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Abstract. The growing number of completely sequenced
genomes adds new dimensions to the use of sequence
analysis to predict protein function. Compared with the
classical knowledge transfer from one protein to a similar
sequence (homology-based function prediction), knowl-
edge about the corresponding genes in other genomes
(orthology-based function prediction) provides more spe-
cific information about the protein’s function, while the
analysis of the sequence in its genomic context (context-
based function prediction) provides information about its
functional context. Whereas homology-based methods

predict the molecular function of a protein, genomic con-
text methods predict the biological process in which it
plays a role. These complementary approaches can be
combined to elucidate complete functional networks and
biochemical pathways from the genome sequence of an
organism. Here we review recent advances in the field of
genomic-context based methods of protein function pre-
diction. Techniques are highlighted with examples, in-
cluding an analysis that combines information from ge-
nomic-context with homology to predict a role of the
RNase L inhibitor in the maturation of ribosomal RNA.
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Introduction

Since the completion of the first bacterial genome, that of
Haemophilus influenzae in 1995 [1], the number pub-
lished genome sequences has been growing exponentially
[2] (fig. 1). At the time of this writing there are 144 fully
sequenced genomes (excluding viral and organellar
ones), of which 18 are of eukaryotic species, with at least
an additional 134 prokaryotes and 33 eukaryotes in the
pipeline [3]. The completion of a new genome sequence
is followed by a process known as genome annotation to
predict, among others, its protein coding regions and, to
the extent that that is possible, their functions. This as-
signing of functions to predicted genes constitutes a ma-
jor goal in the genomic era.

* Corresponding author.

Despite the development of new advances in experimen-
tal techniques such as DNA microarrays [4, 5], yeast two-
hybrid system [6], RNA interference (RNAi) [7, 8] or
large-scale systematic deletions [9], experimental charac-
terization of proteins to elucidate their function lags far
behind the availability of new sequences, and the annota-
tion of newly sequenced genomes relies mostly on com-
putational methods. The most ancient and straightfor-
ward computational method for assigning function to a
protein is based on the detection of homologs with known
function (homology-based function prediction). 70—90 %
of the genes of a genome have homologs in other species
[10], and these fractions will likely increase as new
genomes are sequenced. However there is no clear func-
tional prediction for ~40% of genes in most genomes
[11], and for many of the rest, the predictions that can be
made are only very general.
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Figure 1. Cumulative number of fully sequenced genomes deposited in the public databases. Fraction of bacterial, archaeal and eukaryotic
species are indicated with different grey scales. Data for year 2003 only represents fully sequenced genomes by August.

As the number and variability of sequenced genomes
grew, so did ways of exploiting genomics data to predict
protein function. First they have led to development of
methods for large-scale orthology detection, allowing
more specific function prediction than ‘just’ homology.
Second they allowed development of methods, known as
genomic context [12], or nonhomology [13] methods,
that exploit information about the relations between
genes on the genome, such as gene fusion, chromosomal
proximity, distribution across species or conserved gene
coexpression to predict functional interactions between
their proteins (fig. 2). Here we review the conceptual and
technical advances in function prediction based on the
above methods.

From homology-based to orthology-based function
prediction

Homologous proteins are proteins derived from a com-
mon ancestral sequence [14]. They have a similar three-
dimensional (3D) structure and are likely to perform a

similar function [15], at least at the molecular level. This
is the basis of homology-based function prediction, in
which one infers the function of a protein by extrapolat-
ing the knowledge from its experimentally characterized
homologs. Initial characterization of new protein se-
quences starts by searching a protein database such as
SWISS-PROT [16] with algorithms such as Smith-Water-
man [17] and its faster approximation, BLAST [18], to
detect experimentally characterized homologous se-
quences and obtain their functions. The sensitivity of such
homology searches has more than doubled [19] thanks to
profile-based methods such as PSI-BLAST [18] and Hid-
den Markov Models [20]. The genome era has had two
main effects on homology-based function prediction.
First of all, more sequences allow us to make better se-
quence profiles and have led to the development of do-
main databases such as SMART [21] and PFAM [22], and
collections of those, such as InterPro [23]. For a recent re-
view of the challenges and opportunities of protein do-
main analysis in the genome era see [24]. Second, and
more important from a conceptual point of view, we can
now do function prediction at a higher level of resolution,
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Figure 2. Main types of genomic context associations between two
genes of a certain genome (centre of the figure). (4) Gene fusion:
both sequences are encoded in a single gene in another genome. (B)
Genomic neighborhood: both genes are close in the chromosome in
several distantly related species, generally prokaryotes. (C) 1. Sim-
ilar phylogenetic pattern: both genes have a similar pattern of pres-
ence/absence across species or 2. complementary phylogenetic pat-
tern (D) Conserved co-expression: both genes have a similar pattern
of expression under different conditions and this co-expression is
conserved between species.

that of orthologous relations between genes [14]. Orthol-
ogy, like homology, is primarily an evolutionary concept,
and not a functional one. Sequences are orthologous when
their independent evolution reflects a speciation event
rather than a gene duplication event: i.e. they were one
gene at the moment of speciation (fig. 3). Orthology is
relevant for function prediction as orthologs are, relative

