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Introduction 

• About 90% of mammalian genome is transcribed 

• < 2% is protein-coding 

• Most of the rest is probably functional RNA (tRNA, microRNA, snRNA etc.) 

 Huge amount of RNA molecules to analyse  

RNAalifold, 07.01.2015 



3 

Introduction 

• Most functional RNAs have characteristic secondary structures 

 Highly conserved during evolution 

• „Similiar structure“ possibly leads to „similar function“ 

• Structure is higher conserved than underlying sequences 

 RNA sequences vary between species but structure usually does not 

 

Task:  Given a sequence, find the optimal secondary structures or  

 Given a MSA, find the consensus structure. 

RNAalifold, 07.01.2015 
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Introduction 

RNAalifold, 07.01.2015 

source: http://www.mi.fu-berlin.de/wiki/pub/ABI/SS14Lecture11Materials/script.pdf, SeqAna RNA script 

http://www.mi.fu-berlin.de/wiki/pub/ABI/SS14Lecture11Materials/script.pdf
http://www.mi.fu-berlin.de/wiki/pub/ABI/SS14Lecture11Materials/script.pdf
http://www.mi.fu-berlin.de/wiki/pub/ABI/SS14Lecture11Materials/script.pdf
http://www.mi.fu-berlin.de/wiki/pub/ABI/SS14Lecture11Materials/script.pdf
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Introduction 

RNAalifold is a DP algorithm, that uses phylogenetic information (sequence 

covariance) and thermodynamic stability of molecules to predict a consensus 

structure of a MSA.  

 

Idea behind sequence covariance 

example: 

 

 

 

 

 

Bold printed basepairs are covarying (compensatory mutations).  

     base pair most likely present in consensus structure 

RNAalifold, 07.01.2015 

seq1 G C C U U C C C G C 

seq2 G A C U U C C C U C 

seq3 G G C U U C C C C C 
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Methods 

The old RNAalifold 

 

• 4 matrices corresponding to different  

structural components:  

• F (unconstrained structures) 

• C (constrained structures)  

• M (multi-loop structures) 

• M1(multi-loop with one branch) 

 

• They hold for every sub-sequence from 

i to j the optimal folds 

 

• γ(i,j) is the covariance score 

 

 

RNAalifold, 07.01.2015 

source: Bernhart et al., 2008, BMC Bioinformatics  
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Methods 

„Visualization“ of the recursions 

RNAalifold, 07.01.2015 

source: Hofacker/Stadler, 2006  
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Methods 

Improvement of the old RNAalifold 

 

old covariance score: 

 

 

 

 

• Based on hamming distance h(a, b)  

• Problem: No quantitative argument, since h(a,b) is either 1 or 0. Some mutations 

might be more frequent than other... 

 

RNAalifold, 07.01.2015 
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Methods 

Improvement of the old RNAalifold 

 

• Solution: Introducing a scoring matrix (RIBOSUM) 

• Scores derived from frequencies of aligned and basepaired nucleotides (log odds) 

• example: RIBOSUM85-60 

RNAalifold, 07.01.2015 

source: Klein/Eddy, 2003, BMC Bioinformatics 
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Methods 

Improvement of the old RNAalifold 

 

• new covariance score:  

 

 

 

• Replacement of the hamming distance with the RIBOSUM scores 

 

• Complete covariance score used in recursions: 

 𝛽 ⋅ 𝛾 𝑖, 𝑗 = 𝛽 ⋅ 𝛾′ 𝑖, 𝑗 + 𝛿   

0, 𝑖𝑓 𝛼𝑖𝛼𝑗 ∈ 𝐵

0.25, 𝑖𝑓 𝛼𝑖𝑎𝑛𝑑 𝛼𝑗𝑎𝑟𝑒 𝑔𝑎𝑝𝑠

1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 
𝛼∈𝐴  

 

• Parameter 𝛽 – influence of covariance on folding  

• Parameter 𝛿 – impact of non-standard base pairs  

 
RNAalifold, 07.01.2015 
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Methods 

RNAalifold, 07.01.2015 

Improvement of the old RNAalifold 

 

Removal of gaps in interior loops before calculating energies 

      less energetic unfavorable loops 

source: Bernhart et al., 2008, BMC Bioinformatics  
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Results 

Measuring accuracy 

 

• CMfinder-SARSE dataset for reference structures 

• Mathews correlation coefficient (MCC) for accuracy measuring 

• Basically a value to compare reference structure with predicted structure 

• MCC = 1, perfect prediction 

• MCC = 0, not better than random 

• MCC = -1, total disagreement 

 

RNAalifold, 07.01.2015 
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Results 

Influence of β and δ on accuracy 

RNAalifold, 07.01.2015 

Source:  

source: Bernhart et al., 2008, BMC Bioinformatics  
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Results 

RNAalifold, 07.01.2015 

Measuring accuracy 

 

• New RNAalifold RIBOSUM better than other two (except for 𝛽 = 1) 

• Determination of optimal values for 𝛽 and 𝛿 (0.6 and 0.5, respectively) 

• Old RNAalifold emphazised covariance too much 
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Results 

Comparision to other Folding algorithms 

 

 

 

 

 

 

 

 

 

RNAalifold, 07.01.2015 

[...............................................................................................................................] 

source: Bernhart et al., 2008, BMC Bioinformatics  
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Discussion 

Comparision with other folding algorithms (RNA STRAND – Rfam set) 

 

 

 

 

 

 

 

 

  [...............................................................................................................................] 

RNAalifold, 07.01.2015 

source: Bernhart et al., 2008, BMC Bioinformatics  
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Results 

Computational performance 

 

• Runtime: 𝑂 𝑁𝑛3 , 𝑁 sequences of length 𝑛 

• Memory: 𝑂 𝑛2  

• Tests run on an Intel Xeon 2.8 GHz 

• Only runtime was tested 

 

RNAalifold, 07.01.2015 
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Results 

RNAalifold, 07.01.2015 

source: Bernhart et al., 2008, BMC Bioinformatics  

Measuring runtime 

 

• 𝑁 = 4 

• 𝑛 variable 
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Results 

Measuring runtime 

 

• 𝑛 = 1716 

• 𝑁 variable 

• All sequences from 

same alignment. 

 

 

 

 

 

 

 

Dropping basepairs that aren‘t supported by sequences (cutoff). 

    The more sequences available the less basepairs have to be considered. 

 
RNAalifold, 07.01.2015 

source: Bernhart et al., 2008, BMC Bioinformatics  
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Fazit 

• Changes to gaps and covariance led to improved accuracy 

• Slightly more computational effort 

• The new RNAalifold is on par or better than comparitive prediction software (at 

least on tested data sets) 

• No pseudoknots (DP algorithms cannot detect pk) 

RNAalifold, 07.01.2015 
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Thanks for your attention! 

RNAalifold, 07.01.2015 


