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ABSTRACT

Motivation: Prediction of the coding potential for stretches of DNA
is crucial in gene calling and genome annotation, where it is used to
identify potential exons and to position their boundaries in conjunc-
tion with functional sites such as splice sites and translation initiation
sites. The ability to discriminate between coding and non-coding
sequences relates to the structure of coding sequences, which are
organised in codons, and by their biased usage. For statistical rea-
sons, the longer the sequences, the easier it is to detect this codon
bias. However, in many eukaryotic genomes, where genes harbour
many introns, both introns and exons might be small and hard to
distinguish based on coding potential.

Results: Here, we present novel approaches that specifically aim at
a better detection of coding potential in short sequences. The
methods use complementary sequence features, combined with
identification of which features are relevant in discriminating be-
tween coding and non-coding sequences. These newly developed
methods are evaluated on different species, representative of four
major eukaryotic kingdoms, and extensively compared to state-of-
the-art Markov models, which are often used for predicting coding
potential. The main conclusions drawn from our analyses are that 1)
combining complementary sequence features clearly outperforms
current Markov models for coding potential prediction in short se-
guence fragments, 2) coding potential prediction benefits from
length-specific models, and these models are not necessarily the
same for different sequence lengths, and 3) comparing the results
across several species indicates that, although our combined
method consistently performs extremely well, there are important
differences across genomes.

Supplementary data: http://bioinformatics.psb.ugent.be/

1 INTRODUCTION

With the ever-increasing pace of genomes currengiyng se-
quenced, there is a great need for fast and aecaceputational
tools that automatically identify the genes in thgenomes. This
is a very challenging problem, because in most Btz ge-
nomes only a small fraction of the genome sequentelly does
code for genes. In human, for example, it is estih that only
1.2% of the genome encodes proteins (Internatibhahan Ge-
nome Sequencing Consortium, 2004), making it veaydhfor
automatic methods to reliably identify the inforinagl parts in
the sequence. In addition to the sparseness oéiprobding re-
gions in the DNA, another challenge is to uncover ¢éxact gene
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structure, in particular when coding regions (eyars interrupted

by non-coding regions (introns) as is usually theecin eukaryotic
genomes. Exon size can vary from a few base paitisousands
of base pairs. Depending on the genome, a laegtidn of these
exons might be considered small (less than 20@m)in particu-

lar these pose a major problem for gene callingesthey are eas-
ily missed by current gene prediction tools, resglin incomplete

or wrong annotations (Mathé et. al., 2002; Zhaft§)22 Brent and

Guigo, 2004).

Therefore, methods that assess the coding potenti&tiort se-
quences are of major importance in gene prediciioth genome
annotation. The coding potential is a measureosy hikely it is
that a given sequence encodes a protein or atgeasof it, and is
based on the particular structure of coding seqeenducleotides
in protein coding sequences are translated intmaracids by
triplets (codons), and these are most often noalgqused by the
organism, a phenomenon referred to as codon HAike.prediction
of coding potential lies at the heart of every gpredictor (Boro-
dovsky et al., 1993; Salzberg et al., 1998; Schieal., 2001; Ma-
joros et al., 2004; Stanke et al., 2006). On the band, coding
potential is used to assign a score to potentiahgxwhile on the
other hand it is used as an additional measureemiqi functional
sites, such as translation initiation sites andcepsites. These
functional sites are all characterized by the fhat they represent
a transition from a coding/non-coding sequence tonam-
coding/coding sequence. As a result, informatiegarding the
coding potential of the upstream and downstreamkitey se-
quences of a functional site provides vital infotim to correctly
identify the site.

To capture peculiarities from coding sequencesh sisccodon
bias, a large number of protein coding measures baen devel-
oped (Fickett and Tung, 1992; Tiwari et al., 19Q@tlar and Lav-
ner, 2003; Gao and Zhang, 2004). A particular ctz#smethods
that are frequently being used to detect codingerg@l are
Markov chain models. These were pioneered in #reedinder
GenMark (Borodovsky et al., 1993), and since thevadety of
these methods have been used for coding potentéligbon
(CPP; Salzberg et al., 1998; Salzberg et al., 19848pros et al.
2003; Majoros et al. 2004; Stanke et al. 2006). il&VNarkov
models are known to perform well for CPP for longeguences
(Borodovsky et al., 1993), little is known abougithperformance
on shorter sequences, although genes containinj erums are
often miss-predicted, as was recently demonstrédedseveral
organisms by identification of transcribed sequsnceng genome
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Fig. 1. Cumulative frequencies for the distribution of Bxo
lengths in the genomic sequences of Human, AraBidpgrypto-
coccus, and Plasmodium. Figures are shown for exghintron
lengths up to 1000 nt.

tiling arrays (Stolc et al. 2005; Bertone et al080 However,
assessing the coding potential of short sequesaestiself-evident
because intrinsic signals such as codon biasekamder to detect
with shorter sequence lengths. As a result, mdiareced meth-
ods are needed to specifically deal with CPP imtseguences.

