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m Abstract The advent of whole-genome data resources—not only sequence but
also other genome-scale data collections such as gene expression, protein interaction,
and genetic variation—is having two marked, complementary effects on the relatively
new discipline of bioinformatics. First, the veritable flood of data is creating a need
and demand for new tools for dealing adequately with the deluge, and, second, the un-
precedented extent, diversity, and impending completeness of the data sets are creating
opportunities for new approaches to discovery based on computational methods.

THE NATURE OF WHOLE-GENOME DATA SETS

At the brink of the twenty-first century, there are 24 complete genomes avail-
able in public databases (94), including 16 bacterial, 6 archaeal, and 2 eukaryotic
(Saccharomyces cerevisiae and Caenorhabditis elggagasomes. In addition
there are estimated to be 82 prokaryotic and 24 eukaryotic genome-sequencing
efforts under way, including, of course, that of the human genome. Already frag-
ments of most human genes and considerable fractions of the human and many
other partially completed genomic sequences are available in expressed-sequence-
tag (EST) data sets. Overall, nearly 5 billion nucleotides of sequence are contained
in the GenBank database (release 115.0).

It has been noted that.". genome sequencing risks becoming expensive molec-
ular stamp-collecting without the tools to mine the data and fuel hypothesis-driven
laboratory-based research” (123). Such tools are emerging from the nascent sci-
ence of bioinformatics, an interdisciplinary field that combines molecular biology
with computer science and software engineering (143). As this review illustrates,
bioinformatics is crucial to transforming the torrent of raw data into biological
knowledge.

To place the recent advances in bioinformatics that are described into some
context, it is important to consider first the general nature and history of the data
with which bioinformatics deals.
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Expressed Sequence Tags

Before the 1990s, the human gene sequence data that were available were largely
those derived from academic studies of individual genes and just a few extended
regions. The advent of ESTs (1) was a milestone that promised that nearly the
entire expressed genome would be expressed within a few years, which prompted
a flurry of bioinformatics activity in both the public and private sectors (168). The
dbEST database was established as a division of GenBank, which, by 1995, had
overtaken the rest of the database in terms of number of records entered (21); public
efforts, in turn, were dwarfed by private collections from Incyte (Palo Alto, CA)
and Human Genome Sciences, Inc (Rockville, MD). dbEST has now surpassed 3
million entries, more than half human, from hundreds of different libraries (release
101599), with recent efforts being focused on comparisons of tumor libraries with
normal tissues in the Cancer Gene Anatomy Project. Despite their fragmentary
nature, high error rate, and other foibles, these data proved their worth even at the
outset, when simple BLAST (basic local alignment search tool, National Center
for Biotechnology Information, Bethesda, MD) (4) searches revealed tantalizing
glimpses of novel genes in huge numbers.

The somewhat chaotic “oversampling” of genes, in fact, was the impulse for the
reduced-redundancy, gene-oriented UniGene resource, consisting of EST sets that
were anchored on uniquésequences and further clustered by overlapping regions
and origin from the same clone (138). UniGene, however, did not attempt to as-
semble ESTs into consistent contigs, so that sets may contain results of alternative
splices or even merged paralogs, and, for that matter, there are doubtlessly uncon-
nected sets that actually are derived from the same gene. ESTSs, in fact, have proven
useful in examining alternative splicing, although these investigations have also
suggested the presence of many artifactual ESTs containing intronic sequences,
as well as inappropriately grouped ESTs (170). EST data sets, which are “noisy”
in many respects, have nevertheless proven to be very versatile resources, as dis-
cussed below. Yet their utility for novel gene identification remains their most
prominent success.

Microbial Genomes

Beginning in 1995, the publication of the first complete microbial genomes ush-
ered in another revolution in genomics and bioinformatics analysis (50). Together
with the publication of the sequence data came pioneering efforts at large-scale an-
notation and functional protein classifications of whole genomes, generally based
on straightforward homology searches that, however, were seen to leave surpris-
ingly high percentages of open reading frames without functional assignments. The
availability of the genomes for increasing numbers of diverse species has been a
boon to evolutionary biologists and has also led to a cottage industry of speculation
about such topics as the core set of “ancient conserved regions” [foundd#o

of microbial proteins (86)] and the minimal essential set of genes required for life



GENOME BIOINFORMATICS 253

(113). This diversity has also created the opportunity to compile comprehensive
classifications of homologous relationships across phylogeny, as, for example,
in the Clusters of Orthologous Groups (COGSs) resource (158), which has now
surpassed 2000 clusters-e27,000 proteins from 21 species. Microbial genome
sequences have been of immediate use in antibiotic discovery, in which phylo-
genetic analyses are important in selecting protein targets that maintain sufficient
similarity through bacterial clades to promise broad-spectrum antibiotics, while
being well diverged from human (25). The very completeness of the genomes is
also important in this regard, for example, to rule out targets for which there is a
suggestion of redundancy of function in the genome.

Genomic Sequence

It is difficult to comprehend that, barely a decade ago, the beta-globin gene cluster
on chromosome 11 was, at 73 kb, the most impressive stretch of contiguous human
sequence available for bioinformatics analysis. In May 1999, when the fraction
of the human genome available as an accurate, finished sequence first passed
10%, a 3.8-Mb sequence completely covering the region of the human major
histocompatibility complex on chromosome 6 was deposited. Just 4 months later, a
14.6-Mb contig from chromosome 22 was finished (120), and indeed this is the first
human chromosome to be completed, for all practical purposes. The opportunities
and challenges presented by such a scale-up are self-evident.

It is likely that a significant portion of genes are not represented in dbEST,
owing to their low abundance or highly specific distribution in tissues or time
of expression (168). The impending completion of the human genomic sequence
promises to fill this gap, as well as to “flesh out” the sequences of those genes
that are only lightly touched by ESTs or for which ESTs may present a con-
fused picture caused by sequencing errors, aberrant splicing, etc. The genomic
sequence will also provide useful information on intron/exon structure, promoters
and other regulatory regions, clustering of related genes, syntenic relationships
with model organism genomes, and overall chromosomal organization. However,
accurate detection of those genes still requires advances in bioinformatics tech-
nology, which are discussed below, and, more generally, large-scale annotation
of the genomic sequence will also benefit from increased automation. In the near
term as well, the nature of the sequencing process means that, for those who desire
an early look, various intermediate forms of sequences will also be available, in-
cluding interspersed single-pass sequences and short unordered contigs from the
Genome Survey Sequence and High Throughput Genomic divisions, respectively,
of GenBank.

