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Abstract

Background: The draft genome assemblies produced by new sequencing technologies present important
challenges for automatic gene prediction pipelines, leading to less accurate gene models. New benchmark
methods are needed to evaluate the accuracy of gene prediction methods in the face of incomplete genome
assemblies, low genome coverage and quality, complex gene structures, or a lack of suitable sequences for
evidence-based annotations.

Results: We describe the construction of a new benchmark, called G3PO (benchmark for Gene and Protein
Prediction PrOgrams), designed to represent many of the typical challenges faced by current genome annotation
projects. The benchmark is based on a carefully validated and curated set of real eukaryotic genes from 147
phylogenetically disperse organisms, and a number of test sets are defined to evaluate the effects of different
features, including genome sequence quality, gene structure complexity, protein length, etc. We used the
benchmark to perform an independent comparative analysis of the most widely used ab initio gene prediction
programs and identified the main strengths and weaknesses of the programs. More importantly, we highlight a
number of features that could be exploited in order to improve the accuracy of current prediction tools.

Conclusions: The experiments showed that ab initio gene structure prediction is a very challenging task, which
should be further investigated. We believe that the baseline results associated with the complex gene test sets in
G3PO provide useful guidelines for future studies.
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Background
The plunging costs of DNA sequencing [1] have made
de novo genome sequencing widely accessible for an in-
creasingly broad range of study systems with important
applications in agriculture, ecology, and biotechnologies
amongst others [2]. The major bottleneck is now the
high-throughput analysis and exploitation of the result-
ing sequence data [3]. The first essential step in the ana-
lysis process is to identify the functional elements, and

in particular the protein-coding genes. However, identi-
fying genes in a newly assembled genome is challenging,
especially in eukaryotes where the aim is to establish ac-
curate gene models with precise exon-intron structures
of all genes [3–5].
Experimental data from high-throughput expression pro-

filing experiments, such as RNA-seq or direct RNA se-
quencing technologies, have been applied to complement
the genome sequencing and provide direct evidence of
expressed genes [6, 7]. In addition, information from
closely related genomes can be exploited, in order to trans-
fer known gene models to the target genome. Numerous
automated gene prediction methods have been developed
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A little history on ab initio gene predictors...

1986 - Mark Borodovsky observes that in E. coli, the state of a nucleotide in the 
genome depends on the previous nucleotide, and that the nature of this dependency is 
different for coding and non-coding regions.  
 
He suggests that you can in principle recognise coding and non-coding regions in a 
DNA sequence using different kinds of Markov chain models 

all DNA

non-coding

coding

baseline = 
di-nt frequencies 

if nt1 and nt2 do not  
depend on each other



frame 1

codon position 1 & 2

frame 2 
codon position 2 & 3

frame 3 
codon position 3 & 

next codon position 1

baseline = 
di-nt frequencies specific 

for a given frame 
if nt1 and nt2 do not  
depend on each other

The nature of this dependency is also different within coding regions.
Different codon positions display different dependencies.

Each codon position can thus be modelled with a distinct Markov chain 
 

dependency for frame 3 
 is weak but statistically 

significant



1993 - Mark Borodovsky & James McIninch explain 
the idea to mere mortals 
 

• The state of a nucleotide at genome position i 
depends on the nucleotides that precede it  
(i-1, i-2, i-3 etc) 

• Protein-coding regions can be modelled by 3-
periodic non-homogeneous Markov chains

• Non-coding regions can be modelled by 
homogeneous Markov chains

• You can estimate the values of the parameters of 
the Markov chains by training it on known coding 
and non-coding regions 

• The trained "machine" can then applied to a new 
DNA sequence:  
What is the probability that this stretch of DNA was 
generated by this Markov model describing a protein-
coding region? 

• Every different species needs a differently trained 
"machine"
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A trained "machine" is applied to a stretch of E. coli 
DNA, and identifies 3 genes



So why do we have these nucleotide dependencies in the genome? Why do they 
work so well to differentiate protein-coding regions from non-coding regions?  
What is the biological origin of these signals? 
 
Most of the papers describing the gene predictors do not really discuss why Markov 
models work, just that they do 

 
Borodovsky et al 1987 
"... the physical meaning of the correlation parameters of neighbouring nucleotides is not yet 
completely clear."
 
Stanke & Waack, 2003 (AUGUSTUS paper) 
"In theory, a perfect program should consider the biological signals for prediction instead of 
statistical features of the coding and non-coding sequences because - probably- most of the 
sequence has no function for the transcription and translation process" 
 
 

The statistical dependencies are perhaps a natural consequence combining the nature 
of the genetic code, natural selection and codon usage?



1993 - The algorithm is improved: 

• It can now process both strand simultaneously  

• It no longer detects false genes on the complementary strand of the real gene.  

• It is found that accuracy is highest when using a 5th order Markov chain, i.e. the state of 
nucleotide i depends on the 5-mer preceding i 

• The algorithm gets a name: GENMARK

132 MARK E$ORODOVSKY and JAMES MCININCH 

Table 3. Distribution of protein-coding probability function in the set of non-coding fragments 
Cumulative histogram value 

Order 0.0-0.3 0.3-0.4 0.4-0.5 OS-O.6 0.6-0.7 0.7-I .o 

I 0.720 0.033 0.026 0.028 0.021 0.172 
2 0.757 0.012 0.013 0.009 0.014 0.196 
3 0.764 0.01 I 0.007 0.013 0.010 0.196 
4 0.766 0.010 0.007 0.012 0.007 0.198 
5 0.772 0.007 0.015 0.009 0.007 0.190 

list the relative frequencies of a falling of calculated 
probability value into six subintervals which cover 
the interval (0,l). 

Table 2 shows the histogram data sets obtained by 
the fifth-order version of the recognition algorithm 
for 3894 true coding fragments of 96 bp length. It is 
seen that if the threshold of decision making is set at 
a 0.5 level then the rate of false negative predictions 
(coding identified as a non-coding) is 25.6% for 
the algorithm using first-order Markov chains and 
this rate decreases to 14.2% for the case when the 
fourth-order Markov chain model is used. Another 
important parameter: the false positive rate for non- 
coding fragments (non-coding identified as coding) 
does not change significantly: from 22.1% for the 
first-order to 21.7% for the fourth-order method. 
This conclusion comes from Table 3 which shows 
protein-coding probability values calculated by five 
algorithm versions for 1370 non-coding fragments of 
96 bp length. 

DISCUSSION 

The results presented above have shown a reason- 
able accuracy of the Bayesian algorithm based on 
Markov chain models. This algorithm is able to 
reveal the coding DNA strand and true reading frame 
where a gene is located and generate a distinctive 
identifying signal. 

The elimination of the false signals is a significant 
feature of the algorithm. It makes it easier to choose 
the best decision when the competitive ORFs appear 
in complementary DNA strands (prokaryotic case). 
It should help even more in the case of eukaryotic 
sequence analysis when supportive information such 
as ORF location is less useful. That is why any signal 
(true or false) that appears in the course of the 
analysis requires the application of additional re- 
sources in order to clarify its real nature. 

The current version of the algorithm is very 
sensitive to the pattern of nucleotide correlations. 
To achieve good results the sequence to be analyzed 
should be taken from the same statistical population 
as the trainirig set is. So, one cannot expect that the 
algorithm trained on the E. coli sequence set will be 
successfully applied to the sequence taken from the 
genome of the other species. For instance, even for 
the case of bacteriophage lambda the algorithm 
trained on E. co0 works properly only for the first 
21,000 bp. It does not produce any satisfactory 
results in the late genes regions which, as it is well 

known, has a significantly different pattern of 
nucleotide correlations. 

One important remark should be made on the 
comparison of the accuracy figures that were 
determined for one-strand-only version of the 
method (mentioned in the Introduction) and both- 
strands-together version (Tables 2 and 3). These 
figures seem to be close enough. The reason is that 
the accuracy of the one-strand-only method was 
evaluated on the restricted control sets of coding and 
non-coding regions. The shadows of coding regions 
were not taken into account, which was quite favor- 
able for the one-strand-only method. The current 
both-strands-together method is “symmetrical” with 
respect to the control set of coding regions and the 
control set of the shadows of the coding regions-so 
we can use only one of them (set of coding regions). 
Consequently, the final level of predictive accuracy 
of the both-strands-together method obtained 
should be considered as a realistic accuracy par- 
ameter. This accuracy level should be expected in the 
real-life situation when one cannot eliminate the 
potential opportunity of finding the shadow of the 
coding region in the new DNA sequence which is 
analyzed. 

