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Several Aspergillus fungal genomic sequences have been published, with many more in progress. Obvi-
ously, it is essential to have high-quality, consistently annotated sets of proteins from each of the gen-
omes, in order to make meaningful comparisons. We have developed a dedicated, publicly available,
splice site prediction program called NetAspGene, for the genus Aspergillus. Gene sequences from Asper-
gillus fumigatus, the most common mould pathogen, were used to build and test our model. Compared to
many animals and plants, Aspergillus contains smaller introns; thus we have applied a larger window size
on single local networks for training, to cover both donor and acceptor site information. We have applied
NetAspGene to other Aspergilli, including Aspergillus nidulans, Aspergillus oryzae, and Aspergillus niger.
Evaluation with independent data sets reveal that NetAspGene performs substantially better splice site
prediction than other available tools. NetAspGene will be very helpful for the study in Aspergillus splice
sites and especially in alternative splicing. A webpage for NetAspGene is publicly available at http://

www.cbs.dtu.dk/services/NetAspGene.

© 2008 Elsevier Inc. All rights reserved.

1. Introduction

The filamentous fungal genus Aspergillus comprises over 182
species (Archer and Dyer, 2004). Several genomes have been pub-
lished so far: Aspergillus fumigatus, a common human pathogen
(Pel et al., 2007); Aspergillus nidulans, a convenient genetic model
organism which have contributed much to classical genetics (Gal-
agan et al., 2005); Aspergillus oryzae, an important organism for
production of fermented foods mainly in northeast Asia (Machida
et al., 2005), Aspergillus niger which is a key organism which has
long been used for production of citric acid and other industrial en-
zymes (Pel et al., 2007), and currently another two species closely
related to A. fumigatus: Neosartorya fischeri and Aspergillus clavatus
(Fedorova et al., 2008). A. fumigatus has been widely studied since
it is a potentially deadly human pathogen and a major allergen. It is
commonly found growing on organic debris in the soil, disperses
non-sexual spores called conidia in the atmosphere, relying on dis-
turbances of the environment and strong air currents (Latge, 1999).
Exposure to A. fumigatus can cause an allergic response in sensitive
individuals. All humans breathe in at least several hundred A.
fumigatus conidia per day. However, the conidia are eliminated
efficiently by the innate immune system (Chazalet et al., 1998).
A. fumigatus is particularly harmful to humans whose immune sys-
tem has been compromised by disease, drug therapy or genetic
conditions. More importantly, A. fumigatus is an opportunistic
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pathogen of transplant patients, AIDS patients, and other immune
compromised individuals. The incidence of invasive aspergillosis in
immunocompromised hosts can be as high as 50%, and the mortal-
ity ranges from 50% to 100% (Denning, 1998). The cost to treat
diagnosed cases of invasive aspergillosis was around $633 million
in the USA in 1996; $64,500 for each case (Dasbach et al., 2000).
Only two antifungal drugs were produced before 2001 (Denning
et al., 2002).

Aspergillus niger and A. nidulans can also cause infections. A.
fumigatus is the most common Aspergillus species causing invasive
disease, responsible for approximately 90% of human infections. It
was believed that the virulence of A. fumigatus is due to the immu-
nosuppression or genetic deficiency of the host rather than unique
fungal determinants (Tekaia and Latge, 2005). Thermotolerance is
a trait critical to thrive in mammalian bodies. A. fumigatus is able
to grow over 50 °C (Denning, 1998), and it grows faster than any
other airborne fungus at 40 °C (Tekaia and Latge, 2005).

