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source: http://bioinformatics.oxfordjournals.org/content/22/4/445.abstract 

Introduction 
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Non-coding RNAs (ncRNAs) 

• functional important  

• e.g. riboswitches –      

regulate own expression  

 
 
 
 

Motivation 

source: http://rfam.xfam.org/family/RF00174 

conserved 

structure! 
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Aim 

• predict RNA consensus motif 

→ find unknown 

Key Idea 

• simultaneous folding and aligning 

 
 
 
 Motivation 
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Methods 

I. construction of heuristic initial alignment 

II. refining alignments via covariance model-

based expectation maximazation 
 

Methods 



Annkatrin Bressin Seite 6 Methods 



Annkatrin Bressin Seite 7 

I. construction of heuristic initial alignment 
 

Methods 

ClustalV: 

Trusted: 

source: Paper  “RNA sequence analysis using covariance model“ 
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a. candidate selection 

 
 
 
 

Methods 
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b. candidate comparison and alignment 

Methods 

𝑁: 𝑡𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠: 

𝑚: 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒𝑠 𝑖𝑛 𝑒𝑎𝑐ℎ 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒: 

𝑆 =  (𝑠𝑖)1≤𝑖≤𝑁: 𝑖𝑛𝑝𝑢𝑡 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒𝑠: 

𝐶𝑖 = (𝑐𝑖𝑗)1≤𝑗≤𝑚: 𝑐𝑎𝑛𝑑𝑖𝑑𝑎𝑡𝑒 𝑠𝑒𝑡 𝑜𝑓 𝑠𝑒𝑞𝑢𝑒𝑛𝑐𝑒 𝑠𝑖: 
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b. candidate comparison and alignment 

• compare predicted secondary structure 

• use modified tree-edit algorithm 

 → sensitive in sequence and structure  

 

 

 

 Methods 
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b. candidate comparison and alignment 

 

 

 

 

 
𝑑𝑖𝑗 =  𝑑𝑖𝑠𝑡(𝑐𝑖𝑗 , 𝑐𝑘𝑙)𝑘≠𝑖 , 𝑙 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑙′ 𝑑𝑖𝑠𝑡 𝑐𝑖𝑗 , 𝑐𝑘𝑙′  

e.g.: 
 𝑑11 =  𝑑𝑖𝑠𝑡(𝑐11, 𝑐𝑘𝑙)𝑘≠𝑖   

 

 

 
Methods 
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b. candidate comparison and alignment 

 

 

• “consensus candidate“ → minimal 𝑑 

• alignment to best match in each sequence 

if < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

Methods 
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II. Refining alignments via CM based EM 

• iterative expectation-maximazation-

algorithm (EM) optimizes: 

 covariance model for motif description 

 bayesian framework  (mutual 

information and folding energy) for 

secondary structure prediction 

 

 

 

 

 
 
 
 

Methods 
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Covariance model 

 

 

 

 
 
 
 

Methods 

source: Paper  “RNA sequence analysis using covariance model“ 
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Covariance model 

• states 
• MATP 

• MATL, MATR 

• INSL, INSR 

• DEL 

• symbol emission probablilities 

• state transition probablities 

 

 
 
 
 

Methods 

s
o
u
rc

e
: P

a
p
e
r  “R

N
A

 s
e
q
u
e
n
c
e

 a
n
a
ly

s
is

 u
s
in

g
 c

o
v
a
ria

n
c
e

 m
o
d
e
l“ 



Annkatrin Bressin Seite 17 Methods 

Expectation-Maximazation 

• iterative methode 

• Goal: find log likelihood 
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II. refining alignments via CM based EM 

Methods 

𝑀: motif CM 

𝐵: background distribution 

Γ = (𝑀,𝐵, 𝛾): 
 

finite mixture model, 𝛾 mixture probability 
that sequence contains a motif 

Π𝑖 = (𝜋𝑖𝑗): alignment of candidates 𝐶𝑖  with M 
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II. refining alignments via CM based EM 

