N m M
Universityof = ETH

- ZurichUZH Eidgendssische Technische Hochschule Ziirich
N5

Swiss Federal Institute of Technology Zurich
4

C
C

Translational Neuromodeling Unit

Experimental design of fMRI studies

Sandra Iglesias

With many thanks for slides & images to:
Klaas Enno Stephan,

FIL Methods group,
Christian Ruff

SPM Course 2015



Overview of SPM

Statistical parametric map (SPM)

Image time-series Kernel Design matrix

l

Realignment|—| Smoothing General linear model
l ] : l Statistical | Gaussian
Normalisation IR inference field theory

Template p <0.05

Parameter estimates - 2
“ W

Translational Neuromodeling Unit




Overview of SPM

Statistical parametric map (SPM)
Research question: Design matrix

Which neuronal structures LR

support face recognition? -

Hypothesis:
The fusiform gyrus is
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Overview of SPM

Statistical parametric map (SPM)
Research question: Design matrix
Which neuronal structures ‘
support face recognition?

Hypothesis: jl
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Overview

- Categorical designs
Subtraction - Pure insertion, evoked / differential responses
Conjunction - Testing multiple hypotheses

» Parametric designs
Linear - Adaptation, cognitive dimensions
Nonlinear - Polynomial expansions, neurometric functions

- Factorial designs
Categorical - Interactions and pure insertion
Parametric - Linear and nonlinear interactions
- Psychophysiological Interactions
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Cognitive subtraction

« Aim:
— Neuronal structures underlying a single process P?

* Procedure:
— Contrast: [Task with P] — [control task without P] =P
-> the critical assumption of ,,pure insertion“

 Example: [Task with P] — [task without P] = P
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Cognitive subtraction

« Aim:
— Neuronal structures underlying a single process P?

* Procedure:
— Contrast: [Task with P] — [control task without P] =P
-> the critical assumption of ,,pure insertion*
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Cognitive subtraction: Baseline problems

Which neuronal structures support face recognition ?

« Distant” stimuli

= Several components differ!

=>» Pimplicit in control condition?

~Queen!” LAunt Jenny?*

» Same stimuli, different task

=» Interaction of task and stimuli (i.e. do task
differences depend on stimuli chosen)?

m M 8
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Name Person! Name Gender!
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A categorical analysis

1a. Faces > Objects

Experimental design

FOFO JH.0.

Face viewing F 2,
Object viewing O =
%

F - O = Face recognition
O - F = Object recognition

Time (seconds) —»
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...under assumption of pure insertion
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Kanwisher N et al. J. Neurosci. 1997;
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Categorical design

Task 1
Task2
Session
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Overview

- Categorical designs
Subtraction - Pure insertion, evoked / differential responses
Conjunction - Testing multiple hypotheses

» Parametric designs
Linear - Adaptation, cognitive dimensions
Nonlinear - Polynomial expansions, neurometric functions

- Factorial designs
Categorical - Interactions and pure insertion
Parametric - Linear and nonlinear interactions
- Psychophysiological Interactions
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Conjunctions

» One way to minimize the baseline/pure insertion problem is to isolate the
same process by two or more separate comparisons, and inspect the
resulting simple effects for commonalities

* Atest for such activation common to several independent contrasts is
called “conjunction”

» Conjunctions can be conducted across a whole variety of different
contexts:
* tasks
* stimuli
* senses (vision, audition)
. etc.

* Note: the contrasts entering a conjunction must be orthogonal (this is

ensured automatically by SPM)
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Conjunctions

Example: Which neural structures support object recognition,
independent of task (naming vs. viewing)?

Stimuli (A/B)

Objects Colours

Task (1/2)
Viewing Naming
A1 A2
B1 B2

Visual Processing
Object Recognition
Phonological Retrieval

V
R
P

= N 13
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Conjunctions

o Task (1/2) _
Viewing Naming

g A1 A2
o ‘—8 Visual Processing Visual Processing \'
% O Phonological Retrieval P
£ B1 B2
= o0
N *8' Visual Processing Visual Processing V

o | Object Recognition Phonological Retrieval P

o Object Recognition R

Which neural structures support
object recognition?

