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Until recently, the only computational method available for predicting the function of an
uncharacterized gene was sequence Smilarity, an gpproach that is effective but restricted
to ingtances in which the function of aclosdy related sequence is known. Because
homologs of characterized function are not available for many sequenced genes, new
methods that do not rely upon sequence Smilarity are criticd if we are to exploit and
address the avalanche of sequences. Such methods have in fact emerged recently. By
consdering the genome as a parts ligt, we can link two genes functiondly if they share
the same evolutionary pattern, such that they are either both present or absent in any of
the known genomes. Insofar as the genome is a permutation of genes, two genes may be
asociated if they are congstently found as chromosomal neighbors across genomes.
Genesmay d<0 be linked if they are found fused as one gene in another genome or if
they have common regulatory e ements and/or Smilar expression patterns. Together,
these methods constitute the many diverse senses of sequence andys's, which may
callectively hint at the function of an uncharacterized sequence in the context of al other
known sequences.
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I ntroduction

The transcription of a genome from organism to computer file, while a substantial
technical feet in itsdf, offersits grestest contribution as a garting point for the study of
newly sequenced genes of unknown function. Early approaches to gene identification
started with an observed phenotype, usualy a biochemica defect, and required years of
study before the protein and then the gene were identified. The introduction of pogtiona
cloning in the 1980s accel erated the process by better than an order of magnitude and
resulted, in short order, in the discovery of genes rdated to Duchenne muscular
dystrophy, cystic fibrogs, retinoblastoma, fragile X syndrome and many other diseases.
More recently, the ability to rapidly and inexpensively sequence complete genomes and
to monitor the expression of thousands of genes smultaneoudy places us a the threshold
of another acceleration in functiond discovery, one that will be both quantitative and
quditative, and which will be made possible by the development of powerful
computationa methods.

Sequence andysis by sequence Smilarity

Sequence smilarity has been angularly successtul in reveding dues to the function of
newly sequenced genes. One of the most drameatic early discoveries was the Smilarity
between the sequences of the transforming protein of smian sarcoma virus and human
platelet derived growth factor, reveded by a database search using standard sequence
aignment software (Chiu IM 1984). Another example was the assgnment of the cystic
fibrosis gene to a class of membrane trangport proteins, from sequence dignment
searches alone, without doing a single experiment. These searches are now conducted
routingly in thousands of Iaboratories throughout the world. They supplement
experimental information by using knowledge derived from one system to infer the
function of a closdy related gene sequence in another system.

Sequence andysis without sequence Smilarity

Asimportant as sequence sSmilarity searches have been, the need for new methods not
tied to homology is acute, primarily because the explosive growth in sequence

information has reveded large numbers of genesthat are not similar to any genes of
known function. However, this avdanche, which includes the complete genome
sequences of over thirty prokaryotes in addition to yeast, a worm, the fruit fly, and
humans, has aso provided us with a resource: we can now look a an unknown genein its
context in al the genomes where it gppears.

In this chapter, we review, and to some extent critique, emerging context- dependent
methods for revealing clues about the functions of genes (see Figures 1 and 2). These
methods al rest upon the notion that genes do not function in isolation but are instead
linked to one another (Danchin 1998); in other words, function is an attribute of a system,
rather than a single component. The key to deciphering function is an analyss of these
relationships (Eisenberg, Marcotte et a. 2000; Huynen, Snel et a. 2000).



The first method we review is phylogenetic profiling, which rests upon the notion that if
the presence of two genes across the phylais corrdated, the genes are functiondly
related. If more than two genes are considered, we can begin to build functiond
networks. The key to this method is devel oping a sound, predictive relation between
correlated phylogenetic profiles and function. Other methods are based on physicd
proximity in the genome: one might expect that when the short distance between two
genesis conserved across phyla, that conservation is the result of afunctiond
requirement. Smilarly, genes that are distinct in a given organism but are found fused in
another organism tend to be linked functionaly. Findly, evidence is emerging that genes
sharing smilar regulatory sequences and/or correlated mRNA expression patterns tend to
subserve a common function or set of functions.

Computational anayses based on these ideas result in predictions that suggest in vivo or
in vitro experiments. The computer is thus essentidly acting as a hypothesis machine,
driving the experiments in the wet Iab. Astoday’ s biology finds itsdlf flooded with
sequences, amost useful drategy isto filter the raw sequences through these
computationa methods to make afirst pass at the data and point to interesting avenues of
research.



Phylogenetic Profiling

One of the generdizations emerging from the comparative study of genomesis that
approximately 70% of the genesin a given genome are not distinct to that genome but
can be found even in distant phylogenetic clades (Koonin, Mushegian et d. 1997). Given
such a high recurrence of genes among the genomes, we discuss in this section how
information about a gene can be derived from its distribution across the genomes.

Clusgters of Orthologous Groups

The Clusters of Orthologous Groups (COGs) system is an elegant method for examining
the orthologous relations among the genes of the sequenced genomes (Tatusov, Gaperin
et d. 2000). A COG begins as a st of three genes from three distinct genomes where
each pair, for example, gene afrom genome A and gene b from genome B, is such that
the gene most Smilar in sequence to gene ain genome B is b and vice versa. Two COGs
are united to form one larger COG when both COGs include two of the same members.
As such clustering steps are repesated, the COGs are enlarged until each one represents a
complete set of orthologous genes. A particularly nice festure of this method isthat snce
it looks for only the best match, it is not dependent on any threshold for gnificant
sequence Smilarity and detects both quickly and dowly evolving sets of orthologs.

Once COGs are created, we can consider their representation among the sequenced
genomes. We do so by congtructing a phylogenetic pattern or profile (here, the two terms
will be used interchangegbly) which is Smply an expresson of the presence or absencein
each genome of at least one member of the COG. For example, if the COG has at least
one genein dl saven genomesin theinitid study (Tatusov, Galperin et a. 2000), we
assgn toit the pattern “ehgpcmy”, where g, h, g, p, ¢, m, and y stand for E. coli, H.
influenzae, M. genitalium, M. pneumoniae, Synechocystis sp., M. jannaschii, and S.
cerevisiae. Indeed, the pattern “ehgpcmy” was one of the two most abundant in theinitid
COG study(Tatusov, Koonin et a. 1997). The other was “eh--cmy”, i.e, present in dl the
genomes except M. genitalium and M. pneumoniae, the two mycoplasmas. Together,
these two patterns account for only athird of the COG patterns, sgnifying thet thereis
consderable variation in the patterns.

Can these COG patterns provide functiona information about genes and genomes? The
remainder of this section attempts to answer this question. Before proceeding, however, it
isimportant to note that the construction of a COG is only one method of building a
phylogenetic pattern. Given the gene's sequence, we build the pattern by smply querying,
by sequence smilarity, if that sequenceis present or absent in each genome using an ad
hoc threshold for smilarity.

