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Abstract 
Recently, searching genomes with a computer program has become an important 

approach for identifying new noncoding RNAs (ncRNA). Such a computer program 

often determines whether a sequence segment is the searched ncRNA or not by 

aligning the sequence segment to a secondary structure model for the searched ncRNA 

family.  To a large extent, the search accuracy depends on the accuracy of the 

secondary structure model. In this paper, we develop a novel algorithm that can 

estimate the parameters associated with a few crucial structure features that have been 

proposed in previous work. This algorithm determines the relative importance of the 

crucial structure features by solving a convex optimization problem whose objective is 

to maximize the recognition ability of the structure model. Our experiments also show 

that this new parameter estimation algorithm can significantly improve the search 

accuracy. 

 

Keywords: Non-coding RNA, Sequence-Structure Alignment, Parameter Estimation, 
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1. Introduction 

Recent research in molecular biology has revealed that non-coding RNAs (ncRNAs) are 

biologically crucial in a variety of biological processes such as gene regulation, RNA 

modification and chromosome replication [5, 8, 9, 16]. The biological roles of an ncRNA in most 

biological processes are determined by its secondary structure.  Due to the large amount of 

available genome data, a large number of computational methods have been developed to 

identify new ncRNAs in genomes [2, 4, 6, 7, 10, 11, 12, 17, 18].  Most of these methods use a 

structure model to describe the secondary structure of an ncRNA family and use sequence-

structure alignment to determine whether a given sequence segment belongs to the searched 

ncRNA family or not. 
 

Many existing search tools [10, 11, 12] use a Covariance Model (CM) [4] to model the 

secondary structure of an ncRNA family. Similar to the Hidden Markov Model (HMM), CM 

describes the primary sequence and the secondary structure of an ncRNA family with the 
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statistical profiles of all single and paired positions in the sequences of the family. A dynamic 

programming algorithm can be employed to compute the optimal sequence-structure alignment 

between a sequence and a structure model [3, 4]. The algorithm can efficiently find the 

alignment of the maximum probability from the statistical profiles of single and paired positions 

in the CM. The value of this probability reflects the “fitness” between the sequence and the 
model and thus indicates whether the sequence is a member of the family or not. CM based 

sequence-structure alignment has been successfully used to search the genomes of many species 

to identify new ncRNAs. 

 

The parameters in a CM include the probability for each nucleotide or base pair to appear in each 

single position or paired positions. However, a CM does not contain the information that 

describes the interaction of a nucleotide with other nucleotides that are spatially close to it in the 

sequence.  It has been shown that such interactions may play important roles in the folding 

process of an ncRNA sequence [13]. Therefore, CMs may miss important structure features 

when they are used to model ncRNA families whose primary sequence content is not conserved.  

Additional structure features must be included in the underlying structure model to further 

improve the search accuracy. Recent work on ncRNA search has shown that including such 

structure features in the structure model can improve the search accuracy [7, 10]. 

 

In [7] and [10], a few additional structure features have been considered and included in the 

structure model for search. However, to our best knowledge, methods that can determine the 

relative weights of these features that can optimize the recognition ability of the structure model 

are not available yet. In this paper, we develop a novel machine learning approach that can 

determine the relative weights of the features that cover many important aspects of the secondary 

structure of an ncRNA family. We show that, to maximize the recognition ability of the structure 

model, the relative weights of these features can be estimated by solving a convex optimization 

problem. The problem can be solved with a Support Vector Machine (SVM) training algorithm 

developed recently in [14] and [15]. 

 

We have implemented this parameter estimation approach and constructed structure models from 

the learned parameters for a few ncRNA families. We compared the search accuracy of our 

approach with a few search tools including Structator [7] and Infernal [10] on 12 ncRNA 

families downloaded from the Rfam database [1] and the RMARK3 benchmark [12]. Our testing 

results show that this approach can accurately capture the relative importance of the structure 

features of an ncRNA family and achieve significantly improved search accuracy on the 12 

ncRNA families downloaded from the Rfam database and those in the RMARK3 benchmark. 

 

2. Methods and Models 

 

The model we use to describe the secondary structure of a ncRNA family consists of two types 

of structure units: loops and stems. In particular, a loop is a region formed by a set of contiguous 

unpaired positions in the structure while a stem is a set of stacked base pairs. Given an RNA 

sequence and a structure model, a sequence-structure alignment is an order preserved mapping 

between the nucleotides in the sequence and the positions in the structure model. Based on the 

parameters in the structure model, an alignment score can be computed for each alignment. The 
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goal of the sequence-structure alignment is to find the alignment that has the maximum (or 

minimum) alignment score. 

