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Abstract
We present an approach to elicit experts’ knowledge about the Bliss model [1] which is a
parcimonious Bayesian Functional Linear Regression model. We derive an informative prior from
elicited information and we define weights to tune prior information contribution on the estimators.

Sparse Step function

βθ(t) =
K∑
k=1

bk1[ak,bk](t) (1)
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Bliss
Bayesian Functional Linear Regression with
Sparse Step functions aggregates "weak
learners" in a Bayesian way.

Data D: yi, xi(·) where xi(·) ∈ L2([0, 1])

Model: see [2, 5]

yi|xi(·), θ ∼ N
(
µ+

∫ 1

0

xi(t)βθ(t) dt, σ
2

)
(2)

where βθ(·) is given in (1).

Noninformative Prior π0(·) and MCMC: [1]

Bayesian Estimator with L2-loss:

β̂(t) =

∫
π0(θ|D)βθ(t) dθ (3)

where π0(·|D) is the posterior and βθ as in (1).

R Package
Available at
github.com/pmgrollemund/bliss/

Elicitation
Aim:

Collect experts’ knowledge [4] about the coefficient function
Various experts provide: De =

(
yei , x

e
i (·), cei

)
for i = 1, . . . , ne

- pseudo data: yei and xei (·)
- certainty: cei for each pseudo observation

Informative prior
Informative prior is defined as a fractional posterior [3] for which:

- the initial prior is the vaguely noninformative prior π0(·) and
- the pseudo data model is (2)

πE(θ) = π(θ|D1, . . . ,DE ;w) ∝ π0(θ)
E∏
e=1

p(De|θ;w) where p(De|θ;w) =
ne∏
i=1

p
(
yei |xei (·), θ

)we
i

Interpretation : a sequential learning approach
- from initial prior, learn from pseudo data to derive an informative prior
- from informative prior, learn from observed data to derive a posterior

Tuning Weights
Naive approach: wei = cei

- Overconfidence Bias, see [4]
Deriving weights from important properties:

- Experts’ interactions (re,f ∈ [0, 1] is the dependence between expert e and expert f )
- pseudo data weight ≤ observed data weight

wei = cei × (interaction)× (lower ps. data weight) = cei ×
1

1 +
∑
f 6=e re,f

× n

ne × E

Illustrations

Prior
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Posterior
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two independent experts low certainty
(cei ≈ 0)

many dependent experts
(naive approach)

many dependent experts
a (tuned weights)

The marginal posterior distributions of βθ(t) (for each t) are represented using heat maps. Red (resp. white) colour is used to represent high (resp. low) posterior densities.
Prior expectation for each expert Prior expectation Posterior expectation Posterior expectation without prior information
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