Two ways to view the phylogenetic patterns

Given this concept of a phylogenetic pattern, we arrive a two digtinct ways of usng alist
of such patterns. We can link two genes if they have smilar patterns, i.e., co-occur, or
link two genomes because they have the same set of genes. We can congtruct a matrix



where columns correspond to genomes and rows correspond to genes. An eement of the
matrix containsa 1 if that geneis present in that genome or a0 if it is absent. Each row
thus contains the phylogenetic pattern of a gene, while each column ligts the set of genes
in that genome. We can then look for smilar rows (genes with smilar phylogenetic
profiles) or amilar columns (genomes with Smilar genes).

Phylogeny based upon gene content

By comparing the columns of the matrix, we are asking, “given that agenomeisaset of
genes from alibrary of genes (al the rows), how do the different sets'genomes
compare?’ If we assume that the more Smilar the gene contents of two genomes, the
more recent their time of divergence, we can use a measure of Smilarity of their gene
contents to construct evolutionary trees. One possible measure is the number of genes
common to both genomes divided by the Sze, in genes, of the smalest genome (Snd,
Bork et al. 1999). A phylogenetic tree derived from such a metric looks remarkably
gmilar to therl6 RNA trees (Sndl, Bork et a. 1999; Tekaia, Lazcano et a. 1999).

One can dso ask if there are genes or whole classes of genes that are kingdom-specific.
For example, one study (Ouzounis and Kyrpides 1996) considered evidence that archaeal
genesfor transcription are significantly more similar to those of eukaryotes than to those
of bacteria; the authors used this observation to make hypotheses about the presence of
various cdlular processesin the last universa ancestor.

Another benefit of comparing gene content among genomes is the possibility of
identifying phenotypic characteristics of one genome by differentiating its gene content
with that of another closely related genome that lacks the phenotype. Huynen et d.
(Huynen, Dandekar et a. 1998) introduced this strategy and applied it to the H. pylori
genome. By consdering dl H. pylori genesthat do not have orthologsin E. coli and H.
influenzae, the authors identified 123 genes which were known to function in host
interactions such as membrane proteins. These genes can be investigated further
concerning their putative role in H. pylori’s paradtic phenotype.

Functional coupling based upon phylogenetic patterns

The orthogona view of the matrix, based on clustering the phylogenetic patterns
according to smilar digributions in the genomes, is most relevant to this chapter. The
fundamental hypothesisis that non-homologous genes whose patterns of occurrence
across a representative set of genomes are highly correlated subserve a common function
or st of functions.

Phylogenetic patterns of glycolytic enzymes

A number of studies have focused on specific associations among proteins and have
clustered them by using alibrary of genomes (Huynen, Dandekar et al. 1999), (Dandekar,
Schuster et a. 1999). To consder a specific set of genes using phylogenetic patterns, we
examine the sudy of the glycolytic, Entner-Doudoroff, and pyruvate pathways as they



occur in 17 genomes (Dandekar et d.; see Figure 3). A number of interesting
observations arise from this data. Looking at specific sections of the pathway, for
example, pyruvate synthase, pyruvate dehydrogenase, and the lower part of glycolysis,
the authors find that these phylogenetic patterns are fairly strongly conserved. Thus,
relaxing the criteria that the patterns must match exactly, and dlowing them to deviate by
afew dements, dlows more genesto be linked.

It is reassuring that the partitions assgned to the pathways (for example, Entner-
Doudoroff or lower part of glycolyss) dso roughly correspond to their evolutionary
patterns. Dandekar et d. aso show that the phylogenetic patterns of proteins that form
complexes are much more conserved than those of proteins which do not form complexes
(see pyruvate synthase and pyruvate dehydrogenase). In addition, we point out that when
aproteinispresent in dl the avalable genomes, as in the genes involved in the lower part
of glycolysis, its phylogenetic profile isless informétive, because there are likely to be
many other genes present in al genomes (Tatusov, Koonin et a. 1997). For example,
ribosomal proteins and DNA polymerases can be expected in dl organisms and thus will
have identical phylogenetic profiles, yet they are not directly involved in the same
function or process.

On the other hand, this intersection of al genomes should help identify the common
genes required for life (Mushegian and Koonin 1996). As more genomes become
available, thereis an increasingly smdler chance that agene will befound in dl of them;
each additional genome doubles the number of phylogenetic profiles possible and hence
reduces the probakility thet different gene families will exhibit the same pattern. At this
exponentid rate, the different patterns of evolution are expected to be resolvable to the
point where each functiond family will haveits very own pattern.

Phylogenetic profiling as a predictive tool

Since aclugter of geneswith identica phylogenetic profiles may consist of both genes of
unknown function and others that have been studied experimentally, this method can be
used to predict the functions by extending the known functions to the uncharacterized
genes.

This concept was introduced by Huynen et d. (Huynen and Bork 1998), but its large-
scale implementation had to wait until enough genomes were available to make the
method feasible (Gaasterland and Ragan 1998; Pellegrini, Marcotte et a. 1999). For
example, Pdlegrini et. d found in E. coli only four genes with the same profile as
ribosomal gene RL7, dl of which had been previoudy studied and determined to be
associated with protein synthesis. To generate more links between genes according to
these profiles, the criteriafor linking profiles was relaxed from "exact” to "smilar”, such
that two genes could be linked even if their profiles differ a only one entry. (We describe
below amore rigorous method to determine the significance of Smilar profiles.) With
this dightly more permissve association aswell as 16 genomes, the authors found 27
new proteinsin thisRL7 clugter. Of these, roughly haf were annotated as ribosomd
proteins while many others were hypothetical and/or uncharacterized proteins. One such



uncharacterized protein, SmpB, was recently confirmed to be involved in protein
gynthess (Karzai, Susskind et d. 1999) (Marcotte 2000).

In addition to verifying that genes with the same phylogenetic profile have the same
function, Pdllegrini et d. tested the converse: do genes with the same function have the
same phylogenetic profile? By grouping genes according to common keywords, they
compared the profiles of clustered genes. Even with alooser requirement allowing up to
two deviations among the profiles, relatively few of dl the possble links among the
functiondly related genes were made using the profiles, though still appreciably more
than random. An explanation for thisis that the annotated function is too broad, uniting
multiple phylogenetic patterns. Perhaps this method will be able to aid in annotating at
the levd of protein families, by cassfying genesinto families based on corrdated
evolution.

Scoring corrdations anong phylogenetic profiles

In order to evauate the significance of correlaions among profiles, it is helpful to derive
the probabilities of such occurrences. Suppose we have accessto N fully sequenced
genomes. Gene A occursin k £ N genomes; gene B occursin r genomes in common with
gene A aswel sgenomes not in common with gene A.

The probability of the observation depends on what we take as prior knowledge. To be
specific, suppose we begin with the observation as stated above. Then, the number of
waysin which gene B can co-occur r times with k occurrences of gene A is
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The probability that at least r of the B genes co-occur with the A genes (withs+r3 k) is



assuming dl genomes are equdly spaced evolutionarily.

If the phylogenetic distances between the genomes are not identica, then the expressions
must be modified so thet lower weights are assigned to associations arisng from those
genomes that are most closaly related. The smplest procedure would be to use weights
that are proportiona to distances on the 16S rRNA tree.

