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Non-coding RNAs (ncRNAs) are transcripts that do not code for proteins. Recent find-
ings have shown that RNA-mediated regulatory mechanisms influence a substantial por-

tion of typical microbial genomes. We present an efficient method for finding potential
ncRNAs in bacteria by clustering genomic sequences based on homology inferred from
both primary sequence and secondary structure. We evaluate our approach using a set of
predominantly Firmicutes sequences. Our results showed that, though primary sequence
based–homology search was inaccurate for diverged ncRNA sequences, through our clus-
tering method, we were able to infer motifs that recovered nearly all members of most
known ncRNA families. Hence, our method shows promise for discovering new families
of ncRNA.

Keywords: ncRNAs; noncoding RNA; RNA discovery; hierarchical clustering; motif
discovery.
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1. Introduction

1.1. Motivation and related work

Non-coding RNAs (ncRNAs) are functional transcripts that do not code for
proteins. Recent findings have shown that RNA-mediated regulatory mechanisms
influence a substantial portion of typical microbial genomes,1 drawing increasing
attention to their study. A major approach for computational detection of ncR-
NAs is through comparative genomics,2 where conserved structures are predicted
from sequences of multiple species. The key difficulty with this approach is that
homologous ncRNAs are often dissimilar in sequence because compensatory muta-
tion preserves structure while changing the sequence. Unfortunately, existing algo-
rithms that infer local structured RNA alignments considering secondary structure
are impractical for genome-scale searches since they are computationally expensive,
and work best when applied to datasets in which homologous ncRNAs predomi-
nate. Together, these considerations suggest the following strategy: gather clusters
of sequences so that each cluster is sufficiently small and enriched in homologous
elements for successful computational motif prediction.

Recently, Yao et al.3 applied this strategy to search for bacterial cis-regulatory
RNAs. Because cis-regulatory RNAs are often upstream of genes, they clustered
regions upstream of homologous genes. We call this approach a “gene-oriented”
pipeline. They avoided the need for accurate alignment by using a tool called
CMfinder4 that can predict RNA motifs in unaligned sequences in the face of
low sequence conservation, extraneous flanking regions and unrelated sequences.
The method successfully recovered most known RNA families in Firmicutes anno-
tated in the Rfam5 database and elsewhere. Coupled with careful manual evalu-
ation of top-ranking results, this paper and Weinberg et al.6 identified 29 novel
RNAs including several candidate riboswitches, most of which subsequently have
been experimentally validated.7–11 However, this approach will detect ncRNAs
only if they are well-represented upstream of homologous genes. For example,
ncRNA genes that are independently transcribed (e.g. SRP, RNaseP, tRNAs) will
tend to maintain particular neighboring genes only through a narrow phylogenetic
range. This is true of some ncRNAs in the Firmicutes (and Yao et al.3 gener-
ally recovered these), but others will be missed. Another important example of
ncRNAs that might be missed by a gene-oriented approach are cis-regulatory
RNAs that regulate several non-homologous genes in a phylogenetically narrow
range of species. One such example is the purine riboswitch family discussed
below.

The main contribution of this paper is the development of an “IGR-oriented
pipeline” that clusters intergenic regions (IGRs) based on a combination of sequence
and structure similarity, independent of gene context, for purposes of ncRNA
discovery. We believe it can identify ncRNAs that are difficult to find with a
gene-oriented strategy. For example, our IGR-oriented approach (unpublished data)
correctly predicted seven related riboswitches regulating purine biosynthesis genes
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in Mesoplasma florum12 with no close relatives in other sequenced species, exactly
the second scenario outlined above.

The key challenge with an IGR-oriented approach is identifying and clustering
homologous segments of IGRs. Traditional structure-based methods can perform
well but are extremely slow,13 making them impractical for genome-scale searches.
On the other hand, sequence-based methods like BLAST are poor at detecting
remote homologs of RNAs, with performance dropping sharply as sequence similar-
ity falls below roughly 60% identity.13 Unfortunately, most RNA families of interest
have sequence identities of 50% or less. The main contribution of this paper is to
show that, despite these difficulties, IGR-oriented approaches are feasible. In par-
ticular, although individual BLAST matches may be of indifferent quality, we find
that the aggregate information in clusters of such matches is sufficient to recover
strong RNA motifs in many cases, especially when coupled with a clustering pro-
cedure that exploits the patchy nature of these weak matches and some secondary
structure information.