Although identifying short protein coding sequenéesonsid-
ered an important issue, up to now a large-scas#dysis of the
problem has not been performed. In the literatthe,issue was
only briefly touched upon by Gao and Zhang (20@)p per-
formed an analysis on short human sequences usan@c¢urve
method. Their method starts from a transform (Zigfarm) of the
DNA sequence from which they calculated severaiufes, such
as frequencies of frame-dependent k-mers, whicls@bsequently
fed into a linear discriminant classifier. Howevireir method is
not compared to state-of-the-art Markov models,ciwhinakes it
difficult to assess the real value of it.

Here, we propose a novel method for the prediadb@PP us-
ing complementary sequence features and compdre dt large
number of state-of-the-art models. In addition, kieve applied
our approach to representatives of different eut@rykingdoms
such as animals, plants, Fungi, and Apicomplexd, @ovide a
cross-species comparison of the results. Figusieolvs the cumu-
lative distribution of exon and intron lengths imetfour species
used in the current study. As can be seen, depgrati the ge-
nome, approximately one third of all exons is serathan 100
nucleotides, while 50-85% is smaller than 200 motades. Small
exons thus represent a considerable fraction ofxahs in a ge-
nome and consequently, any improvement in the tieteof small
exons will have a significant impact in gene préditand annota-
tion. In the current study, we start from the cohjee made by
Fickett and Tung (1992) in the early nineties, nigntleat future
algorithms for CPP should combine different chagastics. By
doing so, and by adding additional information eatensive set of
discriminative features for distinguishing betweenling and non-
coding sequences is obtained. Subsequently, we Hesigned
two new classification models that combine thes¢uies, and

Table1. Publicly available websites for the sequence ambta-
tion data for the four species analyzed in thislgtu

Species Provider Website

Human,

Arabidopsis Tigr http://www.tigr.org/software/traindata.shtml
thaliana

Cryptococcus The Broad  http://www.broad.mit.edu/annotation/fungi/cryptoc
neoformans Institute occus_neoformans/

Plasvmodlum PlasmoDB  http://plasmodb.org/restricted/GridddPf.shtml
falciparum

perform an extensive comparative analysis of thrasdels with
current models for CPP. We focus on the analykishort se-
quence fragments (less than 200 nt), as the clgalléor coding
prediction lies exactly in the analysis of suchrsequences.

2 METHODS

2.1 Dataset construction

Genomic data from three different species was ardlyeach representing
a peculiar genome style as well as a major classu@aryotes, namely
Human as a representative for vertebrateabidopsis thaliana for plants,
and Cryptococcus neoformans for fungi. In addition, we also included
Plasmodium falciparum as a representative for obligatory parasites lgelon
ing to the kingdom Apicomplexa. Data for these rf@mpecies was
downloaded from publicly available databases (saelel1l). For each of
these datasets, the following procedure was usedttact the datasets for
CPP. In a first step, the datasets were cleanereimpving genes with
wrong start or stop codons, in-frame stop codongemes whose length
was not a multiple of three. Next, coding exonsenextracted as positive
learning examples, while introns and UTR sequenwee extracted as
negative learning examples. As we were intereistexhalyzing the accu-
racy of prediction algorithms for short exons, s#lquences were divided
into length classes (similar to Gao and Zhang, 20@4s than 42 nucleo-
tides (nt), [42-63nt[, [63-87nt[, [87-108nt[, [1A&9nt[, [129-162nt[, [162-
192nt[ and 192 or more nt.

For testing purposes we adopted the followingtega For each length
class in the range [42-192nt[, an equal numberegfative examples were
added to the positive examples to obtain a balade¢aset. In the case of
insufficient non-coding sequences for a particlgaigth class, additional
sequences were extracted from the length class92fdt more. This
yields, for each length class, a balanced datadeth was independently
split five times in half, obtaining ten folds testeon. For each of these ten
folds, all the other available data (including tteta from all other length
classes) were used as training data. The statistitse different datasets
are shown in Table 2.