Predictions in the genome era

to paralogs, more likely to perform the same function. Or-
thology is essential to genome comparison because it al-
lows us to compare genomes in terms of their gene con-
tent. It is therewith also essential for methods that predict
functional interactions between proteins based on the
comparison of genomes’ gene content (see below). Aside
from being imperative for comparing genomes, orthology
also relies on having complete genomes: techniques for
large-scale orthology prediction such as ‘best bi-direc-
tional hits’ [25], and multiple-genome extensions thereof,
such as the COG database, [26] depend on knowing the
similarity levels between all genes in the genomes that are
compared. The large-scale prediction of orthologous
groups of proteins using such best-hit approaches is far
from trivial. Aside from the technical issues such as ho-
mology detection, gene fusion and fission, and highly
variable rates of evolution, there is the conceptual issue
how to handle gene duplication [27] (fig. 3), which is
rampant in eukaryotes [28]. Orthology databases that im-
plicitly or explicitly ‘trace-back’ to the last common an-
cestor of life, in which all genes that were one gene in the
last common ancestor are considered orthologous to each
other, necessarily have a low level of evolutionary and
functional resolution. The recent update of the COG data-
base has a separate set of eukaryotic orthologous groups
(KOGs), and has a much higher level of resolution for the
eukaryotes than the original COG database [29]. Never-
theless, orthology determination by best-hit approaches is
more prone to errors than the classical method of infer-
ring orthology from phylogenetic trees, especially when
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Figure 3. Orthology, paralogy and the conceptual issues when more than two species are compared. A parsimonious explanation of the tree
of gamma-butyrobetaine, 2-oxoglutarate dioxygenase (BODG) and its close homologs Homo sapiens, D. melanogaster and S. cerevisiae
is that there has been one gene duplication in the metazoa, and further duplications in Drosophila. The yeast gene can be considered or-
thologous to all the other genes in this tree, yet the human genes BODG (the last step of carnitine biosynthesis) and QINVHG6 (the first
step of carnitine biosynthesis) are not orthologous to each other (marked with a cross) because their independent evolution reflects a gene-
duplication event at the root of the metazoan. Strictly speaking, orthology, in contrast to homology, is therefore nontransitive (if A is or-
thologous to B and B is orthologous to C, A and C are not necessarily orthologous to each other). A phylogeny-based orthology database
that includes all eukaryotes would consider all these genes to be part of one orthologous group as they were all one gene in the last com-
mon ancestor of the fungi and metazoa. A taxon-specific orthology database, e.g one that is specific for the metazoa, would classify
QNVH6 and BODG in different orthologous groups, providing a higher resolution for function prediction. Example taken from [27].
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there is variation in the rate of sequence evolution within
an orthologous group [30]. Although the evidence that it
leads to better function prediction is still anecdotal, phy-
logenetic analyses for orthology prediction should in prin-
ciple improve function prediction [30—32], and there are
promising steps to implement these methods on a large
scale [33—36].

Genomic-context based function prediction

Apart from symbiotic or parasitic cases, being encoded in
the same genome is a prerequisite for two proteins to in-
teract. It can therewith in principle also be used to predict
interactions, but the information that two genes are en-
coded in the same genome provides of course only a very
weak signal that they interact. A number of methods that
use genomics comparison to predict functional interac-
tions between proteins increase that signal by (a combi-
nation of) three strategies. (i) detecting a more direct as-
sociation of the genes on the genome, e.g. a close physi-
cal association of the genes on the genome or the similar
performance of two genes in genome-wide experiments,
(i1) detecting evolutionary conservation of that associa-
tion between species ‘horizontal comparative genomics’,
and (iii) detecting the same association in different types
of genomic context ‘vertical comparative genomics’.
The type of information that such ‘genomic context’-
based prediction provides is qualitatively different from
that of the homology-based one, because proteins that are
part of the same biological process tend to occur in each
other’s genomic context, regardless of their sequence sim-
ilarity. The type of information it provides is also very dif-
ferent from homology searches. While the identification
of domains or homologs of a protein can give us a clue
about its molecular function, the analyses of its genomic
context instead allow us to identify interacting partners
and the biological process in which is playing a role.

