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Making accurate functional predictions for genes is a key step in this era of high throughput gene and
genome sequencing. While most functional prediction methods are comparative in nature, many do not
take advantage of the power that an evolutionary perspective provides to any comparative biology
analysis. Here we review how evolutionary analysis can greatly benefit both homology-based and non-
homology-based functional prediction methods. Examples that are discussed include phylogenetic
determination of orthology, the use of character state reconstruction analysis of gene function, and

evolutionary analysis of rates and patterns of gene evolution.

INTRODUCTION

One of the key steps in all genome sequencing projects
is the prediction of function of genes present in
that genome. While this process should be considered
a form of educated guesswork (and thus one should
never assume that the predicted function is correct),
the predictions that are made are very important
in interpreting the genome sequence data and in guiding
future experimental work. Many computational
methods have been developed to aid in the prediction
of gene function. These methods can be divided into two
main classes—the homology (or similarity) methods
and the non-homology methods. In the homology/
similarity methods, functional predictions are based
on identifying and characterizing similarity in sequence
or structure of the gene or its encoded product to
genes of known function. The similarity that has
been used includes that at different levels: motifs,
domains, entire genes/proteins, and even possibly
secondary or tertiary structure. In the non-homology
methods (which have only come to the forefront
recently), properties of a gene other than its similarity
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to other gene/products are used to aid in functional
predictions. Properties that have been used include
distance from origins of replication, distribution pat-
terns across species, analysis of neighboring genes
(Overbeek et al., 1999; Huynen et al., 2000a, b), domain
patterns (Snel et al., 2000), and codon usage or
nucleotide composition (Karlin, 2001; Karlin and
Mrazek, 2001; Karlin et al., 2001). In the non-homology
methods, genes in a genome or even across genomes are
grouped by these properties and then the function of
unknowns can be predicted if they group with genes
with known functions.

The homology and non-homology functional predic-
tion methods are both comparative in nature. That is,
they rely on comparing genes and genomes within and
between species. In theory, any comparative biological
analyses such as this could simply focus on quantifying
and characterizing the similarities and differences
between species. However, for a deeper understanding
of the biology being studied, it is helpful to go beyond
this cataloguing of similarities and differences to try to
understand how and even why those similarities and
differences came to be. This is what is known as the
evolutionary perspective to comparative biology and the
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basis for the now famous quote of Dobzhansky (1973),
“Nothing in biology makes sense except in the light of
evolution.”

This “‘evolutionary perspective” has become an
integral part of some biological fields, such as physiol-
ogy and developmental biology (Harvey et al., 1996).
However, the applications of this perspective have been
slower to take hold in other fields, such as molecular
biology and genomics. This is also true of efforts in
functional prediction. Here we discuss how and why
information on phylogeny can improve the functional
predictions made with these methods. In addition, we
suggest additional ways in which functional analysis in
the future might take advantage of the benefits of an
evolutionary perspective.

EVOLUTIONARY PERSPECTIVE AND
HOMOLOGY METHODS

Similarity Is Not a Reliable Indicator of
Evolutionary Relatedness or Function

A key step in all homology-based functional predic-
tion methods is the determination of whether there is
similarity of the gene of interest to characterized genes.
This similarity can be measured at any or all of many
levels: primary sequence of the DNA or protein,
secondary structure, or three-dimensional structure
(Bork and Koonin, 1998; Doerks et al., 1998). Of
course, if no similarity is detected, or if similarity is
detected only to genes with no known function, then no
functional prediction can be made. If similarity is
detected to a gene with known function, then the
unknown gene can possibly be assigned the function of
the known gene. While in principle this seems sim-
ple—there are many potential difficulties. First, one
must determine if the similarity is biologically signifi-
cant. In addition, there are many search result patterns
that produce somewhat ambiguous results. The query
gene can have significant matches to genes with known
functions, but much better matches to genes with no
known function. In addition, the query gene may have
significant matches, all of equal or similar value, to
genes with different functions. In these cases, it is
necessary to choose which gene to use as the putative
function of the query gene. While there are ways to
make this choice based on the levels of similarity
observed, they are all flawed since similarity itself is
not a reliable indicator of evolutionary relatedness (Li,
1997). Therefore, what is needed are measures of
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relatedness not similarity (Eisen et al., 1997; Eisen,
1998b).

