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Vertebrate gene predictions and 
the problem of large genes
Jun Wang, ShengTing Li, Yong Zhang, HongKun Zheng, Zhao Xu, Jia Ye,
Jun Yu and Gane Ka-Shu Wong

O P I N I O N

To find unknown protein-coding genes,
annotation pipelines use a combination of 
ab initio gene prediction and similarity to
experimentally confirmed genes or
proteins. Here, we show that although the
ab initio predictions have an intrinsically
high false-positive rate, they also have a
consistently low false-negative rate. 
The incorporation of similarity information is
meant to reduce the false-positive rate, but
in doing so it increases the false-negative
rate. The crucial variable is gene size
(including introns) — genes of the most
extreme sizes, especially very large genes,
are most likely to be incorrectly predicted.

We live in the halcyon days of large-scale
DNA sequencing. Each release of a
sequenced genome is accompanied by a list
of genes, many of which are computer pre-
dictions. Experimental confirmation in the
form of sequenced transcripts of full-length
cDNAs is extensive for mice1,2, less so for
humans3 and non-existent for pufferfish4.
For invertebrate genomes, cDNAs are less
important because the genes are smaller and

easier to predict. Nevertheless, the many
fruitfly5 and nematode6 cDNAs that were
produced after their genomes were sequenced
have been invaluable in finding residual
errors in the definition of exon boundaries.
As it is difficult to get cDNAs that are
expressed transiently, or at low levels, in spe-
cific tissues and at specific developmental
stages, predicting genes will remain an inte-
gral part of DNA sequence analysis for the
foreseeable future. Therefore, it is imperative
for the biologists who use gene-prediction
programs to understand what they can and
cannot do. Although some features of these
programs are better than is commonly
thought, others are worse. It is tempting to
dismiss the programs as being inherently
unreliable (see BOX 1 for a note on fluctua-
tions in gene number in the human genome),
but, in fact, they fail for specific reasons that
can be understood with minimal jargon and
without delving into algorithmic minutiae.

ANNOTATION PIPELINES have been comprehen-
sively reviewed7. Every pipeline incorporates
information from known genes. No pipeline
ever substitutes a predicted gene for a known
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focus on whether the exon boundaries are
correctly defined, as this is the fundamental
problem for ab initio gene prediction.

Ab initio gene predictions
Ab initio gene predictions rely on two classes
of sequence information: SIGNAL TERMS and
CONTENT TERMS. Signal terms refer to short
sequence motifs (such as splice sites, branch
points, polypyrimidine tracts, start codons
and stop codons) that are found in almost all
eukaryotic genes. For the smaller eukaryotic
genomes, such as that of yeast, signal terms
contain almost enough information to define
the genes; however, for the vertebrate
genomes, in which intron sizes can reach hun-
dreds of kilobases, signal terms are inadequate.
Exon detection must rely on the content
terms, which refer to the patterns of codon
usage that are unique to a species, and allow
coding sequences to be distinguished from the
surrounding non-coding sequences by a sta-
tistical detection algorithm (see BOX 2 for a
discussion on the intrinsic limitations of all
statistical detection algorithms). The use of
patterns of codon usage to detect exons has a
few caveats. First, the programs must be taught
what the codon-usage patterns look like, by
presenting them with a TRAINING SET of known
coding sequences, and a new training set is
needed for each species. Second, untrans-
lated regions (UTRs) at the ends of the genes
cannot be detected, although most programs
can identify polyadenylation sites. Third,
non-protein-coding RNA genes cannot be
detected, although there are specialized pro-
grams that will attempt this17. Fourth, and
finally, none of these programs can detect
alternatively spliced transcripts.

Here, we focus on two of the most popular
ab initio programs: GenScan (the default used
by Ensembl)18 and FgeneSH19. These two pro-
grams share the same overall strategy; the
main difference is that GenScan places more
emphasis on the content terms, whereas
FgeneSH places more emphasis on the signal
terms. It might be expected that the programs
will encounter problems with OUTLIER GENES

that have radically different characteristics
from those in the training set. Perhaps, among
genes with restricted expression patterns that
are not in the databases, there might be differ-
ent codon-usage patterns. Such an assertion is
almost impossible to disprove, but considering
the many thousands of vertebrate cDNAs that
have been sequenced, it is far more reasonable
to assume that the sampling is sufficiently
representative. Systematic problems with the
ab initio predictions can be shown to be func-
tions of variables that are not directly related
to codon-usage patterns.We consider different

because these are the genes that they have been
trained on, as opposed to unknown genes.
However, even for this idealized gene set, the
programs are not perfect, and analysing these
imperfections can be instructive.Our analysis is
meant to be as realistic as possible — for exam-
ple, the entire chromosome is studied, rather
than a pre-selected region with the RefSeq
genes already excised. Intergenic sequences are
only considered indirectly and are not mod-
elled explicitly, as their identity is not known.
In plant genomes, intergenic sequences are
known to be nested clusters of long terminal
repeat (LTR) retrotransposons13, yet transpos-
able elements are almost never found in the
introns of plant genes14. Given what we now
know, it would be intellectually dishonest to
model intergenic sequences as either random
sequences or transposable elements.

