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Abstract

The discovery of novel non-coding RNAs has been among the most exciting recent
developments in Biology. Yet, many more remain undiscovered. It has been hypothesized
that there is in fact an abundance of functional non-coding RNA (ncRNA) with various
catalytic and regulatory functions. Computational methods tailored specifically for ncRNA
are being actively developed. As the inherent signal for ncRNA is weaker than that for
protein coding genes, comparative methods offer the most promising approach, and are the
subject of our research. We consider the following problem: Given an RNA sequence with
a known secondary structure, efficiently compute all structural homologs (computed as a
function of sequence and structural similarity) in a genomic database. Our approach, based
on structural filters that eliminate a large portion of the database, while retaining the true
homologs allows us to search a typical bacterial database in minutes on a standard PC,
with high sensitivity and specificity. This is two orders of magnitude better than current
available software for the problem.
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1 Introduction

“Structural genes encode proteins, and regulatory genes produce ncRNA” - Jacob F.
& Monod J., 1961.

The recent publications of the genomic sequence of eukaryotic mammals [4, 9], are a landmark
for Molecular Biology. The whole genome sequence is a natural starting point for many inves-
tigations, and these papers contain a tantalizing glimpse into the biology of the future. One
of the more surprising discoveries of this project was the relatively small number of genes that
were found. Many explanations have been given, but the one that intrigues us is the notion
that most of the genes that we were looking for were protein coding genes. Could it be that
many cellular functions are carried out by non-coding genes (genes that are transcribed into
functional RNA, which is not translated [3])?

The idea is not without merit. Novel families of functional RNA are continually being
discovered. The discovery of endogenous small interfering RNA (RNAi) and other newer families
of RNA has generated a lot of excitement in the scientific community. Targeted search for other
noncoding RNA (ncRNA) [5, 12, 13] has led to startling discoveries of novel sub-families
of ncRNA. It is clear that the prevalence of ncRNA genes has been grossly underestimated.
It is now being hypothesized that there is in fact an abundance of undiscovered, functional
ncRNA with various catalytic and regulatory functions (The Modern RNA world [3]). This
is understandable, given that computational tools for finding nc-genes are not as advanced as
those for protein coding genes. Building effective tools for discovering ncRNA will fulfill an
unmet need for biology.
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Various computational approaches to detecting noncoding genes are being tried. Some of
these are attempts at de novo prediction, looking for signals that might suggest a functional
RNA in the molecule. The most promising approach seemed to be the use of secondary structure
as a signal [1, 11] to discover RNA. However, recent reports [15, 18] have concluded that the
signal is not strong enough to detect RNA, and random sequence with a high GC composition,
or with a di-nucleotide composition similar to a true RNA sequence usually allow folding into
energetically favorable secondary structures. Other de novo approaches including looking for the
transcription start and similar signals, but have had limited success. The consensus is that the
ncRNA signals in a genome are not as strong as the signals for protein coding genes. Therefore,
the natural approach to the problem is based on comparative methods. Methods based on
similarity have been published earlier [14]. These are usually tailored to finding homologs of
a specific RNA, such as tRNA. Recently, Klein and Eddy [10] developed a tool, RSEARCH,
for searching a database with a query RNA molecule. The method depends upon existing
algorithms for computing alignments between an RNA sequence and substrings of a database,
where the alignment score is a function of sequence and structural similarity. Known algorithms
for computing such alignments are computationally intensive (approximately O(mw2n), where
m is the length of the query sequence, n is the length of the database sequence, and w is the
maximum length of a database substring that is aligned to the query). The running time is
expressed better by parameterizing on the elements of the RNA secondary structure, to be
described in section 3. Not surprisingly, RSEARCH is slow to use. For a test run on an
Intel/linux PC with 2.8GHz, 1Gb memory, a microbial database of size 1.67M, and a query 5S
rRNA sequence, the program took over 6.5 hrs. to run. This makes it impractical when either
the query or the database is large.

In this paper, we describe FastR, an efficient database search tool for ncRNA. An analogy
can be drawn from fast search tools (BLAST/FASTA) for DNA and Protein sequences that has
made database searching practical. The speed and effectiveness of BLAST in particular has
contributed in large measure to the exponential growth of sequence databases, and the use of
database search as an accepted method for finding novel DNA/protein homologs. By proposing
FastR, which includes novel ideas for RNA structure filtering and alignment, we hope to do the
same for ncRNA. As an example, FastR reduces the compute time of the previously mentioned
query to 103s.