1.2. Efficient pipeline for detecting ncRNAs

Our approach to detecting ncRNAs computationally starts with identifying homol-
ogous RNA sequences. To do this without gene context, we search through entire
intergenic regions (IGRs) of several species for homology. Homologous ncRNAs usu-
ally exhibit some conservation in primary sequence, so the most obvious approach
is to cluster IGRs based on sequence similarity as detected by programs such as
BLAST or SSEARCH.14–16

Detection of similarity, however, is often difficult without exploiting the signifi-
cant conservation of RNA structure seen in many ncRNAs, yet traditional structure-
based methods are impractically slow. We design a novel lightweight approach that
incorporates both secondary structure information and primary sequence homology
via BLAST, referred to as the folded-BLAST approach. The goal is to achieve the
best sensitivity possible, while maintaining feasible search time.

A significant additional complication in the clustering step is that RNAs may
contain multiple domains with recognizable homology, but these domains may be
separated by dissimilar regions. To account for this, we design a hierarchical clus-
tering method that, given a set of pairwise homology hits, heuristically merges and
clusters overlapping sequences. Finally, as in Yao et al.’s pipeline,3 the clusters can
be used to predict motifs, which in turn can be used to scan genomes for more motif
instances (motif scan).

Our proposed pipeline for a given input set of genomic sequences, then, consists
of the following steps: (1) intergenic region extraction, (2) homology search, (3)
hierarchical clustering, (4) motif discovery, and (5) motif scan.

Our pipeline shares high level goals with the work of Will et al.,17 but dif-
fers in emphasis, and is somewhat complementary to it. Both cluster intergenic
sequences based on homology, then attempt to predict RNA motifs in these clusters.
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Will et al., building on Missal et al.’s work,18 need reliable sequence alignments for
their motif prediction step, so they use a stringent BLAST E-value threshold for
this phase. To recover broader RNA families, they apply a second clustering step to
cluster the RNA motifs produced in the first step. The number of RNA predictions
is much smaller than the number of IGRs, and they can afford to apply sophisti-
cated but computationally expensive structure-based clustering methods here, and
their paper develops such a method (LocARNA).17 In contrast, we use an RNA
motif prediction tool (CMfinder) that tolerates unaligned inputs and allows us to
be more aggressive in trying to gather more (and more remote) homologs, on the
premise that more examples will allow inference of more accurate models. Hence,
we cluster intergenic sequences based on relatively permissive homology searches.
One novelty of our approach is incorporating secondary structure information in
homology search. Neither method attempts direct pairwise structure comparison
among all intergenic sequences, that appears prohibitively expensive on datasets of
this scale.

2. Methods

2.1. Extracting intergenic regions (IGRs)

Given an input genomic sequence, we remove regions annotated in biological
databases as coding regions, repeat regions, tRNAs or rRNAs. Both strands are
removed when one strand contains one of the above annotations. This breaks a
genomic sequence into a set of intergenic regions (IGRs). We discard all IGRs
shorter than 15 nts and those immediately adjacent to an annotated rRNA region,
for rRNA 5′ and 3′ borders are known to be frequently misannotated. Remov-
ing genomic regions encoding for genes or known RNA elements on either strand
reduces search space, yet might risk missing RNAs. We discuss this influence on
our pipeline in the Results section.

2.2. Homology search

To compare performance, we used several popular search programs, including WU-
BLAST,15 NCBI-BLAST,14 and SSEARCH.16 SSEARCH implements the Smith-
Waterman local alignment algorithm; it is 10 times slower than BLAST programs,
but is thought to be more sensitive. NCBI-BLAST and WU-BLAST are both heuris-
tic approximations to Smith-Waterman, and begin alignment by matching exact
short words (seeds). In this study, we use the smallest seed length possible, which
is one for WU-BLAST and four for NCBI-BLAST.

