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Information borrowing

Information external to the data.

Authorities’ restriction: Type I error.
Restriction makes a lot of sense.
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What this talk is

Discuss:

Discuss an approach to estimate borrow weight.

Talk about context.

Wonder a bit about what we’re trying to achieve.
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What this talk is not

Let us not talk about:

Whether or not we should be borrowing.

Kopp-Schneider et al. (2019) teach us we can’t get Type I error and power.
We come back to this.
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Basic model

Yi | µ ∼ N
(
µ, σ2

)
, i = 1, . . . , n

π(µ) = wπinf (µ) + (1− w)πrob(µ)

Leads to...

π(µ | y) = w̃πinf (µ | y) + (1− w̃)πrob(µ | y)
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Common problems

πrob(µ) is not unrestricted.

Selecting w is complex.
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Proposal

Estimate w ! With Bayesian Inference, we set a prior:

w ∼ Beta(a, b)

Reparameterize: a = eφ and b = (1− e)φ.
That way:

E [w ] = e,

Var [w ] =
e(1− e)

2φ
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A bit about context

Big driver about whether borrowing prior works:

Variance of πrob(µ) cannot be too large (!!!!).

The work of Ratta et al. (2026) addresses this well.
w

σ2
rob

β
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Let’s simulate!

Set true µ = 5, σ2 = 1 is known.

Set σ2
inf = 0.01 and µrob = 0.

Set burnin = 1000, sampling = 5000, thin = 5.

Vary: e, φ, drift = 5− µinf

Each scenario: 5000 times. Results: Draw a boxplot of the respective
posterior means.
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β = 5.83, φ = 5e6
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Discussion

Estimating w doesn’t seem to work.

There are many objectives to target when borrowing.

Do we want...

good borrowing in low drift?
control over borrow decay over drift?
frequentist operating characteristics?

Rely on Ratta et al. (2026) for decay control, but try different βs.

Simulate your way to victory desired decay.
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Thank you!

Reach me at:

guidoam@proton.me
gumo@bavarian-nordic.com

Wait for the eventual paper (it’ll come, I promise)!
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