
58

OMICS A Journal of Integrative Biology 
Volume 11, Number 1, 2007
© Mary Ann Liebert, Inc.
DOI: 10.1089/omi.2006.0005

Comparative Genomics of Small RNAs in 
Bacterial Genomes

STAN LUBAN and DAISUKE KIHARA

ABSTRACT

In recent years, various families of small non-coding RNAs (sRNAs) have been discovered
by experimental and computational approaches, both in bacterial and eukaryotic genomes.
Although most of them await elucidation of their function, it has been reported that some
play important roles in gene regulation. Here we carried out comparative genomics analy-
sis of possible sRNAs that are computationally identified in 30 bacterial genomes from �-
and �-proteobacteria and Deinococcus radiodurans. Identified sRNAs are clustered by a
complete-linkage clustering method to see conservation among the organisms. On average,
sRNAs are found in approximately 30% of intergenic regions of each genome sequence. Of
these, 25.7% are conserved among three or more organisms. Approximately 60% of the con-
served sRNAs do not locate in orthologous intergenic regions, implying that sRNAs may be
shuffled their positions in genomes. The current study implies that sRNAs may be involved
in a more extensive range of functions in bacteria.

INTRODUCTION

IN ADDITION TO TRANSFER RNAS AND RIBOSOMAL RNAS, a surprising number of small non-coding RNAs
(sRNAs) have been found in recent years (Eddy, 2001; Editorial, 2004; Gottesman, 2004a, 2004b; Storz

et al., 2004; Wassarman et al., 1999; Wassarman, 2004). sRNAs are nontranslated RNA molecules (i.e.,
nonmessenger RNAs) that are found to be present and functional in many different organisms, ranging from
bacteria to mammals (Wagner and Flardh, 2002). Non-coding RNAs have drawn significant attention in re-
cent years because of their important roles in controlling many regulatory pathways in higher eukaryotes
(Kim, 2005) and their practical and clinical importance (Eckstein, 2005; Hammond, 2006). Arguably, 
sRNAs are one of the most important findings in biology in the past decade; they have opened up a new
view of gene regulation.

In eukaryotes, hundreds of sRNAs, termed microRNAs (miRNAs), and small interfering RNAs (siRNAs),
which are 21–25 nucleotide-long RNAs that negatively regulate gene expression at the post-transcriptional
level, have been found in the past couple of years (Ambros et al., 2003; He and Hannon, 2004; Kim, 2005).
These examples include lin-4 regulatory RNA in C. elegans (Wightman et al., 1993), small nucleolar RNA
(snoRNA), which is involved in rRNA modification (Bachellerie et al., 2002), and bantam RNA found in
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Drosophila melanogaster, which suppresses apoptosis and stimulates cell proliferation (Brennecke et al.,
2003). Recently non-coding RNAs found in human and mouse have also drawn much attention (Wassar-
man et al., 2001).

In Escherichia coli, so far more than 50 sRNAs are identified (Griffiths-Jones et al., 2005a). The func-
tions of many of the sRNAs remain to be elucidated, although studies of a subset of the sRNAs indicate
that they act by three general mechanisms (Storz et al., 2004). A few are integral parts of RNA-protein
complexes, such as the 4.5S RNA component of the signal recognition particle and RNase P RNA (Peluso
et al., 2000). Another class of sRNAs mimics the structures of other nucleic acids. Examples of this class
include the 6S RNA, which binds to a70-RNA polymerase holoenzyme (Wassarman and Storz, 2000). The
third class of sRNAs act by base-pairing with other RNAs, thereby regulating expression of genes. sRNAs
base-pairing with a target mRNA can have multiple regulatory outcomes in E. coli. MicF RNA prevents
translation (Andersen and Delihas, 1990; Mizuno et al., 1984), while DsrA RNA facilitates translation (Sled-
jeski et al., 1996). RyhB RNA base-pairing with its targets is associated with degradation of the mRNAs
(Masse and Gottesman, 2002), while base-pairing of some sRNAs with their targets is conceived to block
access of a ribonuclease and thus stabilize the mRNA.

sRNAs have been identified by both experimental and computational methods. The experimental large-
scale methods used to identify sRNAs include oligonucleotide arrays (Tjaden et al., 2002), EST screening
(RNomics) (Huttenhofer et al., 2001), co-immunoprecipitation with the Hfq RNA-binding protein in 
E. coli (Zhang et al., 2003), and co-purification with ribonucleoproteins (Mourelatos et al., 2002). The com-
putational methods used vary greatly, including artificial neural network, a sequence pattern recognition of
sets of promoter or terminator motifs in intergenic regions (Argaman et al., 2001; Chen et al., 2002), and
identification of conserved RNA secondary structures (Rivas et al., 2001). Several of these computation-
ally identified sRNAs were confirmed by Northern blots. Current computational approaches may not be
very accurate, but are still very important in the present situation where our understanding of sRNA in
genomes is far from complete; computational analyses can quickly give us a rough idea about the distri-
bution of sRNAs in genome sequences.

