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Part I: Theory
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1.
What is (Bayesian) model selection?
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Statistical model selection

Bishop, 2006, Fig. 1.4 5



Underfitting and Overfitting

Pitt & Miyung, TICS, 2002
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General Principle

Penny, NeuroImage, 2012 7



2.
The (very few) formulas that we‘ll need
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Classical information criteria

9Akaike, IEEE TAC, 1974; Schwarz, Ann Stat, 1978

likelihood function

maximum
likelihood

estimation

maximum log-likelihood
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information
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The Bayesian model evidence

10MacKay, 2003, eq. 28.7; Bishop, 2007, eq. 1.45; Koch, 2007, eq. 3.72; Gelman et al., 2013, eq. 1.3
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log model evidence



The cross-validated LME

11Soch et al., NeuroImage, 2016; Soch et al., NeuroImage, 2017



3.
A (very brief) introduction to fMRI data analysis
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BOLD signal

Tim
e

single voxel
time series

Voxel-wise time series analysis

model
specification
parameter
estimation
hypothesis

statistic

SPM
13Stephan, 2010



BOLD signal
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Single-voxel regression model
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14Stephan, 2010



Mass-univariate analysis: voxel-wise GLM
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Model is specified by
1. Design matrix X
2. Assumptions about e

N: number of scans
p: number of regressors

eXy += β

The design matrix embodies all available knowledge about 
experimentally controlled factors and potential confounds.

),0(~ 2INe σ

15Stephan, 2010



Ordinary least squares: beta estimates

16Stephan, 2010



Contrasts & statistical 
parametric maps

Q: activation during 
listening ?

c = [1 0 0 0 0 0 0 0 0 0 0]

Null hypothesis: 01 =β
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17Stephan, 2010



4.
Bayesian model selection for fMRI data analysis
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𝑋𝑋

regressors

Many plausible GLMs
for a given fMRI data set

19

basic model
first trials

react. times
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feedbacks
cue + del

cue + fdb
del + fdb

cue + del + fdb
Soch et al., NeuroImage, 2017



cross-validated
Bayesian model selection

First-level analysis: Second-level analysis:

20Soch et al., OHBM, 2015; Soch et al., NeuroImage, 2016; Stephan et al., NeuroImage, 2009; Penny et al., PLoS CB, 2010



The cvBMS approach in practice

21Soch et al., NeuroImage, 2016
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Empirical example: model space

22Bogler et al., NeuroImage, 2013; Soch et al., OHBM, 2015
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Model selection: GLMs I/II

23Soch et al., NeuroImage, 2016
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Model selection: GLMs I-III

24Soch et al., NeuroImage, 2016



Model selection: GLMs III-l/r
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The MACS toolbox for SPM

26Soch & Allefeld, JNeuMeth, 2018; URL: https://github.com/JoramSoch/MACS



5.
Theory Q&A
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Part II: Practice
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6.
Code: PycvBMS – a Python module for model selection
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PycvBMS – available from GitHub

30URL: https://github.com/JoramSoch/PycvBMS; https://github.com/JoramSoch/cvLME

Note: This repository is now obsolete.
Please consider using the cvLME package!

https://github.com/JoramSoch/PycvBMS
https://github.com/JoramSoch/cvLME
https://github.com/JoramSoch/cvLME


PycvBMS – four easy steps

31

1. define GLM(s)
2. calculate cvLMEs
3. define model space
4. calculate PPs



PycvBMS – a little demo

32

[switch to Anaconda/Spyder]



7.
Demo: Bayesian model selection for Neuropixel probes
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What do we analyze?

34URL: http://data.cortexlab.net/dualPhase3/



What data were acquired?

35

Data come as a 3D NumPy array of spike counts/100 ms
n 

 tr
ia

ls

b  bins

and we will analyze the 

n 
 tr

ia
ls

v neurons

matrix belonging to the k = 16-th 
time bin, i.e. 1000-1100 ms after 
stimulus onset (out of 1500 ms 
total stimulation time).



Which stimuli were presented?
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Each trial is coded as ...
correspoding to ...