Distinguishing Orthologs from Paralogs

One important aspect of gene relatedness is the issue
of orthology and paralogy (Fitch, 1970). Since func-
tional divergence frequently accompanies gene duplica-
tion, determining whether the query gene is an ortholog
of a gene with known function or a paralog can help in
deciding whether to assign the unknown gene the
function of the known gene. For example, if one
determined that the gene of interest was similar to
hemoglobin genes, it would be important to know
whether it is an ortholog of any of the known
hemoglobin. There have been many studies looking at
individual gene families trying to determine orthology
and paralogy as an aid in functional predictions (e.g.,
Eisen et al., 1995; Saier et al., 1999).

We give a few examples here to show the potential
utility of such analyses. Analysis of the complete
genome of Deinococcus radiodurans (White et al.,
1999), the most radiation-resistant species known,
revealed the presence of two homologs of the uvrA
gene, a gene that in many other bacterial species is
involved in nucleotide excision repair. At the time, uvrA4
homologs were found in all complete bacterial genomes
and this was the first species found to encode two uvr4
homologs (Eisen and Hanawalt, 1999).

uvrA homologs between species are very highly
conserved and from the blast searches alone it was
difficult to determine if either of the D. radiodurans’
uvrA homologs was more similar to the characterized
uvrAs than the other. However, phylogenetic analysis of
the uvrA gene family revealed a clear distinction, one of
D. radiodurans genes was most closely related to the
normal uvrAs and the other was actually in a novel uvr4
orthologous group which we called uvrA2. Interestingly,
the other genes in this family were involved in antibiotic
resistance rather than DNA repair. This fact, coupled
with the fact that uvr4 genes are members of the ABC
transporter superfamily of proteins led us to suggest that
the uvwrA2s may be involved in transporting DNA
damaging agents out of the cell. We have used similar
analysis in many of our genome analysis papers,
identifying a new RNA polymerase subfamily in
Arabidopsis thaliana (AGI, 2000) (Fig. 1, available at
http://www.nature.com/nature/journal/v408/n6814/sup-
pinfo/408796a0.html) and unusual photolyase homologs
in Vibrio cholerae (Heidelberg et al., 2000). While
analysis of interesting genes can continue by detailed,
curated efforts, for genome analysis in the future, with
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FIG. 1. Evolution of the UvrA family of proteins within the ABC
transporter superfamily. (A) Phylogenetic tree of the ABC transporter
superfamily showing the origin of the UvrA family. Representative
genes of other families are also shown. (B) Phylogenetic tree of Uvr4
family showing two subfamilies (UvrA1l and UvrA2). D. radiodurans is
so far the only species with genes in both subfamilies. The UvrA1 genes
are all involved in nucleotide excision repair. The only UvrA2 gene
with a known function is the DrrC gene of Streptomyces peucetius
which is required for resistance to daunorubicin and may be involved
in transport of this antibiotic from the cell. Trees were generated from
sequence alignments using the neighbor-joining method and a PAM-
based protein distance calculation.

more and more genomes being sequenced, automated
methods of phylogenetic analysis are going to be more
and more important.

The first attempt to develop a rapid method for
determining orthology was the COG method (Tatusov
et al., 1997, 2001), for which there is an online resource
at http://www.ncbi.nlm.nih.gov/COG/. This method
uses a clustering algorithm to identify genes in genomes
that are mutually more similar to each other than to any
other genes in those genomes. The method then assumes
that these are orthologs. While this method is very
useful, it is not the ideal way to identify orthology since
it still relies on pairwise similarity scores and not on
phylogeny (Xie and Ding, 2000).

Another approach to allow rapid identification of
orthologs has been to first divide gene families up into
groups of orthologs and paralogs (or at least into
distinct subfamilies), and to then build models that
represent the sequence diversity in those groups of
genes. Unknown genes can then be searched against
these ortholog models and would be assigned to the
group for which it is most similar to their model.
Examples of this approach include the Panther system
(Venter et al., 2001), TIGRfams (Haft et al., 2001), and

483

some of the models in PFAM (Bateman et al., 2002).
These methods are perhaps one step better than COGs
since they make use of explicit phylogenetic determina-
tion of subfamilies. However, since the placement of a
gene into a group is still based on a similarity score (to
the subfamily model), they are still potentially affected
by evolutionary rate variation.

Since orthology is defined based on phylogeny, it
makes sense that phylogeny would be the way to identify
orthologs. However, it is only recently that methods
have been developed to allow high throughput, accurate
placement of query genes into phylogenetic groups (e.g.,
Sicheritz-Ponten and Andersson, 2001; Zmasek and
Eddy, 2001). Thus manual phylogenetic analysis is still
an important tool in determination or orthology.