Several systematic searches for sRNAs in the E. coli genome have identified around 200–400 novel 
sRNAs: Chen and co-workers’ (2002) computational approach produced 227 predictions, while Rivas et al.
(2001) identified 275 candidates using probabilistic sequence models compiled as the QRNA program. A
neural network–based approach predicted 370 sRNAs (Carter et al., 2001). Recently Zhang et al. (2004) es-
timated the number of sRNA to be in the range of 118–260 from sequence conservation of intergenic re-
gions. In addition, oligonucleotide arrays by Tjaden et al. (2002) found 334 transcripts of unknown function
in intergenic regions. Hershberg et al. (2003) compiled five earlier works (Argaman et al., 2001; Chen et al.,
2002; Huttenhofer et al., 2001; Rivas et al., 2001; Zhang et al., 2004), resulting in 1001 nonredundant sRNA
candidates. They found that there is not much overlap between the previous studies. Indeed 906 out of 1001
candidates were predicted by one study alone. Hence, it is still not clear how many sRNAs E. coli holds.

In this study, we have addressed the following questions: how many sRNAs exist in microbial genome
sequences, and how many of them are well conserved among organisms? How well are the locations of 
sRNAs conserved among genomes? To answer these fundamental questions about microbial sRNAs, we
conducted a comparative genome analysis of sRNAs in 30 microorganisms including �- and �-proteobac-
teria and Deinococcus-thermus. To the best of our knowledge, this is the first attempt of comparative ge-
nomics on sRNAs in bacterial genomes. Comparative genomics is a powerful computational approach to
verify predictions made on a single genome, because it is natural to consider that predicted sRNAs show-
ing conservation among multiple organisms are more likely to be correct. A comparative analysis is espe-
cially useful for sRNAs, because computational identification of sRNAs is hard due to their less significant
statistical signals compared with protein-coding regions (Benson et al., 2004).

We found a large number of sRNAs in each of the 30 organisms, ranging from 265 to 1789 (i.e., on av-
erage an sRNA is found in approximately 30% of intergenic regions in each genome). The initially found
sRNAs were clustered into “families” (see below section) shared by multiple organisms. There were 869
sRNAs that were included in families shared in five or more organisms. In the E. coli genome, a total of
1078 sRNAs was identified. Among them, 380 sRNAs were shared with two or more organisms. The num-
ber of 380 roughly agrees with the predicted number of sRNAs in E. coli determined in a previous study
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(Carter et al., 2001). The current study revealed that there are many more regions than those already known
that seem to be able to form RNA secondary structures in the bacterial genomes. Therefore it is expected
that more sRNAs will be found to be involved in gene regulatory mechanisms in bacteria by experiments
conducted in the near future.

MATERIALS AND METHODS

Genome dataset

We analyzed intergenic regions of 30 complete genome sequences, which were retrieved from Genbank
(Benson et al., 2004). The following 25 organisms were selected from the �-proteobacteria: Acinetobacter
sp. ADP1 (As), Blochmannia floridanus (Bf), Buchnera aphidicola str. Bp. (Ba), Coxiella burnetii (Cb),
Erwinia carotovora (Ea), Escherichia coli K-12 (Eo), Haemophilus ducreyi (Hd), Haemophilus influenzae
(Hi), Pasteurella multocida (Pm), Photorhabdus luminescens (Pl), Pseudomonas aeruginosa (Pa),
Pseudomonas putida (Pp), Pseudomonas syringae (Ps), Salmonella enterica subsp. enterica serovar Typhi
(Se), Salmonella typhimurium LT2 (St), Shewanella oneidensis (So), Shigella flexneri (Sf), Vibrio cholerae
(Vc), Vibrio parahaemolyticus (Vp), Vibrio vulnificus (Vv), Wigglesworthia brevipalpis (Wb), Xanthomonas
axonopodis (Xa), Xanthomonas citri (Xc), Xylella fastidiosa (Xf), and Yersinia pestis (Yp). From �-pro-
teobacteria, four organisms—Agrobacterium tumefaciens (At), Brucella melitensis (Bm), Caulobacter cres-
centus (Cc), and Mesorhizobium loti (Ml)—were selected. Finally, Deinococcus radiodurans (Dr) was added
to the list of organisms from the Deinococcus-thermus, deinococci. (Descriptors of the genomes used in
Figure 4 are shown in the parentheses.) Key characteristics of the genomes are summarized in Table 1.