Little was known about the A. fumigatus genomic structure be-
fore the genome sequence of clinical isolate Af293 became avail-
able (another isolate A1163 were published recently (Fedorova
et al., 2008)). The Af293 isolate genome consists of a 29.4 Mbp se-
quence, eight chromosomes, and 9926 genes (Nierman et al.,
2005). In this genome, gene sequences are often split into coding
regions (exons), and intervening sequences (introns). Cells must
precisely excise the noncoding intron sequences, and ligate the
coding exon sequences by spliceosomal processing. Splice sites
are sequence signals at two ends of introns. The recognition of
those sequences is an important initial step of splicing. Mutation
of the splice site sequences inactivates often splicing (Sharp, 2005).
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In the past twenty years, a number of gene finders and splice
site predictors have been developed, but there are very few avail-
able options in particular for Aspergillus. Even for predictions on
higher eukoraytic species, the performance is still far from good,
especially when considering alternative splicing where multiple
transcripts exist for one gene (Brent, 2008; Mathe et al., 2002). A
general approach towards the identification of functional sequence
elements is to combine the outputs from several different predic-
tion tools. Compared to complete gene finders, which are helpful
for identifying genomic gene locations and different kinds of gene
features (start codon, stop codon, UTR, CDS and so on), splice site
predictors focuses typically on the putative donor and acceptor
sites where donor and acceptor sites are predicted separately. That
is, the donor and acceptor sites do not have to be paired like in
gene finders, so this provides an opportunity to list multiple donor
sites paired with one acceptor site, or one donor site with multiple
acceptor sites relevant in the case of alternative splicing. So a set of
splice site candidates can thus be used to design probes for micro-
array analysis of gene expression or alternative splicing in a gen-
ome-wide manner. Furthermore, accurate splice site signals with
higher confidence values can be quite useful in the precise predic-
tion of genes.

We present a novel and species-specific predictor of splice sites
trained on A. fumigatus sequences based on neural network algo-
rithms. It performs very well on the Aspergillus species when com-
pared to other tools. The prediction results on the NetAspGene web
server are also shown graphically and in GFF3 format.

2. Materials and methods

Artificial neural networks (ANNs) have been used successfully
for splice site prediction e.g. in genes in humans and plants (Bru-
nak et al., 1991; Hebsgaard et al., 1996). By adjusting the weights
in the networks, ANNs are able to generalize beyond the training
data. It is obviously essential to test the predictive performance
on independent data sets.

2.1. Data preparation

The quality of the underlying data set is extremely critical.
Unfortunately, there are often many errors appearing in biological
databases and in genome annotation. We tried to filter out pre-
dicted Aspergillus genes, and then used very strict criteria to check
and validate the data quality and reliability before training the
algorithms.

The A. fumigatus genome (isolate Af293) was downloaded from
NCBI. The genomic sequence consists of 9,923 genes with 18,282
pairs of splice sites (99.7% of them are GT-AG pairs). Due to the
presence of either orthologs from different species or paralogs from
gene families, many genes have in practice more than one copy. To
assess the unbiased predictive ability of an artificial neural net-
work, the data used for training and the data for testing must be
non-similar. Therefore, homology reduction based on BLAST align-
ments at the amino acid level was performed. After creating a sim-
ilarity list from the BLAST output, the Hobohm algorithm was used
to set up a cutoff for the highest allowed similarity. The Hobohm
algorithm is a robust selection algorithm to extract as many as pos-
sible high quality non-homologous examples from BLAST align-
ments (Hobohm et al., 1992). We did not consider the alignments
from BLAST with lengths less than 10 nt; and also not lengths great-
er than 80 nt with BLAST percent identities smaller than 24.8%; as
well as lengths between 10 and 80 nt when the BLAST percent iden-
tities were smaller than 290.15exp(—0.562"log(x)), where x is the
length. After removing redundancy in this way, only about half
the genes (4867) remained.

Furthermore, we only kept the well-annotated genes, and dis-
carded all hypothetical and predicted genes. Last, the data set
was not allowed to have any logical errors. Several criteria were
used to validate the correctness of the remaining genes. The opti-
mal gene was mainly defined by: intron number exceeding one;
open reading frame size should be a multiple of 3 nt; and should
contain correct start codon and stop codon. Finally, 1243 non-
redundant genes with well-known and clear annotations were
identified as the data set to use for neural network training. From
this highly non-redundant set, we randomly selected 840 genes to
train, 270 genes to test, and did leave 133 genes out for final eval-
uation. Compared to many other organisms, only limited amounts
of EST and cDNA information is available for Aspergillus, and this
fact possibly bias the set of 1,243 genes we used after filtering,
and we still cannot be certain that this set fully represents the
diversity of Aspergillus gene structure. This issue can only be solved
when more and more genes are confirmed by experiments.