2.3. Homology search with predicted secondary structure

(folded-BLAST)

To implement folded-BLAST, we use RNALfold from the Vienna package19 to
compute locally stable RNA secondary structures with a maximal base span L
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(empirically set to 150). Given an input sequence and a defined L, RNALfold
lists predicted secondary structure components. However, we cannot fully trust
the boundaries and structures predicted by folding programs, nor do we want to
deal with overlapping but inconsistent predictions. Hence, we developed a heuristic
procedure to merge RNALfold’s components: we iteratively merge components if
they overlap significantly (at least 80% or 100 bps) unless one of the components
is already longer than a threshold length (1000 bps); these thresholds were deter-
mined empirically. Then we feed each resulting sequence to RNAfold. The intent
is to obtain a unified structure prediction for each region in which RNALfold finds
significant structure potential. For each input sequence, we extract RNAfold’s pre-
diction as to whether each nucleotide is paired upstream, downstream or unpaired.
To take advantage of fast primary sequence homology search programs, we map
these sequences into a 12 letter alphabet representing nucleotide plus pairing direc-
tion. The resulting sequences are treated like protein sequences, but we search using
a handmade scoring matrix that is partially based on scores trained from ncRNA
alignments. In the scoring matrix, nucleotide identity (match) is favored, but when
the predicted structures are the same, nucleotide mismatch penalty is mitigated.
The matrix is available in the online supplement.a

2.4. Clustering

Prior to clustering, we process homology hits into nodes and edges. A node repre-
sents an IGR segment (a subsequence of the IGR sequence), and an edge represents
a homology hit. Edge weights are initially defined as homology bit scores. For all
homology output, hits with bit scores below a certain threshold are ignored. The
threshold was determined empirically by looking for a peak in the distribution of
bit scores (data not shown), and was set to 45 for WU-BLAST and NCBI-BLAST,
and 35 for folded-BLAST and SSEARCH. Low-score homology hits are likely to be
random, and our preliminary tests on BLAST programs (unpublished) show that
most random hits have scores below 35.

Homology hits often capture portions of ncRNA motifs, not full motifs. To
counteract this undesired fragmentation of the IGRs’ we merge nodes in two cases
depicted in Fig. 1: (1) Two nodes representing segments from the same IGR that
overlap significantly will be merged [Fig. 1(a)]. In this study we consider an overlap
to be significant if the two segments overlap by more than 70% of the smaller of
two lengths; (2) Alternatively, suppose two segments of IGR x overlap and two
segments of IGR y also overlap, but the overlap between neither pair is significant.
Hence neither pair would be merged under rule (1). If, however, the corresponding
x–y pairs are joined by homology edges, as depicted in Fig. 1(b), we merge the
x pairs and (separately) merge the y pairs. The merged nodes are connected by

aOnline supplement at http://bio.cs.washington.edu/supplements/lachesis/ncRNA JBCB Supp
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(a) (b)

Fig. 1. Merging nodes. (a) Segment x1–x3 and x2–x4 overlap significantly, so they are merged
into a single node representing x1–x4 (b) segment x1–x3 has a homologous hit with seg-
ment y1–y3, and x2–x4 with y2–y4, the result is two nodes, one representing x1–x4, and
one for y1–y4.

an edge whose weight is calculated by combining the two original edge weights in
proportion to segment lengths. In practice, we rarely observe case 2.

The clustering step uses WPGMA (Weight Pair Group Method using Arith-
metic averaging), also known as average-linkage clustering. Non-existent edges are
considered as having edge scores of 0.

The output of the hierarchical clustering is a forest of trees. Some trees can be
as small as having only two leaves, which means that the homology search program
did not find any other IGR segments significantly homologous to the two segments
represented by the two leaf nodes. The largest possible tree will contain all of the
input nodes; such a supersized cluster is impractical for any further evaluation,
and given that most of our ncRNA families have no more than 100 instances in our
species sets, for this study, we use a cluster size cutoff of 50. In the future, instead of
a rigid size cutoff, we will use adaptive methods for refining clusters (see Discussion).