The choice of the genomes was determined by the following: E. coli K-12 and its closely related organisms
were selected because one of the main foci of this study is to see how many sRNAs in E. coli are shared with
the other organisms. However, different strains of E. coli, such as E. coli O153 or E. coli CFT073, were not
selected because they are too close and the characteristic mutation patterns of RNA regions cannot be well de-
tected by the QRNA program (see below). The D. radiodurans genome was added in order to assess the per-
formance of our comparative genomics approach to a distantly related genome. From all of the genome se-
quences, intergenic regions, which are simply defined as DNA sequences between two adjacent gene-coding
regions, were extracted. Definitions of positions of genes were taken from the Genbank annotation. The total
number of intergenic regions is 94,464, with an average number of intergenic regions per organism of 3148.8.
The total combined length of the intergenic regions is 16,663,732 nt, with an average length of 176.4 nt.

Identification of sRNAs

The entire procedure of identifying and clustering sRNA families is illustrated in Figure 1A. We used
the QRNA program to extract potential sRNA regions from the intergenic regions (Rivas and Eddy, 2001).
QRNA classifies an input pairwise alignment as either RNA region, coding region, or random sequence,
using pair-hidden Markov models and a pair stochastic context-free grammar. Since this algorithm detects
the structural characteristics of sRNAs and does not rely on the homology to known sRNA sequences, com-
pletely unknown sRNAs are also expected to be captured. The procedure begins with an all-against-all nu-
cleotide-nucleotide BLAST search (Blastall Program, version 2.2.8, http://www.ncbi.nlm.nih.gov/BLAST/)
(Altschul et al., 1990) performed on the intergenic regions with the default parameter set. Pairwise align-
ments from the search with more than the sequence identity of 65% and an E value of �0.01 are kept for
the subsequent steps. To reduce false positives, pairwise alignment candidates for sRNAs are eliminated if
the alignment does not exist bidirectionally (when query and subject entries are switched and the algorithm
is re-run). Then QRNA (version 2.0.2c, http://selab.janelia.org) is run with the default parameters for each
of the detected pairwise alignments, and those regions classified as RNA are extracted.

Next we concatenated adjacent sRNAs found in the same intergenic region if they were closer than 25
nt. The reason is because we observed that multiple loop regions of an sRNA tend not to be captured by
QRNA as a single, large sRNA but recognized as separate sRNAs. This may be due to the intrinsic limi-
tation of the pair stochastic context-free grammar. The threshold value of 25 nt was determined from known
loop regions in the Rfam database. About 70% of the intervals between adjacent sRNAs fall below 25 nt
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TABLE 1. GENOME SEQUENCES USED IN THIS STUDY

Total length
Genome Number of intergenic Genbank

Class/order Organism Codea size (nt) of genesb regions (nt) accession no.

� Proteobacteria/ Shewanella So 4969803 5016 668224 AE014299
Alteromonadales oneidensis

�/Enterobacteriales Erwinia Ea 5064019 4635 712214 BX950851
carotovora

�/Enterobacteriales Escherichia coli Eo 4639221 4558 562552 NC_000913
K-12

�/Enterobacteriales Blochmannia Bf 705557 673 106881 BX248583
floridanus

�/Enterobacteriales Photorhabdus Pl 5688987 5844 1817578 BX470251
luminescens

�/Enterobacteriales Salmonella Se 4809037 4741 580762 NC_003198
enterica Typhi

�/Enterobacteriales Salmonella St 4857432 4725 528319 NC_003197
typhimurium LT2

�/Enterobacteriales Shigella flexneri Sf 4607203 4595 1084323 AE005674
�/Enterobacteriales Wigglesworthia Wb 697724 689 86185 NC_004344

brevipalpis
�/Enterobacteriales Yersinia pestis Vp 4653728 4148 766100 NC_003143
�/Legionellales Coxiella burnetii Cb 1995275 2182 210457 AE016828
�/Pasteurellales Haemophilus Hd 1698955 1902 165788 AE017143

ducreyi
�/Pasteurellales Haemophilus Hi 1830138 1881 192954 L42023

influenzae
�/Pasteurellales Pasteurella Pm 2257487 2014 253223 AE004439

multocida
�/Pasteurellales Acinetobacter sp. As 3598621 3525 406521 CR543861

ADP1
�/Pasteurellales Pseudomonas Pa 6264403 5646 678474 NC_002516

aeruginosa
�/Pasteurellales Pseudomonas Pp 6181863 5462 735926 AE015451

putida
�/Pasteurellales Pseudomonas Ps 6397126 5777 813356 AE016853

syringae
�/Vibrionales Vibrio cholerae Vc Ch1c: 2961149 Ch1: 3005 Ch1: 388302 Ch1: AE003852

Ch2: 1072315 Ch2:1123 Ch2: 144611 Ch2: AE003853
�/Vibrionales Vibrio Vp Ch1: 3288558 Ch1: 3366 Ch1: 391565 Ch1: BA000031

parahaemolyticus Ch2: 1877212 Ch2: 1786 Ch2: 244272 Ch2: A000032
�/Vibrionales Vibrio vulnificus Vv Ch1: 3281945 Ch1: 3168 Ch1: 511734 Ch1: AE016795

