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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, 3™ ed.)

p(0) prior distribution for the unknown parameter 6,

p(z | ) likelihood (sampling model) of the observed data z,
p(z | 6)p(0)
| ple 19)p(0) a0

p(0|z) = posterior distribution.




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.
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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)
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lllustration: Hierarchial model with 3 layers



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

Single drug or combination
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Example 1: Drug combination screens
Renneberg et al., (2021, 2023, 2025)

Recap: Base model for individual experiments (bayesynergy)
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Example 1: Drug combination screens
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Example 1: Drug combination screens
Renneberg et al., (2021, 2023, 2025)

Data (Yean, XeaB) (Yeac, Xeac) = (Yowz, Xowz)
Dose-response f f f f*
l l \ pi +9(2")
G(")
Latent GP = A 7 > 7
(ZcaB, O cAB) (Zowz,0.wz) e (Zeac,Oeac)

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

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 f} *

» Joint model for related responses
» Borrow across related features, e.g. with shrinkage priors

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



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) O*

« 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 knowledgeA
about molecular pathways and drug targets

» Allow for mandatory covariates (e.g. cancer subtype) O
c. Pliable BVS: BayesSUR with interactions (Asenso et al, to be submitted): O
» 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): A

» 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

Application to Genomics of Drug Sensitivity in Cancer data
(Garnett et al., 2012)

@ Large-scale pharmacogenomic study with n=498 cell lines and
m=97 drugs.

@ Outcome data: log(/Csp) from dose-response experiments

@ Random draws of 80% cell lines as training data and 20% as
validation data.

@ Input data:
e cancer type (po = 13)
— mandatory covariates not included in the penalty term,

o mMRNA expression (p; = 2602),
e copy numbers (p, = 426) and
o DNA mutations (p3 = 68)



a. BayesSUR (Zhao et al, JSS 2021)

Bayesian seemingly unrelated regression for variable and
covariance selection (Bottolo et al. 2021; Zhao et al. 2021)

e Matrix formulation of the model:

Y = XB + U.
vec(U) ~ N (0, C®1,)

® Y n X m matrix of outcomes with m x m covariance matrix C,
® X n X p matrix of predictors for all outcomes,
® B p X m matrix of regression coefficients.

® |n addition: Variable selection indicator matrix I

vik ~ Bernoulli  ~; ~ Hotspot v ~ MRF
C ~ indep HRR-B HRR-H HRR-M
C~IW dSUR-B dSUR-H dSUR-M
C ~HIWg SSUR-B SSUR-H SSUR-M




a. BayesSUR

Options for variable selection (j =1,--- ,p;k=1,--- ,m)

® |[ndependent Bernoulli prior:
Yiklwik ~ Ber(wj), with wj ~ Beta(a, b.).
® Hotspot prior: (Bottolo et al. 2021)

Viklwik ~ Ber(wjk), with wjx = ok X 7j,

ok ~ Beta(ao, bo), mj ~ Gamma(ax, br).

Markov Random Field (MRF) prior: (e.g. Chekouo et al. 2015.)

f(vld,e, G) exp{le»y +e- 7TG7}

® d controls the model sparsity,

® ¢ the strength of relations between responses and predictors,

® G is an adjacency matrix of the structure prior knowledge.

Y11 Y21 Y31 Y12 Y22 Y32 Y13 Y23 33

Y21 0 1 1 0 1 1 0 0 0

w10 & 1 0 1 0 0 0

2ol0 0 08 0 0 8 0 0 0

G= yu| 0 1 1 0 1 1 0 0 0

ol 1 1 6 1 1 3§ 0 U

valko 0 00 0 0 0 1 0 0

L& »la 0 0 0 0 0 08 0 0

Y33 0 0 0 0 0 0 0 0 0



b. BayesSUR with MRF prior (Zhao et al, JRSSC 2023)

« Genomics of Drug Sensitivity in Cancer (Garnett et al., 2012)
 lllustration with 7 drugs

® MRF prior to include structure, with edges between:

® drugs: Groupl ("RDEA119","PD-0325901"," CI-1040" and

" AZD6244"); Group2 (" Nilotinib”," Axitinib” )

genes in MAPK/ERK pathway (targets of Groupl)

genes in the Bcr-Abl fusion gene (targets of Group2)

genes of MAPK/ERK pathway and Groupl

genes of the Bcr-Abl fusion gene and Group?2

each gene feature in different data sources (GEX, CNV, MUT)
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b. BayesSUR with MRF prior: what does this give us?

More stable feature selection w/ MRF prior

*Independent Bernoulli prior:

Feature set 1 Feature set 11

Feature set 111
*Markov Random Field prior:

Feature set 1 Feature set 11

Feature set I11

Graph of the joint (residual) covariances
between drugs ...
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... and identify which features are
associated with each sub-graph
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d. Cox BVS with MRF selection prior (Hermansen et al, arXiv:2503.13078)

Application: Basal breast cancers (TCGA)

® (Cohort of 187 women with basal breast cancer from The
Cancer Genome Atlas (TCGA)

e Censoring rate: 87%, all with survival of at least 30 days

® Gene expression (p=414), gene mutation (p=75) and clinical
(age, treatment)

1.00 + Censor




d. Cox BVS with MRF selection prior

All KEGG breast cancer pathways incl. basal breast cancer
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d. Cox BVS with MRF selection prior

How to translate a pathway for proteins to an MRF prior
for gene-level features

...........

.. Fizzled

Y "
3
i 3
Wnt -

Figure S13: Illustration of how the graph is constructed from having proteins as nodes (the dotted lines)
in the KEGG LRP6-overexpression to Wnt signaling pathway (Wnt — Fizzled), to having gene covariates
as nodes (solid lines) in the graph used in the MRF prior. Note that while only two genes are chosen as
representatives here (WNT8A and WNTS8B), our data set actually includes a total of 18 gene expression
features (and no mutations), see Figure 7. The edges are also changed from being directed in the KEGG
pathways to being undirected in the graph for the MRF prior.



d. Cox BVS with MRF selection prior

Selecting mostly features from basal breast cancer pathway
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