. The
estimated evolutionary rates for D3–D4 will not be similar
to the evolutionary rates when D3 and D4 are considered
separately. Such differences introduce a dampening effect
when the two groups are combined, because the rate
differences among sites are reduced. This apparent
reduction in the rate differences among sites results in a
corresponding increase in the estimation of α. For real
sequences, such increases in α, when the data are
combined, can offer strong evidence that the rate variation
among sites is not homogeneous.

Box 1. Homogeneous and non-homogeneous gamma models

Homogeneous gamma model Non-homogeneous gamma model

D1

A1

D4D3D2

A2

1     2     3     4 1     2     3     4 1     2     3     4

1     2     3     4 1     2     3     4

1     2     3     4 Rate variation

for D3/D4 combined

Ti BS 

(a) (b)

Fig. I. Differences in evolutionary-rate behavior for the
homogeneous (a) and non-homogeneous (b) gamma models.
Each sequence contains four positions (indicated by sequential
numbers 1–4). A1, A2 and D1–D4 represent ancestral and
descendent populations, respectively. By considering a population
of sequences (or subtree), one can calculate the evolutionary rate at
each position of the sequence. For the homogeneous gamma model,
A1 gives rise to two descendent populations (D1 and D2) each of

which has the same site-specific rates as the ancestral population. 
By contrast, for the non-homogeneous gamma model, A2 gives rise
to two descendent populations (D3 and D4) in which the site-specific
rates can be different from those in the ancestral population, and
possibly different from each other. Notice that each descendent
population D3 and D4 contains the same number of slow, moderate
and fast sites. Thus, the rate variation among sites (α) is the same for
each of these individual descendent populations.



approach with specific cases that combine knowledge
about shifting rates with information from structural
biology. Such combination is a powerful and
cost-effective method for the further determination of
protein function.

Evolutionary models for functional divergence

A new approach has been developed that models the
site-specific rate shift under the non-homogeneous
framework in such a way that the homogeneous
gamma model can be treated as a special case. This
provides an opportunity to determine which of the
two models provides a better statistical fit to the 
data (Box 2). Gu developed a two-state model to this
end [6]. Consider a phylogeny with at least two
monophyletic clusters generated by gene duplication

or speciation. It is proposed that an amino acid site
has two states. In one state (S0), the site has the same
mutation rate in both clusters; in the other state (S1),
the site has different rates. In each state, the
evolution rate varies among sites according to the
gamma model. The prediction of functional
divergence (θ) between two clusters is defined as the
probability of a site being in S1 [i.e. θ =P(S1)], which is
called the coefficient of evolutionary functional
divergence. According to this approach, the
homogeneous gamma model is a special case in which
θ =0. A fast algorithm (Poisson based with
corrections) was initially developed for estimating
θ values [6]. To incorporate both a more rigorous
statistical analysis and more complex evolutionary
models, a likelihood approach was recently developed;
this was also extended to analyze three or more gene
clusters simultaneously [19].

Conceptually, θ measures the degree of
independence (i.e. the lack of correlation) between the
relative evolutionary rates at the sites in one protein
subfamily and those in another. This coefficient
ranges from 0 to 1, with an estimate of 0 indicating
that the same relative rates apply to the sites of one
group and to those of the second. In turn, values
approaching 1 reflect increasing differences between
the relative rates of each site in the two subfamilies.
Thus, values of θ that are significantly greater than 0
document the occurrence of rate shifts at specific sites
and the insufficiency of the homogeneous gamma
model. Furthermore, given the premise that shifting
rates reflect changes in protein function, θ can also be
interpreted as a predictor of the overall degree of
functional divergence between protein subfamilies.