 

2.1 Evaluation of Alignment Scores 

 

The scoring model in our approach contains the contribution of a few different structure features 

in the secondary structure of the searched family. Given the structural alignment of the 

sequences from an ncRNA family, we can construct a conventional CM model to describe its 

secondary structure. The structure features included in our new model can be obtained from this 

CM model. Specifically, given a nucleotide at position a in the sequence and an unpaired 

position p in the structure model, we denote the probability for nucleotide a to appear in position 

p with ),( paP , which can be directly obtained from the CM model; given the sequence and the 

CM model, ),( paQ  is the posterior probability that a is aligned to position p; ),,,( pcbaR  is the 

posterior probability for nucleotide a to be aligned to position p, while (b, c) is the first base pair 

on the left of a; ),,,( pcbaS is the probability for nucleotide a to be aligned to position p, while 

(b, c) is the first base pair on the right of a. The features for aligning a to p thus form a vector

),( paL  as shown in equation (1). 

 

     
)),,,(log),,,,(log),,(log),,((log),( 2222 pcbaSpcbaRpaQpaPpaL 

         
(1) 

 

In a similar fashion, a feature vector for aligning a base pair to a pair of positions in the structure 

model can be also constructed. Given a pair of nucleotides at positions d and e in the sequence 

and a paired position lp  and 
rp in the CM model, we use ),,,( rledP to denote the probability 

for (d, e) to be aligned to ),( rl ; ),,,( rledQ  is the posterior probability for (d, e) to be aligned to 

),( rl
 
given the sequence and the CM model; ),,,,,( rlgfedR is the posterior probability for (d, e) 

to be aligned to ),( rl and stacked above the base pair at (f, g) in the stem. The features associated 

with aligning (b, c) to ),( rl thus form a vector ),,,( rledL as shown in equation (2). 

 

            
)),,,,,(log),,,,(log),,,,((log),,,( 222 rlgfedRrledQrledPrledL 

          (2)  

 

Given a sequence-structure alignment A and the set W of relative weights of all feature vectors, 

the alignment score ),( WAS is comprised of two parts ),(1 WAS  and ),(2 WAS . ),(1 WAS  is the 

contribution from the nucleotides that are aligned to unpaired positions and ),(2 WAS  is the 

contribution from those that are aligned to paired positions. ),(1 WAS and ),(2 WAS  can be 

computed as shown in equations (3) and (4). 

                                               ),(),,(),(1 paLipawWAS i                                            (3) 

                                          ),,,(),,,,(),(2 rledLjrledwWAS j                                      (4) 

where ),( paLi  in equation (3) is the i th component ( 41  i ) of ),( paL , and the summation in 

equation (3) is over all nucleotides that are aligned to an unpaired position in the structure model. 

Similarly, ),,,( rledL j in equation (4) is the j th component( 31  j ) of ),,,( rledL , and the 
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summation in equation (4) is over all base pairs that are aligned to a pair of paired positions; 

),,( ipaw and ),,,,( jrledw  are the relative weights of the corresponding structure features we 

have described above. ),( WAS can be computed as shown in equation (5). 

 
Figure 1. The interactions included in the scoring model; a) the interaction between an unpaired nucleotide at 

position a with the first base pair (b, c) on the left; b) the interaction between an unpaired nucleotide at position a 

with the first base pair (b, c) on its right; c) the interactions between base pairs (d, e) and (f, g); (d, e) is stacked upon 

(f, g) in a stem. 

 

                                                ),(),(),( 21 WASWASWAS                                            (5) 

The components of each vector ),( paL and ),,,( rl ppedL can be computed with a dynamic 

programming approach as described in [1]. Figure 1 shows the structure features contained in the 

scoring model. 

 

2.2 Parameter Estimation 

 

Given the training data of an ncRNA family, which is the structural alignment of a number of 

sequences from the family, the goal of the parameter estimation is to determine the vector W  

such that ),(),( WASWAS i , where A is the alignment in the training data set and iA  is any 

possible alignment of the sequences in the training data set. Such a vector W can be found by 

solving the following convex optimization problem. 

                                                m
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where A is the structural alignment in the training data set and iA  is any other structural 

alignment of the sequences in the family, m is the number of all possible alignments of these 
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sequences, and C is some constant for regularization. The function ),( iAA is a measure of the 

difference between the two alignments A and iA . The constraints imposed by the inequalities are 

used to ensure that the score of the alignment A is the maximum over all possible alignments of 

the sequences in the training data. We use CM model to compute the value of ),( iAA . We 

define ),( iAA  as 

                                              )(log)(log),( 22 ii AMAMAA                                        (7)  

where )(AM  and )( iAM are the probabilities for A and iA  based on the CM model constructed 

from the training data. ),( iAA  is important for finding the vector W , since otherwise the 

convex optimization problem has a trivial solution 0W . 

