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ABSTRACT

Motivation: The vast majority of introns in protein-coding genes of
higher eukaryotes have a GT dinucleotide at their 5'-terminus and
an AG dinucleotide at their 3" end. About 1-2% of introns are non-
canonical, with the most abundant subtype of non-canonical introns
being characterized by GC and AG dinucleotides at their 5'- and 3'-
termini, respectively. Most current gene prediction software, whether
based on ab initio or spliced alignment approaches, does not include
explicit models for non-canonical introns or may exclude their predic-
tion altogether. With present amounts of genome and transcript data,
it is now possible to apply statistical methodology to non-canonical
splice site prediction. We pursued one such approach and describe
the training and implementation of GC-donor splice site models for
Arabidopsis and rice, with the goal of exploring whether specific mod-
eling of non-canonical introns can enhance gene structure prediction
accuracy.

Results: Our results indicate that the incorporation of non-canonical
splice site models yields dramatic improvements in annotating genes
containing GC-AG and AT-AC non-canonical introns. Comparison
of models shows differences between monocot and dicot species,
but also suggests GC intron-specific biases independent of taxo-
nomic clade. We also present evidence that GC-AG introns occur
preferentially in genes with atypically high exon counts.

Availability: Source code for the updated versions of GeneSeger
and SplicePredictor (distributed with the GeneSeger code) is
available at http://bioinformatics.iastate.edu/bioinformatics2go/gs/
download.html. Web servers for Arabidopsis, rice and other plant
species are accessible at http://www.plantgdb.org/PlantGDB-cgi/
GeneSeqer/AtGDBgs.cgi, http://www.plantgdb.org/PlantGDB-cgi/
GeneSeqer/OsGDBgs.cgi and http://www.plantgdb.org/PlantGDB-
cgi/GeneSeqer/PlantGDBgs.cgi, respectively. A SplicePredictor web
server is available at http://bioinformatics.iastate.edu/cgi-bin/sp.cgi.
Software to generate training data and parameterizations for Bayesian
splice site models is available at http://gremlinl.gdch.iastate.edu/
~volker/SBO5B/BSSM4GSQ/

Contact: vbrendel@iastate.edu

Supporting information: http://gremlinl.gdcb.iastate.edu/~volker/
SBO5B/

INTRODUCTION

Most genes in higher eukaryotic organisms contain intervenin
sequences (‘introns’), which must be precisely excised from thq

*To whom correspondence should be addressed.

pre-mRNA transcript prior to being translated into a functional
protein. The 5terminus of an intron is commonly known as the
donor site, whereas thé-frminus is referred to as the acceptor
site. These terms correlate with the roles of these sites in the bio-
chemical reactions underlying the process of splicing, as catalyzed
by the spliceosome. Most introns belong to the class of canonical
introns, characterized by a GT donor dinucleotide (first two bases
of the intron) and an AG acceptor dinucleotide (last two bases of
the intron), and are processed by the U2-type splicing apparatus
(Burgeet al., 1999; Reddy, 2001). The most common deviations
from these intron types are those that have GC donors and AG accept-
ors. In all eukaryotic species studied so far, these introns make up
~1% of all introns and are presumably also processed by the U2-
type spliceosome (Bursetal., 2000). More recently, a second type

of spliceosome has been identified which recognizes the so-called
Ul2-type introns. These introns share a highly conserved donor
site consensus [GA]JT/ATCCTT (where [GA] means G or A and
‘I indicates the exon/intron border) and a conserved branch point
motif CCTTAAC (reviewed by Patel and Steitz, 2003).

Many recent studies have discussed the occurrence and splicing
of U12-type introns as well as their potential functions and phylo-
genetic origin (Burgeet al., 1998; Dietrichet al., 2001; Lynch
and Richardson, 2002; Pattlal., 2002; Zhu and Brendel, 2003).
U12-type introns occur almost invariably in genes with other U2-type
introns, with no significant over-representation in any particular
functional gene class, appear less common among short introns and
may function in post-transcriptional regulation of gene expression.
Evolutionarily, they are thought to have an ancient origin, with loss
and conversion to U2-type accounting for their sparse occurrence in
modern genomes.

Comparatively little attention has been devoted to introns with
GC-donors. Thanaraj and Clark (2001) described statistical fea-
tures of human GC-AG alternative intron isoforms. Kitamura-
Abe et al. (2004) identified several hundred GC-AG introns in
the human, mouse, fruit flyArabidopsis and rice genomes and
provided a descriptive analysis of mono- and dinucleotide frequen-
cies around the splice sites. Their results suggest that GC-donors
may show a stronger consensus to maximize base pair formation
with complementary positions in the U1 snRNA.

The ability to computationally predict splice sites in pre-mRNA
tests our theoretical understanding of the sequence features recog-

%hized by the splicing machinery. Several well-supported computa-

ional approaches to splice site prediction in pre-mRNA sequences
are available, including NetGene2 (Brunetkal., 1991; Hebsgaard
et al., 1996), SplicePredictor (Brendel and Kleffe, 1998; Brendel
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etal., 2004), and GeneSplicer (Pergtal., 2001). Because all these Table 1. Classification and counts of cDNA-confirmed introns
approaches require large amounts of trusted exon/intron borders for
training that have heretofore not been accessible, the available pro-
grams have largely excluded prediction of non-canonical sites. Of

the above programs, only NetGene2 predicts GC-donors. SplicePre-— ]
dictor optionally allows scoring of non-canonical splice sites as ifAabidopsisthaliana 67767 66733 (98.47%) 721 (1.06%) 313 (0.46%)

the terminal dinucleotide matched the consensus. Similarly, most TD phase 1 37904 416