2 Designing Filters

Key to our efficient searching for homologs is the notion of filters for RNA structure that
allow a large fraction of the database to be discarded while retaining all of the homologs. The
obvious question is whether sequence similarity with the query string is sufficient to get an initial
set of candidate regions. To test this, we queried the whole genome of A. pernix (GenBank
NC 000854.1) with an Asn-tRNA sequence. With default parameters, Blastn selected 4 hits
with an E-value < 0.001, and 24 hits with E-value < 10. 3 of the 4, and 10 of the 24 matched
the 43 hits produced by RSEARCH. Also, most of the computed alignments were less than
20bp in length. From this, and similar tests not included here, we do not anticipate a tool
based on sequence similarity to be effective in finding RNA homologs. Therefore, we turn to
the secondary structure of the query RNA sequence as the basis for our filter design. We will
continue to use sequence similarity in computing the final alignments.

Instead of working with the standard formalisms such as Correlation Models, and Stochastic
Context Free Grammars for RNA structure [2], we turn to a loose description, but one that
still captures the essential details. As shown in Fig. 1, the secondary structure has a tree
like shape and can be decomposed into various loops (Interior loops, bulges, multi-loops) and
stack regions. Each stem in this tree contains energetically favorable stacked base-pairs. In
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Figure 1: (a) An RNA structure with various structural elements including stacked base-pairs, bulges, hairpin,
and multi-loops. (b) An alternative view. The set of bases in (a, a′) forms a (k, w)-bp unit.

w\k 4 5 6 7 8 9 10
20 0.3955 0.1483 0.0556 0.0208 0.0078 0.0029 0.001
40 0.791 0.2966 0.1112 0.0417 0.0156 0.0058 0.0021
60 1.1865 0.4449 0.1668 0.0625 0.0234 0.0087 0.0032
80 1.582 0.5932 0.2224 0.0834 0.0312 0.0117 0.0043
100 1.9775 0.7415 0.278 0.1042 0.0391 0.0146 0.0054

Table 1: Expected number of hits in a random string in a (k, w)-filter.

the ’stretched’ view (see Fig. 1(b)), a stack of length k corresponds to a pair of complementary
strings. These stacked base-pair units form the basis of our filters, described formally below.
Consider a nucleotide string s, with |s| = n. A pair of indices (i, j), i < j forms a (k,w)-bp unit,
if (j−i) ≤ w, and s[i . . . i+k−1], and s[j . . . j+k−1] can form a base-pair stack (see Fig. 1(b)).
Recall that s[i . . . i+k−1], and s[j . . . j+k−1] form a base-pair stack if s[i+u] and s[j+k−1−u]
are complementary for all 0 ≤ u < k. A simple filter choice for an RNA structure is the set of
all starting positions i which contain a (k, w)-bp unit for appropriately chosen k and w. Let p

be the probability that a pair of randomly chosen bases is complementary. The probability that
a pair of indices (i, j) with (j − i) ≤ w forms a (k, w)-bp unit is pk. Define Xi,j as the indicator
variable with Xi,j = 1 if and only if (i, j) forms a (k, w)-bp unit. Using linearity of expectation,
the expected number of hits in a random string of length n is

E(
n

∑

i=1

i+w
∑

j=i+k

Xi,j) =
n

∑

i=1

i+w
∑

j=i+k

E(Xi,j) ≤ nwpk

See Table 1 for the expected number of hits per starting position (' wpk). Obviously, for large k

and small w, even this simple filter can be quite powerful. We assume that in an RNA structure,
the base-pairing is limited to the Watson-Crick base pairs (A ↔ U , C ↔ G), and the wobble
base-pair (G ↔ U). For a randomly and uniformly chosen pair of bases, the probability p of
pairing is p = 3

8
. As an example, typical tRNA structures have a clover-leaf shape with the

outermost stem having a 7 base-pair stack separated by about 70 bases. The (7, 70) filter would
eliminate over 90% of the starting positions from consideration. In fact, we can do better as
this base-pair unit is in fact separated by at least 50 bases in all tRNA, therefore making w

effectively 20 (50 ≤ w ≤ 70), eliminating 98% of the starting positions.
Design criteria for Filters: We will use the (k, w)-bp unit as the basis for our filter design.
However, we need to design more sophisticated filters as indels may sometimes disrupt base-
pair stacks (decreasing the effective value of k), and variability in separation may increase the
effective value of w. As many different filters are possible, we set forth some design criteria
that should be used to evaluate different designs. In the following sub-section we describe a few
filters that are effective, but we hope that these design criteria will help spur research in this
area. Any good filter should meet the following criteria:
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Generality: The filters must be general, and simply described, so as to be applicable (with
appropriate parameter tuning) to every ncRNA family.