Model Organisms

The completion of the genomes 8f cerevisiaén 1996 andC. elegansn 1998
lent new momentum to the principles of functional genomics based on compa-
rative studies; moreover, the impending release ofifesophilagenome by a
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consortium led by Celera Genomics (Rockville, MD) will continue this increase
in momentum “with a vengeance.” Many more homologies with human and other
mammalian genes have thus become evident, and through them it has also become
possible to tap into additional experimental systems for the rapid elucidation of
pathways, protein-protein interactions, etc. For each of the major model organ-
isms, specialized databases and tools adapted to comparative analysis have been
developed (e.g. 56, 74), which do present some significant challenges for data
integration. XREFdb, for example, was created as a means to cross-reference the
genetics of model organisms (beginning with yeast) to mammalian phenotypes and
thus accelerate the identification of genes that are mutated in human diseases (16).
In the somewhat longer term, it can be expected that the completion of the
mouse genome and other mammalian species will provide extraordinary value.
The syntenic relationships within the mammalian radiations and the genetic maps
available (dense in mouse and rat, moderate-resolution in many others) should
contribute crucially to gene discovery, functional assessment, and evolutionary
studies (121), as well as disease modeling based on phenotypes that are more
likely to correlate with human phenotypes than are those of more distant taxa. In
this regard, it should be noted that a mouse EST sequencing program (107), which
encompasses libraries of high quality and notably some from very early stages of
development, has become a particularly effective resource for comparative studies
with human sequences.

Variation

Genetic maps are now well advanced and promise to become even more
effective for candidate gene identification with the advent of high-density single-
nucleotide polymorphism (SNP) collections for association studies. As of this wri-
ting, the National Center for Biotechnology Information (NCBI) dbSNP database
(http://www.ncbi.nlm.nih.gov/SNP/index.html) contains26,000 entries, not
nearly sufficientto contemplate such studies, but a consortium of private and public
institutions is currently undertaking the identification<s300,000 SNPs through
redundant sequencing of reduced-representation libraries and the precise mapping
of half of them (see http://www.snp.cshl.org). Besides the database resources and
analysis for such efforts, bioinformatics is also contributing directly to SNP dis-
covery; alignments of deeply sequenced ESTs are proving to be good sources of
putative SNPs (27), as are overlaps between various genomic sequencing efforts
(156).

Aside from mapping studies, so-called coding SNPs (cSNPs) are of intrinsic
interest when they result in nonsynonymous changes to protein sequences. EST-
derived SNPs are, of course, enriched in cSNPs, although they require careful
analysis because of the error rates in ESTs. Not only do cSNPs represent a distinct
minority of all SNPs, but, even among cSNPs, the nonsynonymous variety appears
to be less frequent and to have lower allele frequencies as well, perhaps owing to
selection (31).
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Expression Data

Many technologies are now available for genome-scale analysis of patterns of gene
expression, beginning with the simple expedient of counting ESTs from various
libraries that contribute to different transcripts or at least clusters (e.g. 136). Gene
indexes such as UniGene now routinely provide such quantitative information,
and in fact the bulk of the public EST sequencing effort in recent years has been
directed toward sample expression from a wide variety of tumor cell types, the so-
called Cancer Gene Anatomy Project (155), which currently covers 130 libraries
with ~670,000 ESTs. Other high-throughput sources of expression data include
“SAGE" [serial analysis of gene expression (164)], for which the results are also
now reported through UniGene, and various differential display schemes that are
available on scale particularly through the private sector.

However, the spotlight in recent years has shifted to hybridization-based tech-
niques, using “chips” or microarray gridding, which are now being used to compile
expression data at an enormous rate (26). The capacity of these techniques is such
that it is possible to design experiments by using tens of thousands of targets or
even entire genomes, testing RNA samples from multiple tissues, under different
conditions, even over extensive time series (e.g. see 79). Not only will it be possi-
ble to detect straightforward differences in expression of individual genes, but also
entirely new approaches to coordinate pattern detection will need to be applied to
the masses of data now arriving (36).

Going beyond expression data, efforts in proteomics can be expected to fill
in a more complete picture of post-transcriptional events and of the overall pro-
tein content of cells (e.g. see 54). Structural genomics is also receiving increased
attention, which may soon increase sharply the rate of accumulation of protein
structures and thus the effectiveness of approaches to functional genomics based
in fold recognition (30).

DATABASES AND DATA RESOURCES

Facilities for storing, updating, accessing, querying, and otherwise manipulating
the very data itself lie at the heart of the genomics enterprise. Aspects of the
technology that are relevant to genome data are reviewed here, along with the
more important public databases and the pervasive character of the Internet and
World Wide Web.

Database Technology

The history of genome databases to some extent recapitulates the evolution of
database technology. The earliest data stores were “flat files” of continuous text,
formatted for browsing by scrolling or scanning with linear search routines, at a

time when the volume of sequence data made this feasible. A degree of
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standardization of formats, together with the ubiquitous Perl scripting language,
which is so powerful for managing, searching, and parsing such files, has allowed
flat files to persist and even thrive in this domain. The Sequence Retrieval System
(SRS) program allows flat-file databases to be efficiently indexed, queried, and
hyperlinked to each other, and it is in wide use (48). There are examples also of ad
hoc database systems designed specifically for the biological sequence realm, most
notably ACEDB (165). However, general-purpose relational databases, with their
standardization and versatile query capability, now form the backbone of most
large-scale sequence databases. At the same time, there is a trend toward object-
oriented databases in the field, which actually underlie ACEDB and are now being
used to create new specialized databases (85), to back-fit existing databases (60), to
overlay relational databases (33), etc. The advantages of object-oriented databases,
in easier and richer modeling of complex domains such as molecular biology, are
somewhat offset by the lack of standardization, especially in query tools. However,
these concerns are being addressed, and efforts are also being made toward the use
of common ontologies or comprehensive models of the domain (14, 140), which
may be necessary in the future to maintain consistency not only in object models
but also in relational schemas.

The profusion of databases (and even more so that of Web resources, described
below) virtually begs for some form of intelligent integration. This widely dis-
cussed need has spawned a number of initiatives (99). From a curatorial perspec-
tive, most databases are now routinely being augmented with extensive cross-links
to other databases, and some are being created explicitly as indices into other
databases. Some such indices are centered on individual genes, such as NCBI’s
LocusLink (http://www.ncbi.nlm.nih.gov/LocusLink) or GeneCards (http://bioin-
formatics.weizmann.ac.il/cards) (129); others are centered on pathways (81, 122).
Many of these consolidation efforts are severely limited by the paradigm of brows-
ing, which does not allow for efficient, complex, global queries hinging on the re-
lational “join” operator, much less the subtle pattern search implicit in the notion
of data mining. To address these limitations, technology is being brought to bear
in the form of systems such as OPM (object protocol model) (33) and Kleisli (34),
which promise to provide uniform access to multiple heterogeneous distributed
databases through high-level query languages. Data warehousing, an intermediate
approach that brings multiple databases under a single data model, is also being
advocated in this domain (e.g. 17).