Program availability--The above described method can be 
used for the analysis of newly sequenced E. colt’ DNA 
through the Georgia Tech E-mail server. The sequence can 
be sent to the program GENMARK which is available at 
the E-mail address genmark @ ford. gatech.edu. The output 
of the program which is sent back by E-mail includes the list 
of ORFs that have been recognized as real coding regions. 
The optional PostScript output file gives an opportunity 
to obtain the full six frame picture by printing out this 
file on a PostScript compatible printer. A version of 
GENMARK for human DNA sequences is being developed 
at the present time. 
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Oh the 90s ...



1998 - The GeneMark algorithm is now encapsulated into a General Hidden 
Markov Model framework (GHMM). This allows for higher accuracy in predicting 
exact gene starts and ends. Dubbed GeneMark.hmm
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Figure 1. Hidden Markov model of a prokaryotic nucleotide sequence used in the
GeneMark.hmm algorithm. The hidden states of the model are represented as ovals
in the figure, and arrows correspond to allowed transitions between the states.

The HMM framework of GeneMark.hmm, the logic of
transitions between hidden Markov states, followed the logic of
the genetic structure of the bacterial genome (Fig. 1). The Markov
models of coding and non-coding regions were incorporated into
the HMM framework to generate stretches of DNA sequence
with coding or non-coding statistical patterns. This type of HMM
architecture is known as ‘HMM with duration’ (13). The
sequence of hidden states associated with a given DNA sequence
S, carries information on positions where coding function is
switching into non-coding and vice versa. Thus, the previously
introduced functional sequence A becomes equivalent to the
sequence of hidden states, called the HMM trajectory. Since the
nucleotide sequence S is given, every possible sequence A could
be assessed by the value of P(AS), the conditional probability of
A given S. This evaluation made use of the whole set of statistical
models (see Materials and Methods). The core GeneMark.hmm
procedure is the Viterbi algorithm (13) that finds the sequence A*.
However, this core procedure did not take into account the
possibility of gene overlaps since the observed overlaps, though
frequent, were not extensive enough to provide sufficient data for
deriving statistical models of overlapping genes in several
possible orientations. To further improve the prediction of the
translation start position the model of the ribosome binding site
(RBS) was derived. This model was used to refine translation
initiation codon prediction at the post-processing step. 

The GeneMark.hmm program was evaluated on several test
sets including sequences of the 10 complete bacterial genomes
mentioned above. The GeneMark.hmm predictions were compared
with GeneBank annotations. It was shown that the frequency of
exact gene predictions is much higher than that of GeneMark (the
version which also used the RBS model). We understand that the
evaluation of the algorithm performance by comparison with the
database annotation may not be enough conclusive evidence,
since only in a few cases is the precise position of the translation
initiation codon known from an experiment. However, the
database annotation of the initiation codon represents the expert
decision summarizing much indirect evidence and is thought to
be close to the real one. The GeneMark program, actually, was

able to correctly identify ORFs where 98% of all genes predicted
by GeneMark.hmm resided. Also there were genes missed by
GeneMark.hmm, mainly due to overlaps, that were recovered by
GeneMark. However, the GeneMark.hmm program made several
new predictions and some of them were confirmed by similarity
search. It seems that the GeneMark.hmm development brought us
closer to the goal of accurate prediction of bacterial genes and
further arguments in favor of this statement are presented below.

MATERIALS AND METHODS

Materials

We have used DNA sequences of the complete genomes of
H.influenzae (GenBank accession no. L42023), M.genitalium
(L43967), M.jannaschii (L77117), M.pneumoniae (U00089),
Synechocystis PCC6803 (synecho), E.coli (U00096), H.pylori
(AE000511), M.thermoauthotrophicum (AE000666), B.subtilis
(AL009126), Archeoglobus fulgidus (AE000782). The data on
annotated E.coli RBS were provided by W. Hayes (22). The data
on experimentally verified N-terminal protein sequences were
kindly provided by A. Link (23). The Markov models parameters
were obtained from the GeneMark library (http://exon.biology.
gatech.edu/ ∼genmark/matrices/ ).

Model of prokaryotic sequence structure

The architecture of the hidden Markov model used in the
GeneMark.hmm algorithm is shown in Figure 1. To deal
simultaneously with direct and reverse DNA strands, as was done
in the initial GeneMark algorithm (11), nine hidden states were
defined. These states correspond to the functional units of
bacterial genomes, namely: (i) a Typical gene in the direct strand,
(ii) a Typical gene in the reverse strand, (iii) an Atypical gene in
the direct strand, (iv) an Atypical gene in the reverse strand, (v) a
non-coding (intergenic) region, (vi/vii) start/stop codons in the
direct strand, and (viii/ix) start/stop codons in the reverse strand.
It should be mentioned that this HMM does not account for gene
overlap (see below). The models of Typical and Atypical genes
were derived from the sets of protein-coding DNA sequence
obtained by clusterization of the whole set of genes from the
genome of a given species (22). The names ‘Typical’ and
‘Atypical’ were used for the following reason. For the E.coli
genome it was shown that the majority of the E.coli genes mainly
belong to the cluster of Typical genes, while many genes that are
believed to have been horizontally transferred into the E.coli genome
fall into the cluster of Atypical genes. Note, that the comprehensive
accounts on the E.coli genes evolutionary classification have been
presented earlier (24,25).

An important feature of the proposed HMM architecture is that
any coding as well as non-coding hidden state is allowed to
generate a nucleotide sequence, observed sequence, of the length
of hidden state duration (13). Such an explicit state duration
HMM was used previously in algorithms Genie and GENSCAN
(18,20). The crucial point, however, is that an observed DNA
sequence S = {b1, b2, ..., bL} is thought to be generated by an
HMM such as depicted in Figure 1, in parallel with the HMM
transitions from one hidden state to another. The hidden state
trajectory A, one of a variety of allowed paths, can be concisely
represented as a sequence of M hidden states ai having duration
di: A = {(a1d1)(a2d2) ... (aMdM)}, Σdi = L. For a given sequence
of observed states (nucleotides) S = {b1, b2, ..., bL} the optimal
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2001 - GeneMarkS is released, which improves accuracy of gene starts, and 
introduces self-training. Training the model with known genes is no longer necessary.  
It uses an iterative algorithm that stops once there are no more significant changes 
compared to the previous iteration



2005 - GeneMark-ES is released which expands the GHMM "machine" to work with 
eukaryotic genomes, and incorporates it into the self-training algorithm

C.intestinalis, C.reinhardtii and T.gondii the above stated
rules of admission to a test set did not produce many records
with multiple genes. Therefore, these test sets contained
mostly one validated gene per sequence. The sizes (in
terms of number of genes) of the test sets are as follows:
A.gambiae—144, A.thaliana—1026, C.elegans—183,
C.intestinalis—314, C.reinhardtii—43, D.melanogaster—
361 and T.gondii—65.

GeneMark.hmm E-3.0 for eukaryotic genomes,
supervised model parameterization

The initial GeneMark.hmm algorithm was developed for gene
finding in prokaryotic genomes (31) and later was extended for
use of eukaryotic gene models GeneMark.hmm E-1.0
(A. Lukashin and M. Borodovsky, unpublished data). The
next program version GeneMark.hmm E-2.0 (G. Tarasenko
and M. Borodovsky, unpublished data) has been used for
annotation of several plant genomes including A.thaliana
(30,32) and Oryza sativa (33). Here we describe the latest
program version, GeneMark.hmm E-3.0.

The statistical model of genomic sequence organization
employed in the GeneMark.hmm algorithm is a HMM with
duration (34) or a hidden semi-Markov model (HSMM). The
HSMM architecture consists of hidden states for initial,
internal and terminal exons, introns, intergenic regions and
single exon genes (Figure 1). It also includes hidden states
for start site (initiation site), stop site (termination site), and
donor and acceptor splice sites. In what follows, we refer to
such hidden states as site states.

The site states emit nucleotide sequences of fixed length
modeled by positional (inhomogeneous) Markov chains
(35,36). The length and parameters of these models are site
type-dependent and determined from the sets of sequences of
verified sites of a given type. Note that the models for
sequences emitted by splice site states are also intron
phase-dependent.

The protein-coding states (initial, internal, terminal exons
and single exon gene) emit nucleotide sequences modeled by
the three-periodic inhomogeneous Markov chains (1,37,38).