Orthology Is Not Enough

While the identification of orthologs is helpful, it is
still not a sufficient tool since orthologs sometimes have
different functions. Because of this, we have proposed
that an important tool in the prediction of gene function
is a phylogenetically based reconstruction of functional
evolution for a gene family (Eisen et al., 1997; Eisen,
1998b). To do this, function can be treated as a
character state and standard character state reconstruc-
tion methods can then be used to trace the changes in
function over time. Ancestral states can then be inferred
for the gene family and the function of genes with
unknown function can be predicted from the tree. While
initially we suggested that a parsimony-based character
state reconstruction be used, a likelihood approach
would probably be more accurate. A likelihood model
could take into account information on the probabilities
of functional change between and within orthologous
groups (Gu, 2001a, b; Knudsen and Miyamoto, 2001).

EVOLUTIONARY PERSPECTIVE AND
NON-HOMOLOGY METHODS

Orthology Determination Is Needed for Non-
homology Methods

Non-homology methods attempt to group genes
based on features other than sequence/structure that
they share in common. The function of a gene of interest
can possibly be predicted if it groups with genes with
known functions. Even those methods claim to be non-
homology based, they can be improved using analysis of
homology. This is perhaps most clearly understood in
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relation to one of the non-homology methods—phylo-
genetic profiling (Pellegrini et al., 1999). In phylogenetic
profiling, genes are grouped based on their distribution
patterns across species. The use of gene distribution
patterns has been suggested as a useful tool in studies of
evolution and protein function approach (e.g., Tatusov
et al., 1997; Eisen, 1998a, b, 1999). It was first described
in detail by Gaasterland and Ragan (1998a, b; Ragan
and Gaasterland, 1998) and has now become known as
phylogenetic profiling (Pellegrini et al., 1999). Since
genes that function together in the same cellular process
are frequently inherited or lost as a wunit, their
distribution patterns across species are often similar.
Thus, the function of a query gene can possibly be
predicted if its presence/absence pattern across species is
the same as genes with known functions. In the initial
phylogenetic profiling study (Pellegrini et al., 1999), the
profile for a gene was binary in nature. A gene was
considered present in another genome if there was a
match better than some threshold using a similarity
search tool such as BLAST. While this profiling method
is powerful, it is limited by the fact that evolutionary
rates vary greatly among proteins. Therefore, it is
impossible to select a versatile cutoff value to define
presence or absence across species. Using normalized
measures of sequence similarity (Marcotte et al., 2000)
can relieve this problem somewhat but still does not deal
well with the issue of orthology and paralogy. We and
others have previously suggested that the co-distribution
of orthologs can be an important tool in functional
predictions (Tatusov et al., 1997; Eisen, 1998a; Eisen
and Hanawalt, 1999). Thus, for a phylogenetic profile to
be most useful, it should be able to distinguish orthologs
from paralogs, and then genes could be grouped based
on the presence and absence of orthologs. For example,
we have found (Wu and FEisen, submitted) that
orthology-based phylogenetic profiling is vastly superior
to similarity-based profiling for ABC transporter com-
plexes (made up of ATPases, permeases, and substrate-
binding proteins). In the similarity-based profile analy-
sis, the ATPases belonging to distinct ABC transporters
tend to cluster together. This is not surprising since even
paralogous ATPases are highly similar to each other.
When orthology is used instead, the ATPases are
resolved into separate groups, each containing compo-
nents of the same ABC transporter (not shown). Other
examples of orthology-based phylogenetic profiles are
shown in Fig. 2. In this figure we show a comparison of
the phylogenetic profile based clustering of HisA
(Fig. 2A and B) and PurK (Fig. 2C and D) with an
orthology-based profiling versus a homology-based
profiling. In each case, the orthology-based analysis
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(using COGs as the measure of orthology) is vastly
superior to homology-based analysis. In general, it is
likely that all so-called non-homology methods can be
improved by improved analysis of homology.

Phylogenetic Contrasts

The non-homology methods of functional prediction
rely upon the identification or correlations among genes
in properties other than sequence. Since these correla-
tions are of biological data, they are biased by the
phylogenetic background of the taxa being compared.
Thus it is beneficial to remove the phylogenetic
component of the correlation and study the residual
correlations that remain (Felsenstein, 1985). Thus in the
future, non-homology-based functional predictions
would likely benefit from application of phylogenetic
contrast methods.