2.2 Markov modelsfor coding potential prediction

Markov models are by far the technique mostly usedCPP. When used
for this purpose, Markov models are used in a gaiver way, which
means they learn a model of the joint probability,y) of the sequences x
and the label y (where y can be either coding ar-cmling), and make
their predictions by using Bayes rule to calculagx), and then picking
the most likely label y. In the current study, exaluated different types of
Markov models as baseline classifiers to compareew algorithms with.
Four types of models with increasing complexity evesed, namely fixed
order Markov models (FOMM), variable order Markowdels (VOMM),
interpolated Markov models (IMM), and interpolatedntext models
(ICM). For our purposes, the three-periodic verobthe models was
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Table 2. Statistics of the datasets for the four orgasiamalyzed
here. For each organism, the number of genegnisitand exons
in the dataset is shown. The distribution of exionterms of their
lengths is shown in the middle part of the tablehe lower part
represents the amount of training data that camudeel in each
cross-validation fold.

Human Arabidopsis Cryptococcus Plasmodium
# Genes 1500 8501 6500 5363
# Exons 11,497 44,328 41,142 12,759
# Introns 9,997 35,960 34,757 7469
Exon distribution
<42 438 1780 4,053 750
[42,63[ 838 3,944 2,893 1,065
163,87] 1,648 7,116 4,281 1,476
[87,108] 1,655 5,662 3,010 959
[108,129( 1,592 4,567 3,121 737
[129,162] 2,026 4,943 3,892 804
[162,192] 1,227 3,210 2,751 518
>=192 2,073 13,106 16,541 6,450
Amount of 10,481 kB 16,385 kB 13,085 kB 14,745 kB

training data

used to learn p(x,coding) and the homogeneousorersas used to learn
p(x,noncoding). Adapted versions of the followirgyblicly available
programs were used to train and test these moHrmomy (Majoros et
al., 2003) for FOMM, Tigrscan (Majoros et al., 200ér VOMM and
IMM, and Glimmer2.13/GlimmerHMM (Salzberg et al.998) for ICM
training/testing.

2.3 Combining complementary sequence features

Most methods for CPP focus on one type of sequéerioemation to dis-
criminate between coding and non-coding sequenteddarkov models,
the sequence information that is used essentiathgists of compositional
information in the form of k-mer occurrences. e ttase of global counts
of these k-mers, this results in a homogeneous dwankodel, while in the
case of frame-dependent counts the model is tethregé-periodic. An-
other class of methods focuses on a transformeoDINA sequence, after
which features that relate to the specific transfdion are extracted, and
used for classification. The most commonly usethows either use fea-
tures based on the Fourier transform (Silvermanlansker, 1986; Voss,
1992; Tiwari et al.,, 1997; Kotlar and Lavner, 2008) the Z-transform
(Gao and Zhang, 2004). In our work, we combinetediht types of fea-
tures, hoping that the combined strength of theseptementary sequence
characteristics results in a better separation datveoding and non-coding
sequences, thereby focusing especially on shkort Q00 nt) sequences.
The following types of features were used:

« Frame-dependent k-mers. For each of the three Ipesstading
frames, k-mer frequencies & k < 3) were calculated, resulting in
252 (=3x (4+16+64)) features.

¢ In-frame k-mers. Assuming the sequence is in repftame 1 (the
start of the sequence coincides with the start@ddon), in-frame k-

« Fourier transform features. The most common waapioly Fourier
analysis to DNA sequences is to decompose themifiits four bi-
nary indicator sequences (Silverman and LinskeB61%0ss, 1992),
apply the Fourier transform to each of these sezpgrand then sum
the Fourier coefficients. The following featuresrided from the
Fourier transform, were used: a) For each of the fodicator se-
guences, the magnitude of the peak at frequencynliBe Fourier
spectrum (4 features). We refer to Voss (1992)nfore details. b)
The global magnitude at frequency 1/3, which is ghm of all four
magnitudes of the indicator sequences (1 feata)eThe signal-to-
noise ratio of the peak at frequency 1/3 (1 featS8ee Tiwari et al.,
1997 for details).

e Z curve parameters. The Z curve parameters acellatdd for the
frequencies of frame-dependent k-mers<(k < 3), using the Z-
transform of DNA sequences, as exemplified in Gad Zhang
(2004). This results in a set of 189 featuresnffralependent pa-
rameters of mononucleotides (9), di-nucleotides) (2&d tri-
nucleotides (144)).

