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Purpose: In rare diseases, small sample sizes and high intrapopulation variability often produce insufficient statistical power, necessitating alternative

analytical approaches that can efficiently interpret limited data.

Methods: A Bayesian framework, which combined both prior knowledge from a Phase 2 trial and observed data from a Phase 3 trial prematurely

terminated for futility, was developed to assess the likelihood of achieving clinically meaningful treatment effects with ARRY-371797.

Results: The Bayesian reanalysis yielded a posterior Hazard Ratio (HR) of 0.54, indicating a possible 46% reduction in the risk of worsening heart failure

or all-cause mortality compared to control. The probability that ARRY-371797 has any efficacy (HR < 1) was 93.75%. The interpretation of treatment efficacy
was modestly impacted by the HR thresholds, with 89.89% probability of achieving at least a 10% reduction in the HR (moderate efficacy) and 83.82%
probability of achieving a 20% reduction (high efficacy). In the sensitivity analyses, the probability of any efficacy was between 75.68% (non-informative

prior) and 85.48% (optimistic prior).

Conclusions: By integrating prior knowledge, the Bayesian reanalysis overcame some of the limitations of a frequentist approach and uncovered potential

efficacy signals that were previously obscured. A Bayesian framework should be considered more frequently in rare disease research, where traditional
statistical methods often fail to fully capture the potential efficacy of novel treatments.

ABBREVIATIONS
HR: Hazard Ratio

INTRODUCTION

Rare diseases are conditions that affect a small
proportion of the population, typically defined as fewer
than 200,000 individuals in the United States [1], or fewer
than 1 in 2,000 people in the European Union [2]. Despite
their individual rarity, rare diseases collectively impact
millions of people worldwide.

One of the major challenges in studying rare diseases
is the scarcity of available data, which makes conducting
clinical trials and interpreting their results especially
difficult [3]. Small sample sizes and high variability within
the patient population [3], often lead to insufficient
statistical power, making it harder to detect meaningful
treatment effects using conventional methods [4]. These
issues underscore the need for alternative analytical
approaches that can increase our understanding of the
uncertainty and make the most of limited data.

The goal of this reanalysis was to demonstrate how a
Bayesian framework can be used to reinterpret the results
of a clinical study that was prematurely terminated due
to futility. By applying Bayesian methods to data from the
Phase 3 trial of ARRY-371797 in lamin A/C gene (LMNA)-
related Dilated Cardiomyopathy (DCM) [5], we aimed to
uncover potential treatment effects or meaningful insights
that were not evident in the original frequentist analysis.
This study sought to highlight the advantages of Bayesian
approachesinrare disease research, particularly in making
more efficient use of limited and uncertain trial data.

MATERIALS AND METHODS
Design

This study presents a Bayesian reanalysis integrating
prior information from a Phase 2 clinical trial [6], and an
interim analysis of a prematurely terminated Phase 3 trial
[5], both investigating a novel therapeutic intervention
(the selective protein kinase inhibitor ARRY 371797) for
LMNA-related DCM, a rare disease that frequently results
in early mortality due to sudden cardiac death [7]. The aim
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was to update the estimate of the Hazard Ratio (HR) for the
composite outcome in patients with LMNA-related DCM
treated with ARRY-371797 and to assess the probability of
achieving specific efficacy thresholds.

Data Sources

The Phase 2 trial was a single-arm study involving 12
patients with LMNA-related DCM, on background heart
failure treatment, who received ARRY-371797 [6]. At
week 12, patients had statistically significant increases
from baseline in functional capacity, as well as lower
concentrations of a cardiac biomarker [6].

The Phase 3 trial was a randomized, double-blind,
placebo-controlled study. The trial was terminated after
a planned interim analysis suggested futility, with no
significant differences (p > 0.05) between groups at week
24 for all outcomes. The reported HR for the composite
outcome of worsening heart failure or all-cause mortality
was 0.43 (95% confidence interval [CI], 0.11 to 1.74; p =
0.23) [5].

Statistical Analysis

A Bayesian approach was used to combine the
likelihood derived from the observed Phase 3 data with
prior knowledge from the Phase 2 trial to gain insight into
a potential treatment benefit, including the probability of
achieving various levels of treatment efficacy (ie, 10% and
20% reductions in the HR for the composite endpoint).

