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1 Introduction

Hidden Markov models [2] (HMMs) have been successfully applied to Bioinformatics such as gene find-
ing, remote homology detection and secondary structure prediction. On the other hand, continuous
density HMMs have been widely used in the field of speech recognition. Though continuous density
HMMs were not applied to Bioinformatics so far, they may also be useful in Bioinformatics. Currently,
we are developing methods for applying continuous density HMMs to analysis of three-dimensional
structures of proteins. In this poster abstract, we report a preliminary result on application of con-
tinuous density HMMs to analysis of protein structures.

2 Method

Hidden Markov models with discrete observations have probabilities for output characters. On the
other hand, output probabilities of continuous density HMMs are defined by Gaussian distributions.
The probability to output a vector Ot at time t in state i is
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where µi is a mean vector of state i, Σi is a covariance matrix, and d is the dimension of vectors.

2.1 Parameter estimation

We can estimate continuous density HMM parameters using the EM(Expectation-Maximization) algo-
rithm [1], such as discrete HMMs. Among the parameters, initial probabilities and transition probabil-
ities are updated by the same formulae. On the other hand, the parameters of the output probabilities
are updated as follows
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where γt(i) is the probability of being state i at time t, given an observation sequence O1, ...,OT . In
addition, we used updating formulae for many observation sequences, and in order to avoid underflows
we applied a scaling method and used logarithm of probabilities.
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Figure 1: A hidden Markov model for α-helices. The state 0 corresponds to β-sheets or loop regions,
the other states correspond to α-helices.

3 Results

One of our goals is to find common structural patterns from proteins having similar functions. As
a first step towards the goal, we applied continuous density HMMs to identification of α-helices in
protein structures. For that purpose, we transform protein structures into sequences of 3D vectors,
and these sequences are given to continuous density HMMs as input data, where we omit details here.
We used structural data from the PDB database [3]. We considered a model with 8 states (Fig. 1).
Because an α-helix rolls 2 cycle per about 7 residues, we used 7 states for α-helices.
The following is the result for 2HBG.

HHHHHHHHHHHHHHH-----HHHHHHHHHHHHHH--HHHHHHH-------HHHHHHHHHHHHHHHHHHH---

012341234561234500000123456712345670121234500001200123456712345612345612

-HHHHHHHHHHHHHHHH--------HHHHHHHHHHHHHHHHHHH-----HHHHHHHHHHHHHHHHHHHHHHH

312341234123456123000000012345612345612345670120012345612345612345612345

where H represents an α-helix part, and numbers represent states.
The result for 1EBT is as follows.

-HHHHHHHHHHHHHHH--HHHHHHHHHHHHHH--HHHHHH---------HH-----HHHHHHHHHHHHHHHH

012345612345123456120123456123456012345671234000012300001234567123456123

HHH----HHHHHHHHHHHHHHHHH----HHHHHHHHHHHHHHHHH----HHHHHHHHHHHHHH----

4567120123456123456123456000123412345612345123000123456123456123456

4 Discussion

In this report, we dealt with three-dimensional coordinates as continuous values for HMMs. As a
result, we could identify α-helices very well. But, we can use other types of continuous values such
as energies and forces, which might be useful for analysis of stability of protein structures and DNA
sequences.
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