Public Databases

The large number of databases, their degree of overlap, the rapid pace of change in
the field, and funding issues have combined to produce a number of recent changes
in the information environment (47), including the end of some databases, such
as the Genome Database at Johns Hopkins University, Baltimore, MD [subse-
quently resurrected at the Hospital for Sick Children in Toronto, Canada (http://
www.gdb.org)], and the commercialization of others, such as SWISS-PROT.
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The most useful axis on which to classify the databases remains the fundamental
distinction between those housing primary data on the one hand and highly
curated compilations on the other. The former are typified by the triad of co-
ordinated nucleotide sequence databases, including GenBank, the DNA Databank
of Japan, and the European Molecular Biology Laboratory, which depend on direct
submissions from individual researchers, genome sequencing projects, and other
sources and which monitor submissions but do little else in the way of curation
(154). Arecent trend, however, has been the increasing number of useful views on
the data and comprehensive scope offered by institutions such as the NCBI, which
is beginning to extend also to more active curation, as in the RefSeq collection
(http://www.ncbi.nlm.nih.gov/LocusLink/refseq.html). Nevertheless, the consis-
tency and quality of the author-provided annotation in the databases remain seri-
ous concerns that are just beginning to be addressed through technical approaches
(46). At the other extreme, SWISS-PROT, the highly curated database of protein
sequences, remains one of the most valuable resources available to the bioinfor-
matics community, with its extensive annotation as to function, domain struc-
ture, post-translational modification, variants, etc. (http://www.expasy.ch/sprot or
http://www. ebi.ac.uuk/sprot). Althoughitis continually being improved (13), per-
haps the most significant recent development in SWISS-PROT is a change in its
funding status, by which it is now licensed to commercial users for a fee through
a corporate entity (http://www.genebio.com) but remains free to academics. This
typifies a new trend for highly curated databases in the field, one that is necessary
to support the considerable manual effort associated with each of the increasing
number of entries.

Other important databases include those associated with protein families, pat-
terns, domains, motifs, etc, many of which are described elsewhere in this article,
insofar as they are useful in functional classification of novel genes. The Protein
Databank (PDB) remains the dean of protein structure databases, the management
of which was transferred in the past year to a consortium called the Research Col-
laboratory for Structural Bioinformatics (http://www.rcsb.org). Databases such as
the Structural Classification of Proteins (SCOP; http://www.scop.mrc-lmb.cam.ac.
uk/scop) and CATH (so called because it classifies proteins according to class,
architecture, topology or fold, and homologous family; http://www.biochem.ucl.ac.
uk/bsm/cath) not only provide one important perspective on functional classifica-
tion but also offer gold standards in the “twilight zone” of similarity and nonredun-
dant sets at various levels of granularity. Nonredundancy or reduced redundancy,
in fact, has become increasingly important in many arenas of database searching,
given the exploding sizes of the databases, to make searches tractable not only in
the time required but also the manageability of the outputs.

Web Resources

Beyond a doubt the most significant new trend has been the proliferation of highly
specialized Web resources. These usually begin as solo efforts by enterprising



258

SEARLS

researchers who may be frustrated by the public resources that lack key data or
the appropriate organizational paradigm in that researcher’s area of expertise. The
natural history of such enterprises generally follows one of three courses. In the
first instance, it may remain a dedicated resource of limited appeal, maintained by
the originator and perhaps a circle of like-minded colleagues. Second, it may fall
into disuse, and indeed there are many such instances of moribund Web sites that
have not been updated for months or years, while “dead links” are increasingly
a hazard to Web navigation. Finally, a database that strikes a chord and becomes
unusually popular may, as a result, receive significant funding for maintenance and
growth, for example, in its coverage, features, or timeliness. Such resources may
be associated with a particular algorithm or classification system for a broad swath
of data, or they may support a sizable research community, in particular those
surrounding model organisms. In some cases, such databases are so successful as
to be commercialized in whole or in part, as was the Yeast Proteome Database
(74).

Examples of Web resources abound, so much so that it would be fruitless
to attempt a comprehensive review, particularly in light of their volatility. A
sampling suffices to give the flavor. One can find many resources for particu-
lar gene families, a typical case being the G-protein—coupled receptors (GPCRS),
extensively cataloged in both GCRDb [http://www.gcrdb.uthscsa.edu (84)] and
GPCRDB [http://www.gcrdb.uthscsa.edu (76)]. A separate database, “GRAP”
(http://Iwww-grap.fagmed.uit.no/GRAP/homepage.html), houses GPCR mutants
(90), whereas the subset of olfactory GPCRs is treated in the olfactory recep-
tor database [ORDB; http://www.ycmi.med.yale.edu/senselab/ordb (144)]. These
databases exhibit typical characteristics of the genre. What appear to be compet-
ing databases will often cross-reference each other, and most link to “standard”
databases for sequence data, citations, etc. The unique aspects are often ancil-
lary data from a local laboratory, expert classifications, stylized schematic de-
pictions, specialized search tools or algorithms, etc. Sites vary wildly as to their
dependence on simple flat representations or the provision of query capabilities
against more sophisticated underlying data representations, and the organizing
hierarchies may be ad rem or even idiosyncratic. The MEROPS database of pep-
tidases (http//:www.bi.bbsrc.ac.uk/Merops/merops.htm) organizes itself into fam-
ilies based on similarities in the peptidase unit that is responsible for activity,
thence into clans based on a common evolutionary origin of the folds, using a file
card paradigm (128). The Protein Kinase Resource (http://www.sdsc.edu/kinases)
makes use of the “Hanks Classification,” which clusters based on catalytic domains
that are named and further grouped by structural and functional considerations
(145). It provides extensive support for search and analysis of both sequence and
structure. The ImMunoGeneTics (IMGT) database of immunoglobulins, T-cell re-
ceptors, and major histocompatibility complex molecules [http://imgt.ciues.fr:8104
(62)] offers yet another sort of subset of proteins.
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Web sites tend to offer every imaginable way of “slicing and dicing” informa-
tion, seemingly ever more finely. Consider just organelle resources, beginning with
the comprehensive GOBASE database (http://megasun.bch.umontreal.ca/gobase/
gobase.html) that covers both mitochondria and chloroplasts (87). Other sites are
devoted to mitochondria alone, including MITOP [http://www.mips.biochem.mpg.
de/proj/medgen/mitop (135)] and MitBASE [http://www.ebi.ac.uk/htbin/Mitbase/
mitbase.pl (8)]. The AMmMtDB database collects multiply aligned sequences
of vertebrate mitochondrial genes [bio-http://www.ba.cnr.it:8000/BioWWW/
#AMMTDB (95)]. Still others deal in human mitochondrial mutations and disease
[MITOMAP, at http://infinity.gen.emory.edu/mitomap.html (83)], or more specif-
ically in neurological diseases involving mitochondria (http://www.neuro.wustl.
edu/neuromuscular/mitosyn.html), as well as nuclear gene products involved in
mitochondrial biogenesis and function (MitoDat, at http://www-lecb.ncifcrf.gov/
mitoDat), and still other combinations of eclectic topics (MitoPick, at http://www-
dsv.cea.fr/ MitoPick /Default.html). To summarize, a researcher with an interest
in mitochondria may choose among MITOP, MitBASE, AmmtDB, MITOMAP,
MitoDat, MitoPick, and doubtlessly a number of others.

