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Going back to the basics:
Statistics is the science of uncertainty

Statistical science is the systematic discipline that 

• collects, organizes, analyzes, interprets, and presents data in order to 

• draw reliable conclusions and 
• make informed decisions under uncertainty.



Bayesian inference

“Bayesian inference is the process of updating probabilities for hypotheses 

as more evidence or information becomes available, 

using Bayes’ theorem to combine prior beliefs with the likelihood of observed data.”

(Gelman et al, 2023. Bayesian Data Analysis, 3rd ed.)



Bayesian inference

• Provides a posterior distribution 

• Instead of a point estimate (with or without confidence interval) as in frequentist 
statistics.

• A posterior can become a prior in a new model (with new data).

• Easy to build complex models, which propagate uncertainty consistently 
throughout all hierarchical layers of the model.

Adapted from DOI: 10.3389/fncom.2019.00002

Data

https://doi.org/10.3389/fncom.2019.00002


Bayesian hierarchical modelling

• Model related individual experiments together.

• Assume that the individual-model parameters are related and all come from a 
joint distribution (= hyper-prior distribution).

• Borrow information between individual experiments and achieve more precise 
results (reduce uncertainty).

• Example: Drug screen with several drugs (and cell lines)

Illustration: Hierarchial model with 2 layers

Illustration: Hierarchial model with 3 layers



In vitro drug screens and (multi-)omics tumor characterisations 
for personalised cancer therapy development

Slide from K Taskén



Example 1: Drug combination screens 
      Rønneberg et al., (2021, 2023, 2025)



Example 1: Drug combination screens 
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Example 1: Drug combination screens 
      Rønneberg et al., (2021, 2023, 2025)

• Individual experiments (bayesynergy): fully acknowledge all uncertainty
• Bayesian hierarchical model: Multi-output Gaussian processes to model 

individual latent GPs together and borrow information across experiments



Biomedical data are heterogeneous (and sample sizes too small)



1. Explain biological variance/ heterogeneity through diverse data sources
• Multi-omics/ multi-modal, and other data (subgroups, clinical)
• Can integrate different data sources by tailoring priors to the different data types

2. Acknowledge technical variance (noise) 
• Full uncertainty propagation in modelling

3. Increase sample size
• Samples do not need to be i.i.d. (but exchangeable) 

4. Borrow information 
• Joint model for related responses
• Borrow across related features, e.g. with shrinkage priors

5. Restrict the model space through knowledge-based constraints
• By including prior knowledge in the priors
• Example: graph priors for drug target pathways

Biomedical data are heterogeneous (and sample sizes too small)
Bayesian hierarchical models to the rescue 



Examples 2: Bayesian variable selection with structured selection priors

a. Multi-response Bayesian Variable Selection (BVS) (BayesSUR) (Zhao et al, JSS 2021):
• General setup for multi-response high-dimensional Bayesian linear model with variable 

and covariance selection (BayesSUR) 
• Unified software (https://CRAN.R-project.org/package=BayesSUR)

• Efficient implementations for several models in C++
• R package with unified interface and graphics

b. BayesSUR with Markov random field (MRF) selection prior (Zhao et al, JRSSC 2024):
• Systematic investigation of the MRF selection prior for incorporating prior knowledge 

about molecular pathways and drug targets
• Allow for mandatory covariates (e.g. cancer subtype)

c. Pliable BVS: BayesSUR with interactions (Asenso et al, to be submitted):
• Allow interactions between omics effects and cancer types (adapt pliable lasso idea)

d. Cox BVS with MRF selection prior (Hermansen et al, arXiv:2503.13078):
• Cox-like Bayesian survival model with variable selection, including MRF selection prior
• R package: https://CRAN.R-project.org/package=BayesSurvive

https://cran.r-project.org/package=BayesSUR
https://cran.r-project.org/package=BayesSUR
https://cran.r-project.org/package=BayesSUR
https://cran.r-project.org/package=BayesSurvive
https://cran.r-project.org/package=BayesSurvive
https://cran.r-project.org/package=BayesSurvive




a. BayesSUR (Zhao et al, JSS 2021)



a. BayesSUR
 



b. BayesSUR with MRF prior (Zhao et al, JRSSC 2023)
• Genomics of Drug Sensitivity in Cancer (Garnett et al., 2012)
• Illustration with 7 drugs



b. BayesSUR with MRF prior: what does this give us?
 

More stable feature selection w/ MRF prior

• Independent Bernoulli prior:

 

•Markov Random Field prior:

Graph of the joint (residual) covariances 
between drugs …

 

… and identify which features are 
associated with each sub-graph



d. Cox BVS with MRF selection prior (Hermansen et al, arXiv:2503.13078) 
 



d. Cox BVS with MRF selection prior
 



d. Cox BVS with MRF selection prior
 



 
d. Cox BVS with MRF selection prior
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