Vertebrate genomes contain many pseudo-
genes, particularly single-exon processed
pseudogenes15, and large numbers of these are
often incorrectly predicted to be genes. For
example, many such errors were found in the
re-annotation of human chromosome 22
(REF. 16). As the difference between a pseudo-
gene and a real gene can be a single base pair,
removing pseudogenes is too difficult a task
for the initial gene prediction. Here, we only

one. However, one of the main justifications
for spending enormous amounts of money on
genome sequencing is to identify new genes for
which there is only partial or no previous
information. This is done by using a combina-
tion of AB INITIO GENE PREDICTION — a statistical
process that finds protein-coding genes8 —
and similarity to experimentally confirmed
genes or proteins. In the Ensembl pipeline9,
which was used for the human and mouse
genomes, the ab initio programs are called
upon first. Then, to reduce the high incidence
of FALSE POSITIVES (FPs), the resulting gene pre-
dictions are ‘fixed’by the incorporation of sim-
ilarity information. Ensembl keeps only those
exons that show sequence similarity to a gene
or protein in the vertebrate databases, not nec-
essarily the entire gene prediction. Here, we
evaluate this process, step by step, on the basis
of our analyses of a set of 7,485 REFSEQ

10 full-
length human cDNAs, all of which have per-
fect BLAT11 alignments in the human genome
sequence. Sequences were downloaded from
the Santa Cruz genome browser12. The cDNA
sequences were dated August 2002, and the
genome sequences were dated June 2002.

If gene-prediction programs were to work
well on any particular gene set, they would be
expected to work best on RefSeq genes,

Box 1 | How many genes are there in the human genome?

On 30 May 2003, at Cold Spring Harbor Laboratory, New York, the winner of the human gene
sweepstakes was finally announced38. Lee Rowen, from the Institute for Systems Biology, Seattle,
won with a wager of 25,947 genes. Hers was the lowest wager from among the more than 460 that
had been placed. The official count was announced to be 24,847 — substantially lower than the
30,000–40,000 that had been estimated in February 2001, with the initial analyses of the draft
sequence for the human genome. Were the original estimates too high, or was this latest estimate
too low? A little appreciated fact was that 24,847 represented the number of genes for which the
organizers felt they had the best supporting evidence, on the basis of sequence similarity to
known genes or proteins in the vertebrate databases. It was a low estimate, and they confessed to
the media that this was probably not the final answer. So, the number of genes in the human
genome remains unknown.

Box 2 | Intrinsic trade-offs in gene-prediction programs

Gene prediction is an intrinsically statistical process. It searches for patterns that are correlated
with protein-coding sequences, but the correlation is only true in a statistical sense, and there is no
reason to expect perfection. Different programs search for different patterns. Programs such as
GenScan and FgeneSH search for patterns of codon usage that are specific to protein-coding
sequences. Newer programs, such as TwinScan and SGP2, search for sequence conservation in a
related species, as well as codon usage. The problem with all statistical-detection algorithms is that
there is no guarantee that every instance of the desired pattern is the result of a protein-coding
sequence. Even a random non-coding sequence can come up positive, and the longer that
sequence is, the more likely it is that this will happen. Hence, there is always a false positive (FP)
rate. Conversely, there is no guarantee that every instance of a protein-coding sequence will
result in a detectable pattern, and there is always a FALSE-NEGATIVE (FN) RATE . Many methods have
been invented to reduce the FP rates. The Ensembl annotation system does this by eliminating
any exon that is not similar to a gene or protein in the vertebrate databases. The problem with
these efforts to reduce FP rates is that they always increase FN rates. Trade-offs such as these are
common in all branches of experimental science, from biology to physics.
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sequence that is under consideration. The dif-
ference is that for FP rates the sequences under
consideration are the introns, whereas for FN
rates they are the exons. If there is a sufficiently
large intron, every ab initio program will pre-
dict an exon where there is not one. An
increase in FP rate with an increase in gene size
is an intrinsic property of all ab initio pro-
grams. By contrast, although there is a small
increase in CDS size as a function of gene size,
it cancels out after normalizing to per-aa rates,
and, as a result, FN rate is not sensitive to
increases in gene size. Any FP exon is highly
likely to contain triplets that are interpreted as
stop codons; this leads to premature termina-
tion of the predicted gene and subsequent
gene fragmentation, where several gene
fragments are predicted instead of the one
gene. This is a particularly serious problem
for genes that are more than 100 kb in size
(FIG. 4). Conversely, predicted genes composed
of predominately FP exons are likely to have
small predicted sizes. When the predicted
gene size is below 1 kb (GenScan), or below
10 kb (FgeneSH), it can be expected that most
of the exons will be FP exons (FIG. 5). This sim-
ple ‘rule of thumb’ can be used to filter out the
obviously incorrect predictions.

indicators of performance, as a function of all
potentially relevant variables (see BOX 3 for a
more detailed justification of our non-uniform
histogram-binning methods), to find out if any
of these measurements indicators of perfor-
mance are severely affected at extreme values
of these variables.