Gene fusion

The finding of two or more proteins encoded by separate
genes of which orthologs in a different species are encoded
in a single gene reveals a gene fusion or gene fission event
[37]. This is the most direct form of genomic context and,
from a functional point of view, the fusion of two proteins
can result in an enhancement of the interaction between
their respective biochemical activities to facilitate, for ex-
ample, the channelling of a substrate [38]. This process has
already been observed for several enzymes, and the infer-
ence of a functional link between two fused genes has been
intuitively used on a small scale for many years, the most
widely known example being the fusion of alpha and beta
subunits of tryptophan synthetase in fungi [39]. An exten-
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sion of this intuitive approach to the analyses of complete
genomes was introduced in 1999 by Marcotte et al. [13]
and Enright et al. [40]. By showing that many of the ob-
served gene fusions events involved genes known to func-
tionally interact, they proposed detecting gene fusions to
predict interactions on a large scale. In concordance with
the above-mentioned substrate-channelling effect, most of
the observed fusion events involve metabolic enzymes. Al-
though the fusions do not always involve subsequent steps
in the pathway [40, 41], in Escherichia coli three quarters
of the total of gene fusions affect metabolic genes [42].
More recently, a comparative study of 30 microbial
genomes revealed that on average as much as 72% of an-
notated genes linked by fusion events belong to the same
functional category [41]. Although gene fusion can be
considered a rare event when comparing few genomes, the
number of genes linked by fusions is likely to increase
with the number of genomes that are compared: in the
studies mentioned above we observe an ~114-fold in-
crease from the 88 gene fusion events detected by com-
paring three bacterial genomes [40] to the 10,073 events
when comparing 30 [41]. Not all of the detected gene fu-
sions are equally informative, and one should be aware of
the existence of promiscuous domains, such as the ones in-
volved in signal transduction, that tend to appear in a vari-
ety of functional and genomic contexts [13].

One interesting property of the gene fusion approach is
its transitiveness, which allows expanding the functional
association to larger groups of genes that are intercon-
nected. In other words, if gene B is fused with gene A in
one genome and with gene C in another genome, then A,
B and C form a functional network. Once again, the tryp-
tophan synthesis pathway can serve to illustrate this ex-
ample [43]. Whereas in E. coli we find a fusion between
trpG and trpD and between #pC and frpF, in Saccha-
romyces cerevisiae we can detect, apart from the above-
mentioned #rpA-trpB fusion in tryptophan synthetase, a
fusion involving #7pG and #rpC. From these pairwise re-
lationships we can infer that #7pD, trpG, trpC and trpF are
part of the same functional network, in this case the tryp-
tophan synthesis pathway. Extending the analyses to
more genomes, all the proteins in the tryptophan synthe-
sis pathway can be related by fusion events (fig. 4).

Chromosomal proximity in prokaryotes

The first pairwise genome-wide sequence comparisons
revealed that even closely related species lack large-scale
conservation of gene order [25, 44—46], indicating that in
the course of evolution genomes are rapidly rearranged
and shuffled. Yet in prokaryotes some clusters of genes
appear conserved in evolution, including the relative lo-
cation of the genes within them, over large evolutionary
distances. Further inspection of these genes revealed that
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Figure 4. Gene fusions within the tryptophan synthesis pathway. (4) L-Tryptophan synthesis pathway and enzymatic activities associated
with each step: E (yellow), anthranilate/para-aminobenzoate component I; G (red), anthranilate/para-aminobenzoate component II; D
(blue), anthranilate phosphorybosil transferase; F (pink), phosphorybosilanthranilate isomerase; C (green), indole-3-glycerol phosphate
synthase; A (cream), tryptophan synthase alpha chain; B (brown), tryptophan synthase beta chain. (B) Gene fusions observed in several
fully sequenced genomes as provided by STRING database [146]; only one species for each fusion is chosen as an example. (C) Functional
network derived from the fusion events within genes of the tryptophan synthesis pathways; enzymatic functions are linked if they are ob-

served in the same polypeptidic chain in at least one genome.

they tend to encode proteins that functionally interact [47,
48], and that they tend to be part of the same operon [49].
As in the case of gene fusion, since conservation of chro-
mosomal proximity has functional meaning, it can be
used to predict functional interaction between the com-
ponents of conserved gene clusters. This was proposed in
1998 by Overbeek et al. [48, 50] and Dandekar et al. [47],
by measuring conservation of genes in runs (sets of genes
encoded in the same strand and separated by <300 bases)
and conservation of neighboring genes, respectively.

Chromosomal proximity in eukaryotes

Although operons are typically bacterial, some eukaryotes
also use proximity in the genome to coordinate regulation
[51, 52]. An analysis of gene clustering in five eukaryotic
genomes [53] revealed that 30% (in Drosophila
melanogaster) to 98 % (in S. cerevisiae) of the pathways in
KEGG show a significant clustering of their genes on the

chromosomes. Furthermore, gene-order conservation be-
tween S. cerevisiae and Candida albicans appears, at least
for divergently transcribed genes, to be correlated with co-
expression [54—56]. The signals for function prediction in
gene-order and gene-order conservation in eukaryotes are,
however, weak and have not been employed for function
prediction, although it can be argued that this is in part the
result of the still relatively small number of sequenced eu-
karyotic genomes. Prokaryotic chromosomal proximity
can be used for eukaryotic proteins with homologs in
prokaryotic species, as in the case of the identification of
the human methylmalonyl-coenzyme A (CoA) racemase
[57]. Previous to its biochemical characterization, the func-
tion of this gene was first inferred based on the conserved
chromosomal neighborhood of its prokaryotic homologs
with genes involved in propionyl-CoA metabolism.
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Similar phylogenetic distribution

