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Introductory example dortmund
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One factorial design with three levels computaionlsttistics

» Investigate treatment-effect on some
dependent variable (e.g. plant growth)
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Introductory example dortmund

# 02 ‘ : university
EX p e rt ex peCtat | O n S computational statistics

» Investigate treatment-effect on some

. treatment 2 - *—o—o
dependent variable (e.g. plant growth)
> treatment 1
> treatment 2
» control
treatment 1 *——o—
Expert assumptions:
» treatment 1,2 > control
» treatment 1 < treatment 2 baseline - *——o o
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Introductory example dortmund
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» Investigate treatment-effect on some
dependent variable (e.g. plant growth)

tfreatment 2 - —

uncertainty wrt. group mean
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Statistical model

Bo ~ Normal(py, g9)
p1 ~ Normal(uy, 01)

B> ~ Normal(u,, o)
s ~ Normal™ (o)

0; = Bo + P1x1; + Poxy

y; ~ Normal(8;,s )

Introductory example
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baseline =
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uncertainty wrt. group mean
( trt1 _trtl1 _trt1l
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Translate expert beliefs into corresponding priors computotionasatits
Bo ~ Normal(uo ,(70)
p1 ~ Normal(i, ,0,) @
pa ~ Normal(yz ,02) 0

s ~ Normal* (o)

0; = Bo + Br1x1; + P2xy;

y; ~ Normal(6;,s )
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The problem is actually not new dortmund
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Expert prior elicitation has a long history computationalstatstc

» Recent review: Mikkola et al. (2023)
» Historically, methods focused on model parameters

» Recent shift to methods that focus on prior predictive distribution
» e.g., da Silva et al. (2019); Hartmann et al. (2020); Manderson & Goudie (2023)

guery information prior

from expert BV ] distribution ﬁ ~ Pa
Parameter space Parameter space
Observable space Parameter space
Parameter/ Observable space Parameter space
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Our contribution to the problem e
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Overview of our prior elicitation method computatona statscs

Bockting, F., Radey, S. T., & Biirkner, P. C. (2024). Simulation-Based Prior Knowledge Elicitation for Parametric
Bayesian Models. arXiv preprint arXiv:2308.11672.
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Our contribution to the problem e

#07‘ : : . : university
Overview of our prior elicitation method computatona statscs

Bockting, F., Radey, S. T., & Biirkner, P. C. (2024). Simulation-Based Prior Knowledge Elicitation for Parametric
Bayesian Models. arXiv preprint arXiv:2308.11672.
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A closer look into our method dortmund
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Initialize hyperparameter vector
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Bo ~ Normal(,uo ,00)
B, ~ Normal(i, ,0,)

By ~ Normal(,uz ,02)
s ~ Normal* (o)

0; = Bo + B1x1i + B2x2;

y; ~ Normal(6;,s )
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Bo ~ Normal(,uo ,00)
B, ~ Normal(i, ,0,)

By ~ Normal(,uz ,02)
s ~ Normal* (o)

0; = Bo + B1x1i + B2x2;

y; ~ Normal(6;,s )

A closer look into our method
Initialize hyperparameter vector

100 initializations

initialization
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Initialization yielding
smallest loss

log o logog log oz logo;
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A closer look into our method dortmund
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Initialize hyperparameter vector computationasatistics
/ cbservations ypreg baseline \
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A closer look into our method dortmund
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SlmU|ate from the generatlve mOdel . . computational statistics

observations ypreg baseline
,8 ~ Normal(um‘ mt) o1
0.08 —
B; ~ Normal(ut™ , o™ Ny
- 1
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A closer look into our method
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... .and compute the elicited statistics computationalstaistcs
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A closer look into our method dortmund
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Learn hyperparameter vector via batch SGD computatona statscs

» Compute loss based on simulated data and expert expectations

L) = ay Ly (minytd, min 9 SL8) + oLy (g5t L, g5t ) + -+ + aoLe (g5, G57°)
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A closer look into our method dortmund

7 17 ‘ : university
Learn hyperparameter values via batch SGD computatona statscs

» Compute loss based on simulated data and expert expectations

L) = ay Ly (minytd, min 9 SL8) + oLy (g5t L, g5t ) + -+ + aoLe (g5, G57°)

