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The Case for Response Adaptive Trial Design for

Rare Diseases

There are approximately 7000 distinct rare diseases that affect
350 million people worldwide. Scientific advances such as the
CRISPR/Casg genome-engineering system' have simplified the
pharmaceutical and biotech industry’s ability to develop gene
therapies, especially for single gene mutation disorders. The
Food and Drug Administration (FDA) now has more than 700
active investigative new drugs (INDs) for gene and cell therapies
and in 2017, approved two cell-based gene therapies (chimeric
antigen receptor T-cells [CAR-T]) and the first gene-therapy
product to be administered in vivo. Collins and Gottlieb, of the
National Institute of Health and Food and Drug Administration
respectively, have stated that ‘it seems reasonable to envision
a day when gene therapy will be a mainstay of treatment for
many diseases’?

Once successfully authorised, a rare disease drug can be
purchased for a considerable amount and research shows
firms with marketed orphan drugs are more profitable than
those without.3 It is fair to predict that more and more pharma
companies will start working in the area of rare diseases.

According to Holly Jackson at Quanticate, for businesses
exploring rare diseases to continue their success, it is imperative
that they and their partners develop a comprehensive
understanding of the clinical trial design requirements for rare
diseases.

Moving from Randomised Control to Response-adaptive Trials
Randomised controlled trials (RCTs) are the traditional approach
most often used in Phase II-III clinical trials. In RCTs, the
probability of being assigned the experimental drug and the
control (placebo or comparator) is fixed throughout the trial,
normally at 50%, so that each drug is given to a similar number
of patients. This leads to a high chance of identifying whether
one treatment is better than the other and understanding any
pharmacological effect.

This approach is perfectly acceptable for common diseases. If
we take cardiovascular disease as an example — of the 7 million
people in the UK with cardiovascular disease, if 200 of them are
in a clinical trial then 99.997% of the population will benefit from
the results of a clinical trial where half of the participants receive
the trial drug.

Whereas in a rare disease such as cystinosis,® which only affects
an estimated 660 people in the UK, if there are 200 patients in a
clinical trial, only 70% of the population will benefit from the results
of an RCT. Where rare disease treatments are being trialled, greater
emphasis on the health of the trial population than on the general
population is required and for this reason response-adaptive clinical
trials are a more suitable design.

Response-adaptive trials differ from a randomised approach
as they use information gained from previous patients within the
study, to decide which treatment to allocate to the next patient

or next group of patients. They vary the treatment allocation
probability in order to favour the treatment, which is estimated to
be more effective in order to maximise the number of successful
outcomes in patients.®

Bayesian Adaptive Designs

Bayesian statistical methods provide a framework in which
information beyond that collected in a particular clinical trial can be
used to make statistical inferences about the treatment outcomes.
Prior information (from previous trials, scientific research or expert
opinion) can be combined with information as it is accrued during
a trial, as well as with the usual data available on completion of the
trial, to make efficient and timely inferences about the safety and/
or efficacy of a treatment or therapy.

Making use of relevant prior information can reduce sample
sizes (or shorten trial lengths) required to meet objectives and so
reduce overall development costs. But there are advantages beyond
the costs. Use of data as they are collected (either through interim
analyses or continual reassessment methods) allows the trial design
to be adapted to improve design efficiency. For example, ineffective
treatment arms could be dropped; further treatment arms could
be introduced; the trial could be stopped early (due to established
futility / efficacy); or randomisation to treatment could be altered to
favour the more effective treatment. Such adaptations are attractive
to both researchers and patients, by making more efficient use of
patient resource and potentially treating patients more effectively.
And again, more efficient use of data can lead to lower overall costs.
In general, adaptive trial designs are easier to implement within the
Bayesian framework.

Due to the expensive nature of clinical trials, more and more
pharmaceutical companies are becoming interested in Bayesian
methods. With ongoing algorithmic development and improved
computational speeds, these methods are becoming increasingly
accessible and accepted. In addition, Bayesian methods have
particular advantages in rare disease scenarios where traditional
sample sizes can be difficult — if not impossible — to achieve. The
standard frequentist methodology of hypothesis testing in a clinical
trial may not always be the best approach and Bayesian methods
allow alternative approaches to be considered.

