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Design matrix

Overview of SPM for M/EEG

Preprocessing

Filtering
Down-sampling
Epoching
Re-referencing
Artefact rejection
Averaging
…

Image 
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Statistical Parametric Map
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Statistical parametric maps
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Event-related potential (ERP) example

• Random presentation of 
‘faces’ and ‘scrambled faces’

• 70 trials of each type

• 128 EEG channels

Is there a difference between the ERP of ‘faces’ and ‘scrambled faces’ ?

Question:



ERP example: ones channel
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Y = Xβ + ϵ Y = Xβ + ϵ

Data modelling

Faces Scrambled

EEG data

Y = Xβ + ϵx1β1
<latexit sha1_base64="jJnS3ldCHcB8defuaF3EQ+LtCoE="></latexit>

x2β2
<latexit sha1_base64="wtBhuZGF27XT7rl2JJwWQkm2iCs="></latexit>

Y = Xβ + ϵ

Y = Xβ + ϵ Y = Xβ + ϵ

‘Faces’ ‘Scrambled’ Residual error
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Y = Xβ + ϵ

Data

Y = Xβ + ϵY = Xβ + ϵY = Xβ + ϵ

b2

b1

Design matrix Parameters Error

X β

Y = Xβ + ϵ

·<latexit sha1_base64="BHXznHOYge+RsJjXVgRgWtceEhw="></latexit>

General linear model

Y
<latexit sha1_base64="pBKK5MpQWVGszNpbsJHrq+1IcwM="></latexit>



General linear model

Y

N

1

+ e

N

1

=
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p
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X

The design matrix X embodies all knowledge about 
experimentally controlled factors and confounds

Y = Xβ + ϵ

ϵ ∼ N (0,σ2I)

GLM defined by



General linear model

y = x0β0 + x1β1 + ....+ xpβp + ϵ
<latexit sha1_base64="0yduerVvqEWAE0Ks14p4nZVriPI="></latexit>

Y = Xβ + ϵ

Matrix form
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<latexit sha1_base64="MPQUy558NsDIA8B7vOxmgJ/qLw4="></latexit>

Linear regression



General linear model

Y = Xβ + ϵ
Special cases of the GLM

• t-test

• F-test 

• Analysis of variance (ANOVA)

• Analysis of covariance (AnCova) 

• multiple regression
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Parameter estimation

Y = Xβ + ϵY = Xβ + ϵ

y
<latexit sha1_base64="/n7yg9GgrQUJNKKY+N6EmZTJ91g="></latexit>

X
<latexit sha1_base64="NTmkPv8m/1/fjshoBDv/ETceWHs="></latexit>

β
<latexit sha1_base64="4pizohhCa6xPp+Wavvj8IlbLaTI="></latexit>

ϵ
<latexit sha1_base64="h/33dmTUGc6IegvVo8crjFsz0c0="></latexit>

ϵ ∼ N (0,σ2I)

Iff residual error is i.i.d.

Ordinary least squares

�̂ = (X�X)�1X�y

ϵ = y− Xβ̂
<latexit sha1_base64="jlFgDurkLkjBSlEufV/d2ysgXWo="></latexit>

∑

i
ϵ̂2i

<latexit sha1_base64="v7BZobSndOha9WuAadY+aLrYvWs="></latexit>

minimise w.r.t β̂
<latexit sha1_base64="Xyr+EIOv7EhXef+tjEUWI1ZZh/8="></latexit>



Parameter estimation: a geometric perspective

Ordinary least squares

Projection matrix

�̂ = (X�X)�1X�y

x1
<latexit sha1_base64="QcF302FvcDIsKZz4gwdwE0O0a/4="></latexit>

x2
<latexit sha1_base64="Mq57byvxVfxQpS0H5ckwtwN20C0="></latexit>

y
<latexit sha1_base64="/n7yg9GgrQUJNKKY+N6EmZTJ91g="></latexit>

ŷ = Xβ̂
<latexit sha1_base64="xt/XtxYeivoVeu0dJ1Fj2y1phX0="></latexit>

ϵ
<latexit sha1_base64="h/33dmTUGc6IegvVo8crjFsz0c0="></latexit>

Design space of X

Residual forming matrix

ϵ = Ry
<latexit sha1_base64="qzfBtFSfZBTTlVR2+JLolu8vSeA="></latexit>

R = I � P
<latexit sha1_base64="KyeGmzzWKn8qQDTq3UNcPPO+l3Y="></latexit>

ŷ = Py
<latexit sha1_base64="fkJ7AzlirczpaLtZybvM/JRusak="></latexit>

P = X(X�X)�1X�
<latexit sha1_base64="dtTPOaju8brr7d4AuzFgCUL6h/k="></latexit>



Channels to voxels transformation

Spatio-temporal
interpolation

3D image (Nifti)M/EEG channels
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Mass-univariate statistical framework
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Mass-univariate statistical framework



