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ABSTRACT

Motivation: Repeat sequences in ESTs are a source of problems,
in particular for clustering. ESTs are therefore commonly masked
against a library of known repeats. High quality repeat libraries are
available for the widely studied organisms, but for most other orga-
nisms the lack of such libraries is likely to compromise the quality of
EST analysis.

Results: We present a fast, flexible, and library-less method for mas-
king repeats in EST sequences, based on match statistics within the
EST collection. The method is not linked to a particular clustering
algorithm. Extensive testing on data sets using different cluste-
ring methods and a genomic mapping as reference shows that this
method gives results that are better than or as good as those obtained
using RepeatMasker with a repeat library.

Availability The implementation of RBR is available under the terms
of the GPL from http://www.ii.uib.no/ ketil/bioinformatics.

Contact: ketil. malde@bccs.uib.no

1 INTRODUCTION

Expressed Sequence Tags (ESTs) is a valuable source ahation
that allows identification of genes in sequenced genomesli-Ad
tionally, they provide a low-cost approach to mapping theege
complement of organisms for which genome projects aretstill
expensive. Clustering ESTs and assembling consensusraegue
can reveal important information about the transcriptoine|u-
ding splice variants and putative single nucleotide polgphsms
(SNPs).

The clustering procedure is based on identifying matchegdsn
the ESTs and grouping together sequences with sufficiemiagpse
Repeats, in the form of sequencing artifacts, contaminatiow
quality sequence, and genomic repeats, represent a sprighlem
for clustering, as they can occur in otherwise unrelatedieseces.
Matches resulting from repeats may lead to erroneouslypingu
ESTs that arise from different genes, and it is thereforeoiamt to
mask repeats prior to clustering.

We have previously developed RepeatBeater (Schneebeiager e
2005) and shown that it successfully masks repeats and wepro
the accuracy of clustering. In this paper we present a nevaadet
named RBR that is conceptually simpler than RepeatBeatet, a
while RepeatBeater was tightly coupledxsact (Malde et al.,
2003), RBR works independently of clustering method.

To analyze the effectiveness of RBR, we use several regeesen
tive data sets of realistic sizes. We construct referengstelings

by mapping all ESTs to the genomic sequence, retaining onl
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sequences that can be mapped unambiguously, and groupirsgy ES
whose genomic matches overlap.

By comparing with the reference clusterings, we show thaRRB
produces results that are at least as good as those produdkd b
most widely used library-dependent repeat masking mettoan
for the set of human ESTSs it gives results superior to thosdymred
by methods using human repeat libraries. For some organtbms
results are dramatically improved over those produced listieg
methods.

1.1 Existing methods

There are currently two main approaches to masking EST data.
Library-based masking identifies undesired sequence padem-
paring with a library of known repeats. Autonomous masking
identifies undesired sequence from properties of the sequitself.

Repetitive regions often constitute large parts of a genand
some classes of complex genomic repeats, like those otiigina
from transposon and retrotransposon activity or retrbei@ments,
are collected in libraries which can then be used for masking

While libraries derived from the genome are commonly used fo
masking ESTs, they are not targeted specifically at trgptscri-or
instance, LINE transposons normally contain genes, antthéopur-
pose of EST clustering, the copies will either be treated single
gene or as multiple homologues. Some transposons do canse pr
blems, for instance the short SINE/Alu repeat is found in &om
ESTs (Schneeberger et al., 2005).

In EST data, there are also vector sequences and genomic con-
tamination from the host organism, typically. coli. Similar to
genomic repeats, these can be masked using a library.

Genomic repeats are in general organism specific. For nogat o
nisms, where the genome is not yet available for constrgetigood
repeat library, effective masking of genomic repeats ifadift.

Autonomous masking typically deals with simple repeatsicivh
consist of contiguously repeated short subsequences (&léax
tides) often caused by polymerase slippage, and low coritylex
regions (LCRs), which are regions containing an overabouceaf
some nucleotides. In addition to poly-A tails, which can besi-
dered a special case of either type, these repeats are comrifnan
UTR regions of genes.

The accuracy of base calling tends to deteriorate towardsrits
of the ESTs (Liang et al., 2000; Ewing and Green, 1998), and
the error rate increases until at some point the remainiggesee
is noise. These low-quality sequence parts are commonty- tri
med. Usually a cut-off is set from quality values determibgdhe

Bf)ase-calling software, but heuristics using only the seqa@xist.