The derivation above assumes that dl phylogenetic profiles are equiprobable, however in
redlity profiles are not distributed evenly aong profile space (see for example (Tatusov,
Koonin et a. 1997)). To correct for this, the probability of finding each profile should
relate its frequency in observed profiles.

The above remarks implicitly assume that the “genes’ are composed of single domains,
where adomain is an independently heritable unit. In the more redidtic Stuation in which
genes condst of more than one domain, reasonable probability estimates can il be
made, provided that the domains boundaries of the genes of interest are known.

Summary: evolutionary consderaions

Since phylogenetic profiling is based on the detection of co-evolved genes, it is

interesting to consider under which conditions it will fail. For example,

the correlation between two genes will be reduced if one or both of them is replaced by
anad ogous genes in one or more genomes. Such non-orthologous gene displacement has
been discussed by Mushegian and Koonin ((Mushegian and Koonin 1996)). For example,
adass| lysyl-tRNA can replace the non-homologous but andogous class1l genein
function, leaving each genome able to use ether of the two but never having aneed for
both (Ga perin and Koonin 2000).

Another, perhgps more pervasive, reason for errorsin linking by phylogenetic profiling is
the coupled processes of gene duplication and gene loss (Huynen and Bork 1998). Gene
A may be duplicated to produce gene B which may then speciate to assume afunction
digtinct from gene A. If gene A is subsequently lost from the genome, then gene B may
be mistakenly assumed to be an ortholog of gene C, which was originaly orthologous
with A. Such errors are due to the difficulty in assgning orthologs.

More information can be expressed in a phylogenetic profile if consderaion isgiven to
the number of copies (paralogs) of the gene found in each genome. That is, in place of
Boolean hits, a profile may be composed of integers, where each denotes the family sze
of the gene. A correlation between pairs of profiles may then be strengthened if the two
correspond not only in their presence in Smilar genomes but aso in terms of family szes
(Wu et d., work in progress).



As more genomes are being sequenced, we are obtaining an increasingly better sampling
of “bags of genes’, which is how the phylogenetic profiling method views a genome.
When a sufficient number of genomes are available, it will be possbleto give adatistica
score to each match among two profiles reating the significance of the corrdation. An
obgtacle toward this god isthat an even phylogenetic digtribution of dl genomeswill not
be present, i.e., the available genome sequences s do not represent an even sampling of
life and instead focus on certain species. In some cases, different strains of the same
species are sequenced (see H. pylori and M. tuberculoss). Since these strains have very
amilar or nearly identica gene contents, their inclusion in a phylogenetic pattern would
bias the results in favor of the genes present in the over-represented genomes. Methods
need to be developed to ensure that such a bias does not occur, for example by assigning
different weights to the genomes.



Chromosomal Proximity

A popular gphorism regarding the value of red edtate advises that the three most
important factors are: “location, location, location.” While it is an overstatement to
suggest that the chromosoma neighborhood of ageneis crucid to its function, ussful
information about a gene can be derived from knowledge of the functions of physicaly
proximeate genes.

Gene order dong the chromosome

Knowing the entire genome sequence of an organism alows a compilation not only of a
ligt of the gene sequences but dso of alist their order dong the chromosome. An
immediate question is thus, “how much functiond information is encoded in the

particular permutation of genes observed in the genome?’ A genome of N genes can be
ordered in N! different ways, an enormous number. From a comparison of related
genomes, we know that global order is not conserved, and that the distance between two
genesin one genome is more likely to be conserved in another genome if it is short
(Watanabe, Mori et a. 1997). Sdlective biases operate at the loca scale of gene clusters,
preserving the proximity of certain genes. We can thus view agenome asamore or less
random permutation of gene clugters, i.e., the genes within a cluster are conserved but the
order of the clustersis not. Furthermore, these evolutionary pressures tend to group genes
of common function. Thus, in deciphering the function of a gene, we find clues by
consdering the functions of the adjacent genesin al the genomes where the gene is
present.

Two modesfor the origin of gene dugters

The notion that the proximity of certain genesis conserved across genomes is most
interesting from the point of view of this chapter because of the functiond associations
among the genes. It isthus appropriate to consder what evolutionary pressures may act
to clugter genes of common function. There are two dominant models to account for this
effect: the “co-regulation modd” (Pardee 1959) and the “ selfish operon” model
(Lawrence 1997). The former benefits the organism, while the latter benefits the gene
clugter itsdlf. By having the genesin proximity, the individud gets the selectable benefit
of afacilitated regulatory mechanism, or so the “co-regulaion modd” reasons. The
“sdlfish operon” mode, on the other hand, infers that what motivates the formation of a
gene clugter isthe fadilitation it confersto the horizontd transfer of that cluger. Inthis
view, genesthat can collectively impart anove phenotype (metabalic, for example)
cluster not for the benefit of the organism but for their own advantage of making them
better suited for transfer. In other words, their organization as a cluster facilitates their
transfer to other organisms.

Restriction sysems: an example of functiondly-associated proximate genes

As adefensve measure againgt bacterid viruses (bacteriophages), bacteria have evolved
amechaniam for destroying foreign DNA in the cell. A cdl can carry a battery of the so-
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caled regtriction enzymes that recognize specific short sequences in the DNA molecules
and cleave a these Stes. In order to avoid destroying its own genome, the cell dso carries
acorresponding set of methyl transferases that methylate the same sequences in the host
DNA, thereby protecting the host from its own restriction enzymes. Notwithstanding the
underrepresentation of paindromic words corresponding to restriction sites (Koonin), and
the presence of methyl transferases that facilitate the correction of replication errors, the
cdl does not benefit from having an extra methyl transferase gene without the
corresponding restriction enzyme, and suffers aterrible fate if it possesses aredtriction
enzyme without the corresponding methyl transferase.

Most conspicuoudy, in al known occurrences of a redtriction enzyme gene, amethyl
transferase gene is found adjacent along the chromosome (Richard Roberts and Richard
Morgan, persond communication). Based upon the two models cited above, there are two
interpretations for this phenomenon. According to the “ co-regulaion” model, both genes
need to be turned on at about the same time in order for the defense system to work
properly, and the proximity facilitates this co-regulation. In the case of redtriction

enzymes, however, the evidence weighs heavily againg this interpretation, since the two
genes, though adjacent, do not share acommon regulatory scheme; the methyl transferase
must and does start to protect the host DNA before the restriction enzyme launches its
attack againgt any unprotected DNA. Thisimpliesthat the aternate explanation is more
vaid, namdy that the clugtering of these two complementary genes facilitates the transfer
of the genes, which together give the phenotype of protection against phages.

