Annotating functional RNAs in genomes using
Infernal
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Abstract Many different types of functional non-coding RNAS participate in a wide
range of important cellular functions but the large majority of these RNAs are not
routinely annotated in published genomes. Several programs have been developed
for identifying RNAs, including specific tools tailored to a particular RNA family
as well as more general ones designed to work for any family. Many of these tools
utilize covariance models (CMs), statistical models of the conserved sequence and
structure of an RNA family. In this chapter, as an illustrative example, the Infernal
software package and CMs from the Rfam database are used to identify RNAs in the
genome of the archaeon Methanobrevibacter ruminantium, uncovering some addi-
tional RNAs not present in the genome’s initial annotation. Analysis of the results
and comparison with family-specific methods demonstrate some important strengths
and weaknesses of this general approach.
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1 Introduction

Genome annotation is the identification of functional sequence elements in an organ-
ism’s genome. Knowledge of the presence and location of these sequence elements
coupled with understanding of their functional roles helps reveal the types of bio-
logical processes that take place in the organism as well as the evolutionary history
of that organism. Classes of functional sequence elements include protein-coding
genes, non-coding RNA elements, promoter elements, enhancers, as well as others.
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Functional RNA elements are RNAs that are not translated into proteins, but rather
carry out their biological function directly as RNAs. Much like proteins, many of
these RNAs fold into a specific three-dimensional structure that is integral to their
function. For convenience, I will refer to functional RNAs as simply RNAs in this
chapter.

RNAs play vital roles in many cellular processes. For example, transfer RNAs
(tRNAs) and ribosomal RNAs (rRNAs) play central roles in the translation of mes-
senger RNAs into proteins. Spliceosomal RNAs (such as U1, U2, U4, US and U6)
interact with proteins as part of a ribonucleoprotein complex (RNP) responsible
for splicing introns from many eukaryotic pre-mRNAs [11]. Small nucleolar RNAs
(snoRNAs) are members of RNPs that guide post-transcriptional modification dur-
ing the maturation of rRNAs and other RNA genes in archaea and eukarya [24]. The
SRP (signal recognition particle) RNA is part of an RNP involved in transporting
proteins within cells [48]. Ribonuclease P (RNase P) RNA is a vital part of an RNP
that processes precursor tRNAs through cleavage of a 5’ leader sequence [26].

Many other RNA elements play key roles in gene regulation, such as microRNAs
(miRNAs) that act by binding to specific target mRNAs in eukaryotes via basepair-
ing, affecting the expression of the target [12]. Riboswitches are structured RNA
elements typically occurring in the 5° untranslated region (UTR) of protein-coding
genes over which they exert translational or transcriptional control through binding
of small metabolites, which cause a structural change in the riboswitch. They often
control genes involved in the transport or biosynthesis of their target metabolite [35].
The bacterial 6S RNA promotes more general gene regulation by binding directly
to RNA polymerase and repressing its activity during stationary phase of bacterial
growth [71].

Other RNA elements are important for defending cells against viruses and trans-
posons. Small-interfering RNAs (siRNAs) are 21-25 nucleotide long RNAs in eu-
karyotes often derived from exogenous RNAs that are recognized by the protein
complex RISC, ultimately leading to degradation of the exogenous RNA [55]. In
archaea and bacteria, a similar defense system is encoded in CRISPR (Clustered
Regularly Interspaced Short Palindromic Repeats) elements, which are short 24-48
nucleotide repeats which have been predicted to form hairpin structures separated
by similar length spacers of foreign DNA from past exposures to parasites such
as viruses (phage). RNAs from CRISPR elements are constitutively expressed and
guide silencing of complementary foreign DNA or RNA [38].

The phylogenetic distribution of different types of RNAs varies. Some, such as
those involved in ubiquitous cellular processes like tRNAs, rRNAs, RNAse P RNA
and SRP RNA, exist in all three domains of life. Others are widespread in one or
two of the domains but not the other(s), such as snoRNAs in archaea and eukarya,
6S RNA in bacteria, and microRNAs in eukarya. Finally, some exist within only
a specific clade of a domain, ranging in size anywhere from a phylum (e.g. SmY
RNAs, found in RNPs predicted to be involved in trans-splicing in nematodes [40])
down to only a few species (e.g. OxyS, a global regulator induced in response to
oxidative stress in certain members of one family of gammproteobacteria,including
E. coli [3]).
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Despite the widespread importance of functional RNAs, the large majority of
them are typically not annotated in published genomes, whereas it is generally ac-
cepted that most protein-coding genes are. This discrepancy is at least partially due
to some unique challenges in identifying RNAs. In this chapter, I will discuss this
issue in the context of genome annotation using freely available software programs.
I will first compare and contrast protein and RNA annotation in genomes, highlight-
ing challenges specific to RNAs, and then some current methods for RNA annotation
will be introduced. I will then focus on one specific method: the use of covariance
models (CMs) and detail the strengths and weaknesses of the CM approach through
a practical example of RNA annotation of an archaeal genome. Finally, I will com-
pare and contrast the general CM-based approach with the use of family-specific
tools designed to identify homologs of particular RNA family.

1.1 Genome annotation of proteins and RNAs

The annotation of protein-coding genes in a genome typically consists of two major
steps:

Step 1. Predict protein-coding gene sequences.
Step 2.  Assign putative functional annotation to the predicted proteins using
homology-based search tools.

In the first step, only subsequences of the genomes that correspond to open-
reading frames (ORFs) need to be evaluated as possible protein-coding genes. This
greatly reduces the possible search space relative to all possible subsequences of
the genome, and represents an important distinction between protein annotation and
functional RNA annotations of genomes, for which there is no analog of the open-
reading frame signal. For archaea and bacteria, accurate programs exist for per-
forming step 1, such as the popular Glimmer program, which can correctly identify
about 99% of protein-coding genes with known functions [14]. Similar programs
have been designed for eukaryotic genomes including Genscan [10], GenelD [33],
and Genemark [50], among others, but these are generally less accurate due to the
higher complexity of eukaryotic genomes versus archaeal and bacterial genomes.

Given a set of predicted protein-coding genes, step two aims to functionally an-
notate these genes based on previous functional annotation of genes with similar
sequences, which are predicted to be homologous. This step is carried out using
homology search tools like HMMER [20] or BLASTP [2] to search various target
databases such as Pfam [25], COG [67], the NCBI NR database [65], and others.

As mentioned, unlike proteins, functional RNAs are not contained within open
reading frames and so a different strategy is required for their identification. Many
RNAs do, of course, contain signals in their promoter regions that can, and have
been, exploited when searching for RNAs [4], but these are often clade- or even
species-specific, hampering any general approach by requiring specific foreknowl-
edge of the genome being studied. However, there are several RNA genefinder pro-
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grams that attempt to address the RNA analog of step 1 of the protein-coding gene
scheme by identifying regions that conserve a statistically significant secondary
structure, indicating a structural RNA gene. However, these programs are much less
reliable than protein genefinders and in particular suffer from high false positive
rates [5, 56, 32] limiting their utility for RNA annotation.

Consequently, RNA annotation is typically performed using known RNAs as
queries for homology searches against the entire genome being studied. This is sim-
ilar to step 2 of protein annotation from above, but homology searches for RNAs
are less powerful than for proteins for several reasons: RNAs tend to be shorter
than proteins (often about 100 nucleotides, as opposed to 200-300 amino acids [8]),
and the search must be carried out at the RNA/DNA level instead of at the protein
level, which reduces statistical power due to the smaller alphabet size and the de-
generacy of the genetic code [61]. To cope with the reduced statistical signal, the
most successful RNA homology search programs take advantage of the structural
conservation of many functional RNAs by scoring a combination of the conserved
sequence and the secondary structure of an RNA family [27]. Many basepaired nu-
cleotides in a conserved RNA structure tend to covary over evolutionary timescales
to maintain complementarity, often by changing from one Watson-Crick basepair to
another (A:U or C:G) or to a G:U wobble basepair. This covariation offers a useful
statistical signal that can be used in addition to sequence conservation when search-
ing for homologous structural RNAs. Sequence- and structure-based tools can be
divided into two classes: family-specific methods that are designed for a particular
RNA family, and general tools that can work for any family.

