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1 Introduction

It is increasingly evident that the eukaryotic genome is pervasively transcribed [4] and
that non-protein coding RNAs (ncRNAs) play a key role in regulating gene expression
and cell biology [3], affecting for instance (post-)transcriptional regulation, chromatin-
remodelling, differentiation and development. In all kingdoms of life, genome-wide
analysis are currently identifying a large numbers of potential ncRNAs (up to 450.000
only in the human genome [11]) and therefore the prediction, comparison, and func-
tional annotation of ncRNAs are major tasks of current RNA research. Such studies
identify genomic loci that are under stabilizing selection and that exhibit thermody-
namically stable secondary structures and that therefore constitute prime candidates for
novel functional ncRNAs. The functional annotation task is however a complex en-
deavor since, in contrast to protein-coding genes, ncRNAs belong to a large number of
diverse classes with vastly different structures, functions, and evolutionary patterns [2].

The current classification system divides ncRNAs into (a) families according to
functional, structural, or compositional similarities (the Rfam database lists as of to-
day more than 2000 RNA families [6]), and (b) into RNA classes that group ncRNAs
whose members have no discernible homology at the sequence level, but that have com-
mon structural and functional properties (e.g.snoRNAs and micro RNAs). For these
reasons clustering according to sequence-structure similarity is nowadays the de-facto
standard for ncRNA annotation. The quality and computational complexity of the clus-
tering procedure depend on the underlying pairwise sequence comparison method. The
most generic methods (LocARNA [17] and FOLDALIGN [16]) use derivatives of the
full Sankoff algorithm [13] of simultaneous alignment and folding, but can be used
only on small sets given their complexity (at least O(n4)).

In order to achieve a reasonable trade-off between time and quality, many approaches
use different heuristics: (a) using simplifications in the structural model, or (b) us-
ing sequence information as prior knowledge to speed up the computation. In the first
case ([12] and [9]) one predicts structures for each individual sequence (a task that is
known to be error prone). In the second case sequences are first clustered by sequence-
alignment [15,10] and then conserved consensus structures are predicted (using RNAAL-
IFOLD [1] or PETFOLD [14] for example). The major problem here is that ncRNA se-
quences evolve much faster than their structure, to the extent that often no homology on
the sequence level is detectable (family assignments of sequence alignments at pairwise
sequence identities below 60% are often wrong [7]).
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2 Contribution

Here, we propose an alignment-free approach for clustering RNA sequences according
to sequence and structure information. We extend a fast graph kernel technique that
we have developed [5] for chemoinformatics applications and we adapt it to detect
similarities between RNA secondary structures. The key novelties are twofold: (1) we
represent multiple folding hypothesis associated to a single RNA sequence in a flexible
graph format; and (2) we efficiently convert the graph encoding into a very high dimen-
sional sparse vectors. The first strategy allows us to compensate the inaccuracies of the
minimum free energy solution. The second strategy allows us to use locality sensitive
hashing methods to identify clusters with a complexity that is linear in the number of
sequences N, i.e. avoiding the quadratic complexity arising from pairwise similarity
computations.

We have integrated the approach in a ready-to-use pipeline for large-scale cluster-
ing of putative ncRNA. The method has been evaluated on known ncRNA classes and
compared against existing approaches such as LocARNAand RNASOUP [8]. We show
that not only we obtain clusters of high quality, but also we achieve striking speedups:
from years to days for serial computation, down to hours when considering the parallel
implementation.

We applied our method to six heterogeneous large-scale data sets containing more
than 220,000 sequence fragments in total. We have analyzed predicted short ncRNAs
which were lacking reliable class assignments and we have searched for local structural
elements specific to experimentally validated lincRNAs. In this latter case we found
enriched GO-terms for lincRNAs containing predicted local motifs that suggest a con-
nection to vital processes of the human nervous system.
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