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Information borrowing

• External information is often available when designing a trial (historical/concurrent

trial, real world evidence, expert opinion...).

• Incorporation can improve trial efficiency.

• Bayesian paradigm offers a natural framework to borrow information

→ Specification of informative prior distributions.

• Potential for heterogeneity (prior-data conflict).
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Robust borrowing

• Discount amount of borrowed information

• Various methods, e.g.:

• (Robust) meta-analytic approaches (Neuenschwander et al.,

2010; Schmidli et al., 2014)

• Power priors (Ibrahim and Chen, 2000; Ibrahim et al., 2015),
• Commensurate priors (Hobbs et al., 2011, 2012).

• Choice/estimation of borrowing

parameters/distributions required

https://www.pexels.com/de-de/foto/orange-frucht-51958/
https://picryl.com/media/apples-fruit-food-food-drink- 9d82ff

Here focus on frequentist operating characteristics: test error rates
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No free lunch

It is not possible to gain power via information borrowing

while controlling type I error (TIE) rate

if a uniformly most powerful (UMP) test exists

(Kopp-Schneider et al., 2020).

→ True for both dynamic and static mechanisms.
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Borrowing information: how to balance?

A trade-off between power and (maximum) TIE rate is always present

• One-arm trial (treatment effect borrowing): choosing a borrowing

approach typically reduces to the choice of a specific power

function/TIE rate (and H0 rejection region in terms of data

outcomes) (Whitt, 1979; Calderazzo et al., 2024).
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Borrowing information: how to balance?

A trade-off between power and (maximum) TIE rate is always present

• One-arm trial (treatment effect borrowing): choosing a borrowing

approach typically reduces to the choice of a specific power

function/TIE rate (and H0 rejection region in terms of data

outcomes) (Whitt, 1979; Calderazzo et al., 2024).

• Two-arm trial (control and/or treatment arm borrowing): more

complex, same maximal TIE rate can be associated with

different test decision rules (and rejection regions).

How to select and evaluate an approach?
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Rationales

Approach TIE rate control External information Properties

Frequentist no borrowing Strict Discarded
Maximises power for
chosen TIE rate level

Bayesian full borrowing Irrelevant Full inclusion
Optimal Bayes properties

if prior is ‘true’

Robust In some form* Adaptively downweighted
If a robust fixed prior is used and it
is ‘true’, optimal Bayes properties

*TIE rate is controlled:

• Globally with inflation: e.g., heavy tailed (O’Hagan, 2010; Weru et al., 2026) or Empirical Bayes (e.g. Gravestock

and Held, 2017) priors.

• Locally (Stallard et al., 2020; Best et al., 2025; Weru et al., 2026): over a sufficient range (additional assumptions).

• On average (Best et al., 2025): ideally across different prior distributions (additional assumptions).
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Compromise approach
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Set-up
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Bayesian and frequentist test decisions

Aim: borrow information with pre-specified global caps on TIE rate inflation and/or deflation.

Frequentist test decision (FD):

reject H0 if

ȳT − ȳC√
σ2

nT
+ σ2

nC

> z1−κ,

Bayes test decision (BD):

reject H0 if Pπ(H0|y) ≤ γ, i.e.

ȳT − µCAC +ȳC
1+AC√

σ2

nT
+ σ2/nC

1+AC

> z1−γ , AC =
σ2/nC

σ2
C

Tune test decision threshold κ to obtain the BD under the frequentist test→ κBD(ȳC).
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Identifying the rejection region of the Bayes test

Frequentist test decision (FD): reject H0 if

ȳT − ȳC√
σ2

nT
+ σ2

nC

> z1−κ,

Bayes test decision (BD): reject H0 if

ȳT − ȳC√
σ2

nT
+ σ2

nC

> z1−κBD(ȳC ), κ
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Calderazzo et al. (accepted for discussion in Biometrics)
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A ‘compromise’ approach

We modify the test decision threshold:

Compromise decision approach (CD)

κCD(ȳC) = max(min(κBD(ȳC), αUP), αLOW )

We then reject H0 if

ȳT − ȳC√
σ2

nT
+ σ2

nC

> z1−κCD(ȳC ),

→ Cap of TIE rate between αLOW and αUP

guaranteed.

αLOW
κ

αUP

0.00

0.05

0.10

0.15

0.20

−2 −1 0 1 2
yC − µC

κ(
y C

)

Decision BD FD CD

Calderazzo et al. (accepted for discussion in Biometrics)
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Evaluation
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Simulation set-up

We compare conditional and unconditional properties of the following analysis

priors/approaches:

• Frequentist approach, no borrowing (FD).

• Bayesian approach, full borrowing (BD).