1.1.1 Family-specific RNA search methods

Table 2 summarizes some popular family-specific programs for identifying RNAs in
genomes. The most widely used RNA homology search tool targets the single largest
gene family, tRNAs. The tRNAscan-SE program [51] uses a powerful statistical
model called a covariance model (CM) that scores candidates based on both their
sequence and predicted secondary structures. CMs are more sensitive (able to find
more true homologs) than sequence-only based searches but are much slower, due
to the higher complexity of their scoring algorithms (as discussed in section 1.2)
to the point of being impractical when searching large sequence databases. CMs
outperform sequence-based methods particularly well for families like tRNA that
are short (about 70 nucleotides) and exhibit low levels of sequence similarity while
maintaining a highly conserved secondary structure. To deal with the slow search
speed of CMs, tRNAscan-SE uses fast tRNA-specific prefilters that remove a large
fraction of the database, leaving only promising subsequences to be evaluated by
the slow CM methods. The result is a tool fast enough to search large mammalian
genomes on a desktop computer in a few hours.

The strategy of using fast family-specific filters prior to a CM based search is em-
ployed by other family-specific RNA search tools. For example, the Bcheck program
[76] uses the sequence and structure based pattern matching program RNABOB [18]
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as a fast prefilter for CMs to identify RNase P genes. RNABOB, like other pattern
matching programs, identifies subsequences that can fold into a particular structure
based on user-defined constraints. SRPscan [63] uses the same strategy with signal
recognition peptide (SRP) RNA patterns and CMs to identify SRP RNAs.

Other sequence- and structure-based tools do not use CMs. Aragorn is a tRNA
and tmRNA finder [43] that uses a tRNA-specific search algorithm that searches for
part of the highly conserved B-box consensus sequence as an alignment seed and ex-
pands a structure-aware alignment around that seed. Aragorn’s sensitivity is similar
to tRNAscan-SE’s but it is about an order of magnitude faster. The Arwen program
[44] from the developers of Aragorn detects tRNA sequences in mitochondria in a
similar manner.

Structure-based methods are not necessary for all RNAs. For example, the small
and large subunit ribosomal RNAs (SSU and LSU rRNA) differ markedly from
tRNA both in their size (about 1500 nt and 3000 nt, respectively) and high level
of sequence conservation, and sequence-based homology search methods perform
well for these RNAs. They are sometimes annotated using the pairwise sequence
similarity search tool BLASTN [2] with homologous query sequences from closely
related species, or with the RNAmmer tool [42] based on sequence-based profile
hidden Markov models (discussed in more detail in section 1.2).

Some family-specific methods cannot directly be used to scan genomes. For ex-
ample, the SnoReport program [36] uses pattern descriptors as filters for a SVM-
based classification, but requires the target sequences be short candidate snoRNAs,
not genome-length sequences.

With the exception for tRNAscan-SE and RNAmmer, none of these tools are
commonly used for annotating a genome prior to its publication in a database, as
demonstrated by a sampling of fourteen published genomes (five archaea, five bac-
teria and four eukarya) in NCBI’s GenBank database shown in Table 1. Notably, for
one of the bacterial genomes listed, Citrobacter rodentium, 56 RNAs other than tR-
NAs and rRNAs were annotated using the Infernal software package and the Rfam
database. Infernal implements general CM search methods that can be used for any
RNA family, and Rfam contains CMs for about 1500 RNA families. In the remain-
der of the chapter I will discuss CMs, Infernal and Rfam and their potential for large
scale annotation of RNAs in genomes.

1.2 Covariance models

Covariance models (CMs) are probabilistic models of the sequence and secondary
structure of an RNA family [23, 15]. They are constructed from multiple sequence
alignments of known homologs of the family that are annotated with a consensus
secondary structure. A CM is useful for searching databases for homologs of the
family it models, and for creating sequence- and structure-based multiple sequence
alignments of those homologs.
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CMs are stochastic context-free grammars (SCFGs), introduced in chapters 5 and
8 of this book. More specifically, they are profile SCFGs, analogous to profile hid-
den Markov models, commonly used for linear sequence analysis of protein domain
families, but with added complexity for modeling a conserved secondary structure.
Like CMs, a profile HMM is constructed from an alignment of homologous se-
quences (but without structure annotation).

The key feature of a profile model is its position-specificity [31]: each position
of the input alignment is modeled independently. This allows profile methods to
take into account the level of conservation at each position when scoring/aligning
candidate family members, by defining a scoring system that weighs matches and
mismatches at highly conserved positions more than at highly variable positions.

For example, take the toy RNA family depicted in Figure 1, represented by
the ungapped alignment of eight RNA homologs of length 11. Imagine a simple
sequence-profile model that scans a target database shifting a length 11 window one
nucleotide at a time looking for putative homologs of this family. If the target subse-
quence contains a nucleotide observed in at least one of the eight known homologs
at every position then it is considered a match, otherwise it is a mismatch. In this
scenario, the specificity of positions is defined by their conservation in the known
homologs. For example, alignment positions 4 through 7 are completely conserved,
containing UUCG for all eight homologs, while positions 3 and 8 are completely
variable (25% A, C, G and U), meaning that a putative homolog must contain UUCG
at positions 4 through 7 but can be any nucleotide at positions 3 and 8.

In general, conserved positions are more informative than variable ones as to
whether a sequence matches a profile or not. It is possible to quantify the amount of
information in a sequence profile based on the alignment the profile was built from.
Completely conserved positions contain two bits of information[15], because they
specify a single choice out of four possible choices, corresponding to answering two
yes/no questions to narrow four possibilities down to one. A position that contains
two nucleotides, with each at half of the positions, contains one bit of information
(e.g. positions 2 and 10 in Figure 1). A completely variable position contains zero
bits of information, because any of the four nucleotides will match. The total amount
of information in a profile indicates the likelihood of a match to the profile in a
random sequence database. For the 14 bit sequence profile corresponding to the
alignment in Figure 1, we expect a match once in every 2'% = 4096 nucleotides
in a random, so-called iid (independent, identically distributed) sequence database
in which each nucleotide has an equiprobable chance of being observed at each
position (25% chance of being A, C, G, or U).

In the case of structural RNAs, we can increase the information of a profile by
considering the conserved consensus structure of the family as well as the con-
served sequence, allowing us to better discriminate good matches to the model,
which represent putative homologs, from background, nonhomologous sequence
when searching sequence databases. This is achieved by considering both halves of
basepaired positions simultaneously when scoring a sequence against a profile. For
example, in Figure 1, positions 3 and 8 form a basepair in the consensus structure.
These two positions are completely variable at the sequence level and so contribute
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zero bits of information to a sequence profile. However, of the 4x4 = 16 possible
basepairs at these positions, only the four possible Watson-Crick basepairs (A:U,
U:A, C:G, G:C) exist in the homologs. By specifying that a match to the profile must
contain a Watson-Crick basepair at these positions we’ve gained two additional bits
of information (by reducing 16 possibilities to 4, corresponding again to answering
two yes/no questions). Importantly, modeling structure will only add information in
cases where the sequence varies and paired positions covary to maintain a basepair
in the structure. For example, in Figure 1 positions 1 and 11 pair in the consensus
structure, but are completely conserved in sequence, each contributing two bits to
a sequence profile, and collectively contributing four bits to a sequence and struc-
ture profile (reducing 16 possibilities to 1), thus contributing the same amount of
information to either a sequence-only or a sequence and structure profile.

For this example, we gain 3 additional bits of information from considering struc-
ture, decreasing our chances of finding a match in a random database by a factor of
23 = 8, from once every 2'* = 4096 nucleotides to once every 2!'7 = 32764 nu-
cleotides. For real functional RNAs the additional amount of information gained
from modeling structure varies widely. Figure 2 shows the information in a se-
quence and structure profile (CM) versus a sequence-only profile (HMM) for about
100 RNA families. Some RNAs, like tRNA, include about as much information in
their structure as in their sequence, while for others, the increase is relatively mod-
est. Note that for most families, modeling structure contributes at least 10 additional
bits of information, which corresponds to lowering the expected chance of a false
positive in a random database (i.e. the E-value of a database hit) by three orders of
magnitude (2'° = 1024).