A worst-case example, which highlights
most of the gene-prediction problems that are
commonly encountered, is illustrated in FIG. 1.
Perhaps the most obvious problem is the high
incidence of FP and false negative (FN) errors.
We define the FP rate as the probability that a
base that is predicted to be protein-coding is in
fact not known to be coding, as determined by
the cDNA alignment (see BOX 4 for a subtle
point on the different definitions of FP).
Conversely, we define the FN rate as the prob-
ability that a protein-coding base is not pre-
dicted to be coding. Previous assessments
computed what are called PER-BASE PAIR RATES

(per-bp rates), which do not require the read-
ing frames to be correct. However, in most
cases, having the correct reading frame is cru-
cial. We therefore show PER-AMINO ACID RATES

(per-aa rates) that take this into account.
The overall difference is small — insisting
that the reading frames are correct only
increases the error rates by 1% — but it is
reassuring to have actually checked this. We
plotted FPs and FNs as a function of poten-
tially relevant variables incorporating various
aspects of gene structure and sequence con-
tent, including GENE SIZE, exon size, number of
exons and GC content. We discovered that the
most important variable is the gene size.

Problems of gene size
Gene size is defined as the size of the unspliced
protein-coding transcript, without the 5′ and
3′ UTRs, but including all of the introns
between the start and stop codons. Gene size is
sometimes defined as the coding region with-
out the introns — here, we refer to this prop-
erty as CDS SIZE. The mean gene size in our data
set of RefSeq genes is 46.1 kb (52.8 kb if UTRs

are included). This is unlikely to be the correct
mean for the human genome because we only
accepted perfect BLAT alignments, and many
larger genes were rejected as a result of trivial
single-base discrepancies. Considering that
gene size varies by three orders of magnitude,
while number of exons per gene and CDS size
vary by only a factor of three (FIG. 2), it is clear
that large genes are primarily attributable to
large introns, not to more exons or larger
exons mostly introns. At the other extreme,
small genes of less than 1 kb in size are usu-
ally single-exon genes. On the basis of how
these FP and FN rates vary as a function of
gene size (FIG. 3), it is clear that large multiple-
exon genes and small single-exon genes both
present problems for GenScan and FgeneSH,
but for different reasons.

Large genes. As gene size increases, FP rate goes
up, but FN rate does not. This is to be expected,
given the nature of the gene-prediction algo-
rithms, which search for characteristics of the
coding sequence that are only correct in a sta-
tistical sense and are not expected to be valid in
every considered sequence (BOX 2). There is
always some probability of an FP (or FN) error
and this increases with the length of the
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Box 3 | Measuring performance against a continuous variable

It is common practice to summarize the performance of a gene-prediction program by one or two
measures such as SENSITIVITY and SPECIFITY. This approach is appealing in its simplicity, but it can
obscure the possibility that there are classes of genes for which the performance is especially good,
or especially bad. To detect these differences, it is necessary to consider how performance varies as
a function of some continuous variables that describe the properties of the gene set. We discovered
that the most important variable is gene size (including introns). The idea is to compute average
performance in groups of genes that are clustered on the basis of their size. Most plotting software
will divide a chosen axis into uniformly sized histogram ‘bins’. This is inappropriate if the gene-
size distribution is non-uniform, and there are far more genes in the middle than at the ends.
We wanted to see how the performance degrades at the tails of this distribution. There is no one
ideal bin size. Choose too small a bin, and the averages become too noisy at the ends, where there
are not enough genes; with too large a bin, the ends get subsumed into a single bin, which obscures
any potentially interesting trends. The solution is to put a constant number of genes into each bin,
and to use non-uniform bin sizes, adjusting the number of bins to get a targeted number of genes.
For this analysis, the target is 150 genes.

FgeneSH

RefSeq

GenScan

Ensembl

300280260240220200180160140120100806040200

G1 G2 G3

F1 F2 F3 F4

E1

1 2 3 4567 8 9 10 11

kb

Figure 1 | Actual versus predicted exons in a known gene: TEA domain family member 1 (SV40 transcriptional enhancer factor on human
chromosome 11). Correctly predicted exons are coloured blue, whereas incorrectly predicted exons are coloured red. Arrows indicate the direction of
transcription for each predicted gene. RefSeq indicates that there are 11 exons, labelled 1–11, which span a genomic region of 173 kb. FgeneSH has four
predictions that overlap with this gene, labelled F1–F4. GenScan has three predictions that overlap with this gene, labelled G1–G3. Note that F2, F3 and G2 
are false-positive exons, in the large 98 kb first intron of this gene. OVER-PREDICTION is another problem, as exemplified by G1 and G3, which did not terminate
correctly at the start and stop codons. Most of these problems are fixed in the Ensembl prediction, labelled E1, but even so, it failed to identify the first exon.
Approximately half of this genomic region is incorrectly annotated as a ‘gene desert’, because of one large intron.
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mean gene size was only 27 kb, but two years
later, it was 51–59 kb in the finished chromo-
somes 14, 20 and 21 (REF. 25).