Efficiency: The time to filter should be no more than the time to align and score the filtered
hits, and preferably as small as possible.

Sensitivity: Sensitivity is described as the fraction of all members of the ncRNA family that
is admitted by the filter, and should be as close to 1 as possible. It may be acceptable to
work with lower sensitivities, for example, to look for members in a sub-family.

Specificity: Defined here as the expected number of base-pairs per hit in a random database.
It should be as large as possible.

We propose the following Nested and Multiloop filters:

(k, w, d)-bp units: These are positions (i, j) such j − i ≤ w, and there exists a string s′, such
that the edit distance between s′ and s[i . . . i+k−1] is ≤ d, and s′ forms a base-pair stack
with s[j . . . j + k − 1]. By definition, a (k, w, 0)-bp unit is the same as (k, w)-bp unit. In
practice, we will work with low values of d, perhaps d = 1. For ease of exposition, we will
drop the parameter d in the rest of the proposal. Unless stated otherwise, the arguments
should work for various values of d. Another way to restrict bp units is to limit the number
of wobble base-pairs in a unit. In our filters, we restrict that number to 2 which seems
like an appropriate specificity/sensitivity trade-off. See Section 4 for details.

Nested bp-units: Considering the RNA secondary structure as a tree, and going depth first
down a path (see Fig. 1), we have many nested (k, w)-bp units. The term (k, w, l)-
nested bp unit is used to define l (k, w)-bp units in a nested configuration. For exam-
ple, in Fig. 1, the configuration (a, a′), (c, c′), (d, d′), (e, e′), is a (k, w, 4)-nested bp unit. A
(k, w, l)-nested bp unit may be overlapping if the different (k, w)-bp units are allowed to
overlap, and non-overlapping otherwise. Overlapping nested bp units are another useful
way of dealing with indels in the homolog structure.

Parallel and Multiloop bp units: Yet another way of looking at RNA structural elements
is to locate non-nested, non-overlapping (k, w)-bp units. We define a (k, w, l) paral-
lel bp unit as a configuration of l non-nested, non-overlapping (k, w)-bp units. This defi-
nition can be extended to a multiloop bp unit. A (k, w, l)-multiloop bp unit is a configu-
ration in which a (k, w, l − 1)-parallel bp unit is enclosed by a (k, w)-bp unit. The units
(b, b′), (d, d′), (f, f ′), and (g, g′) in Fig. 1 form a (k, w, 4)-parallel bp unit. Correspond-
ingly, {(a, a′), (b, b′), (d, d′), (f, f ′), (g, g′)} is a (k, w, 5)-multiloop bp unit.

The nested, parallel, and multiloop bp units are all generalizations of the (k, w)-bp unit, and
therefore applicable to all families of ncRNA. There are conserved structural elements in every
ncRNA family that enforce the correct folding, so it should be possible to find multiloop and
nested structures with high sensitivity. Also, the simple description allows us to compute
specificity using combinatorial arguments. To increase the specificity of these filters, we need
to extend the design to include distance constraints (number of base-pairs) in between the
various (k, w)bp units. For a filter with l (k, w) bp units, there are 2l substrings of length k

each with 2l − 1 distances between adjacent substrings. To this, we add an additional distance
between the first and the last substring, and we have a vector of 2l distances. We constrain the
distances by a 2l-dimensional vector ~w containing the allowed ranges for each of these distances.
Choose w0 to be the range of distances between the first and last substring, and wj, j > 1 to
be the range of distances in the substrings ordered from left to right. A (multiloop/nested)
filter satisfying these constraints is a (k, ~w, l)-filter. Note that (k, w, l)-multiloop bp unit can be
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Figure 2: A multiloop filter for tRNA with distance constraints.

