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Improving the Prediction of RNA Secondary Structure and Automatic 

Alignment of RNA Sequences 

 

David Paul Gardner Ph.D. 

The University of Texas at Austin, 2012 

 

Supervisor: Robin R. Gutell 

 

The accurate prediction of an RNA secondary structure from its sequence will 

enhance the experimental design and interpretation for the increasing number of scientists 

that study RNA. While the computer programs that make these predictions have 

improved, additional improvements are necessary, in particular for larger RNAs. The first 

major section of this dissertation is concerned with improving the prediction accuracy of 

RNA secondary structures by generating new energetic parameters and evaluating a new 

RNA folding model. Statistical potentials for hairpin and internal loops produce 

significantly higher prediction accuracy when compared with nine other folding 

programs. While more improvements can be made to the energetic parameters used by 

secondary structure folding programs, I believe that a new approach is also necessary. I 

describe a RNA folding model that is predicated on a large body of computational and 

experimental work. This model includes energetics, contact distance, competition and a 

folding pathway. Each component of this folding model is evaluated and substantiated for 

its validity. 

The statistical potentials were created with comparative analysis. Comparative 

analysis requires the creation of highly accurate multiple RNA sequence alignments. The 

second major section of this dissertation is focused on my template-based sequence 
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aligner, CRWAlign. Multiple sequence aligners generally run into problems when the 

pairwise sequence identity drops too low. By utilizing multiple dimensions of data to 

establish a profile for each position in a template alignment, CRWAlign is able to align 

new sequences with high accuracy even for pairs of sequence with low identity. 
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Chapter 1: Introduction 

BACKGROUND 

Our understanding of the role RNA plays in the inner workings of a cell continues 

to grow. RNA molecules are involved in gene regulation and expression[1-3] and the 

cellular immune response[4-9]. RNA has also been linked with cancer[10-13] and other 

diseases[14-15], but it may also form the basis for new drugs and treatments[16-17]. For 

an RNA molecule to perform its proper cellular function, it must fold into its correct 

higher-order structure. Prediction of the correct secondary and tertiary structures of a 

RNA molecule from its primary structure alone remains one of the grand challenges in 

biology. Since the secondary structure forms prior to the tertiary structure with minimal 

changes to the secondary structure[18-22], the prediction of the three-dimensional 

structure of RNA can occur in two stages: the determination of the secondary structure 

will be the basis for the transformation into a three-dimensional structure. 

Secondary structure prediction algorithms attempt to accurately predict the 

secondary structure from the RNA sequence alone. A fundamental principle in physical 

chemistry holds that macromolecules will fold into their minimal free-energy state. 

Secondary structure folding algorithms based upon a free-energy minimization approach 

make the assumption that the free-energy of an entire RNA secondary structure can be 

approximated by summating the energetic contributions of all the smaller structural 

elements[21, 23-25], such as hairpin, internal and multi-stem loops and base pair stacks. 

The structure with the minimal free-energy value is considered to be the correct 

secondary structure.  

Early analysis showed that as more free-energy values of structural elements, such 

as the GNRA, UUCG and CUUG hairpin tetraloops[26-27], were determined, the 
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prediction accuracy of the RNA secondary structure improved. Recently though, 

experimentally derived energetics have not shown much improvement in prediction 

accuracy. The introduction of the TURNER04[28-29] set of energetic parameters to 

replace the previous TURNER99[30] set resulted in little discernible improvement[31-

34].  

A recent development is the use of comparative analysis and statistical learning 

methods to create complete new sets of energetic parameters. Comparative analysis of 

RNA crystal structures[35] and alignments[34] generated pseudo energies for base pair 

stacking that closely correlated to the experimentally-derived values[36]. While both 

studies demonstrated comparative analysis could create energetic parameters analogous 

to experimental methods, neither resulted in significant increases in secondary structure 

prediction accuracy. Similarly, CONTRAfold[37] and MultiFold[38] used statistical 

learning methods to generate energetic parameters that equaled the performance of 

TURNER04, but failed to substantially outperform TURNER04. 

What are possible causes for this stagnation in the improvement of secondary 

structure prediction accuracy? One probable reason is that all of the above studies created 

energetic parameter sets that fit the basic TURNER99/04 energetic parameter model. The 

TURNER99/04 energetic model infers the free-energy values for most of the possible 

loop structures. For example, the model does not allow a specific value to be given for a 

8-nucleotide hairpin loop. Instead, the free-energy value is computed using only three 

pieces of information: 1) the length of the hairpin loop, 2) the canonical base pair 

flanking the hairpin loop and 3) the composition of the first and last nucleotides of the 

loop. A similar approach is taken for internal and multi-stem loops and would seem to 

prevent sufficient differentiation of free-energy between various loop structures. 
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It is also possible that a purely thermodynamic approach will achieve only a 

certain level of prediction accuracy. This is because there are other factors that help 

decide how a RNA sequence folds beyond just energetics. These factors include the 

kinetics of the folding process, the contact distance between nucleotides that must 

interact and the molecular environment that the folding takes place in. A free-energy 

minimization approach will necessarily have to ignore these aspects of the folding 

process.  

The kinetics of the folding process cause a RNA molecule to form its secondary 

structure while it is being transcribed[19, 39-41] and at a rate faster than the RNA is 

transcribed[42-44]. This co-transcriptional folding can alter the folding pathway and help 

determine the final higher-ordered structures[45-47] by giving local secondary structures 

an advantage over long-range structures[42-43, 45]. Thus, stable secondary structures 

that form first may possibly preclude many downstream potential structures from every 

forming, even structures that are in fact more stable. Also, there will be secondary 

structures that form temporarily only to be replaced by alternate structures[39, 48-49]. In 

addition, the elongation speed and site-specific pausing can affect the folding process and 

alter the distribution of these folding intermediates[40-42, 45-46, 50]. 

The extent of the contact distance between two potentially interacting nucleotides 

helps determine the likelihood they will in fact interact. Thus, distance influences the 

folding process. For example, base pairs with large simple distances between the 

nucleotides occur less often than base pairs with small simple distances[32]. A folding 

algorithm that attempted to incorporate contact distance with energetics must make a 

tradeoff between them – at one end the minimal free-energy structure will form 

regardless of the impact of distance while, at the other extreme, an absolute distance 
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constraint will permit only interactions within a predefined window size regardless of 

their energetic stability. 

The cell’s environment is another determining factor in how a RNA sequence 

folds into its secondary and tertiary structure. RNA-binding proteins, such as ribosomal 

proteins, ligands and DEAD-box chaperone, can induce structural changes in the bound 

RNA[41, 51-55]. Molecular crowding within a cell can also affect the RNA structure[56-

58].  

Comparative analysis offers another option for determining the structure of an 

RNA molecule. This method assumes that through the evolutionary process the function 

and the secondary and tertiary structures of an RNA molecule are maintained. By 

collecting and aligning RNA sequences from organisms that span the phylogenetic tree of 

life, canonical and non-canonical base pairs and loop structural elements of a RNA 

molecule can be accurately predicted. Some tertiary structural elements can also be 

detected by comparative analysis. 

One of the first structures determined with this process was the tRNA secondary 

structure which was verified by high resolution X-ray crystallography[59-62]. Over 97% 

of the base pairs in the 16S and 23S ribosomal RNA predicted by comparative analysis 

molecules were found in the crystal structures[63-65]. Also, comparative analysis has 

been used to discover Archaea[66], the third kingdom of life, many of the phylogenetic 

relationships between organisms that span the tree of life[66] and with 16S rRNA 

sequencing to determine the microbiome in differing ecological environments[67-68].  

By obtaining answers to questions that Mother Nature has already asked, 

comparative analysis can potentially identify fundamental principles of RNA higher-

ordered structure and the folding process of an RNA molecule. The Gutell lab and others 

have been able to use it to create new energetic parameters that can be used by RNA 
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folding algorithms[34-35, 69]. It is possible that it may be able to generate insight into 

the actual RNA folding process. 

For comparative analysis to work properly for a given RNA molecule, it requires 

sequences spanning the entire phylogenetic tree of life that have been accurately placed 

into a multiple sequence alignment. Fortunately, the development of rapid nucleic acid 

sequencing is providing a humongous amount of RNA sequencing data. But in order to 

keep up with this flow of data requires the development of automated tools to help with 

the organization and alignment of new RNA sequences.  

When RNA sequences have minimal pairwise sequence identity, de novo 

alignment programs are unable to determine the correct alignment of each nucleotide 

with a sequence. To generate alignments of the highest accuracy requires the use of 

template-based alignment algorithms. They are able to surpass the accuracy of de novo 

alignment algorithms because they utilize information taken from an existing alignment 

that has already been refined. This refinement step usually requires a time-intensive 

manual component. Automated tools that can help guide an alignment curator can 

drastically reduce the time cost of this step. 

OVERVIEW OF DISSERTATION 

This dissertation is concerned with two major areas of RNA research, the 

prediction of a RNA secondary structure and the automated alignment of RNA 

sequences. Chapter 2 will demonstrate how comparative analysis can be utilized to 

generate a better set of energetic parameters for use in the prediction of RNA secondary 

structure. Previously, experimentally derived free-energies and statistical potentials for 

canonical base pair stacks were shown to be analogous, demonstrating that statistical 

potentials derived from comparative data can be used as an alternative energetic 
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parameter. My new set of energetic parameters is larger and more robust than the set of 

structural elements determined with experimentally determined energy values. A new 

computational infrastructure - RNA Comparative Analysis Database - that utilizes a 

relational database was developed to manipulate and analyze very large sequence 

alignments and secondary structure datasets. Using rCAD, I have created a richer set of 

energetic parameters for RNA fundamental structural elements including hairpin and 

internal loops. A new version of RNAfold was developed to utilize these statistical 

potentials. Overall, these new statistical potentials for hairpin and internal loops 

integrated into a new version of RNAfold demonstrated significant improvements in the 

prediction accuracy of RNA secondary structure.  

While chapter 2 is concerned with improving RNA secondary structure prediction 

accuracy when taking a purely thermodynamic approach, in chapter 3, I will examine 

whether this limited view of the folding process is warranted and where it may begin to 

break down. Then, the contribution that contact distance, one of the folding factors 

besides thermodynamics, has to the folding process will be examined. A helix with a 

small nucleation distance, either simple or conditional, has a much greater probability of 

forming than a helix with a large nucleation distance. Finally, I will study the relative 

stability of comparative nucleation points compared to possible nucleation points found 

in neighboring nucleotides. If a comparative nucleation point is much more stable than 

any neighboring potential nucleation point, then it is much more likely to form. 

Chapter 4 is concerned with the creation of the large multiple sequence 

alignments that are necessary for comparative analysis. The ultra-rapid determination of 

nucleic sequences necessitates the use of programs that will automate as much as possible 

of the sequence alignment process. My approach utilizes a template or seed alignment 

that has already been properly aligned to find the patterns of sequence conservation to 
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encapsulate the characteristics of viable RNA sequences. The program I have created, 

CRWAlign, will utilize the different dimensions of information stored in rCAD to 

establish a profile for each position in an alignment. These dimensions include alignment 

column conservation, sequence composition and phylogenetic information. A comparison 

of CRWAlign to other template-based and de novo multiple sequence alignment 

programs shows that it is more accurate and faster than existing methods. 
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RNA SECONDARY STRUCTURE PREDICTION 
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Chapter 2: Statistical Potentials Improve the Accuracy of Predicted 
RNA Structure 

INTRODUCTION 

A necessary requirement for predicting the secondary structure of an RNA 

molecule from sequence alone is a correct and complete set of energetic parameters. For 

many years, physical biochemists have been obtaining free-energy values for many 

different secondary structural elements. But, recently, this process has not lead to large 

increases in the prediction accuracy of RNA secondary structure folding programs. Nor is 

it likely, given the sheer number of possible structural elements, that experimental 

methods alone can derive a complete set of free-energy values. 

In this chapter, I will show how a richer, more robust set of energetic parameters 

can be created with comparative analysis. The first step will be the creation of a novel 

structural statistic – the comparative/potential ratio. From this ratio, new hairpin and 

internal loop statistical potentials can be created and used to replace the existing 

experimentally-derived energetics. These statistical potentials will first be generated for a 

set of specific RNA molecules and then later combined to generate a set that is molecule-

independent. 

The results from using the new statistical potentials are then compared with either 

other RNA folding programs – RNAfold (TURNER99), RNAstructure (TURNER04), 

CONTRAfold, MultiFold (BL* parameter set), Sfold, KinWalker, KinFold, RNAshapes 

and CentroidFold. The statistical potentials were tested using a modified version of 

RNAfold over 25 different RNA molecular classes. The results show that they gave 

significant increases in prediction accuracy when tested on the 16 RNA molecular classes 

used to generate the statistical potentials and performed approximately the same or better 

when tested over the nine control RNA molecular classes. 
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BACKGROUND 

The free-energy minimization method attempts to accurately predict the 

secondary structure of a RNA molecule from sequence alone. The most popular 

implementations of this approach, such as RNAfold[70-71], RNAstructure[72], 

UNAfold[73] and Mfold[74], utilize a dynamic programming method[75] to complete an 

exhaustive search of all possible structural conformations to find the minimal free-energy 

structure. They use a nearest-neighbor set of energetic parameters that permit only 

canonical base pairs. They also do not attempt to predict pseudoknots or any tertiary 

structure. 

The Gutell lab has previously published studies detailing the accuracy of 

Mfold[31-34]. The version 2 of Mfold which used the TURNER99[30] energetic 

parameters predicted only 46% of the base pairs for 16S rRNA[31] and 44% for 23S 

rRNA[33] comparative structure models. Although version 3 of Mfold claimed to have 

significant improvements in accuracy from the use of the TURNER04[28-29] energetic 

parameters, the average accuracies for 16S and 23S rRNA were similar to predicted 

accuracies in the earlier version of Mfold[32, 34]. Mfold score higher on smaller RNA 

molecules, but the prediction accuracy for tRNA was only 70% and bacterial 5S rRNA 

was just 63%[34].  