TotaP GT-AG GC-AG Others

gene structure prediction tools, whether basedmimitio or spliced 18 gﬂzzz (2) ij %g ﬁg
alignment approaches, have not incorporated explicit models fopyy,3 sativa 68199 65391 (95.88%) 1103 (1.62%) 1705 (2.50%)
non-canonical introns or preclude their prediction altogether. TD phase 1 36571 644
In the current study, we pursue the characterization and predic- TD phase 2 14310 270
tion of GC-AG introns in plant pre-mRNAs. The motivation for  TD phase 0 14510 189

this study derives from the availability of two complete plant gen-

omes, representing dicotylodonous and monocotylodonous plantSotal counts of each intron type are given for betrabidopsis and rice. Relative

(Arabidopsisand rice). Given the large numbers of public full-length abur_1dances are indicated in parentheses. TD, training data (see Systems and Methods

cDNAs and ESTs for these genomes, genome-wide assessment S "

the occurrence of non-canonical introns should now approximate the

final picture very closely. We present general software for the estima- These data were then used to parameterize new Bayesian splice site

tion of Bayesian statistical models for splice site prediction (Brendemodels for GC-AG introns as described previously (Breneelal.,

etal., 2004) from reliable spliced alignments of (full-length) cDNAs. 2004). Our software to generate such training datasets and paramet-

Using the models for exon/intron junction prediction in spliced align- e”Z:\:;ng |:;rofTeeG?)rf]ecsheaqu:e aflgmgfanéeﬁtca ;”?)tﬁ:por';: ;?O'E{:’Iitsee f'ﬁs

ments, we show tha.t GC-AG introns can_ be confidently pred'Ct.edrfttp://gremIinl.gdcb.iastate.edulolker/SBOSB/BSSM4GSQ/.

from cDNA to genomic DNA matches even in the presence of consid-

erable sequence divergence. These models could also be incorporaterfor mation plots and pictograms

into ab initio gene structure prediction software and should aid iny; pas previously been noticed that there is a stricter adherence to a con-

closing the annotation gap for both model and emerging genomesensus donor splice site sequence in GC—AG introns than in GT-AG ones

(Mathéet al., 2002; Schlueteet al., 2005). (Bursetet al., 2000; Kitamura-Abet al., 2004). Pooling all sets of cDNA-
confirmed training introns (Table 1), we computed the information content
for two regions of interest—15 bases upstream through 20 bases downstream

SYSTEMS AND METHODS of the donor sites and 20 bases upstream through 15 bases downstream of the
acceptor sites—using the following formula:

=2+ Y fislog(fie)

Be(A,C,G,T)

Training data

We accumulated intron data for two model plant speci@sabidopsis
thaliana and Oryza sativa as follows. All available full-length cDNA
sequences for each species (64840 entriesAfabidopsis and 32136  Wherei indexes each position in the aligned sequences, fani the fre-
entries for rice) were aligned to their cognate genomes [assembly verquency of baseB in positioni (White et al., 1992; Rogan and Schneider,
sion 5 for Arabidopsis (Wortman et al., 2003) and pseudochromosome 1995).
assembly version 3.0 for rice (Yuast al., 2003)] using the GeneSeqer . . -
spliced alignment tool (Brendet al., 2004). These data can be accessed Spllces'te prObab”'ty models
at http://gremlinl.gdcb.iastate.edwolker/SB0O5B/original_alignments/. Using the Bayesian splice site model framework first described in Salzberg
For model training, we considered only gene structures such that all tranf1997) and later adapted for use by GeneSeqer in Bresi@él (2004), we
script sequence(s) delimiting them aligned with a perfect overall sequenctained models for GC donor sites of GC-AG intronsAirabidopsis and
similarity score (1.0), allowing a very high degree of confidence thatrice. Briefly, this consisted of tabulating dinucleotide relative frequencies
exon/intron borders in our training data were correctly resolved. We extracever the 102 positions of interest for the donor sites, for seven classes of
ted all exons and introns and classified them into phase 1, 2 or 0, where araining data corresponding to seven alternative hypotheses to be evaluated
intron is in phase 1 if it falls between two codons, phase 2 if it falls betweenusing Bayes rule. The following parameter smoothing technique was used
the first and second positions of a codon and phase 0 if it falls between th# avoid problematic zero-probability transition probabilities in our models
second and third positions. Only the coding regions of exons are considerealving to unobserved data, i.e. to emulate ‘pseudocounts’ (zero-probability
(according to the putative translation product of the gene), so that the firsransition probabilities are necessary when transitioning into and out from
exon of any gene is by default classified as phase 1. For all other exons, thetine donor or acceptor dinucleotides and were not adjusted in this process).
phase corresponds to that of the upstream intron. Dinucleotide frequencies at each position over the training region can be
For each of the three phase classes we identified introns with GC-A&onstrued as a % 4 matrix, where rows correspond to the mononucleotide
termini and extracted from the genomic templates, for both donor and acceptdieing departed from and columns correspond to that being transitioned into.
termini, 50 nt upstream through 50 nt downstream. Redundant entries werécertain dinucleotides were not observed at various positions in the training
removed. In a similar way we compiled sequence composition data for falsélata, then this would erroneously produce rows of zero-likelihood transition
within-exon (for the three different phases) and within-intron GC donor andprobabilities in the matrices; for such cases, we set all four probabilities to
AG acceptor sites. Random sampling of these data after removing redundaft25. Otherwise, if any dinucleotide transition probability in a row was below
entries produced sample sizes equal to those of the corresponding true dorethreshold of 0.0005, then we set itRg = 0.05, and all non-zero values in
and acceptor site data; the within-intron false sites were randomly samplethe row were adjusted tBew = Poig * (1 — 4 Pjix) + Pfix to produce a valid
to the size of the largest of the three true phase classes. Sizes of the trainipgobability mass distribution, whei®,q refers to the unadjusted parameter.
data corpora are shown in Table 1. Consistent with previous observationd/e elected to use 0.05 fdPix as empirically it gave the most reasonable
(Ruvinskyet al., 2005), most introns fall into the phase 1 class. results of a variety of values we tested (data not shown).
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Fig. 1. Arabidopsis information content plots. Information content plots were produced for 15 bases upstream through 20 bases downstream of GT and GC
donor dinculeotides, and 20 bases upstream through 15 bases downstream of AG acceptor dinucleotides in GC-AG atwhi@depsis introns identified
in the training data set (see Table 1).