¢ Run features. For each of the non-trivial (i.ecleding the empty
subset and the full set) subsets of {A,T,C,G}, avreequence is con-
structed by replacing each base present in theesulith 1 and re-
placing each base not in the subset with 0. Usiiggtransform of
the sequence, the number of runs of 1's of lengt@, 3, 4, 5 and
greater than 5 are then counted. This results sataf 84 features
(Fickett and Tung, 1992).

« OREF feature. Given a sequence and an assumeahgeiaine, this
feature denotes whether there is an in-frame stmgorc present
(Wang et al., 2002).

2.4 A discriminative model for coding potential predic-
tion

In order to combine all available evidence to disorate between coding
and non-coding sequences, all previously mentideatlires are combined
with a classification model. We decided to adogiszriminative classifi-
cation model that deals well with high-dimensiofeature spaces, and that
is able to handle large datasets: the linear StpfEntor Machine (SVM,
Boser et al., 1992). In discriminative learnirtge posterior p(y|x) is mod-
elled directly, instead of solving a more genemabem as in generative
learning, where the intermediate step p(x|y) is efled (Ng and Jordan,
2002). As input features for the SVM, all featuraentioned above are
combined, resulting in a set of 5992 features deisgy each sequence
fragment. Features that depend on the length lgaggh-normalized, and
before training the SVM, all features were scaletiieen 0 and 1. The C-
parameter of the SVM was tuned using a 5-fold ewadislation of the
training set. For the ORF-feature, we applied st4poocessing step to the
algorithm, ensuring that sequences with in-franop stodons are always
predicted as negatives. This was done by settiegtitput of the SVM to
a very large negative value. For the implementatiee made use of the
SVMIlight package (Joachims, 1998).

2.5 Feature subset selection

mer frequencies (4 k < 6) were calculated, resulting in a set of 5376 10 investigate to what extent the features in dbmstructed set are all

features.

* Frameless k-mers. For each possible k-mex K< 3), the global
frequencies of occurrence are calculated (i.e.awithiaking into ac-
count the reading frame). This results in 84 fesstu

equally important or necessary to discriminate kefwcoding and non-
coding sequences, feature selection (Kohavi and,JbB97) was per-
formed. In feature selection, one seeks a minsnéket of relevant fea-
tures that achieves maximal classification perforcea Benefits of apply-




Table3. Results of the FP-rate at a TP-rate (sensi}iwfy.95 for all tested organisms. The column kéarshows the best result (low-
est FP-rate) over all types of Markov models. fackets, the best performing model is shown. SNfResents the results of the signal-to-
noise ratio of the Fourier spectrum at frequen®; 1IFSS-SVM represents the best result of a lisegport Vector Machine combined
with feature selection, and Hybrid Markov-SVM regeats the best result of a model that combines @upector Machines and a 5th

order ICM. In brackets, the size of the best featusubset is shown. The best results are greyeshad
Human Cryptococcus

Hybrid Hybrid
Length  Markov SNR Zcurve FSS-SVM  Markov- Length Markov SNR Zcurve FSS-SVM  Markov-

SVM SVM
42 34.79 (ICM-8) 87.82 25.08 11.91 (1000) 11.53 (500) | 42 8.22 (FOMM-5)87.96 8.65 5.02(250)  1.90 (200)
63 22.53 (ICM-8) 83.69 13.46 5.09 (750) 521 (750) 63 3.94 (IMM-7) 82.86 9.20 3.90 (250)  [1.28 (150)
87 23.39 (ICM-4) 75.55 14.19 ‘240 (1500) 2.47 (500) 87 5.26 (FOMM-5)82.47 20.61 5.51(250)  4.04 (250)
108 9.27 (ICM-8)  72.72 5.98 |1A23 (1500) 11.23 (1500) 108 2.91 (IMM-6) 77.89 18.40 3.40 (250) .07 (150)
129 4.42 (ICM-11) 56.84 3.69 0.48 (1500) 0.43 (1500) 129 3.45 (ICM-8) 71.44 21.28 3.94 (250) .95 (200)
162 3.08 (ICM-11) 4941 2.29 0.22 (all) 0.17 (500) 162 2.25 (ICM-8) 67.46 17.85 2.81 (150) 1.72 (200)
Arabidopsis Plasmodium