Comparing with humans and the plant Arabidopsis, Aspergillus
has very different exon-intron structure, with an average exon size
400 nt and an average intron size 100 nt. In contrast, the average
size for human exons is 150 and 740 nt for introns, while Arabidop-
sis has averages of 179 and 146 nt, respectively. This suggests that
the architectures of the neural networks possibly should be differ-
ent, and that they should be trained to find a novel combination
different from other organisms.

2.2. Neural networks

The networks used in this study were of the multi-layer error
back propagation type with three layers: an input layer, a hidden
layer, and an output layer. The input was a segment of nucleotide
sequences with an uneven window size in terms of nt. The output
from the networks came from just one unit giving a value between
0.0 and 1.0, which was used to represent a category assignment for
the middle nucleotide in the input window to assign if this nucle-
otide was predicted as coding or noncoding or if this nucleotide
was predicted as a splice site or non-splice site. The entire gene
structure was used as input for the neural networks to train. So,
the exon and intron length distributions, as well as all other splice
site patterns, have been included into our network training. In fact
in a neural network with a large window the weighs can adapt to
situations where different length properties couple to different
nucleotide sequence properties. This means that the prediction
power goes far beyond schemes which just take a length distribu-
tion into account when scoring.

Many neural networks for coding/non-coding, donor sites, and
acceptor sites were combined into one ensemble predictor (Brunak
et al., 1991; Hebsgaard et al., 1996). Firstly, the separated donor
and accept networks with different window sizes and hidden units
were examined and combined: windows from 3 to 61 nt and hid-
den units from 0 to 100. Networks with 37 nt as the window size
gave the best performance for donor sites; networks with 41 nt
window size perform well for acceptor sites. To further enhance
the predictions, we picked up 10 differently initialized architec-
tures with different training window sizes and hidden units, and
calculated the average as the prediction output individually for do-
nor or acceptor sites. Next step, in order to obtain good perfor-
mance for both small and large exons and introns, we did not
just use only one optimal window size for the coding prediction
networks, instead we averaged over networks with different win-
dow sizes between 101-401 nt after testing a large number of
combinations for different networks. The extremely large window
sizes for coding prediction cover both donor and acceptor sites of
many exons, and gave better performance than single smaller win-
dow networks. Then, the predicted coding potential was used as a
cut-off value for the prediction of local splice sites. The coding net-
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works in NetAspGene are used to model the transitions from cod-
ing sequence to non-coding sequence in the vicinity of the pre-
dicted donor and acceptor sites according to a specific window
size. That is, regions with abruptly increasing output activity of
coding networks should enhance acceptor site assignment and
suppress donor site assignment, while regions with abruptly
decreasing coding activity should enhance donor site assignment.
This was done by summing up the output activities to the left
and right of the potential splice site, and calculating average differ-
ence on the two sides. If the output of a local network ensemble
was greater than the average, the result is a positive splice site
assignment. Finally, some post-prediction rules were also used to
filter results in order to discard wrong and questionable splice
sites. If a site is predicted in a uniformly low coding region, where
the average difference of the coding predictions around this site
can be close to zero in the oscillating regions. We will discard
the false splice in the middle of uniformly predicted regions with
strong assignment.

The Matthews correlation coefficient (CC) was used to quantify
the performance and stop the training of the neural networks (Bal-
di and Brunak, 2001)

T,Ta — FoFa
V/(Tn + Fo)(Ta + Fp)(Tp + Fa)(T, +Fp)

CC = (1)

where T, (True positives) and T, (True negatives) are the correctly
predicted positives and negatives, and F, (False positives) and F;,
(False negatives) are the incorrectly predicted positives and nega-
tives. Sensitivity and specificity were also used as means of quanti-
fying and comparing the neural network performance with other
prediction methods. The sensitivity (S, = Tp/(T, + Fp)) of the predic-
tion is defined as the probability of correctly predicting a positive
site; the definition of specificity (S, = Tp/(Tp + Fp)) is the probability
that a positive prediction is correct which is also known as the po-
sitive predictive value (PPV). A perfect prediction would give a cor-
relation coefficient of 1, whereas a completely wrong one would
give —1. The correlation coefficient takes both sensitivity and spec-
ificity into account. For example, a predictor that predicts every site
to be positive, which is a predictor with 100% sensitivity but low
specificity, would have a correlation coefficient of zero.