Comparison of splice site models tree building program implemented in the PHYLIP package (Felsenstein,

The Bayesian models described above each yield ¥Bfirst order Markov 2004, hitp://evolution.genetics.washington.edu/phylip. html).

transition probabilities going into the nucleotide preceding the splice site . . ) . )
dinucleotide and the same number of probabilities going out of the nucleotidéNcor por ation of splice site probability modelsin the
following it. We considered six models in total: species-specific GT donorscoring of spliced alignments

models of GT-AG introns trained férabidopsis, rice, maize andledicago . . . .
: : . The GeneSeqger spliced alignments are optimized with respect to several para-
truncatula, and the GC donor models férabidopsis and rice. To compare . . : : " ; .
) . . meters, including weights for identities (default value: 2.0), mismatches
the different models, we considered these parameters in order as componegct’s

of 784-dimensional vectors and calculated distances between the models efault value:.—2.0) and deletions (dEf"?‘“'t yalueL:S.O per gap symbpl)
within exon alignments as well as logarithmically transformed exon/intron

the Euclidean distance between specific component ranges of these vectors. L L . . . e
P P g Tate transition probabilities derived from splice site prediction values along

Inspeptlop o_f_the |nf0rmat|9n content plo_ts |n_F|gures 1 and 2 indicate tha he genomic sequence (Usuétzal., 2000). Default donor site probabilities
there is significant loss of signal roughly five sites before and after the donor .

. . S L are 0.00005 for any GT and 0.00002 for any GC or AT (similarly, 0.00005
dinucleotides. However, we wanted to determine if there were distinct pattern

. . . . - . . . fsor any AG and 0.00002 for any AC as potential acceptor sites), with all
of dinucleotide usage in these otherwise uninformative regions proximal to . . . . "
) . ) . L other dinucleotides assigned a default donor or acceptor site probability of
the donor splice site. We first considered only the initial 720 elements of th
. . . 0,000001. These default values are replaced ky( 2 — 0.5 whenever that
upstream parameter vectors, corresponding to 15 codons prior to the terminal

o value is greater, wherg is the respective Bayesian a posteriori splice site
codon of the training exons. Because they are the most abundant category 0 - . o ) ;
- . . . obability as derived from the training data described above. As a simple rule
training exons (Table 1), phase 1 sites were used for this analysis. Phas

and 0 data produced similar results (data not shown; necessarily, all distancg%recognize U12-type introns, sites matching the UL2-type intron consensus
P ! Y. sequence ATCCTT downstream of the GT or AT donor site dinucleotide in six

must be calculated relative to the same codon phase, so pooling the sets’IS . - .

inappropriate). For balance, only the final 720 elements of the downstream five positions are scored 0.9 and 0.9, respectively (Brendél, 2004).
parameter vectors were used, representing the final 45 positions of the trainin

region in the downstream intron. We also considered independently the 19 rograms used

elements of the vectors corresponding to five positions upstream of the donaffe used a previous version of GeneSeqer (henceforth referred to as
dinucleotide through five positions downstream, with the modification thatGeneSeqerSTD’) as a prototype upon which to incorporate the new models.
the parameters for the GC-donor model donor dinucleotides involving theThe source code of this older version is available from the authors on request.
C-position were shifted to resemble GT-donors, preventing trivially inflated Source code for the revised GeneSeger (version of June 13, 2005, referred to as
Euclidean distances when compared with GT-donor vectors. The exon, introtGeneSeqerGC’ for this paper) is available at http://bioinformatics.iastate.
and splice site distance matrices were used as input to the neighbor-joiningdu/bioinformatics2go/gs/download.html. For spliced alignmentassays, Sim4

iii22


http://evolution.genetics.washington.edu/phylip.html
http://bioinformatics.iastate

Incorporation of splice site probability models for non-canonical introns

GTAG Rice (Donor Site) GTAG Rice (Acceptor Site)
S <
o ol
w ] ©
c - c -
2 o
Eao. E =
B 2"
= 1
a_ 0
o =]
o o _ %
s O 44—V 7T T T T T 1
-15 5 0 5 W 15 X =20 -0 -5 0 5 10 15
Sequence Position Sequence Position
GCAG Rice (Donor Site) GCAG Rice (Acceptor Site)
o _ <
™ o
@ ] v _
c = c L
2 2
E 24 £ 2
£ £
Q] n
o o
a a |
= R SN N E B S [ s |
-15 5 0 5 10 15 2 -20 -10 -5 0 5 10 15
Sequencs Position Sequence Position

Fig. 2. Rice information content plots. Information content plots were produced for 15 bases upstream through 20 bases downstream of GT and GC donor
dinculeotides, and 20 bases upstream through 15 bases downstream of AG acceptor dinucleotides in GC-AG and GT-AG rice introns identifiedgn the traini
data set (Table 1).

(Florea et al., 1998) was downloaded from http://globin.cse.psu.edu/, GC-AG variety, and such that one or more cDNA sequences supporting the
Spidey (Wheelart al., 2001) was obtained from http://www.ncbi.nim.nih. gene structure aligned with an overall similarity score of atleast 0.975 but not
gov/IEB/Research/Ostell/Spidey/spideyexec.html, BLAT (Kent, 2002) wasmore than 0.995 (and none of the supporting cDNA evidence aligned with a
downloaded from http://www.soe.ucsc.edleent/src/ and Splign (Kapustin  score<0.975). For each such PGL, we extracted the genic locus and 200 nt of
et al., 2004, http://recomb04.sdsc.edu/posters/kapustinATncbi.nim.nihupstream and downstream flanking sequence directly from the corresponding
gov_76.pdf) was obtained from ftp://ftp.ncbi.nim.nih.gov/genomes/TOOLS/pseudochromosome. A total of 100 test loci were randomly sampled from
splign/. Forab initio gene structure prediction, we used GENSCAN (Burge this population. For each test locus, an associated ‘pseudotranscript’ was
and Karlin, 1997), obtained from http://genes.mit.edu/license.html, andalso parsed directly from the genome based on the gene structure coordinates
the FGENESH_GC (Solovyev, 2001) and Eukaryotic GeneMark.hmm (M.given in the PGL.