RepeatMasker (Smit et al., 2004) is probably the most widely
used tool for masking against a library (typically intenssel
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repeats ancE. coli and vector sequences), and by default uses The variancer* of the binomial distributiorB(n, p) isnp(1—p),
cross_mat ch (P. Green, unpublished) to identify matches. It alsoand thus the standard deviation grows with the square root of

masks LCRs. RepeatMasker is distributed (and normally)usitd
the RepBase (Jurka et al., 2005) repeat library.
One popular utility for autonomous masking nslust from

the mean. We therefore start by identifying the modal irgerv
(m — /m/2,m + /m/2) containing the maximum number of
word occurrences.

TIGR, which implements the DUST algorithm (R. L. Tatusov and  For a binomial distribution, we can estimdte- p from the empi-

D. J. Lipman, unpublished). Other alternatives includetDlasker
(Morgulis et al.) and SeqClean (G. Pertea, unpublished,lab
ter combines autonomous masking with optional maskingragai
a library. Search and alignment programs, like BLAST (Attsic
et al., 1990) and BLAT (Kent, 2002), often incorporate aotoous
masking as well.

There appears to be little consensus on a “best practiceepés
to apply. TGICL (Pertea et al., 2003), a widely used EST aialy
pipeline from TIGR, usesdust to mask sequences for low com-
plexity before clustering and assembly, but does not masknag
genomic repeats.

Other pipelines use either RepeatMasker (e.g., Krause20@2;
HarvESTer from BioMax Informatics AG, Miunchen) or similar
library based masking (e.g., Pontius et al. 2003; Millerle1899;
D’Agostino et al. 2005) in addition to autonomous masking.

2 METHODS

RBR identifies repeats by first calculating the frequencfesard
occurrences in the entire data set. Then, for each sequeadeet
quencies of the words it contains are collected, and a thlésh
determined based on these frequencies. Sequence positioes
sponding to frequency peaks above this threshold are thekeda
RepeatBeater (Schneeberger et al., 2005) used a similevaabp
but its algorithm is more complex, and as the implementatities
on pre-processing the sequences wisfact , it is slower and more
complicated to use.

2.1 TheRBR Algorithm

Given a word sizés, RBR first calculates the frequency of every

k-word in the full data set. For each sequence, the distohubif
word frequencies is collected, and the baseline for theessrpiis
estimated. Words with frequencies significantly above Ilaiseline
are then masked as repeats. In addition to the wordksittee algo-
rithm takes additional parametersspecifying the stringency of the
baseline estimate, ant] specifying the threshold’s offset from the
baseline.

In the absence of repeats or read errors in the sequencesijtand
the sequences uniformly distributed over the originatiegeg we
expect the distribution of word counts to approximate a iz

distribution. To see this, let be the number of sequences whose

origin in the genome overlaps the origin of a given sequefiand
p be the average fraction of this overlap. For each positid), ithe
probability of one particular sequence overlapping it it hosition
is p, and as there ame sequences, we get a distribution®fn, p).

Furthermore, from the assumed uniform distribution, anththe
added assumption that sequences have similar lengths,peetgx
to be 0.5.

In practice sequences vary in length and quality, and thellis
tion is non-uniform. Therefore the assumptions above leazhty
an approximation of the actual distribution. Instead ofuasisg a
fixed p, we estimate the distribution empirically.

rical variance and mean as= 52 /1. We adjust the interval around
m so that estimated for the frequencies in the interval is equal to
the stringency parameter This distribution is used as the baseline
to mask all words in the sequence with frequencies alfoveds.

2.2 Constructing reference clusterings

When each EST contains enough non-repeat sequence to ofeterm
its position in the genome, the ESTs can be clustered by loca-
tion, which greatly reduces the effect of any repeats. Tiselre

is similar to a clustering based on EST sequence similatiyea
when the ESTs are masked optimally, and we use this to serve as
a reference for comparing maskings (Kalyanaraman et a0i3;20
Wang et al., 2004; Wu et al., 2004; Wu and Watanabe, 2005). We
emphasize that this is only a coarse approximation to thiediio

cal transcripts, as e.g. incompleteness, sense-antisanseription
(Shendure and Church, 2002; Yelin et al., 2003), and trahsisg
events (Huang and Hirsh, 1992) will still contribute to inaracies

in the clustering.