2.5. Motif prediction and scan

Motif prediction and scan are done as in Yao et al.3 excluding the (subjective)
manual evaluation steps. Briefly, CMfinder folds each sequence in its input set, and
constructs an initial heuristic alignment attempting to match similar sequence and
structural features between sequences. Next, it builds a covariance model (CM) from
the alignment, exploiting both mutual information and single-sequence structure
predictions to arrive at a consensus structure prediction. Finally, it performs an
EM-like iteration, alternately realigning the sequences to the model and rebuilding
the model from the refined alignment. It is robust to non-motif containing sequences
and extraneous regions flanking the motifs. Parts of CMfinder use the Infernal
software package,20 which is also used for the scanning step in our evaluation. For
motif/CM scans, we use Infernal’s cmsearch with the CP9 HMM filter and an HMM
E-value cutoff of 10.

3. Results

108 full genomic bacterial sequences (90 Firmicutes, 10 Cyanobacteria, and 8
other) were used as input to the pipeline. RefSeq21 (version 25) was used for
IGR extraction. The extracted IGRs total approximately 13 Mbps. The entire set
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contains 1344 known ncRNAs. As mentioned in Sec. 2.1, by looking only at IGRs
where neither strand has certain functional annotations, we might lose some ncRNA
candidates. If we only consider ncRNAs that have an overlap with an IGR such that
the overlap is at least 50% of the ncRNA length or 50 nts (whichever is smaller),
then we are reduced to 1120 known ncRNAs.b If we extend our IGR extraction
50 nucleotides in each direction into annotated regions, the number increases from
1120 to 1148 while expanding the search space by around 5Mb. Extending IGRs
by 200bps doubles the search space while covering only seven more known ncRNAs
than extending 50 bps. For this study, we chose to have a smaller search space, and
did not extend IGRs. Missed family members can be recovered by motif scans if
the family has sufficient representation in the IGRs to form clusters that can be
used by CMfinder to predict representative motifs.

Primary sequence homology data were obtained using NCBI-BLAST, WU-
BLAST, and SSEARCH. To incorporate structure into our homology searches
(folded-BLAST), we used WU-BLAST since it allows convenient usage of arbi-
trary scoring matrices. We evaluated our clustering against a set of known ncR-
NAs, most of which are riboswitches. Known ncRNAs were annotated based on
alignments5,6,22,23 updated with ncRNA homologs found in RefSeq 25 (Z.W.,
unpublished data), with Ref. 22 alignments being used preferentially. Our align-
ment updates used previously described procedures.6

Details regarding input species and program parameters are available in the
online supplement.

3.1. Cluster evaluation

Table 1 shows the average cluster performance for each ncRNA family for each
homology search method. Cluster performance is evaluated as follows: for each
family and each homology search method, average sensitivity and positive predictive
value (PPV) are calculated by averaging over all clusters of size at least 3 in which a
plurality of annotated ncRNAs are from that particular family. We ignore clusters
of size 2 since these small clusters rarely lead to a useful structure prediction,
even though they almost always have a PPV of 1.0. It must be noted here that
of the tens of thousands of clusters produced after the size-50 tree-cutting in this
study, only a small fraction of them contain known ncRNAs. We cannot evaluate
the clusters that do not contain any known ncRNAs easily: they could contain
undiscovered ncRNAs, repeat regions, or misannotated (and hence not excluded)
coding genes. For simplicity of evaluation, we focus only on clusters that do contain
known ncRNAs. For each cluster C and each ncRNA family F , sensitivity is defined
as the fraction of members in F that are covered by some sequence in C, and PPV
is defined as the fraction of sequences in C that cover members in F . For example,

bWe use this definition throughout the evaluation: we refer to ncRNAs as being “covered” or
“contained” by sequences if and only if the overlap is at least 50% of the ncRNA length or 50 nts
(whichever is smaller).
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Table 1. Average cluster evaluation per ncRNA family for each homology program.
Only clusters of size ≥ 3 are considered. count = total number of ncRNAs of a partic-
ular family covered by IGR input, sens = average sensitivity, ppv = average positive
predictive value.

