GLM stats
GLM%Zit

* An example experiment —4RpIsR
e Defining regressors Exmazs

e Contrasts sitt
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Make sure you’re awake! {RiFiE8e!

« When you see the sign below, I’'m about to ask you something HZEZI TEMFAER, FISE o) f8—LE (o)
* First Ill give you a minute to think about the answer by yourself B, HAE—RiNEESERE—TEE

« Then I'll give you another minute to chat about the answer with each other #Af5, HBAE—20 FhaoAT
8], TWSRLIENESE

K

« After that, I'll give a brief explanation of the questions & answers 2 /5, HI§EIZEiRBRIENER

Y

Let’s think!
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Silent word generation =34

Noun is presented £ ¥ 44 17]
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Silent word generation =34

Noun is presented £ ¥ 44 17]
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Control: silent word shadow 3j88:

Verb is presented £ #3117
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Control: silent word shadow 3j88:

Verb is presented £ #3117
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Baseline: crosshair g%:

Crosshair is shown 2 #l+
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The full experiment /<

« Three types of events =FhZE R4

- 1st type: Word Generation ZF—Ff: 4 p{id
- 2nd type: Word Shadowing 2 _ff: 141
- 3rd type: Null event S5=Ff: T=HEH

- 6 sec ISI, random order 6sHJ[8][EIFE, FEA

« 24 events of each type HPZFEEIF24D
ype BPNEBEFI247FH Healthy
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How to analyze the data? &4z

1. Set up regressors X E[[CVIE
What do we know the brain should be doing during the experiment?  F{/ %038 SL46 EA |8) A BRI NOAZMAT 42

= Explanatory variables, Design Matrix, Model — f#%<Ts, 1&iTiERE, &E
2. Fit the regressors to the data 1RIEHUEINIE T =
Combine the regressors in a way that is most similar to the observed datalA 5 MR Z|HEIESRBMNUN AR AESE)TTE
= Parameter Estimates (PE), Betas, Effect Sizes Z#U&it (PE) , NERE, W2
3. Set up contrasts to compare conditions 1% & X L&
Compare conditions by doing simple arithmetic @i ERNEIEREHE
= Contrast of Parameter Estimates (COPE) ZE(LittE@=E (COPE)
4. Perform statistical inference (Covered this afternoon) ZiitiE#T (THFi13i8)

Often t-test to see if COPE is bigger than zero ZBEHITHUI, NTHCOPERSATE
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Let’s think!
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Before we learn more, which of these familiar steps would happen
before the GLM? #H(T#—$ THRZE, UTHLERBNSBISEGLMZBIRLE?

Motion correction sLEiRiE

Slice timing correction FEERKE

Estimating transformation to MNI space {E&EEMNIZ= EHZTHR
Applying transformation to MNI space {EREMNIZ= R

honNA




Defining regressors EXEY3E



Predicted response to word generation
Fol == 4 13 B e iz

445 seconds

445 seconds
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Subsampling to TR &TR= %%
LI LT 0TI T -wigh resotutior

EHNNEDHRRS

® /\’ Convolve with HRF

IRHRF&FA

v Predictions at

“high” resolution
MA.——M,—A——M,—NA\. =7 PRI
Sub-sample at Tr of

v experiment

IRBBSCIOTRIAIT IR RAE

M/L_NL/\,JV\,_NV\ Regressormjag



Voxel-wise analysis EFHEHoHR

mw,_m predictionFiu;l

445 seconds

Looking for voxels interested in during word generation
SR E P REEIA R



Your new friend: the GLM
IREGSREAA : —RREEIIB RS

Word Word

Generation Shadowing
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Predicted responses
= EVs = regressors

Observed data¥lll% . -
v A SRR =EVs=ET 8



What about baseline? x4

* The mean BOLD value is uninteresting in an FMRI session
FE—AFMRIZUEF, THIBOLDEKRAEENX

* There are two equivalent options A %%

1. Remove the mean from the data and don’t model it (FSL 1st level; i.e. a

regressor for the baseline is not included)
MEURERIEH BEREZE (FSLNE—MHH; BFRSEELNEHRTE)

2. Model the mean (FSL group & SPM 1st level + group)
BETIYE (FSLADTRSPMEYE—M+AHH)



Parameter Estimates s#i&it

Word Word

, Generation Shadowing

Predicted responses
= EVs = regressors

Observed dataillIs ITIARI=EVs=ElAZ 8



Estimation: finding a good fit {&&: #35F6Ma

The estimation entails finding the parameter values such that
9 P HMEETERISHE, UMFEEZLAE“HEINEEIE

the linear combination “best” fits the data

Word Word
‘ Generation Shadowing
. L i

Let’s try these
parameter
values
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Estimation: finding a good fit {&&: #35F6Ma

Word Word

Generation Shadowing

~ B, + B,-

0.5 0.5

Hmm, not a
great fit
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Estimation: finding a good fit {&&: #35F6Ma

Word Word
Generation Shadowing
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Oh dear, even
worse
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Estimation: finding a good fit {&&: #35F6Ma

Word Word

Generation Shadowing

~ B, + B,-

1.04 -0.10
But that looks
good

Bt i



Estimate PEs separately for each voxel
DAl BESMAERNPE

~ B +B,-

1.10 1.02



Estimate PEs separately for each voxel

PARREETMIERIPE

~ B +B,-

-0.04 -0.03



Beta maps sua@itnizeE




Residuals =

Difference between data and best fit: “Residual error”
BIESRENSZENES: “FRE"