 

The convex optimization problem for W  may seem to be intractable at the first sight since the 

number of all possible structural alignments of the sequences in the training data is exponential. 

In other words, the number of possible
 
alternative alignments that need to be considered is 

exponential. The number of constraints associated with them is thus also exponential. However, 

we can slightly change the formulation of the problem to make it tractable. Specifically, we 

substitute i with  

                                 ),()},(),(max{ WASWASAA ii                                                  (8) 

The goal of the problem thus becomes to minimize function 

                   ),()},(),(max{||||
2

1
)( 2

WASWASAAWCWg ii                               (9) 

To this end, we can employ the steepest descent method and conjugate gradient method to 

minimize the function )(Wg .  

 

Although the second term in )(Wg  is the maximum value over all possible alignments, its value 

can be efficiently computed with a dynamic programming approach similar to the traditional 

CYK algorithm. The value of )(Wg can thus be efficiently computed. During the process of 

convergence, both the steepest descent and the conjugate gradient methods need the gradient of 

)(Wg  to compute the direction for the next step to proceed. However, the second term in )(Wg  

is in fact a linear function of W  and the gradients can be computed by the same dynamic 

programming approach. We start with an initial value of W  and use the steepest descent method 

to find a tW  that is close enough to the mW that minimizes )(Wg . We then apply the conjugate 

gradient method to  tW  for a fast convergence to mW .  

 

3 Testing Results 

 

We select a few families from the Rfam database [1] to test the accuracy of this approach. For 

each family in the database, we construct an HMM based on the structural alignment of the 

sequences in the family and align each sequence in the family to the HMM.  A random sequence 

of 3000 nucleotides is generated based on the base composition of sequences in the family. We 

then use the HMM to scan through the random sequence and align each sequence segment in the 
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sequence to the model. From the alignment scores computed on the random sequence, the mean 

and standard deviation of the distribution of the alignment scores can be computed.  The Z-score 

)(sZ  of the alignment score s  computed by aligning a sequence in the family to the HMM can 

be computed with equation (10) 

                                                      
ms

sZ
)(                                                                      (10) 

where m  is the mean of the distribution of alignment scores obtained on the random sequence 

and   is the standard deviation.  

 

It is not difficult to see that the average of Z-scores computed from all sequences in the family is 

a measure of the recognition ability of the HMM model for the family. We thus selected 12 

ncRNA families whose average Z-scores are the lowest of all families in the Rfam database as 

the testing family since the secondary structure information is expected to be more important to 

correctly recognize sequences from these families in genomes. 

 

For each family, we divide the aligned sequences into a training set and a testing set. Specifically, 

the similarity between a pair of sequences in the family can be computed based on the structural 

alignment. For each sequence, we compute the average of all similarity values between it and the 

rest of the sequences in the set. The sequence that has the highest average similarity value is then 

selected to be the first sequence in the training data set. 

 

For each sequence that is not included in the training set, we compute the similarity values 

between it and the sequences in the training set. A sequence is selected as a candidate for the 

training set if the mutual similarity between it and each sequence in the training set is lower than 

65%. For each candidate, we further compute the average of the similarity values between it and 

the sequences in the training set. The one with the lowest average similarity value is included in 

the training set. The above procedure is iteratively applied to select sequences for the training set 

until no candidates can be found or 50% of the sequences in the family have been included in the 

training set. 

 

To test the search accuracy, we insert sequences in the test set of a family into a background that 

contains 510 nucleotides. The background is randomly generated to have the same base 

composition as the sequences in the family. We use our parameter estimation algorithm to learn 

the parameters in the structure model for each family and use the model to identify the inserted 

sequences from their background. All our experiments are performed on a workstation with 16 

Intel Pentium 4 2.0GHz CPUs and 64GB memory.  

 

In the search process, a window is used to scan through the sequence to be searched and the 

sequence segment within the window is then aligned to the structure model for the ncRNA 

family. We use the Z-score of an alignment score to determine whether the alignment is 

statistically significant. A hit is reported if the alignment score is greater than a certain threshold. 