folded-BLAST WU-BLAST NCBI-BLAST SSEARCH

Family count sens ppv sens ppv sens ppv sens ppv

6S 29 0.25 0.45 0.16 0.27 0.22 0.58 0.26 0.61
AdoCbl 34 0.38 0.40 0.32 0.41 0.26 0.28 0.23 0.27
COG4708 2 0.75 0.33 1.00 0.40 1.00 0.40 0.75 0.30
FMN 36 0.94 0.86 0.64 0.51 0.65 0.52 0.36 0.34
GEMM 11 0.82 0.23 0.73 0.22 0.45 0.17 0.68 0.79
glmS 17 0.79 0.40 0.36 0.19 0.55 0.28 0.27 0.22
glycine 16 0.38 0.25 0.24 0.14 0.45 0.38 0.39 0.34
lysine 37 0.16 0.23 0.15 0.18 0.17 0.21 0.20 0.56
OLE 5 1.00 0.83 1.00 0.53 1.00 0.53 1.00 0.63
preQ1-I 26 0.05 0.19 0.11 0.50 0.08 0.32 0.10 0.59
purine 38 0.18 0.22 0.15 0.15 0.15 0.27 0.26 0.35
RnaseP 37 0.45 0.72 0.46 0.47 0.46 0.47 0.25 0.32
SAM-I 88 0.09 0.71 0.09 0.56 0.10 0.77 0.12 0.73
SMK23 9 0.11 0.05 0.11 0.08 0.11 0.07 0.11 0.11
SRP-bact 32 0.20 0.40 0.27 0.32 0.23 0.35 0.33 0.36
tbox 379 0.02 0.53 0.02 0.38 0.02 0.54 0.03 0.57
tmRNA 44 0.41 0.61 0.31 0.48 0.45 0.60 0.22 0.36
TPP 78 0.09 0.32 0.12 0.36 0.12 0.44 0.11 0.39
ydaO 15 0.37 0.44 0.77 0.70 0.83 0.58 0.73 0.63
ykkC 6 0.92 1.00 0.67 0.89 0.75 1.00 0.83 1.00
ykoK 21 0.95 0.95 0.91 0.72 0.63 0.66 0.86 0.66
ylbH 5 0.80 0.80 0.80 0.47 0.80 0.80 0.60 0.44
yybP 24 0.15 0.61 0.14 0.50 0.13 0.31 0.15 0.38

median 0.38 0.44 0.31 0.41 0.45 0.44 0.26 0.39

the first row in Table 1 shows that there are a total of 29 6S RNAs that are covered
by our IGR input, and with folded-BLAST homology prediction, each cluster (of
size ≥ 3) containing 6S RNAs covers an average of about seven 6S RNAs and
they constitute about 45% of the members of each cluster. One should note that
PPV calculated here is a lower bound, since we cannot rule out the possibility
that an unknown sequence is an undiscovered ncRNA. One should also be careful
in extrapolating these results to a real-use scenario, wherein the proportions of
positive and negative examples might be quite different from our test set.

At first glance, the results in Table 1 appear discouraging. The table shows that,
with a few exceptions like ykkC, ykoK, and ylbH, most families have relatively
low average cluster performance. We were also surprised to see that SSEARCH
did not show a major improvement over other homology search methods since
it does not use heuristics to speed up the search. These results emphasize the
difficulty of the ncRNA discovery problem: primary sequence similarity alone is not
sufficient to cleanly cluster family members, at least with the parameter settings
used here. However, since our goal is to detect novel ncRNA families, we turn our
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attention to individual clusters with good PPV, since a few good clusters may suffice
to recover strong motifs. For example, folded-BLAST has five clusters containing
glycine riboswitches, three of which have sensitivity below 0.2, contributing to the
low average in Table 1. The remaining clusters, however, have sensitivity/PPV
0.88/0.78 and 0.75/0.25 respectively. If CMfinder can find a good representative
motif from one or both of these, a motif scan will likely recover other glycine
riboswitches. Thus, what is more important is our ability to produce clusters that
permit RNA alignment tools like CMfinder to correctly predict strucured RNAs.
In the following section, we show results of predicted motifs from selected clusters.