The proximity of these two genesis very useful in identifying restriction enzymes.
Redtriction enzymes, which are sold commercidly for doning, form an amazingly
unconserved gene family and cannot be identified through segquence comparisons with
other restriction enzymes. By contrast, methyl transferases have amotif that is strongly
conserved within their gene family. Thus, the common technique used in identifying
redriction enzymesis to find the methyl transferase by sequence analysis and look at the
adjacent genes, one of which ismogt likely aredtriction enzyme

Neighboring genes tend to be functiondly related

Are there functiona associations among adjacent genes? To rephrase the question, we
can ask, “how many pairs of adjacent genes are actually known to be of smilar
function and is this number statisticaly significant compared to choosing pairs of
genes a random?’ Tamames et d. (Tamames, Casari et d. 1997) identified adjacent
genesin the complete H. influenzae genome and asked if each pair consisted of genes
of amilar functions. The genes were dlassfied into nine broad functiona classes
(metabolism, trandation, trangport, etc.), which alowed the congtruction of the
digtribution of &l combinations of the nine functiona classes. The Sgnificance of each
combination was estimated using a atistica model comparing the observed
associations to those expected by chance done. Their conclusion was that neighboring
genes tend to be functiondly linked more often than genes that are not neighbors.
Intra-functiona doublets (for example, metabolism-metabolism or trandation
trandation) amost aways account for the most significant number of doublets.
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Many fase postives are detected, however, when querying for functiond relationships
amply on the basis of proximity on the chromasome. The main problem isthat while
selective pressures can be inferred to operate on some gene clusters, the congtraints on
large-scale organization are weak. Thus, while the fact that some genes are neighbors can
be quite informative, it can be mideading in other instances. Thetrick, then, isto isolate
those gene pairs whase proximity is significant by filtering out the arbitrary neighbors.
Severd drategies have been proposed to identify neighboring genes on the chromosome
that may be functiondly linked, as we discussin the following sections,

Using groups of dosay related genomes to identify consarved regions

One method used to ascertain whether the adjacency of a pair of genesin one genome is
coincidenta or informative makes use of the sequences of other complete genomesto
look for conserved gene clusters. In other words, if two genes are consistently adjacent in
various genomes, we become confident of an association between them. However, there
is an inherent difficulty in choosing the gppropriate background. As Dandekar et al.
(Dandekar, Snel et d. 1998) point out, if two genomes only diverged recently in
evolutionary time, gene clugters in the genomes are expected to be preserved not because
they are sdlectively advantageous but because there has been little time for random drift

in the organization of the chromosomes. Conversdly, if the reference genome istoo
digant, then there isless of achance of finding common orthologs or conserved regions.

The strategy used by Dandekar et d. (Dandekar, Snel et d. 1998) to choose the
appropriate phylogenetic background in order to establish the significance of gene
proximity isto consider three genomes at atime, and to consder arelaion among two
proximate genes only if it is conserved among dl three. The triplet of genomesis chosen
such that the average leve of amilarity based upon a set of 34 representative orthologs
(Huynen and Bork 1998) among two of the three genomesis less than 50%. The group
chose three sets of three such genomes. In each triplet of genomes, pairs of genes whose
order was conserved were recorded; atogether, among all the sets of genomes, 100 such
pairs were detected. This number is consderably smdler than expected and may perhaps
be attributed to this Strict definition of gene proximity. For example, snce E. coli has
~4000 protein-coding genes and thus also has ~4000 pairs of adjacent genes, only
approximately 2% of the pairs are conserved, assuming that all ~100 pairs of Dandekar et
a. were detected in E.coli. Thus, these results conclude that a very low degree of gene
order is conserved among closdly related species.

Most of these gene pairs (75%) correspond to those whose protein products are known to
physicaly interact, for example, ribosomal proteins, RNA polymerase subunits, and
trangporter subunits. Another 20% correspond to pairs of genes that have been predicted
to interact by other methods such as andyses of crystal structures. Another clue towards
the notion that the conserved pairs code for functiondly related proteinsisthe

observation that sequence smilarity is subgtantidly grester among orthologous genes

than are members of such pairs than in orthologous genes whose locus dong the
chromosome is not conserved. If the two proteins interact, then one would expect an



additional sdective congraint upon the conservation of complementary structures
required for the interaction, thus dowing down the divergence among the orthologs.

Systematic search for conserved gene order

A more systematic method for identifying consstently paired genes was introduced by
Overbeek et al. (Overbeek, Fongtein et . 1999), who observed that proximate genes are
generdly functionaly related only when they are transcribed in the same direction;

indeed, among the 100 pairs of neighboring genes of Dandekar et d., there was only one
exception to thisrule. Overbeek et. d. therefore defined two genes as proximate if they
occur on the same strand and at most 300 bp apart. A pair of proximate genesisonly
registered if the closest orthologs of the genes in another genome are dso proximate.
58,498 pairs are thus linked with a database of 31 genomes, afew of which were not
completely sequenced.

The authors take account of smilarity of two genomes by using phylogenetic distance
according to the standard 16s rRNA tree. For example, if apair of proximate genesis
found in both H. influenzae and E. cali, it is given asmdler score than apair found in E.
coli and B. subtilis, because the latter genomes are farther apart than the former. The sum
of the scores of dl the links that a particular pair of genes X and Y might have made with
al the genomes available represents the score for thislink.

An important achievement of thisanalyssisits ability to recongruct entire pathways,

such as purine biosynthesis and glycolyss. The links are clustered such that, within a
cluster, each pair of proximate genesislinked to at least one other pair of proximate
genes. When a cluster corresponds to the genes of an entire known pathway, this pathway
is sad to have been reconstructed because the information that the genes form a pathway
was not entered but rather was an output of the andyss.

One gene of unknown function, found in many of the genomes considered, was linked to
the purine biosynthesis pathway cluster. The hypothesis that this gene participatesin
purine biosynthesis represents a testable prediction of the functiond coupling of the
chromosoma proximity method.

One shortcoming of this method is that a proper statistic has not been developed to
determine the significance of links among genes basad upon chromosoma proximity.

The sum rule favors genes that are present in al genomes as opposed to those found only
one kingdom, for example.

Operon detection

An dternative method for identifying genes whose proximity is not arbitrary isthe
prediction of operons, or multi-gene unis of transcription, based only on the genomic
sequence, or complemented by other methods such as microarray experiments. As genes
within the same operon are likdly to be functiondly correlated (Pardee 1959), thein silico
identification of operons offers another method to determine proximate linked genes. By
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observing that the genes within an operon are separated by intergenic regions of short,
characterigtic length, Salgado et d. (Sdgado, Moreno-Hagelsieb et d. 2000) were able to
identify 75% of the previoudy known operons, predict many additional operons, and
estimate atotal of ~700 operonsin E.coli. By adding the prerequisite that the genes must
be not only neighbors but also members of the same operon, that is, colinear and
separated by at most some threshold number of bases, they reduce the risk of linking
genes whaose proximity is only coincidenta.

