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Introduction

When searching for homologous structural RNAs in sequence databases, it is desirable to score both primary
sequence and RNA secondary structure conservation. Many tools for integrating and scoring RNA sequence
and secondary structure have been developed. Some implement specialized rules for a specific RNA family
[1-7], and others use pattern matching methods and expertly designed query patterns [8]. The most general
approaches take as input any RNA (or RNA multiple alignment), and construct an appropriate statistical

scoring system that allows quantitative ranking of putative homologs in a target sequence database [9-11].
Stochastic context-free grammars (SCFGs) provide a natural statistical framework for combining sequence

and (non-pseudoknotted) secondary structure conservation information in a single consistent scoring system



[12-15].

Here, we announce the 1.0 releaseNofERNAL, an implementation of a general SCFG-based approach
for RNA database searches and multiple alignmeyRERNAL builds consensus RNA profiles calledvari-
ance model§CMs), a special case of SCFGs designed for modeling RNA consensus sequence and structure.
It uses CMs to search nucleic acid sequence databases for homologous RNAs, or to create new sequence
and structure-based multiple sequence alignments. One USEEENAL is to annotate RNAs in genomes
in conjunction with the RAM database [16], which contains hundreds of RNA familiesAR follows a
seed profile strategy, in which a well-annotated “seed” alignment of each family is curated, and a CM built
from that seed alignment is used to identify and align additional members of the fanfilsRNAL has been
in use since 2002, but 1.0 is the first version that we consider to be a reasonably complete production tool.
It now includes E-value estimates for the statistical significance of database hits, and heuristic acceleration
algorithms for both database searches and multiple RNA sequence alignment thatNalf®mmAL to be

deployed in a variety of real RNA analysis tasks with manageable (albeit high) computational requirements.

Usage

A CM is built from a multiple sequence alignment (or single RNA sequence) with consensus secondary
structure annotation marking which positions of the alignment are single stranded and which are base paired.
CMs assign position specific scores for the four possible residues at single stranded positions and the sixteen
possible base pairs at paired positions, as well as position specific scores for insertions and deletions. These
scores are log-odds scores derived from the observed counts of residues, base pairs, insertions and deletions
in the input alignment, combined with prior information derived from structural ribosomal RNA alignments.
Construction and parameterization of CMs have been described in more detail elsewhere [13, 17-19].
INFERNAL is composed of several programs that are used in combination to build models, search

databases, and align putative homologs, following four basic steps:

1. Build a CM from an input alignment witbmbuild

cmbuildtakes as input a structural multiple RNA alignment in Stockholm format [17] and creates a

CM file that is used by othaNFERNAL programs.



2. Calibrate a CM for similarity search witmcalibrate

This step is optional and computationally expensive (Table 1), but is required to obtain E-values that
estimate the statistical significance of each hit in a database seancllibratewill also determine
appropriate HMM filter thresholds for accelerating searches without an appreciable loss of sensitivity.

Each model only needs to be calibrated once.

3. Search databases for putative homologs witisearch

Given a CM file and a target database as inpotsearctsearches the target database for high scoring
hits to the model and outputs alignments of each hit in a BLAST-like format augmented with structure

annotation.

4. Align putative homologs to a CM witbmalign

cmaligntakes a CM file and a file of putative homologs, and aligns the full length sequences to the

model, creating a structurally annotated multiple alignment in Stockholm format.

Performance

A published benchmark (independent of our lab) [20] and our own internal benchmark useHHfaNAL
development [19] both find thatFERNAL and other CM based methods are the most sensitive and spe-
cific tools for structural RNA homology search among the several that were tested. Figure 1 shows updated
results of our internal benchmark comparingcERNAL 1.0 to the previous version (0.72) that was bench-
marked in Freyhult et al. [20], and also to family-pairwise-search with BLASTN [21, 22]. The sensitivity
and specificity ofiNFERNAL 1.0 have greatly improved relative to 0.72. There have been three relevant
improvements in the implementation: a biased composition correction to the raw log-odds scores, the use
of the full Inside log-likelihood scores (summed over all alignments) in place of CYK maximum likelihood
alignment scores, and the introduction of approximate E-value estimates for the scores.