(Object - Colour viewing) [B1-A1]

&
(Object - Colour naming) [B2 —AZ2]

[VR-V]&[PV.R-PV]=R&R= R

Price et al. 1997
v, i

‘Common object

acognition response (R)




Conjunctions

. SPM contrast manager

001 {T} : B1-Ad
002 (T} : B2-A2

(AR ARTRRTARRRARRNY
__ Defe new contast. | Reset | Done |

Null hyp. to assess? Guyn:iml Global | T g WAL
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Two types of conjunctions

» Test of global null hypothesis:
Significant set of consistent effects

= “Which voxels show effects of similar
direction (but not necessarily p(AI-A2) < a
individual significance) across contrasts?” T

B1-B2

=> Null hypothesis: No contrast is significant: k =0 +

=» does not correspond to a logical AND ! 4

N p(BI-B2) < a

» Test of conjunction null hypothesis:
Set of consistently significant effects

= “Which voxels show, for each specified Al- Ai
contrast, significant effects?”

> 4 Elillnhypothems: Not all contrasts are significant: Friston et al. (2005). Neuroimage, 25:661-667.

Nichols et al. (2005). Neuroimage, 25:653-660.
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Global null hypothesis

* based on the "minimum t statistic":
— imagine a voxel where contrast A gives t=1 and contrast B gives t=1.4

— neither t-value is significant alone, but the fact that both values are larger
than zero suggests that there may be a real effect

» test: compare the observed minimum t value to the null
distribution of minimal t-values for a given set of contrasts

— assuming independence between the tests, one can find uncorrected and
corrected thresholds for a minimum of two or more t-values (Worsley and
Friston, 2000)

— this means the contrasts have to be orthogonal!

- N 17
Worsley &Friston (2000) Stat. Probab. Lett. 47 (2), 135-140 Dt
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F-test vs. conjunction based on global null

Rejection region

N
7, . .

bivariate t-distriution
under global null hypothesis

F-test Conjunction
contrasts T
¢ i U LRI
o - ) Gt Y
e ¢ W A
ﬂ( : ,& 2
S b
1 <
= Perid =
= Null hypothesis: No contrast is significant: k =0
Friston et al. 2005, Neuroimage, 25:661-667. W
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Overview

- Categorical designs
Subtraction - Pure insertion, evoked / differential responses
Conjunction - Testing multiple hypotheses

« Parametric designs
Linear - Adaptation, cognitive dimensions
Nonlinear - Polynomial expansions, neurometric functions

- Factorial designs
Categorical - Interactions and pure insertion
Parametric - Linear and nonlinear interactions
- Psychophysiological Interactions
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Parametric designs

« Parametric designs approach the baseline problem by:

— Varying the stimulus-parameter of interest on a continuum, in multiple (n>2)
steps...

— ... and relating measured BOLD signal to this parameter

» Possible tests for such relations are manifold:
* Linear
* Nonlinear: Quadratic/cubic/etc. (polynomial expansion)
* Model-based (e.g. predictions from learning models)

- N 20
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Parametric modulation of regressors by time

study parameter

'
-

study parameter

study parameter

Zero order term

-
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Second order (quadratic) term
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Biichel et al. 1998, Neurolmage 8:140-148

study parameter

study parameter

o = N W
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o

-05

First order (linear) term
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Orthogonalised quadratic term
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“User-specified” parametric modulation of
regressors

Zero order term

1.5
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Biichel et al. 1998, Neurolmage 8:140-148
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average pain rating
[ w

Investigating neurometric functions

(= relation between a stimulus property and the neuronal response)

“Pain threshold: 410 mJ

+ +

PO

Biichel et al. 2002, J. Neurosci.22:970-976
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300 460 500 600
laser energy [mJ]
PI. P2 P3 P4

P0-P4: Variation of intensity of a laser stimulus applied
to the right hand (0, 300, 400, 500, and 600 mJ)

Stimulus
awareness
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D
w
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Stimulus
intensity

Pain
intensity

PO P1 P2 P3 P4

PO P1 P2 P3 P4

PO P1 P2 P3 P4
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Neurometric functions