In order to compare with other Aspergillus species on NetAsp-
Gene, we downloaded the genomic sequences of A. nidulans EGSC
A4, A. oryzae RIB40, and A. niger CBS 513.88 from NCBI (http://
www.ncbi.nlm.nih.gov/), and extracted genes based on the gene
structure annotations of the three genomes.

3. Results and discussion

3.1. NetAspGene performance and comparison on the four Aspergillus
species

The nucleotide composition around splice sites was analyzed
qualitatively and visualized using sequence logos (Schneider and
Stephens, 1990). The single nucleotide logo plots were generated
for all splice sites of A. fumigatus (Fig. 1). Dinucleotides GT at the
position 1 and 2 are the consensus sequence at donor sites; AG
at the position —2 and —1 are the consensus sequence at acceptor
sites. The other three Aspergillus species have strikingly similar sig-
nals around their splice sites. It is of interest to note that the poly-
pyrimidine tract commonly seen in humans and plants, located
before intronic acceptor sites, is not found for Aspergillus.

As described in the Methods section, we trained on 840 A.
fumigatus genes, and tested on 270 genes using a combined net-
work ensemble. The maximal correlation coefficient for donor sites
was 0.80. When detecting 95% of the true donor sites, the com-
bined approach makes only 0.18% false assignments. The maximal

correlation coefficient for acceptor sites was 0.76. When detecting
95% of the true sites, the combined approach makes 0.31% false
assignments. In Fig. 2, the red curve is the prediction performance
from the local network ensemble (small window sizes), while the
green curve is the prediction performance for the combined net-
work ensemble with different parameters after the post-prediction
filtering.

NetAspGene was trained and modelled by A. fumigatus genes. In
order to find out whether it can be generally used for other Asper-
gillus species, we have compared the genomic features and protein
similarity of four Aspergillus species (Table 1 and Fig. 3). A. oryzae
has the largest genome, but only 77% of the genes contain introns.
A. oryzae genes contain the biggest average exon and intron sizes
(460 and 120 nt). A. fumigatus has only 1.8 introns per gene, while
A. nidulans have 2.7 introns per gene. A. niger has the smallest exon
size. The four Aspergillus species have been claimed to depart sev-
eral hundred million years ago, and their genomes therefore differ
considerably. There are almost 3000 proteins that are closely re-
lated, or homologous between the genomes (Goffeau, 2005). A.
fumigatus and A. oryzae share 70% identity, and each has 66-67%
identity with A. nidulans, and this is comparable to the similarity
between mammals and fish which diverged around 450 million
years ago (Galagan et al., 2005).

The BLAST matrix shown in Fig. 3 illustrates the protein com-
parison between the four Aspergillus genomes. BLAST hits should
be at least 80% of the gene lengths with an E value of 1e-10. The
diagonal shows the fraction of proteins that has homologous hits
within the proteome itself; the fractions were shown in colors
(grey or red). The comparison between genomes is shown in the
colors grey or green. In general, these species clearly share many
genes, and also to some extent codon usage. The high similarity
of the four species indicates that NetAspGene can be generally
used for other Aspergillus species. We randomly picked up 150
well-annotated and non-redundant genes from each of the other
three Aspergillus species to test by NetAspGene. For A. oryzae, spec-
ificity of donor site prediction with high confidence was 78%;
acceptor site 76%. For A. nidulans, specificity of donor site was
80%; acceptor site 83%. For A. niger, specificity of donor site was
79%; acceptor sites 81% (Table 2).

