shortRNA: A flexible framework for the analysis of
short RNA sequencing data applicable to studies on
epigenetic inheritance
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Introduction Tree structure

Short RNAs, categorized as non-coding RNA molecules, are less than 200
nucleotides in length and play a vital role in the regulation of the genome.
They have been implicated in a large number of biological processes and
pathological conditions. Moreover, they are shown to be altered in different
models of epigenetic inheritance [1-3]. Short RNA studies are hampered
by a number of technical issues, including the bioinformatic analysis of
short RNA sequencing data:

1. Analysis methods are not simultaneously optimized towards all
known short RNA types (e.g. miRNA, piRNA, rasiRNA, siRNA,
snoRNA, tsRNA, tRFs, srRNA and U-RNA). On top of multiplying the
work needed for an extensive analysis of the data, this can potentially
create misassignment mistakes.

2. Current methods either do not deal adequately with post-
transcriptional modifications (for genome-based methods); or if they
do (transcript-based methods), they do not deal with unannotated
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Figure 2: An example tree structure from tRNAs.
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Figure 6: Read proportions from samples (example).

features.

Pipeline for short RNA-Seq data analysis

3. Current methods do not adequately account for the hierarchical
organization of the features one might want to quantify or test.

Comparison of shortRNA with other methods

N

4. There is still no consensus on the most appropriate normalization We compared 20 published tools for 21 features.
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method for short-RNA-Seq data.
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Because of these shortcomings, we developed a new analysis framework
that addresses these issues using alternative nested equivalence classes
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 Heirarchical: could easily be extended to additional feature trees (for

example Vault RNAs).
Figure 4: Reads assignment (Sperm short RNA-Seq [3]).
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Figure 1: Databases used for mouse.
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