Parameters of these models are chosen to be tied and are
estimated from the sets of annotated protein-coding sequences
(Datasets section). Orders of the Markov chains, up to the 5th
order, are chosen depending on the total length of the training
sequence.

The non-coding states (intron and intergenic region) emit
sequences modeled by homogeneous Markov chains
(1,37,38). Importantly, the parameters of the intron and inter-
genic region models may not be the same. Parameters of the
intron models are estimated from the set of annotated intron
sequences. Since a set of reliably annotated intergenic regions
is not readily available, parameters of the models of intergenic
regions are estimated from the set of direct and reverse com-
plement of intron sequences.

Hidden state duration distributions are derived as approx-
imations of observed in the training set length distributions
of the sequences associated with a particular hidden state.
For exon sequences this approximation is derived in two
steps: (i) averaging the length frequencies over a period of
three to eliminate the three-periodic component (this step is
not needed for the of intron state duration approximation); and
(ii) applying a smoothing algorithm, such as the nearest neigh-
bor method (39) to get the final approximation. For adequate
derivation of the distribution of duration of the sequence emit-
ted by the state corresponding to the single exon gene we have
to overcome a difficulty caused by the small sample effects,
such as overfitting, as the set of single exon genes is commonly
a rather small fraction of the supervised training set. It turned
out that a reasonable approximation to the single exon gene
length distribution is provided by the length distribution of
annotated CDSs of all genes in the training set. Finally, in the
absence of the reliable set of intergenic regions the uniform
probability distribution is used for the duration of intergenic
state.

Duration distributions are characterized by minimum and
maximum values. The maximum duration of a sequence emit-
ted from an exon state is set to the maximum ORF length
observed in the given genome, while the minimum duration
is 3 nt. The minimum and maximum durations of intron and
intergenic sequences are set to 20 and 10 000 nt, respectively.

Initiation and termination of the trajectory of the hidden
states of HSMM is allowed in either intron or intergenic
state. Distribution of the length (duration) of the sequence
emitted by the initial and terminal states differs from the
duration distribution defined for the regular (internal) state.
This distribution is determined as a convolution of a regular
distribution of the state-specific duration with the uniform
distribution. Note that the initialization and termination hidden
states are not shown in the HSMM diagram (Figure 1).

Outline of the unsupervised gene finding
algorithm GeneMark.hmm ES-3.0

The algorithm of parallel unsupervised (automatic) training
and gene prediction (Figure 2) consists of the following steps:
(i) all parameters of the HSMM model with reduced architec-
ture are initialized (as described below); (ii) GeneMark.hmm
E-3.0 is run to determine a genomic sequence parse into ‘cod-
ing’ and ‘non-coding’ regions and the input genomic sequence
is labeled with respect to this parse; and (iii) the subsets of the
uniformly labeled fragments (selected as described below in

intergenic region

introns

start
site

stop
site

initial exon

single exon gene

donor
sites

acceptor
sites

internal exons

terminal exon

Figure 1. Diagram of hidden states of the HSMM employed in the eukaryotic
GeneMark.hmm (E-3.0); only states emitting sequence of the direct DNA
strand are shown, while the states generating sequence of the complementary
strand (the mirror symmetrical part of the diagram with reversed arrows and
horizontal symmetry line crossing ‘intergenic region’ state) are omitted.
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AUGUSTUS 2003

     content sensors 
• Three periodic 4th order Interpolated Markov Model  

(exons) 

• 4th order Markov models  
(intergenic regions, introns) 
 
signal sensors


• Similarity-based sequence weighting  
(donor splice sites) 

• Simple positional base frequencies 
(acceptor splice sites) 

• Windowed 3rd order Weight Array Method model 
(translation initiation motifs, intron branch points)

Assumes all introns are 
GT-AG type 

Assumes all introns 
have branch points 
 
No self-training! 
Offers 109 species 
specific models

GENSCAN 1997

    content sensors 
• Three periodic (inhomogeneous) 5th order Markov model  

(exons) 

• Homogeneous 5th order Markov model 
(intergenic regions, UTRs, introns) 

    signal sensors 
• Weight Matrix Method  

(polyA signals, translation initiations, TATA-box promoters, donor 
splice sites) 

• 1st order Weight Array Method model 
(acceptor splice sites) 

• Windowed 2nd order Weight Array Method model 
(intron branch points) 

Initially developed 
specially for the human 
genome 
 
No self training! 
Offers 3 pre-trained 
models



GENEID 2000 • 5th order Markov model

GLIMMERHMM 2004

content sensors 
• Three periodic (inhomogeneous) 0-8th order Interpolated Markov 

Model (exons) 

• homogeneous 0-8th order Interpolated Markov Model? 
(introns, intergenic regions) 
 
 

signal sensors

• Maximum Dependence Composition & 

1st order Markov chain  
(donor splice sites, acceptor splice sites) 

or

• 2nd order Weight Array Matrices 

(donor splice sites, acceptor splice sites) 
 

SNAP



The GHMM of AUGUSTUS

Gene prediction with a hidden Markov model and a new intron submodel
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those without r but on the reverse strand. Esingle: a single exon gene. Einit: The first coding exon of a multi exon gene (in this paper when
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ENCODE Genome Annotation Assessment Project 
(EGASP)

2006 - How accurate are the ab initio gene predictors actually? 
 

• Benchmark: A highly curated but hidden set of genes in 44 separate regions  
(500 kbp - 2 Mpb each) of the human genome 

• Gene annotations for 13 out of 44 regions were released to public - training set 

• Gene annotations for 31 out of 44 regions remained hidden - test set 

• 3 groups (GENEMARK,  AUGUSTUS, GENEZILLA) submitted ab initio predictions.  

• They were then evaluated at the 
        nucleotide level -     % of true coding nucleotides that were predicted 
        exon level -            % of true exons that were predicted exactly 
        transcript level -      % of true transcripts that were predicted exactly 
        gene level -             % of true genes that had at least 1 transcript predicted exactly
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allowing lower sequence accuracy (Marshall, 1995). It appears inter-
esting, thus, to evaluate the performance of the programs on se-
quences with frameshift errors. This may provide a more realistic
estimation of the accuracy of the programs when analyzing real data
and of their real value when used in such large-scale sequencing
projects.

We thus introduced random frameshift mutations in the sequences
of our test set. Mutations were produced with a frequency of 1%,
with insertions and deletions being equiprobable and with insertions
leading to the insertion of any of the four nucleotides with equal
probability. It may be argued that a rate of sequence errors of 1% is
too high to be realistic (for instance, the overall accuracy planned
for the aforementioned full-length sequencing projects is about one
order of magnitude greater, 99.9%). However, the 1% error rate ap-
pears to be a reasonable estimation for single-pass sequencing, and
thus it can be taken as the upper boundary error rate that will be
tolerated for the sequences with which the gene structure prediction
programs are to be confronted. In addition, by testing the programs
under such extreme conditions, we were in a better position to assess
the programs’ differential behavior to sequencing errors.

All the data sets mentioned here can be accessed through the
World Wide Web (WWW) at the URL ‘‘http://www.imim.es/GeneIden
tification/Evaluation/Index.html.’’

2.2. Measures of Prediction Accuracy

We measured only the accuracy of the predictions, and no other
components of the performance such as execution time or memory
requirements of the programs were analyzed. We measured the accu-
racy of the predictions at three different levels: coding nucleotide
sequence, exonic structure, and protein product.