Resources exist for specific diseases [e.g. the Asthma Gene Database, at http://
cooke.gsf.de (78)], specific chromosomes [e.g. the Integrated X Chromosome
Database (IXDB), at http://ixdb.mpimg-berlin-dahlem.mpg.de (98)], and virtually
every other imaginable cross-section of biology. There are compilations of infor-
mation about all ongoing sequencing projects [GOLD, at http://www.ebi.ac.uk/
research/cgg/genomes.html (94)], and there are a plethora of databases of muta-
tions in specific genes or families, for example, p53 [http://www.iarc.fr/p53 (73)],
and androgen receptors [http://www.mcgill.ca/androgendb (63)], to name just a
few. Regarding their quality, all of these resources are proffered virtually without
warranty of any kind, other than what is apparent by direct examination or the
reputation of the developers. Certainly there is a huge variety of formats and a
great deal of redundancy. Such a cultural phenomenon as the Web cannot help but
give rise to concerns about an informational Tower of Babel, at the same time that
it inspires users with its innate power.

SEARCH AND ANALYSIS TOOLS

To address the cornucopia of data described above, the computational biologists’
toolbox continues to grow apace, with wide-ranging theoretical and practical ad-
vancesinrecentyears. This review concentrates primarily on those recent advances
that are particularly relevant to large-scale, whole-genome analysis, rather than the
functionalexegesis of one gene or protein at a time. A basic familiarity with stan-
dard tools and concepts is assumed, for example, alignments, profiles, phylogenetic
trees, gene finding, etc. (See 22 for a high-level overview, 19 for a practical guide,
and 41 for a comprehensive theoretical treatment.)
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Similarity Search and Alignment

The venerable BLAST software (4), long since the sine qua non of sequence
database searching because of its efficient word-based algorithm and well-founded
statistics, has been enhanced for genome-scale investigations in several ways. A
new search engine, BLAST 2.0, provides increased speed and sensitivity, as well
as support for several new variants of the basic algorithm—Gapped BLAST and
position-specific, iterated (PSI)-BLAST (5). Gapped BLAST, as the name implies,
allows for insertions and deletions within alignments, easing biological interpre-
tation over longer regions. [This capability is also provided by WU-BLAST?2 (3).]
PSI-BLAST combines two pre-existing techniques to provide a considerably more
sensitive search. First, it melds an alignment of hits from an initial run of Gapped
BLAST into a profile or position-specific scoring matrix, and then PSI-BLAST
uses this profile to perform another search to draw more distant sequences into
the alignment. This process is repeated until no further sequences are added to the
set, resulting in a “family” of related sequences and a profile descriptor for that
family.

PSI-BLAST has proven to be immensely and deservedly popular, although so-
phisticated users have found that great care may be required in adjusting parameters
to avoid a “runaway” search that pulls in unrelated sequences profligately. Often
it is necessary to perform a cluster analysis by using pairwise BLAST similarities
to identify such outliers (43). Another useful technique for the validation of very
distant similarities uncovered by PSI-BLAST is to use such hits to seed a reverse
PSI-BLAST search, to see whether the original sequence appears in the resulting
collection; empirically, this has been seen to discriminate structurally similar gene
products from false positives produced by one-way searching (88). For pairwise
searching itself, the modern generation of algorithms has been shown to be re-
liable at detecting almost all relationships among proteins (known to be related
from structure) that exhibit-30% sequence identity, although only about half of
those that exhibit 20%—-30% identity (24). [It also appears that sequence simi-
larity correlates very well with structural similarity across many families (171).]
Used judiciously, PSI-BLAST and related profile techniques such as HMMER and
SAM (see below) promise to plumb the twilight zone of similarity with unprece-
dented effectiveness, in one test finding threefold the remote homologs found by
the pairwise methods (124).

Of increasing importance in the era of large-scale sequencing are algorithms
that align various forms of nucleic acid sequences against proteins on the one
hand and proteins or cDNA-derived sequences against genomic sequences on the
other. Such algorithms, for instance, may be necessary to search effectively with
single-pass sequence data, such as ESTs or Genome Survey Sequence (GenBank)
data, in which a relatively high rate of sequencing error produces frameshifts that
sharply reduce the sensitivity of a conventional six-frame translation search against
protein databases. This problem has been addressed in some cases by enhancing
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conventional search algorithms, as in the versatile FASTX family of programs
(177) or “full-alignment” dynamic programming methods (é4).

Searching with either cDNA or proteins against genomic sequences entails
accounting for introns in addition to other forms of indels and possible frameshifts.
Again, some of the new tools entail modification of existing algorithms, such as
EST.GENOME, which does full alignment of spliced to unspliced DNA with a
simple model of introns based on recognition of invariant dinucleotides in the
splice sites (110), and sim4, which achieves similar results but at higher speeds
based on its use of BLAST heuristics (52).

More elaborate and novel methods have also been developed for aligning ge-
nomic sequence with known proteins, allowing introns. The Procrustes software
package preprocesses the genomic sequence to find likely exons by statistical mea-
sures and then searches for the best chain of exons to fit a given protein or cDNA, a
technique termed spliced alignment (57, 109). The highly flexible WiseTool family
of programs, especially GeneWise, allows for a very sophisticated intron model,
profile search, and many useful variations, by virtue of a clever extension of dy-
namic programming principles (20). Both tools have found wide use, although
the latter set tends to be especially computationally intensive in large-scale search
applications.