Ch2: 1844853 Ch2: 1591 Ch2: 258430 Ch2: AE016796
�/Xanthomonadales Xanthomonas Xa 5076188 4303 780336 AE008922

axonopodis
�/Xanthomonadales Xanthomonas Xc 5175554 4436 730162 AE008923

citri
�/Xanthomonadales Xylella fastidiosa Xf 2679306 2894 416317 AE003849
� Proteobacteria/ Caulobacter Cc 4016947 3875 364164 AE005673

Caulobacterales crescentus
�/Rhizobiales Agrobacterium At 2841490 2883 339888 AE008688

tumefaciens
�/Rhizobiales Brucella Bm Ch1: 2117144 Ch1: 2107 Ch1: 312746 Ch1: AE008917

melitensis Ch2: 1177787 Ch2: 1157 Ch2: 149777 Ch2: AE008918
�/Rhizobiales Mesorhizobium Ml 7036074 6746 966637 NC_002678

loti
Deinococcus-thermus Deinococcus Dr Ch1: 2648638 Ch1: 2744 Ch1: 266135 Ch1: NC_001263

/Deinococcales radiodurans Ch2: 412348 Ch2: 370 Ch2: 30800 Ch2: NC_001264

aCodes for each genome used in Figure 4 are shown.
bGenes include protein and RNA genes described in the Genbank file.
cChromosomes 1 and 2 are shown separately as Ch1 and Ch2.



(Fig. 2). We tried different threshold values, from 5 to 30 with an interval of 5 nt, but the results did not
differ greatly.

Clustering of sRNAs

Up to this point, we have pairwise alignments that are classified as sRNA regions. Two sequences in a
pairwise alignment come from different organisms (e.g., one from Y. pestis, another from B. melitensis).
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FIG. 1. The procedure of identifying sRNA families. (A) The entire procedure. sRNAs predicted by QRNA are clustered
into families. Those that overlap with predicted rho-independent transcriptional terminators or regulatory motifs are removed
from the families. (B) Clustering of sRNAs. In this example, putative sRNAs—A in B. melitensis, B(B�) in E. cartovora,
C in Y. pestis—are clustered into a family because all the pairs of A and B, B and C, C and A are initially found pairwise
in sRNA alignments. B and B� are concatenated in the previous step because they are closer than 25 nt.
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The next step is to cluster the pairwise alignments of sRNAs to form an “sRNA family” in the following
way (Fig. 1B). Suppose there are two pairwise alignments of sRNAs, A with B and B� with C. Here B and
B� are originally distinct, putative sRNAs located in the same intergenic region of the same organism and
closer than 25 nt to each other (termed the bridging sequences), thus concatenated in the earlier step. These
two alignments of sRNAs are clustered into a family if the pairwise alignment between A and C exists.
Thus any pair of members in an sRNA family is guaranteed to have been initially identified as a pairwise
alignment of sRNAs (complete-linkage clustering). This procedure is identical to detecting cliques from a
graph of sRNAs, where individual sRNAs are represented as nodes and pairs of initially aligned sRNAs
are connected by edges. In the same way, the complete-linkage clustering procedure is further carried out
to enlarge the size of families. For a merged sRNA family, the highest log-odds score given by QRNA to
a component pairwise alignment was assigned. In this study, an sRNA was allowed to participate in mul-
tiple families if each of the families satisfies to be a complete cluster.

Eliminating rho-independent transcriptional terminators and regulatory motifs

Next, families overlapping with predicted rho-independent transcriptional terminators (Lesnik et al., 2001)
by more than seven nucleotides were removed. In this step, 1.8% of the total sRNAs were removed, re-
sulting in the removal of 1.8% of the families.

At last, families that contained sequences that overlapped with E. coli regulatory sequences by more than
50% of the length of either of the sequences were eliminated, since these could have been mistaken as sR-
NAs due to their similar palindrome pattern. E. coli regulatory sequences were taken from RegulonDB (Sal-
gado et al., 2004). In this last step, 2.2% of the total sRNAs were removed, resulting in the removal of
8.0% of the families.

Identifying orthologous protein genes adjacent to sRNAs

We used the precomputed orthologous gene table provided by KEGG (KEGG Orthology Database, KO,
http://www.genome.jp) (Kanehisa et al., 2006) to define orthologous protein genes. Small sRNA families
with only two members were discarded in the analysis. KO assigns unique KO identities (ID) to ortholo-
gous gene groups across species. In the process of corresponding genes to the KO table, KO ID was not
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assigned to some portion of the genes because of the inconsistency of gene IDs between Genbank we have
used and the KO, orphan genes, which do not have orthologous genes (Siew and Fischer, 2003), and RNA
genes, which are not included in KO. Among the 7595 sRNA families shared with three or more organ-
isms (Fig. 5), 6791 (92.0%) of them have two or more sRNA members with at least one of pairs of flank-
ing protein genes with a KO ID.