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

0° 45° 90° 135° 180° 225° 270° 315° dark-
ness



Research Question No. 1
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„Which neuron reacts to which stimulus?“



Q1: model space
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Q1: model selection tool
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Q1: model comparison
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Research Question No. 2

41

„Does the neuron react to visual stimulation per se?“



Q2: model selection tool
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Q2: model space
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Q2: family comparison
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Q2: data inspection

45



Q2: data inspection
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Research Question No. 3
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„Does the neuron respond categorically or
does it exihibit some tuning function?“



Q3: model space
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Q3: model selection tool
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Q3: model comparison
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Q3: data inspection
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Research Question No. 4
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„Does the neuron also respond to the
exact opposite of the prefered direction?“



Q4: model space
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Q4: model selection tool
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Q4: model selection
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Q4: data inspection

56



Possible Further Research Questions
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„Does the neuron have a baseline response
or is it zero (i.e. no constant regressor)?“

„Are discrete spike counts normally distributed or
are they rather Poisson-distributed?“ (probably yes)



8.
What do I need to perform (Bayesian) model selection?

58



It depends! ;-)

If you have ... then you can use ...

59Soch & Allefeld, JNeuMeth, 2018

... an objective function

... a likelihood function

... plus a prior distribution

... plus an analytic posterior

... any measure of fit

... classical information criteria

... the log model evidence

... the cross-validated log model evidence



9.
Practice Q&A

60



THANKS TO MY COLLABORATORS!

61

John-Dylan Haynes

Carsten Allefeld

Carsten Bogler

Achim Meyer



THANK YOU!
QUESTIONS?

62

joram.soch@bccn-berlin.de



Appendix

63



cvBMS cvBMA MACS

Poster F1000 Research OHBM 2017 OHBM 2018

Paper NeuroImage NeuroImage JNeuMeth

Code obsolete obsolete GitHub |Demo

E-Mail: joram.soch@bccn-berlin.de; WWW: orcid.org/0000-0002-8879-5666.

Model quality control for fMRI

https://f1000research.com/posters/4-184
https://files.aievolution.com/hbm1701/abstracts/37322/1728_Soch.pdf
https://files.aievolution.com/hbm1801/abstracts/32040/2024_Soch.pdf
http://www.sciencedirect.com/science/article/pii/S1053811916303615
http://www.sciencedirect.com/science/article/pii/S105381191730527X
https://www.sciencedirect.com/science/article/pii/S0165027018301468
https://github.com/JoramSoch/MACS
https://github.com/JoramSoch/MACS-demo
mailto:joram.soch@bccn-berlin.de
https://orcid.org/0000-0002-8879-5666


Derivatives of the LME

65Stephan et al., 2009; Penny et al., 2010; Penny, 2012; Soch et al., 2016; Soch et al., 2017; all NeuroImage
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Accuracy & Complexity in the LME

66Penny et al., NeuroImage, 2007; Soch et al., NeuroImage, 2016



The pragmatics of model selection

67

• model dilution 
→ model families

• sequential model selection
→ assume independence

• methodological control (Q3) vs.
scientific inference (Q1, Q2, Q4)



Research Question No. 5

68

„Are spike counts normally distributed
or are they rather Poisson-distributed?“



Q5: model space
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Q5: model comparison
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Q5: data inspection
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Q5: data inspection

72


	Bayesian model selection for�statistical analysis of neural data:�Lessons from fMRI
	Outline
	Part I: Theory
	1.
	Statistical model selection
	Underfitting and Overfitting
	General Principle
	2.
	Classical information criteria
	The Bayesian model evidence
	The cross-validated LME
	3.
	Slide Number 13
	Slide Number 14
	Slide Number 15
	Slide Number 16
	Slide Number 17
	4.
	Many plausible GLMs�for a given fMRI data set
	cross-validated�Bayesian model selection
	The cvBMS approach in practice
	Empirical example: model space
	Model selection: GLMs I/II
	Model selection: GLMs I-III
	Model selection: GLMs III-l/r
	The MACS toolbox for SPM
	5.
	Part II: Practice
	6.
	PycvBMS – available from GitHub
	PycvBMS – four easy steps
	PycvBMS – a little demo
	7.
	What do we analyze?
	What data were acquired?
	Which stimuli were presented?
	Research Question No. 1
	Q1: model space
	Q1: model selection tool
	Q1: model comparison
	Research Question No. 2
	Q2: model selection tool
	Q2: model space
	Q2: family comparison
	Q2: data inspection
	Q2: data inspection
	Research Question No. 3
	Q3: model space
	Q3: model selection tool
	Q3: model comparison
	Q3: data inspection
	Research Question No. 4
	Q4: model space
	Q4: model selection tool
	Q4: model selection
	Q4: data inspection
	Possible Further Research Questions
	8.
	It depends! ;-)
	9.
	Slide Number 61
	Slide Number 62
	Appendix
	   Model quality control for fMRI
	Derivatives of the LME
	Accuracy & Complexity in the LME
	The pragmatics of model selection
	Research Question No. 5
	Q5: model space
	Q5: model comparison
	Q5: data inspection
	Q5: data inspection