The rapidly increasing volume of sequence data available and degree of cov-
erage of genomes in itself lends advantages to similarity search. The increased
density of genes in “sequence space” makes it more likely that a significant simi-
larity will be detected to any novel gene, thus offering a clue to function. [However,
itis remarkable that as many as half of open reading frames in recently sequenced
species still cannot be assigned a function (82,118).] A second-order salutary
effect of this increased density is to render iterative search techniques more ef-
fective, by making it more likely that intermediate steps will be present (albeit
perhaps unknowns) to allow the transitive detection of distant homologs of known
function. In fact, one criticism of profile techniques has been that they tend to
dilute the information that is present in any single sequence and may prove to be
such akey evolutionary intermediate. Although PSI-BLAST may represent a happy
medium in this regard, other approaches to this problem have been taken, described

1Dynamic programming is a well-known technique in computer science whereby tabular
methods are used to store intermediate results and obviate their recomputation. As a rule,
dynamic programming produces guaranteed optimal solutions for certain otherwise combi-
natorial problems but may be too expensive in time and space for large inputs, leading to the
search for ways to speed the process and heuristics that sacrifice as little as possible of the
sensitivity or other advantages of the “full” dynamic programming solution. The archetypal
example in bioinformatics is the classic Smith-Waterman algorithm, which performs full
optimal local alignment of sequences by dynamic programming (146) but which is gener-
ally too slow (without specialized hardware) for large-scale database searching, compared
with BLAST.
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below. Finally, the diversity of sequence data is also highly advantageous. EST
data are indicative of what is transcribed but are error prone and difficult to cluster
reliably, whereas genomic sequences are accurate but present difficulties in gene
identification; taken together these data sources are highly complementary, as is
described below.

Pattern Discovery and Search

Profiles are one example of a style of search based on some representation of
a family of sequences, rather than a single query sequence. Sequence patterns
are often based on the presence in most families of “blocks” of ungapped, well-
aligned regions separated by less conserved segments. The BLOCKS database,
for example, was built on this theme, and it has recently been extended to contain
conserved motifs from a wider variety of protein domain databases, as well as
new facilities for blocks-vs-blocks searching (71). This database has also been
used to generate profiles (or even simple consensus sequences) for blocks, which
are then embedded within the more distinctive regions of individual sequences
in such a way that pairwise searches can be performed that presumably afford
the wide-ranging sensitivity of profiles without sacrificing the individual character

of each family member (70). Superior performance has been claimed for vari-
ous BLOCKS-based techniques (72). The PRINTS database, which is similar in
concept but uses unweighted rather than weighted blocks, called fingerprints, has
recently been enhanced with an on-line BLAST server and search software that are
more efficient and have provided improved statistics for estimating the reliability
of retrieved matches (9). The PROSITE database, which represents motifs with
regular expression and, now, profiles, remains a very current and useful repository
(75), and the ProDom collection of protein domains in SWISS-PROT is now built
with an improved procedure based on PSI-BLAST (38). The SMART database
is a highly curated and valuable set of signaling and, now, extracellular domains,
which in its latest version has improved search tools, alerts, and output formats
(139).

Perhaps the mostwidely used such collection is the Pfam database and its associ-
atedtools (18). Pfam'’s protein domain families are based on Hidden Markov Model
(HMM) representations, a kind of profile that makes use of a more sophisticated and
versatile probabilistic model (44). Recent developments in Pfam include the pro-
vision of an advanced version of the associated search software (HMMER), which
is more sensitive and provides expectation values, and more complete database
coverage, such that over 54% of the proteins in SWISS-PROT and TREMBL now
match one of the 1313 families in this database (release 3.1).

HMMs, indeed, have proven to be very versatile computational constructs in the
bioinformatics domain, and they are representative of a marked trend in the field in
recent years toward Bayesian statistical methods (41). HMMER is actually a suite
of programs that builds profiles and searches with them, similar to the SAM system,
which, on at least one test set of remote homologs, demonstrated performance
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that was somewhat better than iterative methods such as PSI-BLAST [and, of
course, is far superior to conventional pairwise search (124)]. HMMs can also be
profitably used to build more elaborate models for other bioinformatics problems,
as is described in the next section; profile HMMs have even been extended to deal
with the detection of genomic sequences that code for folded RNA structures, such
as tRNA genes (100, 134) and methylation guide small nucleolar RNAs in yeasts
(101), by modeling the covariation at base-paired positions. (The latter citation
is a felicitous example of the close coordination of bioinformatics analysis with
bench confirmation, in what has been termed a “wet/dry cycle.”)

An as yet controversial question surrounding pattern search is the statistical
basis for evaluation of search results, along the lines of the well-known BLAST
expectation values. One approach to combining pattern search with more familiar
routines is the Pattern-Hit Initiated BLAST (PHI-BLAST) program, which takes
as input both a protein sequence and a pattern of interest that it contains (178).
PHI-BLAST searches by using the input pattern and then uses the resulting hits as
seeds for the construction of local alignments to the query sequence. These hits can
then be sorted by score and evaluated statistically to produce a more meaningful
analysis and greater sensitivity than BLAST search alone.

An increasingly useful class of algorithms is that which detects individual mo-
tifs common to a set of initially unaligned and perhaps only distantly related
sequences. An example is the MEME system, which uses a statistical learning
technique called expectation maximization; it has been used (together with its
cognate search tool, MAST) in a large-scale test to find motifs among the fam-
ily of steroid dehydrogenases, which were then shown to map well onto known
structural features (12). Another approach to this problem is based on a differ-
ent statistical technique called Gibbs sampling (96), which, like MEME, was first
applied to protein motif detection, but has more recently been shown to be very
well adapted to detection of common regulatory regions in DNA sequences (see
below). Gibbs sampling combined with HMMs has also been used in iterative
search and multiple alignment applications by the PROBE software package, as
in the recent characterization of the AA&lass of chaperonelike ATPases (119).
Yet another style of solution for motif search is represented by the combinatorial
TEIRESIAS algorithm (131).

Gene Finding

A classic problem in bioinformatics is that of identifying genes in novel genomic
sequence data. This complex and varied topic is one of the most heavily reviewed
areas of the field (e.g. see 29, 35, 111), and this article only briefly recapitulates
the history while commenting on current challenges.