Borodovsky and A. Lukashin, unpublished data) web servers, available at It wasimportant that the test genes were not a part of our GC donor training
http://www.softberry.com/berry.phtml?topic=fgeneshgc&group=programsé&dataset, as this would produce artificially elevated accuracy assessments for
subgroup=gfind and http://opal.biology.gatech.edu/GeneMark/eukhmm.cgplicePredictor with the newly trained models (SplicePredictorGC), which
respectively. Forab initio splice site prediction, we compared the pub- would have been explicitly trained on the test data. Our criteria of hav-
lished SplicePredictor version (Brendet al., 2004), referred to here ing at least one supporting cDNA sequence for a given PGL falling in the
as SplicePredictorSTD, with a new version incorporating the GC-donor0.975-0.995 similarity score range for a test locus precluded the gene from
site models, referred to here as SplicePredictorGC (obtainable as pahiaving been incorporated in the training dataset, nevertheless still permit-
of the GeneSeger code distribution); SplicePredictorSTD was modited resolution of reliable gene structures for our test set using transcript
fied to score all GC dinucleotides in the same way as GT dinuc-evidence.

leotides. The NetGene2 program (Hebsgaatdal., 1996) was used We also compiled an independent control test set of 100 genes in
through the NetPlantGene mail server, accessible at http://www.cbs.dtu.diérabidopsis and rice just as we compiled the GC—-AG intron-containing
services/NetPGene/mailserver.php. GeneSplicer (Pertala, 2001) gives  test sets, with the exception that the control genes had to have at least
good results for canonical splice sites, but it does not predict non-canonicdbur introns, but all of the GT-AG type. Similarly, sets of 25 U12 intron-

splice sites and was therefore irrelevant to this study. containing genes (with AT donor and AC acceptor dinucleotide termini)
for these two taxa were collected. All of these test datasets are available
Test data at http:/gremlin1.gdcb.iastate.edwolker/SBO5B/test_data/.

We accumulated 100 GC donor-containing test loci eacAfabidopsis and . .
rice for purposes of comparing spliced alignment programs and assessin%pllced alignment assays

ab initio gene structure and splice site prediction programs as follows. Usind?erformance assessments of spliced alignment software were conducted at the
the alignment data mentioned above, we identified Predicted Gene Locatior 1, 5, 10 and 25% simulated transcript sequencing error levels by attempt-
(PGLs) containing four or more introns, exactly one of which had to be of theing to match mutated transcripts to their cognate genomic loci. To generate
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the mutated sequences for a given simulated sequencing error lexébof A
X instances of either point substitution or insertion/deletion mutations (of
a length randomly selected from 1 to 3 residues) per 100 bases of the
pseudotranscript were induced. Software used for this task is available at
http://gremlinl.gdch.iastate.edwolker/SBO5B/misc/mutseger.c.

We compared GeneSeqerGC with GeneSeqerSTD, Splign, BLAT, Sim4
and Spidey. Exact program parameters usedéfabidopsisand rice, includ-
ing the actual spliced alignment results, are provided as supporting data a™ ¢
http://gremlinl.gdcb.iastate.edwolker/SBO5B/test_alignments/. At each ]
simulated sequencing error level, 25 replicates were produced, permit- miGTe st mtGTi
ting both accuracy and precision assessments for each program on the 10
Arabidopsis and rice test loci. These assays tested for competency in both
GC-donor site detection alone and complete gene structure resolution. The
latter was assessed on the intron level—a gene structure prediction was coun
ted completely correct whenever all predicted intron borders matched those
of the true gene structure.

0sGCe atGCe

osGCi

atGTe

atGTi
2mGTi

0sGCs

Abinitio assays

We tested the GENSCAN, GeneMark.nmm and FGENESHa&BQGnitio

gene structure prediction and SplicePredictorGC, SplicePredictorSTD and
NetGene2ab initio splice site prediction programs on the GC-AG and AT-
AC test loci to determine if any of these software were capable of annotating
known GC donors or AT-AC introns, respectively. As mentioned above, mtGTs
SplicePredictorSTD was modified to score all GC dinucleotides in the same

way as GT dinucleotides. For the gene structure prediction tools, we also iahbor-ioini derived f q ) gel i
assessed each program’s ability to delineate complete gene structures. Fig. 3. Neig or-joining trqes erived irom donor 5|t.e Model-Specitic para-
meter vectors. atArabidopsis thaliana; os, Oryza sativa; mt, Medicago

I dentification of GC-AG intronsin Arabidopsisand rice truncatula; zm, Zea mays. GT, GT-donors; GC, GC-donors; e, exon

After incorporation of the GC—AG models into GeneSeqerGC, we reannot_parameters, I, intron parameters; s, splice site parameters.

ated theArabidopsis and rice genomes using full-length cDNA sequences.