1.2.1 CMs are probabilistic models

In the previous example, sequences were either matches or mismatches to a pro-
file, a simple yes/no scheme that offers no information on how good a match is. As
SCFGs, CMs are importantly different from this simple match/mismatch paradigm
in that they assign probabilities to the alignment of each nucleotide of a target se-
quence to each position of the profile, instead of a binary yes/no decision for a
match/mismatch. Additionally, in a CM, nucleotides can be inserted and deleted rel-
ative to the consensus model, corresponding to an alignment of a gap in the model
to a nucleotide in the target, and a consensus nucleotide in the model to a gap in the
target, respectively. To facilitate the handling of insertions and deletions, CMs are
organized as a binary tree of states, with each single-stranded position or basepair of
the consensus sequence and structure modeled by separate match, insert, and delete
states, corresponding to a consensus match, insertion after, or deletion of the relevant
position/pair in the model. The topology of the tree mirrors the branching pattern
of the consensus structure. States are connected to a subset of other states by tran-
sitions, each associated with a probability, and nucleotides are emitted by (aligned
to) match and insert states according to state-specific emission probabilities. CM
states and transitions are equivalent to SCFG nonterminals and production rules.



8 Eric P. Nawrocki

Given a particular alignment and secondary structure, the CM grammar formalism
unambiguously dictates the construction of a particular tree topology of states and
possible transitions between those states. The emission and transition probabilities
for each state are then defined as mean posterior estimates based on the observed
counts in the input alignment position(s) modeled by the state and a mixture Dirich-
let prior (for emissions) or single component Dirichlet prior (for transitions). The
details of this construction and parameterization procedure are not particularly rele-
vant here and so are omitted; for more information see [23, 15,17, 58, 59].

1.2.2 Scoring sequences with the CM Inside and CYK algorithms

Given a fully parameterized model M and a target sequence s, CM implementations,
such as Infernal, calculate a log-odds score that the sequence was generated by the
CM versus by a background null model R. The null model typically used is a simple
generative model of 25% A, C, G, and U, from which the probability of generating
any sequence of length L is simply 0.25%. This log-odds score is calculated by the
CM Inside dynamic programming algorithm as:

P(s\M P(s,mt|M
Sinside = 10g2 P((S||R)) = H%y (D
where 7 is a particular state path (i.e. alignment to the model, equivalent to a
SCFG parse tree) through M that could have generated sequence s. The CM CYK
dynamic programming [15] algorithm calculates a similar score: the log-odds score
that s was generated by the maximum likelihood state path 7 that could have gener-
ated s, versus the same null model R. Specifically CYK calculates:

P(s,t|M)
P(s|R)

The Inside score is more appropriate for determining if a sequence is homologous
based on the model because it effectively integrates out the nuisance variable of the
state path of the sequence in question. However, the CYK algorithm is also useful in
practice because, due to details of their implementations in Infernal, CYK is about
three times faster than Inside, and the CYK score approximates the Inside score
well for most high scoring sequences of interest (because a single path accounts for
a large fraction of the total probability mass of all paths). To accelerate searches,
Infernal uses CYK as a filter for Inside, as explained later.

As presented above, the Inside and CYK algorithms compute log-odds scores
for a complete target sequence s, but in practice RNA homologs are relatively short
regions within long sequences. Infernal implements variants of Inside and CYK
that scan along a target sequence scoring all possible subsequences as potential ho-
mologs. Because the log-odds scores are of base 2, the scores are in units of bits.
An Inside score of x bits for a target sequence means that the sequence was y = 2*
times more likely to have been generated by the CM than by the background model;
for x =10, y is 1024, and for x = 20, y is 1,048,576.

©))

Scrx = log,
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CM search algorithms are computationally expensive. Empirically, CYK scales
O(LN?#) for a model of N consensus positions and a database of length L [58].
Inside has the same asymptotic time complexity as CYK, but is roughly three times
slower in practice. Search times with the standard CYK and Inside algorithms are
often impractically slow. For example, to search a typical sized archaeal genome
(about 6 million bases (Mb), two strands of a 3 Mb genome) with a tRNA model of
71 consensus positions and a SRP RNA model of 302 consensus positions using the
Inside algorithm requires about 2.5 and 21 CPU-hours respectively. To repeat the
same searches on the 3 Gb chimpanzee genome requires 0.3 and 2.5 CPU-years.

In contrast, the profile HMM Viterbi and Forward algorithms, which are analo-
gous to CYK and Inside, scale O(LN) [15]. Consequently, HMM searches take far
less time than CM searches, especially for large models. For example, searching the
chimpanzee genome with profile HMM models of tRNA and SRP using Infernal
version 1.0’s implementation of the Forward algorithm require 8 and 30 CPU-hours
respectively, making them about 300 times and 700 times faster than the CM Inside
algorithm. More recent implementations of profile HMM algorithms are even faster.
The HMMER3 software package uses heuristic filters to rapidly remove the major-
ity of the database quickly and only applies the Forward algorithm to the surviving
fraction, resulting in 100- to 1000-fold acceleration for profile HMM searches for
protein families at a negligible cost to sensitivity [21, 22].

1.3 Infernal

Infernal is a software package that implements CM methods. It includes programs
to build a CM from an alignment (cmbuild), search a target sequence database with
a CM (cmsearch) and create multiple sequence alignments of putative homologs
with a CM (cmalign). Additionally, models are “calibrated” with the cmcalibrate
program prior to using cmsearch. Calibration enables the reporting of expectation
values (E-values) for putative homologs found in database searches. Infernal is an
updated version of the Cove software package [16] which is used by tRNAscan-SE
and SRPscan.

To alleviate slow search speeds, the latest version of Infernal (v1.1) executes
multiple rounds of filtering of the target database prior to using Inside, the slowest
but most sensitive CM search algorithm. The earliest rounds of the filter pipeline
use a profile HMM to rapidly scan each target sequence and identify subsequences
that may contain high-scoring hits to the CM based on sequence conservation alone.
These filters are very similar to those employed in the HMMER3 pipeline [22], al-
beit with different survival thresholds such that a larger fraction of the database is
expected to survive. The relaxed thresholds are important to ensure that hits with
low sequence similarity but high structural similarity to the model will survive to
the downstream CM stages of the pipeline. Subsequences that survive the profile
HMM filters are then scored with a constrained version of the CM CYK algorithm.
The CYK constraints are derived from a profile HMM alignment of the target sub-
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sequence, and limit the range of positions of the subsequence that are permitted
to align to each state of the CM. These constraints are enforced as bands on the
CYK dynamic programming matrix and result in a significant acceleration versus
standard, non-banded CYK, especially for large RNAs (often up to or exceeding
100-fold acceleration) [9, 57]. Subsequences surviving the HMM banded CYK fil-
ter are evaluated with the Inside algorithm, again using HMM-derived bands, to
assign their final scores. For more details on Infernal’s filter pipeline see [59]. The
pipeline accelerates typical CM searches by three to four orders of magnitude ver-
sus non-filtered, non-banded Inside-only searches at a small cost to sensitivity, and
enables CM searches of large genomes in a reasonable amount of time.

Parallelization is another strategy Infernal uses for decreasing running times
when a compute cluster is available. The cmalign, cmsearch and cmcalibrate pro-
grams are implemented in coarse-grained parallel MPI versions allowing, for exam-
ple, a search of a large vertebrate genome to finish faster by spreading the search
across multiple nodes of a cluster.

1.4 Rfam

Rfam is a database of RNA families, each represented by a CM and two differ-
ent multiple sequence alignments called a seed and a full alignment [28]. The seed
alignment is a manually curated alignment of representative members of the family
that is used to construct a CM using Infernal’s cmbuild program. The CM is then
searched against a large sequence database called RFAMSEQ based on a particular
release of EMBL [47]. For each family, an Rfam curator chooses a bit score thresh-
old, called the gathering threshold (GA), that separates the first clear false positive
from trusted true homologs. All hits with bit scores above this threshold are ex-
tracted and aligned to the model to create the full alignment, which is not refined
further. The most current release of Rfam (10.1) includes 1973 RNA families and
annotates 2,756,313 regions in the 170 Gb RFAMSEQ database, each of which was
scored by a model above its GA threshold and is included in a full alignment. No-
tably, the CMs provided by Rfam come pre-calibrated and so will report E-values
when used by cmsearch.

2 Using Infernal to annotate structural RNAs in an archaeal
genome

In this section, I’ll guide the reader through an exercise of using Infernal and Rfam
to annotate functional RNAs in the genome of Methanobrevibacter ruminantium
(GenBank accession CP001719.1), a methanogenic archaeon that lives in the stom-
achs of ruminant mammals such as cows [46]. This particular archaeon was chosen
because the analysis of the search results illustrate some important considerations
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regarding the Infernal/Rfam strategy for genome annotation of RNAs, as discussed
later in section 2.1. For this exercise, it is assumed that the reader is familiar with
a command-line Unix environment and has some experience writing simple scripts.
The specific instructions here correspond to release 10.1 of the Rfam database and
version 1.1 of Infernal. If you are using a more recent version of Rfam than 11.0
you should follow slightly different instructions; see the “Notes” section at the end
of this chapter.