Summary: acdose cal

Satidicdly, neighboring genes tend to be functionally related. To prevent reporting false
podgitives, i.e., adjacent genes that are not functionaly linked, one should ask whether the
genes are dso proximate in other genomes. This can be done either sysematically by
querying dl genomes for the gene pair and taking into account the phylogenetic distances
among the genomes compared, or by only querying acarefully chosen set of genomes
that are at an gppropriate distance from the reference genome. Alternately, one could first
detect operons and assume that dl the comprising genes within an operon are
functiondly linked. As the sequences of more genomes come to light, the order of genes
in agenome will beincressingly telling of associations among neighbors.
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Gene Fusion Analysis

The taxonomy of gene familiesis complicated by to the existence of “chimeras’
(Henikoff, Greene et d. 1997), i.e., genes that are fusions of multiple modules or
domains. However, this feature of gene architecture can be extremey useful for
functiondly linking genes. Thus, for example the digtinct and physicadly digtant E. coli
genes carB, pyrB, and pyrC, whose products act in sequentid stepsin pyrimidine
metabolism, are fused in the human genome.

Humble beginnings of fusonsin bioinformatics

Besides throwing a monkey wrench into the machinery of protein family taxonomies,
“chimeras’ or fused genes have presented a mgor chdlenge for “functionators’,
automated functiona annotation programs that ascribe putative functions to raw
sequences with sequence smilarity to known genes. The basic problem arises fromalack
of trangtive associations among the genes. Consider fuson gene AB, where domains A
and B aredso found as didtinct genes. A issmilar in sequenceto AB, whichinturnis
gmilar to B, but it does not follow that gene A isSmilar to gene B. Now if A has been
studied and determined to be a kinase, uncharacterized gene AB will aso be annotated as
akinase. Since B shares adomain with AB, it will likewise be annotated as a kinase.
Sequence databases are plagued by such unfortunate situations in which the annotation of
ageneiserroneoudy transferred to a gene that has no sequence smilarity.

Ironically, the fuson method suggests that, lack of trangtivity not withstanding, fused
pairs, or pairs of genesin one genome that are found fused in another genome, are more
likely to be functiondly related than unfused pairs. The rationae is that the fusion gene
acts as the bridge among the genes, linking them functiondly.

Evidence that distinct genes found fused in another genome are functiondly linked

Beginning with E.coli genes, Marcotte et d. identified alist of 6809 pairs of non-
homologous genes that are found fused in other genomes, and subjected the pairs to three
assays for afunctiona association.

SwissProt keyword. Through queries for keywords common to the two genesin each
of the pairs, 68% of the pairs of known functions have a keyword in common.
Interacting proteins. A physica interaction between the gene productsis atype of
functional association. 6.4% of the pairs are composed of genes whose products are
known to interact.

Phylogenetic profiling. 5% of the pairs are dso identified by phylogenetic profiling,
eght times as many asif the pairs were chosen randomly. That phylogenetic profiling
and fuson andys's converge to some degree in thelr predictions of functiond
associations increases our confidence that they are indeed identifying red relations.

Filtering of “promiscuous’ domans
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Most genes fuseto few partners while afew “promiscuous’ genes fuse to many partners.
For example, SH3 domains represent over 300 links within 6809 E.coli fuson pairs. To
get an idea of the extent of “promiscuity”, consder that when Marcotte et a. removed
any link involving a protein with more than 25 links, the number of links drops by 79%.

Isthefiltering of these domains from the set of functiond links warranted? The rationde
for their exdusion isthe lack of specificity of information they confer to their link

partner. For example, the ATP-binding cassette is represented nearly 200 timesin the
pairs predicted by Marcotte et a.. When an uncharacterized E. coli geneisfound fused to
an ATP-binding casstte, the only information gained isthat it needs ATP as a source of
energy. The degree to which one finds such information useful determines whether
filtering promiscuous domains is necessary.

Do genes that are found fused & sawhere interact?

To this point, we have discussed linking genes that are found fused e sewhere in the
hopes that the link corresponds to a functiona association. But exactly what kind of an
asociation isit? Marcotte et d. suggest that the links may hint a physica interactions
between the gene products, i.e., the protein products interact with each other as part of
their function. Since interactions among proteins are essentia to cellular processes,
identifying such interactions is an important task, particularly impressve when
accomplished at the sequence leve.

Marcotte et d. propose amodel to explain why afusion geneis evidence of a physica
interaction between the components. Two genes may fuse by a random genetic
rearrangement o that they encode a single fusion protein. As the effective concentration
of the domains of the protein is now increased by severa orders of magnitude, any
mutation that leads to or improves a binding surface between the domains reduces the
free energy of the protein, and will thus be sdlected for. When another round of
recombination now separates the two domains, they will interact as distinct proteins,
sincethey evolved abinding ste while they were fused.

According to thismodd, the fuson geneis a vestige of the evolution of the interaction
between the component genes. However, it is awdl-known fact that the average
eukaryotic gene is longer than the average prokaryotic gene, suggesting that genefusion
is more common in the gene architecture of eukaryotes. We therefore hypothesize that a
fuson may be abeneficid drategy for coping with the cellular complexity of higher
organisms by effectively compartmentalizing the component genes. This mode predictsa
more genera functiona association between the component genes, rather than, but not
precluding, adirect physica interaction.

A cdoser look at the fusion pairs...

Of the 767 fusion pairs found by Marcotte et d. that survived their filtering of
“promiscuous’ domains, 122 are assigned to metabolic pathways in the Kyoto
Encyclopediaof Genes and Genomes (KEGG) (Ogata, Goto et a. 1999). Of these, 60
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have both members within the same pathway while the remaining 62 do not. Of the
former, we identified 34 pairs with distinct functions (i.e, different Enzyme Commisson
(EC) numbers) that are found fused in atota of 14 genesin other organisms (Y and,
Camacho, and Weng, unpublished results). The remaining 26 pairs have identicd EC
numbers and mostly correspond to different components of the same complex.

Strikingly, 10 of the 14 fusions are composed of sequentia enzymes in their respective
metabolic pathway, while another 3 include a most one next-to-nearest neighboring
enzymes along the pathway. For example, E.coli genes AroB, AroD, AroE, AroK and
AroA, respectively the 2" through 6 stepsin the shikimate pathway, are al encoded as
Arol in yeast, though not in this exact order. This suggests that the fusion of genes may
be a strategy for ensuring the proximity of the sequential steps of a metabolic pathway. A
gene may thus be linked to a certain metabolic pathway, and thus be ascribed a function,
if it isfound fused to a gene of thet pathway. As an example, aregulatory gene may be
assgned a putative role in the regulation of the purine biosynthesisif it isaso found

fused to a gene encoding an enzyme aong the purine biosynthesis pathway.

Protein-interaction maps by the yeast two-hybrid method

Recent large-scale protein-protein interaction experimentsin S. cerevisiae (Mewes,
Frishman et a. 2000) presented the opportunity to test the ability of the fusion method to
detect protein-protein interaction from genomic sequence. 957 protein-protein

interactions were identified usng the yeast two-hybrid method, dmaost doubling the

known number of physicdl interactionsin S cerevisiae. Usng permissve search criteria
againgt a comprehens ve sequence database (Holm and Sander 1998), we found that 8 of
the 957 (~1%) pairs are composed of proteins that are found fused €l sewhere and could
have been predicted by the fusion method to interact, 6 of these being sdlf-interactions.