We considered oqu introns derlyed from gene structures such that all CDNA'prediCtion. Information content profiles at acceptor sites are very
sequences mapping to a gene yielded an overall score not less than 0.95. For

Arabidopsis, of a total of 70 803 introns, 69474 (98.12%) were of GT-AG SIMilar, in either species, between GT-AG and GC-AG intron types.

type, 776 (1.10%) were of GC—AG type and 553 (0.78%) were of othertypesFurthermor_e, the superimposable_ acceptqr site information content
For rice, of a total of 71 099 introns, 65 337 (91.90%) were of GT-AG type, Profiles indicate that the elevated information content at GC donors

1804 (2.54%) were of GC—AG type and 3958 (5.57%) were of other typeslelative to GT donors is not an artifact owing to differing sample
These results show higher proportions of GC—AG and other type introns relassizes between our GT-AG and GC—-AG intron populations. This lat-
ive to those identified in the training data set described in Table 1, particularlter observation suggests that, in biological systems, constraints on
for rice. This probably results from a combination of incorporation of explicit the degree of adherence to a consensus acceptor sequence, for any
GC-AG models in GeneSeqerGC and the lower stringency used t_o C””_ﬂ_‘iﬁarticular acceptor site, operate independently of whether a GT or
dataset (overall score of 0.95 or greater versus 1.0 used to compile training ~ 4onor occurs upstream of it. The consensus sequences of GT—
data). AG and GC-AG donor sites are identical, with the exception of the
Gene Ontology (GO) annotation T <> C transition mutation (data not shown). This reduced combinat-
To test whether GC-AG intron containing genes have preferential occurprlal complexity simplifies mcorporatlon of a GC donor !’“00_'6' into
rence in particular functional classes of genes, we evaluated the dist—he framework of the GeneSeqer algorithm: when considering what
tribution of GOslim terms (Berardingt al., 2004; downloaded from @n appropriate donor site might be for a given intron, the algorithm
ftp://ftp.arabidopsis.org/home/tair/Ontologies/Gene_Ontology/) associate@oes not need to modify its procedures for selecting an appropri-
with a set of 622 annotatetabidopsis genes (Wortmaet al., 2003), each  ate acceptor site. This also implies that the parameterizations for
containing at least one GC-AG intron confirmed by our reannotation of theacceptor sites in the Bayesian splice site models trained on GT-AG

Arabidopsis genome, described below. Significance of the distribution wasdata are sufficient for assessing acceptor sites in both intron types.
evaluated by random sampling of same-size sets of non-GC-AG intron con-

taining Arabidopsis genes. A particular GOslim category was regarded asDiffer ences between species-specific models

over- or underrepresented if the frequency of the term in the GC set wa
in the top five or lower five values in comparison with 99 randomly drawn

IS—'igure 3 shows neighbor-joining derived topologies based on the

non-GC sets. Euclidean distances between the parameter sets of the various donor
site models (see Systems and Methods section). For GT-donors,
RESULTS AND DISCUSSION exon, intron and splice site parameters cluster according to the

. . monocot/dicot divide. The GC-donor intron and splice site para-
Information plots and pictograms meters ofArabidopsis and rice are nearest neighbors, closer to each
Information content profiles for donor and acceptor sites ofother than to the GT-donor intron parameters within the same taxo-
Arabidopsis and rice are shown in Figures 1 and 2, respectively.nomic clade. For the exon parameters, the GC-donor parameters
These data support the notion of stricter adherence to a donor cogroup with their taxonomic clade, but with long branch lengths rel-
sensus site in GC donors, promising good potential for statisticahtive to the close pairs of GT-donor parameters within each clade.
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Table 2. Accuracy of GC-donor site prediction

Program 0% 1% 5% 10% 25%

Arabidopsis
GeneSeqerGC 100 99.72 (0.32) 99.76 (0.97) 95.92 (1.43) 80.48 (3.04)
GeneSeqerSTD 100 97.28 (1.32) 83.92 (2.58) 69.84 (3.01) 33.40 (3.49)
Splign 100 98.24 (1.17) 88.88 (2.22) 74.72 (2.61) 0.00 (0.00)
BLAT 100 95.64 (1.93) 74.84 (3.45) 52.08 (4.03) 4.40 (1.74)
Sim4 92 89.72 (1.22) 80.36 (3.28) 67.92 (2.95) 17.60 (2.92)
Spidey 84 79.72 (1.41) 60.04 (2.72) 45,76 (3.39) 7.08 (1.68)

Rice
GeneSeqerGC 100 98.44 (0.97) 92.32 (1.45) 82.56 (6.83) 31.88 (15.20)
GeneSeqerSTD 100 97.40 (1.37) 80.72 (12.33) 57.60 (17.65) 10.36 (8.88)
Splign 99 97.88(1.22) 86.40 (12.14) 66.08 (15.32) 0.00 (0.00)
BLAT 93 90.16 (1.08) 63.36 (15.01) 29.96 (15.19) 0.92 (0.83)
Sim4 91 90.16 (1.00) 73.24 (14.67) 57.52 (17.46) 20.60 (12.97)
Spidey 85 78.40 (9.67) 61.64 (17.04) 37.64 (17.28) 6.56 (6.33)

apercent simulated sequencing error induced on pseudotranscripts (see Systems and Methods section for details). The table values give thedaehdeviatiins (in parentheses)
of successful detection of known GC-donor sites in 100 GC-AG intron-containing test loci for eAcdbixfopsis and rice over 25 replicates.

Table 3. Accuracy of overall GC—-AG intron-containing gene structure prediction

Program 0% 1% 5% 10% 25%

Arabidopsis
GeneSeqerGC 100 91.52 (2.37) 62.88 (3.94) 41.32 (3.60) 7.40 (1.75)
GeneSeqerSTD 100 89.96 (2.60) 55.84 (4.39) 32.72 (3.88) 3.52(1.43)
Splign 97 88.12 (2.53) 58.68 (4.07) 22.08 (2.70) 0.00 (0.00)
BLAT 100 31.60 (4.28) 0.36 (0.45) 0.00 (0.00) 0.00 (0.00)
Sim4 88 79.44 (1.63) 51.56 (4.17) 25.80 (3.21) 0.04 (0.14)
Spidey 96 48.20 (4.38) 6.64 (2.31) 0.36 (0.45) 0.00 (0.00)