The Bayesian analysis included the following steps:

1. Specifying the likelihood function using Phase 3
trial data.

2. Defining the prior distribution based on the Phase 2
trial.

3. Computing the posterior distribution through
Bayesian updating.

4. Performing a sensitivity analysis to assess the
impact of different prior assumptions.

5. Calculating probabilities
efficacy thresholds.

of achieving specific

Likelihood Function

The likelihood function, representing the observed
data from the Phase 3 trial [5], was assumed to be normally
distributed. The observed HR was 0.43. The standard
error (SE) was calculated from the observed CI using the
following formula: SE = (log(Upper CI) - log(Lower CI) )/

(2 *1.96), where upper Cl = 1.74, lower CI = 0.11, and 1.96
is the z value corresponding to the 95% CL.

Prior Distribution

The prior information available for our analysis
was limited to the Phase 2 study results, which did not
include an HR (the measure used in our statistical model’s
likelihood function). As a result, an HR was extrapolated
from the observed 58.3% responder rate and the prior
mean HR was set to 0.6, reflecting an anticipated 40%
reduction in hazard. The prior distribution of the log HR
(logHR) was assumed to be normally distributed. The prior
distribution standard deviation was set to 0.5, indicating
moderate uncertainty based on the low number of patients
enrolled in the Phase 2 study and variability observed in
functional response.

Posterior Distribution

The general Bayesian formula is Posterior « Prior
x Likelihood. The posterior distribution and Credible
Intervals (Crls) were calculated using Bayesian updating
for normal distributions.

Sensitivity Analyses

To help determine the robustness of the results,
sensitivity analyses were conducted to evaluate the impact
of varying prior assumptions on the posterior estimates.
The classification of priors as informative, optimistic,
conservative, and non-informative was based on the
characteristics of the prior HR and the SD associated with
the prior distribution.

Aprior HR value close to the center (0.6) was considered
informative. Prior beliefs that the treatment would have a
beneficial effect were represented with prior HR values
of 0.8 and 0.9, indicating optimism and conservatism,
respectively. A prior HR value of 1.0 was used for the non-
informative prior. For all priors, a moderate SD (0.5) was
chosen, reflecting some uncertainty in the treatment effect.
This SD signifies that the prior information is less certain,
and the resulting posterior HR will be driven more by the
data than by the prior.

For each combination of prior HR and SD, the posterior
distribution and 95% Crls were recalculated using the
same Bayesian updating formulas.

Probabilities of achieving efficacy thresholds

The probabilities of the true HR being less than specific
thresholds (1.0, 0.9, and 0.8) were calculated using Monte
Carlo simulations. The simulation of posterior samples
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generated 100,000 random samples from the posterior
distribution. To calculate probabilities, the proportion
of simulated HR values less than HR threshold was
determined.

Visualization

Thelikelihood function, prior distribution,and posterior
distribution were plotted over a range of HR values (-2.0
to 2.0) using the normal probability density function. The
likelihood function was scaled for visualization purposes.

Software and computational tools

All Bayesian computations, sensitivity analyses, and
visualizations were performed using R (version [4.4.1])
[8]- The following packages were utilized: ggplot2 (version
3.3.0) for data visualization; reshape2 (version 1.4.4) for
data manipulation; knitr (version 1.28) and kableExtra
(version 1.1.0) for generating tables; and binom (version
1.1-1) for calculating binomial Cls. The detailed R code is
provided in Online Resource 1.

RESULTS

The Bayesian reanalysis yielded a posterior HR of
0.54, indicating a possible 46% reduction in the hazard of
worsening heart failure or all-cause mortality compared
to control. As shown in Figure 1, the posterior HR (0.54)
lies between the prior (0.6) and the likelihood (0.43)
distributions, suggesting that the new data has moderated
the prior belief, resulting in a more balanced estimate. The

1.00
0.75

0.50

Density

0.25

0.00
0.0 05 1.0 1.5
Hazard Ratio (HR)

— Prior(HR=0.6,Crl=[0.23, 1.6])
— Likelihood (HR = 0.43, CI =[0.11, 1.74])
— Posterior (HR =0.54, Crl =[0.24, 1.19])

Figure 1 The prior distribution (blue curve) reflects the prior belief about the
efficacy of the treatment before observing the Phase 3 trial data. The HR from
prior knowledge is 0.6, with a Crl of 0.23 to 1.60.