The approaches to this problem may be roughly divided into homology-based
and ab initio methods and, in recent years, hybrids of the two. Ab initio methods,
which are based on general properties and characteristics of protein-encoding
genes, began some 2 decades ago with simple statistical measures of the coding
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potential of exonic vs intronic and intergenic sequence, using a wide variety of
word frequency and abstruse signal-processing metrics, tallied in moving windows
across putative open reading frames. This approach reached its zenith with the
first release of the famous GRAIL program, which combined many such lines of
evidence asinputto aneural net (162). The limitations of purely statistical measures
of coding potential, which ignored useful biological knowledge of gene structure,
were addressed by what may be termed syntactic or model-based methods that
also took account of signals such as those at splice junctions, as well as constraints
associated with reading frame (e.g. see 40). At the same time, accounting for
intron/exon structure led to the combinatorial problem of assembling the optimal
consistent gene structure from many potential exons, which was largely solved by
dynamic programming approaches (58, 148).

The model-based approachto ab initio gene finding has culminated with the app-
lication of HMMs, which, because of their state-based architecture, are well suited
to representing both cyclic transitions between exons and introns and the statistical
and periodic properties within each such state, as well as boundary states and the
profiles characteristic of biological signals. Moreover, HMMs have associated
with them well-known dynamic programming algorithms not only for recognition
of patterns but also for learning those patterns, within a well-founded Bayesian
framework. These advantages have led to a proliferation of HMM-based gene
finders, including Genie (130), HMM-gene (91), and GeneMark.hmm (102). Other
current trends in gene finding include several efforts with improved discriminant-
analysis techniques, including the FGENE family (149) and MZEF (175).

Although it is dangerous to suggest that any particular program is superior in
this crowded and dynamic field, there is at least an evanescent consensus among
many users that the model-based GENSCAN software currently has an overall
edge (28). However, it would be a mistake to believe that, ab initio, the gene
finding problem in novel genomic sequences is solved. The accuracy of programs
such as GENSCAN, which is excellent on individual genes, drops markedly when
genes are embedded in a much larger context of continuous genomic sequences (R
Guigo, P Agarwal, J Abril, M Burset, J Fickett, personal communication). Even
when exons in this much larger context are predicted accurately, there remains
the problem of segmentation, that is, correctly calling the beginnings and ends of
adjacent genes.

The best hope for genomic sequence data probably resides in the other major
approach to gene finding, based on homology to known genes. Searching novel
DNA sequences for coding regions similar to any known protein was the explicit
goal of the classic BLASTX program (61). In fact, it can be seen that the problem
of gene finding merges with that of database search, particularly as the set of known
genes expands to make the detection of new ones steadily more reliable. In the
same study cited above, programs such as BLASTX, GeneWise, and Procrustes
were much more robust to embedding of genes in a lengthy genomic context,
although, as might be expected, the accuracy dropped as models were built with
more distant homologs. ESTs are also an excellent resource for delineation even
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of uncharacterized genes (11, 173), and they are particularly useful at cdlling 3
ends.

However, as has been noted, EST collections are uneven, touching many more
genes than they actually cover in terms of coding sequence and also containing
artifactual untranslated sequences, whereas known proteins and full-length cDNAs
still inform only a portion of novel open reading frames. Thus, ab initio techniques
can be expected to continue to play an important role in gene finding. It has been
obvious to workers in this field for a number of years that a hybrid system, which
combined the best of ab initio and homology-based approaches, would be ideal.
Indeed, a number of promising attempts have been made along these lines (e.g. 93),
although it must be said that a completely effective, technically clean integration
of all of the available information and technology has yet to be fielded.

Gene Expression

As has been noted, recent advances in the production of genome-scale expres-
sion data have created tremendous opportunities and challenges in the elucidation
of individual gene modulation, patterns of coordinate expression among sets of
genes (by which they can be mathematically clustered into putative regulons), and
ultimately genetic networks. This progress has stimulated the exploration of a num-
ber of algorithms (36) and the implementation of several combined clustering and
visualization tools, including CLUSTER/TREEVIEW (45), which has achieved
widespread use on yeast data, and GENECLUSTER (157), which is based on a
learning algorithm called a self-organizing map. For expression studies over the
course of the cell cycle, Fourier analysis has also been applied to detection of
periodic genes (151).

Of particular interest in this review is the use of such data together with genomic
sequences in the detection of novel regulatory elements. A number of authors
(see 176 for an early review) have now made use of the complete yeast genome and
multiple expression studies to first cluster putatively coregulated genes and then
examine theirimmediate upstream regions for comgisnegulatory elements. In
arecent example (159), cell-cycle—periodic gene clusters from yeast were used for
a blind and systematic upstream sequence search, with the program AlignACE,
to find common motifs. AlignACE (133), GibbsDNA (176), and several other
algorithms used in such studies are based on the Gibbs sampling method described
previously. These motifs were then retested against all clusters, and in many cases
a remarkably strong specificity was observed for the original cluster, providing
good presumptive evidence for a biological role.

With the arrival of the human genomic sequence, one might hope that a similar
approach would immediately bear fruit, but the less compact nature of mammalian
regulatory schemata presents serious challenges. Yet help is on the way, in the form
of additional mammalian genomes that can be aligned with the human genome
to find noncoding regions that are highly conserved, that is, appear to be under
selective pressure similar to coding regions. This technique, termed phylogenetic
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footprinting, has been in use for some tfrisut has recently been embodied in
algorithms that are effective over very long genomic sequences (66). Phylogenetic
footprinting alone has been used successfully to identify putative coding regions
between human and mouse genomes, narrowing the search sufficiently that ex-
pensive bench confirmation can be undertaken or simply lending confidence to
computational predictions based on similarity to known transcription elements
(42). Such predictions, based on searching by consensus sequence or position
weight matrices (essentially profiles) derived from databases such as TRANSFAC
(68), are otherwise too numerous and nonspecific when derived over extensive ge-
nomic stretches. Although progress has been made in increasing their specificity
by examining aggregate patterns of putative hits (166), phylogenetic footprinting
has added value to such studies and promises to be one of the most important
benefits of model organism genome sequencing.

Genome Annotation

It is now commonly averred that fully automated sequence annotation is a stark
necessity, given the rate of accumulation of genomic sequences, with the goal
of minimizing if not eliminating manual intervention. What is usually meant by
“annotation” ranges from the nearly real-time decoration of an emerging genomic
data stream with gene calls and other biological features (which we term on-line
annotation), to the post hoc analysis of completed genomes with both individual
and aggregate analyses of open reading frames, including aggressive attempts at
functional assignments, classification systems, and even versatile query and display
tools. In all cases, the exigency of value-added annotation must be counterbalanced
by repeated warnings about the risk of erroneous annotation being propagated
through databases in destructive ways (23).