To assess RBR's performance, we developed GEM, a system for
clustering ESTs based on overlap in genomic position. k& B4eA\T
(Kent, 2002) to determine a spliced alignment to the genand,
has several parameters to set criteria for the clustering.

To verify that RBR is able to identify and eliminate repeatg,
used a set of 1355 human ESTs taken from a cluster known to con-
tain multiple genes SINE/Alu repeat (Schneeberger et ans5p
The sequences were mapped to the human genome using GEM,
resulting in 339 distinct clusters.

We also mapped 50000 ESTs frobryza sativa and 100 000
from each ofCaenorhabditis eleganand Arabidopsis thalianao
their respective genomes using GEM.

In order not to end up with artificially clean data sets, weduse
relatively lax parameters (90% sequence similarity and t5%e
sequence length) to match ESTs against the genome, andddidca
sequences that matched multiple locations equally wekk ESTs
were then clustered if they overlapped 20 nucleotides oerimothe
matches against the genome.

The resulting data sets contained 47 302 ESTs ff@onsativa
84 655 ESTs fronC. elegansand 97 919 fronArabidopsis

2.3 Comparing clusterings

Many of the commonly used indices for comparing clusteriags
based on categorizing and counting pairs of clustered tshj8pe-
cifically, for a set of object§z1, 22, ..., z» }, and clusteringg< and
C, we denote byC'(z;) and K (x;) the clusters containing; in C'

and K, respectively. We then define four variables

— |(6,5) where C(z,) = C(ay), K (2:) = K(a,)|
b= (i, ) where C(x;) = C(a,), K (1) # K ()|
¢ = |(i,j) where C(x:) # C(a), K (z:) = K ()|
d = |(i,§) where C(z;) # C(a,), K (a:) # K (x,)|

wherel <=1 < j <=n.




Many cluster indices can then be calculated from thesehlasa

In particular, the Jaccard index (Jain and Dubes, 1988)fisatbas RepeatMasker

_ a
a+b+c
One problem with Jaccard, and indeed with all the measure:
based on counting pairs, is that modifications to large elgswill
affect the score much more than modifications to small alaste
A different approach that suffers less from this drawbadaised
on entropy. Meila (2005) introduces thariation of information
VIto compare clusterings. For two clusterings and C, VIis
defined as

RBR 1.0.4

RBR 1.56

VI(C,K)=H(C,K) — I(C,K)

where H(C, K) is the total entropy of the clusterings, and

I(C, K) denotes the mutual information, defined B, K) =

H(C)+ H(K)—- H(C,K). Fig. 1. Venn-diagram showing the correspondence between theratiffe
The confusion matriX\/ is thec x k matrix defined byM; ; = methods.

|Ci N Kj|. If we defineM;. = >, M;; and similarly, M.; =

>-; M ;, we have the following definitions

H(C) = Z M. log M. differently masked nucleotides (Schneeberger et al., R0DBus,
. n n RBR and RepeatBeater are more similar to each other thagr &th
M. M. to RepeatMasker.
H(K)= Z TJ log 77 From Figure 1 we see that RepeatMasker masks a relatively lar
J part of the human data set. A large fraction of the maskedeoucl
M, M, tides are masked as SINE/Alu repeats, and these repeatfutens
H(C,K)=Y" % log % almost all nucleotides that are masked by both methods (§8%
iJ 6.4%).
VI can now be calculated directly froMf as RBR masks a smaller amount of sequence, but with a largeelegre

of overlap, and the differences are mainly due to RBR only-mas
king the most conserved parts of the repeats. In particolaly
two sequences in the data set are masked by RepeatMaskeutvith
being masked by RBR, and they turn out to contain be dupBcate
of the same sequence. Most of the sequence masked by RBR but
};10t RepeatMasker is low complexity and simple repeatseettho
short or too “noisy” to be detected by RepeatMasker.
We also compared the clusterings obtained by runfiGyCL
3 RESULTS andxsact on the masked sequences with the clusterings obtained
] by mapping the ESTs to the genome using GEM. The results are
We hgve selected two parameter settings for RBR, the dg)‘amt-_ displayed in Figures 2 and 3.
guratlon ofs = 1.5 andd = 6, and a more aggressive conflguratlon, We see that the performance of baii CL andxsact is poor
usings = 1 andd = 4. We also masked the data sets with Repeat-g, the unmasked data. The two maskings using RBR and the mas-
Masker, masking with lower case letters usingtkamal | option, king using RepeatMasker lead to similar clusterings, iatifi that

and supplying the appropriatespeci es parameter. although RBR does not mask all SINE/Alu repeats, it maskstlie
TGICL pre-processes sequences wittust , and uses MegaB-  gyient it adversely affects the clustering.