Although the fact that two genes are encoded together in
one genome provides only a very weak signal that they do
interact, when they are encoded in a considerable number
of genomes and are both absent from others this signal
becomes strong enough for function prediction. This
technique, called gene co-occurrence or phylogenetic
profiles, was proposed [25, 58] and verified by studies
showing that proteins with a similar distribution across
species have a high tendency to functionally interact [25,
58—60]. Distribution across species is usually expressed
by means of a phylogenetic pattern or profile: a string of
letters or numbers that describe the presence or absence
of a given gene in a set of genomes, and then detecting
genes with a similar profile. Distances between profiles
can be measured using a simple count of differences
(Hamming distance) or more sophisticated scores such as
mutual information [61] or Pearson correlation coeffi-
cient [62]. A typical example of a successful function pre-
diction using phylogenetic distribution is that of the
frataxin gene. Although the mutation in this gene was
known to cause the human neurodegenerative disease
Friedreich’s ataxia [63], its molecular function remained
unclear. In 2001 Huynen et al. [64] indicated that frataxin
had the same phylogenetic distribution (fig. 5) as several
iron-sulfur cluster assembly protein, suggesting a role in
the same process for frataxin. The experimental confir-
mation that frataxin is actually involved in this process
came a year later [65—67].

Because of its large potential for function prediction, the
use of phylogenetic patterns to predict protein interac-
tions is continuously undergoing technical improve-
ments. A recent variation includes the use of phylogenetic
patterns of neighboring gene pairs [68]. This combination
of gene neighborhood and chromosomal proximity was
shown to be more accurate than the single-gene phyloge-
netic profile, at a cost of coverage. Other modifications
attempt to filter out the phylogenetic bias in the se-
quenced genomes (genomes of certain taxa are overrep-
resented) by using evolutionary information to measure
the distance between profiles [69] or collapsing into a
single node parts of the profile that represent related
species that share the presence or absence of a certain
gene [70].

Complementary phylogenetic distribution

A reverse use of phylogenetic profiles to predict function
is the identification of proteins with complementary or
anticorrelated profiles [10] to detect nonorthologous
gene displacements [71]. Cases of experimentally con-
firmed function prediction are that of a new thymidilate
synthase [72], and of seven enzymes involved in thiamine
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Figure 5. Phylogenetic distribution of frataxin (cyaY) and that of
hscB and hscA: Grey and white boxes indicate, respectively, pres-
ence and absence of the genes in a certain species (names on the
right). The species phylogeny is indicated with thick and thin lines,
respectively, indicating presence or absence of the genes.

biosynthesis [73]. In general, the detection of nonorthol-
ogous gene displacement by complementary phyloge-
netic profiles is combined with gene-order conservation
to increase the signal: i.e. does the ‘new’ gene occur in
conserved operons with the other genes with which it is
supposed to interact, replacing the old gene not only in
terms of functional context but also in terms of genomic
context.

Correlated gain and loss of genes

One methodological issue in the comparison of phyloge-
netic profiles is that there is a strong phylogenetic signal
in the genes two genomes share [74]: i.e. the fact that two
genes occur together in a number of closely related
genomes does not necessarily imply a functional interac-
tion. One can solve this by detection of profiles that are
not in agreement with the species phylogeny, indicating
that a pair of genes have been lost or gained together in a
genome. This method was applied to the prediction of
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genes responsible for pathogenicity by identifying genes
present in a pathogenic species that are absent in closely
related nonpathogenic species or strain [75, 76], or genes
responsible for host specificity by detecting differences
between similar pathogens that affect different hosts [77].
A functional linkage between genes that have been lost in
the same lineages has also been shown in eukaryotes by
comparing the genomes of the fungi S. cerevisiae and
Schizosaccaromyces pombe [78] and in Archaea by com-
paring the three sequenced genomes from the Pyrococcus
genus [79].

Coevolution of sequences

Another variant of the use of coevolution to predict pro-
tein function uses the evolutionary information that is
contained at a lower level than the distribution across
species: that of the sequences themselves. For specific
cases of protein families known to interact, such as in-
sulin and its receptors [80] or the chemokine-receptor
system [81, 82], their phylogenetic trees are more similar
to each other than expected based on the general diver-
gence between the corresponding species. This was inter-