WW
¥

Used to calculate
MM M- o .

t-statistic
Residual errors AFiteEt-ait

VR E



The GLM framework
GLMHEZE

Regressor BT = Regression parameters  [B])35X
Explanatory Variable BT =(EV) Effect sizes RN =
\
X1

léw

Yy = 13 + €
Data from Design Matrix Gaussian noise
a voxel (temporal autocorrelation)

SARMORIE  COUET mmes (roimEiga)
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Your pain study has pin-pricks to the left foot, right foot,
left arm and right arm & rest periods
MR RBRAROSN LA, ZAKREBNHRIRE, TEREME

1. How many EVs will you set up in your design?
RERITHIREZ DEV?
2. Draw or write out what the EVs would look like

(just make up stimulus timings)
EHHE B HEVAIIN (R Z2H— T RIERYATE])
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Contrasts 3Lt



Research questions HxR|a)gH
b1 B2

7o %
nz-:'#; Istats/pe ‘ . /stats/pe2

Which areas of the brain are significantly activated during word generatior

—

compared to baseline? SEZELE, L RRITFE P ARNAIMILE X g i B & 8057

Which areas of the brain are significantly more activated during word g

aneration

compared to word shadowing? 5SiFi4tatt, F4E MR AMAML XIGHHEHEES?




Possible contrasts ageagadtt

*[1 0] : EV1 vs baseline

g_. EVIXTE L

= [0 1]: EV2 vs baseline

EV23JE 4

[1 1] : Mean of EV1 and EV2
EV1FIEV23¥1y

[-1 1]: More activated in EV2 than EV1

EV2LEEV1EUEE ZRIEN D

Cl Generation 1 0 '[1 ]: More activated in EV1 than EV2
C2 Shadowing 1] 1

03 Mean 1 1 EV1EEEV2EUEE Z RIS D

C4 Shad > Gen =il 1

5 Gen > Shad 1 -1



COPEs = simple arithmetic fggag

(]

B,=1.04
B2 — ‘010

Use t-test to
determine if COPE is
significantly greater
than zero

{ERMUINIAECOPER & &

BERTE

1: 1 x1.04 +

]: 0 x1.04 +
> 1 x1.04 +
]: -1 x1.04 +

l: 1 x1.04 +

x -0.10=1.04
X -0.10 =-0.10
x -0.10 =0.94
x-0.10=-1.14
x-0.10=1.14



COPE images
COPEE|{%&

e[10]: 1 x1.04 +

*[07]: 0 x1.04 +
o[17]: 1 x1.04 +

e[-1 7]: -1 x1.04 +

X -0.10 =1.04
X -0.10 =-0.10
x-0.10=0.94
x-0.10=-1.14

[-[1 1 x1.04 +

x—O.10:‘I.14}




F-contrasts
F-3J Lt

* Allows you to ask if any condition is significant

RHRAERMRGEEERY
* |s there activation to any condition?
ERMEHTESHRE?
* Does any regressor explain variance in the data?

A O IR X EHIEPNERS?

e F-contrasts are not directional

FXSEEARZ 75 [E 1ERY

Generation
Shadowing
Mean

Shad > Gen
Gen > Shad
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In your pain study, what contrasts would you set to ask the following

questions:

ERNEBRREDR, A T7TEETEHNEBREEAIREXLL:

1. Which brain regions activate more to pinpricks to the left
than the right foot? fBEEAMBIRIERIRIEL, ZBIROE FI%RIEE &E:
a AR A AR X 335 ?

2. Which brain regions activate in response to pinpricks to the
left or right foot? ZRiIkE A MIAVE FIRH S EGEARRIHEA X152
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Research questions HxR|a)gH

5!
7N
4

Which areas of the brain are

[stats/pe1

significantly

52

®. Istats/pe2

activated during word generation compared to baseline?

SELMEEL, 1A% TE R ARMAYIAILE XS 2 ER0E?

Which areas of the brain are

significantlyl more activated during word generation compared to

word shadowing?

SiEERALL, 1EE R TE R AL X EREER 2 E %7



Next time Tx

1. Data acquisition #UEXRE

i<

2. Data preprocessing ZEFRALE

3. Single-subject analysis BE#IX O

4. Group-level analysis B9

I5. Statistical inference ZiitHEH



The free online appendix %ZE®_ Lot
» Part of a series of Oxford Neuroimaging Primers

FZRBANRINN—E D

* https://www.fmrib.ox.ac.uk/primers/appendices/glm.pdf

Short introduction to the
General Linear Model
for Neuroimaging

* Work on a full primer book on the GLM is in progress!

BRGLMBZTZEAN N BEN TIEEEHTH!

Introduction to Introduction to
_Introduction to ) P'erfusion .Quan'tiﬁcatiqn Res.ting State fMBI.
Neuroimaging Analysis using Arterial Spin Labeling Functional Connectivity Mark Jenkinson
Janine Bijsterbosch
Michael Chappell
Anderson Winkler

Series editors:
Mark Jenkinson and Michael ChappX
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Mark Jenkinson Michael Chappell Janine Bijsterbosch

Michael Chappell Bradley Macintosh Stephen Smith
Thomas Okell Christian Beckmann

PRIMER
APPENDIX




That’s all folks
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