Hybrid Hybrid
Length Markov SNR Zcurve FSS-SVM  Markov- Length Markov SNR Zcurve FSS-SVM  Markov-

SVM SVM
42 14.42 (ICM-8) 86.19 22.02 10.29 (500) 8.33 (200 42 7.00 (ICM-8) 80.70 8.45 4.46 (all) .76 (50)
63 0.43 (IMM-5) 80.98 25.30 1.22 (150)  0.40 (150) 63 3.08 (ICM-8) 79.07 3.38 0.86 (750)  0.83 (750)
87 0.08 (IMM-5) 77.93 14.93 0.52 (150)  0.26 (50) 87 0.32 (ICM-11) 68.29 3.19 0.08 (750)  0.04 (20)
108 0.66 (all) 74.81 12.02 1.04 (150)  0.88 (150) 108 0 (FOMM-2) 68.72 0.02 0 (100) 0 (100)
129 0.00 (all) 69.57 9.05 0.32(200)  0.39 (20) 129 0.13 (FOMM-2)63.09 0.20 0.05 (150)  [0.05 (20)
162 0.00 (all) 59.12 8.37 0.39 (200)  0.28 (20) 162 0 (ICM-4 58.49 0.50 0.03 (50) 0.03 (50)

ing feature selection include better classificapenformance, faster classi-
fication models (because less features have toakentinto account),
smaller databases (less features are needed tobdesice training in-
stances), and the ability to gain more insight iti® process that is being
modelled (Saeys et al., 2004). In our work, wepaeld a Markov-blanket
based filter approach, introduced by Koller ande®aih(1996). This algo-
rithm has a solid mathematical basis, and has dherdage of being rea-
sonably fast and taking into account feature depecids. In our experi-
ments, feature selection was performed for eacanisgy separately using
50% of the sequences with length between [42,1Fhe Markov-blanket
feature selection method returns a ranking of #eufres, which can be
used afterwards to eliminate features. As we haverior knowledge on
the size of a good feature set for the problemPR® Grarious feature subset
sizes were evaluated, ranging from 10 featurebedll set of 5992 fea-
tures. The following set of feature subset sizas evaluated: {10, 20, 50,
100, 150, 200, 250, 500, 750, 1000, 1500, 20000 25892}.

2.6 A hybrid Markov-SVM model

In order to investigate if both strengths of a gatiee approach (Markov
model) and a discriminative approach (SVM) couldcbenbined, we de-
signed a very simple extension of our SVM modei.tHis extension, the
score obtained by a Markov model is subsequentdyl s an additional
feature for the SVM model. The score for a Markowdel was calculated
using the log odds score: log(p(x,coding)) — log(pdn-coding)). This
way, the SVM takes into account the classificatbtained by the Markov
model. One could see this as an ensemble leamypgoach, thereby
stacking an SVM on top of the results of a Markowdel, and using the
Markov score combined with an additional set otdess to build a more
complex model. Instead of trying all possible comaltions of the different
types of Markov models with the SVM, we focused @re model that
consistently obtained good results in all experitsenamely a fifth-order
ICM.

2.7 Setup and evaluation

Many classifiers use an internal threshold valuedétermine the class
when confronted with a test example. For a givareghold value, the
classification performance of a classifier can bemarized by four num-
bers: TP (true positives = actual positive exampleslicted as positives),
TN (true negatives = actual negative examples ptedias negatives), FP
(false positives = actual negative examples prediets positives) and FN
(false negatives = actual positive examples predias negatives). In
many cases, these four numbers are combined iganomber that sum-
marizes the classification performance. CommosBdumeasures are:
Accuracy:(TP+TN) / (TP+TN+FP+FN)
True Positive (TP) rate/recall/sensitivifyP / (TP+FN)
False Positive (FP) rat&P / (FP+TN)
Precision/specificityTP / (TP+FP)
However, comparing classifiers based on only orleevée.g. accuracy)
often does not provide a fair comparison. Thisld¢de the case when for
instance one classifier would have a high sensitiahd low specificity,
and another one would have low sensitivity and Isigécificity. Although
having different classification performance, thewmacy measure for both
classifiers could be comparable. A solution te tvould be to compare
both classifiers at the same levels of sensitiortgpecificity by varying the
decision threshold. This is the idea underlying fReceiver-Operator-
Curve (ROC), introduced by Provost and Fawcett 7190n such a curve,
the FP-rate is plotted on the x-axis versus theai®-{sensitivity or recall)
on the y-axis. By varying the decision thresholdyesal values can be
obtained for these rates. Classifiers can thenvaduated by comparing
their ROC graphs, where better classifiers havargel area under their
ROC curve. This criterion is often used in machiggrning to compare
classifiers, and is termed the area under the RO&(AUC).
We also used, in addition to the AUC, another mems$o compare the
classification models and provide a comparisonllofhadels at a specific
level of sensitivity (TP-rate), allowing a fair cparison between all tech-
niques. For all models, we fixed the sensitiveydl at 0.95 and compared
the FP-rate (FPR). This would be equivalent to dngve horizontal line at