Sequencing errors. How might sequencing
errors affect the accuracy of gene predictions?
To address this issue, we introduced random
single-base substitution and insertion/deletion
(indel) errors into the human genome
sequence, and then ran the ab initio programs
again (TABLE 1). Generally, substitution errors
do not significantly affect FP rate, but for sub-
stitution errors of more than 10–3 errors per
bp, there is a marked increase in FN. Indel
errors are less tolerated, as they affect FP at
rates of more than 10–3, and FN at rates of
more than 10–4. Nevertheless, these results indi-
cate that the present standard for a ‘finished’
sequence, set by the public consortium as
10–4, is more than adequate for gene identifi-
cation purposes.

Over-prediction of genes
Gene boundaries are often poorly defined, in
that the predicted gene does not terminate at
the start and stop codons. Most assessments
of ab initio gene prediction confuse this prob-
lem with FPs, but we believe that it should be
treated as a distinct phenomenon that we call
over-prediction (BOX 4), because, unlike FPs,
the probability of over-prediction is indepen-
dent of gene size (FIG. 7). Over-predictions
usually result from a failure to detect the first
and last exons that contain the start and stop
codons, repectively. For FgeneSH, 43% of the
5′ over-predictions and 92% of the 3′ over-
predictions result from a missing first and last
exon. Similarly, we found for GenScan that
45% of the 5′ over-predictions and 94% of the
3′ over-predictions result from a missing first
and last exon. Even when the start codon is
correctly detected, the program might simply
decide not to terminate there, as was the case
for 52% of the 5′ over-predictions in FgeneSH
and 50% in GenScan. It is likely that the
absence of a polyadenylation site renders the 5′

Small genes. Single-exon genes that are smaller
than 1 kb present a different problem, as FP
and FN rate both increase within the limits of
small genes. It might be thought that these
would be the easiest genes to predict as, with-
out the introns, this problem is similar to
finding genes in bacteria, in which accurate
programs such as GeneMark22 rely largely on
open reading frame (ORF) detection. In fact,
small genes are intrinsically difficult to detect,
partly because of the lack of splicing signals
on either side of the single exon, but mostly
because of the decreasing signal-to-noise
ratios as the size of the coding region
decreases. In vertebrates, this problem is 
further complicated by the abundance of
single-exon-processed pseudogenes, which
are commonly mistaken for real genes. As
most vertebrate genes have many more than
one exon, this problem can be considered to
be of low significance. In our data set, 4.5% of
the genes are single exon, and this is likely to
be an overestimate, because even RefSeq can be
contaminated by pseudogenes. By contrast,
for invertebrate and plant genomes, single-
exon genes make up more of the gene set and
this problem cannot be so readily dismissed.

Previous reviews of ab initio gene predic-
tion did not consider gene size to be the most
relevant variable. Simple averages over the
total gene set were reported, and only exon
size and GC content were considered23. We
looked at these variables too, but did not find
them to be as informative as gene size.
Certainly, small exons are troublesome (FIG. 3),
but in most cases, the fact that a few dozen
bases are mis-specified is insignificant, com-
pared with the more serious problem of large
genes. Moreover, many of these earlier analy-
ses used a data set with a mean gene size of
only 5–10 kb24, because when these studies
were done, large megabase-sized genomic
contigs were not available. It is interesting that
mean gene sizes have increased as the human
genome sequence has neared completion. For
the initial analyses of the draft sequence,

As large genes are such a problem for ab
initio prediction, it has to be considered
whether there is any biological significance to a
gene being so big. For example, are the large
genes concentrated in specific functional classi-
fications? We divided our data set into groups
on the basis of gene size, and classified func-
tions using Gene Ontology20. No significant
differences were observed. However, tissue
specificity, as estimated by the presence of at
least one expressed sequence tag (EST) in the
human databases, is correlated to gene size
(FIG. 6). The criterion was that at least 80% of
the EST had to match the cDNA sequence,
with no concern for how many ESTs matched
the cDNA. We wanted to find the probability
that a specific gene is expressed in that particu-
lar tissue, regardless of its expression level. For
terminally differentiated cells, such as those of
the brain, large genes are expressed at least as
often, and sometimes more so, than small
genes. By contrast, for fast-dividing cells, such
as those found in carcinomas, large genes are
expressed less often. The long transcription
times that are required for large genes, typically
7 hours per megabase21, means that there is not
enough time to complete the transcription
before the next mitosis in fast dividing cells.