RESULTS

Verification of the procedure

In a computational work, it is crucial to carefully benchmark the accuracy of the methods used. To be-
gin, we tested the procedure using known sRNAs in the E. coli genome compiled from three sources: a 
list from the National Institute of Child Health and Human Development (NICHD) at NIH
(�http://dir2.nichd.nih.gov/nichd/cbmb/segr/e.coli.html>); E. coli K-12 sequence annotations at University
of Wisconsin, Madison (�www.genome.wisc.edu/sequencing/k12.htm#rna�); and supplemental data from
Hershberg et al. (2003). The three datasets were merged into a list containing 77 nonredundant experi-
mentally verified sRNAs. Allowing up to 50 nucleotide shifts, 54 sRNAs (70.1%) were successfully iden-
tified. By allowing nucleotide shift of 100 and 10, the accuracy was 74.0% and 62.3%, respectively.

In addition, we tested the procedure on the Rfam database (Griffiths-Jones et al., 2005). Out of 71 E.
coli sRNAs found in the database, only 21 sequences are included in the intergenic regions we used in our
analysis. The rest of the RNA sequences include E. coli plasmid loci, insertion sequences, and cloning/re-
porter vector sequences (all of which are not included in the full E. coli genome sequence used) and 29 
tRNAs, two 4.5S RNAs, and an antisense RNA, which are annotated as coding regions in Genbank, thus
eliminating them from our intergenic regions. Among the 21 sequences that we are supposed to find, 15
were found by our procedure. Thus, the accuracy (sensitivity) is calculated to be 71.4%.

Number of sRNAs in each genome

Within 94,464 intergenic region sequences from the 30 microbial genomes, 26,047 local segments were
classified as sRNAs. Figure 3 shows the distribution of the log-odds scores from QRNA and the length of
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FIG. 4. The number of sRNAs
found in each organism. (A) The ab-
solute numbers of found sRNAs.
Gray bars, �-proteobacteria; dark
gray, striped bars, �-proteobacteria;
white bar, deinococci. As, A. sp.
ADP1; Bf, B. floridanus; Ba, B.
aphidicola; Cb, C. burnetii; Ea, E.
carotovora; Eo, E. coli K-12; Hd, H.
ducreyi; Hi, H. influenzae; Pm, P.
multocida; Pl, P. luminescens; Pa, P.
aeruginosa; Pp, P. putida; Ps, P. sy-
ringae; Se, S. enterica; St, S. ty-
phimurium; So, S. oneidensis; Sf, S.
flexneri; Vc, V. cholerae; Vp, V.
parahaemolyticus; Vv, V. vulnificus;
Wb, W. brevipalpis; Xa, X. ax-
onopodis; Xc, X. campestris; Xf, X.
fastidiosa; Yp, Y. pestis; At, A. tume-
faciens; Bm, B. melitensis; Cc, C.
crescentus; Ml, M. loti, Dr, D. ra-
diodurans. The black bars show the
number of sRNAs with a score of 5
or higher. (B) The number of sRNAs
found relative to the number of in-
tergenic regions of each genome.
Solid circles, �-proteobacteria; open
circles, �-proteobacteria; gray trian-
gle, deinococci. Solid line is a re-
gression line, y � 463.3 � 0.11x;
dashed line, y � x; dash-dot line,
y � 0.3x; dotted line, y � 0.1x. (C)
Number of sRNAs relative to the to-
tal length of the intergenic regions
analyzed. The notation of the sym-
bols is the same as the plot B. The
solid line is the regression line, y �
401.0 � 1.06*10�3x; R2 coefficient,
0.30.

C

A
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the detected sRNAs. The number of sRNAs with a score of five or more share 32.0% of the total number
of sRNAs. Five is the score used by the authors of QRNA in their paper (McCutcheon and Eddy, 2003).
RNAs that are 50 nt or longer comprise 27.1% of the result set.

Figure 4 shows the number of sRNAs found in each organism. The number ranges from 265 (D. radio-
durans) to 1788 (P. luminescens) (Fig. 4A). As for E. coli, 1078 sRNAs are detected. The ratio of sRNAs
to the number of intergenic regions ranges from 0.08 to 0.47, except for two genomes, B. floridanus and
B. aphidicola, whose ratio is 1.01 (both genomes). The average is 0.25/0.30, with the two genomes ex-
cluded/included, respectively (Fig. 4B). Therefore, roughly speaking, 30% of the intergenic regions of the
microbial genomes contain sRNAs. In Figure 4C, the number of sRNAs relative to the total length of in-
tergenic regions is plotted. Because QRNA works off of pairwise alignments from BLAST output, it tends
to find more sRNAs among evolutionarily close organisms than it does among more distant organisms.
Since E. coli, Y. pestis, and the Salmonella and Vibrio groups are relatively close to each other, they are
all observed to have a large number of sRNAs (Fig 4A and C). By the same reasoning, but with the oppo-
site effect, a relatively small number of sRNAs is found in �-proteobacteria and D. radiodurans (Fig. 4).
In Figure 4B, the two genomes, B. floridanus and B. aphidicola have a higher ratio of the sRNAs relative
to the number of intergenic regions, but the ratio relative to the total length of intergenic regions is similar
to other genomes (Fig. 4C). This is because annotation of these two genomes gives a smaller number, but
a larger size of intergenic regions. The regression line in Figure 4C is y � 392.6 � 1.04*10�3x with an R2