2.2.1. Coding nucleotide. At this level, we measured the accuracy
of a prediction on a test sequence by comparing the predicted coding
value (coding or noncoding) with the true coding value for each nucle-
otide along the test sequence. This has been one of the most widely
used approaches in evaluating the accuracy of coding region identifi-
cation and gene structure prediction methods. We can assume that
both prediction and reality are binary variables whose values (coding
or noncoding) have been observed along the nucleotides in the se-
quence. Most of the measures that have been used to evaluate the
accuracy of the predictions can then be introduced as measures of
association between these binary variables.As is customary in repre- FIG. 1. Measures of prediction accuracy at the nucleotide and
senting the joint distribution of two binary variables, we can use a exon levels.
2 1 2 contingency table to represent the relationship between the
actual and the predicted coding nucleotides on a test sequence (Fig.
1). In the left upper cell of the table we place the number of coding (both in reality and in the predictions), TN tends to be much larger
nucleotides that have been correctly predicted as coding (the true than FP, and thus Sp, as computed above, systematically produces
positives, TP), while in the right lower cell we place the number very large noninformative values. Thus, in the gene structure predic-
of noncoding nucleotides correctly predicted as noncoding (the true tion literature, specificity has traditionally been computed instead
negatives, TN). The other two cells register the number of nucleotides as
in which prediction and reality disagree, that is, the number of coding
nucleotides predicted as noncoding (the false negatives, FN) and the
number of noncoding nucleotides predicted as coding (the false posi- Sp Å TP

TP / FP
; [2]

tives, FP). The 2 1 2 table contains the most information for measur-
ing the association between prediction and reality (the accuracy of
the prediction), and several measures have been proposed to capture that is, in the context of gene structure prediction programs, Sp is
such information in a single scalar metric (see Sneath and Sokal, the proportion of predicted coding nucleotides that are actually cod-
1973, and Anderberg, 1973, for a general discussion on measures of ing. This is the measure termed Sen2 in Guigó et al. (1992), and
association between binary variables). Sensitivity and Specificity are explicitly Specificity in Snyder and Stormo (1993) and Dong and
probably the two most widely used measures among those that can Searls (1994), and it is the measure of specificity that we used here.
be derived from a 2 1 2 table. Usually, sensitivity (Sn) and specificity Note that both sensitivity and specificity are conditional probabili-
(Sp) are defined as ties. Sn is the probability of a nucleotide being predicted as coding

given that it is actually coding, and Sp is the probability of a nucleo-
tide being actually coding given that it has been predicted as coding.

Sn Å TP
TP / FN

Sp Å TN
TN / FP

; [1] Indeed, if x denotes the actual state of a given nucleotide (c for coding
and n for noncoding), and F(x) is the predicted state for such a nucleo-
tide, then Sn Å P(F(x) Å cÉx Å c) and Sp Å P(x Å cÉF(x) Å c). Note
that we can have very high sensitivity Sn with very low specificitythat is, Sn is the proportion of coding nucleotides that have been

correctly predicted as coding, and Sp is the proportion of noncoding Sp—predicting, for instance, every nucleotide as coding—and, con-
versely, high specificity with low sensitivity—predicting, for in-nucleotides that have been correctly predicted as noncoding. How-

ever, since the frequency of noncoding nucleotides in genomic DNA stance, only a few nucleotides as coding. Thus, neither Sp nor Sn
alone constitute good measures of global accuracy, and it appearssequences is much greater than the frequency of coding nucleotides
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BURSET AND GUIGÓ356
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correctly predicted as coding, and Sp is the proportion of noncoding Sp—predicting, for instance, every nucleotide as coding—and, con-
versely, high specificity with low sensitivity—predicting, for in-nucleotides that have been correctly predicted as noncoding. How-
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Sensitivity: What fraction of all nucleotides that are truly coding are predicted to be coding? 
Specificity:  What fraction of all nucleotides predicted to be coding are actually truly coding?

Sensitivity: What fraction of all true exons are predicted exactly? 
Specificity: What fraction of all predicted exons match true exons exactly? 

Missing exons: What fraction of all true exons is entirely missed? (i.e. not even overlapping with a predicted exon)
Wrong exons: What fraction of all predicted exons is entirely wrong? (i.e. not even overlapping with a true exon)

Burset & Guigo, 1996
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Table 5

CDS assessment at the transcript and gene levels

Transcript Gene

TSn TSp GSn GSp Ratio CDS/UTR

Category 1

AUGUSTUS-any 22.65% 35.59% 47.97% 35.59% 100.00%

FGENESH++ 36.21% 41.61% 69.93% 42.09% 78.25%

JIGSAW 34.05% 65.95% 72.64% 65.95% 100.00%

PAIRAGON-any 39.29% 60.34% 69.59% 61.32% 62.92%

Category 2

AUGUSTUS-abinit 11.09% 17.22% 24.32% 17.22% 100.00%

GENEMARK.hmm-A 6.93% 3.24% 15.20% 3.24% 100.00%

GENEMARK.hmm-B 7.70% 7.91% 16.89% 7.91% 100.00%

GENEZILLA 9.09% 8.84% 19.59% 8.84% 100.00%

Category 3

ACEVIEW 44.68% 19.31% 63.51% 48.65% 49.15%

AUGUSTUS-EST 22.50% 37.01% 47.64% 37.01% 100.00%

ENSEMBL 39.75% 54.64% 71.62% 67.32% 65.77%

EXOGEAN 42.53% 52.44% 63.18% 80.82% 59.60%

EXONHUNTER 10.48% 6.33% 21.96% 6.33% 100.00%

PAIRAGON+NSCAN_EST 39.29% 60.64% 69.59% 61.71% 62.89%

Category 4

AUGUSTUS-dual 12.33% 18.64% 26.01% 18.64% 100.00%

DOGFISH 5.08% 14.61% 10.81% 14.61% 100.00%

MARS 15.87% 15.11% 33.45% 24.94% 100.00%

NSCAN 16.95% 36.71% 35.47% 36.71% 79.80%

SAGA 2.16% 3.44% 4.39% 3.44% 100.00%

UCSC Tracks

ACEMBLY 33.90% 7.96% 54.39% 21.24% 48.56%

CCDSgene 28.97% 85.58% 55.41% 89.39% 100.00%

ECgene 56.86% 8.84% 79.05% 12.42% 46.11%

ENSgene 40.52% 54.09% 73.99% 68.30% 65.62%

GENEID 4.78% 8.78% 10.47% 8.78% 100.00%

GENSCAN 7.40% 10.13% 15.54% 10.13% 100.00%

KNOWNgene 43.45% 46.93% 77.03% 72.79% 60.03%

MGCgene 23.73% 78.24% 49.32% 82.56% 63.43%

REFgene 41.91% 75.21% 77.03% 82.76% 61.82%

SGPgene 8.17% 12.59% 17.57% 12.59% 100.00%

TWINSCAN 10.63% 20.25% 22.30% 20.25% 100.00%

The ratio CDS/UTR was obtained by summing up all the coding exons’ lengths and dividing by the sum of all the exons’ lengths. The ratio CDS/UTR for
the annotations is 36.78%.
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Table 4

CDS assessment: summary of accuracy measures for CDS features at the nucleotide and exon levels

Nucleotide Exon

NSn NSp N CC ESn ESp ME WE

Category 1

AUGUSTUS-any 94.42% 82.43% 0.88 74.67% 76.76% 8.25% 16.29%

FGENESH++ 91.09% 76.89% 0.83 75.18% 69.31% 9.73% 24.64%

JIGSAW 94.56% 92.19% 0.93 80.61% 89.33% 6.22% 7.78%

PAIRAGON-any 87.77% 92.78% 0.90 76.85% 88.91% 11.18% 6.82%

Category 2

AUGUSTUS-abinit 78.65% 75.29% 0.76 52.39% 62.93% 29.09% 24.82%

GENEMARK.hmm-A 78.43% 37.97% 0.53 50.58% 29.01% 27.86% 63.27%

GENEMARK.hmm-B 76.09% 62.94% 0.69 48.15% 47.25% 31.77% 40.68%

GENEZILLA 87.56% 50.93% 0.66 62.08% 50.25% 19.14% 41.93%

Category 3

ACEVIEW 90.94% 79.14% 0.84 85.75% 56.98% 4.38% 16.69%

AUGUSTUS-EST 92.62% 83.45% 0.88 74.10% 77.40% 9.01% 15.61%

ENSEMBL 90.18% 92.02% 0.91 77.53% 82.65% 9.99% 9.22%

EXOGEAN 84.18% 94.33% 0.89 79.34% 83.45% 9.88% 5.06%

EXONHUNTER 90.46% 59.67% 0.73 64.44% 41.77% 14.29% 50.94%

PAIRAGON+NSCAN_EST 87.56% 92.77% 0.90 76.63% 88.95% 11.51% 6.85%

Category 4

AUGUSTUS-dual 88.86% 80.15% 0.84 63.06% 69.14% 16.82% 19.60%

DOGFISH 64.81% 88.24% 0.74 53.11% 77.34% 32.67% 11.70%

MARS 84.25% 74.13% 0.78 65.56% 61.65% 20.26% 26.10%

NSCAN 85.38% 89.02% 0.87 67.66% 82.05% 17.11% 10.93%

SAGA 52.54% 81.39% 0.65 38.82% 50.73% 40.48% 27.85%

UCSC Tracks

ACEMBLY 96.43% 58.47% 0.74 84.66% 38.32% 2.71% 28.55%

CCDSgene 56.87% 99.52% 0.75 51.95% 97.75% 40.38% 0.27%

ECgene 96.36% 47.30% 0.66 86.22% 35.08% 2.64% 45.92%

ENSgene 91.39% 91.92% 0.92 77.71% 82.39% 9.80% 9.21%

GENEID 76.77% 76.48% 0.76 53.84% 61.08% 27.86% 27.26%

GENSCAN 84.17% 60.60% 0.71 58.65% 46.37% 19.50% 42.91%

KNOWNgene 89.10% 93.61% 0.91 78.11% 82.28% 10.27% 4.30%

MGCgene 44.06% 97.56% 0.65 42.95% 93.61% 49.28% 2.68%

REFgene 85.34% 98.50% 0.92 73.23% 94.67% 15.38% 1.22%

SGPgene 82.81% 82.20% 0.82 60.56% 65.16% 19.36% 22.85%

TWINSCAN 78.16% 84.59% 0.81 58.43% 73.11% 24.64% 16.30%

CC, correlation coefficient.
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ENSEMBL 90.18% 92.02% 0.91 77.53% 82.65% 9.99% 9.22%