Type-I evolutionary functional divergence
(i.e. change in function results in site-specific rate
shifts) after gene duplication provides a biological
basis for the non-homogeneous behavior of
evolutionary rates [6,19,20]. This premise has been
tested by analyzing ten vertebrate gene families
(Table 1). The θ coefficients between two member
gene clusters of a family range from 0.19 to 0.61, and
all of these are significantly greater than 0. This
implies that most duplicate genes have undergone
shifted functional constraints after gene duplication.
Moreover, a similar pattern of functional divergence
after domain duplication (shuffling) is also observed,
indicating the importance of non-homogeneous
evolution in generating multiple-domain proteins.
For example, Gu et al. [35] have studied the JAK
protein family, a set of non-receptor tyrosine kinases.
These tyrosine kinases have two homologous
domains: a tandem kinase domain (JH1, functional)
and a pseudokinase domain (JH2, function
unknown). The θ coefficient between the two domains
is 0.412 ± 0.049 (Fig. 1).

Under the gamma model, the rate heterogeneity
among sites is characterized by its shape parameter
(α). When there are rate-shifted (non-homogeneous)
sites, combining two clusters increases the value of
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To study proteins under functional divergence, we have developed a new software
system called DIVERGE (for ‘detecting variability in evolutionary rates among
genes’) [a], which comes under the umbrella of PHYBA (phylogeny-based analysis)
[b,c]. The emphasis in DIVERGE is on four main concerns: accuracy of results, ease
of use, expandability and accessibility. DIVERGE has been developed to function
identically whether the environment is Microsoft Windows 98 or NT, or Unix.

The operation of DIVERGE requires the user to supply a gene tree divided into
multiple subtrees (neighbor-joining trees can be generated by DIVERGE), an amino
acid replacement matrix (standard ones are provided) and a multiple sequence
alignment. Also, if available, a suitable protein structure in PDB format can be
provided by the user. After DIVERGE has performed the statistical analysis of the
sequences, the user can examine important residues for functional divergence by
their posterior probability analysis, which can then be plotted onto the alignment
and/or the protein structure (if available). By allowing interactions with the protein
structure, new discoveries about the relationships among residues, such as the
spatial clustering of those with shifted rates, can be identified. The software is
freely available at http://xgu1.zool.iastate.edu/
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Box 2. DIVERGE software

Table 1. Coefficients of evolutionary functional divergence (θθθθ) between

homologous clusters of ten gene families, estimated by DIVERGE

Gene family Member gene cluster
a

Sites
b θθθθAB

 ±±±± SE
c

Refs

A B

Y-box-binding protein YB-1a (13) Variant A (5) 179 0.31 ± 0.16 [35]
CC chemokine receptor 2/5 CCR5 (15) CCR2 (4) 341 0.42 ± 0.12 [35]
Sarcoplasmic reticulum Ca2+ SERCA1 (13) SERCA2 (5) 990 0.49 ± 0.09 [35]
  ATPase
Endothelin END1 (6) END2/3 (6) 130 0.56 ± 0.17 [35]
Calponin H1 (11) H2 (5) 182 0.61 ± 0.15 [35]
Hemoglobin α (56) β (56) 137 0.36 ± 0.07 [40]
Transferrin TF (7) LTF (5) 553 0.19 ± 0.07 [6]
Myc c-Myc (14) N-Myc (8) 276 0.39 ± 0.08 [6]
COX Cox-1 (8) Cox-2 (11) 583 0.44 ± 0.09 [19]
Caspase CED-3 (31) ICE (11) 198 0.29 ± 0.09 [20]

aNumbers in parentheses represent the number of sequences for each member gene cluster.
bThe total number of amino acid positions (without gaps) in the multiple sequence alignment.
cThe coefficient of evolutionary functional divergence between clusters A and B, and its standard
error (SE).



α relative to its separate estimates for each 
cluster [6]. This increase in α can be intuitively
explained by reference to the previous diagrams of
descendent and ancestral sequences (Box 1). For real
sequences, such increases in α, when the data are
combined, offer strong evidence that the gamma
process is not homogeneous when adequate sample
sizes are analyzed. This type of test was adopted by
Gaucher et al. [31] to document non-homogeneous
behavior in the elongation factors (EFs) of bacteria
and eukaryotes.