Box 4 | Distinction between false positives and over-predictions

One of the more amusing problems with the gene-prediction programs is that they do not know
how to quit when they are ahead. Gene boundaries are not well defined. It is common for exons to
be predicted 3′ of the stop codon, or 5′ of the start codon. These are obviously erroneous exon
predictions, to the extent that they do not belong to the gene in question, but should they be
treated as false positives (FPs)? We do not think that it is fair to do so, because some of these exons
might represent a coding sequence in an adjacent gene. It is impossible to prove otherwise until
we have all the cDNAs, but this is unlikely to happen any time soon, if ever. Hence, we use the term
over-prediction to refer to exons that lie entirely outside the region of the genome that is defined
by the cDNA alignment, but belong to a prediction that does overlap with this region. This is
treated as a separate phenomenon, which is distinct from FP exons that have some overlap with
this region. In practice, the important difference between these two phenomena is that FPs are
sensitive to gene size, but over-predictions are not.
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Figure 2 | Correlation between gene size 
and intron size. Although gene size varies by
three orders of magnitude, the number of exons
per gene and the cDNA size (CDS size) vary by
only a factor of three. Exon size is essentially a
constant, and most of any increase in gene size
is the result of an increase in intron size.



over-prediction distances for the 5′ and 3′
ends are 22.0 kb (10.9 kb) and 20.9 kb (10.9
kb), respectively. These distances are even
larger in GenScan, at 39.7 kb (21.3 kb) and
37.1 kb (20.4 kb) for the 5′ and 3′ ends,
respectively. If another gene lies within this
over-prediction region, the ab initio program
will often merge the two genes together. It is
difficult to determine how often this has
happened when a full set of cDNAs is not
available and it is not known which genes are
adjacent to each other. What can be said is
that the over-prediction probability estab-
lishes an upper limit for the likelihood that
two adjacent genes have been merged into one
prediction. We believe that over-prediction
of a first gene might hinder the detection of a
neighbouring gene, and although the like-
lihood of this happening is difficult to estimate,
it too is bounded above by the over-prediction
probability.

Incorporation of similarity
When considering the problems of FP errors
in large genes, and over-predictions in genes
of any size, it is not surprising that many biol-
ogists are frustrated by the output of the 
ab initio programs26,27. To address these con-
cerns, Ensembl incorporates similarity infor-
mation into its pipeline to reduce the incidence
of FP errors and over-predictions. However,
this has consequences. If we only accept those
genes that are similar to genes already in the
databases, we preclude ourselves from identi-
fying new genes. This goes against the main
reason for sequencing genomes — to find
new genes. The key question is to what extent
the FP errors and over-predictions are being
exchanged for FN errors once similarity has
been incorporated (BOX 2). We simulated what
would have happened if the RefSeq gene had
been ‘unknown’, by removing anything from
the vertebrate databases that had more than
90% amino-acid identity to the RefSeq gene.

P E R S P E C T I V E S

boundary prediction more difficult. A few
over-predictions result from frame-shift
errors that render the start and stop codons
unrecognizable. Terminal exons are difficult
to detect, because they are bounded by only
one splice site, instead of two. Moreover, the
detectable protein-coding portion is often a
small fraction of some larger UTR-containing
exon. For example, in our RefSeq gene set,
detectable exons smaller than 20 bp comprised
5.7%, 5.7% and 0.3% of start-containing, stop-
containing and internal exons, respectively.

Where there is an over-prediction, the
gene finder must keep going until it finds a
start or stop codon. Often, it travels through
a distance that is comparable to the mean
gene size. In FgeneSH, the mean (median)
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Figure 4 | Size dependency for gene fragmentation problem. The number of predicted gene
fragments as a function of the size of the actual gene. Every prediction that overlaps with the actual gene
is counted.
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Note that the 90% rule is only intended to
remove sequences for the gene in question,
not those homologues that Ensembl might
have found. Indeed, the set of all genes that
are homologous to our reference-gene set
show far less similarity than 90%, with an
asymmetric distribution that peaks around
~30–40%.

This simulation can be done in a com-
pletely realistic way, because the source code
for Ensembl is freely available. The 90% rule
has simply to be inserted into their code and
applied at the point just before it searches the
vertebrate databases. With a GenScan predic-
tion, a BLAST search is carried out on this
modified database. Using the same code as
Ensembl, an entirely new gene model is built
by aligning the best hits back to the genome. It
is found that FPs are reduced to an overall rate
of 7%, but at the cost of a substantially larger
FN rate (FIG. 3). Over-prediction rates are
reduced to 2% at both 5′ and 3′ ends (data not
shown). It is likely that Ensembl also eliminates
FPs that are predicted in intergenic sequences.

