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Three years after the initial sequencing of the human genome, the actual number of
functional human genes remains uncertain. Several expression-based analyses still argue
for a hundred thousand transcribed genes, whereas more conservative estimates range
between 20 and 25 thousand genes. The central question in such debates still remains:
what constitutes a real gene? In this paper, we address this question and present a
comparative genomics approach for systematic gene identification, which observes genespecific signatures of evolutionary selection across multiple related species. First, we
formulate the gene identification problem as a classification problem between genes and
non-coding regions, based on their distinct patterns of nucleotide change. We then
summarize the results of applying this approach to re-annotate the yeast genome, with
changes affecting nearly 15% of all genes, and the rejection of more than 500 previously
annotated genes. Finally, we discuss the implications of this analysis on understanding the
human genome, and strategies for the systematic reannotation of higher eukaryotes.
Ideally, we should be able to systematically discover all the functional genes in a newly
sequenced genome, from its sequence alone. Computational discovery methods rely both on the
direct signals used by the cell to guide transcription, splicing, and translation, and also on
indirect signals such as evolutionary conservation. In this paper, we summarize the principles of
a classification-based approach for systematic gene identification, based on comparative
sequence information from multiple closely related species. We first frame gene identification as
a classification problem of distinguishing real genes from spurious gene predictions. We then
present the Reading Frame Conservation test1, a new computational method implementing such a
classification approach, based on the patterns of nucleotide changes in the alignment of
orthologous regions. We finally summarize our results of applying this method to re-annotate
the yeast genome2, and the challenges of using related methods to discover all functional genes
in the human genome.
Defining real genes
What is a real gene? This question is relatively easy to answer for those genes that are
abundantly expressed, encode well-characterized proteins, and whose disruption affects a
specific function in the organism. Beyond these, the distinction is much more subtle between
functional genes and spurious gene predictions.
Experimentally, the definition of a functional gene comes largely as accumulating evidence of its
usage, including gene expression3, protein fragments4, biochemical function5, protein
interactions6, or the effect of its disruption7. It is important to note, however, that absence of
experimental evidence does not imply that a gene annotation is spurious: a real gene may be
missing experimental evidence because it is not used in the particular conditions surveyed.
Conversely, any individual report of gene usage could be due to experimental noise, crosshybridization, or chance transcription events due to a basal level of intergenic transcription.
Thus, experimental evidence alone is insufficient to distinguish between real genes and spurious
gene predictions.

Computationally, the processes of transcription, splicing and translation can be thought of as a
series of decisions taken by the cell, based on signals in the genome. These signals include
distant enhancer elements, regulatory elements surrounding the transcription start site, splicing
enhancer and repressor signals in the message, and translation signals in the sequence or
structure of mature mRNAs8-11. The subset of these signals that we currently understand is
insufficient to specify the set of known genes. Thus, in addition to the direct signals used by the
cell, gene identification methods12-18 routinely identify genes using additional indirect signals
(reviewed in 19), which are not available to the cell, although they are generally good indicators
of protein-coding genes. These include the frequency of each codon in protein-coding regions,
the overall length of the translated protein product, and importantly the evolutionary
conservation of protein sequences across related species.
Evolutionary conservation is perhaps the strongest indicator that a predicted gene is functional.
A gene that confers even a slight evolutionary advantage can be conserved across millions of
years, regardless of the rarity of its usage. Hence, even if experimental methods fail to detect the
usage of a gene in a given set of experimental conditions, evolutionary methods are able to detect
indirect evidence of its usage, by detecting pressure to preserve its function over millions of
years.
Gene finding as a classification problem
The challenge of using evolutionary conservation to define genes lies in the ability to reject
spurious genes. Although it is generally well understood that genes conserved across large
evolutionary distances are functional, lack of conservation is generally attributed to evolutionary
divergence, thus lacking evidence towards either accepting or rejecting a gene prediction.
Yet, the comparison of related genomes contains information much richer than simply the
presence or absence of a protein in a genome. By working with closely related genomes, we can
define regions of conserved gene order, or synteny blocks, which span several genes, and
potentially entire chromosomes. Defining conserved synteny blocks allows us to construct
global alignments, spanning both well-conserved regions, but also regions of low conservation.
In particular, these give us access to full nucleotide alignments for all predicted genes, and for all
intergenic regions within orthologous segments.