Rice
GeneSeqerGC 100 95.68 (1.83) 78.96 (6.83) 66.20 (9.66) 22.36 (15.43)
GeneSeqerSTD 100 94.80 (2.32) 71.00 (12.20) 47.16 (17.38) 6.24 (8.80)
Splign 90 87.60 (1.50) 72.36 (11.83) 50.36 (15.65) 2.56 (5.49)
BLAT 83 71.92 (7.63) 34.88 (17.72) 10.64 (11.32) 3.40 (4.11)
Sim4 79 78.00 (0.97) 60.64 (14.75) 47.08 (16.89) 13.28 (12.56)
Spidey 84 73.36 (10.04) 46.36 (17.51) 23.64 (15.89) 2.56 (5.49)

aPercent simulated sequencing error induced on pseudotranscripts (see Systems and Methods section for details). The table values give thedashdendtiin (in parentheses)
of successful detection of entire gene structure in 100 GC-AG intron-containing test loci for eaelbidbpsis and rice over 25 replicates.

These results underscore not only compositional differences betweeseen that GeneSeqerGC significantly outperforms spliced alignment
monocots and dicots, but in particular they suggest considerablprograms without explicit GC-donor splice site models, with89%
biases associated with GC-AG intron and GC-donor splice sit€5C-donor site detection rate even at the 10% sequence error level.
dinucleotide compositions relative to their GT-AG counterparts. ItThis rate is~20% higher than the best of the other programs (Splign).
is unclear whether these biases reflect evolutionary history of thisore than 40% of the entire gene structures are predicted correctly
class of introns, functional constraints on their splicing or overallat the same sequence error level. The increase in performance when
compositional biases of gene classes that harbor GC-donor intrormpared with GeneSeqerSTD demonstrates that the improvement
(see below). is because of the specific GC-donor site models, rather than other
. . features of the GeneSeqger algorithm.
Spliced alignment To ensure that these improvements do not cause significant detri-
We wanted to compare the performance of GeneSeqerGC to othefient to the accurate spliced alignment-based annotation of a typical
spliced alignment software on two levels: detection of known GCeukaryotic gene containing exclusively GT-AG introns, we tested the
donor splice sites and correct resolution of full gene structuressame set of spliced alignment programs on our GT-AG control test
Assessments were made using the 100 GC donor-containing splicethta for competency at determining overall gene structures, the res-
alignment test loci foArabidopsisand rice described above. Results ults of which are presented in Table 4. Comparison of GeneSeqerGC
of these respective experiments are presented in Tables 2 and 3. Inisth GeneSeqerSTD demonstrates that, when presented with a
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Table 4. Accuracy of overall gene structure prediction in a non-GC control set

Program 0% 1% 5% 10% 25%

Arabidopsis
GeneSeqerGC 100 94.60 (1.50) 69.16 (3.91) 44.68 (3.79) 10.08 (1.74)
GeneSeqerSTD 100 94.68 (1.48) 69.80 (3.88) 46.12 (3.62) 11.04 (1.77)
Splign 100 96.16 (1.65) 66.92 (5.99) 25.84 (2.78) 0.00 (0.00)
BLAT 97 34.28 (5.42) 0.12 (0.22) 0.00 (0.00) 0.00 (0.00)
Sima 97 91.36 (1.78) 64.20 (4.83) 34.80 (2.98) 0.00 (0.00)
Spidey 96 54.44 (4.20) 5.64 (1.71) 0.32 (0.44) 0.00 (0.00)

Rice
GeneSeqerGC 99 89.12 (1.78) 60.16 (3.12) 36.88 (2.61) 5.12 (1.26)
GeneSeqerSTD 100 90.56 (1.96) 62.76 (2.92) 39.28 (2.82) 6.44 (1.54)
Splign 100 92.00 (2.47) 67.32 (4.15) 25.16 (2.84) 0.00 (0.00)
BLAT 97 21.00 (5.08) 0.24 (0.47) 0.00 (0.00) 0.00 (0.00)
Sim4 99 90.72 (2.53) 64.96 (4.00) 31.72 (2.89) 0.00 (0.00)
Spidey 97 46.48 (3.87) 5.80 (2.04) 0.12 (0.22) 0.00 (0.00)

apercent simulated sequencing error induced on pseudotranscripts (see Systems and Methods section for details). The table values give thedaehdendtiin (in parentheses)

of successful detection of entire gene structure in 100 test loci containing exclusively GT-AG introns for Aeaihidifpsis and rice over 25 replicates.

Table 5. Accuracy of AT-AC intron prediction

Program 0% 1% 5% 10% 25%

Arabidopsis
GeneSeqerGC 100 95.20 (2.68) 82.72 (4.48) 67.20 (6.31) 30.72 (7.61)
GeneSeqerSTD 100 95.20 (2.68) 83.36 (4.55) 69.76 (5.83) 32.80(7.18)
Splign 96 93.44 (2.54) 84.80 (3.43) 62.24 (6.81) 0.00 (0.00)
BLAT 92 85.60 (2.80) 67.20 (5.94) 34.88 (6.34) 0.96 (1.22)
Sim4 28 27.52 (2.33) 26.88 (2.86) 20.48 (5.13) 4.64 (0.93)
Spidey 48 41.28 (2.88) 27.20 (4.20) 11.52 (4.87) 0.48 (0.93)

Rice
GeneSeqerGC 100 97.12 (2.38) 81.76 (6.42) 65.60 (7.23) 29.12 (6.02)
GeneSeqerSTD 100 96.96 (2.59) 81.12 (6.49) 66.40 (7.09) 31.36 (6.55)
Splign 96 97.28 (1.93) 83.52 (6.68) 66.08 (5.78) 0.00 (0.00)
BLAT 88 83.04 (2.83) 60.80 (5.94) 34.24 (5.83) 0.64 (1.05)
Sim4 12 12.96 (2.46) 16.48 (4.38) 18.24 (5.49) 3.84 (2.06)
Spidey 24 21.44 (1.79) 11.20 (3.43) 6.40 (3.33) 0.32(0.77)

aPercent simulated sequencing error induced on pseudotranscripts (see Systems and Methods section for details). The table values give thedaehdeidtin (in parentheses)
of successful detection of entire gene structure in 25 AT-AC intron-containing test loci for eAcsibadopsis and rice over 25 replicates.