coefficient value of 0.30. It will be interesting to see if the number of predicted sRNAs in eukaryotes fit
these regression lines from microbial genomes.

A total of 67.4% (79.9%) of relatively longer intergenic regions with �500 nt have sRNAs residing
within them. For shorter intergenic regions of �500 nt, sRNAs are found among 24.5% (34.1%). (The data
for E. coli are given in the parentheses.)

Conservation of sRNAs among organisms

Initially found sRNAs were clustered into 38,050 families (Fig. 5). Note here that the number of fam-
ilies is larger than the number of unique sRNAs reported in Figure 4, because an sRNA is allowed to
be a member of multiple families. Within each family, it is guaranteed that every pair of sRNAs is fully
connected, that is, they initially formed a pairwise alignment that is recognized as RNA by the QRNA
program. An alternative way of clustering is to carry out single-linkage clustering, where a member in
a family is connected to at least another member in the family. We have not used the single-linkage
clustering because it formed a fewer number of too-large sRNA families. We allowed an sRNA to be-
long to multiple families rather than assigning it to a single family by considering the highest score (the
E value from the initial BLAST search or the log-odds score of QRNA) because, unlike the sequence
similarity for classifying a protein family, the significance of these scores is not well established in the
case of sRNAs. The distribution of the number of organisms sharing the same sRNA family is shown
in Figure 5. Note that there is no family with a single sRNA, because the detecting procedure starts
from pairwise alignments. There are 572 families formed that comprise sRNAs shared by six or more
organisms. The number of unique sRNAs participating in families of a certain size is shown in 
Figure 6. 6681 sRNAs (25.4% among the total) are included in families of at least three. In E. coli,
1589 sRNA families shared by at least three organisms were identified (Fig. 5), which include 380 sRNA
members (Fig. 6).

Table 2 shows the most common combinations of organisms sharing the same sRNA family. For the
frequent combinations of three organisms, permutations of the closely related organisms, E. coli, S. en-
terica, S. flexneri, and S. typhimurium LT2, are evident (Table 2A). B. melitensis from �-proteobacte-
ria frequently forms combinations with M. loti, which is another organism from �-proteobacteria, as
part of combinations with Pseudomonas and others from �-proteobacteria (Tab. 2B). Pairs of organisms
sharing sRNA families are illustrated in Figure 7. Because the current procedure starts from pairwise
alignments with a certain significance score, more sRNAs are found between closely related organisms.
However, sRNAs are still found between distantly related organisms. For example, D. radiodurans,
which is most evolutionary distant organism among the ones used in this study, finds common sRNAs
with �-proteobacteria.
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Orthology of adjacent protein genes to sRNA families

Next, we investigated if flanking genes to sRNA members of a family are orthologous or not. When
flanking genes to sRNAs of the same family are orthologous to each other, it indicates that most probably
the entire region, including the flanking genes and the intergenic region with the sRNAs in it, are conserved
among the organisms (orthologous intergenic regions). Among the sRNA families shared with three or-
ganisms or more, 37.7% of them have at least a pair of sRNAs with at least one of the pair of flanking pro-
tein genes orthologous. Furthermore, in 15.7% of the families, sRNA members share orthologous protein
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FIG. 5. Conservation of sRNAs. The gray bars show the number of sRNAs shared by some of the 30 organisms, and
the black bars and the numbers in the parentheses show sRNA families shared by E. coli and the others. The y-axis is
plotted in the log scale.

FIG. 6. The number of unique sRNAs in families of each size. The black bars show unique sRNAs in families in E.
coli shared by the other organisms.



genes as at least one of the pair of flanking genes. In many cases, the organism pairs that share a sRNA
family with flanking orthologous protein genes are closely related. Typical cases include pairs among S.en-
terica, S. typhimurium LT2, S. flexneri, E. coli, and Y. pestis; P. ptuida and P. aeruginosa; or V. para-
haemolyticus, V. vulnificus, and V. cholerae.