Methods 

𝑋𝑖 = (𝑥𝑖𝑗): occurence of motif in 𝐶𝑖  
 (𝑥𝑖𝑗 = 1 if 𝑐𝑖𝑗  is a motif instance) 

𝐷 = (𝐿1, 𝐿2, … , 𝐿𝑙): sequence alignment 

𝜎 = (𝛼, 𝛽): consensus secondary structure for D.  
𝛼: indices of single stranded colums,  
𝛽: pairs of indices of base paired colums  
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b. Expectation-step 

• update 𝜋𝑖𝑗: Viterbi algorithm 

• update 𝑥𝑖𝑗: 

𝑃 𝑥𝑖𝑗 = 1 =

𝜆 ∙
𝑃(𝑐𝑖𝑗|𝑀)
𝑃(𝑐𝑖𝑗|𝐵)

1 − 𝛾 +  𝜆 ∙  
𝑃(𝑐𝑖𝑘|𝑀)
𝑃(𝑐𝑖𝑘|𝐵)

𝑚
𝑘=1

, 𝜆 =  
𝛾

𝑚
 

 

Methods 

𝑿𝒊 , 𝜫𝒊  
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b. Maximization-step 

• update 𝛾 =  
1

𝑁
 ∙   𝑥𝑖𝑗

𝑚
𝑗=1

𝑁
𝑖=1  

• update M: 

i. change the structure of M 

ii. infer emission and transition 

probabilities 

Methods 

𝑴 , 𝜸 
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ii. infer emission and transition probabilities 

• emission: bayesian posterior estimate with 

Dirchlet prior 

• transition: equivalent to find 

𝜎 = 𝑎𝑟𝑔𝑚𝑎𝑥𝜎  𝑃(𝐷, 𝜎) 

 Methods 
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ii. infer emission and transition probabilities 

• maximum likelihood for: 

 𝐾𝑖𝑗

(𝑖,𝑗)∈𝛽

;  𝐾𝑖𝑗 = 𝐼𝑖𝑗 + log
𝑝𝑖𝑗

𝑞𝑖𝑞𝑗
 

𝑝𝑖𝑗: 𝑝𝑟𝑖𝑜𝑟 𝑏𝑎𝑠𝑒𝑑 𝑝𝑎𝑖𝑟𝑒𝑑  

𝑞𝑖: 𝑝𝑟𝑖𝑜𝑟 𝑠𝑖𝑛𝑔𝑙𝑒 𝑠𝑡𝑎𝑛𝑑𝑒𝑑   

 

 

 

Methods 

based on a 

thermodynamic 

model 
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II. refining alignments via CM based EM 

• iterative between     

E- and M-step 

• adjusting      

candidates 
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Run time 

• per iteration: 𝑂 𝑁 ∙ 𝐿3 ∙ 𝑀  
 

 

 

 

 

• <15 iteration, 1-60 minutes 

|𝑀|: number of states in CM 

𝐿: maximum sequence length 

𝑁: total number of sequences 
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Example of use 
 

Example of use 
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Advantages 

 high average specifity (81%) and 

sensitivity (77%) in term of base paires 

 works with low and high sequence 

similarity 

 update and combining CM 

 
Conclusion 
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Advantages 

 robust with flanking sequences 

 faster than other comparable 

applications (2005) 

? directly useable for homology search 

 

 
 
 
 

Conclusion 
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limitation and simplification 

× possible for < 60 sequences 

× viterbi approximation instead of running 

inside-outside algorithm in E-step 

× no support of pseudo nodes 

Conclusion 
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Summary  

• comparative methode 

• prediction and localisation of consensus 

RNA motifs 

• simultaneous folding and aligning 

 
Summary 
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Summary  

• initial alignment based on sequence and 

structur 

• EM-algorithm use CM 

• Bayesian framework for structure prediction 

(folding energy, sequence covariation) 

 

 
 Summary 
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Thank you for your attention. 