RATES AND PATTERNS OF EVOLUTION

Since the function of a gene influences its rate and
pattern of evolution, it is possible to use information on
the evolutionary patterns of a gene to aid in functional
predictions. For example, genes in pathogens that are
antigenic are frequently under directional selection by
the immune system to change their amino-acid se-
quences. Therefore, it is possible to identify genes in a
genome that are more likely to be antigenic by
examining synonymous and non-synonymous substitu-
tion patterns and identifying genes with excessively high
ratios of non-synonymous:synonymous changes (e.g.,
Black and Coppel, 2000). Similarly, it is possible to
identify genes that are likely under strong purifying
selection (the non-synonymous:synonymous ratio
should be low). Such analysis requires multiple genome
sequences of closely related strains and can be quite
powerful. Analyzing the patterns of evolution of a gene
(compared to a closely related homolog/ortholog) is
particularly helpful for genes for which none of the
homologs have a known function. While this does not
help assign specific functions to genes, it can help
identify groups of genes that have different functional
and structural constraints. Phylogenetic analysis can be
helpful in these cases because it can allow improved
determination of the rates of non-synonymous and
synonymous changes (Muse and Gaut, 1994; Yang and
Nielsen, 1998) and also allow the determination of the
actual direction of sequence changes rather than just the



Phylogeny and Function

aeru
sub
rad
ther
jan
per
acid
tra
prow
pneu
pall

hor

Xyle.fas
Haem. inf
Vibr.cho
E.coli
Pseu

-
o
@
E
@

B
@
z

Baci
Meth
Meth
Aero
Pyro
Ther
Yeast
Chla
Rick
Myco
Trep
Aqui

METJA
ARCFU
PYRHO
PYRFU
PYRAB
PYROB
AERPE
HALSP
BUCAP
RICPR
CHLTR1
CHLPN_J
CHLPN1
CHLTRm
CHLPNa
THEMA
CAMJE
HELPY
HELP99
DEIRA
MYCLE
MCYTU
SYNSP
CAUCR
STRPN
LACLA
BACSU
BACHA
STAAU
XYLFA

METTH

i

aeru
sub
tub
ther
jan
prow
pneu
pall

Arach. fu

Meth
Meth

8p
tra

Neis.meni
Xyle.fas
Haem. inf
Vibr.cho
E.coli
Pseu
Baci
Syne
Myco
Pyro
Yeast
Chla
Rick
Myco
Trep

FIG. 2. Phylogenetic profiling using orthology versus homology. Phyl

QOQAQAONQN
2833533
[e]=]slalslalalslalale]
ORHEFHHEHORFE
AW WO WO
VWU P JwOuNho o

485

PSEAE
VIBCH
PASMU
HAEIN
NEIMEDb
NEIMEa
GEOSU
CHLTE
AQUAE
PORGI
ECO0157H7
TREPA
BBUR

hisA

T

v

=]

(=
H-K
TEGY

aQOOQNOQQNQAN
olalolalatatatalatarain
000000000000
o HFOHOOHOO
OV OB WU
WONN RO

DEIRA
MYCLE
MCYTU
SYNSP
CAUCR
STRPN
LACLA
BACSU
BACHA
STAAU
XYLFA
PSEARE
VIBCH
PASMU
HAEIN
NEIMEb
NEIMEa
GEOSU
CHLTE
AQUAE
PORGI
ECO157H7
TREPA
BBUR

HELP99

ogenetic profiles were generated from the COGs dataset of putative

orthologs (A and C) or from homology search results for the E. coli K12 genome (B and D). Rows correspond to gene or COG presence/absence
(Black = present) and columns correspond to different complete genomes. Profiles were clustered using single linkage clustering of the CLUSTER

program and viewed using TREEVIEW (both available at http://rana.lbl.go

v). Genes were considered present in a species if they were identified in

the COGs dataset (http://www.ncbi.nlm.nih.gov/COG) or if there was a blast match with an E-value of better than 10~ to an E. coli protein.
Comparison shows that the orthology-based analysis (A and C) groups the reference genes (hisA and purE) with other genes in their pathways better
than the homolog method even though fewer species were used for the COG analysis.

differences between genomes. Phylogenetic analysis
would also be needed to distinguish orthologs from
paralogs for this type of analysis.

CONCLUSIONS

Most methods of making functional predictions
involve some type of comparative biology. Thus, just

as in other fields of biology, functional predictions can
be improved through evolutionary analysis. We believe
that this is true for most areas of genome analysis.
Similarly, there are some evolutionary studies that
cannot be done without complete genome sequences
(e.g., analysis of genome structure or gene loss). In some
cases, the genome analysis and evolutionary reconstruc-
tions have feedback loops between them such that they
cannot be conducted separately. For this reason, we
believe evolutionary and genome analysis should be
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combined into a single composite approach, which we
refer to as phylogenomics (Eisen and Hanawalt, 1999).
While such a composite approach can certainly benefit
functional predictions, we believe it will also prove very
useful to many other areas of genomics and evolu-
tionary biology.
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