Comparative genomics as a tool for gene discovery
Aaron J Windsor and Thomas Mitchell-Olds
With the increasing availability of data from multiple eukaryotic
genome sequencing projects, attention has focused on
interspecific comparisons to discover novel genes and
transcribed genomic sequences. Generally, these extrinsic
strategies combine ab initio gene prediction with expression
and/or homology data to identify conserved gene candidates
between two or more genomes. Interspecific sequence
analyses have proven invaluable for the improvement of
existing annotations, automation of annotation, and
identification of novel coding regions and splice variants.
Further, comparative genomic approaches hold the promise of
improved prediction of terminal or small exons, microRNA
precursors, and small peptide-encoding open reading frames
— sequence elements that are difficult to identify through
purely intrinsic methodologies in the absence of experimental
data.
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recognition of the practical limitations to gene discovery
through the study of individual genomes has placed an
emphasis on comparative studies. As such, there has been
an expansion in the number of completed eukaryotic
genome sequencing projects (80) and ongoing projects
(500) over the past five years (Genomes OnLine Database v2.0; http://www.genomesonline.org). The sequencing of additional genomes poses novel logistical and
technical issues for the processing and interpretation of
sequence data. Unlike the prototype eukaryotic genome
projects, extensive manual curation of next-generation
sequencing projects is neither time- nor resource-effective. Beginning with the annotation of the mouse genome
[6], the partial or complete automation of genome
sequence curation has become the norm.
This review will explore recent advances in the prediction and refinement of gene models, the empirical
validation of these models, and the identification of
non-coding transcribed sequences using comparative
genomic approaches. While drawing on the literature
at large, the utility of the approaches will be evaluated
relative to the current state of plant genomics. Table 1
summaries the methodologies presented in this review
that have been formalized as discrete programs or computational pipelines and are available to the research
community.
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De novo gene prediction frameworks are classified as
either intrinsic or extrinsic. Intrinsic methodologies
(Figure 1; path ‘A’) make gene predictions from only
the information present in the individual DNA
sequence analyzed. These methodologies are commonly
encountered as ab initio tools [7–10] and are, by definition, not comparative. Ab initio gene prediction algorithms display high sensitivity, but a low specificity (see
Glossary) in their output models; both of these parameters are directly related to the quality and extent of
the training data provided to these programs. Training
datasets are comprised of experimentally confirmed
gene models and are most effective when established
from the species being evaluated. These tools do not
consistently predict gene boundaries, small exons, and
atypical introns with accuracy. Further, ab initio methods
are not generally capable of identifying small open
reading frames (smORFs; see Glossary), transcribed
non-coding sequences or regulatory elements. Studies
applying comparative approaches to gene discovery have
observed that gene models missed by ab initio methods
display elevated Ka/Ks ratios (see Glossary) in interspecific comparisons, suggesting that the sensitivity of
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Introduction
The publication of the genome sequence for the yeast
Saccharomyces cerevisiae in 1996 [1] ushered in the genomic
era for the eukaryotic research community. Subsequently,
the genome sequences of Caenorhabditis elegans [2], Drosophila melanogaster [3], Arabidopsis thaliana [4], and
human [5] were published. These prototype genome
projects provided biologists with the power to evaluate
experimental observations in a whole-genome context.
Technical innovations in molecular biology, biochemistry, and information processing precipitated by these
projects have made high-throughput tools cost-effective
and accessible to a wider range of investigators.
The need to improve annotation and gene identification
in the prototype genome sequences, the desire to investigate natural variation and genome evolution, and the
www.sciencedirect.com
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Glossary
cDNA: DNA molecule with the complementary sequence to a
transcribed RNA.
cRNA: RNA molecule with the complementary sequence to a
transcribed RNA.
Expressed sequence tag (EST): incomplete sequence from a
transcribed RNA.
Ka/Ks: in interspecific sequence comparisons, a population genetics
parameter used to infer neutral evolution versus selection in coding
sequences on a per-site basis. Ka/Ks is the ratio of the number of
nonsynonymous substitutions (Ka) to the number of synonymous
substitutions (Ks). Values near 0, 1 and >1 suggest selective
constraint, neutrality, and adaptive evolution, respectively.
MicroRNA (miRNA): transcribed elements that regulate the
expression of target genes at the post-transcriptional level.
Sensitivity: the ratio of correctly predicted features to the actual
number of features present in the query sequence.
Small open reading frame (smORF): short stretches of sequence
containing an in-frame start and stop codon, generally encoding
peptides a few amino acids to <100 amino acids in length.
Specificity: the ratio of correctly predicted features to the total
number of predicted features.

ab initio methodologies is reduced for rapidly evolving
sequences [11,12]. Although ab initio tools vary with
regard to algorithm design (recently reviewed in [13])
and efficacy [14,15], the application of these tools by the
casual investigator is straightforward.