© Oxford University Press 2005
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the ROC graph at a TP-rate of 0.95 and compariadrtersections of the
graphs with the line. All results were obtainedngsa 10-fold cross-
validation, as explained earlier.

3 RESULTS AND DISCUSSION

3.1 Classification performance

For each genome, we compared the classificatiofonpesince of
different types of models for the prediction of oa potential:
Markov models, methods based on a transform, ara rtew
methods using a combination of features and adiSéd. The
different types of Markov models were tested usiagous orders
(order 2 to 7 for FOMM, order 2 to 8 for VOMM aniM, and
order 2 to 11 for ICM). Two methods that were lobse a trans-
form were included in the test, namely the sigoahtise ratio
(SNR) of the peak at frequency 1/3 in the Founpacsrum (Tiwari
et al., 1997) and the Zcurve method (Gao and Zh20g4). Fi-
nally, two newly introduced algorithms were incldde linear
SVM employing different types of features in condtion with a
feature selection algorithm (FSS-SVM) and a hybmddel of a
5th order ICM and the FSS-SVM model (hybrid MarkevM).
Table 3 shows a summary of the main results obdaméhis study
and displays the FP-rate at a TP-rate (sensitiaify).95 for each
experiment. The complete results for all modetegng both the
AUC and FP-rate) are available as supplementanenmat For
each organism, experiments are grouped by model lemgth
class. For each length class, the best methduhigesl in grey. The
column termed ‘Markov’ groups all types of Markowdels, but
only the best result (i.e. the lowest FP-rate)heven. The best
combination (model-order) is shown in bracketssdferal meth-
ods perform equally well, the simplest method wassen. If all
methods performed equally well, this is noted 3. (@ a similar
way, the results of the newly developed methods-§88 and
Hybrid Markov-SVM are shown. Here, numbers in Beis rep-
resent the size of the best feature subset. Ttagiow (all) denotes
the full feature set (5992 features). Again, ffetient subsets led
to the best result, the smallest feature subsehdsen. Overall,
several general trends can be observed, which eserided in
detail below.

3.2 Combining complementary sequence features
clearly outperformscurrent Markov models

Analyzing the results of the different classificatimethods, it is
clear that the new models FSS-SVM and Hybrid Mas&M

outperform state-of-the-art Markov models. Overallr new
models obtain the best result in 75% of the casdile the
Markov models only obtain the best result in 20%tha# cases.
Comparing the simplest of the new models (FSS-SWMhe best
Markov model reveals that FSS-SVM outperforms tharkdv
model in more than 50% of all cases. In additiontttis, the
method needs far less features than the Markov imddemore
detailed feature analysis follows further in thgtte The second
new model (Hybrid Markov-SVM) outperforms the bé&sarkov

model in 75% of all cases. This clearly illusteathat the inclu-
sion of a single additional feature (the ICM-5 s)oagain im-
proves the FSS-SVM model. This result justifiehydorid ap-
proach for CPP, and illustrates the benefit of cioinly comple-
mentary sequence features.