3.2. Motif discovery and scanning

We ran CMfinder on all clusters containing at least one known ncRNA. Here we
ignore again clusters not containing any known ncRNAs for simplicity of evaluation.
For each cluster input, CMfinder predicts zero or more motifs. For each motif, we do
a CM scan using the resulting covariance models (CMs). The CMs scan a dataset
that consists of our entire ncRNA set: ∼ 5Mb of ncRNAs from all available bacterial
species, not limited to the ones that served as input to the pipeline, plus a control
set of ∼16Mb of randomly selected IGRs (from various species) not containing
known ncRNAs. Strictly speaking, we cannot be sure that our randomly selected
IGRs indeed do not contain any undiscovered ncRNAs, but for the purpose of this
evaluation, we assume there to be none.

Table 2 shows the best CM scan result for each ncRNA family for each homology
search method. Sensitivity is defined as the fraction of ncRNAs for that particular
family that were recovered by the CM scan. In this CM scan test, a sequence hit is
considered a true positive only if it is an ncRNA (regardless of strand) and belongs
to the family from which the motif was predicted. We ignore strand since our
clustering procedure can equally well assemble clusters of reverse-strand sequences
or clusters of forward-strand sequences, and inference programs including CMfinder
can generally build motif models from either. To see why, note that a putative
secondary structure on one strand consisting entirely of Watson-Crick pairs will
always be mirrored on the opposite strand, since the complement of a Watson-
Crick pair is also one. Small differences in stacking energy and presence of G·U
wobble pairs, which are mirrored by unfavorable A·C pairs, may cause the motif
on one strand to score slightly better that its reverse-complement, but these are
second order effects. In particular, the reverse-complement motifs generally do not
significantly impair scan efficacy. For example, of the four AdoCbl clusters built with
folded-BLAST, one included 25 of the 34 AdoCbl sequences, all forward strand,
and another included a slightly different set of 25 reverse strand sequences (i.e.
sensitivity 0.74 for each; PPV’s were 0.63 and 0.89, respectively). Scan results were
good for both: sensitivities/PPVs of 0.60/0.99 and 0.71/1.00, respectively, across
the 1983 AdoCbl examples in the test set. Presumably the reverse strand model
did slightly better since its training cluster contained fewer false positives.
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Table 2. Best CM scan result per ncRNA family for each homology program. Only the scan
result for the cluster having the best sensitivity is shown. The shaded cells are the ones in which
sensitivity was highest for that particular family, regardless of ppv. count = total number
of ncRNAs of a particular family in the scanned database, len = average sequence length,
pcid = percent identity in our structure-based alignments.