Step 1.  Download and install Infernal 1.1.

Step 2. Download the 102 CMs from Rfam 10.1 that match at least one archaeal
sequence from RFAMSEQ.

Step 3.  Convert the Infernal 1.0 Rfam CM file to Infernal 1.1 format.

Step 4. Download the M. ruminantium genome sequence from NCBI.

Step 5. Run CM searches against the genome.

Step 6. Analyze the results.

Step 1. Download and install Infernal 1.1.

Go to http://infernal janelia.org/ and download version 1.1 of Infernal, then un-
zip and untar it. The user’s guide will be in infernal-1.1/Userguide.pdf, which con-
tains installation instructions. For a basic installation, simply execute ./configure;
make from the infernal-1.1 directory. This will create Infernal executable files in
the infernal-1.1/src/ directory, for example the programs cmsearch and cmconvert,
which we’ll use here. For steps 3 and 5 to work, you’ll need to make sure that these
programs are in your path (so that when you type cmsearch it executes the cmsearch
program you just built). To install these programs in system-wide directories, exe-
cute make install. See the user’s guide for more information on installation. (At the
time of writing, the most current available version of Infernal is actually 1.1rc1, the
first release candidate for version 1.1. As you read this it is likely that the final ver-
sion 1.1 will be available, or perhaps even a newer version. Note that the results here
may only be exactly reproducible using version Infernal version 1.1rcl and Rfam
release 10.1.)

Step 2. Download the 102 CMs from Rfam 10.1 that match at least one archaeal
sequence from RFAMSEQ.

Go to http://rfam.sanger.ac.uk/ and click on Taxonomy Search on the left hand side
of the page and search for archaea. The next page should report that 102 families
were found.

Next, download the 102 CMs from Rfam. At the time of writing, users can either
download all 1973 CMs in the database in a single file, or one at a time each in
a separate file. The easiest option is probably to download all the models and then
write a script to select the desired 102. To do this, create a text file called arc.102.list
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and copy the names of the 102 families into it. Then, from http://rfam.sanger.ac.uk/
click on FTP at the top of the page, and click on CURRENT and download the file
Rfam.cm.gz.

Create a new directory and place the files arc./02.list and Rfam.cm.gz in it and
decompress Rfam.cm.gz with gunzip. Next, you’ll have to write a script to extract
the 102 CMs that are listed in arc.102.list from the Rfam.cm file. There are many
ways to do this. There are two important aspects of the CM file format that you’ll
need to know about. The first is that the Rfam.cm file is a concatenation of 1973
individual CM files, each beginning with a line that reads INFERNAL-1 [1.0], , and
ending with the line //. Secondly, the name of the model appears immediately after
the INFERNAL-1 [1.0] line. The extraction script will need to read through the file,
printing out only those lines from the models listed in arc./02.list. Save the 102
models as the file arc.102.0ld.cm.

Step 3. Convert the Infernal 1.0 Rfam CM file to Infernal 1.1 format.

Perform the conversion using Infernal 1.1°s cmconvert program, with the command:
cmconvert arc.102.old.cm > arc.102.cm
The conversion should take about three minutes.

Step 4. Download the Methanobrevibacter ruminantium genome sequence from
NCBI.

Go to the ENTREZ search page: http://www.ncbi.nlm.nih.gov/sites/gquery, search
for CP0O01719.1 and follow the link for the Nucleotide database. A page should load
reading: Methanobrevibacter ruminantium M1 chromosome, complete genome. To
download the genome in FASTA format, click on the Send link on the right hand side
of the page and select Complete Record, File and FASTA format; then click Create
file. A file called sequences fasta should download. Rename this file mrum fa and
move it to the directory where you’ve stored the converted CM files from step 3.

Step 5. Run CM searches against the genome.

Now you are ready to search the M. ruminantium genome with the Rfam CMs us-
ing Infernal. CM searches are computationally expensive, but not impractical. All
102 searches should take less than ten minutes, and can be executed with a single
command:

cmsearch --cut_ga --tblout mrum.tbl arc.102.cm mrum.fa > mrum.cmsearch

This command includes two options. The ——cut_ga option tells the program
to set the score threshold for reporting a hit to each model as that model’s manually
curated Rfam gathering threshold. The —-tblout mrum.tbl option specifies
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that a tabular version of the search results be printed to a file called mrum.tbl as
explained below in step 6.

Step 6. Analyze the results

When the search finishes running you should have two new files in your direc-
tory called mrum.cmsearch and mrum.tbl containing the search results. The former
file includes information on the high-scoring regions or hits in the genome to each
model, including the bit scores and E-values of those hits as well as alignments of
each of the hits to its respective model. The latter file contains much of the same
information but in a simplified one-line-per-hit format which can be easily parsed
by scripts one might use to analyze the results. Next, we’ll take a closer look at
example results from each of these files.

Open the mrum tbl file and look at the first few lines (these have been split in half
below to fit on the page):

#target name accession query name accession mdl mdl from mdl to seq from ...

gi|288541968|gb|CP001719.1| - 5S_rRNA - cm 1 119 766016 ...

. seq to strand trunc pass gc bias score E-value inc description of target

. 766137 + no 1 0.48 4.0 58.9 l.4e-11 ! Methanobrevibacter ruminantium M1, comp...

As indicated by the column names, this line reports a hit from position 766016 to
766137 of the genome (with target sequence name gi|288541968|gb|CP001719.1|
in the mrum fa file) to the 5S_rRNA Rfam CM, with a bit score of 58.9 bits and an
E-value of 1.4e — 11. This E-value indicates that the probability of finding a hit with
this bit score or higher is about 10~!! in a database the size of this genome. Because
this E-value is so low, we can be confident that this region is indeed a homolog of 5S
rRNA. As discussed later, annotators can be fairly confident of hits with E-values
up to about le — 5 in archael and bacterial genomes. Additionally, we know that this
hit has a bit score that is at least as high as the Rfam gathering (GA) threshold for
the 5S_rRNA model. In fact, all the hits in our search results will meet or exceed the
GA threshold for their respective models because we chose the ——cut_ga option
when running cmsearch. In addition to considering the E-value and bit score of a
hit, inspection of the alignment of the hit to the query CM is often useful when
determining if a hit is a real homolog or not. Alignments are not contained in the
tabular output files, but are included in the standard cmsearch output. To find the
alignment of this hit to the tRNA model in the mrum.cmsearch file, it is useful to
know that the file is organized into 102 sections, one for each query CM. Each
CM’s section begins with “Query:” at the beginning of a line followed by the CM
name, and then a list of hits ranked by E-value (lowest to highest), and then the hit
alignments for all reported hits in the same ranked order.

The first tRNA hit alignment in mrum.cmsearch is for the 69.8 bit hit from posi-
tions 735136 to 735208 of the M. ruminantium genome, target sequence
£i|288541968|gb|CP001719.1|, organized into a single block of six lines, shown in
Figure 3. (Longer alignments, such as the second tRNA alignment in this file, will
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be split into multiple blocks of six lines each.) The second line of each block ends
with CS and shows the secondary structure of the consensus tRNA molecule mod-
eled by the CM. This structure is shown as the leftmost secondary structure at the
bottom of Figure 3. In the alignment, positions of the model that are paired are in-
dicated by either parentheses or brackets (i.e. () ,<>) and the left and right half of
pairs are identified by matching left and right parentheses or brackets from outside
to inside as in a mathematical formula. For example, the first (leftmost) ““ (” matches
the last (rightmost) “)” indicating that these two positions are basepaired with each
other. Similarly the second “ (” matches the second to last ““)”, and so on. The dif-
ference between parentheses and brackets indicates levels of nesting. For example,
the parentheses depict the acceptor stem between the 5’ and 3’ ends of the tRNA
(the top stem in the structures in Figure 3), while the three other stems are indicated
by brackets because they are independent stems and are fully contained between the
two halves of the acceptor stem. Other RNAs in Rfam, such as SSU_rRNA _archaea
and RNase_P_arch, have more than two nesting levels of stems in their consensus
secondary structures, and to handle these cases additional characters are used (i.e.
{3 n.