On-line annotation, which has also been termed framework annotation (11),
is particularly associated with ongoing large-genome sequencing efforts in which
data are released incrementally and a need is recognized for continuous gene
calling, for example, for quality control or timely discovery of important new
genes (92). Indeed, private sector sequencing efforts are accompanied by

2Actually, it may be argued that the underlying concept of phylogenetic footprinting goes
back at least to World War I, when the eminent mathematician Abraham Wald analyzed
data on patterns of bullet holes in combat aircraft returning from missions. The military
noticed that certain surfaces of the planes had significantly fewer hits and others more, per
unit area. They proposed to add extra armor where more hits were observed. Wald pointed
out that in all likelihood the density of hits was uniform and that fewer hits were observed

in some areas because the planes hit there were not returning. Thus, he argued, attention
should be paid instead to places where the planes were (apparently) hit less often (105).
Phylogenetic footprinting substitutes the notions of mutations for bullets and Darwinian
selection for the fortunes of war.
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high-throughput, computation-intensive annotation “pipelines” to afford a compet-
itive advantage. Particular concerns about on-line annotation relate to schemes for
coordinated updating of results when both the target sequence and query databases
are growing and changing in character over time, and graphical user interfaces that
aid in the analysis and perhaps editing of possibly unfinished sequences and even
the design of confirmatory experiments.

As an example of the sort of tools required, BLAST has been adapted for
large-scale analysis of genomic sequence data by the provision of a network
client called PowerBLAST (174), which breaks up a lengthy query sequence
into overlapping segments, searches by using Gapped BLAST, and then reassem-
bles the results. PowerBLAST also offers several features that are common to
and illustrative of a number of efforts at automated genome annotation. These
include various options for masking repetitive elements and low-complexity sub-
sequences, a perennial problem also addressed by software such as RepeatMaske
(ftp://genome.washington.edu /RM /RepeatMasker.html; A Smit, P Green, unpub-
lished data), XNU (37), and SEG (172). [In addition to controlling for low-entropy
regions, in searching for very distant homologies it may be important to screen out
transmembrane regions (150) and /or coiled coils (103).] It can also focus its search
based on taxonomic information, for comparative genomics, and it offers a graphi-
cal display with annotations superimposed on sequences. Currently PowerBLAST
can analyze and annotate a 100-kb query in about an hour on the NCBI BLAST
server.

Dedicated on-line annotation systems also typically depend upon ab initio and
hybrid gene-finding tools (163), as well as ancillary feature detectors such as tRNA
finders (100), and these systems may provide underlying database support for
projects (11). The most long standing and well proven of such systems is ACEDB
(R Durbin, J Thierry-Mieg, unpublished data), originally developed to support the
C. elegangroject but now quite far flung and used in many guises (153, 165).
More recent efforts include Genotator (67), GAIA (10), and MAGPIE (55), which
are not so widely deployed as ACEDB, although MAGPIE has been used for
several bacterial sequencing projects. The Genome Channel (112) is an ambitious
consortium effort to annotate the human genomic sequence as it appears and to
provide a public Web resource with the results. Closer to the source, the major
genome-sequencing centers are also undertaking on-line annotation projects, for
example the ensEMBL systems being created jointly by the Sanger Centre and the
European Bioinformatics Institute (http://ensembl.ebi.ac.uk).

Examples of post hoc annotation systems include GeneQuiz (6) and MIPS
(108), which deploy analytical tools comprehensively against sequences of com-
plete genomes and provide systematic functional classifications of putative protein
sequences found therein. In fact for any set of open reading frames, such tools may
attempt to provide functional predictions encompassing description, function, cat-
alytic activity, cofactors, pathway, subcellular location, quaternary structure, sim-
ilarity to other proteins, active sites, and so on (51). Such large-scale annotations
are now extending even into the structural world (65).
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Other Tools

In addition to the categories above, other classes of tools have also made ad-
vances recently, which are not reviewed extensively here. Multiple alignment
programs are now available in a variety of forms (e.g. progressive, iterative,
local vs global, etc) with various advantages and disadvantages (reviewed in 15
and 161); their use is somewhat a matter of taste, particularly as regards their
graphical user interfaces and connectivity with other utilities. Similarly, phylo-
genetic reconstruction remains an active research topic (reviewed in 117), with
a variety of approaches based on parsimony, likelihood, distance, etc, and no
small degree of controversy but with a few widely used practical packages such
as PHYLIP (http://www.evolution.genetics.washington.edu/phylip.html) (49) and
PAUP (http://www.Ims.si.edu/PAUP). Whatis uncontroversial is the vastly increas-
ing importance of phylogenetic analysis, together with multiple alignment, in the
interpretation of function in an evolutionary context, as more and more genomes
become available.

INTERFACES AND VISUALIZATION TOOLS

One other consequence of the volume and variety of whole-genome data is the
necessity for tools that provide for a visual appreciation of the data. Sequence data
have long since become unmanageable as text, and visual approaches to bioinfor-
matics have developed along three lin@:graphical user interfaces to sequence
management and analysis packages, which provide convenient desktop metaphors
for viewing data and interacting with ith) scientific visualization techniques that
seek to portray the gray masses of data with an imaginative use of form, color,
dimension, etc, so as to best take advantage of the human cognitive apparatus
in picking out features and patterns; ar@ yisual programming, the pictorial
specification of algorithms in specialized, high-level, and perhaps domain-specific
computer languages. Use has been made of all three approaches in bioinformatics
(142), although only the first two are reviewed briefly here.

Graphical User Interfaces

Literally dozens of comprehensive graphical interfaces have been created for ge-
nomic data, few of which have found any significant following. One that has is
the ubiquitous ACEDB, which acquired much of its original clientele by virtue

of an impressive, biologically intuitive visual interface, and this is now being en-
hanced with a Java interface called JADE (http://www.stein.cshl.org/jade) (152).
In general, efforts to create comprehensive desktop toolkits with sophisticated user
interfaces have passed over to the private sector, to be embodied in products by
companies such as DNASTAR (Madison, WI; http://www.dnastar.com), NetGen-
ics (Cleveland, OH; http://www.netgenics.com), InforMax (North Bethesda, MD;
http://mwww.informaxinc.com), DoubleTwist (Oakland, CA; http://www.doublet-
wist.com), and Genomica (Boulder, CO; http://www.genomica.com), among an
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increasing number. To be sure, a number of the systems that have already been
described for genome annotation, etc, have significant investments in graphical in-
terfaces, but, partly in reaction to the proliferation of heavily integrated monolithic
systems, there has also been a movement toward “lightweight” interface compo-
nents in this domain (141). This philosophy stresses the development of highly re-
configurable and reusable software modules (sometimes called “widgets”) that can
be assembled into “plug-and-play” systems in building new interfaces readily, an
example being the bioWidgets set (http://www.chil.upenn.edu /bioWidgets). This
and other systems have been implemented in Java (69), have found their way into
products (http://www.neomorphic.com), and, more important, have contributed to
a movement towards industry standards of interoperability, working through the
Life Sciences Research Group of the CORBA-oriented Object Management Group
(http://lwww.Isr.ebi.ac.uk). Examples of reusable components would be multiple
alignment viewers such as CINEMA (125) and any of a number of similar widgets
in the above-cited tool sets.