+ => Stimulus intensity

- dorsal pACC PO P1 P2 P3 P4
PO P1 P2 P3 P4

pain intensity

BOLD signal

+ + t + => Stimulus awareness
dorsal ACC

+ Y] PO P1 P2 P3 P4

PO P1 P2 P3 P4
pain intensity

________

|
+ + ! - Pain intensity

+ + ventral pACC
PO P1 P2 P3 P4
=
PO P1 P2 P3 P4 - N 24
“

Biichel et al. 2002, J. Neurosci.22:970-976 Translational Neuromodeling Unit



Model-based regressors

general idea:
generate predictions from a computational model, e.g. of
learning or decision-making

Commonly used models:

— Rescorla-Wagner learning model

— temporal difference (TD) learning model
— Bayesian models

use these predictions to define regressors

include these regressors in a GLM and test for significant

correlations with voxel-wise BOLD responses ~ 2
-

Translational Neuromodeling Unit



Computational model

Model-based fMRI analysis

Choice history of subject

111 1

[T T T TIrrrommr g

|

Prediction error Trial-by-trial prediction errors

f NN f\ 1A \.n\‘na
§=Rpq+ W -V » AN N N m M "1
t+1 1 Vi ,/‘Ir ll'nf \ l'v'”‘-.H ¥ Vﬁ W
Value update Trial-by-trial values
A — VA S M M W
Vi =Vi+ad \d.ﬁW" \\/ VA \M/’\/ \/‘V\f\ \A_/W‘V'“ W \

Action probabilities .
: Trial-by-trial action probabilities

-t =W W W A

Action probabilities

Model likelihood

L= log(P)

Actual data

Model prediction

Gléscher & O‘Doherty 2010, WIREs Cogn. Sci. m N 26
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Model-based
fMRI analysis

Glascher & O‘Doherty 2010, WIREs Cogn. Sci.

Time series of model-derived prediction error

ANV AN

| HRF
Prediction error regressor ¢

D e e e

01 Design matrix

Bold time series

Statistical map for
prediction error regressor

Parameter estimate
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Hierarchical prediction errors about sensory outcome and
its probablllty The Hierarchical Gaussian Filter (HGF)

P p(x;¥) ~ N(x5*7),8)

ITI

cue prediction target
300 ms 800/1000/1200 ms 150/300 ms 2000 + 500 ms

time
AN N R

p(x,®) ~
N(x &1, exp(kxztw))

1
-
T
e 0.5 i
o

0 p(x;=1) = 5(x)

0 50 100 150 200 250 300
Trials Mathys et al. 2011, Front. Hum. Neurosci.
- N
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The Hierarchical Gaussian Filter (HGF)

A\

Ti—q
Ap; < ——PE;_,
U4
»
" plx) ~ N(x3<7),9)
k k
£y o 60500
....... N
» P(xM) ~ N(x, &),
exp(kxs+w))
N (OPNC)
p(x;=1) = s(x)
Mathys et al. 2011, Front Hum Neurosci. ~



Sensory prediction errors

g, in midbrain (N=45)

£y = az(k)Sl(k)

p<0.05, whole brain FWE corrected

g5 in basal forebrain (N=45)
E =

o5 oc o050

Iglesias et al. 2013, Neuron

p<0.05, SVC FWE corrected
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W
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Overview

- Categorical designs
Subtraction - Pure insertion, evoked / differential responses
Conjunction - Testing multiple hypotheses

» Parametric designs
Linear - Adaptation, cognitive dimensions
Nonlinear - Polynomial expansions, neurometric functions

- Factorial designs
Categorical - Interactions and pure insertion
Parametric - Linear and nonlinear interactions
- Psychophysiological Interactions
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Main effects and interactions

Task (1/2)

» Viewing Naming
o 3
< 8 A1 A2
3 2
£ 8| B1 B2
w o

O

* Main effect of task: (A1 +B1)- (A2 + B2)

* Main effect of stimuli: (A1 +A2)-(B1 + B2)

* Interaction of task and stimuli:
Can show a failure of pure insertion

(A1 -B1) - (A2 — B2)

Is the inferotemporal region implicated in
phonological retrieval during object naming? interaction effect

(Stimuli x Task)

Colours Obijects

Viewing

Colours Obijects

Naming =L 2
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Stimuli (A/B)

Objects Colours

Task (1/2)
Viewing Naming

A1 A2

B1 B2

Main effect of task:
(A1 +B1)- (A2 +B2)

Factorial design

SPM contrast manager

show - A1 B1 A2 B2

Q05 {T}: Positive effect of condition_1[*

006 {T}: P ve affect of Task_1
Q07 {T}: Positive effect of Stimulus_1
Q02 {T}: Positive Interaction: Task x St

Selected 1 contrast, press "Done”when finished.

