EMBnet.journal 18.A

PosTERS

103

E. Mattei, P.F. Gherardini, G. Ausiello, M. Helmer-Citterich™

Department of Biology, University of Tor Vergata, Roma, Italy

Motivations

The recent advances in the fechnologies and
strateqgies for DNA sequencing have dramati-
cally facilitated the identification of novel human
genes associated with rare and common dis-
eases [1]. However novel methods are needed
to identify high-quality variations among all the
ones idenfified in a single experiment. The most
successful approach to identify disease-causing
mutations consists in using exome arrays [2] that
allow the sequencing of only the coding regions
in a genome. We developed a novel pipeline
to identify high quality variations in the data pro-
duced by an exome sequencing experiment us-
ing the new 454 Roche sequencer [3].

Methods

The input data of our pipeline are the sequenc-
er reads mapped on the reference genome
and the variations already identified by the se-
quencer software along with their confidence
score. The first step of the procedure consists in
associating the confidence score to each vari-
ant nucleotide and then filtering out variations
with a low score. Variations in the length of the
reads lead to misalignments between the reads
and the reference genome. The second step of
the pipeline produces a more accurate local
alignment that can be searched for variations.
Since the aim of the procedure is to validate the
original variations produced by the sequencer,
and noft to identify new ones, original variations
are compared with the newly identified ones for
confirmation. As expected the sequencer align-
ment error rate increases as the length of the
reads decreases, causing nucleotide mismatch-
ing. Reads with a perfect alignment with the ref-
erence, are marked as FULL by the sequencer.
However the sequencer software also reports
variations identified on chimeric reads, i.e. reads
for which different portions align to separate re-
gions of the genome. The pipeline reports, for
each variation, how many FULL reads support
the variation and how many do noft. Information
about CHIMERIC reads are included as well and

variations supported only by CHIMERIC reads are
more likely to be incorrect. The next step is to flag
single nucleotide polymorphisms as missense
or synonymous and to use dbSNP [4] to discard
the ones which are already known, and there-
fore unlikely to be associated with a disease.
Subsequently, the propensity of each missense
mutation to be deleterious for the function of a
protein as opposed to neutral is calculated us-
ing CONDEL [5], a software that computes a
weighted average of the scores of the SIFT [¢]
and POLYPHEN [7] methods. Moreover variations
in dbSNP which are known to be associated with
a disease are flagged. As a last step we prioritize
mutations occurring in genes belonging fo the
same family of other genes known to be impli-
cated in the pathology, if any. When SNP array [8]
data of a patient genome are also available the
procedure includes an additional test to identify
which variations are more likely to be in a het-
erozygous site.

Results

We tested our pipeline on the sequenced ex-
omes of two patients suffering from Noonan
Syndrome [9] and having no mutations in any
of the genes already known fo be implicated in
the disease. SNP array data was also available
for one of the patients. The original number of
variations identified by the Roche software was
about 105,000. After filtering the original set us-
ing the Phred score, the number decreased fo
about 102,000. Using a statistical test based on
comparing the sequencing and SNP array resulfs
we reduced the number to 22,000. The removal
of known SNPs further reduced the number of
newly identified variations to 15,000, only 1,400
of which were missense. CONDEL predicted 800
of them as deleterious and only 60 were found in
genes likely implicated in the disease. Our filter-
ing pipeline therefore reduced the initial number
of variations by four orders of magnitude, result-
ing in a very limited number of variations that
can be tested in follow-up experiments.
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