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Prerequisites

* Previously preprocessed data files
* or: run teach_prepro_subject('path/to/Sub01’, 1) on raw functional scans

* Behavioural data
* BehaviorSummary files in /Sub01/behav/

* Tapas toolbox
» added to MATLAB path by running tapas_init



Behavioural parameters

* BehaviorSummary files contain:
* tLeftStim & tRightStim: presentation time of left/ right arrow
* tLeftPress & tRightPress — time of left/ right button presses

* Generate input and response vectors
 run teach_analyse_behaviour_hgf('path/to/Sub01’)
— BehavHGF files
* inputs u: experimental stimuli (left arrow = 0; right arrow = 1)
* responses y: vector of Sub01's button presses (left = 0; right = 1)



Steps for model-based fMRI

1. Choose a model

2. Find best-fitting parameters of model to behavioral data
3. Generate model-based time series

4. Convolve time series with HRF

5. Regress against fMRI data



1. Choose a model

Level 3: Phasic volatility

p (xgk)) ~N(x§k_1),19)

Level 2: Tendency towards category 1
(k) (k=1) | (kex*V+w)
p Xy )~N(xy et )

Level 1: Stimulus category

p(x, =1) = 1+ eo-%
Mathys et al., Front Hum Neurosci, 2011



Specify model priors

* Decide which parameter(s) to estimate
« example: K, (coupling strength between levels 1 and 2)

* Adjust HGF configuration file
* Open /tapas/HGF/tapas_hgf_binary_config.m

N N 3R 3 3% R a8 =X

3T a2 X%

N N

.Oommu
.0msa

Kappas
Format: row vector of length n_levels-1.

Fixing log(kappal) to log(1) leads to the original HGF model.
Higher log(kappas) should be fixed (preferably to log(1)) if the
observation model does not use mu_i+1 (kappa then determines the
scaling of x_i+1).

Anglenn & [agis, Tantaiyl: — set prior variance of k, >0
.logkasa = [ 0, ﬁ; % estimate kappa2 to free the parameter
Omegas ) )

Format: row vector of length n_levels. set prior variance of W, and

Undefln?gaﬁfhengor?éril?N) at the first level. — W, to 0: we don't want to

[NaN, estimate them




Specify model priors

* You can just use the following file, which is already adjusted:

» teach_tapas_hgf binary_config.m

* Load behavioural parameters:
* BehavHGF02.mat

» Use tapas_fitModel to estimate parameters:
 est =tapas_fitModel(responses, inputs,
<prc_model>, <obs_model>, <opt_algo>);

Perceptual
model with
parameters y

Inferred
hidden states

Response
model with
parameters {




Specify model priors

° F|nd BayeS Opt|mal pa rameters: leave empty: optimal parameter values

are independent of responses

bayes_opt = tapas_fitModel([], u, 'teach_tapas_hgf_binary_config’,
'tapas_bayes_optimal_binary_config',
'tapas_quasinewton_optim_config ’),q

 Set the prior mean of K, to the Bayes optimal value
 Adjust tapas_hgf_binary_config.m

% Kappas

% Format: row vector of length n_levels-1.

% Fixing log(kappal) to log(1) leads to the original HGF model.

% Higher log(kappas) should be fixed (preferably to log(1)) if the
% observation model does not use mu_i+1 (kappa then determines the

% scaling of x_i+1). set prior mean of k, to
c.logkamu = [log(l),|0.090349]; % Bayes optimal prior
e Togke e ] - W ] bayes_opt.p_prc.ka(2)

 or use teach_tapas_hgf_binary_config_adjusted.m



2. Find best-fitting parameters of model
to behavioral data

* Fit an HGF to the data:

est = tapas_fitModel(y, u, 'teach_tapas_hgf_binary_config_adjusted’,
'tapas_unitsg_sgm_config', 'tapas_quasinewton_optim_config');

Results:

Parameter estimates for the perceptual model:
mu_0: [NaN 0 1]
sa 0: [NaN 1 1]
rho: [NaN 0 0]
ka: [1 0.1154]
om: [NaN -3 -6]

Parameter estimates for the observation model:
ze: 0.6961

Model quality:
LME (more is better): -96.8247
AIC (less is better): 176.4899
BIC (less is better): 182.0649

AIC and BIC are approximations to -2*LME = 193.6495.