The first line of the alignment ends with NC. This line indicates negative scoring
noncanonical basepairs, these are basepairs in the target sequence which receive a
negative score to the model and are not either Watson Crick (A:U, U:A, C:G, G:C)
or wobble (G:U, U:G) basepairs. A negative score is assigned to basepairs that are
less probable in their particular position of the CM than in the random background
model, i.e. less than 1/16 = 0.0625. There are zero such basepairs in this target
sequence, so this line is entirely blank. If any such basepairs did exist (there are
some examples in other alignments in this file) they would be highlighted with a v
character in this line.

The third line of the alignment shows the query model consensus sequence. This
is defined as the highest scoring nucleotide or basepair at each position, with capital
letters being highly conserved and lowercase letters being less well conserved. Dots
in this line indicate a position where the target sequence has inserted one or more
residues. The fifth line shows the target sequence, in this case ranging from position
735136 to 735208. Lowercase nucleotides here, such as the single lowercase ¢ in
this line, indicate inserted nucleotides relative to the consensus model. The fourth
line in each block indicates how well the query and target align to each other and is
meant to help the user quickly judge the quality of the alignment when examining a
putative homolog. If a nucleotide N is present, then the target has the most probable
nucleotide N aligned at that position. If a blank space or non-alphabetic character
is present, then the target contains either a gap or a nucleotide other than the most
probable one. Of these cases, a “+” or “:”” occurs when the target nucleotide receives
a positive score for the model, either for single stranded positions (+) or basepaired
positions (:). A blank space occurs if either the target nucleotide is a gap or if
the target nucleotide receives a negative score to the model. As explained earlier, a
positive score indicates the nucleotide or basepair is more probable than the random
background model (i.e. has higher probability than 0.25 or 0.0625, respectively).
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Finally, the sixth line ends in PP and indicates the confidence level, or expected
accuracy, of each position of the alignment. Each position receives a single character
summarizing it’s posterior probability. A 0 means 0-5%, a 1 means 5-15%, and so
on; a 9 means 85-95%, and a * means 95-100% posterior probability. In this align-
ment all positions are % indicating they are all very confidently aligned correctly,
but there are examples of more ambiguous alignments elsewhere in this file. As you
might expect, alignment positions with low confidence are often nearby insertions
and deletions.

2.1 Important considerations regarding Infernal predictions

Table 4 reports the number of hits found in the M. ruminantium genome with scores
that exceed the Rfam gathering threshold for each of the 102 families with at least
1 such hit. There are 128 total predicted RNAs from 8 different Rfam families (af-
ter removing overlaps and hits with marginal E-values, as explained more below),
as opposed to only 66 from 4 different families in the NCBI GenBank and Refseq
annotation (accessions CP001719.1 and NC_013790.1). Closer scrutiny of these re-
sults offer insights into some important strengths, weaknesses and caveats of using
Infernal and Rfam for genome annotation. Below, these issues are listed and ex-
plained using specific examples from the results.

1. Hits from different models can overlap.

It is not uncommon for a single region of a genome or target database to be hit by
multiple models from Rfam. There are several reasons why this may occur. First,
some families are evolutionarily related to each other. An example of this in the M.
ruminantium results are the SSU_rRNA _archaea and SSU_rRNA _bacteria models,
which model archaeal SSU ribosomal RNA and bacterial SSU ribosomal RNA re-
spectively. The SSU rRNA is ancient and predates the split of the three domains, so
a homology search method that identifies cross-matches between these families is
correct. Note that, as expected, the score for the hit to the archaeal model is much
higher than the bacterial model (1483.0 versus 1090.7). Another example are the
overlaps between nearly all of the roughly sixty CRISPR-DR2 and CRISPR-DR39
hits. Both of these CRISPR CMs have 30 consensus positions, and they share some
sequence and structural similarity. When overlapping hits are encountered, it is rec-
ommended practice to keep the hit with the better E-value. In most cases this will be
the hit with the higher bit score, but not always. If both hits have the same E-value
(as with the two hits of E-value O to the SSU models), keep the one with the higher
bit score.
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2. Hits with marginally significant E-values should be carefully examined or
thrown out.

To avoid misannotating RNAs in a genome, the E-values of predicted hits should be
considered, even for hits above the Rfam GA bit score threshold. In these searches,
use of the cmsearch ——cut_ga option dictated that only hits exceeding the GA
threshold be reported. Because we searched with 102 models, the highest-scoring
false positive hit to any family we expect is about 1/102, which is roughly 0.01.
However, because we also only consider hits above the GA bit score thresholds
and for some families those thresholds correspond to E-values below 0.01, this
calculation is only roughly accurate. In general, when performing N searches, the
highest-scoring false positive hit should have an E-value of roughly 1 /N because
that E-value literally means that we expect 1 /N such hits from a particular search,
so N 1/N = 1 such hits are expected in N searches. As the predicted E-value of
the highest-scoring false positive, 0.01 is a reasonable E-value threshold to use dur-
ing annotation. As shown by the differences between the “believed” and “unique”
columns of Table 4, doing so in this analysis would lead to the removal of the follow-
ing unique (nonoverlapping) hits: the single hit to the sR11 model and the two hits
to the CRISPR-DR39 model because these three hits have E-values above 0.01. One
additional “unique” hit is not counted in the “believed” column: the CRISPR-DR42
model with an E-value of 0.0045. This E-value is slightly below the 0.01 threshold
but is ruled out because CRISPR sequences almost always occur as tandem repeats
as explained in the next section.

In fact, because Infernal E-values are not perfectly accurate, even more conser-
vative E-value thresholds are often used in practice. For example, only hits with
E-values below le — 5 were considered in a recent survey of SmY RNAs in ne-
matodes [40]. In our results, dropping the E-value threshold from 0.01 to le — 5
would additionally exclude only the 60 remaining CRISPR-DR?2 hits. However, as
discussed next, closer scrutiny of these CRISPR-DR?2 predictions suggests they are
in fact real homologs. Even stricter E-values may be necessary for searches of com-
plex genomes which strongly invalidate the assumptions made by the Infernal E-
value machinery. For example, large vertebrate genomes that include high numbers
of tandem repeats can pose particular problems for Infernal, as discussed in point 5
below.

3. Expert knowledge of a family can help verify an Infernal prediction.

Often it is possible to gain corroborating evidence that an Infernal prediction is
either a true homolog or not based on additional knowledge of the family that can-
not be modeled by a CM. For example, CRISPR genes are Clustered Regularly
Interspaced Short Palindromic Repeats that are separated by spacers of similar
length. The Infernal CRISPR-DR2 predictions follow this pattern: 60 out of 61 are
identical 30 nucleotide subsequences, and 59 of those 60 are separated by between
91 and 98 nucleotides (the remaining spacer is 160 nucleotides). In contrast, the
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61st hit to this model occurs about 500 Kb away from the cluster of 60, and has
a marginal E-value of 0.11 suggesting it is probably not a real CRISPR element.
By the same reasoning, the single hit to the CRISPR-DR42 model is likely a false
positive hit even though it has a more significant E-value of 0.0045.

Another example involves the single highly significant (E=8.8¢ — 28) hit to the
FMN riboswitch model. Because riboswitches tend to occur in the 5’ untranslated
region of genes involved in metabolism of a particular ligand, flavin mononucleotide
(FMN) for this particular switch, additional evidence that a predicted riboswitch
is real is often obtained by examining the function of downstream protein-coding
genes. In this case, the nearest gene is annotated as a ribB gene, a 3 4-dihydroxy-
2-butanone 4-phosphate synthase, which is involved in riboflavin metabolism, and
importantly, the predicted riboswitch is on the same strand and is 5 of the cod-
ing sequence of ribB. These data suggest the Infernal prediction is in fact an FMN
riboswitch.

4. Some RNA families are not included in Rfam, others are represented by models
that are not full-length.

There are two common reasons for a family’s absence from Rfam. First, it may
have just been discovered. Novel families continue to be discovered at a rapid pace
[73,74,40,75] making it difficult for the limited number of Rfam curators to incor-
porate all of them into the database. Secondly, some RNAs are so large that running
the Rfam search pipeline for them would take an impractical amount of compute
time due to the high complexity of the CM Inside and CYK algorithms. A glar-
ing omission from Rfam that falls into the second category is LSU rRNA models.
However, as mentioned earlier, LSU is highly conserved at the sequence level and
using CM methods to identify them is unnecessary because more efficient sequence-
based methods can do the job well, such as the profile HMM approach taken by the
RNAmmer program [42]. In the future, Rfam could take a similar approach and use
profile HMMs for LSU searches. However, currently an Infernal user aiming for a
complete annotation of RNAs in a genome would need to run an additional program
such as RNAmmer or BLASTN to annotate full length LSU sequences.