Possible reasons for these results are that energetic parameters for only a small 

subset of the known structural elements have been determined. The most widely used 

energetic parameters are not complete and will not be for a while[75-76]. While energetic 

parameters have been experimentally determined, such as the canonical and later non-

canonical base pairs[29, 36, 74, 77], helices with dangling ends[78], hairpin[79], 

internal[80-81] and multi-stem[82] loops, co-axial stacking[83] and other structural 

motifs, e.g. the UAA/GAN motif[84], they must be calculated in vitro with small 
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oligonucleotides and are in many cases extrapolated which can lead to 

inconsistencies[85]. Also, the majority of the structural elements have not had their 

energetic parameters determined experimentally and must be inferred. Finally, 

assumptions that the source of stability in an RNA molecule comes solely from canonical 

base pair stacking may bias the values of the loop parameters. 

Statistical potentials which are created using comparative analysis offers a way to 

create a more complete and robust set of energetic parameters[34-35]. This approach has 

already been used quite often in the protein structure prediction field[86-92]. Replacing 

base pair stacking energetic parameters with statistical potentials generated from an 

analysis of RNA crystal structures showed similar prediction accuracies[35]. Using base 

pair stacking, hairpin loop and internal loop parameters created from comparative 

sequence analysis showed some minimal improvements in secondary structure prediction 

accuracies[34]. Unfortunately, these parameters were constrained by restrictions imposed 

by Mfold, but by moving beyond these limitations, it is possible to create a richer set of 

energetic parameters. 

Other forms of a knowledge-based approach are statistical learning algorithms. 

Methods using stochastic context-free grammars (SCFGs) showed prediction 

accuracies[93] near those of RNAstructure[72] and Mfold[94]. CONTRAfold[37] is 

based upon conditional log-linear models (CLLMs) which are an extension of 

SCFGs[37]. The energetic parameters used by CONTRAfold were selected to maximize 

the conditional likelihood of the structures within the sequences analyzed. The energetic 

parameters used by MultiFold[38]are created with Constraint Generation and Boltzmann 

Likelihood methods. 

Other RNA folding programs take different tacks to solving this problem. 

Sfold[95-96]has its basis in the free-energy minimization approach but it statistically 



 12

samples from the Boltzmann ensemble of secondary structures to find the correct 

structure. KinWalker[97]models co-transcriptional folding trajectories at the single 

nucleotide level/resolution. One nucleotide at a time is added to an already transcribed 

RNA sequence. KinFold [98-99] performs a stochastic folding simulation and works 

through helix nucleation and dissociation, as opposed to nucleotides. Thus, the folding 

pathway is a series of additions and deletions of helices and the program is not attempting 

to find the minimal free-energy structure [98-99]. An abstract shapes approach is used by 

RNAshapes[100] while CentroidFold[101] implements a generalized centroid estimator. 

RESULTS/DISCUSSION 

Comparative / Potential Ratio 

To determine the likelihood that a structural element will occur in the correct 

structure, a ratio of the number of occurrences of that element in the comparative 

structure model divided by the number of potential occurrences of that element in the 

same RNA molecular class was determined (see methods). An example of this C / P ratio 

for tetraloop hairpin loops in bacterial 16S rRNA is shown in Figure2.1. The fifteen 

tetraloop hairpin loops with the highest C / P ratios for all closing canonical bases pairs is 

shown (red). Their values are shown next to the values for the C / P ratio when only 

considering a CG closing base pair. 

A few of the highlights of Figure 2.1 are: 1) only five tetraloop hairpin loops have 

a C / P value greater than 0.5 when ignoring the closing base pair; 2) the closing base pair 

of these hairpin loops can drastically alter the C / P values. For example, the C:G closing 

base pair usually increases the C / P values significantly for the fifteen tetraloops shown 

in Figure 2.1.  
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The different closing base pair’s affect on the C/P value for all 256 tetraloops are 

available at the CRW Site (http://www.rna.ccbb.utexas.edu/SAE/2D/index.php). Also 

available are the C/P ratios for hairpin loops of length 3-5 and for all of the molecular 

classes used in this chapter.  

Hairpin Loop Statistical Potentials 

Hairpin loop statistical potentials were created and tested using Equations 2.2 and 

2.4 (see methods). The 16 RNA molecular classes (see methods) included in the creation 

of the statistical potentials were the bacterial and eukaryotic 5S rRNA, bacterial and 

 

Figure 2.1: The ranked order of the fifteen tetraloop hairpin loops (with any closing 
canonical base pair) with the highest comparative/potential ratios (red bars) 
are shown along the x-axis. The C / P ratio for each of these tetraloop hairpin 
loops is shown on the y-axis. The ratios for tetraloop hairpin loops flanked by 
any canonical base pair are shown as red bars while the tetraloop hairpin 
loops flanked by a CG base pair are shown as blue bars. The values are for 
bacterial 16S rRNA. 
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eukaryotic 16S rRNA, bacterial 23S rRNA, tRNA [102], bacterial RNase P class A [103], 

bacterial signal recognition particle (SRP) [104], U1 spliceosomal RNA [105], hepatitis 

C virus internal ribosome entry site (HCV IRES) [106], ykok leader [107], TPP [108] and 

SAM [109] riboswitches, iron response element (IRE) [110], human immunodeficiency 

virus type 1 dimerisation initiation site (HIV DIS) [111] and UnaL2 Line 3’ element 

[112]. The first flanking (closing) canonical base pair is included when generating the 

comparative and potentials counts and statistical potentials. 

For hairpin loops of length four, the values of m and b in Equation 2.2 with the 

best accuracy were 2.25 and 0.8, respectively. When restricting –ln(C/P) (see methods)to 

a range of 0 to 2, the statistical potentials of hairpin loops of length four will vary from 

5.3 to 0.8 kcal/mol with 5.3 kcal/mol set as the default value. Hairpin loops of different 

 

Figure 2.2: Comparison of triloop hairpin loop experimentally-derived energetic 
parameters and statistical potentials. 
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sizes will have different m and b values (Appendix A, Table A1). Statistical potentials 

were generated for 908 hairpin loop + closing canonical base pair combinations plus 

default values. 

The approach used to determine the statistical potentials for hairpin loops is 

illustrated with a comparison with recent experimentally derived triloop free-energy 

values taken from Thulasi et al. 2010 [113] (Fig. 2.2). Only six out of the 384 (.2%) 

triloop combinations had an absolute difference of less than 1.0 kcal/mol between the 

experimentally derived free-energies and statistical potentials. Most of the triloops (369 

out of 384) (94%) had absolute differences between 1.0 and 2.0 kcal/mol. The absolute 

difference for the other 23 combinations ranged from 2.028 to 2.61 kcal/mol. 

 

Figure 2.3: Comparison of tetraloop hairpin loop experimentally-derived energetic 
parameters and statistical potentials. 
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For the pentaloops comparison, the energetic parameters from TURNER04[28-

29] were used (Fig. 2.4). Of the 6144 possible pentaloops combinations, 3354 (55%) had 

an absolute difference of 0.5 kcal/mol or less and 4674 (76%) had an absolute difference 

less than 1.0 kcal/mol. 1146 (19%) had an absolute difference between 1.02 and 2.0 

kcal/mol, 287 (5%) between 2.068 and 3.0 kcal/mol and 36 (.6%) between 3.1 and 4.0 

kcal/mol. The remaining pentaloop has an absolute difference of 4.408 kcal/mol. 

Statistical potentials have been created for hairpin loops for all observed lengths in the 

molecular classes studied with comparative methods. 

Evaluation of Hairpin Loop Statistical Potentials 

In previous versions of RNAfold, the only hairpin loops with specific free-energy 

values were tri- and tetraloops. Free-energy values for longer hairpin loops were 

 

Figure 2.4: Comparison of tetraloop hairpin loop experimentally-derived energetic 
parameters and statistical potentials. 
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calculated using the length of the hairpin loop and the composition of the first and last 

nucleotides of the hairpin loop and the flanking (closing) base pair. To determine if 

statistical potentials generated with eq. (2) and (4) would improve the accuracy of RNA 

secondary structure prediction, the program RNAfold[70-71] was modified to accept 

detailed statistical potentials for hairpin loops of any length. When testing the hairpin 

loop statistical potentials, the experimentally derived energetic parameters (TURNER99) 

for base pair stacks, internal loops and multi-stem loops were used. 

Similar to previous studies[31, 34], sensitivity has been used to gauge prediction 

accuracy. Sensitivity is defined as the number of canonical base pairs in the predicted 

minimal free-energy structure present in the comparative model divided by the total 

number of comparative canonical base pairs. Differences in prediction accuracy are 

defined as (sensitivity using statistical potentials)-(sensitivity using other energetic 

parameters and/or folding programs). If a program returns suboptimal structures, only the 

optimal structure is used in the following analysis. 

Using the molecule-specific hairpin loop statistical potentials increased the 

prediction accuracy relative to the unmodified RNAfold program (TURNER99) for 

fourteen of the 16 RNA molecular classes (Fig. 2.5). The increase in accuracy for the 

fourteen RNA classes ranged from 2% (bacterial SRP) to 25% (HCV IRES); the TPP 

riboswitch showed no improvement and the SAM riboswitch showed a decrease of 1%. 
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Figure 2.5: RNA secondary structure prediction accuracies using hairpin loop statistical 
potentials with experimentally-derived energetic parameters for base pair 
stacks, internal loops and multi-stem loops for sixteen RNA molecular 
classes 
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Molecule-independent hairpin loop statistical potentials increased overall 

prediction accuracy for twelve of the 16 molecular classes from 1% (eukaryotic nuclear 

16S rRNA) to 19% (tRNA) (Fig. 2.2). Of the four molecular classes with prediction 

accuracy for the statistical potential lower than RNAfold (TURNER99): bacterial SRP 

was 2% lower and ykok leader, TPP and SAM riboswitches were all 3% lower. The 

prediction accuracies with the molecule-independent statistical potentials were only 0-5% 

lower than the molecule-specific results for twelve of the 16 molecular classes. Ykok 

leader and bacterial 23S rRNA were only 6% lower while bacterial 16S rRNA was 9% 

lower and HCV IRES was 13% less.  

Internal Loop Statistical Potentials 

Internal loop statistical potentials were created using eq. (2) and (4). The same 

sixteen RNA molecular classes used in the generation of the hairpin loop statistical 

potentials were used for the internal loops. Both base pairs flanking an internal loop are 

included in the generation of statistical potentials for internal loops. For 1x1 internal 

loops, the values of m and b in eq. (2) (see methods) with the best accuracy were 2.5 and 

-1.0, respectively. For the restricted range of 0 to 2 for –ln(C/P) (see methods), the 

statistical potentials of 1x1 internal loops will vary from 4.0 to -1.0 kcal/mol with 4.0 

kcal/mol set as the default value. Internal loops of different sizes will have different m 

and b values (Appendix A, Table A2). Statistical potentials were generated for 1368 

internal loop plus flanking base pair combinations plus default values. 

The approach used to determine the statistical potentials for internal loops is 

illustrated with 1x1 internal loops (Fig. 2.6). For these internal loops, the absolute 

differences between the statistical potentials and the Turner 2004[29] experimentally 

derived energetic parameters were usually large. There are 360 possible 1x1 internal 
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loops – 6 base pairs x 6 base pairs x 10 internal loops. Only 57 out of the 360 (16%) had 

an absolute difference of less than 1.0 kcal/mol and just 10 (3%) had absolute differences 

between 1.0 and 2.0 kcal/mol. 130 (36%) had absolute differences between 2.0 and 3.0 

kcal/mol, 111 (30%) had an absolute difference between 3.0 and 4.0 kcal/mol. The 30 

1x1 internal loops with the largest difference between experimentally derived free-

energies and statistical potentials all had a G-G internal loop. Statistical potentials have 

been created for internal loops for any length observed on the 5’ and 3’ sides of the loop 

in those molecular classes studied with comparative methods. 

For 2x2 internal loops, the absolute differences between the statistical potentials 

and the Turner 2004[29] experimentally derived energetic parameters were not nearly 

large as with the 1x1 internal loops (Fig 2.7). 850 out of the 3600 (24%) had absolute 

 

Figure 2.6: Comparison of 1x1 internal loop experimentally-derived energetic 
parameters and statistical potentials. 
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differences of 0.5 kcal/mol or less and 1541 (43%) had absolute differences of 1.0 

kcal/mol or less. 1297 (36%) had absolute differences between 1.0 and 2.0 kcal/mol and 

605 (17%) had absolute differences between 2.0 and 3.0 kcal/mol. Only 157 had (4%) 

had absolute differences greater than 3.0 kcal/mol.  

Statistical potentials have been created for internal loops for any length observed 

on the 5’ and 3’ sides of the loop in those molecular classes studied with comparative 

methods  

 

Figure 2.7: Comparison of 2x2 internal loop experimentally-derived energetic 
parameters and statistical potentials. 
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Evaluation of Internal Loop Statistical Potentials 

 

 

Figure 2.8: RNA secondary structure prediction accuracies using internal loop 
statistical potentials with experimentally-derived energetic parameters for 
base pair stacks, hairpin loops and multi-stem loops for sixteen RNA 
molecular classes 
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To utilize the new internal loop statistical potentials, the functionality of RNAfold 

was again extended to accept a wider range of energetic parameters. The original version 

of RNAfold permitted specific free-energy values for internal loops of lengths 1x1, 1x2, 

2x2 and 2x3. For larger internal loops, the calculation of the experimentally derived free-

energy values was based on the number of nucleotides in the internal loop plus the 

composition of the ends of the internal loop and both flanking base pairs. The modified 

RNAfold accepts specific free-energy values for internal loops of any size. When testing 

hairpin loop statistical potentials, the experimentally-derived energetic parameters 

(TURNER99) for base pair stacks, hairpin loops and multi-stem loops are used. 

Molecule-specific internal loop statistical potentials increased prediction accuracy 

for all sixteen RNA molecular classes (Fig. 2.8). The extent of the increase varied from 

8% (TPP riboswitch) to 34% (bacterial 5S and 16S rRNA). With the exception of tRNA 

and U1 spliceosomal RNA, all of the RNA molecular classes had larger increases in their 

prediction accuracy with molecule-specific internal loop statistical potentials compared to 

molecule-specific hairpin loop statistical potentials (Figs. 2.5, 2.8).  