2. Find best-fitting parameters of model
to behavioral data

* Visualise the inferred belief trajectories:
tapas_hgf_binary_plotTraj(est)
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3. Generate model-based time series

 Model outputs:

i est | i [ est | esttraj |

[El 1x1 struct with 11 fields est.traj

Field £ Value Field £ Value

3y 120x1 double I mu 120x3 double
o u 120x1 double H sa 120x3 double
H ign [] H muhat 120x32 double
E_B, Irr Ld H sahat 120x3 double
|-£l c_prc Ix1 struct HH v 120x3 double
Iﬂ c_obs Ix1 struct 120x2 double
|£_| c_opt 1x1 struct 120x3 double
IEl optimn Ix1 struct 120x3 double
|é! p_prc Ix1 struct 120x3 double
£ 5 Ix1 struct 120x3 double

Ix1 struct 120x3 double

trajectories of the environmental states d: prediction errors

tracked by the perceptual model



3. Generate model-based time series

 E.g. time series representing surprise about the arrow direction

* In the Bayesian framework surprise is given by the unsigned PE

% Extract inferred delta(l): PE about arrow direction

pe = est.traj.da(:,1);

surprise = abs(pe); % take absolute value to get surprise

% Split into surprise about left vs.

surpriseleft = surprise(u==0);
surpriseRight = surprise(u==1);
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0.7
06
f |
05F ,"I 1/
0.4+ /
0.3

0.2 %

0.8

0.7

06

0.5

0.4 F

0_3

surpriselLeft
i

surpnsemght

W\M il



4. Convolve time series with HRF

0 50 100 150

| | |
0 20 40 60 80 100 120 140 160
Trial number

Adapted from O'Doherty et al., Ann. N.Y. Acad. Sci., 2007
* In SPM 1st-level analysis



5. Regress against fMRI data

k _  (k-1) .
pp =y, ~+ 00
Model States Neural Recordings
%
z_
~ i%
=
2]
3
-

Adapted from Behrens et al., 2010

* In SPM 1st-level analysis



SPM 1st-level analysis

« SPM: Specify 1st-level

 Specify directory:

e /Sub01l/glm/modelbased

* Scanning parameters
e TR=2.25s
e 32slices

* Load data:
» /Sub01/functional/
s8wafmri02.nii

Realign (E... 5| gjice timing ‘ Smooth

Coregister... 'I Normalise... v| Segment
Specify 1lst-level Review
Specify 2nd-level Estimate

Results

Dynamic Causal Modelling ‘

Display ‘ Check Reg‘ Render.... - FMRI -

Toolbox: ~

PPIs |

ImCalc ~ DICOM|.. |

Help Utils... %

Batch ‘

Q uit ‘

File Edit View SPM Basicl0o
D d|k
Module List

fMRI model specificatil

I — o]

Batch Editor - o @&

Current Module: fMRI model specification

Help on: fMRI model specification
Directory
Timing parameters

9/DataStudents/Sub01/glm

. Units for design Seconds

- Interscan interval 22

. Microtime resolution 32

. Microtime onset 16
Data & Design

. Subject/Session

.. Conditions

.. Multiple conditions

.. Regressors

.. Multiple regressors

. . High-pass filter 128

Factorial design
Basis Functions
imal LIDE

Current Item: Scans

fhomefbirtet/polybox/M&Mlecture 03.12.19/DataStudents/Sub0]2]

fhomefbirtet/polybox/M&Mlecture 03.12.19/DataStudents/Sub0
fhomefbirtet/polybox/M&Mlecture 03.12.19/DataStudents/Sub0
fhomefbirtet/polybox/M&Mlecture 03.12.19/DataStudents/Sub0
fhomefbirtet/polybox/M&Mlecture 03.12.19/DataStudents/Sub0

4 I [»]

Specify. |

Scans

orientation, voxel size etc.