Site-specific profile for identifying important residues

If the non-homogeneous gamma model provides
statistical evidence for site-specific rate shifts after
gene duplication or speciation, we next wish to
identify specific sites in the protein that might have
experienced a shift in their functional constraints.
These sites are most likely to be relevant to our
understanding of the structure–function basis of the
differences between proteins. The posterior
probability, denoted by P(S1|X), of a site being in the
S1 state (i.e. type-I evolutionary functional
divergence, or a site-specific rate shift), given the
observed amino acid pattern at a particular position of
the multiple sequence alignment, has been suggested
as an indicator of this type of evolution [6,19]. This

approach uses the empirical bayesian inference
procedure, because the parameters in the prior
distribution (θ) are estimated from the current data
by the maximum likelihood method [19].

Several other measures have been proposed
based on different criteria but for the same 
purpose [28,31]. Instead of the standard gamma
model, Morozov et al. [28] adopted the technique of
spectrum analysis (e.g. the Fourier transformation)
to obtain a site-specific profile of evolutionary rates
(or rate differences). Gaucher et al. [31] selected a set
of important candidate sites using statistical
quantiles as a measure. Technically, site-specific
profiles can also be developed using Galtier’s 
model [30], although this remains to be done. Several
other research groups have developed region-specific
profiles for rate differences based on the
sliding-window procedure, which considers blocks
instead of individual positions. Dermitzakis and
Clark [43] used a method modified from Tang and
Lewontin [44] to test whether the pattern of rate
shifts is region specific in some vertebrate duplicate
genes. Independently, Marin et al. [45] used a similar
approach but took the biochemical properties of
amino acids into account. These region-specific
approaches are particularly useful when the number
of available sequences is small. For instance,
Dermitzakis and Clark’s test is specifically designed
for two gene clusters, each of which has only two
sequences. In the future, it would be interesting to
compare their performances.

In general, when phylogeny-based sequence
analysis is coupled with information from protein
crystal structures, considerable additional insight
can be extracted from the evolutionary perspective.
For example, Benner used this combination to
identify active-site residues in the alcohol
dehydrogenase family and to predict quaternary
structure [3]. This approach was adopted in the
‘evolutionary trace’approach [37] and later modified
by Landgraf et al., who used weighted replacements
in their study of the heregulin gene family [39]. 
Most recently, Landgraf et al. incorporated site-
specific rate shifts into the model [41]. Although an
ad hoc scoring system is used, these approaches have
been successful because they incorporate the
structure–function correlation into comparative
analyses.

Structural basis of site-specific rate shifts

The value of non-homogeneous gamma model
analyses is perhaps best illustrated by specific case
studies. Elongation factors Tu (EF-Tu) and 1A
(eEF1A) are homologous proteins that are essential
to translation in bacteria and eukaryotes,
respectively. These GTPases catalyze the binding of
aminoacyl tRNAs (aa-tRNAs) to the A site of the
ribosome. Despite their similar overall roles in
translation and very low rates of evolution, these
proteins differ in several of their specific functions.

TRENDS in Biochemical Sciences  Vol.27 No.6  June 2002

http://tibs.trends.com

318 Review

Ti BS 
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JH1 Zebra EEILRSLQHE NIVRYKGVCY NNLRLVMEFL PFGSLRDYLS KNRFDHSKLL
JH1 Puffer fish EKTLSVLHCE YIVKYKGVCY LSMGLVTEYL PYGSLIGYLE NNKVDTRRML
JH2 Human EASLMSVSHT HLAFVHGVCV PENSMVTEYV EHGPLDVWLR REHVPMAWKM
JH2 Mouse EASMMRVSHK HIVYLYGVCV VENIMVEEFV EGGPLDLFMH RKALTTPWKF
JH2 Zebra EASMMSLSHK HLLLNYGICV DEHIMVQEYV RFGSLDTYLK RNTINITWKL
JH2 Puffer fish EASLMSFSHK HLILVYGVTL VKNIMVQEFV EYGALDLYLK RGSVSVSWKL