redefined by choosing ~w such that wj = (0, w) for all j. (4, ~w, 4)-multiloop bp unit for tRNA
with appropriate distance constraints is shown in Fig. 2.
Specificity and Sensitivity: Consider the earlier model of a randomly generated database
with all nucleotides being equally likely. In order to understand specificity of a filter, we pose
the following combinatorial problem: What is the probability that an arbitrary position in the
random database is the start of a (k, ~w, l)-multiloop bp unit? This question is not easy because
of the various dependencies between overlapping units, so we approach it indirectly. Consider
a 2l dimensional vector ~v. If the distances in ~v are within the range specified by ~w, then
~v denotes a configuration of a (k, ~w, l)-multiloop bp unit obtained by fixing the 2l positions
of the l (k, w)-bp units using distances in ~v. The probability of occurrence of an arbitrary
configuration is exactly pkl. For an arbitrary starting position, and a configuration ~v, define an
indicator variable

X~v =

{

1 if a (k, ~w, l)-multiloop bp unit occurs with configuration ~v

0 Otherwise
(1)

Let Y =
∑

~v X~v. We are interested in computing Pr[Y > 0]. By linearity of expectation,
E(Y ) =

∑

~v E(X~v) = nk,~w,lp
kl, where nk,~w,l is number of possible configurations of a (k, ~w, l)-

multiloop bp unit. nk,~w,l can be computed using standard combinatorial arguments. We con-
sider the following extreme cases (proofs omitted due to lack of space):

Theorem 1: Let 0 ≤ wj ≤ w for all j. Then, nk,~we,l =
(

w−2(k−1)l−1
2l−1

)

.

Theorem 2: Let 0 ≤ w0 ≤ ∞, and for all j > 0, let 0 ≤ wj < x. Then, nk,~w,l = x2l−1.

Ideally, we choose the distance constraints so that nk,~w,lp
kl << 1. For those values, we can use

the Markov inequality (Pr[Y > 0] < E(Y )) to get the desired bound. For higher values of
E(Y ), we need other techniques to bound the probability, which are not discussed in the paper.
However, it is clear from Theorems 1 and 2 that in order to filter with high specificity, we will
need to limit the number of possible configurations by tightening the distance constraints. Fur-
ther increases in specificity are obtained by using intersections of nested and multiloop bp units.
In section 4, we describe our filtering results on various test cases. Informally, making a filter
restrictive increases specificity at the cost of sensitivity. One problem that we do not address
in this paper is optimal filter design. Formally:

Optimal multiloop bp unit filter design:

Input: A family R of ncRNA sequences with known/inferred structure, and parameter 0 < α < 1.

Output: Choose a k, ~w, l-multiloop bp unit that maximizes kl− log 1
p

nk,~w,l (minimizes nk,~w,lp
kl) while

admitting an α fraction of R.
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In this article, we choose optimal filters simply trying different parameters. Algorithms for
choosing optimal filters will be described elsewhere.
Efficiency: What fraction of the computation time is devoted to filtering? This should be small
enough to be negligible. In computing (k, w)-bp units, we must efficiently locate all proximally
located complementary strings. Numerous algorithms for computing matching strings are known
(See for example, Gusfield [7]). In our application, all strings are of a fixed length k ≤ 10, so we
simply use a hash-table to compute all k-mer positions. Using appropriate data-structures, we
can compute all (k, w)-bp units in time linear in the number of such units. The computation
of nested and multiloop bp units is based on extension of these ideas (details omitted). In
Section 4, we show the filter time is a few seconds per Mb of sequence, which is easily dominated
by the time for computing alignments.

3 Computing RNA sequence alignment

The filtered database substrings must be structurally aligned to the query to identify true ho-
mologs. A good algorithm must perform well, both on correctness (distinguishing true hits from
false positives), and on efficiency. For simplicity, we work with a Nussinov like model for com-
puting energetics of an RNA structure. This can be extended easily to the more sophisticated
Zuker-Turner thermodynamic models [8, 19], or the probabilistic models such as Correlation
Model and Stochastic Context free grammars for RNA [2, 16]. The structure of an RNA se-
quence s is a set S of base-pairs, where (i, j) ∈ S implies that s[i] bonds with s[j]. Ignoring
pseudo-knots, each base-pair has a unique enclosing base-pair, thus S can be shown to be a tree
with each node denoting a base-pair, and the obvious parent-child relation.

