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BACKGROUND: Despite extensive experience using 
genotypic and phenotypic data for HIV drug resistance 
interpretation, evolution of drug resistance in vivo remains 
difficult to predict.  Here we model combinations of drugs as 
causal but imperfect influences on viral mutation.  The 
resulting "noisy-OR" relation is closely related to a log-linear 
dependence of mutation probabilities on drug combinations, 
allowing it to be trained directly from clinical records.

METHODS: We extract "genetic selection episodes" (GSEs) 
from clinical records based on two genotypic assays of 
resistance to therapy, one at the beginning of a new drug 
therapy and the second after treatment has given rise to new 
mutations.  Logistic regression is used over a system of 33 
NRTI or NNRTI treatment-selected mutations (TSMs), and 
related to 9 RT inhibitors (6 NRTI's and 3 NNRTI's).  558 GSEs 
extracted from 6837 patients' clinical data are used for training 
and testing.  Cross-validation (10x) and a threshold on model 
deviance identifies 19 statistically significant RT mutations for 
analysis.

RESULTS: In general, the correspondence between drug/
mutation coefficients established by regression from GSEs with 
HIVdb TSM "scores" (based on genotypic and phenotypic data) 
is striking: from 171 (19 mutations x 9 RT inhibitors) potential 
interactions, 29 statistically significant (p < 0.05) coefficients 
correspond in 25 cases to significant (>=5) HIVdb scores, 
including a strong, negative "hyper-sensitive" coefficient for 
mutation L74:AZT.  E44:D4T is the only significant positive 
model coefficient with a lower HIVdb score, and it has been 
mentioned by others [PMID#11920313].

Next, we go beyond conventional intra-RTI-class effects to 
consider all RTI's as potential causes of all RT mutations.  Here 
too the regression coefficients generally confirm known NRTI/
NRTI-related-TSMs and NNRTI/NNRTI-related-TSMs 
"diagonal" interactions.  However, the model also predicts  
other, significant "off-diagonal" drug:mutation interaction

CONCLUSIONS: A straight-forward, general logistic 
regression technique can be used with clinical records 
containing genotypic testing and multi-drug combination 
therapy data.  Results recapitulate many drug:mutation 
interactions known from anecdotal, sequence or phenotypic-
testing, systematizes them, and predict several new NRTI/
NNRTI cross-class mutations.

AfÞliations / funding

ABSTRACT

1 Univ. California, San Diego, La Jolla, CA - NIH #P01GM48870
2Kaiser Permanente, Oakland, CA 
3VA San Diego Healthcare System, La Jolla, CA/UCSD  

UCSD CFAR #AI36214
4Owen Clinic, Univ. California, San Diego, CA - UCSD 

CFAR #AI36214
5Stanford Univ., Palo Alto, CA - NIH/NIAID #AI06858-01A1
6VA Medical Center San Francisco, CA/UCSF - NIH #R01NS051132

Bayesian inference
Potential support for novel drug:mutation 
interactions from the literature

Next steps

Comparison with HIVdb scores

SigniÞ cant RT drug:mutation interactions

Genetic selection episode (GSE)

Data from 7 ACTG trials and 2 clinics

Evaluation

Extracting data from clinical records

Key parameters

Noisy-OR networks 

• Avoiding exponential dependence on parental interactions [Pearl'86] 
Assumes:

1. Accountability: Something caused the mutation! Either one of the 
drugs, or some single, other, unknown ''leak'' cause did

2. Exception independence: Whatever cause c1 it is that keeps d1 
from causing a mutation, is independent of cause c2 that keeps d2 from 
causing that mutation 

• Also, assume drugs administered independently (!?)

• Bipartite: Diseases marginally independent, symptoms (conditioned 
on disease) independent

• Long history in medical diagnosis [QMR-DT, Shwe et al., 1991]

• Early example used to demonstrate efficient exact, approximate 
inference methods [Jordan,Jaakola,Murphy]

• Parameters can be learned from data
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i.e., mutation not observed only if no drug caused it to be, nor anything else

Can this model capture interactions among drugs' effects on mutations!? 

Two possible modes of evaluation:
1. Base on mutation prevalence 
    statistics; evaluate against GSEs
2. Train directly from clinical 

GSEs via logistic regression
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(Only data on training via logistic regression 
presented here)

Break patient record into sequence of episodes 
defined by two genotypic assays,  capturing new 
mutations arising with respect to intevening drugs

• Sensitivity to pij, pi0, Pr(di) statistics; contrasts with regressed 
values
• Other queries
   – Pr(D|M): reconstructing patient history
   – ``Explaining away'' relations among specific drug combinations
• ``...further improvement of genetic barrier representation might 
be achieved by estimating mutagenetic trees for combinations of 
drugs instead of single drugs.'' [Altman et al. 2007]
• Tree-like representations (gene, mode of action) [Frost et al. 
2007]
• Why does Noisy-OR work so much better on RT/RTI than Pr/PrI?

• More elaborate models, including CD4, viral load

• Consider full coevolutionary drug resistance dynamic, as 
"game" defined over state space
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bold: p < 0.05; italics: p < 0.1 corresponding to 
HIVdb score

not corresponding to 
HIVdb score, but with 
some support?
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