Gene prediction methods based on extrinsic data (including expression evidence [16–20] and/or sequence similarity
[21–24,25]; Figure 1 paths ‘B’, ‘C’ and ‘D’) supplement ab
initio prediction by providing improved specificity and
complementary sensitivity. As the implementation of
extrinsic gene prediction methods is complex, and because
these methods provide the basis for gene discovery through
comparative genomics, the remainder of the review will
focus on these methodologies.

The application of expression data to gene
discovery
Evidence-based gene discovery frameworks integrate
empirical transcription and protein expression data with
genome sequence to produce gene models (Figure 1; path
‘C’) and facilitate annotation [16]. Such data provide high
specificity to gene model prediction, but sensitivity is
contingent on the extent of the expression dataset(s).
This property negatively impacts the identification of
sequences with tightly regulated or low-abundance transcripts or of RNA species that are not translated. The
incorporation of expression data from multiple species
can overcome some of these limitations and allows the use
of species with no or partial genome sequence in comparative analyses. For example, the analysis of the tran-

Table 1
Comparative gene discovery implementations.
Type a

Comparison

Description

Reference

EAnnot
Ensembl

Program
Pipeline

Evidence-based
Evidence-based

[19]
[16]

ESTMAP

Pipeline

Evidence-based

Evoprinter

Program

Similarity

Exofish

Pipeline

Similarity

MIRFINDER
Pattern Filtering

Pipeline
Program

Similarity
Similarity

Projector

Program

Similarity

SLAM

Program

Similarity

SGP2

Program

Similarity

Twain
TwinScan

Program
Program

Similarity
Similarity

Similar in principle to Ensembl
Developed to map transcription and expression data onto a query genome
sequence. Qualifies as a comparative approach when interspecific datasets are
applied
Creates gene models by mapping perfect BLASTN EST sequence hits onto a
query genomic sequence
Processes the output from BLAT [47] alignments. Conserved features are
mapped onto a single, reference sequence and pattern identification is used to
identify short, potentially degenerate sequences such as smORFs, miRNAs or
regulatory domains
Developed to predict human gene models using genome sequence data from
Tetraodon nigroviridis
Uses BLASTN output and subsequent filtering to identify miRNAs
Interprets the alignment of two DNA sequences as a series of patterns. Regular
patterns correspond to conserved sequences; ‘noise’ in the alignment is
filtered. Annotation is performed manually with a second program, GeneGrabber
Produces gene predictions in a query sequence using the HMM algorithm of
Doublescan [49]. Emission probabilities are modified using the annotation of
the reference sequence
Simultaneously produces gene predictions in two syntenic sequences. Displays
a high degree of specificity at the expense of sensitivity. Attempts to
discriminate between conserved coding and non-coding sequences
Gene predictions are produced using the dynamic programming algorithm of
GeneID [51]. Prediction probabilities are modified using similarity to a reference
protein sequence dataset identified by TBLASTN analysis
Produces gene predictions in both sequences being compared using an HMM
Initial gene predictions are produced using the HMM model of GenScan [7].
Prediction probabilities are modified using similarity to a reference genome
supplied by BLASTN analysis

[18]
[25]

[48]
[41]
[24]

[50]

[22]

[23]

[52]
[21]

Abbreviation: HMM, Hidden Markov Model.
A pipeline is a semi- or fully automated serialized arrangement of computational analyses.

a
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Figure 1

Intrinsic (light gray arrows) and extrinsic (dark gray arrows) methods for gene prediction. Thick black lines represent query sequence data.
Watson–Crick-strand coding sequences are indicated above or below sequence strands. Path (A), ab initio gene prediction algorithms model gene
content with data from the query sequence itself. These methods can miss features such as smORFs and small introns. Exons are also missed,
but ab initio methods can erroneously identify exons or whole coding sequences. Generally, these methods are not applicable to the
prediction of functional non-coding sequences. Path (B), similarity-based gene prediction. These methods are comparative and incorporate
data from the alignment of one or more syntenic DNA sequences. Similarity-based methods display improved sensitivity and specificity for
coding and non-coding sequences over ab initio methods. The ability to predict genes or conserved features is a function of the number of
sequences compared, the evolutionary distance of these sequences, and the degeneracy and size of the features in the homologous sequences.
Path (C), evidence-based gene prediction. These methods can be computational or experimental and display high specificity but low
sensitivity. The efficacy of the prediction is contingent on the quality/extent of available expression data. Path (D), combinatorial
approaches. In the example presented, similarity evidence is combined with an ab initio prediction to improve the overall prediction
of gene content.