LAST (zZhang et al., 2000) to identify matches, using exactly
matching words of length 18 to seed pairwise alignments. drow
case letters are interpreted as masked sequence, andeskéiooh 32 Largedatasets o

the seeding, but not from the subsequent alignment. Fotering, ~ T0 see how RBR performs on more realistic data sets, we proces
we ran TGICL with its default parameters, anslact withaword  sed the larger data sets with RepeatMasikeyst , and RBR. The

1
VI=— (Z M;log M. +» M jlog M; —2% M log M
i J

%)

We believeV’T is a more appropriate measure, but for consistenc
with previous work, we will also provide the Jaccard index.

size ¢ k option) of 25 and a threshold 1) of 60. fraction of masked sequence is given in Figure 4. On these set
RepeatMasker only masks a small fraction of the sequenae dat
3.1 Human data set comparable tordust . RBR masks a similar amount of sequence as

To verify that RBR produces a result similar to RepeatBeater it does on the human data set.

first ran RBR on the set human ESTSs. Using the default configura Again we clustered the masked data sets with TGICbeswlct ,
tion, RBR masks 4.6% of the nucleotides differently from 8&p ~ and compared with the clusterings derived from the genonaip-m
Beater. Comparing RBR to RepeatMasker results in a diftreri ~ ping. The results are given as Variation of Information igufe 5
7.8%, while comparing RepeatBeater to RepeatMasker gi%s 7 and Figure 6, and Jaccard indices in Figure 7 and Figure 8.
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Fig. 2. Comparing the quality of clusterings using the differentskiag

methods on the human data set. The results are measuredthsingria-

tion of Information, using botxsact and TGICL for clustering. Lower
scores are more similar to the reference. Note that the barsrancated
where the value exceeds one, and the correct value is givemasber.
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Fig. 3. Comparing the clusterings for the human data set using teada
index. Higher scores are more similar to the reference.

We see that TGICL performs well o@. elegansand O.sativa
using only the intrinsic masking. Thgrabidopsisdata set, however,
is markedly improved by using RBR. Faisact , the clusterings
generally see an even greater improvement.

4 DISCUSSION AND CONCLUSION

Except for the human data set, which was selected explfoitigon-
taining a known repeat, masking against genomic repeatSTsE

225

17.5 —

[ mdust

Bl RepeatMasker
[JRBR6,1.5
[JRBR4,1.0

i

O.sativa

0 |

Arabidopsis C.elegans

Fig. 4. Percentage of nucleotides masked for the larger data sets.
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Fig. 5. Comparing clustering quality using TGICL on the large dattss
using the Variation of Information metric. Lower scores arere similar to
the reference clustering.

generally appear to have little effect on the clusterin@nscript-
specific repeat databases would likely improve this situator at
least reduce the amount of nucleotides masked unnecgssaril

In our experiments, we find no case where using RBR signifi-
cantly worsens the results, and often the result is markieaiyo-
ved. We think RBR, or a similar tool, should become an impurta
element in EST analysis, complementing the standard apipesa
In particular for exploring new organisms, where no goodeggp
library exists, we believe RBR provides the best availalibrzative
for masking ESTs.

Our implementation of RBR masks tl@ elegangdata set in 16
minutes on a 2.4GHz Athlon 64, consuming less than 500Mb of
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Fig. 6. Comparing clustering quality using xsact and Variationrgbima- Fig. 8. Comparing clustering quality using xsact and the Jaccatexin
tion.

The program that implements the Variation of Informationame
sure, the Jaccard index, and several other cluster coroparis
indices, is similarly licensed and available from the sanktU

0.9 1 — - The GEM clustering pipeline, the sequence data, and théiregsu
0.8 — - » clusterings are available on request.
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