    folded-BLAST WU-BLAST NCBI-BLAST SSEARCH 

family count len pcid sens ppv sens ppv sens ppv sens ppv 

6S 1025 198 0.36 0.20 0.99 0.15 0.99 0.12 0.98 0.15 0.98 

AdoCbl 1983 199 0.36 0.71 1.00 0.73 1.00 0.40 1.00 0.72 1.00 

COG4708 12 89 0.61 0.92 0.85 0.92 0.85 0.75 0.90 0.92 0.92 

FMN 526 146 0.52 1.00 0.98 1.00 0.98 0.99 0.98 1.00 0.98 

GEMM 455 76 0.51 0.64 0.98 0.71 0.98 0.45 0.98 0.57 0.97 

glmS 150 185 0.45 0.97 0.97 0.97 0.97 0.96 0.97 0.96 0.97 

glycine 1370 176 0.54 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

lysine 314 182 0.44 0.86 0.97 0.71 0.97 0.79 0.97 0.74 0.97 

OLE 24 604 0.58 1.00 1.00 1.00 0.86 1.00 1.00 1.00 1.00 

preQ1-I 81 68 0.48 0.28 0.96 0.49 0.98 0.32 1.00 0.44 1.00 

purine 235 102 0.52 0.96 0.97 0.98 0.97 0.98 0.97 0.99 0.97 

RNaseP 4253 296 0.50 0.85 1.00 0.82 1.00 0.84 1.00 0.86 1.00 

SAM-I 705 124 0.50 0.95 0.99 0.94 0.99 0.92 0.99 0.91 0.99 

SMK 34 196 0.30 0.09 0.60 0.09 0.38 0.09 0.50 0.09 0.60 

SRP-bact 1823 99 0.43 0.61 0.99 0.65 0.99 0.14 0.98 0.65 0.99 

tbox 2378 229 0.37 0.80 0.97 0.70 0.97 0.83 0.97 0.88 0.98 

tmRNA 1486 360 0.38 0.84 0.98 0.84 0.94 0.85 0.98 0.83 0.98 

TPP 2341 103 0.45 0.85 0.99 0.98 0.99 0.93 0.99 0.84 0.99 

ydaO 223 166 0.40 0.98 1.00 0.98 1.00 0.98 0.95 0.97 0.96 

ykkC 171 145 0.45 0.81 0.99 0.79 0.97 0.75 1.00 0.58 1.00 

ykoK 108 179 0.56 1.00 0.99 0.99 0.99 1.00 0.99 1.00 0.99 
ylbH 21 157 0.60 1.00 1.00 0.95 1.00 1.00 1.00 0.95 1.00 
yybP  582 129 0.35 0.14 0.99 0.15 0.99 0.09 0.98 0.15 0.99 

median 0.85 0.99 0.84 0.98 0.84 0.98 0.86 0.99 
 13 13 7 11Number of shaded rows

As Table 2 shows, almost all of the best CM scans had > 90% PPV, meaning
that there were very few false positives. All four homology search methods did
exceptionally well on FMN, glycine, OLE, ydaO, ykoK, and ylbH, recovering almost
100% of the known ncRNAs despite having the scanning motifs predicted from
only a small subset of them. As shown in Table 3, the best glycine riboswitch-
containing cluster in all four homology search methods contained no more than 14
glycine riboswitches, and the cluster PPVs were approximately 0.80, yet that was
sufficient for CMfinder to find a strong motif allowing essentially perfect recovery
of all 1370 known instances (Fig. 2). SMK had poor CM scan results, and it was
discovered that none of the SMK-containing clusters had more than one SMK
instance present, making the motif-finding task impossible. yybP also did poorly,
and two possible contributing factors are low conservation (percent identity is 0.35,
the second lowest in the Table) and small representation in the training set (only
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Table 3. Clusters that gave the best CM scan result in Table 2. count = number of
ncRNAs of that family in the particular cluster (TP), ppv = positive predictive value.

folded-BLAST WU-BLAST NCBI-BLAST SSEARCH

Family count ppv count ppv count ppv count ppv

6S 23 0.68 13 0.62 13 0.81 17 0.94
AdoCbl 25 0.89 14 0.57 28 0.74 21 0.91
COG4708 2 0.40 2 0.40 2 0.40 2 0.40
FMN 34 0.85 20 0.81 35 0.80 28 0.65

GEMM 9 0.20 9 0.19 6 0.24 7 0.78
glmS 13 0.50 7 0.41 14 0.38 12 0.86
glycine 14 0.78 9 0.71 14 0.82 12 0.63
lysine 19 0.83 14 0.65 24 0.83 20 0.83
OLE 5 0.83 5 0.50 5 0.83 5 0.63
preQ1-I 3 0.75 3 0.60 3 1.00 3 0.60
purine 19 0.53 15 0.85 21 0.60 27 0.66
RNaseP 8 0.80 8 0.36 8 0.31 7 0.44
SAM-I 14 0.82 8 1.00 48 0.91 46 0.88
SMK 1 0.04 1 0.08 1 0.08 1 0.03
SRP-bact 12 0.75 22 0.52 4 0.11 28 0.78
tbox 15 0.65 15 0.63 19 0.95 45 0.94
tmRNA 24 0.77 24 0.75 25 0.76 24 0.77
TPP 19 0.79 26 1.00 51 0.94 41 0.87
ydaO 9 0.82 8 0.65 15 0.33 14 0.82
ykkC 6 1.00 2 0.75 4 1.00 5 1.00
ykoK 21 0.95 10 0.63 19 0.83 18 0.86
ylbH 4 0.80 2 0.17 4 0.80 3 0.50
yybP 3 0.99 4 0.99 2 0.98 4 0.99

24 examples). However, besides SMK and yybP, all other families gave encouraging
results. A look at the glmS clusters in Table 3 that produced the best CM scans
shows that CMfinder was capable of predicting good motifs even when the fraction
of ncRNA-containing sequences was low, except for SSEARCH, the cluster PPV
was below 0.5. As another interesting example, none of the BLAST-based methods
puts more than 15–19 of the 379 tboxes into a single cluster (a notable case where
SSEARCH excelled), yet the CMfinder motif in all cases achieved at least 70%
sensitivity on the 2378 tboxes in the full test set.