A)
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preted as an indication of correlated evolution reflecting
similar evolutionary constrains. Valencia et al. [83, 84]
made use of this property to search for interaction part-
ners within the E. coli proteome by measuring the corre-
lation between the distance matrices used to build the
phylogenetic trees (fig. 6). Provided good species cover-
age and quality of the multiple sequence alignment, the
technique can indeed distinguish statistically true interac-
tions among many possible alternatives. Ramani and
Marcotte [85] used a similar approach (fig. 6) to predict
the binding specificities among members of 18 ligand
and receptor families that posses many paralogs in the hu-
man genome. The coevolution of interacting partners can
be followed more closely by searching for mutations that
are correlated in both protein families (they occur in the
same species). These positions may correspond to
residues on the interface that undergo compensatory mu-
tations in one protein to compensate the effects of muta-
tions in the other. This information was initially used to
detect proximal residues to predict protein folding [86] or
discriminate between different structural models [87],
and was later extended to the prediction of interacting
partners based on the finding of pairs of proteins with
correlated mutations [88, 89]. The method has the advan-
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Figure 6. Valencia (4) and Ramani (B8) methods for predicting protein interactions: (4) Similarity between the phylogenies of two protein
families is estimated by measuring the correlation between their respective distance matrices. (B8) The interaction specificity between the
members of two interacting protein families is predicted by means of shuffling the columns and rows of the distance matrix of one of the
families until the agreement with the other one is maximized. The interactions are then predicted for proteins heading the same columns.
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tage that it provides not only the prediction of interacting
partners but also of potentially interacting residues. Cur-
rently, 3D information about proteins is rarely used to
predict which proteins interact with which ones. An ex-
ception is the use of 3D information combined with se-
quence covariation on the potential interaction surfaces to
predict whether homologs of interacting proteins will in-
teract in the same way [90]. 3D information is also used
by docking procedures for interaction prediction, but
these methods predict how and where two proteins inter-
act with each other rather than which ones interact with
which. See [91] for a recent update.

Conservation of coexpression

Besides genome sequences, the only experimental con-
text data to date that are truly genome wide are expression
data such as microarrays [4, 5] or SAGE [92]. These are
similar to genome-context data in the sense that they re-
flect functional interactions between proteins [93—96],
and can therewith also be used to predict them [97—-101].
The relative high level of noise that is usually encoun-
tered in the expression profiles can be reduced by detec-
tion of a correlation between two genes among different
experiments [98, 101]. Still, this technique detects func-
tional interactions of a general kind [97, 102]. Recently
the observation from other types of genomic-context
methods that evolutionary conservation dramatically in-
creases the reliability of the prediction has been shown to
apply to coexpression as well [36, 103, 104]. An interest-
ing extension to the idea that conservation of coexpres-
sion increases the likelihood of functional interaction is
to apply it to conservation after gene duplication: the like-
lihood that two genes (A and B) that are co-expressed in-
teract increases when their paralogs (A” and B’) are also
coexpressed [36]. The concept of evolutionary conserva-
tion of interaction has also been applied to yeast-two
hybrid data to detect pathways conserved between Heli-
cobacter pylori and S. cerevisiae or duplicated within
S. cerevisiae [105].

Accuracy and coverage of context-based methods

Large-scale analyses of context-based methods indicate a
high accuracy, especially gene fusion, with estimates
ranging from 72 to 95% [41, 70], gene-order conserva-
tion (80 to 95%) [70, 106] and conserved coexpression
(> 95%) [36]. In general, the likelihood that any predic-
tion is true can be increased, at a cost of coverage, by ei-
ther combining different context-based methods (vertical
comparative genomics) [70] (see also [107] for the com-
bination of other types of genomics data) or increasing
the required evolutionary conservation (horizontal com-
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parative genomics) [55, 70, 106]. In terms of coverage,
context-based methods will likely surpass that of the
homology-based ones in the near future, at least for
prokaryotes: in 2002 conserved neighborhood could pro-
vide reliable prediction for roughly 60% of E. coli genes,
a fraction approaching that of genes with an annotated
homolog in SWISS-PROT (70 %) [108]. When compared
with experimental genome-wide methods, genome-con-
text predictions have a higher coverage and accuracy than
several genomics experimental techniques such as yeast
two-hybrid or simple (not-conserved) coexpression
[109]. More important than such ‘beauty contests’ is that
combining experimental and computational techniques
increases accuracy while maintaining a reasonable cover-
age [109]. In other words, it makes sense, after a high-
throughput experiment, to combine the results with ge-
nomic-context analyses of one’s proteins to identify the
most likely interactions, e.g. with a public domain data-
base such as STRING [70].

Benchmarking and experimental verification

One of the bottlenecks in the development of methods for
the prediction of functional interaction is the availability
of benchmarks with experimentally determined interac-
tions. Manually curated databases of protein interactions
[110—112] have a relatively small coverage, and espe-
cially the fraction of false negatives (what fraction of true
interactions are not predicted by a method) is therefore
generally hard to estimate. It should be noted that ‘func-
tional interaction’ is, even more than ‘function’, not a
strictly defined term that can range from a direct stable
physical interaction to less direct ones such as ‘being part
of the same biological process’. Any reference set used
for benchmarking should therefore be categorized into
different types of interactions, allowing not only quanti-
tative (what is the fraction of false positives?) but also
qualitative evaluation (what types of interaction do we
detect?) of function prediction. Manual analyses can of
course be more thorough in evaluation of the experimen-
tal evidence and can make such a distinction between dif-
ferent types of interactions, but they are necessarily lim-
ited to relatively small sets of proteins, such as the 480
proteins of Mycoplasma genitalium [12]. Large-scale
benchmarking of context-based functional annotation use
classifications such as presence of the same key words
describing function in SWISS-PROT [113], having the
same gene ontology annotation [114], belonging to the
same functional class according to a database such as
COG [115] or being part of the same pathway according
to KEGG [116]. It should be noted that benchmarking is
often done in terms of enrichment of proteins of a certain
functional class, e. g. when proteins in a cluster have a sta-
tistically significant higher than average probability of
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being involved in the same pathway. Such a significant
pattern does not necessarily imply that highly reliable
predictions can be made [113]. Reliable prediction can
only be made when a large fraction (e.g. 90 %) of the pro-
teins with known function in a cluster belong to the same
pathway.