↑ ↑

                  90         100        110        120        130
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JH1 Human LFAQQICEGM AYLHAHDYIH RDLAARNVLL DNDKDFGLAK AVPEHEYYRV
JH1 Mouse KYAIQICKGM DYLGSRQYVH RDLAARNVLV ESEKDFGLTK AIETKEYYTV
JH1 Zebra LYASQICKGM DYLAEKRYVH RDLATRNILV ESEKDFGLTK VLPQKEYYTV
JH1 Puffer fish LFASQICKGM EYLQSLRFVH RDLAARNILV ASEKDFGLTK IIPCKEYYRV
JH2 Human VVAQQLASAL SYLENKNLVH GNVCGRNILL ARLGPFILSD PGVGGALSRE
JH2 Mouse KVAKQLASAL SYLEDKDLVH GNVCTKNLLL AREGPFILSD PGIPSVLTRQ
JH2 Zebra EVAKQLAWAL HHLEEKSLTH GNVCARNVLV TREGPFILSD PGISTVQPRE
JH2 Puffer fish DVAKQLASVL TFLEQNNIVH GNICAKNLLL ARESPFILSD PGISLMLGKD

↑

                  140        150        160        170        180

JH1 Human REDGDSPWYA PECLKEYKFY YASDVWSFGV TLYELLTHCD SPTKFMTVLL
JH1 Mouse KDDRDSPWYA PECLIQCKFY IASDVWSFGV TLHELLTYCD SPLFLMTVTL
JH1 Zebra REPGESPWYA PESLTESKFS VASDVWSFGV VLYELFTYSE KPVFMMIVYL
JH1 Puffer fish TQPGESPWYA PESINESRFS HESDVWSFGV VLYELFSYCD IPYMQSISLL
JH2 Human ERVERIPWLA PECLPGNSLS TAMDKWGFGA TLLEICFDGE APLQSRSPSK
JH2 Mouse ECIERIPWIA PECVEDKNLS VAADKWSFGT TLWEICYNGE IPLKDTLIEK
JH2 Zebra REPGESPWYA PESLTESKFS VASDVWSFGV VLYELFTYSE KPVFMMIVYL
JH2 Puffer fish VIVDRIPWVA PEVLASENLT LESDKWSFGA TLWELFNNGN NPLLGWDLDK

↑ ↑

Fig. 1. Representative multiple sequence alignment (MSA) used to calculate θ (the coefficient of
evolutionary functional divergence) between the JH1 and JH2 domains of Jak proteins [35]. The
complete MSA contained 212 non-gapped positions (23 JH1 and 22 JH2 sequences). Positions with
posterior probabilities of ≥95% are indicated with arrows: arrows above the sequences represent
positions that are conserved in JH2 but variable in JH1, whereas arrows below the sequences
represent positions that are conserved in JH1 but variable in JH2. Conserved amino acids at positions
103 (Glu, JH2) and 137 (Tyr, JH1) are important for the biochemical behavior of their respective
domains, as demonstrated by mutagenesis experiments [35].



For example, EF-Tu regenerates its active form via
the single-subunit nucleotide-exchange factor EF-Ts.
By contrast, eEF1A is regenerated by the
multisubunit nucleotide-exchange factor eEF1B.
eEF1B is composed of the subunits α, β and γ; subunit
α is responsible for eEF1A binding and for the
catalytic activity of nucleotide exchange. eEF1A also
interacts with eukaryotic cytoskeletal actin and
might thereby play a role in tRNA channeling,
cellular transformation and apoptosis. EF-Tu can
have no such role in bacteria.

These more subtle changes in function between
EF-Tu and eEF1A might correspond to differences in
the evolutionary rates of their sites. To investigate
this, EF sequences were analyzed [34] using the
DIVERGE program [46] to identify positions that
have undergone site-specific rate shifts
(θ =0.71 ± 0.04). A total of 24 sites were highlighted as
evolving significantly faster in eukaryotes, whereas
25 sites were evolving significantly faster in bacteria,
given their posterior probabilities of ≥95%. These
sites were mapped onto the tertiary structures of
bacterial [47] and eukaryotic [48] EFs, and correlated
to cellular and biochemical data [34]. In all, 39 of the
49 sites were predicted to be associated with known
binding domains on the EF structures. In fact, most of
the 49 sites fall into multiple clusters and so are not
randomly distributed across the protein structure.