The likelihood distribution (green curve) is derived from the Phase 3 trial data
alone. The observed HR is 0.43, with a Crl of 0.11 to 1.74. This likelihood curve
is wider than the prior distribution, indicating less confidence from the new data
but still showing overlap with the prior belief.

The posterior distribution (red curve) is the result of combining the prior belief
(blue) and the new data (green). The updated HR is 0.54, with a CrI of 0.24 to
1.19. The posterior distribution is narrower than the prior, indicating that the
analysis has reduced uncertainty by incorporating the new trial data. However,
there is still uncertainty as the Crl crosses 1, meaning it is plausible that the
treatment will not have a strong effect.

Abbreviations: Crl: Credible Interval; HR: Hazard Ratio.

posterior Crl of 0.24 to 1.19 does not exclude 1, which
implies that the treatment effect, while likely beneficial
(HR < 1), is not statistically certain.

Based on the analysis, there was a high probability
(93.75%) that the treatment is effective (HR < 1; Figure
2). As the efficacy threshold became more stringent (ie,
HR < 0.9 and HR < 0.8), the probability of achieving the
reduction decreased (Table 1), reflecting the difficulty of
achieving stronger treatment effects. The probability of
moderate efficacy (HR < 0.9) and high efficacy (HR < 0.8)
was 89.89% and 83.82%), respectively.

Sensitivity Analyses

Sensitivity analyses (Table 1), demonstrated that the
posterior estimates are influenced by the choice of prior
parameters. Stronger prior beliefs in efficacy (lower prior
HR) lead to lower posterior HR estimates, suggesting
greater treatment efficacy.

DISCUSSION

This reanalysis of the Phase 3 trial for ARRY 371797 in
LMNA-related DCM using Bayesian methods offers several
important insights that highlight both the utility and
challenges of Bayesian approaches in rare disease clinical
trials.

Based on interim data, the original frequentist analysis
concluded futility, with an HR of 0.43 and p-value of 0.23,
which did not reach statistical significance. However,
the Bayesian reanalysis presents a more nuanced view,
uncovering potential efficacy signals that were previously
obscured. Specifically, by incorporating prior information
from the Phase 2 trial, where a 58.3% responder rate

1.00
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0.0 0.5 1.0 1.5
Hazard Ratio (HR)

Figure 2 Probability of any efficacy (HR < 1)

The red dashed vertical line at HR = 1 separates the region where the HR
indicates a treatment benefit (HR < 1) from where the treatment might not
have an effect (HR 2 1). The shaded area under the curve is proportional to the
probability of any efficacy and demonstrates that, based on the analysis, there
was a high probability (93.75%) that the treatment is effective (HR < 1).
Abbreviation: HR: Hazard Ratio.
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Table 1: Probability of any (HR < 1), 10% (HR < 0.9), and 20% (HR < 0.8) efficacy, including sensitivity analyses
. Posterior Lower Upper Probability - -
Prior HR 95% Crl 95% Crl HR <1 Probability HR < 0.9 Probability HR < 0.8

Informative 0.54 0.24 1.19 93.75% 89.89% 83.82%
Optimistic 0.65 0.29 1.45 85.48% 78.68% 69.49%
Conservative 0.70 0.32 1.56 80.45% 72.78% 62.48%
Non-informative 0.75 0.34 1.68 75.68% 66.88% 55.88%

To help determine the robustness of the results, sensitivity analyses were conducted to evaluate the impact of varying prior assumptions on the posterior estimates. The
classification of priors as informative, optimistic, conservative, and non-informative was based on the characteristics of the prior HR and the SD associated with the prior

distribution.

Thresholds < 1, < 0.9, and < 0.8 suggest any, moderate, and high degrees of efficacy, respectively.

Abbreviations: Crl: Credible Interval; HR: Hazard Ratio.

was observed, the Bayesian approach reveals a >80%
probability of achieving a 20% reduction in the HR,
suggesting a high chance of achieving this level of efficacy
and that the treatment provides a clinically meaningful
reduction in risk. This demonstrates how Bayesian
methods can enhance interpretation of available data
by integrating prior knowledge, thus overcoming some
of the limitations of traditional frequentist approaches,
particularly in the context of small sample sizes and rare
diseases.

The overall interpretation of the results is also affected
by the choice of HR thresholds, which are critical for
decision-makers (eg, clinicians, regulatory bodies, health
technology assessment agencies) when considering what
level of efficacy is needed to justify treatment approval,
reimbursement, or further investment in the treatment.
A treatment might appear efficacious with an HR < 1 but
may not reach clinically meaningful thresholds, such as HR
< 0.8, which can influence the conclusions drawn about its
real-world effectiveness.