Fifteen of the sixteen RNA molecular classes had improvements in their 

prediction accuracy when using the molecule-independent statistical potentials. The 

increases ranged from 1% (eukaryotic 16S rRNA and RNase P A) to 25% (bacterial 5S 

rRNA) (Fig.  2.8). The ykok leader showed no change in accuracy. But the decrease in 

the prediction accuracy between the molecule-specific vs. molecule-independent was 

much greater than for hairpin loops with decreases ranging from 2% to 20%. Similar to 

the molecule-specific results, all of the RNA molecular classes showed larger increases 

with molecule-independent internal loop statistical potentials versus the hairpin loop 

statistical potentials except for eukaryotic 16S rRNA, tRNA and U1 spliceosomal RNA. 
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Combining Statistical Potentials and Comparison with Other Programs 

The prediction accuracy using the hairpin and internal loop molecule-specific and 

molecule-independent statistical potentials for all 16 RNA molecular classes were 

compared with the results from 9 other RNA secondary structure folding programs – 

RNAfold (TURNER99), RNAstructure (TURNER04), CONTRAfold, MultiFold (BL* 

parameter set), Sfold, CentroidFold, RNAshapes, KinWalker and KinFold (Figs. 2.9 and 

2.10). When testing the hairpin and internal loop statistical potentials with RNAfold, the 

experimentally-derived energetic parameters (TURNER99) for base pair stacks and 

multi-stem loops were used. 

 

Figure 2.9: RNA secondary structure prediction accuracies for 10 RNA folding programs 
(RNAfold, RNAstructure, CONTRAfold, MultiFold, Sfold, CentroidFold, 
RNAshapes, KinWalker, KinFold and RNAfold with molecule-specific and 
molecule-independent hairpin and internal loop statistical potentials) for 5 
RNA molecular classes (bacterial 5S, 16S and 23S rRNA and eukaryotic 5S 
and 16S rRNA). 
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Figure 2.10:RNA secondary structure prediction accuracies for 10 RNA folding programs 
(RNAfold, RNAstructure, CONTRAfold, MultiFold, Sfold, CentroidFold, 
RNAshapes, KinWalker, KinFold and RNAfold with molecule-specific and 
molecule-independent hairpin and internal loop statistical potentials) for a) 5 
RNA molecular classes (tRNA, RNase P A, bacterial SRP, U1 spliceosomal 
RNA, hepatitis C virus internal ribosome entry site(HCV IRES)) and b) 5 
RNA molecular classes (ykok leader, TPP and SAM riboswitches, iron 
response element (IRE), HIV type 1 dimerisation initiation site (HIVDIS) 
and UnaL2 Line 3’ element). 
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Overall, the combined molecule-independent statistical potentials outperformed 

the other 9 programs (Figs. 2.9 and 2.10). On average, over the 16 RNA molecular 

classes, the molecule-independent statistical potentials scored 15% higher than RNAfold 

(TURNER99), 14% for RNAstructure (TURNER04), 12% for CONTRAfold, 13% for 

MultiFold, 17% for Sfold and 23% for CentroidFold. The other 3 programs – KinWalker, 

KinFold and RNAshapes – were unable to fold every RNA molecular class. All 3 were 

unable to fold the largest RNA molecules, bacterial and eukaryotic 16S and bacterial 23S 

rRNA sequences. Also, RNAshapes could not fold the RNase P A sequences. Excluding 

these molecular classes from their averages, the molecule-independent statistical 

potentials outperformed RNAshapes by 13%, KinWalker by 14% and KinFold by a 

whopping 50%. 

The statistical potentials outperformed all 9 other programs for all sixteen RNA 

molecular classes with the exception of the ykok leader RNA where RNAfold 

(TURNER99) matched the score of the statistical potentials and RNase P A where 

CONTRAfold scored 3% higher. The difference in accuracy between the statistical 

potentials and the competing program with the best results for a given molecular class 

ranged from -3% (RNase P A) to 13% (UnaL2 Line 3’ element) (Figs. 2.9 and 2.10). On 

average, the statistical potentials outperformed the program with the best results for a 

given RNA molecule by 7%.  

By using the molecule-specific statistical potentials, the average prediction 

accuracy was increased by 6.5% compared to the molecule-independent statistical 

potentials. Also, the molecule-specific statistical potentials were able to produce at least 

70% or greater accuracy for 15 of the 16 RNA molecular classes. The 1 exception was 

eukaryotic 16S rRNA which produced only 54% accuracy with hairpin and internal loop 

molecule-specific statistical potentials. 
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Cross-Validation of Statistical Potentials 

Two different methods were used to cross-validate the statistical potentials. The 

first method follows a standard approach for training and testing and was utilized in the 

MultiFold study[38]. 80% of the sequences of each of the 16 RNA molecular classes are 

used in the creation of the statistical potentials and the remaining 20% of the sequences 

are used for testing.  

The second method tested the molecule-independent statistical potentials and the 

9 other RNA folding programs against 9 control RNA molecular classes (see methods). 

These 9 control classes were not included in the generation of the molecule-independent 

statistical potentials. 

When the statistical potentials were generated and tested using the 80%/20% 

method, the results were very similar to those seen when using the full set of sequences 

for generation and testing. Overall, the combined molecule-independent statistical 

potentials still outperformed the other 9 programs (Figs. 2.11, 2.12). 

On average, over the 16 RNA molecular classes, the molecule-independent 

80%/20% statistical potentials scored 17% higher than RNAfold (TURNER99), 15% for 

RNAstructure (TURNER04), 13% for CONTRAfold, 14% for MultiFold, 18% for Sfold, 

24% for CentroidFold, 14% for RNAshapes, 15% for KinWalker and 51% KinFold. 

Compared to the results from using all of the sequences for statistical potential generation 

and testing, the 80%/20% results actually showed an improvement of 1% relative to the 

other 9 folding programs. 
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The 80%/20% statistical potentials outperformed all 9 other programs for all 

sixteen RNA molecular classes with the exception of the TPP riboswitch where RNAfold 

and Sfold scored 3% and 1% higher, respectively and HIV DIS where CONTRAfold 

scored 1% higher. The difference in accuracy between the statistical potentials and the 

competing program with the best results for a given molecular class ranged from -3% 

(TPP Riboswitch) to 20% (bacterial 16S rRNA) (Figs. 2.11 and 2.12). On average, the 

statistical potentials outperformed the program with the best results for a given RNA 

molecule by 8%. 

 

Figure 2.11: RNA secondary structure 80%/20% prediction accuracies for 10 RNA 
folding programs (RNAfold, RNAstructure, CONTRAfold, MultiFold, 
Sfold, CentroidFold, RNAshapes, KinWalker, KinFold and RNAfold with 
molecule-specific and molecule-independent hairpin and internal loop 
statistical potentials) for 5 RNA molecular classes (bacterial 5S, 16S and 
23S rRNA and eukaryotic 5S and 16S rRNA). 
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Figure 2.12: RNA secondary structure 80%/20% prediction accuracies for 10 RNA 
folding programs (RNAfold, RNAstructure, CONTRAfold, MultiFold, 
Sfold, CentroidFold, RNAshapes, KinWalker, KinFold and RNAfold with 
molecule-specific and molecule-independent hairpin and internal loop 
statistical potentials) for a) 5 RNA molecular classes (tRNA, RNase P A, 
bacterial SRP, U1 spliceosomal RNA, hepatitis C virus internal ribosome 
entry site(HCV IRES)) and b) 5 RNA molecular classes (ykok leader, TPP 
and SAM riboswitches, iron response element (IRE), HIV type 1 
dimerisation initiation site (HIVDIS) and UnaL2 Line 3’ element). 
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For the second cross-validation method, the nine control RNA molecular classes 

used were RNase P B, Hammerhead III ribozyme, purine riboswitch, HDV ribozyme, 

HIV ribosomal frameshift signal, GEMM cis-regulatory element, R2 RNA element and 

mitochondrial and archaeal 16S rRNA. 

On average, over these nine RNA molecular classes, the combined statistical 

potentials slightly outperformed RNAfold (TURNER99) by 2%, RNAstructure 

(TURNER04) by 4%, CONTRAfold (.3%), Sfold (3%) and CentroidFold (11%) (Fig. 

2.13). MultiFold scored 1% better than the statistical potentials. RNAshapes, KinFold 

and KinWalker continued to have trouble with large RNA molecules and were not able to 

fold either the mitochondrial or archaeal 16S rRNA sequences. RNAshapes could also 

not fold the RNase P B sequences. Excluding these molecular classes from their 

averages, the molecule-independent statistical potentials outperformed RNAshapes by 

1%, KinWalker by 6% and KinFold by 41%. 

The molecule-independent statistical potentials predicted the RNA secondary 

structure better in 47 out of 75 direct comparisons with the other 9 folding programs and 

equaled in 8 more comparisons. Given that this approach utilizes comparative data for 

generating the statistical potentials, it is not surprising that they perform only on par with 

the other RNA folding programs over the control RNA molecular classes. The nine RNA 

molecular classes in the cross-validation test set are certain to have some structural 

elements that are not present and/or absent in the original 16 classes. This indicates that 

increasing the set of RNA molecular classes used to generate the statistical potentials is 

necessary before the statistical potentials will have higher accuracies for a larger number 

of molecular classes. During the course of these studies I observed improvements in the 

accuracies for a larger number of molecular classes as the training set included more 

RNA families. 
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Figure 2.13: RNA secondary structure prediction accuracies for 10 RNA folding 
programs (RNAfold, RNAstructure, CONTRAfold, MultiFold, Sfold, 
CentroidFold, RNAshapes, KinWalker, KinFold and RNAfold with 
molecule-specific and molecule-independent hairpin and internal loop 
statistical potentials) for a) 5 RNA molecular classes (mitochondrial 16S 
rRNA, RNase P B, Hammerhead 3 ribozyme, Purine riboswitch and 
hepatitis delta virus (HDV) ribozyme) and b) 4 RNA molecular classes 
(HIV ribosomal frameshift signal (HIV FE), GEMM cis-regulatory element, 
R2 RNA element and archaeal 16S rRNA). 
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SUMMARY 

The focus of this chapter was to improve the energetic parameters for hairpin and 

internal loops. Previously, the base pair stack statistical potentials created with 

comparative data, on average, only slightly improved the prediction accuracy 

demonstrating that statistical potentials can generate analogous energetic parameters[34]. 

This minor improvement in the accuracy from the base pair stack statistical potentials 

was not as much as we had anticipated. However, the previous analysis did reveal that the 

flanking nucleotides of hairpin and internal loops did have a more pronounced 

improvement, suggesting that a richer set of statistical potentials for the loop regions of 

the secondary structure could have a larger enhancement in the accurate prediction. 

 The new comparative analysis system in development in the Gutell lab, rCAD, 

was used to determine this collection of statistical potentials that represents more of the 

structural elements present in RNA molecules. This new set of energetic parameters used 

a new structural statistic – the comparative / potential ratio. This structural statistic was 

then turned into a new set of energetic parameters. The RNAfold program was modified 

to utilize this larger, more robust set of statistical potentials since it originally permitted 

only limited hairpin and internal loop energetic parameters. 

This modified RNAfold program with the new hairpin and internal loop statistical 

potentials demonstrated significant increases in the prediction accuracy of RNA 

secondary structure. Over sixteen RNA molecular classes, the statistical potentials always 

outperformed the nine existing RNA folding programs with the exception of two RNA 

molecules where the statistical potential accuracies were equal to or slightly worse than 

one other program. On average, the improvements ranged from 12% to 50% compared to 

the competing 9 programs. The statistical potentials program predicted the RNA 

secondary structure better in 132 of the 134 comparisons. Also, the statistical potentials 
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performance was approximately the same or better than the performances of the other 9 

programs when tested over the 9 additional control RNA molecular classes that were not 

used in the generation of the statistical potentials. 

The intention with this work was to determine if this generalized approach would 

improve the prediction of RNA secondary structure beyond current approaches. Given 

that this approach did significantly increase prediction accuracy in the sixteen training 

RNA molecular classes, this approach can be extended and improved upon with a variety 

of approaches. First, more RNA molecular classes can be added when generating the 

molecule-independent statistical potentials. Second, it should be possible to identify the 

most essential structural elements and components that will produce the highest accuracy 

of the predicted RNA structure. This should help identify general structural families and 

reduce the number of needed energetic parameters. Finally, the statistical potentials and 

folding programs could be extended to use non-nearest effects. 
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METHODS 

Comparative and Potential Secondary Structural Elements 

 

Figure 2.14: Nucleotides in the tetraloop hairpin loops that occur in the comparative 
structure for a modified Escherichia coli 16S rRNA secondary structure 
between positions 118 and 241 are colored blue. For this figure the E.coli 
sequence was changed at a few positions to create better examples of 
potential base pairings that form hairpin loops.  Potential tetraloop hairpin 
loop, as defined by four nucleotides that are closed by two or more 
canonical base pairs, are colored red. The base pairs flanking the tetraloop 
hairpin loops are circled and connected with a red line. Nucleotides that are 
base paired in the comparative structure are connected with a thick black 
line. 

A potential secondary structural element, such as a hairpin loop, internal loop or a 

helix, is defined as the set of nucleotides that forms the motif. This potential structural 
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element may or may not occur in the comparative secondary structure of the RNA 

molecule, while every comparative structural element is a potential structural element. 

My objective is to generate a statistical potential from the ratio of comparative and 

potential structural elements. 

Figure 2.15: Nucleotides 139 to 184 from a modified Escherichia coli comparative 
secondary structure. a&b) Nucleotides in potential internal loops are colored 
red and the nucleotides that form a set of base pairs within the potential 
helix in the internal loop are circled and connected with a red line. 
Nucleotides that are base paired in the comparative structure are connected 
with a thick black line; c) Nucleotides in the internal loop that occur in the 
comparative secondary structure are colored blue; 
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Potential hairpin loops are a set of consecutive nucleotides of a specific length 

that are flanked by two or more canonical base pairs in the RNA sequence (Fig. 2.14). 

The determination of a potential internal loop initiates with a comparative helix. The 

nucleotides flanking the 5’ and 3’ ends of this helix that contain at least two potential 

canonical base pairs are identified (Fig. 2.15a-b). The nucleotides between the 

comparative and potential helices are defined as a potential internal loop. A comparative 

internal loop is flanked by two comparative canonical helices (Fig. 2.15c). 