Experimental verification of predictions made by ge-
nomic context methods still lags far behind the many pre-
dictions that have been made. In a recent survey we iden-
tified 13 cases of predictions that were experimentally
verified [108], which is a small fraction compared with
the literally hundreds that have been made, e.g. [12, 46,
117]. We expect that improving accessibility of genomic-
context data [70] will facilitate the usage of experimental
groups to exploit them and to couple the predictions di-
rectly to experimental verification.

From functional interactions to biochemical path-
ways and networks

By combining pairwise interactions, one can derive net-
works of protein interactions. The study of such net-
works, in which nodes are connected when they are (pre-
dicted to be) involved in the same biological process, has
revealed that they are so-called scale-free networks. This
means that there is not a typical number of connections
per node; rather, the distribution of the number of con-
nections (k) per node (N) follows a power law [N (k) ~ k].
In other words, there are many nodes with few connec-
tions and a small but still significant number of nodes
with many interactions. These highly connected nodes
tend to be relatively essential to an organism [118] and to
evolve relatively slowly [119]. Protein interaction net-
works can be analyzed for structures that reflect function
and selection at a level higher than pairwise interactions,
e.g. that of pathways and protein complexes, and that can
also be used for higher-order function prediction. Such
‘functional modules’ are represented in the network by
sets of proteins that are locally highly interconnected to
each other and less connected to other proteins [120,
121]. Detecting that an uncharacterized protein is part of
such a highly connected cluster of proteins allows the
prediction that the protein is part of that module [120,
122]. Furthermore, finding interactions between an un-
characterized protein and multiple proteins from the
same module increases the likelihood that the predicted
involvement is indeed correct [27, 121, 123].

Global constraints on network structure?
Besides the high local clustering coefficient, another as-

pect of protein networks that has been argued to reflect
selection at a level higher than pairwise interactions is the
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diameter, i.e. what is, on average, the minimal number of
steps one needs to get from any node to any other node?
It should be noted that the direction of this argument has
been rather arbitrary: both the relatively small diameter of
metabolic networks [124] as well as a relatively large di-
ameter of protein interaction networks [125] have been
argued to be the result of selection. Subsequent analyses
have, however, shown that in either case the networks
were more random than proposed and that the observed
biases in the diameter size were either due to the choice
of the network nodes [ 126] or experimental bias in the un-
derlying dataset [127]. Whether the global architecture of
biological interaction networks is relevant for function or
merely puts boundaries on the evolutionary process that
created it is still open to debate. Neutral models for the
evolution of the networks are able to capture aspects such
as their scale-free architecture [128] and high cliquish-
ness [129], and in our view there is no convincing evi-
dence for selection in the evolution of the global network
architecture. This does not of course imply that evolution
has not capitalized on the neutrally evolved network
structure as such, or that the individual links between pro-
teins are meaningless. It means that the scale-free archi-
tecture as such is no evidence for selection.

Metabolic pathway prediction

A special case of functional networks are metabolic path-
ways. Their reconstruction from a species genome se-
quence has been possible through the combination of ho-
mology-based methods, to determine the molecular func-
tion of the proteins, with the identification of their
functional partners by context-based techniques [130—
133]. The comparison of reconstructed central metabolic
pathways such as glycolysis [134] and citric acid cycle
[135] from different organisms revealed a surprising plas-
ticity with the existence of many species-specific varia-
tions. Such deviations from the canonical pathway can be
used to identify drug targets when certain alternative en-
zymes or bypasses are specific to the pathogen [136].