Scientific Visualization

Many of the user interfaces described above make heavy use of visualization prin-
ciplesin depicting massive data sets. Molecular biology actually has arich tradition
of inventive visualization techniques, for example in the use of dot plots for se-
guence comparison (as in phylogenetic footprinting), various graphical schemes
for depicting folded RNA structures, helical wheels in demonstrating amphipathic
helices, and many other examples from structural biology (142). Some represen-
tations have become so prevalent as to achieve a status as new icons of molecular
biology, such as the “sequence logo” representation of the information content
in consensus sequences, which continue to be refined (137) and applied in new
contexts. Many of the newer tools are closely linked with software components
(132) and with state-of-the-art methods for navigation and data transformation,
with intriguing names like hyperbolic tree viewers, semantic zooming, and magic
lenses (127). Often they are targeted to specific challenges of the domain such as
depiction of pathways (81), maps (89), and especially expression data by using
viewers described above as well as commercial visualization tools that are being
adapted to the purpose, for example Spotfire (2). Just as highly automated an-
notation “pipelines” are required to deal computationally with the unprecedented
volume of sequence data, so are well-thought-out visualization systems needed to
deal cognitively with it.

INSIGHTS FROM ANALYSIS OF WHOLE GENOMES

Beyond the platform biotechnologies that actually produce the data, bioinformatics
is truly the enabler of genome-scale biology. This review has not even touched
on its crucial role in the acquisition of the raw data, in laboratory information
management systems, for example, or the very sophisticated physical mapping and
contig assembly algorithms that are primarily the concern of specialized centers.
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Nor has it covered the infrastructural issues of data management and support for
high-performance computing that are proving challenging to many institutional
information-technology organizations in this arena. Having concentrated instead
on the tools by which scientific value can be derived from whole-genome data,
this review concludes by examining some cases in which such data offer unique
opportunities for imaginative computational analysis.

The advantages afforded by large-scale genomics lie inthe numbers of genes, the
numbers of genomes, and the completeness of the genomes, plus the opportunity
to integrate multiple additional data sources that deal with variation, expression,
structure, etc. Many examples have been given already of the benefits of filling
in sequence space with more genes, as well as an extended account of how, with
powerful effect, expression data can be integrated with phylogenetic footprint-
ing of diverse genomes and algorithms for motif alignment and regulatory-region
analysis. The completeness of genomes allows for an extended logic following
from a closed universe, for example permitting a confident analysis of variation
and evolution of the citric acid cycle in 19 complete genomes (77). This study
was able to make generalizations about the presence and absence of the cycle and
its various shunts, branches, inputs, and outputs and even the role of incomplete
cycles in various anabolic processes, based on essentially complete knowledge of
the gene content of the various organisms. Even where mysteries remain, there
is a strong basis to seek out possibly overlooked open reading frames or to rea-
son about possibilities of homologous and nonhomologous gene displacement
(different genes coding for proteins that perform the same function), where, for
incomplete genomes, such speculation would be hopelessly overextended.

By itself, the sheer number of genomes becoming available opens up new vistas.
Not only can clusters of orthologous genes be examined together (158), but it is
increasingly possible to characterize proteins simply by their presence or absence
through many taxa, producing a vector called a phylogenetic profile that can itself
be predictive of function (126). Phylogenetic reconstruction can also be based
guantitatively on the commonality of total gene content, rather than comparisons
of single genes, which can be obfuscated by horizontal gene transfer, unrecognized
paralogy (i.e. genes in a single species sharing a common ancestor), and highly
variable rates of evolution (147).

Examining the arrangement of genes and other elements within genomes adds
yet another dimension to functional analysis. Particularly in microbial genomes, it
is possible to detect clustering of coordinately expressed genesin operons [although
the significance of this is a subject of debate (97)], and, in higher organisms,
patterns of segment conservation offer helpful clues to gene identities and, more
important, genome evolution (116). Evolutionary insights also follow from the
ability to examine complete fossil records of genome duplications [e.g. the finding
of roughly equal rates of functional divergence and gene loss after duplication
(115)] and horizontal gene transfer [e.g. the emerging picture of frequent transfers
of operational or housekeeping genes, in contrast to informational genes related to
transcription, translation, etc (80)]. Even some aspects of traditional genetics and
genetic disorders are now seen as best understood in the context of whole-genome
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architectures, for example, when such duplications provide opportunities for DNA
rearrangements that lead to disease (104).

The association of genes in genomes can be extended even to the association
of protein domains. It has long been observed that proteins that interact or partic-
ipate in a common pathway may be distinct in one organism but are often found
fused in some other organism. A comprehensive search of many genomes found
a surprising number of such protein pairs (680%#therichia coliand 45,502
in yeast, before further computational filtering), many of which were confirmed
as functionally related (106), opening up a new approach to functional prediction
based on the availability of many genomes. Increasingly, itis being recognized that
genomic approaches significantly complement the traditional methods of formal
genetics, biochemistry, and cell biology in the elucidation of physiological and
even developmental pathways (114).

Genomic sequencing has been a boon to structural biology, even in advance of
concerted efforts to accumulate three-dimensional structures on a similar scale.
The completeness of genomes allows, for the first time, precise assessments of
the degree of coverage by and in-built biases of existing collections of structures
(59), as well as interesting aggregate analyses of the distributions of fold families
(53, 169). The availability of complete genomes has also stimulated the develop-
ment of processes for their systematic structural annotation (reviewed in 160),
which have particularly benefited from the PSI-BLAST algorithm. Indeed, pro-
tocols that use PSI-BLAST search and back-validation combined with secondary
structural and other analyses are beginning to rival threading algorithms in fold
recognition tasks and promise to help fill out the protein universe almost on pace
with genomic sequencing (88).

Thus, striking advantages arise from genomics and its midwife, bioinformat-
ics, in both quantitative and qualitative ways. When we can contemplate further
integrations with the other emerging “omics”—proteomics, physiomics, and so
on—the challenges and potential benefits can only inspire awe.
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