Creation of Statistical Potentials 

A basic assumption in the creation of the statistical potentials is: 

-ln(C/P) ~ free-energy 2.1  

where C is the frequency of a structural element appearing in the comparative structure 

and P is the potential frequency of the structural element. Every comparative structure is 

considered to be a potential structure as well; C/P will have values in the range between 0 

and 1. A typical statistical potential utilizes –ln(C) with C normalized with the frequency 

of individual nucleotides. The formula proposed here can be considered as normalized by 

the potential to form a structural element.  

A statistical potential is determined with the equation: 

-m(ln(C/P)) + b = SP  (2.2) 

where SP is a statistical potential and m and b are global parameters that will be selected 

to optimize the overall accuracy of the folding program. For the vast majority of 

structural elements, the comparative count will be 0 or the C/P ratio too low and the 

default value will be used. Restricting the range of values for –ln(C/P)between 0 and 2 

provides the best prediction accuracies; this restricts C/P values to a minimum of .01. If a 
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structural element has no potential structures or the C/P value is less than .01, the C/P 

value is set to .01. The default value for a structural element is set to: 

‐m * 2 + b = default   (2.3) 

Molecule-independent Statistical Potential 

Initially, a set of statistical potentials will be generated for each type of RNA 

molecular class analyzed (e.g. 16S rRNA – bacteria). The statistical potentials for each 

molecule-specific set will not have detailed values for all possible structural elements. 

The ultimate goal is to create one set of statistical potentials that are applicable for all 

types of RNAs. To create a molecule-independent set of statistical potentials, each 

molecule-dependent set is treated as a member of a Boltzmann distribution. For every 

secondary structural element, the molecule-independent statistical potential is a 

Boltzmann weighted sum of statistical potentials from each molecule i: 

(2.4). 

RNA Molecular Classes 

The RNA molecule sequences and structures initially studied for their 

comparative and potential counts of structural elements and used in the generation of the 

statistical potentials were aligned and created by the Gutell lab and are available at 

http://www.rna.ccbb.utexas.edu/DAT/3C. They include sequences from the bacterial and 

eukaryotic phylogenetic groups and from 5S, 16S and 23S rRNA and tRNA.  

The bacterial RNase P class A sequences and structures were taken from the 

RNase P Database [103] Site. All other RNA sequences and structures were obtained 

from the RFam web site[115].These included bacterial signal recognition particle (SRP), 

U1 spliceosomal RNA, hepatitis C virus internal ribosome entry site (HCV IRES), ykok 
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leader, TPP and SAM riboswitches, iron response element (IRE), human 

immunodeficiency virus type 1 dimerisation initiation site (HIV DIS) and UnaL2 Line 3’ 

element. All of these sequences and structures were taken from their respective RFam full 

alignments. 

For the training and initial testing of the statistical potentials, sequences with a 

similarity of greater than 97% were removed to minimize the folding of duplicate RNA 

sequences. Also, only complete or nearly complete sequences were analyzed. The total 

number of RNA sequences analyzed for testing RNA secondary structure accuracy for 

each molecular class is: 1094 bacterial and 258 eukaryotic 16S rRNA, 65 bacterial 23S 

rRNA, 230 bacterial and 310 eukaryotic 5S rRNA, 2112 tRNA, 274 RNase P class A, 

937 U1 spliceosomal RNA, 1049 bacterial SRP, 550 HCV IRES, 188 ykok leader, 726 

TPP and 589 SAM riboswitches, 371 IRE, 136 HIV DIS and 572 UnaL2 Line 3’ element. 

The number of sequences and their average length are available in Appendix A (Tables 

A3-A4). 

For the additional testing of control RNA molecules, six sets of RNA sequences 

and structures were obtained from the RFam web site. These are Hammerhead III 

ribozyme[116], purine riboswitch[117], hepatitis delta virus (HDV) ribozyme[118], HIV 

ribosomal frameshift signal[68], GEMM cis-regulatory element[119] and the R2 RNA 

element[120]. All of these sequences are taken from their respective RFam seed 

alignment. RNase P B[103] sequences and structures were taken from the RNase P 

Database Site. Two sets of RNA sequences and structures are from the Gutell lab - 

mitochondrial and archaeal 16S rRNA[102]. 

The total number of RNA sequences for each of the nine classes is: 366 RNase P 

B, 84 Hammerhead III ribozymes, 133 purine riboswitches, 33 HDV ribozymes, 145 HIV 

ribosomal frameshift signal, 162 GEMM cis-regulatory element and 15 R2 RNA element. 



 39

128 and 143 RNA sequences were tested for mitochondrial and archaeal 16S rRNA, 

respectively. The number of sequences and their average length are available in 

Appendix A (Tables A5-A6). 
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Chapter 3: The Effect of Contact Di stance on the RNA Folding Process 

INTRODUCTION 

In chapter 2, RNA secondary structure prediction accuracy was significantly 

improved with the use of statistical potentials generated from comparative analysis. 

While this clearly demonstrated the importance of the energetic parameters, even 

molecule-specific statistical potentials were not able to achieve 100% accuracy. This was 

especially true with large RNA molecules such as the bacterial 23S and eukaryotic 16S 

rRNA. This indicates that there may be additional factors involved during the RNA 

folding process beyond just thermodynamics. These factors (detailed in chapter 1) 

include the molecular environment the folding process occurs in, folding kinetics and 

contact distance. 

In this chapter, I have completed a detailed analysis of the effect that contact 

distance plays in the RNA folding process. First, I will examine when a purely free-

energy minimization approach is warranted and where this type of approach begins to 

break down. Next, the contribution that distance, simple and conditional, can have on 

RNA secondary structure prediction accuracy is explored. Finally, the stability of 

comparative (i.e. formed) nucleation points is compared with those of potential 

competing/overlapping (i.e. unformed) nucleation points. 

BACKGROUND 

The prediction of an RNA secondary structure is one of the grand challenges in 

computational biology. The goal is to emulate the rules for folding an RNA primary 

structure into its higher-order structure into a computer algorithm. One of the earliest 

programs developed in the 1970’s utilized very simple rules [121]. These efforts were the 

predecessor to the first dynamic programming method that utilized free energy 
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minimization for the prediction of RNA secondary structure from a single sequence 

[122]. Subsequently this computer program has been improved with several 

enhancements in the algorithm and energy parameters determined with the nearest-

neighbor model [23, 94, 123-129]. Programs based on this technique include Mfold [94, 

130], RNAstructure[131-132] and RNAfold[133].  

The accuracies of these programs have been evaluated with experimentally-

derived energetic parameters [31-33, 74, 93, 134-135]. These results showed that smaller 

RNA sequences, e.g. tRNA and 5S rRNA, have a higher prediction accuracy than larger 

RNA sequences, e.g. 16S and 23S rRNA. These results also showed that base pairs with 

smaller simple distances have higher prediction accuracies than base pairs with larger 

simple distances regardless of the length of the RNA sequence. While these results are 

satisfactory for the prediction of RNAs with fewer than a hundred nucleotides, 

improvements in the accuracies for larger RNAs (e.g. > 1000 nucleotides) would be most 

beneficial to the scientific community. While the energetic stability values for different 

structural elements have traditionally been determined with experimental methods, within 

the past few years comparative analysis and statistical learning methods have generated 

energetic values for a larger number of structural elements have improved the prediction 

of RNA secondary structures [34-35, 37-38, 136]. However, further improvements in the 

prediction of large secondary structures should be possible. 

The concept that regions of a polymer that are close together in two dimensions 

on a chain (e.g. RNA, protein) are more likely to interact with one another is part of 

Flory’s landmark research on polymers [137]. This concept has numerous consequences 

and ramifications for the folding dynamics of a RNA sequence into its secondary 

structure and then its tertiary structure. As noted by Flory [137], the environment will 

influence these dynamics. In some solvent conditions, the attractive forces between the 
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solvent and linear polymer are very strong and the polymer is stretched, while under 

other conditions, these solvent and polymer forces are weaker and the attraction forces 

within the polymer is stronger, resulting in a more condensed form.  

Thus when the attractive forces within the RNA are much stronger than those 

between the RNA and the solvent, then the RNA will collapse on itself, forming many 

short helices capped with hairpin loops. In contrast, when the attraction forces are 

stronger between the RNA and the solvent, then we should expect to have fewer hairpin 

loops, or nucleation points since the RNA strand will not pair to itself as readily and 

consequently will have an opportunity to form more stable helices with sequences that 

have a larger number of nucleotides between the two paired positions. This dynamic pits 

the contact distance (i.e. enthalpy loss due to contact interaction) against only energy 

considerations (i.e. entropic contributions) [138-139]. At the two ends of the spectrum, 

the potential helices with the greatest stability will form regardless of the contact distance 

while an absolute distance constraint will allow only interactions within a defined 

window size to form regardless of their energetic stability. These two extremes usually do 

not occur in biological systems. Instead we have a constant that relates structure stability 

with the contact distance. This equilibrium will shift, depending on the environment. 

The initial formation of helices based on the dynamic interplay between the 

distance constraint and energy considerations will create nucleation points that establish 

the pathway of the hierarchical folding for the entire RNA structure. Computational 

modeling and experiments substantiates that helices capped with a small RNA hairpin 

loop are more likely to form than those capped with a larger hairpin loop [140-142].This 

concept of nucleation points has been discussed for proteins, using basic polymer physics 

to describe different structural elements [143-144]. One measure of flexibility (or 

persistence length) of polymers and macromolecules is gauged by the optimal size of a 
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loop-closure [145-146]. One study of protein crystals revealed this loop-closure size to be 

approximately 20–50 amino acids which were called loop and lock units [147]. 

Once these initial base pairs and helices at the nucleation points are formed, the 

sequences flanking this helix at the 5’ and 3’ ends are now in proximity, shortening the 

distance between the two flanking sequences. Consistent with this is analysis showing 

that the contact distance tends to be small for the majority of the base pairs [32]. This 

conditional distance, predicated on the prior formation of base pairs, is analogous to the 

effective distance described for proteins by Dill [148-150]. Different pairs of nucleotides 

separated initially by larger simple distances will now be in proximity after the formation 

of a helix or group of helices [138-139, 151]. In proteins, the folding rate is dependent 

upon relative contact order (i.e. average sequence separation) [152-155].  

Thus, the formation of RNA secondary structures will impose an order on the 

formation of the helices [156], and the stringency of this order is dictated in part by the 

length of the distance constraint and the stabilities of the potential helices. This folding 

model becomes more interesting and challenging when we consider the formation of 

helices that are initially the best solution for a local region as the distance constraint is 

pitted against energetics. However, once the formation of a series of helices brings two 

regions together, reducing the large simple distance to a minimal conditional distance, 

then these two regions might have the potential to form a new helix that is more 

energetically stable than the weak helices that formed initially in the 5’ and/or 3’ 

sequences [39, 43, 97, 157-158]. 

These concepts about distance constraints and hierarchical folding are consistent 

with, and bolstered by a variety of experiments focused on the kinetics of folding [159-

161] and the formation of RNA structure during transcription [162-165]. Since helices 

form during transcription [19, 39, 41, 166], the number of theoretically possible helices is 
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constrained by the rate of transcription, transcriptional pausing [46, 167], environmental 

crowding [56, 168] and the rate of helix formation [44]. 

RESULTS/DISCUSSION 

RNA Folding Model 

This large body of experimental and computational analysis is the foundation for 

an RNA folding model with these five concepts:  

1. An energetic approach is most accurate when the physical distance is small. The 

smaller the distance, the higher the accuracy. 

2. Nucleotides in proximity are more likely to interact. 

3. Interactions between nucleotides in proximity are necessary for the formation of 

base pairing between regions with a larger simple distance.  

4. The proper identification of nucleation points is necessary for concept 3. 

5. Stable long-range interactions can outcompete short-range interactions. 

Energetic Stability of the Comparative Structure 

The total free-energy of the comparative secondary structure were determined 

with the statistical potentials that were shown to be superior to the experimentally-

derived energetic parameters [69]. For each sequence with a comparative structure, a 

secondary structure was predicted with a modified RNAfold [70-71] program also using 

statistical potentials. The free-energy values for the RNAfold predicted secondary 

structure were compared with the free-energy value for the comparative secondary 

structures (Figs. 3.1, 3.2). As expected, the secondary structure that is predicted by a free-

energy minimization algorithm does have a free-energy value that is equal to or lower 

than the free-energy of the comparative structure. The RNA sequences studied were: 

eukaryotic 5S rRNA, bacterial and eukaryotic 16S rRNA, bacterial 23S rRNA, tRNA 



 45

[102], bacterial RNase P class A [103], hepatitis C virus internal ribosome entry site 

(HCV IRES) [106], and SAM [109] riboswitch. 

 

Figure 3.1:  Comparison of the free-energies of the minimal and. comparative structures 
of four RNA molecules (clockwise, in increasing average sequence length): 
a) 2112 tRNA (72 nucleotides) sequences; b) 273 RNase P Class A RNA 
(336 nucleotides) sequences; c) 1062 bacterial 16S rRNA (1463 
nucleotides) sequences; d) 65 bacterial 23S rRNA (2889 nucleotides) 
sequences. 
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For small RNA molecules, the free-energy difference between the minimal free-

energy structure and the comparative structure was on average fairly small. For example, 

the tRNA (average length 72 nucleotides) sequences had average comparative and 

minimal free-energy values of -33.0 kcal/mol and -33.9 kcal/mol (Fig. 3.1a), respectively; 

 

Figure 3.2:  Comparison of the free-energy of the minimal and. comparative structures 
for 4 RNA molecules (clockwise, in increasing sequence length): 589 
SAM Riboswitches (~104 nucleotides) sequences; b) 310 eukaryotic 5S 
rRNA (~120 nucleotides) sequences; c) 550 HCV IRES RNA (~214 
nucleotides) sequences; d) 1062 bacterial 16S rRNA (~1463 nucleotides) 
sequences. 
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for SAM riboswitch (104 nucleotides), -32.6 kcal/mol and -35.9 kcal/mol (Fig. 3.2a); for 

eukaryotic 5S rRNA (107 nucleotides), -42.2 kcal/mol and -46.2 kcal/mol (Fig. 3.2b).  

The difference between the average free-energies of the comparative and minimal 

structures for larger RNA molecules grew significantly. RNase P Class A (336 

nucleotides) had free-energy values of -118.8 kcal/mol and -143.7 kcal/mol for its 

comparative and minimal structures (Fig. 3.1b), respectively; for HCV IRES (214 

nucleotides), the values were -65.2 kcal/mol and -89.8 kcal/mol (Fig. 3.2c), respectively. 