» Compute gradient of loss w.r.t. 4 and adjust 4 in the opposite direction of the gradient
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A closer look into our method dortmund

7 17 ‘ : university
Learn hyperparameter values via batch SGD computatona statscs

» Compute loss based on simulated data and expert expectations

L) = ay Ly (minytd, min 9 SL8) + oLy (g5t L, g5t ) + -+ + aoLe (g5, G57°)

» Compute gradient of loss w.r.t. 4 and adjust 4 in the opposite direction of the gradient

» Repeat until max. number of epochs
update(A7t) » Al

Update(ﬂtmax—l ) > Almax
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Po ~ Normal(,uo ,0'0)
By ~ Normal(y; , ;)

B2 ~ Normal(y,, o)
s ~ Normal™ (o)

0; = Bo + P1x1; + Poxy

y; ~ Normal(8;,s )

A closer look into our method
Convergence diagnostics
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‘ Reminder: The problem dortmund
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Translate expert beliefs into corresponding priors computationastatstis
Bo ~ Normal(uo ,(70)
p1 ~ Normal(i, ,0,) @
Py ~ Normal(yz ,02) 0

s ~ Normal* (o)

0; = Bo + Br1x1; + P2xy;

y; ~ Normal(6;,s )
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treatment 2 -

treatment 1 =

baseline —

A closer look into our method
Results: learned vs. expert-elicited statistics
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/- expert information

\ model-implied

elicited statistics
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A closer look into our method dortmund
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Bo ~ Normal(y, , o) 0109 n - B 104 n - B s
B1 ~ Normal(i; ,0,) 0.08 0.8 - B
B, ~ Normal(y,,0,) 0.06 - 0.6 - 02 -
s ~ Normal* (o) 0.04 0.4 -
01 -

0.02 - 02 -

0; = Bo + B1X1,i + B2x2 000 - J L 00 - J L 0o -
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y; ~ Normal(8;,s )
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Sensitivity analysis
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Sensitivity of learned prior distributions computaionlsttistics
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Sensitivity analysis dortmund
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Sensitivity of learned elicited statistics computatonalstatisis
Expert information (reminder) Sensitivity analysis (30 replications with varying seed)
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Sensitivity analysis
Approaches for dealing with sensitive results
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» Elicit additional expert information and
incorporate it in the learning algorithm

ISBA, 06 July 2024
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Approaches for dealing with sensitive results computationastatstis
» Elicit additional expert information and B [ B g, [ s
incorporate it in the learning algorithm 010 ol N
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Approaches for dealing with sensitive results computationastatstis
» Elicit additional expert information and Bo By B, s
incorporate it in the learning algorithm 010 ol ,
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» Make the method actually Bayesian ...

» Explicitly represent uncertainty about the elicitation process and learn a posterior distribution of
the hyperparameter values

» Instead of learning the hyperparameters of a prespecified family — learn the
whole joint distribution on the model parameters
» Work in progress — preprint is coming soon

» Approaches that deal with multiple expert beliefs

» Work out helpful diagnostics
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» Interface to R/Stan (current implementation is in Python TensorFlow)
» Tutorial paper for practitioners

» Applications

» | am looking for collaborators who have an application (+ an expert) and are willing to
try out the method.
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Project website: (under construction)

https://florence-bockting.github.io/PriorLearning/index.html
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Learn Prior distributions from expert
knowledge

Short overview

We propose a new elicitation method for translating knowledge from a domain expert into an appropriate
parametric prior distribution (Bockting et al., 2023). In particular, our approach builds on recent contributions
made by Hartmann et al. (2020), da Silva et al. (2019), and Manderson & Goudie (2023). Their key commonality

is the development of (more or less) model-agnostic methods in which the search for appropriate prior

distributions is formulated as an optimization problem. Thus, the objective is to determine the optimal
hyperparameters that minimize the discrepancy between model-implied and expert-elicited statistics. We also
adopt this perspective and introduce a novel elicitation method that supports expert feedback in both the space
of parameters and observable quantities (i.e., a hybrid approach) and minimizes human effort. The key ideas

underlying our method are visualized in the following figure and outlined below.
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