On the other hand, it is also interesting that approximately the remaining 60% of the sRNA families are
found in “nonorthologous” intergenic regions. This may have two causes, which are not necessarily mutu-
ally exclusive. Firstly, orthologous/homologous sRNAs shared among the organisms, which are most prob-
ably responsible for the same function, locate at different genome positions. It would not be surprising if
orthologous sRNAs are located at different positions in different genomes, because the location of protein-
coding genes are known to be shuffled when organisms start to diverge (Suyama and Bork, 2001; Watan-
abe et al., 1997). Our procedure detects clusters of sRNAs that have a reasonably good sequence similar-
ity and thus can have the same secondary structure if they are actually transcribed as RNA molecules. The
second possibility is that sRNAs clustered into a family share the same secondary structure but not neces-
sarily the same function. This is not unreasonable because function of sRNAs may be determined by sev-
eral key nucleotides (most likely in the loop regions) but not necessarily by the whole sequences. All the
results in this study, including detected sRNAs and families in E. coli, are available online
(�http://dragon.bio.purdue.edu/sRNA�).

Comparison with the other results

To verify our prediction more rigorously, we compared our results further with previously published re-
sults of computationally predicted sRNAs in the E. coli genome reported by Chen et al. (2002). Their ap-
proach was to find pairs of sigma-70 promoter motif and a terminator motif in intergenic regions. An sRNA
is predicted if a motif pair is found on a same strand and if the pair is greater than 45 but less than 350 nt
apart. Open reading frames and possible ribosome binding sites were searched for downstream of each pro-
moter, and, if found, candidate regions were removed because they were more likely to be protein-coding
regions. As a result, Chen and co-workers predicted 227 sRNAs between 80 and 400 nt in length in the E.
coli genome, 32 of which were already known sRNAs. They also performed Northern hybridization to ver-
ify transcription for some of the candidate sRNAs.

We have compared our results with theirs, as follows: For a given predicted sRNA in their paper, if both
left and right boundaries of an sRNA of our prediction are found within 100 nt of those of an sRNA from
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TABLE 2A. FIVE MOST FREQUENT COMBINATIONS OF THREE ORGANISMS

SHARING SRNA FAMILY

Organisms Frequency

E. coli, S. enterica, S. typhimurium LT2 696
S. enterica, S. flexneri, S. typhimurium LT2 676
E. coli, S. typhimurium LT2, S. flexneri 580
E. coli, S. flexneri, S. enterica 511
E. carotovora, S. enterica, Y. pestis 492

TABLE 2B. FIVE MOST FREQUENT COMBINATIONS OF FIVE ORGANISMS

SHARING SRNA FAMILY

Organisms Frequency

E. carotovora, E. coli, S. enterica, S. flexneri, S. typhimurium LT2 87
B. melitensis, E. carotovora, M. loti, P. aeruginosa, P. multocida 81
B. melitensis, E. carotovora, M. loti, P. aeruginosa, Y. pestis 77
B. melitensis, E. carotovora, M. loti, P. multocida, Y. pestis 77
B. melitensis, E. carotovora, S. enterica, S. typhimurium LT2, Y. pestis 73



their prediction, the two sRNAs are considered to correspond to each other. Among the 227 sRNAs pre-
dicted by them, 114 (50.2%) overlapped with our predicted sRNAs. When the threshold value is changed
to 50 nt and 1000 nt, 101 (44.4 %) and 157 (69.2 %) of them corresponded to our prediction, respectively.
The overlap between our prediction and Chen and his colleagues’ prediction is considerably high compared
with the very few overlaps found between the other existing predictions. (It has been reported that out of
1001 nonredundant sRNA candidates identified in five works, only 9.5% of them are predicted in multiple
works [Hershberg et al., 2003]).

DISCUSSION

We have identified possible sRNAs in intergenic regions of 25 �-proteobacterium, including E. coli and
its relatively evolutionary close organisms, 4 �-proteobacterium, and D. radiodurans, by a computational
method. Here we employed a comparative genomics approach on a large number of organisms. Compara-
tive genomics approaches have been proven to be very powerful in gene finding (Dewey et al., 2004; Taher
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FIG. 7. Organism pairs sharing sRNAs. The number of sRNAs shared by organism pairs is represented by edges with
a thickness of ten different levels. sRNA families shared by three or more organisms are considered. Pairs with less
than 50 occurrences are discarded. Circular nodes, �-proteobacteria; gray triangles, �-proteobacteria; white square,
deinococcus. The Ospray package (Breitkreutz et al., 2003) was used to generate this diagram.



et al., 2003) or protein function prediction (Snel et al., 2000). To the best of our knowledge, this is the first
attempt of a large-scale comparative genomics study of sRNAs.

The primary contribution of this paper is that we propose a new procedure to cluster sRNAs into fami-
lies and by applying the procedure we found 25.4% of the identified sRNAs are shared by more than three
organisms. An interesting finding is that flanking protein-coding genes to sRNAs in the same family are
not always orthologous, which implies that sRNAs are shuffled in a genome during evolution in the same
way that protein-coding genes do. The degree of the conservation of sRNAs among organisms adds another
measure for assessing the plausibility of computational predictions. In E. coli, among 1078 predicted 
sRNAs, 380 are shared by three organisms or more.