When considering FN errors, it is impor-
tant to establish whether they are randomly
distributed or concentrated in specific genes.
This is a crucial distinction between GenScan
and Ensembl. To show this, for each gene the
probability of a COMPLETE MISS (CM) was com-
puted, which we define as the failure to detect
even 100 bp of the coding region. Only 5% of
the genes are completely missed in GenScan,
compared with 44% in Ensembl (FIG. 8). This
significant increase in CM rate for Ensembl is
owing to those genes that have no remaining
homologues in the databases, after the 90%
rule is applied. These are known as ‘simulated
unknown’ genes. Their exact number is a
function of our simulation parameters.
Although this number decreases as the data-
bases expand, it is unlikely to ever reach zero,
because there will always be some genes with
restricted expression patterns that are entirely
missing from the databases.

FIGURE 1 illustrates that the presence of a
large intron causes Ensembl to miss the first
exon, and creates the illusion that about half of
this region is a ‘gene desert’. Hence, we define a
false desert (FD) as the amount of a genome
region, as delineated by the cDNA alignment,
that is not covered by a gene prediction. In
GenScan, FD rate is small and independent of
gene size, but in Ensembl, FD rate is large and
increases with gene size, particularly above 100
kb (FIG. 8). This size dependency arises from
the interspersed presence of the FP exons in
the large introns of the large genes, which
makes it difficult for Ensembl to recognize
the few true exons that are correctly detected
by GenScan. An intrinsic property of this
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Figure 5 | Detection of erroneous predictions using gene size. If a gene is truly unknown, then
so is its actual gene size; however, this figure shows that a small predicted gene size is a useful
indicator of potentially erroneous predictions.

Glossary

AB INITIO GENE PREDICTION

The identification of protein-coding genes in genomic
sequence, using no prior knowledge other than the signal
and content terms.

AMYGDALA

An almond-shaped neurostructure that is involved in the
production and response to non-verbal signs of anger,
avoidance, defensiveness and fear.

ANNOTATION PIPELINES

A series of computer procedures that is used to identify
the biological contents of a sequenced genome. Gene
finding is only the first of many steps. Subsequent steps
might include the identification of homologous genes,
the assignment of biological function and so on.

CDS SIZE 

The size of the spliced transcript, excluding introns. As
gene-prediction programs do not detect untranslated
regions, we do not include them in this definition.

COMPLETE MISS 

(CM). The probability that less than 100 bp of the
protein-coding sequence of a gene is correctly predicted.

CONTENT TERMS

Patterns of codon usage, which are unique to each
species, that allow protein-coding sequences to be
distinguished from surrounding non-coding sequence.

FALSE DESERT 

(FD). A fraction of a sequence of a gene, including its
introns which is not covered by any of the gene predictions.

FALSE NEGATIVE 

(FN). The probability that a segment that is known to
code for protein is not correctly predicted to be coding,
specified as a per-base pair or per-amino acid rate.

FALSE POSITIVE

(FP). The probability that a segment that is predicted to
code for protein is not in fact known to be coding, given
as a per-base pair or per-amino acid rate. Note that we
only count those exons that have some overlap to the
region of the genome that is defined by the cDNA
alignment. Exons that lie outside this region are relegated
to the over-predictions.

GENE SIZE 

The size of the unspliced transcript, including introns. As
gene-prediction programs do not detect untranslated
regions, we do not include them in this definition.

OUTLIER GENES

Genes the sequence characteristics of which are
sufficiently outside the normal range to create problems
for ab initio gene prediction.

OVER-PREDICTION 

Predicted exons that lie entirely outside the region 
of the genome that is defined by the complementary
DNA alignment, but which are part of a prediction 
that has some overlap with this region. Note the
distinction between this and false positives.

PER-AMINO ACID RATE 

(Per-aa rate). In computing FPs and FNs, this is the
method in which we also insist that the correct amino
acids are predicted, which requires that the reading frame
is correctly assigned.

PER-BASE PAIR RATE 

(Per-bp rate). In computing FPs and FNs, this is the
method in which we only ask that the correct nucleotides
are predicted, without checking if the reading frame is
correctly assigned.

REFSEQ 

The division of GenBank that is devoted to 
full-length reference sequences for experimentally
confirmed genes.

SENSITIVITY 

A measure of prediction that is equivalent to one minus the
false-negative rate.

SERIAL ANALYSIS OF GENE EXPRESSION 

(SAGE). A quantitative expression assay that is based
on tags that are 10–20 bp in length, which are derived
from mRNAs.

SIGNAL TERMS

Short sequence motifs, such as splice sites, branch
points, polypyrimidine tracts, start codons and stop
codons, that are used to detect exon boundaries.

SPECIFICITY 

A measure of prediction that is equivalent to one minus
the false-positive rate.

