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The problem we’re trying to solve

PIVOTAL TRIAL No.Patientsin  Metprimary o b0 Arm D
the trial endpoint?

Ataluren Phase 2b 174 no 88

Ataluren Phase 3 228 no 81

Drisapersen Phase 2 69 no 51

Drisapersen Phase 3 186 no 92

Tadalafil Phase 3 331 no 51

- large numbers of patients
- drug effects not statistically significant



High variance is driven by heterogeneity in C’
longitudinal disease progression
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* Burden and disappointment for patients and families
* Uncertainty and wasted resources for drug development

* Disincentive for investors

The TAP Collaboration
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Can we select for patients at similar stages of disease.c’
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What to do?

AIMS
1. Reduce Variance
2. Reduce Size of clinical trials

* Select patients with a similar trajectory of progression

 |dentify prognostic factors to predict (and adjust for)
different trajectories

Better trial design, good therapies to patients sooner
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Conventional Prognostic Factors account for only C’
one quarter of observed variance in 1 yr A6MWD
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Composite prognostic model more than doubles Co
prognostic accuracy, reduces unaccounted for variance

R-sq* = 0.61 . .

S _| RMSE*=59.6 m . ﬁ:
E e
% < 7 '- i}
= . ﬂﬂﬂﬂ'fiqh
i i k "
0 92 - . ",
s *r - - ""
il . ’, A 4
% S P
E 'I-'“"I'-I -:,’ . ™
i -y .

O

O - -

o

I I I I I
-300 -200 100 O 100

Predicted Change (m)

*Estimated using cross-validation



AAAAAAAAAAAA
TRAJECTORY
ANALYSIS
PROJECT

Contributions to prognostic accuracy

* The timed function tests contributed most to additional prognostic accuracy

* Genotypic class for dystrophin mutations (duplication, deletion, point mutation)
did not explain significant additional variability in outcomes

R? after adding each baseline characteristic

to age, baseline 6MWD and steroid use
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Impact of selection/enrichment guided by a C.
prognostic score

An accurate prognostic
model helps explain and
reduce variability in
outcomes

Less unexplained
variability leads to clearer
trials: greater power to
detect drug effects and/or
smaller sample sizes

The performance of the
current prognostic model
can enable smaller trials
with 100s fewer patients
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*with 80% power and equal allocation to two groups



What to do?

AIMS
1. Variance Reduced
2. Reduce Size of clinical trials

 |dentify prognostic factors to predict (and adjust for)
different trajectories

Can we use natural history to replace (or augment)
placebo arms in clinical trials?
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Natural History as control - Considerations

 Ambulatory tests e.g. BMWD “is not a ‘hard’ endpoint

— can be influenced by motivation and other factors

* “It has been well documented that untreated historical-control
groups tend to have worse outcomes than apparently
similarly chosen control groups of randomized studies”

* One could hypothesize that 6MWD outcomes dl'€ better
in a trial setting vs. natural history in DMD due to:

— Greater motivation or hope for improvement

— More frequent follow-up
— Optimized steroid therapy and physical therapy.

How consistent is natural history versus placebo?
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Can we access sufficient patient data?

>2,300 >15,000 >1,000
boys clinic visits patient-years

e

1n

Natural
istory (US)

History...

Frequency

nec g
Years of follow-up

LARGE & RELEVANT &
REPRESENTATIVE > | T > DISEASE PROGRESSION>

cTAP_ASA.FDA_091318 13



Assess consistency — study design

Published placebo-controlled
trials using 6MWD

e Ataluren Phase 2b
e Ataluren Phase 3
* Drisapersen Phase 2

* Drisapersen Phase 3
e Tadalafil Phase 3

Natural History datasets,

Clinical practice, clinical registries

Telethon Italy
Goemans, UZ Leuven
McDonald, CINRG
Vandenborne, iDMD
Muntoni, IMDEX

Compare 1 year change in 6MWD

* from each clinical trial

* Versus each natural history using

clinical trial inclusion/exclusion criteria
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Tadalafil Phase 3  Ataluren Phase 2b  Ataluren Phase 3 Drisapersen Phase 2 Drisapersen Phase 3
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No statistical difference between placebo and natural history
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Prognostic model validation in placebo
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No statistical difference between model performance in
placebo versus natural history 16



Regulatory Feedback C. PPPPPPP

* FDA encouraged
— Replicate using other outcome measures

— Use Natural History to supplement, not entirely
replace, placebo

— Work closely with drug companies to apply
prognostic models

e Review with EMA 2019
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Summary

AIMS
1. Reduce Variance
2. Reduce Size of clinical trials

* Prognostic model more than doubles prognhostic power
— Replicates in placebo data

* No evidence of statistical difference between natural
history and placebo

* Positive Regulatory Feedback

Better trial design, good therapies to patients sooner
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Collaboration

* Importance of all patient clinical data

* LEARNing from patient data

* Collaborative learning

* Apples to apples analysis enabled

* Non-proprietary, neutral - Credibility with Regulators
* Teamwork, sum is greater than parts
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Contacts

Susan J. Ward, Ph.D. James Signorovitch, Ph.D.
Executive Director, cTAP Managing Partner, Analysis Group
617-448-2617 617-448-2617
susanj@ward.org James.signorovitch@analysisgroup.com

susanjward@ctap-duchenne.org
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