When we focus on the very short length classé2-§Bnt[ and
[63-87nt[) it can be observed that our two new n®detperform
the best Markov model in more than 95% of the casgmrdless
of the species the genome is analyzed from. Thistiates that
state-of-the-art Markov models can indeed be impdovhen deal-
ing with very short coding sequences. Comparisoth®ftwo new
methods to the transform-based methods SNR andv@alrows
that both new methods always outperform those ds \iidis is
not surprising, as both SNR and Zcurve featuresusedl as a
component in the new methods. This again provédgdence that
a combination of complementary sequence featureatlgrim-
proves classification performance. Looking at tlesuits of the
Zcurve method over different species, it can bergbat only in
the case of Human the Zcurve method improves on bt
Markov model, confirming the results by Gao and rh€2004).
However, this observation cannot be generalizedther species,
and - in general - the Zcurve method does not ofape state-of-
the-art Markov models. Strikingly, the method lthse the Fou-
rier transform (SNR) performs drastically worserihall other
methods, resulting in a very high false positivee raHowever, it
should be stressed that this method uses onlyeatare, and - in
contrast to all other methods tested - requiresraiaing. Given
this information, the result of the SNR method tidl §ar better
than a random guessing classifier, which would iobéa FP-rate
of 95% at the same sensitivity threshold.

3.3 Thebest model depends on the sequence length

Analyzing the results for the different length des within a spe-
cific organism, it can be observed that there isaeingle “best”
classification model. Rather, the best model igtle-dependent,
and even within the different types of methods (kéar versus
SVM-based) it can be observed that the best ondigrature subset
size tends to vary along with the sequence lenbtbwever, it has
to be noted that for some species, results of #st model of a
specific type are more consistent than for othecigs. This is for
instance the case for Markov models applied toAtebidopsis
data, where a 5th order IMM consistently performsyvgood, or
in the case of FSS-SVM applied @yptococcus, where a subset
of 250 features gives the best results for the ritgjof all length
classes (Table 3). A more relaxed example is #se of Markov
models applied to Human, where an ICM always obkt#ire best
results, yet with different orders.

3.4 Thereisagreat amount of variation across genomes

To our knowledge, this is the first large-scalelgsia comparing
several eukaryotic organisms with a focus on CRPsfmrt se-
quences. From our results, it can be observedthieaé is great
variation in CPP performance for different genom&PP seems
to be the most difficult for Human, where the réisgl FP-rates are
much higher than in other organisms, regardlesth@fsequence
length. On the other hand, CPP proves to be easiasmodium
and in particular inArabidopsis, where the FP-rate quickly ap-
proaches zero with increasing sequence lengtho seE whether
this difference in result can be explained by cob@s, we plotted
the difference in frequency of occurrence of eagtieotide at one
of the three possible codon positions (Figure)ese differences




Y.Saeys et al.

Human Arabidopsis

leferaence Difference

(in % (in %)
18
16
14
12
10
8

1

Cog,
3

on POSitjop,

Plasmodium

Cryptococcus

Difference Difference

Cog,

on . 3 Cogp
DOS”/on

" 3
DOs/[/-On

Fig. 2. Difference in percentage between the frequenaycofir-

rence of each nucleotide at one of the three positin a codon (1,
2, 3). The differences are calculated as the atselalue of the
difference in frequency between coding and nonfmpdequences.

are calculated as the absolute values of the diffa in frequency
between coding and non-coding sequences of theherass [42-
63nt[. It can be observed that the differencevbet coding and
non-coding sequences is indeed more outspokefrabidopsis

and Plasmodium, especially at the first codon position. On the
other hand,Cryptococcus and especially Human show a lower

difference between coding and non-coding sequernzesglating
well with the differences in classification perfance.

3.5 Featureanalysis

Effect on classification performance

The performance of a classifier depends on thedoten between
a number of parameters, such as training set simaper of fea-
tures, and classifier complexity. When, for aefixtraining set
size, the number of features is increased, the rumbunknown
parameters for the classifier also increases. eSpondingly, the
reliability of the parameter estimates decreased,the perform-
ance of the classifier may degrade with an incrégaske number
of features (Raudys and Jain, 1991), motivatingsbarch for a
minimal subset of relevant features. It is knowat thlarkov mod-
els need many features to build a model. A sirivdekov model

of order N requires 4(N+1) features to be calculater each
model. For CPP, four models have to be built @éhreding mod-
els for every possible reading frame and one nalingpmodel),

thus requiring 4(N+2) features to be calculatedordadvanced
Markov models require fewer features, yet still jmérousands of

parameters need to be determined. As a resultkdvamodels
need a lot of training data to accurately deterniaemeter esti-
mates. On the other hand, methods based on adram@ifke SNR