Select the fMRI scans for this session. They must all have the same image dimensions,




SPM 1st-level analysis

* Load regressors:

Batch Editor

Flle Edit View SPM Basiclo

Batch Editor

File Edit View SPM BasiciO

o, o . n— = DS M|k
[ ] C O n d I t I O n l b t Leftst I m Module List Current Module: fMRI model specification Module List Current Module: fMRI model specification
° Help on: fMRI model specification [ Parametric Modulations
Directory .../DataStudents/Sub01/gim . Parameter
° M 'Timing parameters Name SurpriselLeft
L] P l I l t l I l d l t * Units for design Seconds Values 60x1 double
a ra e rl C O u a I O n * . Interscan integrva\ 2.2 . . Polynomial Expansion 1st order
. Microtime resolution 32 . Orthogonalise modulations Yes
M Microtime onset 16 (4 .. Condition
S u rp rl Se Left Data & Design .. Name RightArrow
. Subject/Session .. Onsets B60x1 double
.. Scans 145 files .. Durations 0
.. Conditions . Time Modulation Mo Time Modulation
Condition . . Parametric Modulations
Name LeftArrow . ... Parameter =
... . Onsets 60x1 double .. Name SurpriseRight
. . d b4 ... Durations (o] : Values 60x1 double
° Cond Ithﬂ 2- tnghtStl m " Time Moduation No Tirme Moduation
° Parametric Modulations = ... Orthogonalise modulations Yes
D e’ ALl nditinn
. . Current Item: Polynomial Expansion Current Item: Polynomial Expansion
. *1st order =~ *1st order (=
* Parametric modulation:
3rd order 3rd order
. . 4th order 4th order
5th order 5th order
SurpriseRight o oree : :
7 ——— D Sheiir | K O SERE ‘

For example, 1st order modulation would model the stick functions and a linear change
of the stick function heights over different values of the parameter. Higher order
modulation will introduce further columns that contain the stick functions scaled by
parameter squared, cubed etc

One of the following options must be selected:

* 1st order

v

i

of the stick function heights over different values of the parameter. Higher order
modulation will introduce further columns that contain the stick functions scaled by
parameter squared, cubed etc.

One of the following options must be selected:

* 1st order

IS

e Set Durations=0

[-]
For example, 1st order modulation would model the stick functions and a linear change I

* Polynomial Expansion: | \ |
e Choose 1st order |
"I 1ist-order polynbmial B




SPM 1st-level analysis

* Enter motion regressors
* physio_regressors_run02.txt

Batch Editor

Run batch to view

Hle Ed gy M sicld - design matrix
Dl b
Modu Current Module: fMRI model specification
Fararreer
. Name SurpriseRight [
““““ Values 60x1 double
““““ Polynomial Expansion 1st order
... . Orthogonalise modulations Yes
Multiple conditions
Regressors
. . High-pass filcer 128

Factorial design
Basis Functions
Canonical HRF
. . Model derivatives
Model Interactions (Volterra)

No derivatives
Do not model Interactions

Global normalisation None
Masking threshold 0.8
Explicit mask

Serial correlations AR(L) [+

™~ motion regressors

Current Item: Multiple regressors

specify.. |

Select the *mat/*.txt file(s) containing details of your multiple regressors

If you have multiple regressors eg. realignment parameters, then entering the details a
regressor at a time is very inefficient. This option can be used to load all the required
information in one go.

>

SPM12 (7219): Graphics

File Edit View Insert Tools Desktop Window SPMFigure Help

Statistical analysis: Design
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r-/functional/s8wafmri02.nii,16
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/functional/s8wafmri02.nii,26
r-/functional/s8wafmrio2.nii,31
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+./functional/s8wafmri02.nii,41
ffunctional/s8wafmri02.nii, 46
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Jfunctional/s8wafmri02.nii,56
Jfunctional/s8wafmri02.nii,61
r./functional/s8wafmri02.nii,66
Jfunctional/s8wafmri02.nii,71
- ./functional/s8wafmri02.nii,76
Jfunctional/s8wafmri02.nii,81
r./functional/s8wafmri02.nii,86
ffunctional/s8wafmri02.nii,91
+./functional/s8wafmri02.nii,96
Jfunctional/s@wafmri02.nii, 101
ffunctional/s8wafmri02.nii,106
Jfunctional/s8wafmri02.nii, 111
Jfunctional/s8wafmri02.nii,116
r-/functional/s8wafmri02. nii
/functional/s8wafmri02.
r./functional/s8wafmrio2.nii, 131
ffunctional/s8wafmri02.nii,136

images

functional/s8wafmri02.nii,145

(gray —+ 3 not uniquely specified)

Design description...