TRAINING SET 

A set of known protein-coding sequences that 
is used to teach the ab initio gene-prediction 
program what the codon-usage patterns look like for 
a given species.
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exons impossible. Taken cautiously, they also
report a massive FN problem. The growing
consensus from the analysis of the large num-
ber of full-length mouse cDNAs gathered by
FANTOM32 is that the number of protein-
coding genes will be ~35,000. This is within
the predicted range from the initial annota-
tions of the human genome, but it is a long
way off the figure of 24,847 Ensembl anno-
tated genes that was taken as the official count
for the human gene sweepstakes (BOX 1).

There is a deeper problem associated
with the fact that FDs are found mostly in
the largest genes. Reports of ‘gene deserts’
date from the initial annotation of human

combined ab initio and similarity approach to
gene prediction is that even when the presence
of a gene is correctly detected, it is possible
that only a small piece of it is annotated.
Often, the missing portions are those with the
large introns. Consider the re-annotation of
human chromosome 22 (REF. 16), which bene-
fited from many new cDNAs. Some genes
were lost, some genes were gained and many
genes were ‘fixed’. In the end, the total number
of protein-coding genes was virtually
unchanged (from 545 to 546), but the sum of
the gene sizes increased from 13.0 to 18.6 Mb
— a 43% increase.

The sceptical reader might ask if this
observed increase in FD rates at gene sizes
above 100 kb was the result of size dependent
biases in the vertebrate databases, as opposed
to the difficulty of filtering out all the FP
exons. We therefore ran our Ensembl simula-
tions again, using the RefSeq genes to query
the databases, instead of the GenScan predic-
tions. The resulting rates for FP, FN and CM
were unchanged. The only significant change
was in FD rate which remained around 50%,
regardless of the gene size (data not shown).
This confirms that the observed size depen-
dency was the result of how Ensembl interacts
with GenScan, and that it is always the large
genes that suffer.

Common misconceptions
It is understandable that many biologists asso-
ciate FPs with gene predictions, as it likely that,
at some point in their career, an FP error
would have wasted their time. FN errors are
only missed opportunities. Moreover, the com-
bined ab initio and similarity method of gene
prediction is a recent approach. The idea that
FNs are now a big problem, rather than FPs,
has not yet been widely acknowledged; neither
has the fact that a correctly detected gene
might be only partially annotated. However,
the genome annotators have made no efforts
to hide this. For example, in human chromo-
some 20 (REF. 28), the gene predictions were
divided into known, new and putative genes,
on the basis of the extent of the experimental
confirmation. The mean gene sizes for the
three categories were reported to be 51.3, 25.1
and 9.1 kb, respectively. Predicted genes that
lacked confirmation from a full-length cDNA
had gene sizes that were, at best, roughly half of
what they should have been. This is consistent
with the FN, CM and FD rates in our Ensembl
simulations, and justifies, in retrospect, our
seemingly arbitrary 90% rule.

Recent experiments have indicated that
there is a substantial FN problem in the human
genome annotations. However, the interpre-
tations focused on the initial gene count

estimates of 30,000–40,000 (REFS 3,29). There
was no differentiation between missing genes
and missing exons from genes that were at
least partially detected. In one example,
SERIAL ANALYSIS OF GENE EXPRESSION (SAGE) experi-
ments30 found many new exons that were not
in the annotations, but their criterion for
declaring that an exon belongs to a new gene
was that it be found more than 5 kb away from
an annotation.As the mean intron size is 5 kb,
and as annotations tend to fragment near big
introns, this criterion is clearly inadequate.
Microarray experiments31 are more difficult to
evaluate because of their low signal-to-noise
ratios, which make the detection of individual
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Figure 6 | Size dependency in tissue-specific expression. The absolute (ABS) probability is the
likelihood that at least one matching expressed-sequence tag (EST) is found in a tissue, averaged over
that subset of genes. Given a range of gene sizes, we define the relative (REL) probability as the likelihood
that at least one matching EST is found in a tissue, averaged over that subset of genes and divided by the
absolute probability. Each data point incorporates as many genes as necessary to get ~75 genes with a
matching EST. Tissues depicted are colon, AMYGDALA, retina and retinoblastoma.

Table 1 | FgeneSH predictions with simulated sequencing errors

Sequencing errors per bp Substitution Insertion/deletion

FP FN FP FN

10–2 0.32 0.29 0.58 0.66

10–3 0.30 0.14 0.33 0.23

10–4 0.30 0.12 0.30 0.14

0 0.30 0.12 0.30 0.12

False positive (FP) and false negative (FN) rates are computed for a broad range of single-base substitution
and insertion/deletion errors. Overall FP and FN rates are calculated across the entire set of genes, as
opposed to calculating a mean of the per-gene rates.
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threshold varies depending on the program
— it is 1 kb for GenScan, but closer to 10 kb
for FgeneSH. If all that is needed is a few hun-
dred bases of reliable coding sequence, for
example, to be used as a probe in an expression
array, it would be recommended to choose
from the middle of the predicted gene.
Finally, when searching for the rest of a
gene, where a small piece is already known,
remember that the mean gene size is at least
50 kb and that megabase-sized genes are not
unheard of. The search should not be aban-
doned after only a few kilobases.