• Compromise approach, αUP = 0.075, αLOW = 0.01 (CD)

• Empirical Bayes power prior N(µC , σC/
√
λ̂), λ ∈ [0, 1] (EBPowD) (Gravestock and Held, 2017)

Settings:
ȳC ∼ N(θC , 1/

√
nC), ȳT ∼ N(θT , 1/

√
nT ), nT = 20, nC = 10;

µC = 0, σC = 1/
√

10, θT ∝ 1.
κ = γ = 0.025.
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Conditional assessment: critical values

Conditional: on data outcomes ȳC , ȳT .
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Conditional assessment: critical values

Conditional: on data outcomes ȳC , ȳT .
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Unconditional assessment: TIE rate and power
BD FD

CD EBPowD
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Unconditional: averaged over data outcomes ȳC ∼ N(θC , σ/
√

nC ), ȳT ∼ N(θC + δ, σ/
√

nT ).

October 22, 2026 Page 17 Silvia Calderazzo



Introduction Compromise approach Evaluation Conclusions References

Unconditional assessment: TIE rate and power
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Unconditional assessment: Average TIE rate and power
No conflict

See Best et al. (2025). Design prior equal to informative analysis prior: N(µC , σC ).
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Unconditional assessment: Average TIE rate and power
No conflict

TIE rate Power
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Average with respect to the design prior equal to informative analysis prior: N(µC , σC ).
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Unconditional assessment: Average TIE rate and power
No conflict

Average with respect to the design prior equal to informative analysis prior: N(µC , σC ).

October 22, 2026 Page 21 Silvia Calderazzo



Introduction Compromise approach Evaluation Conclusions References

Unconditional assessment: Average TIE rate and power
No conflict

Average with respect to the design prior equal to informative analysis prior: N(µC , σC ).
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Unconditional assessment: Average TIE rate and power
Shifted design prior

See Best et al. (2025). Design prior equal to shifted informative analysis prior: N(µC + 0.5, σC ).
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Unconditional assessment: Average TIE rate and power
Shifted design prior
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Average with respect to the design prior equal to shifted informative analysis prior: N(µC + 0.5, σC ).
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Conclusions
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Which approach and when?
No assumptions on the treatment effect

• Average probability-to-reject function: integrate over θC .

• δ fixed, independent of θC :

• If analysis = design prior for θC :

• Average TIE rate calibrated (Best et al., 2025),
• Average TIE rate and Power gains compared to FD
• → Information borrowing improves OCs.

If analysis 6= design prior, average test error rates can
worsen arbitrarily for non-robust approaches.

Analysis prior = design prior for θC :
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Which approach and when?
No assumptions on the treatment effect

• Average probability-to-reject function: integrate over θC .

• δ fixed, independent of θC :

• If analysis = design prior for θC :

• Average TIE rate calibrated (Best et al., 2025),
• Average TIE rate and Power gains compared to FD
• → Information borrowing improves OCs.

• If analysis 6= design prior, average test error rates:

• Are insensitive to the design prior for the FD
• Are capped for robust approaches
• → FD and robust give "safety net".

Analysis prior 6= design prior for θC (shift):
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Outlook
Decision-theoretic view

Conditional on θC , δ, the frequentist risk (c1=TIE cost, c0= TIIE cost):

R(θC , δ; D) = c1 β(θC , δ; D)︸ ︷︷ ︸
Pr. to reject

Iδ≤δ0 + c0
[
1− β(θC , δ; D)

]
Iδ>δ0 .

Integrate over θC |δ, the partial integrated risk for δ:

r(δ; D) = c1 β̄(δ; D)︸ ︷︷ ︸
Avg. Pr.
to reject

Iδ≤δ0 + c0[1− β̄(δ; D)]Iδ>δ0 .

What about δ?

• An informative prior on θT → (θC , δ) correlated a priori

• An informative prior on δ independent of θC can also be assumed

Outlook: investigate the partial integrated risk & full Bayesian optimality
under different analysis and design prior configurations.
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Discussion

• Any borrowing approach identifies a specific rejection region.

• Identifying and plotting the rejection region may aid interpretability and

robustness from a frequentist standpoint.

• It is also possible to tune the rejection region in order to cap TIE rate of

the Bayes Decision approach→ Compromise Decision:

• Such approach does not define a prior (so we cannot claim Bayesian optimality)...
• ...but it shows in practice acceptable conditional and unconditional behaviour
• Capping provides a global safeguard in a transparent form
• Binomial outcomes and full discard in case of extreme conflict are also addressed
• Theoretical properties, approximations and parameter choices discussed in Calderazzo et al.

(accepted for discussion in Biometrics, arXiv preprint: 2508.16348) .
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