To this end, before we start the search, we randomly generate a sequence that contains 3000 

nucleotides and compute the standard deviation of alignment scores based on the sequence.  
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ncRNA Sensitivity of 

CM 

Specificity of 

CM 

Sensitivity of 

Our Approach 

Specificity of 

Our Approach 

SraJ RNA 72.2% 80.2% 82.1% 90.3% 

Csrc RNA 82.3% 85.7% 92.3% 96.7% 

Tke1 RNA 76.5% 77.9% 87.2% 93.2% 

Srah RNA 85.2% 88.3% 88.4% 89.7% 

tRNA 84.3% 92.5% 82.3% 93.4% 

5s rRNA 74.3% 86.7% 92.0% 98.3% 

SL1 RNA 71.4% 83.3% 87.6% 92.1% 

SL2 RNA 86.2% 93.2% 84.2% 95.1% 

U3 snoRNA 90.3% 97.5% 93.6% 99.2% 

Y RNA 73.9% 89.5% 90.9% 95.5% 

HgcE RNA 63.7% 84.3% 89.5% 97.3% 

HgCc RNA 76.8% 80.5% 93.2% 98.7% 
 
Table 1. The sensitivity and specificity of the conventional CM and our approach on 12 ncRNA families. 

 

The threshold for the Z-score is chosen to be 4.0 in our experiments. In other words, a hit is 

reported if and only if an alignment score has a Z-score higher than 4.0. Table 1 shows the 

accuracy of our method for searching in terms of sensitivity and specificity. Sensitivity is the 

percentage of ncRNAs that are accurately identified by the program and specificity is the 

percentage of hits that accurately predicts the position of an ncRNA. Table 1 also compares the 

accuracy of our approach with that of the conventional CM. 

 

It can be seen from the table that for most of the 12 ncRNA families, our approach can improve 

the search accuracy significantly in both sensitivity and specificity. The improvement is 

particularly significant for 5s rRNA and Y RNA, where the secondary structure plays crucial 

roles in their biological functions. On the other hand, we need to point out that the parameter 

estimation algorithm may converge to local minima and the resulting parameters may not lead to 

the optimal search accuracy that can be achieved with sequence-structure alignment. For 

example, the conventional CM outperforms our approach in tRNA and SL2 RNA, which 

suggests that the parameter estimation algorithm may have converged to local minima on the two 

families. For most of the tested families, the testing result shows that our approach can capture 

important aspects in the secondary structure and achieve significantly improved accuracy in both 

modeling and search. 

 

In addition to comparing the search accuracy of our approach with that achieved by traditional 

CM, we also use a few search tools that are available online to search the random sequences we 

have generated above. These tools include Structator [7] and Infernal [10]. Structator is a 

computer program that can search genomes for ncRNAs with affix arrays and infernal uses a CM 

based structural model to describe the secondary structure of the searched ncRNA family. 

Infernal also provides a filter that can significantly speed up the search process and we turn the 

filter off during the test since filtering may adversely affect its search accuracy. Table 2 shows 
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the sensitivity and specificity achieved by Structator, Infernal, and our approach. It can be seen 

from Table 2 that our approach can achieve significantly improved search accuracy compared 

with Structator and Infernal. 

 

ncRNA SE of 

Structator 

SP of 

Structator 

SE of 

Infernal 

SP of 

Infernal 

SE of our 

approach 

SP of our 

approach 

SraJ RNA 73.3% 80.1% 78.3% 83.3% 82.1% 90.3% 

Csrc RNA 87.3% 90.3% 88.4% 89.6% 92.3% 96.7% 

Tke1 RNA 74.3% 75.3% 76.5% 77.9% 87.2% 93.2% 

Srah RNA 82.6% 87.5% 88.4% 90.2% 88.4% 89.7% 

tRNA 84.3% 90.1% 89.5% 96.3% 82.3% 93.4% 

5s rRNA 73.6% 84.3% 83.6% 93.8% 92.0% 98.3% 

SL1 RNA 78.2% 90.3% 78.9% 92.1% 87.6% 92.1% 

SL2 RNA 83.4% 89.7% 89.6% 96.3% 84.2% 95.1% 

U3 snoRNA 89.6% 96.5% 93.6% 99.2% 93.6% 99.2% 

Y RNA 81.4% 94.3% 82.5% 93.2% 90.9% 95.5% 

HgcE RNA 70.4% 89.7% 72.4% 89.6% 89.5% 97.3% 

HgCc RNA 73.6% 79.6% 79.9% 82.7% 93.2% 98.7% 
 
Table 2. The sensitivity and specificity of Structator, Infernal and our approach on 12 ncRNA families; SE 

represents sensitivity and SP represents specificity. 