By contrast, we detected 1482 pairsof S. cerevisiae distinct genes found fused €l sewhere
but whose products were not found to interact in yeast two- hybrid experiments.

These results indicate that the fusion method has low sengtivity and specificity for
detecting direct protein-protein interactions. There are a number of possible explanations
for this. Low sengtivity may reflect experimenta biases, including the sdlection of “bait”
proteins. Alterndively, the fuson gene for a pair of interacting proteins may not be
available, either because it has mutated beyond recognition, or because it has disappeared
(Marcotte, Pdllegrini et d. 1999), or because it has yet to be sequenced. With respect to
the low specificity, we asked whether the fusons primarily indicate functional

associations rather than physica interactions.

Summary: fuson for function

To sysemdticaly test the notion that functional annotations can be transferred
trangtively, by way of the fuson gene, from one gene to another with no sequence
smilarity, we examined dl pairsof S. cerevisiae genesthat are found fused together as
one genein another genome (Y anai, Derti and Delid, submitted). We associated to each
gene the functiond category assgned to it by the Munich Information Center for Protein
Sequences (MIPS), in which 54% of S cerevisiae genes are mapped to 12 general
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categories (Mewes, Frishman et d. 2000) and note; same asin paper). We then asked for
how many of the fusion pairs do both members have functions in common. For 57% of

the 1608 fusions of norn-homologous genes where both are annotated, we found that the
two genes have at least one functiona category in common.

Thereault that genes tend to fuse with genesin the same functiona category gives
confidence in the concept that fusion analysis will be used to complement sequence
andyss. Statitics need to be developed to establish the significance of predictions made
by fuson andyss. Thus, for each link made among genes found fused esewhere, a
measure of confidence will dso be assigned. This sort of fuson andysswill aso give
indght into the complex domain architecture that is o ubiquitous, especidly in higher
organisms.
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Expression profiling, clustering, and regulatory sequences

Theletmativ of this chapter is the accumulation of clues about the functions of genes
through means beyond sequence smilarity, and we have thus far consdered methods
exploiting genomic context to infer functiond links among genes. Toward the same end,
we now discuss the andyss of large-scale MRNA expression data from microarrays, the
search for common upstream regulatory sequences, and the combined use of these
methods.

DNA microarrays provide the mRNA levels of thousands of genes smultaneoudy. With
data from many time points and/or conditions, we look for genes with Smilar expresson
patterns to infer functiona associations. Separatdly, we can link genes with common
upstream regulatory moatifs that are putative transcription-factor binding sites. When we
combine these methods and find genes with Smilar expresson patterns and common
regulatory sequences, we have strong evidence of co-regulation and confidence in the
functiond links thereby drawn among genes.

Using DNA microarrays to measure expression levels

DNA microarrays consst of thousands of DNA probe sequences arrayed on a glass or
nylon surface, and are used for large- scde gene expression monitoring, de novo
sequencing or sequence verification. The sampleislabdled then hybridized, then the
array is scanned. In the case of MRNA, the intengity recorded for each probeisaredive
measure of the expresson leve of asmal or large fragment of a gene, with numerous
congderations beyond the immediate scope. Whether they are driven by hypothesis or
discovery , microarray experiments have produced atorrent of data and led to significant
biologicd findings (Winzdler, Richards et d. 1998; Behr, Wilson et a. 1999; Golub,
Sonim et d. 1999; Bittner, Mdtzer et d. 2000; Hayward, Derid et a. 2000; Hughes,
Marton et d. 2000; Ly, Lockhart et a. 2000) dong with computationa and experimenta
chdlenges (Aach, Rindone et a. ) and opportunities.

Limitations of microarrays

Microarrays may not detect transcripts present a low levels, which are likely to include
many transcription factors (Thieffry 1999), or faithfully reproduce the dynamic range of
the transcripts. Spotted arrays made with long products are particularly susceptible to
cross-hybridization, where atarget transcript hybridizes to ectopic probes of sufficient
amilarity. Transcripts dissmilar in sequence can have Smilar expression patterns (Eisen,
Spellman et d. 1998), but this does not preclude cross-hybridization. As we will discuss,
expression results and regulatory sequences can potentialy provide some claificaion in
these cases.

Since proteins are the principa agents of the call, MRNA levels are surrogate indications
of gene activity, and there is conflicting evidence regarding the correlaion between the
two levels (Futcher, Latter et a. 1999; Gygi, Rochon et d. 1999; VanBogden, Greis et
al. 1999). DNA microarrays do not reved protein interactions or post-transcriptiona
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modifications, but nevertheless do reved links not accessible through the study of
proteins, in part because transcription and trandation are uncoupled in eukaryotes.

Clustering microarray expresson data

A common analysis of microarray expression data consists of clustering expression
profiles, whether from atime-course experiment or multiple experiments, in order to find
genes with amilar profiles. A multitude of approaches have been developed or adapted
for this purpose (Sherlock 2000). The profiles are typically normaized first, so that
clusters contain patterns whose absolute levels may differ but which have smilar shapes.
The generd procedure is to sdlect genes with significant changes in expression, then to
establish ameasure of amilarity between expression patterns, such as correlation (Eisen,
Spellman et d. 1998), Euclidean distance (Tavazoie, Hughes et a. 1999) or mutud
information (Herwig, Poustka et a. 1999), then to group sSmilar patterns. The latter
implies the subjective and iterative sdection of athreshold for smilarity.

In hierarchical dugtering (Eisen, Spellman et d. 1998), the two most Smilar patterns are
clustered and replaced by an average, and the other patterns are added successively by
decreasing order of amilarity. The result resembles a phylogenetic tree, and clusters are
obtained by setting a threshold at some leve in the hierarchy. In salf-organizing maps
(SOMs) (Tamayo, Slonim et a. 1999), a number of reference nodes are dispersed initialy
in expression space in ageometric pattern such asagrid. At each iteration, ageneis
chosen at random and each node is moved toward that gene's expression vector by a
distance proportiond to its closeness with that vector, but this distance decreases asthe
iterations progress. After many iterations, each expression pattern is assgned to the
closest node.

Through an iterative redlocation of the members, k-meanscdlugering (Tavazoie, Hughes
et d. 1999) minimizesintra-cluster dispersion for a specified number (k) of clusters. The
reference vectors are initidized randomly, aswith SOMs, but each geneisassgned to its
closest reference vector, and only that vector is readjusted to represent an average
(means) of the expression profilesin its clugter. Iterations are hated when no expresson
petterns are redllocated among clusters. Herwig et d. modified the method so that close
clusters can merge. Unlike SOMs and k-means clugtering, hierarchica dugtering is
deterministic (Sherlock 2000).