Combining homology and context for function
prediction: a case history

A typical example of what is and is not possible in func-
tion prediction by the methods discussed here is the pro-
tein RNase L inhibitor (RLI). Experimental results have
indicated that this protein reversibly associates with
RNase L, which it inhibits [137], although the exact
mechanism of inhibition has not been elucidated. Fur-
thermore, RLI interacts with the human immunodefi-
ciency virus (HIV)-1 protein VIF [138]. Functionally,
these two activities of RLI are not likely to be the whole
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story, however. RLI is present in all eukaryotes and all
Archaea that have been sequenced so far (fig. 7), but an
examination of the SMART database [21] indicates that
only mammals have proteins with the domain organiza-
tion of its interaction partner in human, RNase L. Fur-
thermore the interaction with HIV-1 proteins can hardly
be the original reason for the proteins existence. We ex-
amined information from genomic context data and from
homology to derive a new hypothesis for the function of
RLI. First, we examined whether there are other ortholo-
gous groups that specifically tend to cooccur with RLI.
An examination of the STRING database indicates that
only 55 orthologous groups have a phylogenetic distrib-
ution that is identical to RLI. For the orthologous groups
in this set of which we know the function (44), nearly all
are either involved in translation or ribosome biogenesis
(33, 60%), in transcription (7, 16%) and in DNA repli-
cation, recombination and repair (3, 7%), matching the
general pattern that the proteins that the eukaryotes ob-
tained from the Archaea are mainly involved in the re-
plication and processing of DNA and RNA. These corre-
lations point to a role of RLI in DNA replication and
transcription or RNA processing. From a second type of
genomic context, the conservation of coregulation [36,
104], comes a prediction that is consistent with this ob-
servation, but that is more specific. Between S.cerevisiae
and Caenorhabditis elegans RLI is conservedly coex-
pressed with a number of proteins involved the process-
ing of ribosomal RNA (rRNA) such as the nucleolar pro-
tein SIK1 (NOP56) from yeast that is involved in rRNA
methylation [36]. A conservation of coexpression be-
tween four species study [104] hints furthermore at in-
teractions with (i) another nucleolar protein involved in
rRNA processing, NOP4, (ii) a DEAD box RNA heli-
case, DBP2, and (iii) the B and C subunits of RNA poly-
merase | (fig. 7). A possible link with an RNA helicase
can also be inferred from genomic context information:
in one archaeal genus, Methanosarcina, RLI is located in
a potential operon with a DEAD box helicase. A third
type of information, that of the domain structure of the
protein, is quite specific. The protein contains two do-
mains each with four conserved cysteines, one unique to
RLI, and one a 4Fe-4S binding domain, and furthermore
two ATPase domains (fig. 7). One possibility to link this
domain organization to RNA interaction lies in the 4Fe-
4S binding domain. Aside from playing a role in redox
reactions, these domains have also been observed in
DNA-binding protein endonuclease III [139] and the
DNA glycosylase MutY [140]. The 4Fe-4S cluster is hy-
pothesized to stabilize the fold, presenting a loop that ex-
tends from the backbone of the DNA [139]. Consistent
with a role of both the 4-cysteine domains of RLI is that
they both contain conserved lysines (positively charged)
that could interact with the phosphate backbone of rRNA
(negatively charged).
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Examples such as this one show the potential and limits
of using comparative genomics in protein function pre-
diction. We can pinpoint a role in a process, but cannot al-
ways predict exactly what that role is. In the case of meta-
bolic pathways a molecular function such as enzymatic
activity and context function such as the pathway can of-
ten be matched to obtain to a specific prediction. In the
case of RLI case the situation is less obvious.

Discussion

The use of genome sequences to predict protein function
is in its adolescence. As we have reviewed here, a number
of concepts have been introduced, compared and com-
bined for the prediction of function and of functional in-
teraction. Furthermore, benchmarking against a variety
of databases indicates the generally high reliability of the
predictions. These advances have not only been made
possible by the availability of genomics data, they also
contribute to the exploitation of these data. The use of
context-based techniques has proven useful in improving
the annotation of complete genomes [12, 141], and anno-
tation at the level of orthologous groups is included in
genome annotation [115].

There are, however, a number of challenges that we will
need to tackle if genomic context wants to reach the same
level of success as homology-based function prediction.
On the practical side, we need better integration of the
various signals, both from homology as well as from ge-
nomic context. Not to make more predictions, but rather
to make more specific predictions that are directly
amenable for experimental testing: i.e. we would like to
predict not only in which biological process protein plays
a role, but what the protein does there. As the example
from the RLI shows, one can use many different sources
of information that are relevant to function: combining
those in a (semi-)automatic way will not be trivial. On the
theoretical side we need a better understanding of why
our methods actually work. While vertical comparative
genomics (comparing different types of data from one
species) appears to be a straightforward way of filtering
out noise, in horizontal comparative genomics (the com-
parison of the same type of data from different species),
a second effect is likely to play a role: filtering out
species-specific interactions with little general relevance.
Classic examples of such species-specific interactions
are the coregulation of ribosomal genes with genes in gly-
colysis in Halobacterium and S. cerevisiae [142, 143].
Such interactions do not fit into our platonic view of what
constitutes a functional interaction, yet we can very well
imagine why genes for glycolysis and the ribosome are
coregulated. This does confront us with the question how
to define functional interactions between proteins, when
protein function itself is already a concept that can be de-
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A. The co-expression of RNase L inhibitor (RLI) with rRNA processing proteins, including NOP56, is conserved
between multiple species:

gene protein function co-expression conservation with RLI, p-value
SIK1 Nucleolar, rRNA processing (NOP56) 0.00128
NOP4 Nucleolar, rRNA processing 0.00133
RPA135 RNA polymerase |, beta subunit 0.00197
DBP2 ATP dependent RNA helicase (DEAD-box) 0.00404
RPC40 RNA polymerase I/Ill, c subunit 0.00607

B. RLI has the same phylogenetic distribution as a number of proteins (COGs) involved in replication,
transcription and translation, including NOP56:

Phylogenetic distribution of the RNase L inhibitor: Orthologous groups with the same distribution as RLI:
Pyrobaculum aerophilum SOMKAS, Rietished MTuaus: Zwe b TalRlsor ART)
- ii C0G1383 Ribosomal protein S17E
5 Sulfolobus tOkOdal_l C0G1471 Ribosomal protein S4E
L Sulfolobus solfataricus COG1552 Ribosomal protein L40E
i COG1631 Ribosomal protein L44E
Aeropurym pernix C0G1632 Ribosomal protein L1SE
. COG1717 Ribosomal protein L32E
!-Pyrococcus abySSI COG1727 Ribosomal protein L18E
2 e 3 ib 1 in S3AE
- Pyrococcus horikoshii Goc1397 Ribosomal EEEEZ.E LITAE/L43A
Pyrococeus furiosus S e 2
i i ©0G2051 Ribosomal protein S27E
MEthanosarCIna acetivorans C0G2053 Ribosomal protein S28E/533
Methanosarcina mazei COG2058 Ribosomal protein L12E
g 00G2075 Riboscmal protein L24E
Archaeoglobus fulgidus €0G2097 Ribosomal protein L31E
s <t C0G2125 Ribosomal protein S6E
L Methanococcus jannaschii C0G213% Ribosomal protein L21E
. CO0G2147 Ribosomal protein L19E
Methanopyrus kandleri GhG2218 Ribeaonal i
protein S19E
COG2016 Predicted RNA binding protein
Methanothermobacter thermoautotr. 061736 Diphthamide synthase DPHZ
i i ©CO0G1798 Diphthamide biosynthesis methyltransferase
EThermoplasma ac:dop_hllum COG1BA% Fibrillarin-like rRNA methylase
Vi nium C0G1976 Translation initiation factor &
Thermoplasms clcaniu ©0G5256 Translation elongation factor EFiylalpha
Halobacterlum Sp.NRC-1 COG1093 Translation initiation factor 2, alpha
COG5257 Translation initiation factor 2, gamma
r~ Mus musculus COG1601 Translation initiation factor 2, beta
= 5 COG1499 NMD protein affecting ribosome stability
rl- Homo saplens COG1676 tRNA splicing endonuclease
= H COG1095 DNA-directed RNA polymerase, subunit E'
I:Drosophlla melanogaster COG144 DNA-Girected RNA polymerase, subunit N
el COG1761 DNA-directed RNA polymerase, subunit L
Caernohabdltls elegans COG2012 DNA-directed RNA polymerase, subunit H
isi COG1813 Predicted transcription factor
Satharomyces cerevisiae COG1405 Transcr. initiation factor TFIIIB, Brfl subunit
Schizosaccaromyces pombe €0G2101 TATA-box binding protein (TBPR)
. . C0OG1467 Eukaryotic-type DNA primase, small subunit
Encephalotozoon cuniculi COG2219 Eukaryotic-type DNA primase, large subunit
. i " C0DG1214 Predicted ATPasepeplication control
Arabldopsa:'. thaliana COG3642 Mn2+dep. serine/threcnine protein kinase

COG1400 Signal reccanition particle 19 kDa

C. The ferredoxin-like, N-terminal domains of RLI contain conserved, positively charged lysines (K), consistent
with a role in binding the negatively charged rRNA backbone:

Aeropyrum pernix
Sulfolobus tokodaii
Methanopyrus kandleri
Arabidopsis thaliana
Homo sapiens
Saccharomyces cerevisiae
Caenorhabditis elegans
Plasmodium falciparum
Encephalotozoon cuniculi
Guillardia theta

o i R
}'..E} E=E~E K

Figure 7. Genomic context (phylogenetic distribution and conserved coexpression) and sequence homology (domain organization and
conserved residues in the sequence alignment) hint at a role of the RLI in the processing of RNA. (4) Conserved coexpression from
http://cmgm.stanford.edu/~kimlab/multiplespecies [104]. The genes (names from S. cerevisiae) that are conservedly coexpressed with RLI
(P value <0.001) in S. cerevisiae, C. elegans, D. melanogaster and H. sapiens and for which functional information is available can all be
linked to transcription and processing of rRNA. (B) The orthologous groups (right panel) that have the same phylogenetic distribution as
RLI (present in all Archaea and all eukaryotes, left panel), based on the COGs [26] as implemented STRING http://string.embl-heidel-
berg.de [70]. Most genes are involved in replication, transcription and translation. The overlap with the conservedly coexpressed set of
genes (4) is NOP56 (in red). (C) The domain organization of RLI from SMART http://smart.embl-heidelberg.de [21] with an alignment of
the N-terminal, four-cysteine domains of a representative set of sequences, constructed with clustalx [147]. In each sequence both sets of
four cysteines contain at least one intercysteine loop (between the first two cysteines and between the last two cysteines) with a positively
charged residue (lysine). See text for further details.
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fined at many levels [144]. The genome era has made this
question much less academic than it used to be, leading to
important, if simplifying standarization [145], and that it-
self is an important and unanticipated achievement in the
field of biology to which the concept of function is as
central as ever.
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