F

m N
vv33
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Stimuli (A/B)

Objects Colours

Task (1/2)
Viewing Naming

A1 A2

B1 B2

Main effect of stimuli:
(A1 +A2)-(B1+B2)

Factorial design

SPM contrast manager

i A1 B1 A2 B2
- C |

### {tvpe} name

Q05 {T}: Positive effect of condition_1 (=
008 {T}: Positive effect of Task_1

Q007 {T}: P ect of Stimulus_1
Q08 {T}: Positive Interaction: Task » St

g
i

Selected 1 contrast, press "Done”when finished. r

“w
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Factorial design

Task (1/2)
» Viewing Naming
o 3
3 S A1 A2
=
1)
§ 8| B1 | B2
S

Interaction of task and stimuli:
(A1-B1)- (A2 -B2)

SPM contrast manager

A1 B1 A2 B2

a4 0000
a8

Selected 1 contrast, press "Done”when finished. r

m N
vv35
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Example: evidence for inequality-aversion

a b ¢ 020
Rand B Transfer to self
ancom L 2 | wTransfer to othar
drawing i = 0.15
$50 to Eill Bob =
high-pay subject (poar) {rich) 'g 2104
\ $0 15 5 :
$0to
low-pay subject i 0.05+
= 04
S5-4-3-2-10123 45 Ei
hitd veny _0.05
unappealing appealing . High-pay group Low-pay group
b B Transfer to self b
0.04 m Transfer to other 0.08 1 m Transfer to self

g 0.07{® Transfer to other

E

=
@
T Z 005
g o £ 003
5 8
3 onz 0.01
High-pay Low-pay -0.01 High-pay Low-pay
-0.04 group group group group
Tricomi et al. 2010, Nature ~ 36
-
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Stimulus factor

Stim 1

Stim 2

Psycho-physiological interactions (PPI)

Task factor

Task A Task B
TA/S; Te/S,
TA/S, Tg/S,

We can replace one main effect in
the GLM by the time series of an
area that shows this main effect.

E.qg. let's replace the main effect of
stimulus type by the time series of

area V1:

GLM of a 2x2 factorial design:

y — (TA _TB) IBI — main effect

+(S1 —SZ),Bz R ——

I of task

L main effect
of stim. type

+ (TA — TB) (Sl - Sz)ﬂ3 interaction

+e
_ L main effect
y= (TA_TB)ﬁl < of task
V1 time series
+ VlﬁZ < ~ main effect
of stim. type
+(T, =T,) V13« psycho-
( A B) 'B physiological
interaction
+e
m N 37

W
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PPl example: attentional modulation of V1-V5

172

17

V5 activity
g 8 3

o
~

2

Friston et al. 1997, Neurolmage 6:218-229
Biichel & Friston 1997, Cereb. Cortex 7:768-778

t; 0?5 1. 1?5 1; 2?5 8. 35
V1 activity
-
s 8
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PPI: interpretation

attention % *.,
Y
: .. JOptS

y= (T,-Tp) p
+V1p2
< (T,-T,)V1p;

+e

I \45 a;ctiv:ity: -

5 1 1.5 2 25
V1 activity

Two possible

interpretations
of the PPI
term:
@ Modulation of the impact of attention on
V5 by V1.
Modulation of V1—-V5 by ~
&atiomﬂeurigodelin Unit

attention



Overview

- Categorical designs
Subtraction - Pure insertion, evoked / differential responses
Conjunction - Testing multiple hypotheses

» Parametric designs
Linear - Adaptation, cognitive dimensions
Nonlinear - Polynomial expansions, neurometric functions

- Factorial designs
Categorical - Interactions and pure insertion
Parametric - Linear and nonlinear interactions
- Psychophysiological Interactions

- N 40
-

Translational Neuromodeling Unit



Thank you
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