simulated sequencing error challenge, explicit modeling of GC—AGntron detection (competency at determining both donor and acceptor
introns does not generally prevent accurate annotation of GT-AGerminal dinucleotides) and complete gene structure resolution,
intron-containing gene structures. Better performance relative to theespectively. Splign and the GeneSeger variants clearly outperform
other programs reiterates the value of explicit splice site modelingthe other programs. It should be noted that the slight performance dis-
The poorer performance statistics for all programs on this rice setrepancy between GeneSegerGC and GeneSeqerSTD are probably
compared with the GC—AG intron containing set reported in Table 3owing to noise generated by the GC-AG models, as all other aspects
may be a sampling effect. of the programs are identical. The GeneSeqger U12-donor prediction

. . . . accuracy is more sensitive to sequencing errors than its accuracy for
Spliced alignment detection of U12-typeintrons GC-donors, which is as expected because the U12-donor site scores

To further probe the potential of gene structure prediction improveare based on (near-)exact matching to the consensus U12 pattern
ments by incorporation of models for non-canonical splice sites(Brendelet al., 2004).

we also assessed the ability of the spliced alignment programs to. . | ) ) .

annotate AT-AC U12-type intron-containing gene structures with\P initio gene structure and splice site prediction for

a test set of 25 genes (see Systems and Methods section). Thé&&—AG intron containing genes

spliced alignment assays were conducted similar to their GC-AGNe tested theab initio gene structure prediction programs
counterparts, with results presented in Tables 5 and 6 for AT-AGGENSCAN, GeneMark.hmm and FGENESH-GC for their ability to
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Table 6. Accuracy of overall AT-AC intron-containing gene structure prediction

Program 0% 1% 5% 10% 25%

Arabidopsis
GeneSeqerGC 100 86.24 (4.99) 47.68 (5.23) 27.04 (6.58) 2.56 (2.54)
GeneSeqerSTD 100 86.08 (4.92) 48.16 (5.39) 27.52 (6.87) 2.56 (2.65)
Splign 96 84.16 (5.51) 53.44 (6.90) 16.16 (5.14) 0.00 (0.00)
BLAT 92 22.08 (5.31) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Sim4 24 21.12 (2.74) 14.08 (3.80) 6.08 (2.57) 0.00 (0.00)
Spidey 48 18.88 (5.39) 1.44 (1.59) 0.16 (0.56) 0.00 (0.00)

Rice
GeneSeqerGC 100 85.28 (6.30) 47.84 (9.58) 20.32 (6.81) 1.76 (1.63)
GeneSeqerSTD 100 85.76 (6.96) 47.52 (9.57) 21.60 (6.10) 2.08 (1.64)
Splign 96 86.88 (5.14) 48.80 (9.39) 17.60 (4.98) 0.00 (0.00)
BLAT 88 27.84 (6.97) 0.16 (0.56) 0.00 (0.00) 0.00 (0.00)
Sim4 12 11.52 (3.16) 8.64 (4.48) 5.12 (3.38) 0.00 (0.00)
Spidey 24 10.88 (2.36) 1.92 (1.83) 0.48 (0.93) 0.00 (0.00)

apercent simulated sequencing error induced on pseudotranscripts (see Systems and Methods section for details). The table values give thedaedhdendtin (in parentheses)
of successful detection of entire gene structure in 25 AT-AC intron-containing test loci for eAcibidopsis and rice over 25 replicates.

Table 7. Splice site prediction accuracy for GC-donors

Arabidopsis Rice

c P FP Sn Sp P FP Sn Sp
SplicePredictorSTD 6.0 96 281 0.96 0.25 81 579 0.81 0.12

12.0 88 31 0.88 0.74 77 85 0.77 0.48

15.0 71 4 0.71 0.95 74 41 0.74 0.64
SplicePredictorGC 6.0 95 147 0.95 0.39 82 456 0.82 0.15

12.0 93 19 0.93 0.83 82 36 0.82 0.69

15.0 86 9 0.86 0.91 82 10 0.82 0.89
NetGene2 80 7 0.80 0.92 31 4 0.31 0.89

Values are relative to the test sets of 100 gene&ralbidopsis and rice, each containing exactly one GC-AG intron (see Systems and Methods sectiotigal value for Bayesian
splice site prediction (Brendet al., 2004); TP, true positive; FP, false positive; Sn (sensitivity) P/100, and Sp (specificityy= TP / (TP+ FP) (Burset and Guigd, 1996).

predict GC-AG introns on test sets of 100 genomic regions fronreflecting the longer intron lengths in rice (see below). NetGene2

Arabidopsis and rice. Each region contains a gene with four orwith default settings shows high specificity, at the cost of diminished

more introns, exactly one of which is a cDNA-confirmed GC-AG sensitivity. The SplicePredictor programs give comparable results at

intron (see Systems and Methods section). GENSCAN and Genex high threshold for the critical value(Brendelet al., 2004). The

Mark.hmm did not predict GC-donor sites, thus failing on all genepoor performance of NetGene2 on rice relativeArabidopsis is

structures. FGENESH-GC predicted 54% of #bidopsis and most probably explained by the monocot to dicot differences dis-

64% of the rice GC sites; however only 26% and 3% of the genecussed earlier; as NetGene2 only offéisbidopsis parameters,

structures in the two sets were predicted correctly in their entirety. those were used also on the rice sequences. Note also for rice the
Table 7 gives results of splice site prediction algorithms on thedramatic drop in false positive predictions by SplicePredictorGC at

same GC-AG test dataset used in the spliced alignment assaysgherc-values, without loss in sensitivity. This results from the fact

The new GC-donor site models incorporated into SplicePredictorthat true GC-donors match well to a consensus signal and thus tend

GC significantly reduce the false positive prediction rate (increaséo score very high.

specificity) in bothArabidopsis and rice compared with Splice- L. . . .