EXOGEAN 84.18% 94.33% 0.89 79.34% 83.45% 9.88% 5.06%

EXONHUNTER 90.46% 59.67% 0.73 64.44% 41.77% 14.29% 50.94%
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NSCAN 85.38% 89.02% 0.87 67.66% 82.05% 17.11% 10.93%

SAGA 52.54% 81.39% 0.65 38.82% 50.73% 40.48% 27.85%

UCSC Tracks

ACEMBLY 96.43% 58.47% 0.74 84.66% 38.32% 2.71% 28.55%

CCDSgene 56.87% 99.52% 0.75 51.95% 97.75% 40.38% 0.27%

ECgene 96.36% 47.30% 0.66 86.22% 35.08% 2.64% 45.92%

ENSgene 91.39% 91.92% 0.92 77.71% 82.39% 9.80% 9.21%

GENEID 76.77% 76.48% 0.76 53.84% 61.08% 27.86% 27.26%

GENSCAN 84.17% 60.60% 0.71 58.65% 46.37% 19.50% 42.91%

KNOWNgene 89.10% 93.61% 0.91 78.11% 82.28% 10.27% 4.30%

MGCgene 44.06% 97.56% 0.65 42.95% 93.61% 49.28% 2.68%

REFgene 85.34% 98.50% 0.92 73.23% 94.67% 15.38% 1.22%

SGPgene 82.81% 82.20% 0.82 60.56% 65.16% 19.36% 22.85%

TWINSCAN 78.16% 84.59% 0.81 58.43% 73.11% 24.64% 16.30%

CC, correlation coefficient.

*

*

* used unmasked genome as input, which leads to more false positive genes, and hence lower specificity
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Table 5

CDS assessment at the transcript and gene levels

Transcript Gene

TSn TSp GSn GSp Ratio CDS/UTR

Category 1

AUGUSTUS-any 22.65% 35.59% 47.97% 35.59% 100.00%

FGENESH++ 36.21% 41.61% 69.93% 42.09% 78.25%

JIGSAW 34.05% 65.95% 72.64% 65.95% 100.00%

PAIRAGON-any 39.29% 60.34% 69.59% 61.32% 62.92%

Category 2

AUGUSTUS-abinit 11.09% 17.22% 24.32% 17.22% 100.00%

GENEMARK.hmm-A 6.93% 3.24% 15.20% 3.24% 100.00%

GENEMARK.hmm-B 7.70% 7.91% 16.89% 7.91% 100.00%

GENEZILLA 9.09% 8.84% 19.59% 8.84% 100.00%

Category 3

ACEVIEW 44.68% 19.31% 63.51% 48.65% 49.15%

AUGUSTUS-EST 22.50% 37.01% 47.64% 37.01% 100.00%

ENSEMBL 39.75% 54.64% 71.62% 67.32% 65.77%

EXOGEAN 42.53% 52.44% 63.18% 80.82% 59.60%

EXONHUNTER 10.48% 6.33% 21.96% 6.33% 100.00%

PAIRAGON+NSCAN_EST 39.29% 60.64% 69.59% 61.71% 62.89%

Category 4

AUGUSTUS-dual 12.33% 18.64% 26.01% 18.64% 100.00%

DOGFISH 5.08% 14.61% 10.81% 14.61% 100.00%

MARS 15.87% 15.11% 33.45% 24.94% 100.00%

NSCAN 16.95% 36.71% 35.47% 36.71% 79.80%

SAGA 2.16% 3.44% 4.39% 3.44% 100.00%

UCSC Tracks

ACEMBLY 33.90% 7.96% 54.39% 21.24% 48.56%

CCDSgene 28.97% 85.58% 55.41% 89.39% 100.00%

ECgene 56.86% 8.84% 79.05% 12.42% 46.11%

ENSgene 40.52% 54.09% 73.99% 68.30% 65.62%

GENEID 4.78% 8.78% 10.47% 8.78% 100.00%

GENSCAN 7.40% 10.13% 15.54% 10.13% 100.00%

KNOWNgene 43.45% 46.93% 77.03% 72.79% 60.03%

MGCgene 23.73% 78.24% 49.32% 82.56% 63.43%

REFgene 41.91% 75.21% 77.03% 82.76% 61.82%

SGPgene 8.17% 12.59% 17.57% 12.59% 100.00%

TWINSCAN 10.63% 20.25% 22.30% 20.25% 100.00%

The ratio CDS/UTR was obtained by summing up all the coding exons’ lengths and dividing by the sum of all the exons’ lengths. The ratio CDS/UTR for
the annotations is 36.78%.
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*



• Other benchmark studies have mainly looked at datasets of other mammals, and eukaryotic 
pathogens. In other words, their accuracy in atypical eukaryotes is unclear

RESEARCH ARTICLE Open Access

A benchmark study of ab initio gene
prediction methods in diverse eukaryotic
organisms
Nicolas Scalzitti, Anne Jeannin-Girardon, Pierre Collet, Olivier Poch and Julie D. Thompson*

Abstract

Background: The draft genome assemblies produced by new sequencing technologies present important
challenges for automatic gene prediction pipelines, leading to less accurate gene models. New benchmark
methods are needed to evaluate the accuracy of gene prediction methods in the face of incomplete genome
assemblies, low genome coverage and quality, complex gene structures, or a lack of suitable sequences for
evidence-based annotations.

Results: We describe the construction of a new benchmark, called G3PO (benchmark for Gene and Protein
Prediction PrOgrams), designed to represent many of the typical challenges faced by current genome annotation
projects. The benchmark is based on a carefully validated and curated set of real eukaryotic genes from 147
phylogenetically disperse organisms, and a number of test sets are defined to evaluate the effects of different
features, including genome sequence quality, gene structure complexity, protein length, etc. We used the
benchmark to perform an independent comparative analysis of the most widely used ab initio gene prediction
programs and identified the main strengths and weaknesses of the programs. More importantly, we highlight a
number of features that could be exploited in order to improve the accuracy of current prediction tools.

Conclusions: The experiments showed that ab initio gene structure prediction is a very challenging task, which
should be further investigated. We believe that the baseline results associated with the complex gene test sets in
G3PO provide useful guidelines for future studies.

Keywords: Genome annotation, Gene prediction, Protein prediction, Benchmark study

Background
The plunging costs of DNA sequencing [1] have made
de novo genome sequencing widely accessible for an in-
creasingly broad range of study systems with important
applications in agriculture, ecology, and biotechnologies
amongst others [2]. The major bottleneck is now the
high-throughput analysis and exploitation of the result-
ing sequence data [3]. The first essential step in the ana-
lysis process is to identify the functional elements, and

in particular the protein-coding genes. However, identi-
fying genes in a newly assembled genome is challenging,
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benchmark, (ii) the overall prediction quality of the five
gene prediction programs tested and (iii) the effects of
various factors on gene prediction quality.