Similar to sequence alignment, an alignment A of two RNA strings s and t with lengths m

and n respectively, can be described by a matrix of two rows. The first row A[1, ∗] contains the
string s with gaps, and the second row A[2, ∗] contains the string t with some interspersed gaps.
Each column has at most one gap in it. We score each column by the function γ(a, b), for all
a, b ∈ {A, C, G, U,−}, and score alignment as a linear function (sum of scores of its columns).
In addition, every conserved base-pair, i.e., every i, j such that A[1, i], A[1, j] are complemen-
tary, and A[2, i], A[2, j] are complementary are given the score δ(A[1, i], A[1, j], A[2, i], A[2, j]).
Appendix A describes the two simple score matrices used in the experiments in this paper.
The algorithm for aligning an RNA query against a sequence is given in Fig. 4, which is an
extension of ideas in [?]. A naive algorithm would iterate over all pairs of intervals in s, and t.
We can do better by exploiting the structure of s. First, we augment the tree (See algorithm
and an illustration in Fig. 3) by adding spurious base-pairs so that each nucleotide (originally
base-paired or not) is in some base-pair, each node has at most two children, and the number
of nodes is O(m), where |s| = m. Additionally, each node v ∈ S has at most one child in
the augmented structure, denoted by S ′. We limit the intervals in s to nodes v ∈ S ′, which
are bounded by O(m). Let m1, and m2 = m − m1 denote the number of nodes with 1 and 2
children respectively. The complexity of alignRNA , with a query of length m, and a target of
length n and n is O(n2m1 + n3m2). This parametrization is useful because in typical structures
m2 << m. In our case, the complexity can be further reduced. The sequence pairs that need
to be aligned have been filtered for an underlying sub-structure. The preliminary alignment
obtained by this filter allows us to limit the nodes in S ′ that can be applied to a position i in t,
based on the left end-point of v, and the width. This banding reduces the number of nodes to a
constant, effectively making the complexity O(n2δ2

m), where δm << m is the size of the banded
region. The banding forces a tradeoff. Overlapping hits from the filter can either be aligned
independently with a tight band, or merged and aligned once with larger band size. Due to lack
of space, we will not discuss this issue further.
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procedureBinarize(i,j) (* Binarize the interval (i, j). *)

if (i = j)

return (create node(i,j,dotted,Nil)); (* A dotted node with 0 child. *)

if (i, j) ∈ S

v = Binarize(i+1,j-1);

return (create node(i,j,solid,v)); (* A solid node with 1 child v. *)

if (k, j) ∈ S for some i < k < j

vl = Binarize(1,k-1);

vr = Binarize(k,j);

return (create node(i,j,dotted,vl,vr)); (*A dotted node with 2 children, vl and vr. *)

if (i < j)

v = Binarize(i,j-1);

return (create node(i,j,dotted,v)); (* A dotted node with 1 child v. *)

end if
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Figure 3: Procedure to create a Binary tree with O(m) nodes such that each node has at most 2 children.

The solid nodes correspond to pairs in S, while the dotted nodes correspond to augmented spurious edges. An

illustration of the Binarize procedure.

procedure alignRNA
(*S is the set of base-pairs in RNA structure of s. S′ is the augmented set. *)
for all intervals (i, j), 1 ≤ i < j ≤ n, all nodes v ∈ S′

if v ∈ S

A[i, j, v] = max







































A[i + 1, j − 1, child(v)] + γ(s[lv], t[i]) + γ(s[rv], t[j])
+δ(t[i], t[j], s[lv], s[rv]),

A[i, j − 1, v] + γ(′−′, t[j]),
A[i + 1, j, v] + γ(′−′, t[i]),
A[i + 1, j, child[v]] + γ(s[lv], t[i]) + γ(s[rv],′ −′),
A[i, j − 1, child[v]] + γ(s[lv],

′ −′) + γ(s[rv], t[j]),
A[i, j, child[v]] + γ(s[lv],

′ −′) + γ(s[rv],′ −′),
else if v ∈ S′ − S, and v has one child

A[i, j, v] = max















A[i, j − 1, child[v]] + γ(s[rv], t[j]),
A[i, j, child[v]] + γ(s[rv],′ −′),
A[i, j − 1, v] + γ(′−′, t[j]),
A[i + 1, j, v] + γ(′−′, t[i]),

else if v ∈ S′ − S, and v has two children
A[i, j, v] = maxi≤k≤j{A[i, k − 1, left child[v]] + A[k, j, right child[v]]}

end if
end for

Figure 4: An algorithm for aligning a query RNA s of length m with a database string t of length n. The query
structure S has been Binarized to get S′. The index pair in s corresponding to each node v ∈ S′ is denoted by
(lv, rv).
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ncRNA Filter GC k l w0

#Hits
(/Mb)

False
Neg.