Personalised Medicine

Personalised medicine is a step away from the ‘one-size-fits-all’
medical approach and instead tailors the treatment to an individual
to produce the best response and ensure more effective medical
care. Since the 2003 Human Genome Project, one can now map out
human DNA and it is plausible to individualise medicine so that
it targets a certain gene. As described by Vogenberg,” personalised
medicine usually targets groups of patients which do not respond
well to normal medicine due to certain characteristics such as age,
genetics and environmental exposure.

Trial managers can also use these patient characteristics (also
known as covariates) in order to allocate patients to a certain
treatment. If one treatment is identified to work better on a patient
with certain characteristics, e.g. female patients, then the probability
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of allocating that treatment to the next person can be adjusted,
depending on the next patient’s gender. This will lead to improved
outcomes for patients within the trial.

Proposed Adaptive Trial Design

Assume there are K = 2 treatments and a total of N patients in a
clinical trial. Each patient arrives into the trial sequentially, such
that the outcome of a patient (patient n) is known before the next
patient (patient n+1) enters the trial. Here it is assumed each patient
only receives one treatment.

Yang® assumes each treatment within the trial has an unknown
probability of producing a positive outcome in each patient. This
probability, which is dependent on the covariates of the patient, can
be estimated using information from previous patients.

When a patient arrives into the trial, a covariate value, x, is
observed for each patient. This covariate could be binary (e.g.
gender) or it could be continuous (e.g. weight), or it could even
represent multiple covariate values being observed. This patient’s
covariate value, along with information from previous patients, will
then be used to assign this patient to a treatment.

The algorithm shown below is a slight variation of that proposed

by Yang.

«  Allocate the first 5 x K patients who enter the trial to each of
the K treatments equally

+  Estimate the probability of each treatment producing a
successful outcome in a patient, based on information from
the previous patients

+  Given that the covariate is known, x of the next patient n+ 1,
find the treatment with the highest probability of producing a
successful outcome in that patient

+  Select currently the best treatment with high probability and
select each of the other treatments with low probability

+  Trial managers now know the outcome of patient n + 1,
update the probability estimate of that treatment producing a
successful outcome in a patient

+  Repeat steps 3—5 for the next patients n + 2, n + 3 and so on.

This algorithm selects the currently estimated ‘best’ treatment
for patient n with high probability, therefore it will produce more
successful outcomes in patients than a randomised control trial
with the same treatments. Thus patients are more likely to join the
trial, as they are more likely to have successful outcomes. Hence
recruitment for the trial is expected to be easier and can happen
more quickly than an equally randomised trial.

However, the algorithm still gives a small probability of allocating
a patient to one of the ‘worse’ treatments. Thus it maintains a good
chance of identifying significant differences between treatments if
present. So when the experimental drug is proven to be the better
treatment, it can be moved to the next phase with high certainty
it is better than the control drug. When the experimental drug is
proven to be worse, the trials on the drug can be stopped, as it is
known with high certainty it will not pass the next phase of trials.
Hence pharmaceutical companies save money by only investing
in and progressing the best treatments to the next phases of trials.

At the start of the trial, when little is known about any of the
treatments, the difference in probability of being assigned the
estimated best treatment and worst treatment is small. However,
as information on the treatments is accumulated, the estimate of
each treatment producing a successful outcome in the next patient
becomes more certain. Hence as more patients enter the trial, the
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probability of being given the estimated best treatment increases
and the probability of being given the estimated worst treatment
decreases.

Conclusion

The design of clinical studies is imperative to the continued success
of the pharmaceutical industry. As pharma businesses shift their
focus away from ‘blockbusters’ to treatments for rare and orphan
indications, clinical trial design must also go through a period of
change as sponsors and their contract research partners ensure the
most appropriate design is chosen to maximise returns.

Adaptive designs are a promising option for rare disease trial
sponsors, offering more control and better informed decisions
around progressing a drug through trial phases while improving
patient outcomes, recruitment and retention.
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