3.2. Comparison to other predictors

In order to assess the performance of NetAspGene, we com-
pared it with FSPLICE and GenelD, two species-specific splice site
predictors for Aspergillus. We used 133 genes with 346 pairs of
splice sites to evaluate the predictors, which had never been used
for training or testing when developing NetAspGene. Based on the
same sensitivity ratio of cutoff to the confidence values, we found
the specificity of NetAspGene to be better both on donor and
acceptor sites. GenelD, which uses Markov models to score se-
quences in a hierarchical scheme, has a specific version for A. nidu-
lans (Parra et al., 2000). GenelD has in principle the best sensitivity
but with 10 times more predicted donor sites than NetAspGene
(14,909 vs. 1407 donor sites), and most of them are likely to be
false positives (Table 3). On the other hand, FSPLICE predicts splice
sites based on weight matrices model on many organisms includ-
ing Aspergillus (www.softberry.com). FSPLICE predicts less poten-
tial candidates with a much lower specificity compared with
NetAspGene, especially for acceptor sites (49% vs. 87%) (Table 3).
We also tested the gene finder called FGENESH which applies hid-
den Markov model to predict gene exon-intron structures in many
organisms (Salamov and Solovyev, 2000). It was belived to be the
most accurate program for rice genes (Yu et al., 2002), and it has
been widely used by researchers currently working on Aspergillus
(Unsold and Li, 2006). It predicts with 85% specificity on donor
sites; and 78% for acceptor sites, but it only covers 88% of the true
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Fig. 1. The single nucleotide logo plots were generated for splice sites of A. fumigatus. The left plot is for donor sites; the right one is for acceptor sites.
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Table 2

Performance of NetAspGene on A.nidulans, A. niger, and A.oryzae based on 150
randomly picked up genes from each species. ‘D’ represents donor site predictions,
and ‘A’ represents acceptor site prediction.

A. nid A.nig Aory
(%) Specificity H (D) 80 79 78
(%) Specificity H (A) 83 81 76

Table 3

Performance comparison of NetAspGene with other Aspergillus-specific splice site
predictors. All predictors were used on the direct strand and only considering GT as
potential donor sites. In the top two rows, ‘H’ means predictions with high confidence
values. In all rows, ‘D’ represents donor site predictions, and ‘A’ represents acceptor
site prediction. The percentage values of FSPLICE and GenelD were the maximal
percentages obtained at the same sensitivity ratio with NetAspGene.

Table 1

Properties of the four Aspergillus genomes. NetAspGene FSPLICE pm—
A fum A nid A. nig A. ory (%) Specificity H (D) 80 66 65

Genome size (Mb) 28 30 34 37 (%) Specificity H (A) 87 49 74

Number of protein genes 9923 9541 13595 12074 (%) Sens?t%v%ty (D) 93 90 100

Genes containing introns (%) 78 88 87 77 (%) Sensitivity (A) 90 89 91

Average number of introns per gene 1.8 2.7 2.6 1.9 (#) Predfcted (D) 1407 1263 14909

Number of splice site pairs 18282 25584 35046 23197  (#) Predicted (A) 2370 3261 6162

Average gene length (nt) 1732 1869 1567 1579

Average exon size (nt) 445 434 368 460

AR i) S (i) 100 102 97 120 there is no completely correct annotation available for evaluation.

donor sites; and 80% of the true acceptor sites. It is not easy to de-
cide which predictor eventually will be the best, since obviously

Many potential splice sites could be identified as true, but based on
the well-annotated genes so far, it is safe to conclude that Net-
AspGenes is the better option for splice site prediction on
Aspergillus.
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4. Conclusion and availability

We have developed the currently best splice site predictor for
Aspergillus. The method is made available through the WWW at
http://www.cbs.dtu.dk/services/NetAspGene. The predictor can
be combined with a gene finder to develop better annotation for
Aspergillus genes. Furthermore, NetAspGene will be very helpful
for the researchers who are interested only in splice sites and in
particular alternative splicing. Predicting candidate splice sites by
NetAspGene can be used to design probes for custom microarrays,
for example with the aim to study alternative splicing.
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