scriptome and proteome datasets for the kingdom Plantae
suggests that 19 000 gene functions are encoded in
the green plant lineage [26]. Nearly 6500 of these are
encoded by orphan genes, novel genes that cannot
be definitively assigned to a characterized homolog or gene
family. Using a technique coined ‘Proteogenomic Mapping’, Jaffe and colleagues [27] have revised the annotation
of Mycoplasma pneumoniae with corrections to existing gene
models and the incorporation of several previously unidentified coding sequences. To identify novel transcribed
sequences in A. thaliana, Yamada et al. [28] have used A.
thaliana full-length cDNA data and expressed sequence
tag (EST; see Glossary) data from A. thaliana, Brassica, rice
and wheat to pinpoint transcribed, unannotated genomic
regions. Approximately 1400 new gene models were
www.sciencedirect.com

ascribed to intergenic regions; the transcription of a majority of these has been supported using whole-genome
cRNA (see Glossary) arrays or reverse transcriptase polymerase chain reaction (RT–PCR).

Sequence similarity applied to gene discovery
Similarity-based methods for gene discovery assume that
the evolution of functional sequences is constrained by
selection and spurious sequences are free to evolve neutrally. Thus, sequences that are conserved in interspecific
comparisons are more likely to be biologically meaningful. Two recent studies [29,30] have attempted to determine the minimum number of genome sequences that are
required for the identification of conserved regions. Modeling suggests that the number of required interspecific
Current Opinion in Biotechnology 2006, 17:161–167
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contrasts is inversely proportional to the physical size of
the feature in question. Comparisons between evolutionarily close species will have a greater rate of falsepositives for conserved regions and, although increasing
genome number increases information, this information is
subject to diminishing returns. These conclusions are
broadly applicable, but based on postulates from mammalian comparative genomics. Highly dynamic genomes,
such as those of plants, may violate the basic assumptions
of orthology and copy number inherent in these models.
To this end, the works of Vandepoele and van der Peer
[26] and of Xiong et al. [31] have demonstrated gene loss
in A. thaliana and Oryza sativa as well as the presence of
species- or lineage-specific gene families in virtually
every angiosperm family.
The power of similarity-based gene discovery at a genome scale is demonstrated by recent work in microbial
genomes. Kellis and colleagues [32] have applied homology to annotation improvement and gene discovery in S.
cerevisiae, a species with one of the simplest and best
characterized genomes. Using BLASTN [33], the group
aligned the S. cerevisiae genome to three additional Saccharomyces species to identify open reading frames (ORFs)
with orthologous sequences in each of the additional
genomes. These ORFs were then classified as biologically meaningful by the absence of stop codon interruptions in each of the orthologous clusters. While validating
or refining existing annotations, the method also recognized several novel candidate coding sequences in
regions previously classified as intergenic and identified
40 smORFs. Similarly, the genomes of three varieties of
Cyptococcus neoformans, a fungal pathogen displaying a
more complex exon–intron organization than S. cerevisiae,
were compared [34] using an implementation of TwinScan (Table 1). Approximately 200 new gene models
were produced by the analysis with 80% of these being
confirmed at the transcriptional level by RT–PCR. To
specifically identify smORFs in S. cerevisiae, Kessler et al.
[35] applied a subtractive approach where genomic
regions containing previously annotated ORFs were
purged from the subject dataset. Candidate smORFs with
homologs in other fungal species were bioinformatically
identified from the reduced dataset and a subset of
candidates (117) was analyzed for transcription and
homology in an expanded range of organisms. More than
two-thirds of the candidate smORFs assayed displayed
evidence of transcription and one candidate, smORF2,
had a homolog in every species examined, including
human. Thus, comparative approaches are able to identify previously unknown coding elements even in relatively simple, well-characterized genomes.
Microbial studies benefit from the simplicity of the
organisms in question and from the availability of multiple suitable and fully sequenced genomes for comparative analyses. Currently, higher eukaryotes generally lack
Current Opinion in Biotechnology 2006, 17:161–167

