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Appendix A - Meta-Analytic Predictive Prior Dis-
tributions
This appendix describes how to obtain meta-analytic predictive prior distribu-
tions.

We used the historical participant level data (k = 3) to fit maximum likeli-
hood versions of the survival models using the flexsurv R package [1]. We
estimated the intercepts α̂d,k and auxiliary parameters γ̂d,k and their stan-
dard errors se(α̂d,k), se(γ̂d,k) for each data set and parametric family and com-
bined them with a Bayesian random-effects meta-analytic model. We used wide
Cauchy distributions on the meta-analytic pooled estimates (α̂d ∼ Cauchy(0, 100)
and γ̂d ∼ Cauchy(0, 100)) and wide positive only Cauchy prior distributions for
the heterogeneity estimates (τα,d ∼ Cauchy+(0, 10) and τα,d ∼ Cauchy+(0, 10))
in order to warrant a convergence of the meta-analytic models with only three
studies [2, 3, 4] while not introducing additional information. We used the
metaBMA R package [5], to estimate the corresponding meta-analytic models,

α̂d,k ∼ Normal(α̂d, se(α̂d,k)
2 + τ2α,d), (1)

γ̂d,k ∼ Normal(γ̂d, se(γ̂d,k)2 + τ2γ,d),

where α̂d and γ̂d and correspond to the meta-analytic pooled estimates and
τα,d and τγ,d to the meta-analytic heterogeneity estimates. Subsequently, the
meta-analytic predictive prior distributions for the intercepts and auxiliary pa-
rameters are,

αd ∼ Normal(α̂d, se(α̂d)
2 + τ2α,d), (2)

γd ∼ Normal(γ̂d, se(γ̂d)2 + τ2γ,d),

where se(α̂d) corresponds to the standard error of the meta-analytic pooled
estimate. Since the γd parameters are bounded to interval (0,∞), we proceed
by estimating the meta-analytic model on a log scale which results in a log-
normal meta-analytic prior predictive distributions.
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Appendix B - Additional Simulation Results
This appendix contains additional results of the simulation study. Figure 1
visualizes the bias of log(AF) and bias of predicted survival at twenty years,
Figure 2 visualizes the confidence interval coverage of log(AF), and Table 1
summarizes the probability and time of reaching each of the decisions.
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Figure 1: Left: Bias and 95% confidence intervals (y-axis; we do not show 95%
confidence intervals in the case they are shorter than the symbols) of the mean
acceleration factor estimates for different sample sizes (x-axis) and methods
(colors/shapes) averaged across all simulation conditions. Right: Bias and 95%
confidence intervals (y-axis) of the predicted mean survival at 20 years estimates
for different sample sizes (x-axis) and methods (colors/shapes) averaged across
all simulation conditions. Methods: Bayesian model-averaging (BMA, deep
purple circles) and model selection over parametric families with: Bayes factors
(BF = light green triangles), AIC (light green circles), and BIC (deep purple
squares).
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Figure 2: Confidence interval coverage and 95% confidence intervals (y-axis) of
the mean acceleration factor estimates for different sample sizes (x-axis) and
methods (colors/shapes) averaged across all simulation conditions. Methods:
Bayesian model-averaging (BMA, deep purple circles) and model selection over
parametric families with: Bayes factors (BF = light green triangles), AIC (light
green circles), and BIC (deep purple squares).
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