Except for the preQ1-1 family, folded-BLAST had CM scan results that were
comparable to if not better than the other three homology search methods. However,
most CM scan results were relatively good and different methods failed on different
families, making it difficult to declare that one method had a significant edge over
the others.

4. Discussion and Future Work

We designed an IGR-oriented pipeline for discovering ncRNAs on a genomic scale
and evaluated it against a known set of ncRNAs. Results indicate that the pipeline
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(a) folded-BLAST (b) Rfam

Fig. 2. Consensus motif comparison. (a) Predicted structure of best glycine riboswitch cluster for
folded-BLAST. Other homology methods produced highly similar structures and are therefore
omitted. (b) Rfam annotated consensus structure.

is capable of producing clusters of homologous sequences that are sufficiently homo-
geneous for productive motif prediction and scanning. We have also designed a novel
method for incorporating secondary structure information efficiently in homology
search, and have shown that it at least marginally improves performance. Below we
address several aspects of the pipeline that could benefit from improvement.

4.1. Maximum cluster size

In this study, we use a fixed maximum cluster size of 50 for motif-finding. An
alternative idea would be to define clusters by a score threshold. However, in the
pre-cluster processing we merge nodes and change edge weights, so some scores are
no longer the original homology bit scores. We also observe that the cluster scores
vary greatly, and it would probably be difficult to determine a score threshold that
works for all trees. Another approach is to use CMfinder results as feedback to
iteratively add or remove members until most cluster members are predicted as
containing a motif instance. One approach we are currently working on, somewhat
akin to Will et al.,17 is to use small clusters (say, 5 or 10), run those through
CMfinder to produce motifs, and cluster the motifs using a heuristic alignment
algorithm. This approach has the advantage of not being confined to the topology
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of the tree. If two clusters are far apart in the tree yet produce similar motifs, they
can be combined to refine the consensus structure.

4.2. Merging and clustering

In pre-processing the homology hits, we merged overlapping homologous segments
based on the assumption that either algorithmic heuristics or evolutionary diver-
gence caused the programs to fail to capture full length homologous ncRNAs. We
have neither deeply investigated this assumption nor determined an optimal merg-
ing strategy. It is also not certain that WPGMA, or any hierarchical clustering
method, is the right approach.

4.3. Combining different phyla

The set of input genomic sequences we used for evaluating our pipeline contained
species from different phyla. It is not clear whether combining sequences from dif-
ferent phyla will benefit ncRNA discovery, although some preliminary work (not
shown) seemed to indicate no advantage. We observed a few clusters from our
evaluation that contained riboswitches from different phyla. However, since the
input set was predominantly Firmicutes, and there were very few known ncRNAs
in Cyanobacteria and other non-Firmicutes species, we do not yet have a clear
answer.

4.4. Incorporating secondary structure in homology searches

Evaluation of our folded-BLAST against pure primary sequence homology search
methods shows its potential, but there is much room for improvement. A major
challenge for this approach is the unreliability of structure predicted from a single
sequence. Sliding windows were used to account for alternative base pairings, and
prediction must be done on both forward and reverse strand, increasing the search
space greatly. Another issue is scoring the homology. We used a handmade scoring
matrix that was partially based on scores trained from curated ncRNA alignments.
Preliminary tests of homology searches using scoring matrices trained completely
from ncRNA alignments, without modification, showed poor results, but perhaps
could be improved with better training data.

5. Conclusion

In summary, we have shown that our IGR-oriented pipeline is a promising practical
and efficient approach for discovering ncRNAs that requires very little biological
information (functional annotations were used only to narrow the search space). It
leverages the aggregate information in clusters, even ones built from weak homology
matches based only on primary sequence information, often finding this sufficient
for effective motif discovery by CMfinder. Although evaluation of the pipeline using
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different homology search methods did not reveal any program to be consistently
better than the others, we observed that our novel method for incorporating sec-
ondary structure in homology searches improves discovery for many families, and
feel that further investigation of such strategies, as well as strategies for merging
and clustering, are warranted.
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