Speed
(s/Mb)

tRNA M-fs-4 0.50 4 3 40 − 70 21120 11/100 2.2
tRNA M-fs-4 0.35 4 3 40 − 70 29379 11/100 1.6
tRNA M-fs-4 0.7 4 3 40 − 70 37208 11/100 2.4
tRNA M-fs-1 0.5 5 2 40 − 70 8237 18/100 2.2
tRNA M-fs-1 0.35 5 2 40 − 70 12496 18/100 1.7
tRNA M-fs-1 0.7 5 2 40 − 70 16773 18/100 2.4

5S rRNA M-rrna-2 0.7 5 2 95 − 112 7502 20/100 1.3
5S rRNA M-rrna-2 0.5 5 2 95 − 112 3307 20/100 1.2
Purine-Rs M-pur-1 0.5 5 2 50 − 65 2499 10/37 1.1
Purine-Rs M-pur-3 0.5 4 2 50 − 65 41687 0/37 0.7

Hammerhead M-ham-3 0.5 4(*) 2 145 − 180 6250 7/57 1.8
Hammerhead M-ham-2 0.5 4 2 145 − 180 7078 10/57 1.1

Table 2: The results of applying nested and multiloop filters (with various parameters) to random databases.
As the filters become more stringent, the number of hits decrease, and the number of false-negatives increase.
In all but (*) cases, at most 2 G-U base-pairs are allowed in a bp unit. (*) refers to cases where only 1 G-U
base-pair is allowed.

4 Results

The efficiency and quality of search depends on the design of filters as well as the (appropri-
ately banded) alignment algorithm. We describe the results on filtering and alignment inde-
pendently before giving combined results. To test our algorithms, we worked with arbitrary
ncRNA subfamilies of known/predicted structure from the RFAM [6] and the 5S Ribosomal
RNA database [17]. Four sub-families are considered here, tRNA, 5S rRNA, a Purine Ri-
boswitch, and the Hammerhead Ribozyme. A description of these sub-families is deferred to
the final version. For every sub-family, we chose some members arbitrarily, and inserted them
in a random database of 1Mb, and tested our algorithms on the composite sequence. For com-
pleteness, we have also described results on some real genomes. The probability of finding
bp units at random depends on the GC content, so the random database was created by first
choosing the GC-content, and subsequently generating bases with appropriate fixed probability.
G + C probabilities of 0.35, 0.5, and 0.75 were chosen to study the effect of GC-content. All
experiments were performed on an Intel PC (2.8GHz, 1Gb RAM), running Linux.
Filtering for ncRNA: Table 2 describes results of applying various filters. As expected, as the
filters become more stringent (higher k, l, less variable distances), the number of false negatives
increases. However, for each family, there exist appropriate filters that filter out a large portion
of the database while retaining most of the members of the family. Also, as the GC-content
is biased away from 0.5, the number of false hits increases. W.r.t False Negatives, many occur
simply because the proposed structure contains unconventional base-pairs which we do not
allow. For example, 10/100 tRNA sequences contain A − G, A − A, or A − C base-pairs, and
would be difficult to find with any ncRNA discovery tool. While not shown here, the time taken
increases linearly with the size of the database. Clearly, the time to filter is small enough to be
dominated by the alignment, so in principle, one could try more complex filters. However, the
advantage of the simpler nested and multi-loop filters is their universality over various families
of ncRNA. Designing an appropriate filter for a sub-family, is then just a matter of choosing
appropriate values for k, l, and ~w.
Alignment: To test alignment quality, we computed alignments on a randomly generated
300Kb database sequence with 100 tRNAs inserted in it. No filtering was used for FastR. Fig. 5
shows ROC plots for the two alignment algorithms. The two are comparable, with RSEARCH
performance better for distant homologs. The time taken for FastR (unbanded) alignment is
3m48s, compared to 20m42s for RSEARCH. In ongoing research, we plan to improve the quality

8



0
10
20
30
40
50
60
70
80
90

100

0 5 10 15

#FP

#T
P

FastR
RSEARCH

Figure 5: ROC plots for the alignments generated by RSEARCH and FastR.