Functional explanations for these non-
homogeneous sites were based on differences in
nucleotide, aminoacyl-tRNA, ribosome, actin and
nucleotide-exchange-factor binding for the respective
EF lineages. For example, although the mechanism of
nucleotide exchange is conserved, the binding of their
respective exchange factors is markedly distinct in
the two lineages (Fig. 2). EF-Tu binds to EF-Ts
through α-helix D and coils at the surfaces of
domains 1 and 3, respectively. Eight positions within
these EF-Tu–EF-Ts binding regions are evolving

more rapidly in eukaryotes than in bacteria. Although
they are present in eEF1A, these secondary
structural elements are not involved in its binding to
eEF1Bα. Instead, eEF1A binds to its nucleotide-
exchange factor via contacts on the surfaces of
domains 1 and 2. Three positions directly involved in
this interaction (51, 216 and 263) are conserved in
eukaryotes but have diverged in bacteria. Thus, these
eight and three positions are evolving faster in
eukaryotes and bacteria, respectively, because they
are under few functional constraints for the binding of
EFs to their respective exchange factors.

The structure of α-helix D is conserved by both
EF-Tu and eEF1A, even though it is not involved in
binding of the latter to eEF1Bα. Alternatively,
α-helix D might be responsible for the binding of
eEF1A to the actin of the eukaryotic cytoskeleton.
This possibility is supported by the sequence
similarity between α-helix D of eEF1A and the actin-
binding region of depatin [49]. eEF1A occurs in both
the nucleus and ribosomes, and binds both charged
and uncharged tRNAs. Taken together, these
arguments raise the intriguing corollary that these
sites might, in eukaryotes, be responsible for the
ability of eEF1A to channel tRNAs between the
nucleus and ribosomes [50].

Seven positions with lower rates in eukaryotes
than bacteria (residues 33–39) were predicted to form
a unique α-helix at the surface of eEF1A, in
combination with or separate from an adjacent
insertion [31,34]. Given its charged and hydrophobic
residues, this unique α helix was assigned a putative
binding function in eEF1A. In EF-Tu, no such binding
interactions were assigned to these sites, because
they were neither conserved nor part of a rigid
secondary structure. The posterior probabilities and
the recently determined tertiary structure for
eukaryotes confirm the status of these seven sites and
document the existence of this α helix between
positions 33 and 39 in eEF1A (Fig. 2). These results
support the hypothesis that this unique secondary
structure confers distinct binding properties on
eEF1A. This review of changing rates in EFs
highlights the power of combining the results of
evolutionary rate analyses with knowledge from
protein structure and function [20,31,40].

In contrast to the EF example, structure–function
relationships based on shifts in evolutionary rates can
be apparent even when θ is not high. The caspase
(cysteine aspartyl protease) cascade is the key
component in the apoptotic machinery of
programmed cell death [51]. In vertebrates,
14 caspases are classified into the CED-3 and ICE
subfamilies. The CED-3-type caspases are essential
for most apoptotic pathways, and the major function
of the ICE-type caspases is to mediate immune
responses. Site-specific rate shifts between the 
CED-3 and ICE subfamilies predict altered 
functional constraints with statistical significance
(θ =0.29 ± 0.05) [20]. Moreover, the three-dimensional
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Fig. 2. Tertiary structures of (a) EF-Tu from Thermus aquaticus [47] and (b) eEF1A from
Saccharomyces cerevisiae [48]. Green identifies sites from the posterior probability analysis that are
evolving more slowly in eukaryotes than in bacteria, and red identifies sites that are evolving more
quickly in eukaryotes than in bacteria. The ovals represent the EF-Ts- and eEF1Bα-binding domains for
their respective elongation factors. The numbers 1–3 indicate the different domains of the proteins.
Abbreviations: EF, elongation factor; eEF, eukaryotic elongation factor.



structure has been used to correlate sites that display
shifted evolutionary rates with structure–function
differences between the protein subfamilies [52]. For
example, site 161 has a posterior probability of ≥95%
and holds a conserved tryptophan in all 22 sequences
from the CED-3 subfamily. By contrast, a range of
amino acid residues are present at this site in the
ICE subfamily. This site is near the surface loop that
is present in members of the CED-3 subfamily but
absent in almost all ICE-type caspases. The high
variability at this position within the ICE subfamily
has been interpreted as possibly being caused by this
tertiary-structure difference, which is responsible for
the functional divergence between CED-3- and
ICE-type caspases.