With the availability of orthologous alignments for both protein-coding and non-coding regions,
we can study their distinct properties and build a classifier between the two types of region. The
simplest and most commonly used such classifier observes the overall level of nucleotide
conservation in the alignment, and selects regions of high conservation as likely to be functional.
Other classifiers may observe more subtle signals, such as the number of amino acid changes per
nucleotide substitution20, the frequency of insertions and deletions, the periodicity of mutations,
and so on. By working with properties of the nucleotide alignment, rather than protein
alignments, we are able to apply it uniformly to evaluate both genes and intergenic regions in the
same test.
One particular conservation property unique to protein-coding segments is the pressure to
preserve the reading frame of translation. Since protein sequences are translated every three
nucleotides, the length of insertions and deletions (indels) is largely constrained to remain a
multiple of three, thus preserving the frame of translation. Within coding regions, indels which
disrupt the frame of translation are excluded, or compensated with nearby indels which restore

the reading frame. In non-coding regions, the length of indels does not have this constraint, and
short spacing changes are tolerated.
To evaluate this property quantitatively, we developed the Reading Frame Conservation (RFC)
test. This test evaluates the pressure to preserve reading frame in a fully aligned interval, by
measuring the portion of nucleotides in this interval for which the reading-frame has been locally
conserved1. The RFC test provides a classifier between coding and non-coding regions that is
completely independent of the traditional signals used in gene identification. It does not rely on
start, stop, or splicing signals, nor does it rely on the conservation of protein sequence. It can
therefore be combined with existing gene finding tools and provide a highly informative score
for any interval considered.
Reannotation of yeast
A classification approach is particularly well-suited for the yeast genome. The general scarcity of
introns makes it hard to rely on splicing signals to discover genes. Thus, the annotation of S.
cerevisiae has traditionally relied solely on the length of predicted proteins to annotate genes,
resulting in 6062 annotated open reading frames (ORFs) which potentially encode proteins of at
least 100 amino acids (aa). Additionally, a tentative functional annotation has been inferred for
as many as 3966 of these ORFs, based on classical genetic experiments and systematic genomewide studies of gene expression, deletion phenotype, and protein-protein interaction. Together,
the interval-based annotation, and the large set of well-known genes make it possible to apply the
RFC test systematically to evaluate the functional significance of the remaining ORFs.
To apply the test, we constructed multiple sequence alignments for every ORF and every
intergenic region, across four closely related species. We sequenced and assembled the genomes
of S. paradoxus, S. mikatae, and S. bayanus2, and defined genome-wide synteny blocks with S.
cerevisiae, based on discrete anchors provided by unique protein blast hits1. Within these
synteny blocks, we constructed global alignments of orthologous genes and intergenic regions
across the four species using CLUSTALW21, and systematically evaluated each alignment. We
compared S. cerevisiae to each species in turn, and every comparison cast a vote based on its
overall RFC and a species-specific cutoff. A decision was then reached for each gene by tallying
the votes from all comparison.
We evaluated the sensitivity and specificity of the approach based on the 3966 genes with
functional annotations (‘known genes’), and 340 randomly chosen intergenic sequences with
lengths similar to the annotated ORFs. The RFC test correctly accepted 3951 known genes
(99.6%) and rejected only 15 known genes; upon manual inspection, these 15 are indeed likely to
be spurious (most lack experimental evidence, and deletion phenotypes of the rest are likely due
to their overlap with the promoter of other known genes). The method also correctly rejected 326
intergenic regions (96%), accepting only 14 intergenic regions (of which 10 appear to define
short ORFs or extend annotated ORFs, suggesting that at most 1% of true intergenic regions
failed to be rejected by the RFC test). In summary, the RFC test shows a very strong
discrimination between genes and intergenic regions, with sensitivity and specificity values
greater than 99%.
We then applied the RFC test to all previously annotated genes, leading to a major revisiting of
the yeast gene set. For ORFs with lengths greater than 100 aa, our analysis accepted 5538 ORFs
and rejected 503 (of which 376 were immediately rejected, 105 were rejected with additional
criteria, and 32 were merged with neighboring ORFs); the classifier abstained from making a

decision in 20 cases. The rejected ORFs show an abundance of frame-shifting indels across their
entire length, in-frame stop codons, and low conservation of protein sequence, in addition to the
low RFC score; their length distribution and atypical codon usage additionally suggest that they
are likely occurring by chance22-24; furthermore previous systematic experimentation showed no
compelling evidence that these may encode a functional gene. Thus, it appears that more than
500 previously annotated ORFs in the yeast genome are spurious predictions.