Basis functions : hrf
Number of sessions : 1
Trials per session : 2
Interscan interval : 2.20 {s}

High pass Filter : [min] Cutoff: 128 {s}
Global calculation : mean voxel value
Grand mean scaling : session specific
Global normalisation : None




SPM 1st-level analysis

e Stats: Model estimation _
e Select SPM.mat Batch Editor

Batch Editor

File Edit View SPM Basiclo ~  File Edit View SPM Basiclo ~
DEd|k DEd|k
L4 Set D e p e n e n Cy Module List Current Module: Model estimation Module List Current Module: Contrast Manager
fMRI model specificati+] | Help on: Model estimation 1] fMRI model specificati+]  Help on: Contrast Manager =
Model estimation Model estimation Select SPM.mat ..P Model estimation: SPM.mat File
Write residuals No Contrast Manager Contrast Sessions
Method . T-contrast

. Classical .. Name
Weights vector
Replicate over sessions

« Stats: Contrast manager

Replicate over sessions

® Se lect S P M . m at Delete existing contrasts No
* set Dependency

Current ftem: Select SPM.mat Current Item: Weights vector
Reference from = 0-1 0-1 =
fMRI model specification: SPM.mat File

* Contrast Sessions |
e T-contrast: Surprise_pos S ] o s |

S vector E
Select the SPM.mat file that contains the design specification

. Enter T-contrast weights vector
[ ] T_ CO n t ra St: S u rp rl Se_ n eg The directory containing this file is known as the input directory. ¥hc%nit5ra2fge similarly to the contrast manager. A 1 x nwvector should be entered for
Contrast weight vectars will be padded with zeros to the correct length.
Real numbers are entered.
\An 1-by-X array must be entered =

* Run batch



1st-level fMRI analysis

* VView results

* /Sub01/glm/SPM.mat

SPM contrast manager

Select contrasts...

(O t-contrasts ) F-contrasts o all |
### {type} : name

contrast(s)
001 {T} : Surprise pos B

002 {T} : Surprise_neg | [

Design matrix

e
Realign (E... - gjjce timing ‘ Smooth
Coreqgister... -| Normalise... -| Segment
Specify 1st-level Review
Specify 2nd-level Estimate
Results
Dynamic Causal Modelling ‘
Display ‘ Check Reg‘ Render.... - FMRI -

Toolbox: - PPIs ‘
Help Utils... -

ImCale | DICOM ... |

Batch ‘ Q uit ‘

Define new contrast..,J Resetj Done J

parameter estimability

[done - press when selected cuntrasl(s)}—‘




1st-level fMRI analysis

SPM12 (7219): Graphics

. Fle Edit View Insert Tools Desktop Window SPMFigure Help »
File Edt View Insert Tools Desktop Window SPMFigure Help R

Surprise_pos Surprise_neg

* apply masking: none T RS ——_

¥ » | | contrast
< . contrast

* pval adjustment: none e B Seee e

— Uncorrected results: BT ey

* brain activity correlates o
with surprise about
a rrOW d I re Ctl O n Statistics: p-values adjusted for search volume Statistics: p-values adj for search voll

Design matrix

set-level cluster-level peak-level i mm mm C|“5ter'levi| peaTk-Ieve:Z . mm mm mm
p q P, p, q, I
P 4 Prwe-corr TFDR-corr I<E Pncorr Prwe-corr IFDR-corr T (Z:) Puncorr FWE-corr “FDR-corr__E uncorr FWE-corr_FDR-corr L uncorr
e nE=n 0.008 0.00a 6 0.000 0. . 0.000 1.000 0.578 1 0.578 1.000 0.954 3.19  3.11  0.001  -40 34 -16
1 3.31 1
0.002 0.002 83 0.000 0. 420 0.000
1. 3.71
1 3.46
1.000 0.578 1 0.578 0. 4.23
0.220  0.059 32 0.004 0. 4.22
1. 3.31
0.569 0.159 22 0.013 0. 4.13
1 3.32
1.000 0.578 5 0.200 0 401 3.87 22 -78 30
1.000 0.578 2 0.419 1. 3.75  3.63 44 14 16
1.000 0.578 2 0419 1. 3.60 3.58 46 -76 -14
0.924 0.348 14  06.041 1 3.67  3.56 -68 -28 14
1.000 0.578 3 0.320 1 3.66  3.55 24 -76 28
0.059 0.019 45 0.001 1 3.63  3.52 22 =70 38
1 9
1.000 0.578 3 0.320 1 0.982  3.61 3.50 -38 -68 -40
1.000 0.578 4 0.251  1.000 0.982 3.61 3.50 52 -64 -12
1.000 0.578 1 0.578  1.000 0.982 3.56 3.45 58 0 40
0.971  0.416 12  0.056  1.000 0.982 3.55 3.45 -18 -68 58
1.000 0.578 6 0.163  1.000 0.982 3.55 3.45 50 -4 18
table shows 3 local maxima more than 8.0mm apart table shows 3 local maxima more than 8.0mm apart
Height threshold: T = 3.17, p = 0.001 (1.000) Degrees of freedom = [1.0, 110.0] Height threshold 3.17, p = 0.001 (1.000) Degrees of freedom = [1.0, 110.0]
Extent threshold: k = 0 voxels FWHM = 6.2 6.2 6.1 mm mm mm; 3.1 3.1 3.0 {voxels} Extent threshol voxels FWHM = 6.2 6.2 6.1 mm mm mm; 3.1 3.1 3.0 {voxels}
Expected voxels per cluster, <k> = 3.273 Volume: 1564736 = 195592 voxels = 6179.0 resels Expected voxels per cluster, <k> = 3.273 Volume: 1564736 = 195592 voxels = 6179.0 resels