The benchmark dataset used in Figure 1 was constructed as follows. The sequences of the seed align-
ments of 503 Rfam (release 7) families were single linkage clustered by pairwise sequence identity, and
separated into two clusters such that no sequence in one cluster is more than 60% identical to any se-

guence in the other. The larger of the two clusters was assigned as the query (preserving their original

3



Rfam alignment and structure annotation), and the sequences in the smaller cluster were assigned as true
positives in a test set. We required a minimum of five sequences in the query alignment. 51 Rfam fami-
lies met these criteria, yielding 450 test sequences which were embedded at random positions in a 10 Mb
“pseudogenome”. Previously we generated the pseudogenome sequence from a uniform residue frequency
distribution [19]. Here, we generated a more realistic pseudogenome sequence using a 15-state fully con-
nected hidden Markov model (HMM) trained by Baum-Welch expectation maximization [15] on genome
sequence data from a wide variety of species. Each of the 51 query alignments was used to build a CM and
search the pseudogenome, a single list of all hits for all families were collected and ranked, and true and
false hits were defined (as described in Nawrocki and Eddy [19]), producing the ROC curves in Figure 1.

INFERNAL searches require a large amount of compute time (Table 1). To alleviatenttERNAL 1.0
implements two rounds of filtering. When appropriate, the HMM filtering technique described by Weinberg
and Ruzzo [23] is applied first with filter thresholds configuredchnhcalibrate(occasionally a model with
little primary sequence conservation cannot be usefully accelerated by a primary sequence based filter).
The query-dependent banded (QDB) CYK search algorithm is used as a second filter with relatively tight
bands (= 10~7) [19]. Any sequence fragments that survive the filters are searched a final time with the
Inside algorithm (again using QDB, but with looser bands (0~'%)). In our benchmark, the default
filters accelerate similarity search by about 30-fold overall, while sacrificing a small amount of sensitivity
(Figure 1). This makes version 1.0 substantially faster than 0.72. BLAST is still orders of magnitude faster,
but significantly less sensitive thakFERNAL. Further acceleration remains a major goalM¥ERNAL
development.

The computational cost of CM alignment with thmalignprogram has been a limitation of previous
versions ofiNFERNAL. Version 1.0 now uses a constrained dynamic programming approach first developed
by Brown [14] that uses sequence specific bands derived from a first-pass HMM alignment. This technique
offers a dramatic speedup relative to unconstrained alignment, especially for large RNAs such as small and
large subunit (SSU and LSU) ribosomal RNAs, which can now be aligned in roughly 1 and 3 seconds per
sequence, respectively (Table 1), as opposed to 12 minutes and 3 hours in previous versions. We expect this
to be particularly useful in applications where many large RNA sequences need to be aligned. One of the

main ribosomal RNA databases, RDP, has recently adoptERNAL in its pipeline [24].



Discussion

INFERNAL is now a faster and more sensitive tool for RNA sequence analysis. Version 1.0’s heuristic
acceleration techniques make some important applications possible on a single desktop computer in less than
an hour, such as searching a prokaryotic genome for a particular RNA family, or aligning a few thousand
SSU rRNA sequences. Nonetheless;ERNAL remains computationally expensive, and many problems of
interest require the use of a cluster. The most expensive progcamealfbrate cmsearchandcmaligr) are
implemented in coarse-grained parallel MPI versions.

The completaNFERNAL version 1.0 software package, including documentation and ANSI C source
code, may be downloaded fronttp://infernal.janelia.org . INFERNAL uses a GNU configure

system and should be portable to any POSIX-compliant operating system, including Linux and Mac OS/X.
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Figure 1:ROC curves for the benchmark. Plots are shown for the newFERNAL 1.0 with and without
filters, for the oldNFERNAL 0.72, and for family-pairwise-searches (FPS) v&tIASTN.



calibration| search (min/Mb) | alignment
family length (hours)| no filters  wifilters| (sec/seq)
tRNA 71 3.2h| 23.5m 4.4m 0.01s
5S rRNA 119 4.4h  29.3m 1.1m 0.03s
Lysine riboswitch 183 8.9h 100.5m 1.3m 0.06s
SRP RNA 304 13.5h 166.0m 3.0m 0.18s
RNaseP 365 16.8h 205.6m 0.9m 0.19s
SSU rRNA 1466 84.5h 1265.5m 17.6m 1.10s
LSU rRNA 2909 169.7h 3907.6m  740.4m 3.34s

Table 1. Calibration, search, and alignment running times for seven known structural RNAs of var-

ious sizes.CPU times are measured on 3.0 GHz Intel Xeon processors with 8 GB RAM, running Red Hat
AS4 Linux operating systems. All times were single execution threads except for SSU and LSU calibra-
tions and searches which were run in parallel using MPI (OpenMPI) on 12 CPUs (times reported are actual
times multiplied by 12). “Length” is the number of consensus positions (positions that contain gaps in fewer
than 50% of the aligned sequences) in the input alignment. Randomly generated sequence of length 20 Mb
(for filtered) and 2 Mb (for non-filtered) was used for the searches. Query alignments are all Rfam 9.0 seed
alignments (RF00005, RF00001, RF00168, RF00017, RF00011) [16] except for SSU and LSU rRNA which
were subsets of alignments at the Comparative RNA Website [25].