Query Filter
Hits

(TP/Tot)
Expected

Hits
Time

RSEARCH Asn-tRNA(AE001087.1/4936-5008) - 85/93 100 3411s
FastR-U ” M-fs-1 79/89 82 404s
FastR-B ” M-fs-1 77/93 82 52s

RSEARCH 5S rRNA (AE016770.1/210436-210555) - 97/97 100 14939s
FastR-U ” M-rrna-2 80/80 80 670s
FastR-B ” M-rrna-2 80/80 80 44s

RSEARCH Purine-Rs (AE010606.1/4680-4581) - 33/39 37 9215s
FastR-U ” M-pur-1 26/38 27 340s
FastR-B ” M-pur-1 27/38 27 46s

RSEARCH Hammerhead (M83545.1/56-3) - 50/58 50 2741s
FastR-U ” M-ham-3 47/47 47 118s
FastR-B ” M-ham-3 47/47 47 34s

Table 3: Comparison of FastR and RSEARCH. FastR-B (FastR-U) stands for banded (unbanded). For FastR,
approximately the same number of top hits as RSEARCH have been chosen. FastR searches were conducted on
the top strand and the time shown has been doubled.

of FastR alignment, while maintaining compute times.
Finally, we evaluate FastR after combining filtering and alignment. Table 3 summarizes the

results of our search. As can be seen, FastR is close to two orders of magnitude faster than
RSEARCH while maintaining comparable sensitivity. Note that there is little or no change in
sensitivity due to banding. A P-value is currently being devised for FastR. In its absence, a
P-value cut-off is first chosen for RSEARCH, and a similar number of top hits are chosen for
FastR. As seen in the previous section, FastR alignments and scores are good for the high quality
hits (RSEARCH E-value < 0.1), but decrease thereafter leading to a loss of sensitivity. Ongoing
research will focus on optimizing the score function to improve sensitivity, with no increase in
compute time. As expected, some of the loss of sensitivity can be attributed to filtering. For 5s
rRNA, the filter M-rrna-2 allows only 80 of the 100 true positives, which are almost completely
retrieved by FastR. In contrast, RSEARCH gets the top 97 but takes over 4 hours compared
to the time of 44s for FastR. We have also tested FastR on real genomes, where it is difficult
to distinguish true hits. As shown in Table 4, querying the 1.67 Mb A. pernix genome yielded
comparable results. FastR could not detect the 14 intron containing tRNAs, but detected 24
out of the remaining 33. For 5S rRNA, the single known annotation was the top hit, but there
were other alignments of similar quality, indicative of novel 5S rRNAs. In the other two cases
(Hammerhead and Purine-Rioboswitch), RSEARCH did not return any significant hit, and no
annotations were available, hence no comparison could be made. FastR dominates again in
speed.
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Query Genome
FastR hits

(hits/TP/FN)
RSEARCH hits

(E-val ≤ 10)
FastR
time

RSEARCH
time

Asn tRNA
A. pernix

(NC 000854.1)
25/24/9 57/31/2 2m57s 146m22s

5S rRNA
A. pernix

(NC 000854.1)
9/1/1 2/1/1 1m43s 390m7s

Table 4: Comparison of RSEARCH and FastR results on querying the 1.67Mb A. pernix genome. The true
positives are obtained from known annotations. For False Negatives, we do not consider tRNAs with introns.

Discussion and Future Work: The development of fast filtering and searching tools for
ncRNA is a natural area of research, analogs to the development of sequence similarity tools
like BLAST, and Fasta. However, as the discussion above shows, the underlying structure and
diversity of ncRNA makes this problem quite different in character. The proposed tool FastR
effectively uses filters to provide a large speedup while retaining high sensitivity. In ongoing
research, we will work with more sophisticated scoring functions for alignment to improve the
sensitivity.

The ideas presented here open many lines of research, which we are actively pursuing. The
first is the design of optimal (multi-loop and nested) filters for an ncRNA family. Next, we
can extend these ideas to compute multiple alignments of RNA, and to search databases with
multiple alignments. Finally, we plan to use the tools developed here to search for novel ncRNA.
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