One of the key strengths of the Bayesian framework
is its flexibility in incorporating prior information. In
this reanalysis, the use of various priors (ie, informative,
optimistic, conservative, and non-informative) allowed
for a thorough exploration of how different assumptions
about the treatment’s effectiveness could influence the
results. Notably, the informative prior, derived from the
Phase 2 trial, provided support for continued belief in
the treatment’s potential efficacy. The resulting posterior
distribution indicated an HR of 0.54, suggesting that the
treatment could reduce the hazard by up to 46%. The
conservative prior, meanwhile, tempered the treatment’s
perceived efficacy, with a posterior HR of 0.70, reflecting
the prior belief’s assumptions.

For rare disease trials, setting relevant outcomes and
appropriate inclusion/exclusion criteria is difficult—
but crucial to determining a treatment’s efficacy. These
challenges are illustrated in the clinical studies of ARRY-
371797. The Phase 3 trial authors acknowledge that the

chosen measures and biomarkers had not been validated
in patients with LMNA-related DCM [5]. Further, the
trial enrolled patients with LMNA variants of uncertain
significance, contributing to a heterogenous patient
population that may have produced the highly variable
observed changes in outcomes and limited detection of
treatment-related changes [5]. Interestingly, in the Phase 2
long-term extension study that only enrolled patients who
might, in the Investigator’s opinion, derive benefit from
continued treatment with ARRY-371797 [9], preserved
exercise capacity over 144 weeks was demonstrated [10].
This finding supports that better definition of the target
population can clarify whether a treatment is beneficial.
Overall, these results illustrate that the designation of
a treatment as futile may be the product of factors other
than the treatment’s efficacy, such as suboptimal outcome
measures or a heterogenous patient population.

Rare diseases present unique challenges in clinical
trial design, particularly due to small sample sizes, high
intrapopulation variability, and the difficulty of replicating
findings across larger, more heterogeneous populations.
In this setting, traditional frequentist methods often fall
short, as evidenced by the Phase 3 trial’s futility conclusion,
which may have prematurely dismissed a potentially
beneficial treatment.

In comparison, the Bayesian approach allows for amore
flexible and adaptive framework that can incorporate prior
information and quantify uncertainty more effectively.
This is particularly valuable in rare disease trials, where
every data point is precious, and small effects may still be
clinically meaningful.

The results of this reanalysis suggest that ARRY
371797 may indeed provide a clinically significant benefit
to patients with LMNA-related DCM, as evidenced by the
high probability of achieving meaningful HR reductions.
Such findings have important implications for the design
and evaluation of future rare disease trials. By integrating
prior knowledge and providing more nuanced assessments
of treatment effects, Bayesian methods may help to avoid
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premature trial terminations and provide patients with
better access to potentially life-saving therapies.

Limitations and Considerations

Bayesian analysis is not without its challenges. The
choice of prior is a subjective decision that can significantly
influence the results. Our prior distribution based on the
Phase 2 trial may be overly optimistic due to the lack of a
control group and small sample size, which can skew the
Bayesian analysis toward indicating efficacy. The findings
of the sensitivity analyses highlight the importance of
transparent reporting when employing Bayesian methods,
to ensure that results are not overly dependent on a single
set of assumptions.

Moreover, the Bayesian approach does noteliminate the
challenges of small sample sizes and high intrapopulation
variability inherent in rare disease trials. Instead, it
provides a more flexible framework for managing these
issues that still requires careful consideration of prior
information and model assumptions.

CONCLUSION

This reanalysis of data from the Phase 3 trial of ARRY-
371797 in LMNA-related DCM demonstrates the potential
for Bayesian methods to uncover meaningful insights
in clinical studies for rare diseases. By integrating prior
knowledge from a Phase 2 trial, the Bayesian approach
revealed a high probability ofachieving clinically significant
HRreductions, despite the frequentist conclusion of futility.
While the sensitivity of the results to different priors
underscores the importance of careful prior selection and
transparent reporting, overall, this study highlights the
advantages of Bayesian methods in making better use of
limited and uncertain trial data. Moving forward, Bayesian
approaches should be considered more frequently in rare
disease research, where traditional statistical methods
often fail to fully capture the potential efficacy of novel
treatments.
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