Expected number of clusters, <c> = 62.44 Voxel size: 2.0 2.0 2.0 mm mm mm; (resel = 29.50 voxels) Expected number of clusters, <c> = 62.44 Voxel size: 2.0 2.0 2.0 mm mm mm; (resel = 29.50 voxels)




1st-level fMRI analysis

. CO l Itra Sts File Edit View [nsert Tools Desktop Window SPMFigure Help N File Edit View |nsert Tools Desktop Window SPMFigure Help
Surprise_pos Surprise_neg

* Significance level [ e o
 Setto 0.05 (FWE | A e |

SPM{T, .}

— FWE-corrected results: | | smow

* correlations not
significant when we

10 2

° - 0
correct for multiple
p Statistics: p-values adjusted for search volume

30

Statistics: p-values adjusted for search volume

L]
set-level cluster-level peak-level mm mm mm set-level cluster-level peak-level mm mm mm
C O I I l p a rI S O n S P c Pewe-corr TrDRcor K& Puncorr  Prwe-corr JepRcor | Z2)  Puncorr P c Pewe.con Orpiceon- Ke Pacare  Priieicon Troriess T (29 Phican

no suprathreshold clusters no suprathreshold clusters

table shows 3 local maxima more than 8.0mm apart table shows 3 local maxima more than 8.0mm apart

Height threshold: T = 5.34, p = 0.000 (0.050) Degrees of freedom = [1.0, 110.0] Height threshold: T = 5.34, p = 0.000 (0.050) Degrees of freedom = [1.0, 110.0]
Extent threshold: k = 0 voxels FWHM = 6.2 6.2 6.1 mm mm mm; 3.1 3.1 3.0 {voxels} Extent threshold: k = 0 voxels FWHM = 6.2 6.2 6.1 mm mm mm; 3.1 3.1 3.0 {voxels}
Expected voxels per cluster, <k> = 0.669 Volume: 1564736 = 195592 voxels = 6179.0 resels

A Expected voxels per cluster, <k> = 0.669 Volume: 1564736 = 195592 voxels = 6179.0 resels
0.07 Voxel size: 2.0 2.0 2.0 mm mm mm; (resel = 29.50 voxels)

Expected numberiof clusters; <c= 007, Expected number of clusters, <c> = 0.07 Voxel size: 2.0 2.0 2.0 mm mm mm; (resel = 29.50 voxels)




2nd-level fMRI analysis

* What questions can we ask?



2nd-level fMRI analysis

* What questions can we ask?
1. Where in the brain are PEs (about arrow direction) represented?

2. Are there differences in brain activity depending on whether PEs occur in
response to the arrow being presented on the left or right?



2nd-level fMRI analysis

* What questions can we ask?
1. Where in the brain are PEs (about arrow direction) represented?

2. Are there differences in brain activity depending on whether PEs occur in
response to the arrow being presented on the left or right?

 Different 2nd-level design matrices:



2nd-level fMRI analysis

* What questions can we ask?
1. Where in the brain are PEs (about arrow direction) represented?

2. Are there differences in brain activity depending on whether PEs occur in
response to the arrow being presented on the left or right?

 Different 2nd-level design matrices:
1. Average over parametric regressors:
» SetsurpriseLeft =1 & surpriseRight =1, one-same t-test

2. Difference between parametric regressors:
 Set surpriselLeft =1 & surpriseRight =-1, one-sample t-test



