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INTRODUCTION
* In some contexts, such as paediatrics or rare disease, direct evidence generation may be challenging. OBJECTIVES .
Indirect evidence from different settings is sometimes available and can help inform the research question. * Evaluate and compare the performance of Bayesian methods for

treatment effect extrapolation under realistic trial scenarios through a

 Bayesian borrowing methods are increasingly used to extrapolate treatment effect from a source context to S .
comprehensive simulation study.

a target context!.
® Provide guidance for method selection in small population or

* However, there is limited understanding of how these characteristics are influenced by key factors such as : ) S .
extrapolation settings (e.g., pediatrics, rare diseases).

the drift between source and target treatment effects?.

Table 1: Use cases inspiration for scenarios Table 2: Varying parameters in the simulation study
METHODS .
. Outcome - ..
. . . .. Use case Therapeutic area Parameter Variations
A large-scale simulation study was performed under multiple realistic type
scenarios inspired from 6 real use cases” (see table 1 for details on the use Botox Lower limb spasticity  continuous . fout Continuous, Binary, Time-to-event,
cases and table 2 for varying parameters in the simulation study). ype otoutcome Recurrent events (see use cases)
» Various state-of-the-art methods* were implemented to extrapolate the Dapagliflozin Type Il diabetes continuous |
treatment effect (see table 3). Target sample size N =Ng, Ng/2, Ng/4, Ng/6
: : : . Aprepitant Postoperative nausea binar
* The quality of the extrapolation was assessed via a comprehensive set of Prep! perativ § naty Treatment effect : : : 0
_— Systemic lupus magnitude Consistent, partially consistent, nu
ISEIE Belimumab h ‘ binary
* Frequentists operating characteristics: Type | error (TIE), Power, Mean crythematosus Drift in treatment Ranging from no to large drift (up to
Squared Error (MSE), Precision (half-width of the 95% credible interval - Teriflunomide Multiple sclerosis time-to-event effect treatment effect in the source study)
Cl), Coverage of the 95% Cl. | ecurrent Ratio of variance o1 o o2
* Prior effective sample size (ESS). Mepolizumab Severe asthma events between studies O7/0g= 4, 01/0g =

Table 3: Implemented extrapolation methods in the simulation study

Extrapolation methods Description
Test-then-pool (TtP) (equivalence/difference test) Performs a preliminary test for study consistency and pools data only if no significant heterogeneity is detected
Conditional Power Prior (CPP) Borrows information from the source study through a power prior with a fixed weight, calibrated to preserve nominal type | error
P-value based Power Prior (p-PP) Modulates the amount of borrowing according to the similarity between studies, using a function of the p-value for consistency
Empirical Bayes Power Prior (EBPP) Estimates the power parameter directly from the data via maximum likelihood, allowing data-driven borrowing adaptivity
Normalized Power Prior (NPP) Scales the power prior by a normalization constant to ensure a proper posterior distribution while controlling borrowing strength
Commensurate Power Prior (Com.PP) Links source and target parameters through a hierarchical prior that adaptively downweights borrowing when between-study drift is large
Robust Mixture Prior (RMP) Combines an informative prior (from the source) with a vague prio::;nn?“r;lixture model, enabling automatic discounting in case of prior-data

RESULTS Power and type |l error

* Borrowing may increase power but at the expense of type 1 error inflation, which confirms the findings or

 We performed a systematic comparison of the main Bayesian borrowing _ T ,
prior work3. When adjusting for type | error, no true power gain can be expected.

methods in a unified framework .

* All Bayesian borrowing methods induce type | error inflation, and do not allow Coverace

for type | error control. * Coverage decreased with larger drift.
» Overall, CPP and RMP seem to perform better, while p-PP and TtP yield lower * Overall, CPP achieved better coverage at equivalent type | error, while TtP and p-PP performed worse.

performance.

* Because of the uncertainty associated with the performance of these methods, it
Is recommended to run extensive simulation studies tailored to the problem and
data at hand, to understand their sensitivity to data drift and prior specification.

Conditional Power Prior, vy = 0.25, Np/2= 93 p-value-based PP, k = 20, » = 0.5, Np/2= 58

Bias and precision
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» Static or adaptive borrowing can reduce MSE, especially if the drift is small.

Freq. Pr(Success) at eq. TIE
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» With borrowing, MSE is increased in case of drift and reduced in the absence of e Nominal Pr(Succesy

Pr(Study success)

d rift. =8 Pr(Success) with borrowing
* Inconsistent treatment effects can induce bias; dynamic borrowing approaches 0201
can partially mitigate this risk by reducing the ESS (i.e. the amount of borrowed
information). 0] e | | | Sl B | . . .
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* However, the adaptiveness of these methods was limited: they rarely drop Drift in treatment effect Drift in treatment effect

borrowing entirely event with large drift. " : : . : : :
The probability of success of a borrowing method is at most equivalent (CPP - left figure) to that of a t-test at the equivalent type | error rate; in some

* Overall, CPP and RMP achieved better MSE at equivalent type | error, while TtP | cases, it is even lower (p-PP - right figure).
. . Vertical dotted line: drift value corresponding to a null treatment effect in the target population. Blue line: probability of success of a t-test at a nominal
and p_PP seemed to incur hlgher MSE. TIE of 0.25 as a function of the drift. Black line: probability of success of a Bayesian borrowing approach; the resulting TIE is inflated (the curve crosses
the dotted line well above 0.25). Green line: probability of success of a t-test at the equivalent inflated TIE.

Botox, NI;’[‘Z = 58, Consistent effect, GI,fsg =1

: * Borrowing treatment effects via Bayesian methods can improve power at the cost of type | error

/ \ [d [ ]
i'+'b+* - - inflation.
1
i Methods with higherMS:Pf;t equivalent TIE (TtP, p- i * Across scenarios, Conditional Power Prior and Robust Mixture Prior emerged as the most reliable in
|
o balancing bias, precision, and error control.
! s ’ ’
. * Simulation-based calibration remains essential before using any borrowing approach in
0.02 =
: k b ) confirmatory clinical settings.
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