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1 Introduction

In bacteria, small regulatory RNA (sRNA) regulates the translation and stability of mRNAs
that encode proteins with role in virulence or adaptive responses triggered by environmental
signals and stresses (Gottesman, 2005; Storzet al., 2005). We set out a bioinformatic pipeline
to assess the identification of sRNAs in the human bacterial pathogen M. tuberculosis (MTB),
the etiologic agent of tuberculosis (TB). We implemented this tool to allow for predictions and
annotations of intergenic sRNA-encoding genes based on RNA-Seq (Wang et al., 2009) data
analysis and intergenic sequences conservation.

2 RNA-Seq data analysis

The resulting 36-base reads (9711909 reads) were processedto remove poly-A tail and were
mapped to the Mycobacterium tuberculosis H37Rv (NC_000962) genome by means of SOAP
v1 (Short Oligonucleotide Alignment Program), see Liet al. (2008), with the seed size parame-
ters set to 6 and maximum gap size allowed set to 1. The filtering procedure discarded: i) reads
mapping to a previously annotated coding region CDS (3548742 reads), ii) repeatedly mapped
reads, iii) reads not mapped (1507477 reads). Considering remaining uniquely intergenic re-
gions (IGR) mapped reads (8204432 reads) region coverage (reads abundance,expression) per
base was subsequently calculated. We generated this transcript map by counting for each base
on both strands of the whole IGR sequences the number of readscontaining that base. Inter-
genic sequences conservation Mycobacterium tuberculosisH37Rv intergenic sequences were
extracted according to strand location resulting in 1610 sequences (2443765 nt) from the pos-
itive strand and 1621 sequences (2362067 nt) from the negative. The same procedure was
performed on 7 related species genome (Mycobacterium sp. JLS, Mycobacterium avium, My-
cobacterium gilvum PYR-GCK, Mycobacterium leprae, Mycobacterium smegmatis str. MC2
155, Mycobacterium ulcerans Agy99, Mycobacterium vanbaalenii PYR-1) and the revealed se-
quences were merged together in a unique database with 26035IGR sequences. Consequently
H37Rv IGR sequences were searched against this databases using BLASTN (Altschul et al.,
1997) with pre-set parameters except for “query strand to search” value fixed to plus. Based
on alignment withE-value< 0.05 only, a conservation map was obtained for both strands.
This map corresponds to the number of related genomes in which the considered position is
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conserved. sRNA identification We defined a IGR region interval as a candidate sRNA if the
following conditions hold:

1) IGR region interval was made up of subsequent bases,

2) IGR region interval length was≥ 30 nt and≤350 nt.

Moreover at least one of the further conditions has to be fulfilled:

3) all IGR region interval bases had an abundance reads value≥ ExprT1 threshold;

4) all IGR region interval bases had a conservation value≥ ConsT1 threshold;

5) all IGR region interval bases had an abundance reads value≥ ExprT2 threshold and a
conservation value≥ ConsT2 threshold.

We set a procedure for candidate identification based on 3 interchangeable steps whose ordering
was defined to identify expression derived candidate more likely.

- Step 1: identification of regions satisfying conditions 1,2 and 3 (type A candidates) and
subsequent removal from dataset.

- Step 2: identification of regions satisfying conditions 1,2 and 5 (type B candidates) and
subsequent removal from dataset.

- Step 3: identification of regions satisfying conditions 1,2 and 4 (type C candidates).

The optimal expression and conservation thresholds depends on the characteristics of the dataset
analysed such as, among others, complexity and other genomecharacteristics, technologies,
mapping reads programs those parameters control many important candidates feature like length,
start-end positions, type, primary structure. Method proposed in this work was based on expres-
sion and conservation depths empirical density distributions. In particular ExprT1 and ConsT1
thresholds correspond to 95% percentile of reads abundanceand conservation distributions re-
spectively while ExprT2 and ConsT2 thresholds correspond to quantile of order 0.90. Each
putative sRNA was annotated for several features, including mean,min and max expression,
mean,min and max conservation, distances from flanking ORF,alignment to sRNA annotated
in RFAM (Griffiths-Joneset al., 2005) db and secondary structure stability (MFE).

3 Results

Totally 1927 candidate were identified. 1715 were type A, 190type B and 20 type C. sRNA
candidates ranging from 30 to 314 nucleotides in length and 141 of those showed a Minimum
Free Energy (MFE) of the secondary structurep-value<0.05 (RANDFOLD, Bonnetet al., 2004).
All 6 known MTB sRNA were identified and ranking our result foraverage expression value, 5
of them were within first 224 (6 within 690). In addition, length and location of 5 of them were
predicted with good precision (±2 bps in start/end position) whereas one had length noticeably
smaller than annotated one.

92



Figure 1: Scheme of the bioinformatic pipeline

Figure 2: Srna identification process
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The two main stages of described pipeline are shown on the right. First stage starts from raw
RNA-seq output and genomes sequences with corresponding annotation files and leads to the
identification of putative sRNA. It is composed of two independent procedures (show on the top)
then merged together by means of process describe in Figure 2. In second stage identified sRNA
are annotated for homology with previously verified sRNA (RFAM db) and secondary structure
stability (MFE associatedp-value) to assess prediction reliability. sRNA identification process
is composed by 3 main steps. Step 1: construction of reads coverage by counting for each base
on both strands of the whole IGR sequences the number of readscontaining that base. Step 2:
construction of conservation map by counting for related genomes in which the considered base
is conserved. Step 3: candidate identification based on expression and conservation coverage
depth jointly.
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