The three largest RNA molecules examined were the bacterial (1463 nucleotides) and 

eukaryotic (1677 nucleotides) 16S rRNA and the bacterial 23S (2889 nucleotides) rRNA. 

The bacterial 16S rRNA had average free-energies for its comparative and minimal 

structures of -517.0 kcal/mol and -630.2 kcal/mol (Fig. 3.1c), respectively; for bacterial 

23S rRNA, -921.1 kcal/mol and -1160.6 kcal/mol (Fig. 3.1d); for eukaryotic 16S rRNA, -

384.3 kcal/mol and -595.5 kcal/mol (Fig. 3.2d). 

For the three small RNA molecules, the average difference between the free-

energies of the comparative and minimal structures was only 3.1 kcal/mol. Given this 

relatively small free-energy difference, it is conceivable that continued improvement of 

the energetic parameters could eliminate this gap and provide nearly 100% prediction 

accuracy. But for the three largest RNA molecules, the average difference was 188.0 

kcal/mol. It would seem unlikely that improved energetic parameters alone will 

completely solve this problem.  A similar conclusion was determined for the same type of 

analysis on a single RNA sequence for a few different RNA types [158]. 
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Effect Distance has on Comparative/Potential Ratio 

Figure 3.3:  Probability of helix formation based on distance and free-energy stability 
(kcal/mol). Helices are grouped into five different free-energy ranges(-25 – -
21, -20 – -16, -15 – -11, -10 – -6, -5 – -1). The data points refer to helices 
with simple distance +/-25 nucleotides. The cumulative values for the four 
RNA molecular classes (272 RNase P Class A RNA (336 nucleotides) 
sequences; 1062 bacterial 16S rRNA (1463 nucleotides) sequences; 220 
eukaryotic 16S rRNA (1677 nucleotides) sequences; 65 bacterial 23S rRNA 
(2889 nucleotides) sequences) are placed into a single plot. 

Similar to a method used in Chapter 3, the likelihood a helix in a given free-

energy range will occur in the correct structure is the ratio of the number of occurrences 

of helices in that free-energy range present in the comparative structure model divided by 

the number of potential helices in that free-energy range (see methods). This is called the 

C / P ratio. To gauge the impact that simple distance has on this probability of helix 

formation, this ratio was calculated relative to the simple distance of each helix (see 
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methods) in four large RNA molecular classes. The cumulative results for the four RNA 

molecules are shown in Figure 3.3.  

When the simple distance is small (i.e. <= 100 nucleotides), the C / P ratio is 

greatest for the most stable helices (i.e. helices with free-energies less than -20 kcal/mol) 

(Fig. 3.3). In general, the C / P ratio decreases for all energy ranges as the simple distance 

increases. This observation is true for each of the four individual RNA molecular classes 

(see Appendix Fig. B1). In addition, for each specific simple distance, the C / P ratio 

generally decreases as the stability of a helix decreases. 

Studies noted in the introduction reveal that the frequency of interactions between 

macromolecules is greatest for regions that are in close proximity. Once helices with 

small simple distances have formed, these nucleation sites facilitate the formation of 

neighboring helices whose larger simple distance is now a smaller conditional distance 

(see methods). This concept establishes an order for the formation of helices. One can 

envision that the optimal pathway in the formation of a RNA structure will minimize the 

simple and conditional distance required for two regions of the RNA to interact [156].  

To test this concept, the C / P ratio for helices that form after the nucleation of all hairpin 

loops is calculated in four large RNA molecular classes. The cumulative results for the 

four RNA molecules are shown in Figure 3.4. 
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Figure 3.4:  Probability of helix formation based on distance and free-energy stability 
(kcal/mol). Helices are grouped into five different free-energy ranges(-25 – -
21, -20 – -16, -15 – -11, -10 – -6, -5 – -1). The data points refer to helices 
with conditional distance +/- 25 nucleotides. The cumulative values for the 
four RNA molecular classes (272 RNase P Class A RNA (336 nucleotides) 
sequences; 1062 bacterial 16S rRNA (1463 nucleotides) sequences; 220 
eukaryotic 16S rRNA (1677 nucleotides) sequences; 65 bacterial 23S rRNA 
(2889 nucleotides) sequences) are placed into a single plot. 

Similar to the simple distance results (Fig. 3.3), when the conditional distance is 

small (i.e. <= 100 nucleotides), the C / P ratio is greatest for the most stable helices (i.e. 

helices with free-energies less than -20 kcal/mol) (Fig. 3.4). In general, the C / P ratio 

decreases for all energy ranges as the conditional distance increases. This observation is 

true for each of the four individual RNA molecular classes (see Appendix Fig. B2). In 

addition, for each specific conditional distance, the C / P ratio generally decreases as the 

stability of a helix decreases.  
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Small Distance Accuracy Impacts Overall Accuracy 

Figure 3.5:  Comparison of the overall secondary structure prediction accuracy with the 
prediction accuracy of base pairs with simple distance <=10 for 4 RNA 
molecules (clockwise, in increasing average sequence length): a) 272 RNase 
P Class A RNA (336 nucleotides) sequences; b) 1062 bacterial 16S rRNA 
(1463 nucleotides) sequences; c) 220 eukaryotic 16S rRNA (1677 
nucleotides) sequences; d) 65 bacterial 23S rRNA (2889 nucleotides) 
sequences.  
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Previous studies revealed base pairs separated by a smaller simple distance (see 

methods) are predicted with higher accuracy than larger simple distances [31-33]. 

Implicit but not proven in these previous studies is that short range helices must be 

predicted accurately before the long-range helices can be predicted accurately. This 

concept is evaluated in Figure 3.5. For each minimal free-energy predicted structure, the 

accuracy of those base pairs separated by 10 or fewer nucleotides was determined.  The 

accuracies were also determined for each of the overall structures. Figure 3.5 reveals that 

indeed the accurate prediction of long range base pairs is dependent on the accurate 

prediction of short range base pairs. 

Neighborhood of Comparative Nucleation Point  

My analysis revealed that the C / P ratio is closer to one when the simple and/or 

conditional distance is small and accordingly this ratio approaches zero as the simple 

and/or conditional distance increases (Figs. 3.3, 3.4). My previous analysis also showed 

that the accurate prediction of short range base pairs is essential for the correct prediction 

of long range helices (Fig 3.5). While these observations are a significant part of the 

dynamics of RNA folding, they are dependent on the a priori formation of the correct 

hairpin loops. Thus, the determination of the nucleation points of an RNA molecule is 

absolutely essential for the proper implementation of the distance effect. 

A very simple implementation of this concept is to identify the most stable 

hairpins in an RNA sequence. However, since only a few comparative hairpins in the 16S 

rRNA are exceptionally stable, this simplistic idea will not identify all of the nucleation 

points. A different method is to determine those hairpins that have the greatest 

differential in free-energy relative to the potential hairpins within a local subsequence.  
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Figure 3.6: a) For the 32 comparative compound helices with a hairpin loop present in the 
bacterial 16S rRNA molecule (see methods, Fig. 7): dark blue and red 
circles are the twenty nucleotides on the helix and hairpin loop; blue circles 
are the twenty nucleotides 3’ half of midpoint of the hairpin loop; red circles 
are the twenty nucleotides 3’ half of midpoint of the hairpin loop. b) 
Comparison of the stability of the comparative nucleation point and the 
minimal free-energy structure formed with the 20 nucleotides 5’ of the 
midpoint of the hairpin loop and (red): the stability of the comparative 
nucleation point and the minimal free-energy structure formed with the 20 
nucleotides 3’ of the midpoint of the hairpin loop. 

The bacterial 16S rRNA molecule, as represented by Escherichia coli, has 32 

hairpin loops (see methods, Fig. 3.10). Each hairpin loop was analyzed for the minimal 

free-energy structure from folding 1) the 10 nucleotides 5’ and 3’ of the midpoint of the 

comparative hairpin loop, 2) the 20 nucleotides 5’ of the midpoint of the hairpin loop and 

3) the 20 nucleotides 3’ of the midpoint of the hairpin loop (Fig. 3.6a). I selected 20 

nucleotides as the folding length because RNA polymerase exit channel is capable of 

holding approximately 20 nucleotides [166, 169-171]. 
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In Figure 3.6b, for each comparative hairpin loop, the average minimal free-

energy of the 20 nucleotides 5’ and 3’ (red) of the midpoint of the comparative hairpin 

loop (x-axis) were compared with the average minimal free-energy of the 20 nucleotides 

flanking the comparative hairpin loop (y-axis). Data points above the diagonal line 

indicate that the pairing of the 20 nucleotides 5’ or 3’ of the midpoint of the hairpin loop 

are more stable than the 20 nucleotides flanking the comparative hairpin loop. And 

accordingly, data points below the diagonal line indicate that the 20 nucleotides flanking 

the comparative hairpin loop are more stable.  

Of the 32 comparative hairpin loops, 31 had both data points below the diagonal 

line. A few of these points are within -4.0 kcal/mol of the diagonal, while the majority of 

the points range from -4.0 to -13.5 kcal/mol from the diagonal. The remaining hairpin 

loop, corresponding to hairpin loop 24 (see methods, Fig. 3.10), had data points that were 

not below the diagonal line. However these points were very close to the diagonal. The 

average minimal free-energy for the 3’ 20 nucleotides was 1.9 kcal/mol more stable, but 

the 5’ 20 nucleotides were essentially equivalent to the comparative flanking nucleotides. 

These results reveal that nearly all of the compound helices that are capped by a 

comparative hairpin loop are more stable than the possible nucleation structures of the 

twenty flanking nucleotides. 

Short-Range vs. Long-Range 

Figure 3.6b contains the results for a model for the determination of nucleation 

structures. The results revealed that the comparative hairpin structure was more stable 

than the possible structures formed from the 20 nucleotides 5’ and 3’ of the midpoint of 

the hairpin loop. However, this representation of the RNA folding process is overly 

simplistic. The subsequent analysis includes (1) all of the nucleotides 5’of the 
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comparative hairpin that are capable of participating in a possible competing nucleation 

structure loop and (2) any comparative long-range interactions. 

The analysis corresponding to (1) involves the determination of the minimum 

free-energy structures of the 5’ nucleotides preceding and including the comparative 

hairpin loop (Figs.3.7a and3.10 (blue + orange)) for all 32 regions found in the bacterial 

16S rRNA molecule. The free-energy of these possible competing nucleation structures 

were compared with the free-energy of the comparative compound short-range helices 

 

Figure 3.7: a) For the 32 comparative compound helices with a hairpin loop present in the 
bacterial 16S rRNA molecule (see methods, Fig. 8):orange circles are 
nucleotides on the 5’ half of the helix and hairpin loop; red circles are 
nucleotides are on the 3’ half of the helix. The blue circles are nucleotides 
not involved in a short-range comparative helix. The blue + orange 
nucleotides are folded to determine possible competing nucleation 
structures; b) Comparison of the free-energies (kcal/mol) of the possible 
competing nucleation structures(x-axis) with the comparative short-range 
compound helices (y-axis). 
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(Figs. 3.7a (orange + red), 3.7b). Of the 32 regions, 30 of the comparative compound 

short-range helices were more stable than the possible competing nucleation structures 

(i.e. below the diagonal), with twenty being at least 7.0 kcal/mol more stable. The two 

remaining regions above the diagonal, 21 and 24, are 5.9 and 6.9 kcal/mol less stable, 

respectively, (i.e. closer to the diagonal than the twenty regions above). 

The analysis for (2) extends (1) to include the free-energies corresponding to 

comparative long-range interactions with the 5’ nucleotides preceding the comparative 

 

Figure 3.8: Comparison of the free-energies (kcal/mol) of the possible competing 
nucleation structures (x-axis)with the comparative short-range and long-
range compound helices (y-axis). 
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short-range structure (Figs. 3.7a and 3.10 (blue)). The free-energies for the comparative 

short and long range structures are more stable than the possible competing nucleation 

structures for all 32 regions (Fig. 3.8). 

SUMMARY 

The RNA folding problem is one of the grand challenges of biology. It is now 

appreciated that RNA is directly involved in the majority of the regulation and 

metabolism of a cell. And the secondary structure of these RNAs will provide a better 

foundation to understand their function. Given the enormous amount of nucleic acid 

sequences that are determined with Next-Gen sequencing technology, the ability to 

accurately predict an RNAs secondary structure will have a very pronounced effect on 

RNA science. 

A large and diverse collection of computational and experimental biophysical and 

biochemical studies have addressed many factors of the RNA folding process, as 

discussed in the introduction. I distilled this information into a folding model with five 

primary components. The primary objective of this paper is to evaluate the validity of this 

folding model.  

1. An energetic approach is most accurate when the physical distance is small. The 

smaller the distance, the higher the accuracy: A comparison of the free-energies 

of the comparative and minimal predicted secondary structures for each sequence 

reveals that these two values are most similar for the smallest RNA analyzed and 

increases proportionally as the number of nucleotides increases (Figs. 3.1, 3.2). 

2. Nucleotides in proximity are more likely to interact: The major conclusion from 

the analysis in Figures 3.3and 3.4is the reduction in the C / P ratio for all energy 

ranges as the simple and conditional distance increases. 
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3. Interactions between nucleotides in proximity are necessary for the formation of 

base pairing between regions with a larger simple distance: The results from 

Figure 3.4 reveal the C / P ratios for the subsequent folding after the formation of 

comparative nucleation points is approximately the same as the C / P ratios for 

simple distances. This concept is also substantiated in Figure 3.5 which reveals 

that the accurate folding of short-range base pairs must occur prior to the 

prediction of long-range base pairs. 

4. The proper identification of nucleation points is necessary for concept 3: Figures 

3.6 and 3.7b show that nearly all of the possible competing nucleation points are 

less stable than the comparative nucleation structure. 

5. Stable long-range interactions can outcompete short-range interactions: The 

possible competing structures for all 32 regions of the bacterial 16S rRNA are less 

stable than the free-energies for the comparative short and long range structures 

(Fig. 3.8). 