In spite of the utility of DIVERGE, it is difficult at
this early stage to evaluate the false-positive (or
false-negative) rate of prediction by DIVERGE, 
owing to the lack of sufficient experimental data 
and the diverse nature of functional divergence
(e.g. biochemical, structural or phenotypic property).
However, DIVERGE could have significant potential
if its results are used appropriately as a guide for
experimental design.

Concerns and future directions

Similar to almost all statistical models of sequence
evolution, those that we have reviewed for detecting
non-homogeneous rate behavior between groups
share the assumption that individual sites are
evolving independently. This assumption might not
hold for sites that are close together in the 
sequence [53] and for more distant ones that interact
functionally or structurally [3,54]. Indeed, the issue
of site dependence was raised in the original covarion
studies [24], in which replacements at one position
were postulated to result in rate shifts at other
positions. The study of co-evolving sites could be
enhanced by using replacement matrices that are
based on the physiochemical properties of the amino
acids [55]. A maximum likelihood model has been
described that accommodates the potential for
co-evolution among sites [56]. Clearly, there is a 
need for further studies of site-to-site dependencies
within a protein, and the incorporation of these
constraints into more sophisticated models of
sequence evolution.

In the future, it will be desirable to combine the
current model of evolutionary functional divergence
with site-dependent matrices of amino acid
replacements [57,58]. This variable usage of
replacement matrices across sites will acknowledge
that variable sets of amino acids are permitted by
selective and functional constraints at different
positions. For example, at one site, only acidic amino
acids might be permitted (i.e. Asp and Glu), whereas
at another, only aromatic residues might be allowed
(i.e. Phe, Trp and Tyr). Rather than relying on a
general replacement matrix for all positions (e.g. the
JTT [59] or PAM matrix), the use of site-specific ones

could greatly enhance our ability to detect
dependence, as well as rate shifts, across sites.

Given the nearly neutral theory of molecular
evolution [60], population geneticists have argued
that the evolutionary rate of a protein will be
greater in a small population than in a large one.
This rate increase is expected in small populations
because more slightly deleterious alleles escape the
purging effects of negative selection. Instead, these
slightly deleterious alleles can drift and even
become fixed in the population, thereby elevating
the evolutionary rate of the protein. One might then
argue that rate shifts at individual positions reflect
the changes in population size rather than varying
selective constraints. However, this concern about
changing population size is not an issue for the
rate-shift method described here because, in effect,
θ relies on the degree of correlation between the
rates per site of one group and the rates per site of
another. Thus, θ compares the relative patterns of
the rates per site rather than their absolute rates.
Population size differences affect the overall rates of
proteins but not the relative patterns of the rates
among individual sites. As such, population factors
(such as size) will not affect θ, and this can be
demonstrated mathematically (such a
mathematical argument is available from X. Gu
upon request). In the same fashion, other
widespread factors that could affect the overall rate
for a protein (e.g. a change in the overall efficiency of
a DNA repair system) are not a concern.

Conclusions

Whether referred to as site-specific rate shifts [32],
heterotachy [36] or covarion-like behavior
[23–27,29–31,33,34], the power of the non-
homogeneous gamma model approach can be
sufficient for it to address more than the simplest
hypothesis. However, at the very least, the biologist
needs a better understanding of what
non-homogeneous pattern of evolutionary rate
means. Although currently not available, databases
that collect rate-shifted sites would be useful in this
regard, especially ones that integrate protein
sequences, phylogenetic trees and experimental
information. These could be combined with existing
high-throughput techniques for site-directed
mutagenesis to test hypotheses about the biological
meaning of site-specific rate differences [38].

Once these databases are available, we will be able
to ask whether still more sophisticated models are
necessary to capture biological information from
genomic databases [61]. The non-homogeneous
gamma model still does not capture the reality of
protein sequence divergence in many ways (e.g. with
regard to site independence and site-to-site
differences in the replacement matrices).
Considerable work is needed for us to decide 
whether more advanced statistical models are needed
for the biologist.
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