Heyer et d. (Heyer, Kruglyak et al. 1999) developed a clugtering dgorithm specificaly
for expression patterns. A single pair of corresponding data points can yield a strong
correlation between two otherwise dissmilar profilesif those points are strong outliers,
and the authors propose the use of the jackknife correlation to avoid this problem. This
vaue is obtained as follows for two profiles conssting of N data points: fori = 1to N,
omit the ith data point from each profile, calculate the correlation between the profiles,
then restore the ith data points and increment i; the worst possible correlation among
these is the jackknife correlation. If two points were omitted from each profile at each
iteration, the result would be the second-order jackknife correlation. Unlike other
methods where the order of clustering can affect the results, the algorithm of Heyer et d.
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exhaudively uses each gene as the seed for a cluster, searching for the greatest number of
geneswithin asgmilarity threshold, then repesats the process for the remaining genes. Of
particular interest to this chapter is the comment by these authors regarding trangtivity: if
we are to infer afunctiona relaion between genesin a clugter, then the genes within a
cluster must be strongly smilar to each other, and not related through multiple links.

This exhaudtive search for the worst measure of smilarity between expression patterns
can be extended from corrdation to other measures of amilarity or distance. In addition,
if the same time point consstently leads to the worst correation, perhapsit is noisy and
should be excluded. Ladlly, it is possible that some genes exhibit Smilar expresson
patterns in some conditions but not others, and this jack-knife process dso leads to the
idea of sysematicdly or randomly omitting data points from various conditions to find
the subsats where genes exhibit Smilar expression patterns.

Searching for proxima regulatory sequences

An important point of control of gene expression isthe regulation of transcription
initigtion. In ample terms, trans-acting transcription factors bind to cis-acting regulatory
sequences upstream of genes and either enhance or repress transcription, directly or
through accessory factors. The search for regulatory sSitesin genomic sequencesis
consequently subject to much attention (Fickett and Wasserman 2000; Stormo 2000).

Pursuing the idea of cooperative binding, Wagner (Wagner 1999) searched for conserved
cugersof multiple Sitesin S, cerevisiae. Based on the presumed conservation of
functiona sequences despite variations in neighboring noncoding fragments, Miller and
colleagues have reported the utility of looking for sequences conserved among the
promoter regions of human and rodent homologs (Hardison, Odltjen et a. 1997; Odltjen,
Mdley et d. 1997; Ansari-Lari, Odtjen et d. 1998; Mdlon, Platzer et d. 2000) toward
theidentification of regulatory Stes. A number of methods search for acommon stein
multiple unaligned sequences, typicaly upstream regions of genes thought be co-

regulated (Roth, Hughes et a. 1998; van Helden, Andre et a. 1998; Stormo 2000).

Regulatory sequences can be represented, among others, as consensus sequences or
weight matrices, the latter being able to detect more sites and to extend binding
sequences beyond the consensus (P. Estep and J. Hughes, persond communication). Ina
weight matrix, each position isindicative of the occurrence of each base and, optiondly,
of the information provided, which depends upon the GC content of the sequences being
congdered. Roulet et d. (Roulet, Bucher et d. 2000) note that neither weight matrices
nor consensus sequences adequatdly represent the binding of the CTF/NFI family of
eukaryotic transcription factors, which bind to two half stes separated by avariable
region, but can affect transcription through asingle hadf site. The authors introduce a
profile that accomodates these aspects but still trests each position as independent.

Stormo (Stormo 2000) notes that alimitation of weight matricesis that each postion is
assumed to contribute additively, i.e., independently. Brunak and colleagues (Badi,
Chauvin et a. 1998; Pedersen, Baldi et . 1999) have shown that the use of structura
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information beyond sequence, such as dinucleotide stacking energes and hdlix
bendability, leads to profiles with recurrent changes from less bendable upsiream of
transcription start to more bendable downstream. It is possible that this guides the
formation of a nucleosome downstream of transcription art, leaving the region just
upstream accessible to transcription factors. This can aso help ddineate genes (Badi,
Chauvin et d. 1998), and in another example of combined gpproaches, the comparison of
paraogs and the consideration of structural profiles can corroborate each other in the
smultaneous search for genes and upstream regulatory sequences.

Combining microarray expression data with regulatory sequence anadyss

AsHeyer et d. note (Heyer, Kruglyak et d. 1999), ardationship is expected between
coexpression and coregulation, and a specific examplein S. cerevisiae isilludrative.
With data from multiple microarray experiments, Eisen et d. (Eisen, Spelman et dl.
1998) found one clugter containing many genes for structural and regulatory subunits of
the proteasome, alarge and abundant complex that degrades cytosolic proteins once they
are ubiquitinated. Mannhaupt et d. (Mannhaupt, Schnadl et a. 1999) observed the motif
5-GGTGGCAAA-3' upstream of anumber of genes, including 26 proteasome genes.
They isolated the protein that binds to this motif, Rpndp, and confirmed its ability to
promote the transcription of reporter congtructs. In a search for regulatory motifsin S,
cerevisiae genes grouped only by functiona annotation, Hughes et d. (Hughes, Estep et
al. 2000) found, among others, the same motif upstream of 31 proteasome genesand a
number of related genes. They independently isolated Rpndp by one-hybrid, and
confirmed its activity by mRNA expression after knocking out and overexpressing
Rpn4p.

Andyssof S cerevisiae data sets, a short history

The andyss of genome-wide expression in yeast has become increasingly sophisticated,
and we briefly follow this evolution.

Roth et d. (Roth, Hughes et al. 1998) measured expresson of dl S. cerevisiae genesin
heat shock, mating type and gaactose response, taking single time points and looking for
regulatory matifsin anumber of the mogt up- and down-regulated genes. Cho et d. (Cho,
Campbell et al. 1998) and Spellman et d. (Spellman, Sherlock et al. 1998) used
synchronized cells and assayed expression throughout two cdl cycles. Cho et d.
clustered the genes visLally by the stage of the cell cycle in which they pesked (early G1,
late G1, S, G2, M), identified 420 as exhibiting cell-cycle-dependent periodicity, and
searched for hexa- and heptanucl eotides overrepresented in the 500 bases upstream of
trandation start Stesin every gene by cluster. They noticed moderate though Stetigticaly
sgnificant co-expression of directly adjacent genes, and found evidence of coordinate
degradation of mRNA and proteins. Continuing this study in detail, Wolfsberg et d.
(Wolfsherg, Gabrielian et a. 1999) found 9 hexamers and 12 pentamers overrepresented
in the upstream sequences of these 420 transcripts, examining preferencesin orientation
and distance from the trandation start Site. They searched for motifs with and without
position dependence, and found some new motifs and some known moatifs, though



admittedly not whole binding sites. If an dement is overrepresented but its reverse
complement is not, the authors hypothesize that the Ste is orientation-dependent.

Spellman et d. grouped genes by phase of pesk expresson and by similarity of
expression patterns using the gpproach of Eisen et d, and used Fourier andysisto look
for periodicity. They identified 800 genes as being differentialy regulated in the cdll

cyce, 304 of them in common with Cho et d., attributing the differencesin part to
experimenta artifacts. They then looked for consensus matifs, optiondly with specific
mismatches, in the 700 bases upstream of genes. Their strongest cluster included 9
histone genes known to be regulated in part by mRNA degradation. Incidentaly, histone
geneswerethefirg in S cerevisiae for which periodic regulation in the cdl divison
cycle was observed (Hereford, Odey et d. 1981). The authors were unable to find motifs
in some of the looser clugters, and observe that the control of stability may explain some
fluctuationsin mMRNA levels. They did find amotif associated with both response to
glucose and the cell cycle, perhaps linked by the switch from stationary phase to growth.