Some families in Rfam are represented by alignments and models that do not
cover the full length of the sequence family. Two examples are the group I and group
IT self-splicing intron models. These models are not full length because the high
variability in the sequence and structure of homologs makes construction of a rea-
sonable global structural alignment difficult. In such cases, only the well-conserved
core regions are modeled, and the variable parts are omitted. While largely incom-
plete models like these are rare, nearly-complete models that may not include the
complete 5’ and 3’ ends of the RNA are more common. One reason for this is that
the structures and alignments for some Rfam families are based mainly on predic-
tions from comparative sequence analysis and experiments to determine the precise
start and end points of the non-coding transcripts have not yet been performed.
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5. Eukaryotic sequences offer additional challenges.

For Infernal searches of eukaryotic genomes, new issues arise and some of the prob-
lems discussed above can become more severe. Eukaryotic genomes contain certain
types of sequence elements largely absent from archaea and bacteria that can lead to
high-scoring false positives in CM searches, namely pseudogenes and repeats. For
example, some short interspersed nuclear elements (SINEs) are derived from pol-I11
transcribed RNAs like tRNA or SRP RNA. Examples include Alu sequences, which
are common in primates, numbering greater than 1 million in the human genome.
Pseudogenes of U6, 7SK and Y RNAs are also common [32]. These elements will
often score high to a CM due to their homology with the original RNA family from
which they were derived. An example of this problem is shown in Table 6, which
contains results of Infernal searches and family-specific searches for selected fam-
ilies in four eukaryotic genomes (described more in the next section). The table
shows that thousands of tRNA-derived SINEs are identified by tRNAscan-SE in the
mouse genome (Mus musculus). These elements were noted in the original publi-
cation for that genome [72]. tRNAscan-SE identifies 26,201 regions in the genome,
22918 of which are reported as pseudogenes, and 3,283 of which are predicted as
tRNA genes. All but about 500 of these were discounted after closer inspection as
likely non-functional SINE repeats in [72].

Additionally, less complex inverted tandem repeats often score high against any
CM with a single stem loop (such as miRNAs) or otherwise simple secondary
structure because opportunities for stretches of Watson-Crick basepairing between
nearby regions in these elements are abundant. Large numbers of high-scoring false
positives greatly complicates the analysis of Infernal results because while it is de-
sirable to set a single E-value threshold for all families, in reality, certain families
will require special treatment.

2.2 Comparison of Infernal to family-specific methods

In the M. ruminantium searches, Infernal was able to improve upon the existing
RNA annotation by finding two probable tRNAs missed by tRNAscan-SE (Fig-
ure 4), suggesting that Infernal can be more sensitive than family-specific meth-
ods in some cases. For further comparison, I used some popular family-specific
methods and the corresponding Rfam CMs with Infernal to search the fourteen
genomes listed in Table 1. A comparison of the results is shown in Tables 4 (ar-
chaeal genomes), 5 (bacterial genomes), and 6 (eukaryotic genomes).

The Infernal results largely agree with the tRNAscan-SE, SRPscan and Bcheck
results. This is not surprising considering that all of these programs, including In-
fernal, are using CMs with sequence-based filters. The main difference is in the
design of those filters. For Infernal, profile HMMs built from the CM are used,
whereas for the others, sequence and structural characteristics of the specific fam-
ilies being modeled have been exploited to enable stricter filtering in some cases.
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The stricter filtering can enable faster searches in some cases (e.g. Aragorn searches
for tmRNAs in bacteria) but can also cause high-scoring hits to be missed, such as
Bcheck’s failure to identify any RNaseP RNAs in M. ruminantium (Table 4). Addi-
tional examples are the SRP RNA prediction by Infernal in M. ruminantium which
is missed by SRPscan, and the three archaeal tRNAs predicted by Infernal but not by
tRNAscan-SE, two of which are shown in Figure 4. Conversely, because Infernal’s
HMM filters do not consider structure they could miss some high-scoring hits that
the other methods find. In these searches, this is exemplified by putative tRNAs pre-
dicted by Aragorn and tRNAscan-SE that are not found by Infernal. However, with
the exception of tRNA for several genomes, and 5S and SSU rRNA in A. thaliana,
Infernal finds all of the hits that the family-specific methods report.

Besides being faster in some cases, family-specific tools offer some other impor-
tant advantages over Infernal, such as offering additional information relevant to the
annotations. For example, tRNAscan-SE reports on the tRNA type in its predictions
based on the anticodon sequence, as well as whether the tRNA contains an intron
or is a predicted pseudogene. Also, some of family-specific CM based tools include
more CMs than are present in Rfam, and the models are built from more carefully
curated input alignments than those in Rfam in some cases. For example, Bcheck
includes two archaeal RNase P CMs, while Rfam includes only one. Using more
and/or better models can lead to more accurate or more complete annotations.

The comparison of RNAmmer with Infernal highlights an important difference
between profile HMMs (as implemented in RNAmmer) and CMs. While most of
the predictions agree, RNAmmer failed to recognize some 5S rRNA candidates in
archaea that Infernal finds. This suggests that the additional statistical power gained
by modeling the conserved 5S rRNA secondary structure is critical for the CM in
these cases.

There are other RNA search tools that have not been tested here for various
reasons. SnoReport[36] requires candidate RNA sequences as input and cannot
scan along genome length sequences. Snoscan [52] and snoGPS [66] which iden-
tify C/D box snoRNAs and H/ACA box snoRNAs respectively and take advan-
tage of user-specified ribosomal RNA sequences that include potential methyla-
tion/pseudouridylation sites for the predicted snoRNAs, complicating a potential
comparison with a general CM approach. The Riboswitch finder [7] and RibEx [1]
tools are only available via webservers that do not accept genome length sequences.
The microRNA detection program RNAmicro [37] was not tested because it re-
quires an alignment of orthologous sequences as input. Pattern search tools, such
as RNA-motif [53], and RNABOB [18] were not tested because libraries of pat-
terns analogous to Rfam CMs that would enable analogous searches are not readily
available. Other tools, such as RNA-PATTERN [41], are not freely available for
download.
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3 Conclusion

As demonstrated here by the example analysis of the M. ruminantium genome, us-
ing Infernal and Rfam instead of more commonly used tools can lead to a more
complete annotation of RNAs in genomes. The Infernal results contain important in-
formation on the biology of M. ruminantium that is absent from its initial GenBank
annotation. For example, the existence of sixty CRISPR hits indicates that M. rumi-
nantium can likely acquire resistance against viruses through the CRISPR system
[6]. Additionally, the presence of a high-scoring hit (110 bits, E-value of 8.8¢ —28)
to the FMN riboswitch model strongly indicates that this archaeon encodes a true ri-
boswitch which may control expression of at least some genes involved in riboflavin
biosynthesis through binding of FMN to this structural element. This is especially
interesting because riboswitches primarily exist in bacteria. Further, a single RNase
P RNA and a single SRP RNA have been predicted, which is expected but still
relevant because these RNAs were not annotated in the initial publication of the
genome.

For annotation of functional RNAs in genomes, the general Infernal/Rfam ap-
proach is comparable in both speed and sensitivity to the use of family-specific tools
that utilize specialized filters or search algorithms. The total time required for the
102 M. ruminantium searches was about 6 minutes on a single CPU. For families for
which specific search tools exist, their results largely agree with Infernal (Tables 4,
5, and 6). Importantly though, the Rfam database includes a growing number of
CMs of families for which specific search tools capable of scanning genomes do not
exist, which can be used by Infernal to search for as-of-yet undiscovered homologs.
Infernal has the added advantage of convenience for annotation pipeline develop-
ers: it is a single program that works for most RNA families, making it easier to
incorporate and maintain in a pipeline than multiple family-specific programs.

4 Notes

If you are working through the M. ruminantium genome annotation example in sec-
tion 2 and have access to an Rfam release more recent than 11.0 that was based on
Infernal 1.1, you should be able to simplify the six step annotation process. The first
important change is that you do not need to write a script to extract the archaeal
CMs from the Rfam.cm file. Instead, use Infernal’s cmfetch program (see the Infer-
nal user’s guide for details). Secondly, you can skip step 3, the CM conversion step.
The other steps should be followed as written in section 2 but your results will likely
be slightly different. For example, you will probably be working with more than 102
CMs.