PredictorSTD, which uses the strategy of treating each GC in thgharacterlzatlon of GC-AG intronswithin their gene

input sequence in the same way as the GTs. The true positive reco$tr ucture

ery rate (sensitivity) is about the same for both strategies. This resuliVe used the sets éfabidopsis and rice genes with cDNA-confirmed

is consistent with the general conservation of the GT-donor site signabC—AG introns to probe for possible significant features of the

in GC-sites, but with stronger adherence to the consensus sequengederlying gene structures. In particular, we addressed the following

as discussed above. Prediction accuracy is lower in rice compareglestions in comparison with non-GC-AG intron containing genes.

with Arabidopsis, with the high false positive prediction rates in part What is the average length and base composition of the GC-AG
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Fig. 4. Length distribution ofArabidopsis (at) and rice (0s) introns with GT- and GC-donors. Size markers on-tids are in hundreds. Relative frequency
is given on they-axis.

introns? What is the average number of exons in these genes? Glassification of GC-AG intron containing genes
there any preference of the GC-AG introns to occupb3-most?  As shown above, mutation of the C in a GC-donor to T will resultin a

The average length of thrabidopsis GC-AG introns was found  hjgh-scoring GT-donor site that would be predicted to be an efficient
to be 168 nt, compared with 159 nt for GT-AG introns; for rice, the gpicing site. Thus, it is an intriguing question whether GC-donors
means are 691 and 386 nt. Figure 4 shows the length distributions ijverely represent tolerated mutations that are in equilibrium with
detail. In general, rice has a higher frequency of long introns comgT.donors. Alternatively, present day GC-donors may be remnants
pared withArabidopsis. Of note is the particularly high proportion  of an evolutionary lineage, or there may be functional constraints
of long GC-AG introns in rice. The base composition of both classe%cting on the extant genomes that maintain these sites. If the GC-
of introns is similar within each species, although the rice GC-AGqonors represent tolerated mutations, then one would not expect a
introns are slightly higher in G- C content. Theérabidopsisintrons  particular bias for their association with specific classes of genes. To
have a strong bias for U (40.3% in GT-AG introns, compared withiest for such association, we derived the counts of GC—AG introns per
35.2% for rice), consistent with previous observations for dicots a”qb\rabidopsisgene class as defined by GOslim terms defining cellular
monocots (Keet al., 1998). o » components (Berardirgt al., 2004). The statistical significance of

Of the 622 distinct annotateitabidopsis genes containing GC—  the gbserved counts was assessed by comparison with counts derived
AG introns, 37 contained two GC-AG introns apiece, and onlysq, randomly sampled genes containing GT-AG introns only.
one contained three GC-AG introns (At3g10380, putatively encod- The results (Fig. 5) show that GC-AG intron-containing
ing the exocyst complex component Sec8), the maximum numbegapidopsis genes tend to be overrepresented in the chloroplast,
encountered in this study for a single gene. We identified 168 pUtatr‘nitochondria, nucleus, plasma membrane, other membranes, other
ive rice orthologs of the GC-AG intron containinyabidopsis  ce|jular components and other cytoplasmic components and are less
genes. Pairs of rice artabidopsisgenes were considered ortholog- frequently encountered than expected in the cellular component
ous if their translation products yielded reciprocally best BLASTP ,nknown category. However, no clear bias emerged, and in view of
(Altschuletal., 1997) hits ata threshold & < 10-**and no similar  the premature state of the ontology assignations no firm conclusions
next-best hits. Eleven of these rice genes also had a GC-AG introRgn, he reached. The rice data, with ontology terms derived from their

LOC_0Os01968330, the rice ortholog for Atlg70610, has two GCpresymedirabidopsisorthologs, gave a similar distribution (data not
AG introns. The genes are thought to encode chIoroplast-assomat%q‘:l,own)_

ABC transporters. At1g70610 has only one GC-AG intron. For the
better-annotatedrabidopsis genome, based on our data the fraction
of genes with GC-AG introns is2.5% of all genes. Thus, conser- CONCLUSIONS
vation of the GC—AG intron in 11/168 ortholog pairs is much more Current genome annotation reflects the limitations of computational
than expected by chance, suggesting these introns may have existels available for the task. With increasingly available genome data,
prior to the divergence of dicots and monocots. some of these limitations can be overcome by more specific training
The average exon count for the 62abidopsis GC—-AG intron-  of the software. FoArabidopsis, our GeneSeger spliced alignment
bearing genes is 12.18, compared with an average of 5.06 over albol detected an additional 115 cDNA-confirmed GC-AG introns
annotatedirabidopsis genes. Of the identified 168 rice orthologs of over the currently annotated 661 cases. For rice, only 500 GC-AG
these genes, we determined, using the TIGR pseudomolecule vantrons were previously annotated, and this study identified an addi-
sion 3.0 annotation, that they contain on average 12.13 exons péibnal 1304 instances. In practice, gene structure is predicted from
gene, in comparison to an average of 5.89 exons per gene over alle consensus of multiple cDNA and EST alignments at a given
rice genes. Thus there seems to be a distinct bias for GC—AG introrlscus. This allows accurate gene structure prediction from spliced
to occur in genes with high exon count. Our analyses did not indicalignment of heterogeneous transcripts, which is of great practical
ate that GC—-AG genes exhibit any form of polar selectivity within importance for plant genome annotation given the relatively small
gene structures, as their positions in their host genes were uniformigets of available cDNAs and ESTs for any given species (Schlueter
distributed (data not shown). et al., 2003). The demonstrated robustness of the GeneSeqer spliced
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