While each component of this RNA folding model is substantiated with the 

analysis presented herein, one of the ultimate verifications is the development of an RNA 

folding algorithm that utilizes these components to produce the most accurate predictions 

of RNA secondary structures.  
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METHODS 

Energetic Stability of the Comparative Structure 

In a previous study [136],statistical potentials for hairpin and internal loops were 

generated that were more accurate than any other existing set of hairpin and internal loop 

energetic parameters. RNAfold [70-71] was modified to utilize these new statistical 

potentials. All free-energy values in this study were determined with this modified 

RNAfold using the hairpin and internal loop statistical potentials along with 

experimentally-derived energetic parameters for base pair stacks and multi-stem loops.  

Comparative and Potential Helices 

Similar to previous studies[69], a potential helix is defined as the set of 

nucleotides in a sequence that can form a minimum of two consecutive canonical base 

pairs. This potential helix may or may not occur in the comparative secondary structure 

of the RNA molecule, while every comparative helix is a potential helix. Only canonical 

base pairs are considered. 

RNA Sequences 

Sequences from the bacterial and eukaryotic phylogenetic groups and from 5S, 

16S and 23S rRNA and tRNA, were taken from alignments created by the Gutell lab and 

available at http://www.rna.ccbb.utexas.edu/DAT/3C. The bacterial RNase P class A 

sequences and structures were taken from the RNase P Database [103]while the hepatitis 

C virus internal ribosome entry site (HCV IRES) and SAM riboswitch sequences and 

structures were taken from the RFam web site[115]. All of the RFam sequences and 

structures were taken from their respective full alignments. 

For the training and initial testing of the statistical potentials, sequences with a 

similarity of greater than 97% were removed to minimize the analyzing of duplicate RNA 
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sequences. Also, only complete or nearly complete sequences were analyzed.  The total 

number of RNA sequences analyzed for testing RNA secondary structure accuracy for 

each molecular class is: 258 eukaryotic 16S rRNA, 65 bacterial 23S rRNA, 230 bacterial 

and 310 eukaryotic 5S rRNA, 2112 tRNA, 274 RNase P class A, 550 HCV IRES, and 

589 SAM riboswitches. The number of sequences and their average length are available 

in Table B1. 

Simple/Conditional Distance 

Fig 3.9: Simple and conditional distances for a helix: a) Simple distance is calculated by 
counting the intervening nucleotides along the primary structure plus 1; b) 
Conditional distance differs from simple distance when a helix is between 
the 5’ and 3’ strands of a helix. 

The simple distance is the number of number of nucleotides between any two 

positions in the sequence plus one. This is equivalent to the number of covalent bonds 

separating the two nucleotides. I define the simple distance of a helix as the number of 

nucleotides between the 3’ nucleotide of the 5’ strand of the helix and the 5’ nucleotide of 

the 3’ strand of the helix plus one (Fig. 3.9a). Different pairs of nucleotides separated 

initially by larger simple distances will be in proximity after the formation of a helix or 
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group of helices. Conceptually I assume that the RNA secondary structure helices are 

forming in the 5’ to 3’ direction and define the conditional distance to be the shortest path 

between nucleotides separated by covalent bonds and the hydrogen bonds that form a 

base pair. Quantitatively the conditional distance is the shortest path, counting the 

number of unpaired nucleotides and the two paired nucleotides as one (Fig. 3.9b). This 

definition of conditional distance is analogous to the effective distance described for 

proteins by Dill [148-150] and similar to reduced contact distance for RNA[172]. 

Comparative Nucleation Points 

A nucleation point in a RNA sequence is defined as composing of both a hairpin 

loop and its canonical helix. Any nucleation point not found in the comparative model is 

considered to be unformed. An unformed nucleation point could be a potential competitor 

to a comparative nucleation point if it is found in the subsequence of nucleotides leading 

up to the comparative nucleation point. The bacterial 16S rRNA was divided into 32 non-

overlapping regions (Fig. 3.10). Each region number corresponds to the hairpin number 

within the comparative structure (starting the count from the 5’ end). Within each region, 

there are two overlapping subregions: 1) the nucleotides preceding and including the 

comparative hairpin loop (blue + orange) and 2) the nucleotides found in the nucleation 

point itself (orange + red). 
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Fig. 3.10: Regions of the bacterial 16S rRNA mapped onto the Escherichia coli 
secondary structure. A region number corresponds to the hairpin loop count 
with the count increasing from 5’ to 3’. A potentially competing (blue + 
orange) nucleation point to a comparative (orange + red) nucleation point 
can occur in the nucleotides immediately preceding the comparative 
nucleation point. Nucleotides involved in long-range interactions are colored 
blue; nucleotides on the 5’ side of the short-range compound helix are 
orange; nucleotides on the 3’ side of the short-range compound helix are 
red. 
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AUTOMATED RNA ALIGNMENT 
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Chapter 4: Automated Template-based RNA Alignment 

INTRODUCTION 

The basis of RNA comparative analysis is that sequences of the same RNA 

molecule preserve their core structure even for sequences from different taxonomic 

groups. But to perform comparative analysis requires multiple sequence alignments of the 

RNA molecule. Also, in order to keep up with the huge increase in available RNA 

sequence data, the use automatic sequence alignment programs is a necessary step. While 

manual curation of an alignment will always be a necessary step in the alignment process, 

having highly accurate alignment programs should significantly reduce the amount of 

time spent doing so. 

I have created a template-based RNA alignment program that performs 

significantly better than any existing alignment. It takes an approach that is similar to that 

used by RNAMot[173-174] and  RNAMotif[175], but adds to them three important 

pieces: 1) it is able to create descriptors automatically from a given template alignment, 

2) make the descriptors much more flexible and 3) use the phylogenetic information of a 

sequence to help guide the alignment process. In this chapter, I will describe the program 

I have designed and compare it to existing de novo and template-based alignment 

programs. 

BACKGROUND 

Darwin’s use of comparative analysis was the foundation for his theory on the 

evolution of biological species[176]. Today the use of comparative analysis is resolving, 

at the molecular level, the structure, function, and evolution of the cell. The advent of 

ultra-rapid nucleic acid sequencing methodologies is providing much of the data for this 

analysis. This monumental increase in data is occurring in parallel with a major paradigm 
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shift in molecular biology. RNA, once considered a molecule whose only function was 

associated with protein synthesis, is now being implicated in all aspects of the cell’s basic 

regulation and metabolism. As a consequence of these two developments the 

determination and subsequent analysis of RNA sequences is integral to current and future 

studies of RNA. Many of these analyses utilize an alignment of RNA sequences that is 

composed of similar primary, secondary, and other higher-order structural and/or 

functional elements juxtaposed into the same set of columns.   

These alignments are analyzed to reveal evolutionary relationships, patterns of 

structure conservation and variation, secondary and tertiary structure, and associate 

function to the RNA’s structure. A few of the seminal discoveries from this analysis are: 

identification of the third kingdom of life – the Archaea [66] and the phylogenetic 

relationships for organisms that span the entire tree of life[66]; the accurate determination 

of RNA secondary and other higher-order structures that are common to the set 

sequences from the same RNA family[63, 177], the identification of new structural 

elements[178], the creation of pseudo-energies for many RNA structural elements and 

their utility in improving the accuracy of folding an RNA sequence into its secondary 

structure[136] and the use of 16S rRNA to identify the bacteria in different microbial 

ecology environments [67-68]. 

RNA sequence alignment programs, such as MAFFT[179], Clustal[180-181] and 

SATe[182], generate multiple sequence alignments de novo from sequence information 

alone. MAFFT-G-INSI-i algorithm creates an initial alignment from the set of all 

pairwise sequence alignments[183]. It then proceeds to refine the initial alignment 

iteratively by seeking to maximize an object score.  SATe uses a maximum-likelihood 

criterion to create large-scale coestimations of alignments. 
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While a de novo approach has great appeal when working with an RNA molecule 

for which there is no pre-existing multiple sequence alignment, greater accuracy can be 

achieved if the alignment algorithm is able to guide the process using information derived 

from an existing template/seed alignment. Silva[184] (16S and 23S rRNA), RDP[185] 

(16S rRNA) and Greengenes[186] (16S rRNA) are three template-based aligners 

currently available on the web. SINA[184, 187], used by Silva, is a dynamic incremental 

profile sequence aligner and is built on a variant of the Needleman-Wunsch 

algorithm[188]. It will find up to 40 similar sequences and jump between them to align 

various sequences regions[184]. The Nearest Alignment Space Termination[189] 

(NAST) algorithm is used on the Greengenes web site. It performs a pairwise alignment 

with the closest matching template sequence using BLAST[190]. To utilize a pairwise 

sequence alignment approach, it is useful to first perform a thorough check of every 

sequence in the template alignment for anomalies. In the latest release of RDP, the 

alignment program Infernal[191] is used. 

Besides web-based aligners, there are multiple stand-alone programs available for 

download. Besides being used on the RDP web site, Infernal can also be run locally. The 

program builds consensus RNA secondary structure profiles to create new multiple 

sequence alignments[191]. Infernal is used internally by ssu-align, but ssu-align also uses 

profile hidden Markov models in addition to the secondary structure profiles. Another 

program that uses hidden Markov models is HMMER[192]. But whereas Infernal and 

ssu-align utilize the information found in the consensus secondary structure HMMER 

does not. Because both Infernal and HMMER are capable of building new profiles if 

given a template alignment, they are capable of aligning any RNA molecule that has an 

existing alignment. But ssu-align is currently limited to aligning small subunit ribosomal 

RNA sequences. All three of these programs were created by the Eddy/Rivas lab. 
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Another approach uses the comparative analysis of a template alignment to create 

structural descriptors. RNAMot[173-174] and  RNAMotif[175], an updated version of 

RNAMot, then use these structural descriptors to search for any matching unknown or 

unaligned RNA sequences. RNAMotif extended the type of descriptors available to allow 

for complex secondary and tertiary structures. 

DESCRIPTION OF APPROACH 

I have developed a template-based auto-alignment program called CRWAlign that 

uses the phylogenetic and sequence consensus information of a template alignment stored 

in rCAD. The phylogenetic information in rCAD is obtained from the NCBI Taxonomy 

database. It can be used to align any type of RNA molecule for which there is a template 

alignment and does not require or use the secondary structure of the alignment. Also, the 

size of the template alignment is limited only by the number of columns and phylogenetic 

groups in the alignment and the size of available memory. The Gutell lab has used 

CRWAlign on a 16S bacterial rRNA alignment that is 10,000 columns wide and contains 

~140,000 sequences. My approach consists of two steps, the generation of alignment 

statistics and the alignment of new sequences. 

Metadata Generation 

Before a sequence can be aligned, the metadata used by CRWAlign must first be 

collected from an analysis of the template alignment. A simple example of the metadata 

generation process involving a 10 sequence template alignment is given in Figure 4.1.  

Definition 1: The conservation value of a column i is the ratio of the number of 

sequences with a nucleotide in column i divided by the total number of sequences in the 

taxonomic node. If a partial sequence “starts” after or “ends” before column i, it is 
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excluded from the calculation. If the divisor is 0, the conservation value is defined to be 

0. 

The first step is to determine the conservation value of every column calculated at 

the root taxonomic node (i.e. the entire alignment). Every column with a conservation 

value greater than 80% is considered a highly-conserved column. Then, the alignment is 

divided into blocks with each block containing the same number of highly-conserved 

columns (Fig. 1a). The only block that could have fewer conserved columns is the last 

block. Note that the last three(partial) sequences in Figure 1a do not contain the 5’ tail, 

but they do not affect the conservation value of the columns in block 1. But they are 

counted in the conservation values for every column after block 1. For the purposes of the 

Figure 4.1: Example of the alignment statistics generation process performed by 
CRWAlign: a) 10 template sequences (red –bacillus, blue –bacillaceae, 

brown – bacteria) are used to determine conserved alignment columns; b) 
computation of the average block 5 score for the bacillaceae node. 
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example in Figure 1, the number of conserved columns of each block was set to five, but 

the best accuracies are seen with the number set between fifteen and twenty. Defining 

blocks alignment-wide ensures that the statistics for any block covers the same set of 

columns in every taxonomic node even if the set of conserved columns varies between 

taxonomic nodes. For example, block 5 in the bacillus (red) node has six conserved 

columns while it has only five conserved columns in the bacillaceae or bacteria node 

(Fig. 4.1a and 4.1b). 

Metadata is generated for every taxonomic node that contains a minimum number 

(usually 3-10) of sequences from the seed alignment. In Figure 4.1, there are 3 bacillus 

(red) sequences, 4 additional bacillaceae (blue) sequences and 3 other bacterial (brown) 

sequences. This means that metadata would be generated for the following taxonomic 

nodes: bacillus, bacillaceae, bacillales (parent of bacillaceae), bacilli (parent of 

bacillales), firmicutes (parent of bacilli) and bacteria. There are 3 sequences in the 

bacillus node, 7 in bacillaceae (3 bacillus and 4 additional bacillaceae) and all of the 

parent nodes except bacteria which has 10 sequences. The statistics generated for each 

taxonomic node consists of the column conservation values (Definition 1), nucleotide 

composition of each column (Definition 2), minimum and maximum number of 

nucleotides in a block and the average score of each block (Definition 3). For each 

taxonomic node, the complexity of this phase is O(nbs), where n is the  number of 

alignment blocks, b is the length of an alignment block and s is the number of sequences 

in the taxonomic node. 

Definition 2: For any column, there are 4 nucleotide composition values 

corresponding to A, C, G and U. The value for a given nucleotide is the ratio of the 

number of sequences with the given nucleotide in that column divided by the number of 
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sequences with any nucleotide in that column. The nucleotide composition value Nip for 

the ith column and p{A,C,G,U}is calculated with:  

N p
SC i

∑ SC i∈ , , ,
, 

where SCp(i) is the number of sequences with nucleotide p in column i. For 

example, for conserved column 3 in block2(Fig. 4.1a, highlighted nucleotides), the 

nucleotide composition values are A-0%, C-33%, G-67% and U-0% for the bacillus node 

and A-14%, C-29%, G-57% and U-0% for the bacillaceae node. 

Definition 3: Given a block in a taxonomic node, let Y be the set of conserved 

columns. For a given subsequence Si, in this block, let Z be the set of non-gap conserved 

columns in this subsequence. The score of this subsequence for block b is calculated 

with: 

SC b
∑ C∈

| |
	
0.8 ∗ 	∑ N S∈

| |
, 

where Ci is the conservation value of column i and Nj(Sj) is the nucleotide 

composition value corresponding to the nucleotide at column j in subsequence S. The 

weight on the second component, 0.8, is determined heuristically. The highest possible 

score is 1.8. 