Although our prediction has not been verified by experiment, we emphasize that our computational work
has been done in a very careful manner. First, only pairwise alignments of intergenic regions, which sat-
isfy the sequence similarity threshold from both directions, are used in order to reject alignments of spuri-
ous similarity. Second, regions that overlap with known regulatory motifs are removed from sRNA hits,
because a quasi-palindrome pattern of regulatory motifs can be misrecognized as a stem region of RNA
secondary structure. Third, regions that overlap with predicted rho-independent transcriptional terminator
regions were removed. Fourth, we have also merged initially predicted sRNAs in the same intergenic re-
gion if they locate close to each other, because QRNA tends to predict very short RNA regions, and as a
result the length of initially identified sRNAs is largely biased to a shorter side. Fifth, we have benchmarked
our procedure by applying it to experimentally verified sRNAs in order to estimate the accuracy of the pre-
diction made in the current study. Finally, we compared our prediction in the E. coli genome with previ-
ous work reported by Chen et al. (2002) to gauge the consistency. Their work employs a completely dif-
ferent method, thus yielding appropriate data to cross-validate our results. To the best of our knowledge,
this report represents the most carefully executed computational work for identifying sRNAs, although some
of the previous works employed wet experiments, such as Northern blot.

At this juncture, it is appropriate to discuss limitation of our computational method. Because the predic-
tion procedure starts from alignments constructed by BLAST, the number of predicted sRNAs in a genome
depends on how many closely related genomes are available for the target genome, as illustrated in Table
2A and Figure 7, which show the most frequent combinations of three organisms are permutations of E.
coli and its five closely related organisms. We added D. radiodurans, a relatively distant organism in the
list of genomes examined, to investigate how many sRNAs can still be detected in it. Apparently, the ratio
of the number of detected sRNAs to the intergenic region size in D. radiodurans is lower than that in the
other organisms (Fig. 4B and C). However, we still identified 265 sRNAs in D. radiodurans from pairwise
alignments between organisms in �-proteobacteria. The key in optimizing the sRNA finding procedure is
to prepare many genome sequences that are closely related to allow for pairwise alignments, yet evolu-
tionarily distinct to allow for compensatory mutations consistent with base-paired secondary structure of
sRNAs.

We verified the sensitivity of our prediction by running the procedure on datasets of known sRNAs,
which was above 70%. It is difficult to estimate the specificity (i.e., the ratio of correct predictions among
all the predictions) of our procedure, because our current knowledge of sRNAs in genomes is limited and
there is not a reliable way to judge if a newly predicted sRNA is real or a false positive. Although we did
careful work on removing predicted rho-independent transcriptional terminators from our sRNA prediction,
the current procedure may still not perfectly eliminate the possibility of contamination of cis-regulatory
RNA structures (Rivas and Eddy, 2000). Although it is not avoidable that some amount of false positives
is included in the present prediction, modestly speaking, our study has revealed for the first time that there
are hundreds of regions that can possibly form secondary structures if transcribed as RNAs in the genome
sequences; more than 60% of the sRNA families may be shuffled their location in genomes during evolu-
tion.

In this study, detected sRNAs are clustered into families by a complete-linkage clustering. The num-
ber of families changes if a different clustering method is used. We also tried to cluster sRNAs solely
by their secondary structure predicted by MFOLD (Mathews et al., 1999), because the secondary struc-
ture is essential for the function of some sRNAs (e.g., the kissing complex formation of OxyS [Arga-
man and Altuvia, 2000]). However, it has become apparent that this was not trivial because the best-
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scoring secondary structures can vary a great amount, even for a pair of highly homologous RNA se-
quences. Certainly a set of suboptimal secondary structures should be considered when the structure
similarity of two sRNAs is examined. Structure analysis of sRNAs along this line is left for the future
work. Another interesting direction is to predict target regions for identified sRNAs (Lewis et al., 2003;
Rehmsmeier et al., 2004).

Taking the abundance and the prevalence of the sRNAs among organisms into account, sRNAs are surely
playing a variety of important roles in gene regulation. sRNAs may lead, if properly identified and cata-
logued, to opening the door to the systematic understanding of the overall picture of the regulatory network
of organisms (Madan Babu and Teichmann, 2003).

CONCLUSION

A comparative genomics study of sRNAs in 30 microbial genomes was carried out to investigate con-
servation of sRNAs among genomes and to assign an additional reliability measure to the predictions. Pos-
sible sRNAs are found in approximately 30% of intergenic regions of the genomes, and approximately 25%
of them are conserved among three organisms or more. In the E. coli K-12 genome, 1078 sRNAs are found,
among which 380 are conserved in three organisms or more. The number of 380 sRNAs roughly agrees
with previous studies by other groups. More than 60% of sRNAs are shuffled their location in genomes
during evolution.
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