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Introduction of the concept

 Clinical studies often include a control arm, either
placebo or standard-of-care (SOC), to determine the
(additional) effect of an investigational treatment on
endpoints (e.g. predictive biomarker).

e Substitution and/or reduction of a control arm is
possible by borrowing from data sources external to
the trial (“historical borrowing”), platform trials,
and/or Real-World Datal:2

« Subject-specific biomarker data during a first
treatment ‘training’ period can be used to predict the
most likely biomarker trajectory for a second
‘prediction’ period, where the cohort receives add-on
treatment (addTx)

« For each subject, the predicted biomarker trajectory
can be used as its own ‘virtual control’ to calculate the
net drug effect of an add-on treatment. The general
workflow (Fig.1) and the concept of the VC as a
control arm (Fig.2) are provided below.

« In order to investigate the performance of the VC
methodology, a simulation study is presented to
evaluate the approach.
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Figure 1. Workflow to Generate Virtual Controls and evaluate the
combo treatment vs the Virtual Control arm
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Figure 2. Virtual Control (VC) Concept for a hypothetical subject with
the current Simulated Study Design (see Methods).

Blue area: dosing of siRNA+NA; Orange area: dosing of siRNA+NA continues +
dosing of addTx

Red dots: first 12 weeks of HBsAg data (training period)

Green dots: HBsAg data collected under combo treatment (prediction period)
Red arrow: the difference between the observed HBsAg under combo treatment
and the VC.

Objective

« Investigate the performance of Virtual Controls (VC)
through a simulation framework with a PK-PD model for
HBsAg (viral marker), developed under siRNA+NA
treatment for Hepatitis B

« Key questions

« How reliable are predictions at an individual level?
« What about on- and off-treatment periods?
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Endpoint Analysis (End of Study Intervention at week 24) (Fig.5)

Table 1. HBsAg prediction error (PE) distribution at week 24
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Figure 5. Estimated vs True parameter associations

Longitudinal Analysis (including prediction uncertainty) (Fig.6)
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Conclusion

e The application of VC may obviate the need for an actual control arm, as shown in this simulation framework
For example, VC of siRNA+NA could be used to compare against siRNA+NA and a third compound instead of enrolling an
siRNA+NA+placebo arm

e The approach allows to make the best possible prediction, based on each individual’s initial response (i.e.
‘training’ period) to treatment, for the expected future biomarker course (i.e. ‘prediction’ period).

e Correlation between parameter estimates due to the “short” lead-in time in the ‘training’ period, in particular for
delayed responders, may present a limitation to this approach and may need to be further optimized
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