Figure 4.1b contains an example of how an average block score is calculated, 

specifically block 6 in the bacillus node. The conservation value for conserved columns 

2-5 is 1.0 but column 1 has a value of 6/7=.86 since the last sequence does not contain a 

nucleotide in that column. The nucleotide composition values are 1.0 for columns 3-5 and 

also for column 1 since the gap in the last sequence will not affect nucleotide 

composition, only column conservation. Column 2 has variable nucleotide composition 

values since it contains 4 As and 3Gs from the 7 sequences. Note also that the divisor for 

second term in the score is 4 for the last sequence, but 5 for the others.  
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Alignment Algorithm 

Figure 4.2: Example of the alignment process performed by CRWAlign: a) unaligned 
RNA sequences; b) 3bacillus (red) template sequences and average block 
scores; c) single match is found for block 5 is aligned; d) 3 matches are 
found for block 3; e) no matches are found for block 6; f) 7 template 
sequences (red –bacillus, blue –bacillaceae) and average block scores; g) a 
match is found for block 6. 
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CRWAlign is an iterative alignment algorithm. An example of this process is 

shown in Figure 2. The first step in aligning a new sequence is to select the phylogenetic 

group to align against. If phylogenetic information for the new sequence is available, 

CRWAlign will use it to select the lowest taxonomic node for which alignment statistics 

exist. Alternatively, a user may elect to specify theses details. If no such information is 

available or given, the program will test each taxonomic node at a predefined leaf level, 

which was6 in my experiments. The node that aligns the most nucleotides in the first 

stage will be used from that point on. In the example in Figure 2, the sequence to be 

aligned (Fig. 4.2a) is in the bacillus taxonomic group. This example uses the same 

template sequence information as given in Figure 1, i.e. there are 3 bacillus sequences, 4 

additional bacillaceae sequences and 10 total bacterial sequences. The complexity of the 

alignment phase is approximately O(nbl), where n is the  number of alignment blocks, b 

is the length of an alignment block and l is the length of the sequence. 

In the first iteration, CRWAlign will only attempt to align the most highly-

conserved blocks (i.e. those blocks with an average score greater than 90% of the highest 

possible score: 1.8 * .9 = 1.62). To ensure the highest accuracy at this stage, the 

minimum score required for a block to be considered is set quite high (again 1.62), 

deletions of conserved columns are not allowed and only a limited number of insertions 

between conserved columns are accepted. This guarantees that any aligned block has a 

very high probability of being absolutely correct. By first aligning only the most highly-

conserved blocks that are closely matched has the effect of reducing the problem of 

aligning the complete sequence into aligning a set of smaller subsequences. This reduces 

the complexity of the problem and increases speed and overall accuracy.  

In the example, the highly-conserved blocks in the bacillus alignment statistics 

(Fig. 4.2b) are 2, 4 and 5 (i.e. only blocks with average scores greater than 1.62). Since 
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block4 has the highest conservation it is selected first. CRWAlign searches the sequence 

for a match to the template data. In this case, the matching subsequence must be 

CAGCUU or something extremely similar to it. The program is able to find a match that 

scores higher than 1.62 and aligns just those matching nucleotides (Fig. 4.2c). 

CRWAlign will next attempt to align block2 since it has a higher average score 

than block5. Because blocks 2 and 3 have variable lengths, there are multiple possible 

starts for block2. In fact, CRWAlign would find 3 different acceptable matches for this 

block(Fig. 4.2d). Prematurely choosing the wrong block alignment potentially damages 

the accuracy of multiple blocks. CRWAlign handles this problem by carrying multiple 

potential sequence alignments forward. At each step, the program will attempt to 

continue the alignment process with each of these acceptable alignments up to a 

maximum of the 10 highest-scoring potential alignments. In the examples in Figures 4.1 

and 4.2, the block conserved-columns count is set to 5 which will increase the odds that a 

highly-conserved block will have multiple possible matches in the sequence. By setting 

this count to a higher number (>10), the highly-conserved blocks will rarely have 

multiple matches significantly limiting the number of potential sequence alignments 

CRWAlign must track.  

 The next block to be aligned is block5. This block is 3’ of and contiguous to 

block4. Therefore, the nucleotides 3’ of the block just aligned must be able to match 

block 5. In this case, the subsequence GGGUC does not match the template data of 

G[A/G]GCUC (Fig. 4.2e). This would require a conserved column deletion which is not 

allowed in this stage. 

After attempting to align all of the most conserved blocks at the lowest taxonomic 

node possible (i.e. bacillus), CRWAlign does not then move onto less conserved blocks. 

Instead, it then attempts to align the most conserved blocks in the parent taxonomic node 
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(i.e. bacilli). In this way, the program works its way up the phylogenetic tree. In the 

bacillaceae node, there are only 2 conserved blocks with block average score greater than 

1.62– blocks 4 and 5. Since block4 is already aligned, CRWAlign will attempt block5 

and succeed in finding an acceptable match since there are now 5 conserved columns 

instead of the 6 in the bacillus node (Fig. 4.2f). Therefore, GGGUC is able to match the 

block template without requiring a conserved column deletion (Fig. 4.2g). After this 

match, there are still 3 potential sequence alignments that will be carried forward to the 

next step. 

At this point, CRWAlign would move up to the bacillales (parent of bacillaceae) 

taxonomic node, but since this node contains no additional template sequences, it is 

skipped, as are bacilli (parent of  bacillales) and firmicutes (parent of bacilli). There are 

additional template sequences in the bacteria node, but blocks 5 and 6 remain the only 

highly-conserved blocks. Therefore, this stage of the alignment process is complete. After 

the completion of any stage, the minimum block score is reduced by 20%. Also, after the 

first stage, the deletion of a conserved column in a possible alignment is permitted. 

CRWAlign will take the 3 potential sequence alignments from the previous step (Fig. 2g) 

and start the process over at the bacillus taxonomic node. The program continues this 

iterative process until the entire sequence is aligned. 

RESULTS/DISCUSSION 

CRWAlign has been evaluated in three different aspects, the accuracy of the 

alignment of the results, the running time of the program executions and the scalability 

for large scale of the sequences. In addition, CRWAlign will be compared to several 

existing widely-used automatic alignment programs. 
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Calculating the Accuracy of an Alignment 

Randomly selected subsets of the bacterial 5S, 16S and 23SRNA sequences from 

alignments available on the Comparative RNA Web Site [102] for used for both test and 

template sets (see Table 4.1 for details). There was no overlap between a test and 

template set, but template sequence alignments were subsets of any larger template 

alignment (e.g. the 500 16S Bacterial sequence alignment was a subset of the 1000 16S 

Bacterial sequence alignment). 

The programs in this study were evaluated through pairwise sequence 

comparisons. For a pair of sequences i and j, let E be the set of columns containing a 

nucleotide from either sequence i or j. The pairwise sequence identity for sequences i and 

j is defined as: 
 

	
| |
| |

.	

Table 4.1: Details of the sequences taken from template alignments and used for test 
sequences. 

 
RNA 

Molecule 

Template Sequences Unaligned Test Sequences 

Count 
Avg 

Length 

# of 
Different 
Tax Leafs 

Count 
Avg. 

Length 

# of 
Different 
Tax Leafs 

 
16S 

Bacterial 
rRNA 

250 1447.3 188 
500 1446.1 320 

500 1447.4 324 
1000 1449.4 593 

1000 1448.1 598 
2000 1449.2 1154 

23S 
Bacterial 

rRNA 
1000 2877.8 410 500 2867.7 232 

5S Bacterial 
rRNA 

400 116.4 207 800 117.0 320 
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where B is the set of columns containing a nucleotide from both sequence i and j. 

Pairwise sequence accuracy is defined as: 

Accuracy
| |
| |
, 

where S is the set of columns in the test alignment that have an identical stack 

relative to the correct alignment. For example, if nucleotide 55 (G) of sequence A is 

stacked with nucleotide 63 (C) of sequence B, then the test alignment must have 

nucleotide 55 stacked with nucleotide 63 and not with a C nucleotide at any position in 

sequence B other than nucleotide 63. If a nucleotide from either sequence is stacked with 

a gap, the test alignment must have the nucleotide stacked with a gap. 

Programs compared 

For this study, three template-based programs, ssu-align[191], Infernal[191] and 

HMMER[192] (all three available at http://selab.janelia.org/software.html), were tested 

along with two de novo programs, MAFFT[179] 

(http://MAFFT.cbrc.jp/alignment/software) and SATe 

(http://phylo.bio.ku.edu/software/SATe/SATe.html). Additional testing was done on 

three web-based aligners, RDP[185] (http://rdp.cme.msu.edu/myrdp/overview.spr), 

Silva[184] (http://www.arb-silva.de/aligner/) and Greengenes[186] 

(http://greengenes.lbl.gov/cgi-bin/nph-NAST_align.cgi). Greengenes, RDP and ssu-align 

are limited to aligning 16S rRNA only while Silva is able to align 23S rRNA in addition 

to 16S rRNA. The four remaining stand-alone programs, like CRWAlign, are capable of 

aligning any type of RNA sequence. Infernal, HMMER and CRWAlign are capable of 

accepting a template alignment as a seed for generating new profiles/metadata. The 

program ssu-align uses a profile that has already been built and incorporated into the 

program. In the testing phase, MAFFT-ginsi was determined to provide the highest 
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accuracy of the strategies made available by MAFFT. All programs and web sites were 

run/accessed using the default parameters. 
 

Comparison of Alignment Programs 

Figure 4.1: Pairwise sequence accuracy results from the alignment of 1000 bacterial 16S 
rRNA sequences for 9 alignment programs: CRWAlign, Greengenes, RDP, 
Silva, ssu-align, HMMER, Infernal, MAFFT and SATe. 

The only RNA molecule supported by all 9 programs used in this study is the 

bacterial 16S rRNA. 1000 bacterial 16S rRNA sequences were aligned by each program 

and the accuracies based upon ranges of pairwise sequence identity were calculated (Fig. 

4.3). Each of the 3 programs that accept template alignments (CRWAlign, HMMER and 
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Infernal) were given different template alignments of varying sizes (250, 500, 1000, 2000 

sequences). CRWAlign, HMMER and Infernal performed best with template alignments 

of 2000 sequences, 1000 sequences and 250 sequences, respectively. The best results for 

each of the 3 programs are used in Figure 4.3.  

In the 90-100% pairwise sequence identity range, SATe, MAFFT, and Silva 

essentially equaled the performance of CRWAlign with Silva even performing 0.1% 

better. The other 4 programs had accuracies 0.3% (ssu-align) to 1.0% (Greengenes) less 

than CRWAlign. Again Silva nearly equaled the accuracy of CRWAlign in the 80-90% 

range only scoring .2% less, but the gap between CRWAlign and the other 7 programs, 

including SATe and MAFFT, increased to .6% (ssu-align) to 2.5% (Greengenes). The 

difference between CRWAlign and the other programs in the 70-80% sequence identity 

range varied from .7% (ssu-align) to 4.5% (MAFFT). CRWAlign significantly 

outperformed every other program in both the 60-70% and 50-60% sequence identity 

ranges. The de novo programs were able to nearly match the template-based programs in 

the 80-90% and 90-100% ranges but for lower pairwise sequence identity ranges their 

accuracies were considerably less than the template-based accuracies.  
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Figure 4.4: Pairwise sequence accuracy results from the alignment of 500 bacterial 23S 
rRNA sequences for 6 alignment programs: CRWAlign, Silva, HMMER, 
Infernal, MAFFT and SATe. 

The web-based aligners, Greengenes and RDP, and ssu-align did not provide 

support for 23S rRNA sequences. Figure 3b contains the results for all of the remaining 

programs from aligning 500 bacterial 23S rRNA sequences. For HMMER, Infernal and 

CRWAlign, a 1000 bacterial 23S rRNA template alignment was used. As with the 

bacterial 16S rRNA results, the de novo programs, SATe and MAFFT, nearly equaled the 

accuracy of CRWAlign in the 90-100% pairwise sequence identity range each scoring 

only0.1% less. The other programs had accuracies 0.3% (Silva) to 0.6% (HMMER) less. 

For the 80-90% range, the gap between CRWAlign and the other programs ranged from 



 80

1.3% (Infernal) to 2.0% (SATe) less. This gap continued to grow as the pairwise 

sequence identity dropped with the 40-50% range having differences ranging from 8.8% 

(Infernal) to 19.4% (SATe). The de novo programs were able to nearly match the 

template-based programs in the 80-90% and 90-100% ranges but for lower pairwise 

sequence identity ranges their accuracies were considerably less than the template-based 

accuracies. 

Figure 4.5: Pairwise sequence accuracy results from the alignment of 800 bacterial 5S 
rRNA sequences for 5 alignment programs: CRWAlign, HMMER, Infernal, 
MAFFT and Sate. 
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CRWAlign, HMMER, Infernal, MAFFT and SATe were also able to align 

bacterial 5S rRNA sequences (Fig. 4.5). In the 90-100% pairwise sequence identity 

range, CRWAlign outscored the other 4 programs from 0.1% (MAFFT and Infernal) to 

1.0% (HMMER). In the 80-90% range, Infernal outperformed CRWAlign slightly 

(0.03%) while the other 3 programs scored 0.1% (MAFFT) to 1.5% (HMMER) less. In 

the 70-80% range, Infernal again outperformed CRWAlign by 0.1%, but the gaps for the 

other 3 programs grew ranging from 1.4% (MAFFT) to 2.3% (SATe). Infernal nearly 

matched CRWAlign in the 60-70% range (0.2% less) but was significantly outperformed 

in the 50-60% range (2.0% less). The difference between CRWAlign and the other 3 

programs continued to grow with the difference in the 50-60% range ranging from 5.0% 

(HMMER and MAFFT) to 7.0% (SATe). 
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Template Size and Accuracy 

Figure 4.6: Pairwise sequence accuracy results from the alignment of 1000 bacterial 16S 
rRNA sequences for 3 template-based alignment programs (CRWAlign, 
HMMER and Infernal) and 3 different template alignments (250, 500 and 
2000 bacterial 16S rRNA sequences). 