Benchmark data sets
The G3PO benchmark contains 1793 proteins from a di-
verse set of organisms (Additional file 1: Table S1),
which can be used for the evaluation of gene prediction
programs. The proteins were extracted from the Uniprot
[34] database, and are divided into 20 orthologous fam-
ilies (called BBS1–21, excluding BBS14) that are repre-
sentative of complex proteins, with multiple functional
domains, repeats and low complexity regions (Additional
file 1: Table S2). The benchmark test sets cover many
typical gene prediction tasks, with different gene lengths,
protein lengths and levels of complexity in terms of
number of exons (Additional file 1: Fig. S1). For each of

the 1793 proteins, we identified the corresponding gen-
omic sequence and the exon map in the Ensembl [35]
database. We also extracted the same genomic se-
quences with additional DNA regions ranging from 150
to 10,000 nucleotides upstream and downstream of the
gene, in order to represent more realistic genome anno-
tation tasks. Additional file 1: Fig. S2 shows the distribu-
tion of various features of the 1793 benchmark test
cases, at the genome level (gene length, GC content),
gene structure level (number and length of exons, intron
length), and protein level (length of main protein
product).

Phylogenetic distribution of benchmark sequences
The protein sequences used in the construction of the
G3PO benchmark were identified in 147 phylogenetic-
ally diverse eukaryotic organisms, ranging from human

Fig. 1 Phylogenetic distribution of the 1793 test cases in the G3PO benchmark. a Number of species in each clade. b Number of sequences in
each clade. c Number of sequences in each clade in the Confirmed test set. d Number of sequences in each clade in the Unconfirmed test set.
The ‘Others’ group corresponds to: Apusozoa, Cryptophyta, Diplomonadida, Haptophyceae, Heterolobosea, Parabasalia
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for each protein in 889 confirmed sequences: 

    extract genomic region 
 
    add corresponding 150 bp flanking regions 
 
    for each predictor in [GENSCAN, GLIMMERHMM, GENEID, SNAP, AUGUSTUS]:    
         
        choose most appropriate pre-trained model based on taxonomy         
 
        predict gene 
 
        compare predicted gene vs confirmed gene 
       

The Test





was the fastest program and completed the gene predic-
tion for the 1793 genomic regions, including 10Kb up-
stream/downstream flanking nucleotides (total length of
86,970,612 nucleotides), in 260 s.

Analysis of factors affecting gene prediction quality
Based on the results of our initial comparison of gene
prediction accuracy, and particularly the complementar-
ity of the programs highlighted in Fig. 6, we decided to
investigate further the different factors that may

influence the performance of the prediction programs.
Figure 4 provides an overview of the different tests per-
formed, including: i) factors associated with the input
genomic sequence, ii) factors associated with the gene
structure, and iii) factors associated with the protein
product.

Factors associated with the input genomic sequence
We first evaluated the genome context and the effect of
adding flanking sequences upstream and downstream of

Fig. 5 Overall performance of the five gene prediction programs, using the 889 Confirmed sequences with 150 bp flanking sequences, at the a
nucleotide, b exon and c protein levels. Sn = sensitivity; Sp = specificity; F1 = F1 score; ME = Missing Exon; WE =Wrong Exon; 5′ First = percentage
of correctly predicted 5′ boundaries of first exons only; 3′ Last = percentage of correctly predicted 3′ boundaries of last exons; 3′ and 5′ internal
are the percentage of correctly predicted 3′ and 5′ internal exon boundaries. %Identity indicates the average sequence identity observed
between the predicted proteins and the Confirmed benchmark sequences
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allowing lower sequence accuracy (Marshall, 1995). It appears inter-
esting, thus, to evaluate the performance of the programs on se-
quences with frameshift errors. This may provide a more realistic
estimation of the accuracy of the programs when analyzing real data
and of their real value when used in such large-scale sequencing
projects.

We thus introduced random frameshift mutations in the sequences
of our test set. Mutations were produced with a frequency of 1%,
with insertions and deletions being equiprobable and with insertions
leading to the insertion of any of the four nucleotides with equal
probability. It may be argued that a rate of sequence errors of 1% is
too high to be realistic (for instance, the overall accuracy planned
for the aforementioned full-length sequencing projects is about one
order of magnitude greater, 99.9%). However, the 1% error rate ap-
pears to be a reasonable estimation for single-pass sequencing, and
thus it can be taken as the upper boundary error rate that will be
tolerated for the sequences with which the gene structure prediction
programs are to be confronted. In addition, by testing the programs
under such extreme conditions, we were in a better position to assess
the programs’ differential behavior to sequencing errors.

All the data sets mentioned here can be accessed through the
World Wide Web (WWW) at the URL ‘‘http://www.imim.es/GeneIden
tification/Evaluation/Index.html.’’

2.2. Measures of Prediction Accuracy

We measured only the accuracy of the predictions, and no other
components of the performance such as execution time or memory
requirements of the programs were analyzed. We measured the accu-
racy of the predictions at three different levels: coding nucleotide
sequence, exonic structure, and protein product.

2.2.1. Coding nucleotide. At this level, we measured the accuracy
of a prediction on a test sequence by comparing the predicted coding
value (coding or noncoding) with the true coding value for each nucle-
otide along the test sequence. This has been one of the most widely
used approaches in evaluating the accuracy of coding region identifi-
cation and gene structure prediction methods. We can assume that
both prediction and reality are binary variables whose values (coding
or noncoding) have been observed along the nucleotides in the se-
quence. Most of the measures that have been used to evaluate the
accuracy of the predictions can then be introduced as measures of
association between these binary variables.As is customary in repre- FIG. 1. Measures of prediction accuracy at the nucleotide and
senting the joint distribution of two binary variables, we can use a exon levels.
2 1 2 contingency table to represent the relationship between the
actual and the predicted coding nucleotides on a test sequence (Fig.
1). In the left upper cell of the table we place the number of coding (both in reality and in the predictions), TN tends to be much larger
nucleotides that have been correctly predicted as coding (the true than FP, and thus Sp, as computed above, systematically produces
positives, TP), while in the right lower cell we place the number very large noninformative values. Thus, in the gene structure predic-
of noncoding nucleotides correctly predicted as noncoding (the true tion literature, specificity has traditionally been computed instead
negatives, TN). The other two cells register the number of nucleotides as
in which prediction and reality disagree, that is, the number of coding
nucleotides predicted as noncoding (the false negatives, FN) and the
number of noncoding nucleotides predicted as coding (the false posi- Sp Å TP

TP / FP
; [2]

tives, FP). The 2 1 2 table contains the most information for measur-
ing the association between prediction and reality (the accuracy of
the prediction), and several measures have been proposed to capture that is, in the context of gene structure prediction programs, Sp is
such information in a single scalar metric (see Sneath and Sokal, the proportion of predicted coding nucleotides that are actually cod-
1973, and Anderberg, 1973, for a general discussion on measures of ing. This is the measure termed Sen2 in Guigó et al. (1992), and
association between binary variables). Sensitivity and Specificity are explicitly Specificity in Snyder and Stormo (1993) and Dong and
probably the two most widely used measures among those that can Searls (1994), and it is the measure of specificity that we used here.
be derived from a 2 1 2 table. Usually, sensitivity (Sn) and specificity Note that both sensitivity and specificity are conditional probabili-
(Sp) are defined as ties. Sn is the probability of a nucleotide being predicted as coding

given that it is actually coding, and Sp is the probability of a nucleo-
tide being actually coding given that it has been predicted as coding.

Sn Å TP
TP / FN

Sp Å TN
TN / FP

; [1] Indeed, if x denotes the actual state of a given nucleotide (c for coding
and n for noncoding), and F(x) is the predicted state for such a nucleo-
tide, then Sn Å P(F(x) Å cÉx Å c) and Sp Å P(x Å cÉF(x) Å c). Note
that we can have very high sensitivity Sn with very low specificitythat is, Sn is the proportion of coding nucleotides that have been

correctly predicted as coding, and Sp is the proportion of noncoding Sp—predicting, for instance, every nucleotide as coding—and, con-
versely, high specificity with low sensitivity—predicting, for in-nucleotides that have been correctly predicted as noncoding. How-

ever, since the frequency of noncoding nucleotides in genomic DNA stance, only a few nucleotides as coding. Thus, neither Sp nor Sn
alone constitute good measures of global accuracy, and it appearssequences is much greater than the frequency of coding nucleotides

AID Genom 4078 / 6r15$$$262 05-21-96 10:30:00 gnmal AP: Genomics

Sensitivity: What fraction of all nucleotides that are truly coding are predicted to be coding? 
Specificity:  What fraction of all nucleotides predicted to be coding are actually truly coding?

Mean sensitivity & specificity over all 
889 sequences for each predictor
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Figure 4 provides an overview of the different tests per-
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alone constitute good measures of global accuracy, and it appearssequences is much greater than the frequency of coding nucleotides
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was the fastest program and completed the gene predic-
tion for the 1793 genomic regions, including 10Kb up-
stream/downstream flanking nucleotides (total length of
86,970,612 nucleotides), in 260 s.