Acknowledgements I thank Sean Eddy and Tom Jones for useful discussions and critical com-
ments on the manuscript.
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Fig. 1 Information in a sequence-only versus a sequence and structure profile. The eight sequence
alignment for a fabricated RNA family used to build both of the profiles is on the left. The struct
line denotes the consensus secondary structure of the family, with basepaired columns indicated by
matching nested < and > characters and connected by lines at top of figure. The structure is ignored
by the sequence-only profile but used in the sequence and structure profile to define dependencies
between basepaired columns. The eight individual secondary structures, defined by imposing the
consensus structure on each sequence, are shown on the right. Boxes with internal numbers at top
and bottom of the alignment indicate the number of bits per position from the sequence (black), or
per basepair from the structure (white). This figure is similar to one from [19].
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Counts  were
listed  genomes
bacterial ~ genomes

Table 1 Summary of RNA annotations
taken from “NCBI  Genome” RefSeq annotation for the
(www.ncbi.nlm.nih.gov/sites/genome).  Archaeal and

were selected as the first five published in 2010 according to NCBI
(www.ncbi.nlm.nih.gov/genomes/lproks.cgi) for which a Refseq entry
and a referenced publication was available, as of March 30, 2011. Eukaryotes were
selected from to be representative, from “complete” genomes according to NCBI
(www.ncbi.nlm.nih.gov/genomes/leuks.cgi) as of April 29, 2011. One genome
from each “group” (fungi, protists, plant, animal) was chosen. “rRNA” includes 5S, SSU, LSU,
and 5.8S for eukaryotes only. Abbreviations: TIGR: The Institute for Genomic Research, RAS:
Russian Academy of Sciences, JGI: Joint Genome Institute, NML: National Microbiology
Laboratory. GenBank accessions for archaeal and bacterial genomes: M. rum.. CP001719.1,
H. vol.: CP001956.1, H. jeo.. CP002062.1, A. sac.: CP001742.1, M. mar.. CP001710.1, C.
rod.: FN543502.1, B. den.: CP001750.1, P. sta.: CP001848.1, L. mon.. CP002062.1, C. ucy.:
CP001602.1. NCBI Genome project RefSeq ID for eukaryotic genomes: C. dub.: 38659, L. bra.:

in published genomes.

19185, A. tha.: 116, M. mus.: 169.

sequencing center, tRNAs rRNAs other RNAs
organism [reference] country method #|method #|method #
archaea
Methanobrevibacter ~ AgResearch, tRNAscan-SE 58/ BLASTN 8 04
ruminantium [46] New Zealand
Haloferax TIGR, tRNAscan-SE ~ 52|BLASTN 6 04
volcanii [34] USA
Halalkalicoccus Kyung Hee Univ., [tRNAscan-SE ~ 49|RNAmmer 3 0
jeotgali [64] Korea
Acidilobus RAS, tRNAscan-SE 45| RNAmmer 3 0
saccharovorans [54] Russia
Methanothermobacter G. August Univ. [tRNAscan-SE ~ 40|RNAmmer 2|unknown 2
marburgensis [49] Germany
bacteria
Citrobacter Sanger Institute, |[tRNAscan-SE  86|unknown  22|Infernal 56
rodentium [62] UK & Rfam
Bifidobacterium Univ. of Parma, [tRNAscan-SE ~ 55(BLASTN 13 0
dentium [70] Italy
Pirellula JGI, unknown 46|unknown 3|\unknown 3
staleyi [13] USA
Listeria NML, tRNAscan-SE 58| RNAmmer 15 0
monocytogenes [30]  Canada
Cyanobacterium UC Santa Cruz, [tRNAscan-SE 36|search_for- 6 0
UCYN-A [69] USA _rnas
eukaryotes
Candida Sanger Institute  |unknown 101 0|unknown 11
dubliniensis [39] UK
Leishmania Sanger Institute 0 0|unknown 6
braziliensis [60] UK
Arabidopsis multiple tRNAscan-SE, 688|BLASTN 14|unknown 689
thaliana [68]° centers tRNAscan
Mus multiple tRNAscan-SE 509¢|unknown  S|unknown 4059¢
musculus [72] centers

¢ Numbers from NCBI (shown here) are inconsistent with explicitly mentioned counts given in the
referenced publication for this genome.
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Table 2 Some popular family-specific tools for identifying RNAs in genomes.

program

type of RNA

prefilter stage

final stage reference

tRNAscan-SE tRNA

Aragorn

Arwen

RNAmmer

SRPscan

Bcheck

tRNA, tmRNA

mitochondrial tRNA

rRNA (5S,5.85,SSU,LSU)

SRP RNA

RNase P RNA

sequence-based;
tRNA-specific

none

none

small “spotter”
profile HMMs

sequence/structure
pattern (RNABOB)

sequence/structure
pattern (RNABOB)

CMs [51]

tRNA/tmRNA-  [45,43]
specific heuristic

mito tRNA- [44]
specific heuristic

profile HMMs [42]
(full-length)

CMs [63]
CMs [76]
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Table 3 Infernal predicted RNAs in the archacon Methanobrevibacter ruminantium (GenBank ac-
cession CP001719.1). All Rfam 10.1 families [28] for which Infernal finds at least one hit above
the Rfam bit-score gathering threshold (GA) are shown. Also shown is LSU rRNA, which is not
in Rfam as discussed in the text. Non-obvious column heading descriptions: ”# in GenBank™:
number of RNAs in GenBank annotation; “believed”: hits believed to be real homologs, these
are all nonoverlapping hits with E-values below 0.01 except for the single CRISPR-DR42 hit
(E = 0.0045) which is likely a false positive (the choice of 0.01 here is discussed in section 2.1);
“unique”: number of nonoverlapping Infernal hits, overlaps of more than 50% the length of the
shorter sequence were removed by keeping the hit with the lowest E-value amongst the overlap-
ping hits; “total”: total Infernal hits, including overlaps; “best hit”: bit scores and E-values of the
best scoring hits out of total hits for each family. The following sets of families shared overlap-
ping hits, the family with the lowest E-value for all overlaps is listed first: SSU_rRNA _archaea
and SSU_rRNA _bacteria (2 hits), CRISPR-DR2 and CRISPR-DR39 (60 hits), and sR2, sR1, and
snoPyro_CD (1 hit).

Rfam| #in Infernal hits above Rfam GA thr
Rfam Rfam GA bit|Gen- # hits best hit
family ID type thresh | bank||believed|unique|total bit| E-value
tRNA Gene; tRNA; 240 58 59 59| 59|| 69.8|7.5e-16
5S_rRNA Gene; rRNA; 16.0 4 3 31 3| 58.9|14e-11
LSU rRNA 2
SSU_rRNA _archaea |Gene; rRNA; 658.0 2 2 2 2111483.0 0
SSU_rRNA _bacteria|Gene; rRNA; 600.0 0 0 0 2({1090.7 0
Archaea_SRP Gene; 87.0 0 1 1 1|| 183.7| 6.2e-52
RNaseP_arch Gene; ribozyme; 53.0 0 1 1 1{| 193.9] 3.5¢-63
FMN Cis-reg; riboswitch;| 40.0 0 1 1 1|| 110.8] 8.6e-28
CRISPR-DR2 Gene; CRISPR; 220 0 60 61| 61 28.2| 0.0043
CRISPR-DR39 Gene; CRISPR; 20.0 0 0 2| 62| 26.5] 0.019
CRISPR-DR42 Gene; CRISPR; 19.2 0 0 1 1 20.2| 0.0045
sR2 Gene; snRNA; 20.0 0 1 1 1 27.5] 9e-06
snoRNA; CD-box;
sR1 Gene; snRNA; 21.0 0 0 0 1 23.710.00017
snoRNA; CD-box;
snoPyro_CD Gene; snRNA; 20.0 0 0 0 1 27.11 0.0018
snoRNA; CD-box;
sR11 Gene; snRNA; 16.0 0 0 1 1 16.8| 0.021
snoRNA; CD-box;
total 66 128 136] 200
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Table 4 Comparison of predictions by Infernal and family-specific methods for various RNAs
in five archaeal genomes. Abbreviated genome names are fully listed in Table 1. Genome sizes
in millions of bases (Mb) are shown in parantheses underneath genome names. Columns labeled
“hits” include total number of predictions, and those labeled “unq” include unique hits that are not
found with the method on the adjacent line. Average timings are reported in seconds (“(secs)”).
The following Rfam 10.1 models were used for each Infernal search: “tRNA”: RF0O0005, “RNase
P RNA”: RF00373, “SRP RNA”: RF01857, “5S rRNA”: RF00001, “SSU rRNA”: RF01959. LSU
rRNA Infernal searches were not performed because Rfam 10.1 has no LSU model. All programs
were run in default mode, except when options were necessary to restrict searches to the spe-
cific family and/or domain being tested. SRPscan was run in fast mode with non-Alu models.
Infernal’s cmsearch was run with the ——ga option which sets the reporting bit score thresh-
old as the family-specific Rfam GA cutoff discussed in the text. Program versions used: Infer-
nal v1.1rcl; tRNAscan-SE v1.23; Aragorn v1.2; Bcheck v0.6; web version of SRPscan available
athttp://bio.lundberg.gu.se/srpscan/; RNAmmer vl.2. Because no downloadable
version of SRPscan was available, times were measured manually via stopwatch on their website
and so are approximate. All other times were measured as single execution threads on 2.66 GHz
Intel Xeon Gainestown (X5550) processors.