As more genomes are sequenced, a newer
ab initio gene-prediction method, based on a
combination of cross-species comparisons and
the original codon-usage ideas34, will become
more popular. FP rates are reduced, without
having to resort to comparisons against known
genes or proteins. It is a genuine improvement,
but it is not a panacea. Fundamentally, the
process is just as statistical in nature as
GenScan and FgeneSH (BOX 2). By combining
sequence conservation with codon usage, sta-
tistical power is increased, but this does not
eliminate the problem of FP errors in large
genes. It is certainly possible that the problem
will be shifted to larger genes, but will it be
enough to make these programs reliable? The
preliminary results indicate that it will not.

Some of these cross-species ab initio gene-
prediction algorithms have been tested on the
human and mouse genomes. It is difficult to
do a direct comparison with the results pre-
sented here, because of the different definitions
of performance that are used by different
authors. For example, TwinScan35 reported an
improvement in nucleotide specificity, from
29.57% for GenScan to 44.14% for TwinScan.
Superficially, specificity is equivalent to one
minus the FP rate, but on closer inspection, it
is found that the TwinScan analysis did not
separate falsely predicted exons in the gene

large genes would be enough to account for
most of the gene deserts (see BOX 5 for a dis-
cussion on how this misconception has led to
talk of mysterious ‘dark genes’).

Epilogue
Given the imperfect nature of the gene-
prediction process, what should a potential
user do? It depends on which errors will be
most detrimental: FPs or FNs. If FPs are
troublesome for a particular application,
Ensembl annotations should be used, as their
overall FP rates are a mere 7%. It should be
remembered, however, that some genes might
be missing and that, even when a gene is pre-
dicted, it is possible that only a small portion
of it is described by the annotations, particu-
larly if it is a large gene. Conversely, if FNs are
more troublesome, the raw ab initio predic-
tions can be used, which are available from
the Santa Cruz site12; only 5% are completely
missed at the gene level. It is useful to remem-
ber that the predictions are fragmentary, with
many FPs, especially in the large genes.
Extreme caution should be exercised when
the predicted gene size is unusually small. The

chromosome 21 (REF. 33), through the initial
annotation of the draft genome and up to the
present day. However, the possibility must be
considered that some of these ‘deserts’ are
either CM genes with no clear homologues in
the vertebrate databases, or partially anno-
tated large genes that are missing large frag-
ments as a result of the FD problem. If this
was extrapolated to its logical limit, the need
for large amounts of intergenic sequence
becomes questionable, as a small number of
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predicted at the 5′ or 3′ end (predicted gene boundary extends beyond the actual gene) is shown as a
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Box 5 | Intergenic sequence and the problem of ‘dark genes’

Although the concept of an intergenic sequence is certainly valid, an important point that is
commonly forgotten is that it is not easy to prove that a particular sequence is intergenic. Just
because the present programs cannot find a gene in a sequence does not prove that there is no gene
there. Nevertheless, the fact that an estimated one-third to two-thirds of the human genome has no
detectable genes has led to talk of mysterious ‘dark genes’ that might one day be found there, as an
analogy to the dark matter that astrophysicists famously refer to.We believe that resorting to such
terminology is premature when there is an obvious potential solution. Many genes are completely
missed, and even when the presence of a gene is correctly detected, a large proportion of its content
might not be annotated (especially if a gene is >100 kb). This warps our estimates of the amount of
intergenic sequence. After all, a single mispredicted 500 kb gene is equal to a hundred mispredicted
5 kb genes. We have previously estimated39 that genes that are larger than 100 kb constitute 16.5%
of all protein-coding genes, on the basis of the total number of genes, but 70.4% of the gene set, on
the basis of the sum of their gene sizes. The implication is that the underlying justification for ‘dark
genes’ can be eliminated partly by adding back genes that were completely missed, and partly by
adding back the large introns in those large genes that were only partially annotated.
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region from over-predicted exons outside the
gene region (BOX 4). But this is not the main
point: the point is that their predictions are
still far from perfect. SGP2 (REF. 36) reports
were similar. Experimental verification of the
predicted genes from these two programs
found 1,019 new mammalian genes37.
However, without meaning to trivialize this
result, 1,019 new genes is a ‘drop in the ocean’
in relation to 30,000 or 40,000 genes.

Some would argue that the cell itself is not
looking at patterns of codon usage or at
cross-species conservation when it tran-
scribes and splices a gene. It must be using a
set of deterministic rules that could be fol-
lowed for gene prediction. The problem is
that no one knows what these rules are, par-
ticularly for the large genes. It is astonishing
that genes that are more than one megabase
in size can be processed at all. So, until the
molecular mechanisms of transcription and
splicing are better understood, statistical
approaches to gene prediction will continue
to dominate, and biologists must learn to
appreciate their limitations.
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