Analysis of factors affecting gene prediction quality
Based on the results of our initial comparison of gene
prediction accuracy, and particularly the complementar-
ity of the programs highlighted in Fig. 6, we decided to
investigate further the different factors that may

influence the performance of the prediction programs.
Figure 4 provides an overview of the different tests per-
formed, including: i) factors associated with the input
genomic sequence, ii) factors associated with the gene
structure, and iii) factors associated with the protein
product.

Factors associated with the input genomic sequence
We first evaluated the genome context and the effect of
adding flanking sequences upstream and downstream of

Fig. 5 Overall performance of the five gene prediction programs, using the 889 Confirmed sequences with 150 bp flanking sequences, at the a
nucleotide, b exon and c protein levels. Sn = sensitivity; Sp = specificity; F1 = F1 score; ME = Missing Exon; WE =Wrong Exon; 5′ First = percentage
of correctly predicted 5′ boundaries of first exons only; 3′ Last = percentage of correctly predicted 3′ boundaries of last exons; 3′ and 5′ internal
are the percentage of correctly predicted 3′ and 5′ internal exon boundaries. %Identity indicates the average sequence identity observed
between the predicted proteins and the Confirmed benchmark sequences
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allowing lower sequence accuracy (Marshall, 1995). It appears inter-
esting, thus, to evaluate the performance of the programs on se-
quences with frameshift errors. This may provide a more realistic
estimation of the accuracy of the programs when analyzing real data
and of their real value when used in such large-scale sequencing
projects.

We thus introduced random frameshift mutations in the sequences
of our test set. Mutations were produced with a frequency of 1%,
with insertions and deletions being equiprobable and with insertions
leading to the insertion of any of the four nucleotides with equal
probability. It may be argued that a rate of sequence errors of 1% is
too high to be realistic (for instance, the overall accuracy planned
for the aforementioned full-length sequencing projects is about one
order of magnitude greater, 99.9%). However, the 1% error rate ap-
pears to be a reasonable estimation for single-pass sequencing, and
thus it can be taken as the upper boundary error rate that will be
tolerated for the sequences with which the gene structure prediction
programs are to be confronted. In addition, by testing the programs
under such extreme conditions, we were in a better position to assess
the programs’ differential behavior to sequencing errors.

All the data sets mentioned here can be accessed through the
World Wide Web (WWW) at the URL ‘‘http://www.imim.es/GeneIden
tification/Evaluation/Index.html.’’

2.2. Measures of Prediction Accuracy

We measured only the accuracy of the predictions, and no other
components of the performance such as execution time or memory
requirements of the programs were analyzed. We measured the accu-
racy of the predictions at three different levels: coding nucleotide
sequence, exonic structure, and protein product.

2.2.1. Coding nucleotide. At this level, we measured the accuracy
of a prediction on a test sequence by comparing the predicted coding
value (coding or noncoding) with the true coding value for each nucle-
otide along the test sequence. This has been one of the most widely
used approaches in evaluating the accuracy of coding region identifi-
cation and gene structure prediction methods. We can assume that
both prediction and reality are binary variables whose values (coding
or noncoding) have been observed along the nucleotides in the se-
quence. Most of the measures that have been used to evaluate the
accuracy of the predictions can then be introduced as measures of
association between these binary variables.As is customary in repre- FIG. 1. Measures of prediction accuracy at the nucleotide and
senting the joint distribution of two binary variables, we can use a exon levels.
2 1 2 contingency table to represent the relationship between the
actual and the predicted coding nucleotides on a test sequence (Fig.
1). In the left upper cell of the table we place the number of coding (both in reality and in the predictions), TN tends to be much larger
nucleotides that have been correctly predicted as coding (the true than FP, and thus Sp, as computed above, systematically produces
positives, TP), while in the right lower cell we place the number very large noninformative values. Thus, in the gene structure predic-
of noncoding nucleotides correctly predicted as noncoding (the true tion literature, specificity has traditionally been computed instead
negatives, TN). The other two cells register the number of nucleotides as
in which prediction and reality disagree, that is, the number of coding
nucleotides predicted as noncoding (the false negatives, FN) and the
number of noncoding nucleotides predicted as coding (the false posi- Sp Å TP

TP / FP
; [2]

tives, FP). The 2 1 2 table contains the most information for measur-
ing the association between prediction and reality (the accuracy of
the prediction), and several measures have been proposed to capture that is, in the context of gene structure prediction programs, Sp is
such information in a single scalar metric (see Sneath and Sokal, the proportion of predicted coding nucleotides that are actually cod-
1973, and Anderberg, 1973, for a general discussion on measures of ing. This is the measure termed Sen2 in Guigó et al. (1992), and
association between binary variables). Sensitivity and Specificity are explicitly Specificity in Snyder and Stormo (1993) and Dong and
probably the two most widely used measures among those that can Searls (1994), and it is the measure of specificity that we used here.
be derived from a 2 1 2 table. Usually, sensitivity (Sn) and specificity Note that both sensitivity and specificity are conditional probabili-
(Sp) are defined as ties. Sn is the probability of a nucleotide being predicted as coding

given that it is actually coding, and Sp is the probability of a nucleo-
tide being actually coding given that it has been predicted as coding.

Sn Å TP
TP / FN

Sp Å TN
TN / FP

; [1] Indeed, if x denotes the actual state of a given nucleotide (c for coding
and n for noncoding), and F(x) is the predicted state for such a nucleo-
tide, then Sn Å P(F(x) Å cÉx Å c) and Sp Å P(x Å cÉF(x) Å c). Note
that we can have very high sensitivity Sn with very low specificitythat is, Sn is the proportion of coding nucleotides that have been

correctly predicted as coding, and Sp is the proportion of noncoding Sp—predicting, for instance, every nucleotide as coding—and, con-
versely, high specificity with low sensitivity—predicting, for in-nucleotides that have been correctly predicted as noncoding. How-

ever, since the frequency of noncoding nucleotides in genomic DNA stance, only a few nucleotides as coding. Thus, neither Sp nor Sn
alone constitute good measures of global accuracy, and it appearssequences is much greater than the frequency of coding nucleotides

AID Genom 4078 / 6r15$$$262 05-21-96 10:30:00 gnmal AP: Genomics

5' First: What fraction of all exons predicted to be the first exon match the 5' end of the true first exon? 
3' Last: What fraction of all exons predicted to be the last exon match the 3' end of a true last exon? 

5' Internal: What fraction of all exons predicted to be internal match the 5' end of the true internal exon? 
3' Internal: What fraction of all exons predicted to be internal match the 3' end of the true internal exon? 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Figure S6. Effect of the %GC content of the gene on prediction accuracy: A) average percent 
identity between the predicted and the benchmark protein sequences, B) number of proteins 
perfectly predicted with 100% sequence identity. 
 
 

 
Figure S7. A) Number of Confirmed sequences with exon count ranging from 1 to 24. B) 
Distribution of gene lengths for sequences with exon count ranging from 1 to 24. 45% of 
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Does exon count influence gene prediction accuracy?



We then assessed the effect of exon lengths on the
prediction quality of the five programs, using the 756
Confirmed sequences without UDT regions. Figure 10a
and Additional file 1: Table S10A show the proportion
of Correct exons (both 5′ and 3′ exon boundaries
correctly predicted) depending on the exon length.
The short exons (< 50 nucleotides) are generally the
least accurate, with the best program, Augustus,
achieving only 18% Correct short exons. Medium
length exons (50–200 nucleotides) are predicted bet-
ter than longer exons (> 200 nucleotides) for Augus-
tus and Genscan.

To further investigate the exon prediction, each exon
predicted by a gene prediction program was classified as
‘Correct’ if both exon boundaries were correctly pre-
dicted, ‘Wrong (5’)’ or ‘Wrong (3′)’ if the 5′ or 3′ exon
boundary was badly predicted respectively, and ‘Wrong’
if both boundaries were badly predicted. In some cases,
the predicted exon has good 5′ and 3′ exon boundaries,
however they correspond to 2 different benchmark
exons, so these exons are classed as ‘Wrong (Fusion)’.
Figure 10b and Additional file 1: Table S10B show the
number of Correct, Wrong, Wrong (5′), Wrong (3′) and
Wrong (Fusion) exons, according to the exon lengths.