some or all of these advantages. Nonetheless, comparative approaches are proving very effective in the identification of novel genes in complex genomes. Using
TwinScan, 256 new gene models have been predicted
in a whole-genome comparison of C. elegans and Caenorhabditis briggsae [11]. Of these, the transcription of 146
models could be confirmed. To identify genes with
perfectly conserved structure, Dewey and coworkers
[36] compared the mouse and human genomes using
SLAM (Table 1) and extended their analysis to the
recently completed rat genome. Approximately 3700
nearly perfect ortholog sets were observed with 924 of
these representing novel genes.
The lack of available completed genome sequences and
the evolutionary distances associated with completed
genome sequences impose limits to whole-genome comparative approaches among plants. The creative application of similarity-based analyses, however, has allowed
the identification of novel coding sequences. Several
thousand conserved unannotated regions were recently
recognized in A. thaliana relative to the partial genome
sequence of Brassica oleracea [37,38]. In these
approaches, conserved genomic regions, as identified
by TwinScan, with physical proximity in the A. thaliana
reference genome were chained together to produce
novel gene models. Approximately 300 resultant models
were subsequently assayed for transcription, which was
detected in 27% of cases. Interestingly, some gene models for which transcription was not detected displayed
conservation relative to a third, more distantly related,
genome O. sativa [38]. In a similar analysis, an implementation of Exofish (Table 1) was optimized for O.
sativa–A. thaliana comparisons [39]. Observed islands of
sequence conservation were likewise chained to produce
gene models, thus allowing the creation of more than 3500
new gene annotations. Nearly a third of these new models
have been supported by comparison to A. thaliana fulllength cDNAs.
Similarity-based approaches are also being applied successfully to the identification of transcribed non-coding
genes such as microRNA (miRNA; see Glossary) precursors and their target sequences [40–42,43]. Among these
studies, differences in miRNA precursor organization
between plant and animal systems highlight the benefits
of homology over intrinsic methods for recognizing these
elements. Further, the application of multiple phylogenetic comparisons [43] has demonstrated the existence
of taxon-specific elements and losses — features of genome evolution that may not be identified through intrinsic
methods or pairwise comparison. Evidence for widespread adaptive evolution in non-coding sequences of
Drosophila [44] and the implications of this observation
for speciation and local adaptation, however, indicate that
conservation is only one criterion for the identification of
biologically meaningful non-coding sequences.
www.sciencedirect.com
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Recent studies have demonstrated the utility of merging
evidence-based and similarity-based approaches to gene
discovery. To improve the rat genome annotation, Wu et al.
[45] combined Ensembl and rat–human TwinScan predictions to identify coding regions that would otherwise have
been missed by Ensembl alone. The resultant rat gene
models were then validated by RT–PCR and by comparison with putative homologs in the Human Gene Mutation
Database. In similar work, novel mouse genes were identified via an initial Ensembl analysis followed by mouse–
human TwinScan and mouse–human SGP2 (Table 1)
analyses [12]. Of the gene models obtained, 62% were
supported by transcriptional data. Of the supported gene
models, 76% were predicted by both TwinScan and SGP2
indicating that, although similar in principle, TwinScan
and SGP2 analyses complement each other.
Current implementations of similarity-based gene prediction, although effective, are still limited with regard to
whole-genome analyses. Approaches directly utilizing
homology based on BLAST and related algorithms
may lack the sensitivity to detect short and/or degenerate
genome features. Approaches such as TwinScan, SGP2,
and Projector (Table 1) make use of underlying ab initio
predictions and thus rely on training datasets for their
execution. Training datasets are potentially limiting
among next-generation genome sequencing projects
and can introduce ascertainment bias in relation to unidentified genes with atypical organization or structural
components. Further, all of these analyses are inherently
pairwise; multiple comparisons require post hoc integration of individual comparisons. Recently, algorithms such
as Pattern Filtering [24] and Evoprinter [25] (Table 1)
have been developed that display improved sensitivity
over other prediction methods for features such as
smORFs or even regulatory sequences. Neither algorithm
makes use of training data. While Pattern Filtering has
only been applied to pairwise analyses, Evoprinter has
been specifically developed for multiple comparisons and
includes a second function, Evodifference, which identifies species- or lineage-specific sequence losses.

Conclusions
Comparative approaches are proving their value for gene
discovery and annotation improvement. Current results
indicate that the availability of additional genome
sequences and application of combinatorial approaches
will further improve efficacy. Although recent studies
have used transcription or protein expression data to
support novel gene models, little attention has been
focused on the functions of the coding regions identified;
only one paper reviewed here used mutational and complementation analyses to demonstrate a phenotype [35].
The integration of technologies that transfer protein
function between species [46] into comparative genomic
frameworks may partially alleviate this deficiency; however, the importance of functional characterization cannot
www.sciencedirect.com

be ignored. In the absence of such analyses, the line
between ‘prediction’ and ‘discovery’ will remain blurred.
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