RNAmine: Frequent Stem Pattern Miner from RNAS
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1 Introduction

Finding the frequent patterns in biological sequences (DNA, RNA or amino-acid sequences) or in their struc-
tures is one of the most important challenge in bioinformatics. The frequent patterns of the sequences often
have important functions, such as the regulatory elements in DNA, the catalytic site of enzymes and so on.
Recently, it is revealed that a number of RNAs, which are not translated into proteins, play central roles at
various biological stages. Those RNAs are called functional RNAs or non-protein-coding RNAs (ncRNAS)
and attracting remarkable attention. Computational and experimental screenings have predicted a number of
NcRNASs, but only few of these RNAs are classified, because their functions are still unknown. It is believed that
the function of a ncRNA is highly related to not only its nucleotide sequence but aksecidary structure

Hence, on the RNA research, it is an important task to detect structure motifs from a set of RNA sequences. We
propose a graph mining approach in order to enumerate the secondary structure motifs from unaligned RNA
sequences.

2 Method and Results

Our algorithm takes a set of unaligned RNA sequences as the inputs and produces the secondary structure
motifs that appear in the input RNA sequences more than a given threshold callagraum support

2.1 Graph Representation of RNA Sequence

Each RNA sequence in the inputs is represented as a directed labeled graprsteaflgniaph Firstly, let us

define the stem graph (which is a directed labeled graph) whose secondary structure is known. Such an RNA
is described as a set of base pairs and we call a set of successive basesfmirdma stem graph, a vertex
corresponds to a stem and an edge describes the relative position of the stems. Each edge has a label “Parallel”,
“Nested” or “Pseudoknotted” according to the relative position . When the secondary structure is unknown,
each node is atem candidatenot a confirmed stem. The stem candidates are derived from the base pairing
probability matrix calculated by the McCaskill's algorithm [2]. The ) value of this matrix represents the



probability of thei-th nucleotide and thg-th nucleotide forming a base pair. The consecutive base pairs whose
probabilities are more thapm,,;, are identified as a stem candidate, but those shorteritharare discarded.
Remark that the consistent secondary structure muslidpge subgraph in the stem graph.

2.2 Label Taxonomy for Vertex Labels

Since we have not define the labels of vertexes yet, a set of discrete labels are introduced in the following way.
The nodes of all the stem graphs are clustered and organized as a label taxonomy. Firstly, a dendrogram is
generated by the hierarchical clustering of the nodes (i.e., stem candidateg)liftbin stem graphs by using

the measure of dissimilarity between stems. Then, itis sliced to the layers by the given dissimilarity thresholds,
and we generate a label for each cluster in each layer.lakied taxonomys the resulting tree of labels, and

this represents similarity of vertexes.

2.3 Formulation as a Graph Mining Problem

In our settings, the secondary structure motif of RNA is representectbgu graph, called astem pattern
where node labels are taken from arbitrary layers of the label taxonomy, and the edge label is either “Parallel”,
“Nested” or “Pseudoknotted”. We also define a kindcotfor each stem pattern. The stem pattErmatches
to a stem grapld-, if they have the same topology and the same edge labels, and every node |8higlan
ancestor of that of7 in the label taxonomy. If a stem pattern finds matching subgraphs in several stem graphs,
the corresponding RNA sequences share a partial common structure.

In summary our task is formulated as a pure graphmining problem as below:

Problem 1 Given a set of directed labeled graphs, a label taxonomy, a minimum suppotts{¢p) and a
maximum costrbazcost), completely enumerate every pattderthat satisfies the following three conditions:
(1) support(P) > minsup, (2) P is a clique and (3yost(P) < maxcost.

We solve this problem by extending the gSpan algorithm [1], which is an efficient algorithm for mining general
graphs.
2.4 Results

In the tasks of common secondary structure prediction and local motif detection from long sequences, our
method performed favorably both in accuracy and in efficiency with the state-of-the-art methods such as
CMFinder [3].
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