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ABSTRACT
In this extended abstract, we present a simple method for
finding alignment constraints that can be used for efficient
alignment of RNAs based on family-specific models, such
as profile context-sensitive HMMs (profile-csHMMs) and
covariance models (CMs). The alignment constraints are
established based on the alignment positions predicted by
a profile-HMM. Application of the proposed constraints to
the profile-csHMM based structural RNA alignment method
significantly improved the average alignment speed without degrading the alignment accuracy.

1. INTRODUCTION
Many noncoding RNAs (ncRNAs) are known to conserve
the base-paired secondary structure as well as the primary
sequence [1]. Therefore, when aligning RNA sequences,
it is important to consider both structure and sequence
similarities to obtain an accurate and biologically meaningful alignment [2]. Conservation of the secondary structure gives rise to pairwise base correlations in the RNA sequence. A typical problem of most RNA alignment algorithms is the high computational cost that results from analyzing these correlations. For example, the optimal alignment algorithm (called the CYK algorithm) for covariance models (CMs) [3] has a computational complexity
of O(L3 ), where L is the length of the RNA to be aligned.
Simultaneous RNA structure prediction and alignment algorithms have an even higher complexity, where the computational cost for pairwise folding and alignment of RNAs
amounts to O(L6 ) [4]. The high computational cost limits
the utility of RNA alignment algorithms in practical applications, and there have been extensive research efforts
to develop heuristic methods for making these algorithms
faster without sacrificing the accuracy [5, 6, 7, 8, 9].
In this extended abstract, we propose a novel method
for finding effective sequence alignment constraints that
can improve the computational efficiency of RNA alignment based on family-specific models, such as profilecsHMMs (profile context-sensitive HMMs) [10] and covariance models [3].

2. MOTIVATION
Let us assume that we have constructed a profile-csHMM
(or a CM) to represent a set of RNAs that belong to the
same family. The constructed model can be used to search
for similar RNAs in a sequence database or predicting the
secondary structure of a homologous RNA with an unknown structure. How can we make the alignment algorithm for these models faster?
One popular approach is to restrict the search space
for finding the optimal alignment, thereby reducing the
overall computation. For example, consider aligning two
RNAs x = x1 x2 · · · xL1 and y = y1 y2 · · · yL2 . A recent
version of Dynalign [9], a pairwise RNA structure prediction and alignment algorithm, assumes that the bases xm
and yn in the respective RNAs can be aligned to each other
only if they satisfy the following condition:
L2
m − n ≤ M.
L1

(1)

The parameter M is used to specify the maximum distance between the alignable bases. This constraint restricts the solution space for the optimal alignment between x and y, making the algorithm significantly faster
compared to the unconstrained one. A more recent implementation of Dynalign [6] takes a more principled approach, where they try to estimate the possible alignment
positions based on the sequence similarity between the
RNAs. In [6], a general pair-HMM is used to estimate the
set of (m, n), whose “co-incidence probability” P (xm ↔
yn |X, Y) exceeds a certain threshold λ:
n
o
S = (m, n) P (xm ↔ yn |x, y) > λ .
(2)
The estimated set S is used to constrain the final alignment [6]. Although these methods have been proposed to
speed up simultaneous RNA folding and alignment algorithms, we can take a similar approach to expedite RNA
alignment algorithms based on family-specific models.
However, when we are interested in a specific RNA
family, it will be more appropriate to establish the alignment constraints based on the member sequences in the
given family. In this case, it is desirable to use a family-

Table 1. Average sensitivity (SN) and positive predictive value (PPV) of the predicted RNA alignments.
P ROFILE - CS HMM
PSTAG
RNA FAMILIES
M- CONSTRAINT
O RIGINAL
P ROPOSED
SN (%) PPV (%) SN (%) PPV (%) SN (%) PPV (%) SN (%) PPV (%)
C ORONA PK 3
95.5
95.7
95.7
96.5
94.8
96.0
94.6
95.5
HDV RIBOZYME
94.5
95.1
94.5
95.3
94.2
95.9
94.1
95.6
95.9
96.4
95.9
96.4
96.8
97.4
97.4
97.4
T OMBUS 3 IV
F LAVI PK 3
94.6
96.5
94.5
96.4
94.5
96.8
N/A
N/A
Table 2. Average CPU time for finding an RNA alignment.
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specific model (e.g., profile-HMM), for finding the constraints, rather than using a general model (e.g., pair-HMM)
that applies to all RNAs. However, the problem of this approach is that, in many practical situations, we may not
have enough number of sequences in the given family for
reliably estimating the model parameters. Although the
alignment constraint in (2) is expected to work well when
we can accurately estimate the base alignment probabilities, this approach is not suitable when only a handful of
RNAs are available for training the model, since accurate
estimation of the probabilities will not be possible. Then
how can we find effective sequence alignment constraints
for a family-specific model when we have only a limited
number of sequences in the reference RNA family?
Unlike the alignment probability, the predicted alignment positions in an optimal sequence alignment are not
very sensitive to small parameter changes. As a result, two
different HMMs with reasonably similar parameters often
yield nearly identical alignment results. This motivates us
to exploit the predicted alignment positions for establishing the constraints, instead of using the base alignment
probabilities.
3. PROPOSED METHOD
Based on the previous motivation, we propose a simple
method for finding effective alignment constraints for fast
and accurate alignment of RNAs using profile-csHMMs.
The proposed method computes the alignment constraints
based on alignment positions predicted by a sequencebased alignment. Assume that we have a set of homologous RNAs, based on which we construct a profile-csHMM.
Given a new RNA (the “target RNA”) with an unknown
structure, we want to predict its optimal alignment to the
model using a dynamic programming algorithm, called
the SCA (sequential component adjoining) algorithm [10].
Our goal is to find good sequence alignment constraints
that can improve the speed of the SCA algorithm. The
proposed method can be summarized as follows:

PSTAG
T IME ( SEC )
19.65
158.77
193.06
N/A

1. Build a profile-HMM based on the same reference
RNA family.
2. Find the best alignment between the profile-HMM
and the target RNA.
3. Find all matched positions that have at least γ consecutive matches before and after them. These positions will be fixed when predicting the optimal
structural alignment using the profile-csHMM.
4. For regions that are bounded by fixed alignment positions, estimate the maximum distance between the
aligned bases. This will be used to restrict the alignable
positions when finding the final structural alignment.
4. RESULTS
To demonstrate the idea, we applied the proposed constraints to the profile-csHMM based structural alignment
method [10]. For our experiments we chose four RNA
families with pseudoknot structures from Rfam [11]. Based
on these RNA families, we performed cross-validation experiments using the following methods: (i) profile-csHMM
+ proposed constraints, (ii) profile-csHMM with the “Mconstraint” defined in (1), (iii) profile-csHMM (original
implementation in [10]), and (iv) pair stochastic tree adjoining grammars (PSTAG) [12]. Table 1 shows the average sensitivity and PPV (positive predictive value) of the
predicted structural alignment and Table 2 shows the average CPU time for finding an alignment. As we can clearly
see from Table 1 and Table 2, using the proposed constraints significantly improved the alignment speed without degrading the alignment accuracy. More details and
further analysis of the proposed method can be found in
our manuscript recently submitted to the EURASIP Journal on Bioinformatics and Systems Biology [13].

5. CONCLUSION
In this work, we presented a simple method for finding
effective alignment constraints that can make RNA structural alignment based on profile-csHMMs faster. Although
our focus was on profile-csHMM based RNA alignment,
the proposed scheme can also be applied to CM-based
methods.
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