To gauge how CRWAlign, HMMER and Infernal dealt with template alignments 

of differing sizes, each program was given three template alignments containing 250, 500 

and 2000 bacterial 16S rRNA sequences as input for aligning 1000 bacterial 16S rRNA 

sequences (Fig.4.6). HMMER performed best with the template alignment of 500 

sequences and Infernal was most accurate with the 250 sequence alignment. But even 

though HMMER and Infernal performed best with the smaller template alignments, the 
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differences in performance for the differing template sequence counts were overall quite 

small for both programs. In contrast, CRWAlign grew more accurate as the number of 

sequences in the template alignment grew with large performance gains seen in the 50-

60% and 60-70% pairwise sequence identity ranges. But while CRWAlign performed 

best with the 2000 sequence template alignment, its results using the 250 sequence 

template alignment were still superior to HMMER and Infernal regardless of template 

size. In fact, with the 250 sequence template alignment, CRWAlign was still able to 

outperform overall every other alignment program in this study (Figs.4.3 and 4.6). 
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Performance Comparison of Stand-Alone Programs 

Figure 4.7: Execution time for aligning 1000 bacterial 16S rRNA sequences dependent 
upon the size of the template alignment for 4 template-based alignment 
programs: CRWAlign, HMMER, Infernal and ssu-align. 

To analyze how fast CRWAlign is able to align RNA sequences, it was compared 

with the other 3 stand-alone programs, HMMER, Infernal and ssu-align. Figure 4.7 

shows the wall-clock execution time of each of the programs when aligning 1000 

bacterial 16S rRNA sequences when given 3 different template alignments (250, 500 and 

1000 sequences). Only 1 data point was collected for ssu-align given that its profile had 

already been built into the program. Due to platform requirements and software 

dependencies, CRWAlign has been tested on a Windows platform with an Intel Xeon 
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x7550 @ 2GHz running Windows Server 2008 R2 Enterprise (64-bit). HMMER and 

Infernal were run on a Linux platform with an Intel Core i7 920 @2.67GHz running 

Ubuntu (11.10 32-bit). The ssu-align program was run on a Intel Xeon processor 5400 

running Solaris 10.0. The results show that CRWAlign is over 15 times faster than ssu-

align and on average, 4 and 5 times faster than HMMER and Infernal, respectively (Fig. 

4.7).  

Scalability of Approach 

Figure 4.8: Execution time for aligning 500 bacterial 16S rRNA sequences dependent 
upon the size of the template alignment for the two phases of the CRWAlign 
programs. 
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Figure 4.9: Execution time for aligning 1000 bacterial 16S rRNA sequences dependent 
upon the size of the template alignment for the two phases of the CRWAlign 
programs. 

CRWAlign consists of two phases: 1) the generation of metadata from a template 

alignment and 2) aligning unaligned sequences. The total running time of CRWAlign is 

sensitive to both the number of template sequences as well as the number of sequences 

aligned. Figures 4.8 and 4.9 show the execution time for aligning 500 and 1000 bacterial 

16S rRNA sequences, respectively, with 3 different template alignments (250, 500 and 

2000 sequences). The results show that the computational cost of generating metadata is 

sublinear to the number of sequences in the template alignment while the alignment 

phase has an execution time that increases linearly to the number of sequences to be 



 87

aligned. Also, as the size of the template alignment grows, CRWAlign is able to align the 

RNA sequences at a faster rate. This speed increase is most prominent when the template 

size is small as seen when the template size was increased from 250 to 500 (Figs. 4.8 and 

4.9). There will be a diminishing return as the size of the template alignment grows. 

SUMMARY 

The alignment of RNA sequences has in the past required a manual curation stage 

to create the most accurate alignment. While this has facilitated the creation of very 

accurate and large alignments at the several of the RNA comparative analysis websites 

(e.g. RFam[115], Comparative RNA Web (CRW) Site[102, 115], this curation is very 

time-consuming and is unfeasible with the very large number of sequences that are now 

commonly analyzed. Thus it is imperative that computer programs perform these tasks. 

I have developed a template-based alignment algorithm that significantly 

outperforms in terms of accuracy any existing program. This program utilizes multiple 

dimensions of data including sequence composition and phylogenetic information plus 

the column conservation in an alignment. This information is stored in rCAD and is used 

to generate the necessary metadata needed to align new sequences.  

The accuracy of CRWAlign was tested on three ribosomal RNA molecules and 

compared with various template-based and de novo RNA sequence aligners. For all three 

molecules, when the sequence identity range was 90-100%, the competing programs 

were usually able to nearly match the accuracy of CRWAlign. It is when the sequence 

identity dropped lower that the other programs were unable to match the accuracy of 

CRWAlign. CRWAlign was able to maintain an accuracy greater than 97.7% for all three 

RNA molecules in the sequence identity range of 50-60%. 
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Also, when execution times were compared with the three programs available for 

download, Infernal, HMMER and ssu-align, CRWAlign ran significantly faster. It will 

also scale to accept large number of sequences in the template alignment and large 

number of unaligned sequences. Generation of the metadata with templates used in this 

study showed sublinear computation time. As the size of the template alignment grows to 

10,000 sequences and larger, I expect that the computational cost will increase to linear. 

As the number of sequences to align grows, the computational cost grows linearly. 

The monumental increase in the number of RNA sequences creates new 

opportunities for the comparative analysis of RNA structure, function, and phylogenetic 

relationships. These analyses require that these sequences be aligned as accurately and 

expediently as possible. A web service will become available in the near future at the 

CRW Site. This will allow users to obtain a higher quality alignment after uploading 

unaligned rRNA and tRNA sequences from any phylogenetic domain. A version of this 

program that can run independent of rCAD will be made available at the CRW Site. The 

input for this standalone version is a template alignment and unaligned sequences. 
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Chapter 5: Summary and Future Work 

My research as a graduate student in the Gutell lab has been focused on two major 

areas of RNA research, secondary structure prediction and automated sequence 

alignment. I have used comparative analysis to generate statistical potentials for hairpin 

and internal loops that improved secondary structure prediction accuracy over existing 

RNA folding programs. Comparative analysis was also used to evaluate a proposed RNA 

folding model. Finally, I created a template-based RNA sequence aligner that is more 

accurate than existing alignment programs. 

Prediction accuracies of RNA secondary structures from free-energy 

minimization programs have shown very little improvement recently. Neither newer 

experimentally-derived free-energies nor energetic parameters developed from statistical 

learning algorithms led to only minor improvements. My first project in the Gutell lab 

generated base pair stack statistical potentials from comparative data. And while this only 

slightly improved the prediction accuracy, it did demonstrate that comparative analysis 

could be used to generate energetic parameters. Additionally, the analysis indicated that 

new hairpin and internal loop energetic parameters could significantly improve prediction 

accuracy if a folding program could make use of a richer, more robust set of parameters. 

Using rCAD, a new structural statistic, the comparative / potential ratio was 

collected for sixteen RNA molecular classes and used to generate a set of statistical 

potentials. When used in a modified RNAfold program, it produced a sizable 

improvement in secondary structure prediction accuracy. When tested over the sixteen 

RNA molecular classes against nine other RNA folding programs based upon a variety of 

methods, the statistical potentials had accuracies at least 12% higher. When tested over 

an additional nine control RNA molecular classes, the statistical potentials essentially 



 90

equaled or bettered every other program. Only one, MultiFold, outperformed the 

statistical potentials and only by 1%.  

Having demonstrated that this method can generate useful energetic parameters, 

this approach can be extended and improved upon. First, more RNA molecular classes 

can be added when generating the molecule-independent statistical potentials. Also, while 

initial testing of base pair stack statistical potentials led to little change in performance, 

they were generated with only five RNA molecular classes. When created from more 

RNA molecular classes, base pair stack statistical potentials may perform better including 

statistical potentials for non-canonical base pairs. Third, it may be possible to extend this 

approach to generate multi-stem statistical potentials. Fourth, it should be possible to 

identify the most essential structural elements and components that will produce the 

highest accuracy of the predicted RNA structure. This should help identify general 

structural families and reduce the number of needed energetic parameters. Finally, the 

statistical potentials and folding programs could be extended to use non-nearest effects. 

While there is still room to improve the prediction accuracy of the RNA 

secondary structure with better energetic parameters, it is unlikely that this alone will 

succeed in gaining 100% accuracy. Therefore, a new folding model is needed is the RNA 

folding problem is to be solved. Using comparative analysis, a new proposed RNA 

folding model was evaluated. This new model included energetics, contact distance, 

competition and a folding pathway. Each component of this folding model was evaluated 

and substantiated for its validity. An obvious next step is take this folding model and use 

it as the basis for a new RNA folding algorithm which should produce the more accurate 

predictions than any existing program. 

Necessary for the creation of statistical potentials is the existence of well-aligned 

multiple RNA sequence alignments. Automated sequence aligners have been used to 
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create these alignments. When pairs of sequences have high identity, both de novo and 

template-based aligners are capable of aligning with high accuracy. But when the 

pairwise sequence identity drops below 80%, this accuracy also drops as well. This 

means that the manual curation stage is still requires a significant amount of time and 

effort.  

CRWAlign is a template-based alignment program that utilizes the different 

dimensions of information in rCAD, a large RNA informatics resource, to establish a 

profile for each position in an alignment. The most significant include sequence identity 

and column composition in different phylogenetic nodes. When compared with eight 

other RNA sequence aligners, CRWAlign was more accurate and faster than the available 

stand-alone programs. Most importantly, it was able to maintain a very high accuracy 

even when the pairwise identity dropped below 80%. This is significant because it will 

drastically reduce the amount of time a curator must spend aligning nucleotides in the 

variable regions of an RNA molecule.  

 



 92

Appendix A 

Hairpin Loop Length m b 
3 2.6  2 
4 2.25  0.8 
5 2.8  0 
6 2.1  1.6 
7 2.35  1 
8 2.35  1 
9 1.8  1.1 
10 1.8  1.1 
11 1.8  1.1 
12 2.3  0.5 

Table A1: m and b values used in equation 2.3 when generating molecule-specific and 
molecule-independent hairpin loop statistical potentials. 

 
Internal Loop Length m b 
0x1 or 1x0  1.8  0.25 

1x1 or 1x2 or 2x1  2.65  ‐0.7 

0x3 or 1x3 or 3x0 or 
3x1  2.5  0.25 

2x2 or 2x3 or 3x2 or 
3x3  2.3  ‐1.6 

0x4 or 1x4 or 4x0 or 
4x1  2.25  ‐0.2 

0x5 or 1x5 or 5x0 or 
5x1  2.25  ‐0.2 

2x4 or 3x4 or 4x2 or 
4x3  2  ‐0.75 

4x4 or 4x5 or 5x4 or 
5x5  2  ‐1.25 

Other  2.5  0.5 

Table A2: m and b values used in equation 2.3 when generating molecule-specific and 
molecule-independent internal loop statistical potentials. 
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 Bac 5S   
rRNA 

Euk 5S   
rRNA 

Bac 16S 
rRNA 

Bac 23S 
rRNA  tRNA 

Euk 16S 
rRNA 

RNase P 
A 

Bac    
SRP 

# of 
Sequences 

230 310 1062 64 2112 220 273 1049 

Average 
Length 

112 107 1463 2889 72 1677 336 100 

Table A3: Number of sequences and their average length for eight RNA molecular 
classes used in determining prediction accuracy of RNA secondary structure 
folding programs. 

 
U1 

HCV 
IRES  ykok  TPP  SAM  IRE  HIV   DIS  UnaL2 

# of 
Sequences 

837 550 188 726 589 371 136 542 

Average 
Length 

159 214 168 102 104 29 40 53 

Table A4: Number of sequences and their average length for eight RNA molecular 
classes used in determining prediction accuracy of RNA secondary structure 
folding programs. 

 RNase P B  Hammerhead 3  Purine  HDV 

# of 
Sequences 

114 84 133 33 

Average 
Length 

366 55 100 91 

Table A5: Number of sequences and their average length for four RNA molecular classes 
used in determining prediction accuracy of RNA secondary structure folding 
programs. 

 HIVFE  GEMM  R2  Mito 16S  Arc 16S 

# of 
Sequences 

145 162 15 128 143 

Average 
Length 

51 86 215 1053 1455 

Table A6: Number of sequences and their average length for five RNA molecular classes 
used in determining prediction accuracy of RNA secondary structure folding 
programs. 

  



 94

Appendix B 

 

Figure B1:  Probability of helix formation based on its simple distance and free‐energy 
stability (kcal/mol). Helices are grouped into five different free‐energy 
ranges (‐25 – ‐21, ‐20 – ‐16, ‐15 – ‐11, ‐10 – ‐6, ‐5 – ‐1). The data points 
refer to helices with a simple distance +/‐25. The results are for four RNA 
molecular classes (clockwise in increasing sequence length): a) 272 RNase P 
Class A RNA (336 nts) sequences; b) 1062 bacterial 16S rRNA (1463 nts) 
sequences; c) 220 eukaryotic 16S rRNA (1677 nts) sequences; d) 65 
bacterial 23S rRNA (2889 nts) sequences). 
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Figure B2:  Probability of helix formation based on its conditional distance and free‐
energy stability (kcal/mol). Helices are grouped into five different free‐
energy ranges (‐25 – ‐21, ‐20 – ‐16, ‐15 – ‐11, ‐10 – ‐6, ‐5 – ‐1). The data 
points refer to helices with a conditional distance +/‐25. The results are for 
four RNA molecular classes (clockwise in increasing sequence length): a) 
272 RNase P Class A RNA (336 nts) sequences; b) 1062 bacterial 16S rRNA 
(1463 nts) sequences; c) 220 eukaryotic 16S rRNA (1677 nts) sequences; d) 
65 bacterial 23S rRNA (2889 nts) sequences). 
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tRNA 

Euk 5S   
rRNA 

Bac 16S 
rRNA 

Euk 16S 
rRNA 

Bac 23S 
rRNA 

RNase P 
A  SAM 

HCV 
IRES 

# of 
Sequences 

2112 310 1062 220 64 273 589 550 

Average 
Length 

72 107 1463 1677 2889 336 104 214 

Table B1: Number of sequences and their average length for the eight RNA molecular 
classes used in this study. 
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