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estimate is then optimized using a Maximum
Likelihood (ML) estimation algorithm. To
counter the skew between the observed
mutations and the wild types, we optimize a
modified likelihood estimate to give more
weight to correctly predicting mutations than
to correctly predicting wild types.

The parameters were estimated using 70% of
the dataset and the models were evaluated
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Table 3: Maximum likelihood inhibition matrix for the NNRTI drugs. Predicting mutations using the above matrix had an accuracy of 78%

P(M|dydy...dp)=1 _Hj:*]tgﬂ (Inhibit(], i))dj

Computing the probability of a mutation: The probability of a mutation M is given by

resistance knowledge and would likely perform
better. For example a model that has different
mutation parameters for amprenavir used as the
only Pl compared with amprenavir used for late
salvage would be more likely to accurately detect
amprenavir-specific mutations. A model that takes
into account that certain mutations such as D30N
and N88D are correlated whereas other mutations
(e.g. D3ON and L90M) are anti-correlated is also
likely to perform better.

based on their ability to predict mutations on
the unseen sequences in the remaining 30%
of the dataset.

where d1, d2, ..., dn are the drugs received by the person from whom the
sequenced virus was obtained, Inhibit (j, i) were obtained from the inhibit matrix
shown above, and dj is 0 or 1 depending on treatment history.
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Separate models were created for NRTIs, Pls,

and NNRTIs. Figure 1: The graphical model showing the relationships between the NNRTI drugs and mutations. The weight of an edge from a Drug to a Mutation is read from the

inhibition matrix. Similar models were constructed for Pls and NRTIs. This model is also known as a noisy-OR model.



