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The explosion of available viral genomic data in recent years has provided us
with a new platform of analysis. There are currently 2731 genomic reference
sequences for 1782 different viral genomes (see [GenBank, 1]), and numbers
are rising. Many papers have been published looking at nucleotide compo-
sition of certain regions in specific genomes, or attempting to describe the
evolutionary behaviour of overlapping reading frames. These are all exciting
questions, but maybe it would be worthwhile to also approach the problem
the other way round? As opposed to intricately studying one genome in
isolation in order to understand viral genomes in general, we wish to draw
large-scale conclusions by analyzing the whole of the Genbank viral dataset
in one go. We could find out the average nucleotide composition of viruses,
how likely a start codon is a true start codon, what the probability of an
overlapping reading frame opening in an already existent coding region is,
et cetera. But how would we go about this?

For a long time people have been using what is known as Hidden Markov
Models (HMMs) to model genomic data. An HMM consists of four things:
a set of states S, an alphabet C, a set of state transition probabilities T
and a set of emission probabilities E. Each state s emits a character ¢ with
probability es(c). Transitions between two states s; and s; are made with
probability ¢;;. Take, for example, the case of a casino playing with a fair
and a loaded die, where the loaded die has probability 1/2 of rolling a 6 and
1/10 of rolling any of the other five numbers. After each throw we stick to
our die with probability 0.9 and switch dice with probability 0.1. The set
of states here is S = {fair,loaded}, our alphabet is C' = {1,2,3,4,5,6},
our set of transition probabilities is 7' = {0.9,0.1} and the set of emission
probabilities is £ = {F fair Eioaded} with Suppose a sequence of throws is

Etgir(x) =1/6  for z€1..6
Eipagea(z) =1/2  for =6
=1/10 for z#6

made from one die or the other, then the state — i.e. fair or loaded — is
hidden, hence Hidden Markov Model. Knowing the architecture though, if
wesee 1,2,4,6,3,1,5,6,6,6,6,5,6,6,3,5,4,1 as a sequence of throws we can
still make a good guess about which bits have been thrown with the loaded
die and which with the fair one. There are many famous algorithms, such



as the Viterbi and the Forward-Backward algorithm which provide compu-
tationally feasible ways of finding a good solution to this and other related
problems [Durbin et al., 1998].

When devising models for genomic data, we can attempt to model sev-
eral things. For example we could have one state which is coding and one
state which is non-coding. Our alphabet could be the four nucleic acids
A,C,G, T and we let the probabilities of emitting each one be dependent
on the prior two, thus accounting for the three-periodicity within a coding
region. These probabilities are thus given by a 2 x 4 x 4 x 4 matrix P. Our
state-transition probability from non-coding to coding will be « if we see
a start codon, and from coding to non-coding it will be 1 if we see a stop
codon. If we do not know which regions of the genome are coding or non-
coding, but we do know the P-matrix, we may use this to find the coding
regions. If however, we already know the coding and non-coding regions, we
may use this information to devise a matrix P that fits the data best.

On a more complicated note, imagine an HMM which models nucleotide
composition equivalent to the above, but also draws overlapping reading
frames into account [McCauley & Hein, 2006] — a common feature in viral
genomes. This means that we now have to distinguish not just between cod-
ing and non-coding regions, but indeed between non-coding, single coding,
double coding and even triple coding regions. The emission matrices within
these regions are all going to be different, due to the nucleotide dependencies
at each position. We now may introduce different state transition probabil-
ities such as a1, a1s, aog for the transition from non to single to double to
triple respectively (see figure 1). Again we can estimate both the emission
and the transition probabilites from the data once we know the gene anno-
tation.

Using these Hidden Markov Models, but making them non-hidden by
feeding them the gene annotation off Genbank, we will be able to estimate
an array of parameters describing genomic behaviour. We could look at pa-
rameters on a global scale, or compare them between different organisms to
discover certain trends and tendencies. This is a very exciting and promising
project — it gives excellent insight into the methods and questions prevalent
in the bioinformatic field and a simple idea could lead to very strong results!
A simple project plan could work along the following line

e Read up on Hidden Markov Models in general.

e Consider various specific models which apply to gene annotation,in
particular viruses.

e Evaluate what sort of genomic features, i.e. nucleotide composition,
frequency of start and stop codons, length of introns etc. we would
like to investigate.

e Devise models to accommodate for said parameters.



e Fit the above models to GenBank to estimate parameters and evaluate

results.
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Figure 1: The cube representing the overlapping reading frame model. Since
each codon consists of three nucleotides, there are three “global reading
frames”, known as gRF’s. Here (0,0,0) refers to non-coding, (1,0,0) refers
to single coding in gRF1, (1,0,1) refers to double coding in gRF1 and gRF3
and so on. The transition probabilities between the different states are
shown, and the representation on the cube demonstrates which transitions
are allowed, and which are not.
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