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Over 20 HIV drugs are now approved by the FDA, and dozens more have reached at least early stage
clinical development. In HIV, as in other therapeutic domains, the path to market for successful
compounds is long, costly, and sometimes inefficient. Elias Zerhouni, MD, Director of NIH, has set
Translational Research as a priority. Many NIH institutes have formed offices and programs to accelerate
progress from discovery to market. FDA believes that "... A new product development toolkit-- containing
powerful new scientific and technical methods such as animal or computer-based predictive models,
biomarkers for safety and effectiveness, and new clinical evaluation techniques-- is urgently needed to
improve predictability and efficiency along the critical path from laboratory concept to commercial
product." Pharsight has conducted over 20 HIV projects using model-based drug development techniques
over the past seven years, in all development phases and covering critical issues in trial design, dose
selection, trial sequencing, and development strategy. This experience covers most mechanisms of action
including protease inhibitors, NNRTIs, NRTIs, and two novel mechanisms.

This presentation reviews best practices in the application of tools for providing quantified insight on HIV
drug development decisions. Case examples will show how to integrate relevant sub-models, estimate key
parameters from trial data, and simulate candidate trial designs. Key parameters critical in HIV include
patient adherence or compliance to the prescribed regimen, compartmental pharmacokinetic parameters,
viral inhibition (in-vivo 1C50), virus and immune cell characteristics (depending on the patient population),
and trial characteristics such as dropout rates. HIV disease models of varying complexity will be
discussed, together with the presenter's views of the advantages and disadvantages of complex vs.
simpler models. HIV models typically include at a minimum uninfected cells, actively infected cells, latently
infected cells, and multiple viral strains. Differential equations describe the virus-cell interaction over time,
including resistance development.

The goal of this presentation is to give the audience an improved ability to use model-based drug
development techniques to accelerate HIV development decisions.
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The integrated model shows how patients succeed or fail over time, depending on drug experience and
individual factors:

We used a simple decision tree to weigh the alternatives and computed the expected value of each
alternative by summing the probability-weighted expected values of each outcome:

« Before Phase 2: in-vitro IC90 and receptor binding information were used to select initial doses.

+ After the first 2 arms (25 mg QD & 100 mg BID): IC50 and viral dynamics parameters were updated,
and Stage 2 of the first monotherapy study was planned.
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2} model with the drug-disease model [4]:

itis important to integrate a commercial

To support clinical trial design decisions, we often need to integrate two or more of the following models
21
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Cholc of regimen D it 4 and cons properly, and may have saved millions in expected value, if the team would have chosen o
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trations, Efficacy
Net NPV . . . During eight years of modeling to support HIV drug development, a number of themes have emerged.
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« start and finish simple even if the middle is complex, e.g., guide the model design with sensitivity
analysis, and summarize the full model with analytical approximations (such as Equivalent Constant
Concentration in Example 2) and long-term vs. short-term response curves.

first monotherapy study (2 dosed arms of 7-8 patients each), after Stage 2 of this study (2 more arms),
and after the second monotherapy study (4 more arms, varying food & dose frequency). Each model
update was smaller with reduced prediction , adding to long-term .

Choice of target population, inclusion criteria, etc.
U=uninfected T-cells

A=actively infected CD4 cells
Lelatenty infected CDA cells

o8 V=virus.

For example, integrated scientific-commercial modeling can properly weigh the pros and cons of

developing a QD regimen or anew QD formulation for a BID drug: PK and Viral Inhibition Modeling: Maraviroc PK was complex but could be summarized using the

concept of Equivalent Constant Concentration (ECC). ECC is the constant plasma concentration that
produces the same average viral inhibition over time as the full concentration time-profile. It is found by
calculating the average inhibition with the full profile and then solving for ECC in the Emax equation:
average inhibition = ECC / (ECC + IC50).

The best-fit model for ECC was of the form:

« Worse PK with QD dosing (at the same daily level) weakens efficacy (drug-disease model)
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background drug in the high-dose arm would compensate for the interaction, but would be expensive
and might confound results by over-compensating. Skipping the high-dose arm would save time and
money up-front and potentially avoid a delay to market, but at what risk of losing a drug?
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