Below the 100 amino acid cutoff, no previous systematic annotation or experimentation was
available. Thus, to validate our method, we compared the results of the RFC test with an
independent metric: the proportion of the S. cerevisiae ORF that was also free of stop codons in
the other three species. Between 50 and 99 aa, we found that the method is still reliable, and
report 43 candidate new genes at that length. As ORFs smaller than 50 aa were tested, we found
that the specificity of the test decreased, since small intervals tend to be devoid of indels by
chance rather than the presence of selective pressure. Thus, additional constraints, and additional
species, will be needed to discover genes reliably at such short lengths.
In addition to the discovery of genes themselves, the comparative analysis allowed us to refine
gene boundaries. Once an interval was determined to be under selective pressure for reading
frame conservation, the boundaries of that interval were adjusted, based on the conservation of
start/stop/splice signals, and the boundaries over which reading frame is conserved. This led to a
large-scale reannotation of gene structure, which affected hundreds of genes (146 start codon
changes, 67 intron changes, 32 merges of consecutive ORFs, and 45 changes of ORF ends). It is
worth noting that in 134 cases, the inferred boundary changes pinpointed sequencing errors in
the primary sequence of S. cerevisiae, many of which were tested and corrected by resequencing. These boundary changes reveal the true location of promoter regions, new protein
domains in elongated ORFs, and previously overlooked functional relationships in the case of
merged ORFs
In summary, the RFC test was able to reliably distinguish between genes and intergenic regions,
leading to a systematic reannotation of the yeast genome. The comparative analysis led to the
rejection of more than 500 previously annotated genes and to the discovery of many novel genes.
The results agree with similar comparative analyses carried out from a number of yeast species2528
. In addition, it allowed us to refine the gene structure of hundreds of genes, adjusting start and
stop boundaries, merging consecutive ORFs, and discovering many new introns. Moreover, by
using multiple species, the signals leading to gene identification were powerful enough to
suggest sequence changes in any individual species, even in S. cerevisiae; we tested ~50 of these
predicted sequencing errors in S. cerevisiae, confirming and correcting the large majority of
them by resequencing.
Implications for the human genome
The challenge of gene finding in the human genome is far greater than in yeast, due to the vastly
larger intergenic regions, numerous and large introns, small exons, and alternatively spliced
genes. Most approaches to gene finding in higher eukaryotes have relied on Hidden Markov
Models12-17, which inherently emphasize the importance of exon chaining, and rely on
knowledge of the expected length distributions for both exons and introns. These have been
recently extended to use sequence from multiple species29-38. These approaches have limitations
however, in cases of alternative splicing39-41, differences in splicing between species42, widely
varying exon and intron lengths, and non-canonical splice sites.

An exon-based classification approach to gene finding can help overcome these limitations. By
exhaustively enumerating and testing all candidate protein-coding intervals, classification
approaches make exon detection independent of chaining. Splice site models can be applied to
each species independently and then compared to each other, which is much stronger than the
evidence in any one species alone. The intervals can be then tested based on discriminating
variables that distinguish genes from non-coding regions19,43. New discriminating variables can
be defined as alignments of each type of region are systematically compared, and these can be
combined and weighted, leveraging traditional machine learning techniques for feature selection
and classification44. Once relevant intervals have been identified, their boundaries can be
adjusted for optimal chaining into complete genes. In particular, chaining can also leverage an
inferred frame of translation for each exon, based on the higher mutation rate observed in largely
degenerate third codon positions20. The exon-chaining step produces full gene models, and is
able to cope with alternative splicing and missing exons, since it is not constrained to a single
optimal path through the exons.
By systematically observing alignment properties of large sequence regions, we can build new
rigorous approaches for sequence analysis. These are widely applicable beyond coding exons,
and similar classification-based approaches can be used to distinguish CpG islands, 5’- and 3’untranslated regions, promoter regions, regulatory islands, and other functional elements.
Through the lens of evolutionary selection, our ability to directly interpret genomes is
revolutionized. Coupled with systematic experimentation and validation, these analyses can lead
to a systematic catalogue of functional elements in the human genome, forming the future
foundations of biomedical research.
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