Fig. 9 Effect of exon map complexity on prediction quality at the a exon and b protein levels. A 4th degree polynomial curve fitting was used to
represent the results more clearly. Sequences with 21–24 exons were not included, due to the low number of sequences in the benchmark with
these exon counts. 3′ and 5′ are the proportion of correctly predicted 3′ and 5′ internal exon boundaries respectively. %Identity indicates the
sequence identity observed between the predicted proteins and the Confirmed benchmark sequences
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was the fastest program and completed the gene predic-
tion for the 1793 genomic regions, including 10Kb up-
stream/downstream flanking nucleotides (total length of
86,970,612 nucleotides), in 260 s.

Analysis of factors affecting gene prediction quality
Based on the results of our initial comparison of gene
prediction accuracy, and particularly the complementar-
ity of the programs highlighted in Fig. 6, we decided to
investigate further the different factors that may

influence the performance of the prediction programs.
Figure 4 provides an overview of the different tests per-
formed, including: i) factors associated with the input
genomic sequence, ii) factors associated with the gene
structure, and iii) factors associated with the protein
product.

Factors associated with the input genomic sequence
We first evaluated the genome context and the effect of
adding flanking sequences upstream and downstream of

Fig. 5 Overall performance of the five gene prediction programs, using the 889 Confirmed sequences with 150 bp flanking sequences, at the a
nucleotide, b exon and c protein levels. Sn = sensitivity; Sp = specificity; F1 = F1 score; ME = Missing Exon; WE =Wrong Exon; 5′ First = percentage
of correctly predicted 5′ boundaries of first exons only; 3′ Last = percentage of correctly predicted 3′ boundaries of last exons; 3′ and 5′ internal
are the percentage of correctly predicted 3′ and 5′ internal exon boundaries. %Identity indicates the average sequence identity observed
between the predicted proteins and the Confirmed benchmark sequences

Scalzitti et al. BMC Genomics          (2020) 21:293 Page 8 of 20



 
Figure S5. Number of sequences with undetermined (UDT) regions in each species. 
 
 

 
 
Figure S6. Effect of the %GC content of the gene on prediction accuracy: A) average percent 
identity between the predicted and the benchmark protein sequences, B) number of proteins 
perfectly predicted with 100% sequence identity. 
 
 

 
Figure S7. A) Number of Confirmed sequences with exon count ranging from 1 to 24. B) 
Distribution of gene lengths for sequences with exon count ranging from 1 to 24. 45% of 

 
Figure S5. Number of sequences with undetermined (UDT) regions in each species. 
 
 

 
 
Figure S6. Effect of the %GC content of the gene on prediction accuracy: A) average percent 
identity between the predicted and the benchmark protein sequences, B) number of proteins 
perfectly predicted with 100% sequence identity. 
 
 

 
Figure S7. A) Number of Confirmed sequences with exon count ranging from 1 to 24. B) 
Distribution of gene lengths for sequences with exon count ranging from 1 to 24. 45% of 

%GC

Does %GC influence gene prediction accuracy?

protein 
level!!



Table S11 show the mean accuracies obtained by the five
programs for the different length proteins. The prediction
accuracy generally decreases for shorter proteins and for
protein lengths > 650 amino acids. For proteins with < 100
amino acids, GlimmerHMM achieves the best results with
68% sequence identity and five (25%) perfectly predicted
proteins (100% identity), while Augustus obtains only 57%
sequence identity and four perfectly predicted proteins.
We then studied the phylogenetic origin of the pro-

teins and the availability of suitable species models in
the different programs. Figure 12 and Additional file 1:
Table S12 show the performance of the five gene predic-
tion programs for the sequences in the different clades
in G3PO. The accuracy of each program is highly vari-
able between the different clades, probably due to the
availability of suitable prediction models for some spe-
cies. For the sequences in the Craniata clade, Augustus
and Genscan achieve the highest accuracy (72 and 70%
respectively), while Snap has the lowest accuracy (33%).
In contrast, Augustus obtains lower accuracy (21%) for
Fungi proteins, compared to the highest accuracy ob-
tained by GlimmerHMM (58%). The proteins in the
Euglenoezoa clade are predicted with the highest accur-
acy by all the programs, although this might be ex-
plained by their low EMC. Choanoflagellida and
Cnidaria proteins are the least well predicted (except for

Genscan), but these clade contain only a few sequences
(5 and 6 sequences respectively) and this result remains
to be confirmed.

Effect of protein sequence errors
Finally, we investigated the performance of the predic-
tion programs for the 904 Unconfirmed sequences,
where potential sequence errors were observed in the
benchmark sequences. As mentioned above, the G3PO
benchmark sequences were extracted from the Uniprot
database, which means that many of the proteins are not
supported by experimental evidence. In this test, we
wanted to estimate the prediction accuracy of the five
gene prediction programs for the Unconfirmed bench-
mark sequences. Since the Unconfirmed sequences
could not be used as a ground truth, here we measured
prediction accuracy based on a closely related Con-
firmed sequence (see Methods). Table 2 shows the pre-
diction accuracies achieved by each program for the sets
of Confirmed and Unconfirmed sequences. As might be
expected, the Unconfirmed sequences are predicted with
lower accuracy than the Confirmed sequences by all five
programs. Augustus and Genscan achieved the highest
accuracy (56, 50% respectively) for the Unconfirmed se-
quences. For comparison purposes, we also calculated
the accuracy scores for the Unconfirmed benchmark

Fig. 12 Prediction performance for sequences from different clades. The ‘Other’ group contains the Apusozoa, Cryptophyta, Diplomonadida,
Haptophyceae, Heterolobosea, Parabasalia clades, as well as Placozoa, Annelida and urchin. % Identity indicates the average percent identity
between the predicted and the benchmark protein sequences

Table 2 Effect of protein sequence quality measured at the protein level. %Identity indicates the average sequence identity
observed between the predicted and benchmark protein sequences for the test sets of Confirmed and Unconfirmed proteins

Confirmed proteins (%Identity) Unconfirmed proteins (%Identity)

Augustus 74.44 56.22

Genscan 67.13 49.86

GeneID 52.26 38.52

GlimmerHMM 59.36 45.60

Snap 44.20 41.70
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Are gene predictors more accurate for certain lineages?

• AUGUSTUS            ++ Euglenozoa, Viridiplantae, Mollusca, Tunicata, Panarthropoda 
                           - - Fungi, Choanoflagelida*, Cnidaria* 

• GENSCAN             - - Fungi, Alveolata 

• GENEID                - - Alveolata, "Other", Fungi, Cnidaria*, Choanoflagelida* 

• GLIMMERHMM      ++ Euglenozoa, Nematoda 
                           - - Tunicata, Choanoflagelida*, Alveolata 

• SNAP                 ++ Euglenozoa, Nematoda 
                           - - Choanoflagelida*, Alveolata, Craniata

* only 5 Choanoflagelida and 6 
Cnidaria sequences in dataset

protein 
level!!



Conclusions

• AUGUSTUS, GENSCAN, GENEID, GLIMMERHMM and SNAP are still (or at least in 
2020) unable to accurately predict gene structures for a large fraction of true 
genes 

• They are relatively OKish at the nucleotide level (~40-60% sensitivity and 
specificity), but outright awful at the exon level (~15-25% sensitivity and 
specificity).  
 
In other words, identifying coding regions is alright-ish, but identifying the exact 
boundaries is still difficult

 

• They appear to be best at genes with 12-17ish exons 

• They appear to work very well (~80-95% accuracy at the protein level) for 
certain lineages (Euglenozoa, Nematodes), but are particularly bad for others 
(Fungi, Choanoflagelida, Alveolata) 
 
It is probably these extremely poor predictions for these lineages that pull the 
mean accuracy visible in most figures down so much



Thoughts

• The results seem a little too bad... 

• Perhaps most striking is the difference in accuracy between different lineages 
 
The available pre-trained models may be too taxonomically distant from the 
genome being gene predicted (available models are typically few and biased 
towards metazoa, plants, fungi, pathogens) 
 
Also, the predictors may 
     model sequence features that do not exist in certain lineages or 
     do not model sequence features that do exist in certain lineages 
 
Fungi typically have gene dense genomes, with short introns, and more frequently 
have UTRs of adjacent genes overlap, either on the same strand or on opposite 
strands (hence CODINGQUARRY) 
 
For example, Augustus v1 only allowed GT-AG intron boundaries and assumes 
introns have a branch point 
 
    