Arabidopsis
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Fig. 3. Effect of feature selection on the classificatjgerform-

ance for the new method FSS-SVM. The X-axis dentite fea-
ture subset size, starting at the origin with thiefeature set. Go-
ing further away from the origin, gradually moreatigres are
eliminated. The Y-axis shows the classificatiorf@enance.

and Zcurve) require far less features to be calediathe SNR
methods uses only one feature, and the Zcurve miaikes 189
features. In terms of simplicity, these methodsvjgle more com-
pact models, and are to be preferred over Markodetsowhen
only a limited amount of training data is available

To analyze the effect of feature selection on thesification per-
formance of the SVM-based models, the FP-rateHerdifferent
feature subsets was analyzed. Figure 3 shows thesés in the

case ofArabidopsis (results for the other species are available as

supplementary data). The X-axis denotes the siztheffeature
subset, starting at the origin with the full featset, and ending in
a very small subset of ten features. The Y-axawshthe classifi-
cation performance (FP-rate at a TP-rate of 0.86)efch of the
different length classes. From these results, dasr that feature
selection is beneficial to all genomes, regardlesghe length
class. In all four genomes investigated, about thicds of all
features can be eliminated without decreasing ifieestson per-
formance. Two general trends can be observed. Afahidopsis

and Cryptococcus, feature selection seems to be indispensable in

achieving good results, and the classification grenfince in-
creases drastically when smaller feature subsetuised. On the
other hand, feature selection does not signifigantirease classi-
fication performance for Human anelasmodium. However,
many features can still be eliminated without &ffegthe classifi-
cation performance, and thus smaller feature ssiloset be used to
achieve good performance.

In general, SVM-based methods can thus achieverbatssifica-
tion performance than state-of-the-art Markov medehile at the
same time heavily reducing the number of requirachimeters to
build the model. Resulting models will thus be smoompact than
existing Markov models, which will allow them torf@m a better
generalization when confronted with unseen examplEsis may
especially be of importance when only a limited antaof training
data is available.

Gaining insight into featurerelevance

An important advantage of feature selection methsdie ability
to gain more insight into the problem under in\gsion by ana-
lyzing a “minimal” subset of relevant features.r &PP, we com-
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Fig. 4. Evaluation of the feature relevancies. For a gadiset of
features for each organism (see text for detali® representation
of each type of feature (Y-axis) is shown. PICfk=1..3) denote
frame-dependenit-mers, PCHc¢ (k=4..6) denote in-fram&-mers,

and PCk features denote global (framelekshers.

bined complementary sequence features in one keaere set,
hoping that this would enhance classification. Ideer, doing this
introduced a great deal of redundant or irrelefaatures. Using
the feature selection results, we can now focuappropriate fea-
ture subsets for each organism, and identify théufes that were
selected as most relevant. Figure 4 summarizeseffresentation
of each type of feature in the chosen subset irctise ofArabi-
dopsis (figures for the other organisms can be foundhia $up-
plementary data). The sizes of the consideredesutfsfeatures
were chosen based on the results in Table 3, aydepresent an
averaged view over all sequence lengths of a dpemifjanism.
For each type of feature (X-axis), the Y-axis shéwesrepresenta-
tion (in terms of percentage) of this feature typéhe chosen sub-
set. For Human, the best 1500 features were chasah for
Arabidopsis, Cryptococcus and Plasmodium, 150, 250 and 150
features were chosen respectively. A representatio 100%
means that all features of this type were incluinethe subset of
most important features, thus indicating an indispble set of
features. Some general trends on feature relevaanebe ob-
served. First, it can be observed that the ORfuifeds most im-
portant. This is not surprising, as it is included a post-
processing step in our method to filter out falesifives, and thus
will always be applied. Second, it is shown tie features based
on a transform (Fourier, Zcurve and Run) are vergdrtant, as a
large part of them remains relevant. Furthermiris clear that
only a very small percentage of the higher-ordeirame k-mers
are important. A surprising result may be the fhat frameless k-
mers (PC-1, PC-2, PC-3) appear to be very impartrggesting
that overall compositional features of coding (eéx@equences
greatly contribute to CPP. A more detailed fealigie sorted ac-
cording to relevance, can be found as supplememtaty. Fea-
tures that are ranked in the top ten for all organsi studied here
include ORF and in-frame stop codon frequenciestufes related
to AT-composition, nucleotide composition at thstficodon posi-
tion (especially nucleotides G and T) and the digmaoise ratio
of the peak at frequency 1/3 in the Fourier spectru
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