With the intent of developing a systematic and more broadly applicable approach not
biased by knowledge of the biology, Tavazoie et d. examined the data of Cho et d. and
clustered the genes only by their expression profiles, that is, ignoring periodicity and
landmarks. They clustered the 3000 most variable ORFs, then used AlignACE (Roth,
Hughes et a. 1998) to search for upstream regulatory sequences in each of the resulting
30 clugters. This software uses Gibbs sampling to smultaneoudy dign sequences and
find regulatory subsequences, and congtructs matrices to describe motifs, rather than
consensus sequences. The authors found 18 significant motifsfor 12 clusters, seven of
which had been found experimentaly and were known to regulate anumber of genesin
their respective clusters. They too note the control of MRNA gtability as one explanation
for clusters without strong motifs. By searching the genome, they found the motifsto be
highly spedific for their clugters. Interestingly, the previoudy known motifs for groups of
known co-regulated genes were consistently ranked highest by the agorithm, conferring
credibility to the new matifs. In addition, there was a strong correl ation between the
tightness of a cdlugter and the presence of a sgnificant motif, and genes with significant
motifs tended to be closer to the center of their clusters. In related papers, Rouillon et d.
and Petton et a. (Patton, Peyraud et a. 2000; Rouillon, Barbey et a. 2000) refer to the
findings of Spellman et d. and Tavazoie et d. about the involvement of MET genesin
the cdll cycle as cluestoward the link between sulfur amino acid metabolism, ubiquitin
degradation and the control of the cdll cycle.

In an article that bridges various sections of this chapter and illugtrates the utility of
combining multiple methods, Cohen et d. (Cohen, Mitra et a. 2000) examined the data
of Cho et d. and found a significant correlation between adjacency on the chromosome
and correlated expression levels. This effect was independent of orientation and
gatigticdly sgnificant compared to non-adjacent genes. Although many adjacent pairs
did not exhibit correlated expression, the effect did apply to pairs and triplets of adjacent
genes throughout the genome, with fewer than 5% of the most correlated adjacent pairs
consgting of homologs, and with an gpparent decline with increasing intergenic distance.
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Conclusion of expression

Niehrs and Pollet (Niehrs and Pollet 1999) remark that groups of genes with coordinate
expresson levelsin eukaryotes are anal ogous to operons in prokaryotes, while Heyer et
a. note that ardationship is expected between coexpression and coregulation. Groups of
coregulated eukaryotic genes are more difficult to identify than operons, but smilar
expression levels and common regulatory sequences corroborate each other in
establishing coregulation. When they disagree, meaning that co-expressed genes do not
have common regulatory sequences or genes with common regulatory sequences are not
co-expressed, we can speculate about the possible reasons. cross-hybridization (genes
only appear to be co-expressed due to experimenta artifacts), incidental expression of
neighboring genes, MRNA degradation (genes are activated together, but differentia
degradation rates obfuscate the expresson profiles), slencing of entire chromosomal
regions in higher organisms and other cross-reactions. It is aso possible that co-
expressed genes without a common regulatory eement are in fact indirectly co-regulated
in that they are subject to a“master controller” which governs more than one regulatory
element.

Mogt of the publicly available expression data has been generated for S cerevisiae, and
the development of these computational methods in this well- characterized organism will
be of immense vaue when extended to expression studies in the many sequenced
organisms about which much lessis known. In addition, with the advent of large-scale
expression datafor E. coli (Richmond, Glasner et a. 1999), in which transcription and
trandation are coupled, it islikely that greater advances will be made in determining
causdlity in time-course expression patterns, facilitating the biologicd ducidation and
computationa inferences of genetic networks.
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I ntegration

As the methods described in this chapter, essentidly serve to link one gene to another,

and therefore the output of al the method are comparable to one another. Furthermore, as
these methods dl link proteins based upon different principles they can strengthen and
complement each other. Whereas each method is expected to derive only asmall subset
of dl possible functiond links among the genes of a genome, the links may be compiled
together, to both strengthen each link, if it isidentified by many different methods or
complement each other by connecting together as many genes as possible. Thusin
atempting to identify dl functiond links among agenome' s genes, it is best to use dl
possible methods to link genes.

Marcotte et a. combined three of the methods described here, phylogenetic profiling,
domain fuson andysis, and correlated MRNA expression, in attempt to link together the
6,217 genes of the S. cerevisae genome. Using the keyword annotations that are
available at SwissProt database, the group could assess the accuracy of prediction of each
of the three methods. In other words, if two proteins with available keyword annotations
in the SwissProt database are linked by phylogenetic profiling for example, then one can
veify if the two proteins do indeed share a keyword in common and thus a functiond
association. From this analysis different weights could be assigned to each method to
reflect the confidence one hasin their predictions. Links identified by two or three links
were given highest confidence, links made by phylogenetic profiling were assgned high
confidence and dl the rest were these links made by the domain fuson method or
correlated MRNA expression. Of the 2,557 genesin S. cerevisae that have unassigned
function, 374 could be assigned a generd function based upon the high and highest
confidence links. If dl links are consdered, then the group can assign afunction to 1,589
genes.

Methods to predict agene' s function from a consideration of its links to other genes
represent an exciting component of the emerging field of functional genomics. Here we
reviewed methods digtinct from classica sequence smilarity: link by common
evolutionary patterns, by congstent proximity on the chromosomes of different genomes,
different domain architecture, and correlated expression. We believe that codon usage
will aso be auseful method for functiond linkage (Medigue, Rouxd et d. 1991) aswell
asanin librio (Andrade and Bork 2000) consideration of co-occurrence of genesin
publications, or “publons’- units of literature. As these methods accumulate, the
computationa end of functiona genomicsis becoming an increesingly crucid tool in the
transformation of the genetic information to biological knowledge.
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Figure 1: Non-homology based functional prediction methods. In chromosomal proximity genes that
systematically neighbors across genomes are linked. Two genes may also be linked, using fusion analysis,
if they found fused as one multidomain gene in another genome. The phylogenetic profiling method links
genesthat are either both present or both absent across genomes.
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Figure 2: Linking genes by expression profiling. Genes with similar expression profiles (genes A and C)
are potentially co-regulated. If they also have acommon upstream regul atory region, we have greater
confidence in this hypothesis.
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Figure 2: Pathway dignment for glycolysis, Entner-Doudoroff pathway and pyruvate
processing. Enzymes for each pathway part (top; EC numbers and enzyme subunits are
given below these) are compared in 17 organisms and represented as small rectangles.
Filled and empty rectangles indicate the presence and absence respectively of enzyme-
encoding genes in the different species listed at the Ieft. Kindly provided by Thomas
Dandekar (Dandekar, Schuster et al. 1999).
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