 

We also compare the computational efficiency of our approach with that of both Infernal and 

Structator. We measure the computation time needed for both programs to accomplish the search 

task as described above. Table 3 shows the computation time needed for both programs in 

minutes. It can be seen from the Table that, our approach is slower than Infernal since the linear 

combination of structure features increases the computation time needed for dynamic 

programming. Structator can compare a sequence segment against a structure profile in linear 

time and thus is significantly faster than both Infernal and our approach. 

 

To evaluate the search accuracy of all three tools on ncRNA families in the Rfam Database, we 

use the RMARK3 benchmark that is proposed in [10, 12] to test the accuracy of a search tool. 

The benchmark contains the training data and the testing data of 106 ncRNA families. The 

training set of each family contains at least 5 aligned sequences. The mutual similarity between 

any pair of training sequences for the same family is at most 60%. Similarly, the mutual 

similarity between any pair of testing sequences for the same family is at most 70%. The 

benchmark also contains 10 pseudo genomes where the 780 testing sequences are inserted. Each 

pseudo genome contains 10
6
 nucleotides. We then use our approach, Structator and Infernal to 

search these pseudo genomes to locate the inserted sequences. Table 4 shows and compares the 

search accuracy achieved by all of them. A Z-score value of 4.0 is used as the threshold for both 

Infernal and our approach to determine whether a hit occurs or not. Table 4 shows the 

distribution of sensitivity and specificity achieved by Structator, Infernal, and our approach on 

all 106 families in the data set. In addition, the average sensitivity and specificity values of the 

three approaches on all 106 families in the data set are shown in the last row of the table. The 

accuracy we have obtained on Infernal is consistent with the accuracy presented in [10]. It is not 
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difficult to see that our approach is able to achieve higher average search accuracy than both 

Structator and Infernal on ncRNA families in the RMARK3 benchmark. 

 

ncRNA Infernal Structator Our Approach 

SraJ RNA 1.95 0.56 3.21 

Csrc RNA 2.37 0.78 5.71 

Tkel RNA 3.36 0.64 4.47 

Srah RNA 3.67 0.73 5.39 

tRNA 6.89 0.83 7.63 

5s rRNA 4.41 0.79 6.52 

SL1 RNA 7.62 1.02 9.42 

SL2 RNA 8.23 1.14 10.61 

U3 snoRNA 7.68 0.83 7.76 

Y RNA 10.15 1.56 13.43 

HgCe RNA 5.98 0.92 7.69 

HgCc RNA 6.43 1.09 9.21 
 

Table 3. The computation time needed by Infernal and our approach on randomly generated sequences. 

Computation times of both programs are shown in minutes. 

 

Distribution SE of 

Structator 

SP of 

Structator 

SE of 

Infernal 

SP of 

Infernal 

SE of Our 

Approach 

SP of Our 

Approach 

Above 90% 41 53 57 65 68 74 

Between 80% and 90% 38 23 32 35 33 29 

Between70% and 80% 15 21 14 4 3 2 

Below 70% 12 9 3 2 2 1 

Average 85.6% 87.4% 88.1% 90.6% 92.8% 93.2% 

 
 

Table 4. The search accuracy of Structator, Infernal and our approach on benchmark RMARK3, the table 

contains the number of families where the Structator, Infernal, and our approach have achieved sensitivity (SE) 

and specificity (SP) values above 90%, between 80% and 90%, between 70% and 80%, and below 70% 

respectively. The last row is the sensitivity and specificity averaged over all 106 families in the data set. 

4 Conclusions 

 

In this paper, we develop a novel approach to estimate the parameters in the structure model of 

an ncRNA family. Our approach considers features of multiple aspects involved in the secondary 

structure of an ncRNA family and integrates these features into the secondary structure model by 

a linear combination of them. In this framework, the parameter estimation problem can be 

formulated as a convex optimization problem. We then show that this convex optimization 

problem can be efficiently solved with a combination of the steepest descent and conjugate 

gradient methods. Our experiments show that our approach can accurately capture the relative 
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importance of important structure features and achieve significantly improved accuracy on most 

of the tested ncRNA families and benchmark data. 

 

Our approach so far has only been used to train structure models for ncRNAs that do not contain 

pseudoknots. Pseudoknots contain crossing stems and are thus more difficult to model than a 

secondary structure that is pseudoknot free. Our previous work [17] has developed a graph 

theoretic method that can model and search for ncRNAs that contain pseudoknots. Our future 

work will focus on the development of an approach that can accurately learn parameters for the 

graph theoretic structure model. 
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