organism (archaea)

M.rum.| H.vol. | H.jeo. | A.sac. | M.mar. | avg

(2.9 Mb)|(4.0 Mb)|(3.7 Mb)|(1.5 Mb)|(1.6 Mb)| time

family software  |hits ung|hits unq|hits unq|hits unqfhits unq|(secs)
tRNA Infernal 59 2149 1|46 0/43 038 0 22
tRNAscan-SE| 58 1| 51 3149 3|45 240 2| 276
tRNA Infernal 59 3149 2|46 3|43 538 1| 22
Aragorn 56 0| 54 7148 539 1{38 1] 09
RNase P RNA |Infernal 1 1] 1 o 1 O 1 0 1 o0f288
Bcheck o o 1 o 1 0 1 0 1 o0f 137
SRP RNA Infernal 1 1 1 o 1 o0 1 0 1 o0f 100
SRPscan o o I o0 1 o0 1 0 1 o0 80
5S rRNA Infernal 3 31 2 0 1 0 1 Il 3 3] 20
RNAmmer 0O 0 2 0 1 0 0 0 0 0] 16.1
SSU rRNA  |Infernal 2 0 2 O 1 o 1 oOf 2 0] 317
RNAmmer 2 0 2 0 I o 1 o0f 2 0] 164

LSUrRNA  |Infernal

RNAmmer 2 2 2 211 1l 1 11 2 2| 1838
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Table S Comparison of predictions by Infernal and family-specific methods for various RNAs in
five bacterial genomes. Abbreviated genome names are fully listed in Table 1. Column headings
and program versions, options and cutoffs are the same as described in caption of Table 4, except
that for SRPscan, “rare TRRC tetraloop” was used for P. staleyi and “common GRRA tetraloop”
was used for all others. Rfam 10.1 models used for each Infernal search: “tRNA”: RF00005, “tm-
RNA”: RF00023, “RNase P RNA”: RF00010 and RFO0011, “SRP RNA”: RF00169 and RF01854,
“5S rRNA”: RF00001, “SSU rRNA”: RF00177.

organism (bacteria)

C.rod. | B.den. | P.sta. | L.mon. | C.ucy. | avg
(5.4 Mb)|(2.6 Mb)[(6.2 Mb)|(3.1 Mb)|(1.4 Mb)|time
family software  |hits ung|hits unq|hits unq|hits unq|hits unq|(sec)
tRNA Infernal 85 1157 1146 2[{ 57 0] 37 0 20
tRNAscan-SE| 84 0| 56 0 46 2| 58 1| 37 0]345
tRNA Infernal 8 1|57 1146 1|57 0] 37 0] 20
Aragorn 87 3156 0]49 4|5 2(37 0] 1.1
tmRNA Infernal 1 o 1 o 1 0 2 1f 1 0409
Aragorn 1 0 1 O 1 o 1 0Of 1 0] 23
RNase P RNA |Infernal 1 o 1 o 1 0 2 o0f 1 0]280
Bcheck 1 o 1 o 1 O 1 of 1 0]128
SRP RNA Infernal 1 o 1 o 1 0 2 o0f 1 0292
SRPscan 1 o 1 o 1 O 1 of 1 0] 40
5S rRNA Infernal 8 0o 6 If 1 O 5 o0of 2 0] 29
RNAmmer 8 0 5 0o 1 0O 5 0 2 0[202
SSU rRNA  |Infernal 7 0 4 O I 0 5 0f 2 0]340
RNAmmer 7 0 4 0 1 O 5 0 2 0]204

LSUrRNA  |(Infernal
RNAmmer 7 7 4 4 1 I 5 5 2 2279
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Table 6 Comparison of predictions by Infernal and family-specific methods for various RNAs
in four eukaryotic genomes. Abbreviated genome names are fully listed in Table 1. RNAmmer
does not do 5.8S rRNA searches, so the corresponding cells are left blank in the table. Column
headings and program versions, options and cutoffs are the same as described in caption of Ta-
ble 4, except that for Infernal searches only hits with bit scores above the Rfam GA cutoff and
E-values below le —5 were considered. Rfam 10.1 models used for each Infernal search: “tRNA”:
RF00005, “RNase P RNA”: RF00009, “5S rRNA”: RF00001, “SSU rRNA”: RF01960,“5.8S
rRNA”: RF00002.

organism (eukarya)

C.dub. | L.bra. A. tha. M. mus. avg
(14.6 Mb)[(31.4 Mb)|(119.7 Mb)| (2654.9 Mb) | time
family software |hits unq|hits unq|hits unq hits  unq| (secs)
tRNA Infernal 123 of 82 0|676 5 442 11] 359.8
tRNAscan-SE|130 7| 82 01699 28(26201¢ 25770|3481.5
tRNA Infernal 123 36| 82 1|676 44 442 14] 359.8
Aragorn 89 2| 85 41666 34| 1656 1228] 130.0
RNase P RNA|Infernal 1 Il 0 0] 0 0 17 11] 651.1
Bcheck 0 of 0 0 0 0 6 0| 2184
5S rRNA Infernal 2 0l 9 1497 3 115 115( 1343
RNAmmer 2 of 8 01498 4 0 0[3741.2
SSU rRNA  |Infernal 1 0] 0 0] 4 0 2 0]3203.0
RNAmmer 1 of 0 o 5 1 2 0(3450.2
LSUrRNA |Infernal
RNAmmer 1 11 0 0| 4 4 3 3|3816.3
5.8StRNA |Infernal 1 11 0 0| 2 2 2 2| 1733
RNAmmer

422918 of these are annotated as pseudogenes by tRNAscan-SE.
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Fig. 2 Additional information (in bits) gained by sequence and structure profiles (CMs) versus
sequence-only profiles (HMMs) for various RNA families. Sequence and structure profiles are
most advantageous for families with less primary sequence information (towards left) and more
secondary structure information (towards top), so Rfam families that gain the most from including
secondary structure terms in a homology search are those toward the upper left quadrant. Data
shown for the 95 Rfam release 9.1 [29] families with 50 or more sequences in the seed alignment.
For each family, the seed alignment was used to build two profile models, a CM and a profile
HMM. From each model, 10,000 sequences were generated and scored, and the average score per
sampled sequence was calculated. Several of the outlying points are labeled by the name of RNA
family as given by Rfam. Note that the x-axis is drawn on a log scale. Models were built and
sequences were generated and scored using Infernal version 1.0 programs cmbuild, cmemit and
cmalign.
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Fig. 3 A sequence- and structure-based alignment of a predicted tRNA in M. ruminantium to the
Rfam 10.1 tRNA CM. (A) Raw output from cmsearch showing the alignment of positions 735136
to 735208 of the target sequence CP001719.1 (renamed from gi|288541968|gb|CP001719.1]| to
save space) to the model. Scores and alignment annotation are explained in the text. (B) Secondary
structure diagrams of the consensus tRNA structure annotation from (A), the consensus query
tRNA sequence from the CM, and the predicted tRNA homolog from the target genome.
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Fig. 4 Two Infernal-predicted tRNAs in the Methanobrevibacter ruminantium genome that
are not predicted by tRNAscan-SE. The target sequence CP001719.1 has been renamed from
2i|288541968|gb|CP001719.1] to save space. The cmsearch output for each alignment to the Rfam

10.1 tRNA model is shown above the correspondi

ng predicted secondary structure. Nucleotides

inserted relative to the Rfam consensus model are in lowercase.



