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A TKF91 model
• Explicit model for insertions and deletions

• Time-continuous Markov model (birth-death 
model)

• Transition probabilities can be calculated 
analytically

• Likelihood calculation by dynamic 
programming

• Maximum Likelihood estimation of parameters



A TKF91 model
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The probability of an alignment is the product of 
probabilities of several patterns
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This gives the possbility for a Forward and Viterbi-like 
algorithm to calculate the observation probabilities and 
the most likely alignment.



Pair-Hidden Markov Models



Pair-Hidden Markov Models

Emits characters into two 
sequences.



Pair-Hidden Markov Models

Emits characters into two 
sequences.

The observer can see only 
the emitted sequences 
and cannot see the path, 
even the co -emission 
pattern.



Pair-HMM dynamic 
pogramming

Viterbi: the most likely emitting path, namely, the most 
likely alignment.

Forward: the probability of emission, namely, the 
probability of observation.



The TKF91 model as HMM



The TKF91 model is  
biologically  unrealistic

Hein et al. (2000): goodness-of-fit test



The TKF92 model
Unbreakable fragments



The ‘long indel’ model
It is capable to model overlapping 
insertions and deletions

More involved dynamic programming in O(n^4) time



Alignment accuracy



Multiple statistical alignment
Transducer theory, Holmes (2003)

http://biowiki.org/PhyloFilm
http://www.youtube.com/watch?v=EcLj5MSDPyM

http://biowiki.org/PhyloFilm
http://biowiki.org/PhyloFilm
http://www.youtube.com/watch?v=EcLj5MSDPyM
http://www.youtube.com/watch?v=EcLj5MSDPyM


Multiple statistical alignment 
with multiple-HMMs

The number of states grows exponentially with the number of 
sequences



Algorithmic properties

• The running time of dynamic programming
O(5nLn) in case of Forward Multiple-HMMs

• In case of TKF91 model, it can be reduced to 
O(2nLn)-re

• Probably NP-hard



Markov chain Monte Carlo
T(Y|X) aperiodic, irreducible Markov chain, 
T(Y|X) ≠ 0 → T(X|Y) ≠ 0
∀X π(X)>0 distribution
The following Markov chain converges to distribution π():

1. (proposal) Choose a random Y from T(⋅|X).
2. (acceptance) The next state in the Markov chain is Y 
with probability

 
	

                         
and remains X with complementer probability.



The state space of the Markov  chain
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Partial importance sampling of 
sequence alignments

Stochastic iterative alignment
Forward-backward sampling from a pair-HMM
Iteratively on a sub-tree

ALITL---GG
ALLTLTTLGG
---TLTSLGA
ALLGLTSLGA

QST--QCC-S
S------CCS
---QST--QC
---QST--QC

TNQHVSCTGN
GN-HVSCTGK
TNQH-SCTLN
TNQHVSCTLN
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Posterior decoding
What is the probability that two characters are 
homologous given that the sequences are homologous

Viterbi alignment of Human alfa and beta globins in TKF91 and 
TKF92 models, together with posterior decoding. 



Posterior decoding values correlate with 
structure

Legume lectin MPD alignment in the TKF92 model



Multiple alignment of globins under the TKF91 model

Posterior decoding values correlate with 
structure



Posterior probabilities correlate with 
the probability of correct prediction

Part of the Candia rugosa and Bos taurus alfa-beta 
hydrolase Viterbi alignment under the ‘long indel’ 
model.



Part of the same alignment than on the previous slide.
Below: the HOMSTRAD structural alignment. 

Posterior probabilities correlate with 
the probability of correct prediction



0

10

20

30

40

50

60

70

80

90

100

1 21 41 61 81 101 121 141 161 181 201 221 241
           lpkswdwrnvdgvnyaSitrnQhipqyÇgScWAHASTSAMADRInikrkgawpsTlLSVQNVIDçGnAgsÇeggnDlsVWdyAhqhGIPdetçnnyqAkdqeçdkfnqÇGtçnefkeçhairnytlwrVgdygslsgrekMMaeIyanGPISÇGImaterLanytggiYaeyqdttyinHvVSVAGWgisdgteyWIVRNswgepwGerGWLrIVTstykdgkGaryNLAIeehÇTfGdPiv 

Papain family cystein proteinase, predicted structure

Papain family cystein proteinase, HOMSTRAD structural alignment + 3D structure

Posterior probabilities correlate with 
the probability of correct prediction



HOMSTRAD database
• Structural multiple sequence alignments

• 1031 family, 2-41 sequences/family, 8-92% PID

• Superimposed 3D structures are also 
downloadable in PBD format

• Alignments in JOY format
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Predictions

• Both pairwise and multiple alignments

• Secondary structure predictions from Viterbi/
MPD alignments, and also from the posterior 
distribution of alignments

• Multiple alignments only on 12 families

• 3D structure predictions for Viterbi/MPD 
alignments



The 12 families



Pairwise alignments
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Pairwise alignments on the selected 
12 families
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Multiple alignments on the 12 
families
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Sensitivities for the 12 selected 
alignments
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Correlation between posterior 
probabilities and 3D structure 

distances 
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Conclusions

• Posterior probabilities correlate with the 
actual probability that the predictions are 
correct.

• The best correlation achieved when 
predictions are based on the Bayesian 
distribution of multiple alignments.

• Potential tool for 3D predictions.