Introduction
- Statistical parametric maps of MEG/EEG data
- ERP example

General linear model (GLM)
- Definition & design matrix
- Parameter estimation

Classical inference
- Contrasts and inference
- Correlated regressors

Overview



Hypothesis testing in classical inference
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No effect under null distribution
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Contrast and t-test

c⊤ = [1 − 1]
<latexit sha1_base64="Zb+hqq6q+yMyp72Cua7VGuBB+iQ="></latexit>
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SPM-t over time-spaceContrast vector Linear combination 
of parameters

β̂1 > β̂2
<latexit sha1_base64="wORoxTASs+fn5tTvAY5zTuFMF3c="></latexit>

(1× β̂1) + (−1× β̂2) > 0
<latexit sha1_base64="MgPEMdKJiKe9En3e1V1LFtStBFI="></latexit>

c⊤β̂ > 0
<latexit sha1_base64="aT6LcCx6O9pJ71wLNXgxi8PgMKE="></latexit>

t-contrast



Classical inference

Constrast

t statistic

Analytic T null distribution
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False-positive rate

α = p(T ≥ uα|H0)

Hight threshold
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t-test summary

Contrast
Linear combination of parameters 

t-test
Signal-to-noise ratio measure

t-statistic
No dependence on 
scaling of regressors or contrast 

Unilateral test

c⊤β̂ = 0
<latexit sha1_base64="GAvoCzSyMZqqj/Xfocn92ZcP2P8="></latexit>

c⊤β̂ > 0
<latexit sha1_base64="aT6LcCx6O9pJ71wLNXgxi8PgMKE="></latexit>

H0: HA:
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F-test and extra sum-of-squares

RSS
RSSRSSF -

µ 0

21 ,
~ nnFRSS

ESSF µ

Test statistic: ratio of 
explained and unexplained 

variability (error)

n1 = rank(X) – rank(X0)
n2 = N – rank(X)

RSS
å 2ˆ fulle

RSS0
å 2ˆreducede

Full model ? 

X1X0

Or reduced model? 

X0

RSS
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µ 0
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Test statistic: ratio of 
explained and unexplained 

variability (error)

n1 = rank(X) – rank(X0)
n2 = N – rank(X)

RSS
å 2ˆ fulle

RSS0
å 2ˆreducede

Full model ? 

X1X0

Or reduced model? 

X0
Full model Reduced model
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ESSF µ

Test statistic: ratio of 
explained and unexplained 

variability (error)

n1 = rank(X) – rank(X0)
n2 = N – rank(X)

RSS
å 2ˆ fulle

RSS0
å 2ˆreducede

Full model ? 

X1X0

Or reduced model? 

X0 Ratio of explained and
unexplained variance

F-statistic

X0
<latexit sha1_base64="DPJtx/fozWJ5gaBx1SnyBuHVKTw="></latexit>

X0
<latexit sha1_base64="DPJtx/fozWJ5gaBx1SnyBuHVKTw="></latexit>

X1
<latexit sha1_base64="vIfLteJ0ClNGP95Gp71ivuOP5C0="></latexit>



F-test and multi-dimensional contrasts

H0: True model is X0

Full or reduced model? 

X1 (b3-4) X0 X0
0 0 1 0  
0 0 0 1

cT =

H0: b3 = b4 = 0 test H0 :  cTb = 0 ?
β3 = β3 = 0

<latexit sha1_base64="jtwWFdGgcNJ6bVlyO5/X5NtPrT0="></latexit>

H0: c⊤β̂ > 0
<latexit sha1_base64="aT6LcCx6O9pJ71wLNXgxi8PgMKE="></latexit>

HA:

X0
<latexit sha1_base64="DPJtx/fozWJ5gaBx1SnyBuHVKTw="></latexit>

X0
<latexit sha1_base64="DPJtx/fozWJ5gaBx1SnyBuHVKTw="></latexit>

X1
<latexit sha1_base64="vIfLteJ0ClNGP95Gp71ivuOP5C0="></latexit>

c⊤ =
<latexit sha1_base64="w9LQrCkPUsEUTW7AvKqghj97L30="></latexit>

0   0   1   0

0   0   0   1



F-test summary

F-test

Additional variance explained by full model
w.r.t. a reduced (nested) model

Uni-dimensional contrast

Testing b1 – b2 is the same as testing b2 – b1 
It is exactly the square of the t-test, testing for both 
positive and negative effects 

Multi-dimensional contrast
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Correlated and orthogonal regressors

x1
x2x2*

x2 orthogonalized w.r.t. x1
Þ only the parameter estimate 

for x1 changes, not that for 
x2!

Correlated regressors 
Þ explained variance 

shared between 
regressors
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Correlated regressors

Explained variance shared 
between regressors

Orthogonalised regressors

Parameter estimate for x1 
changes, not for x2



Orthogonal regressors

Variability explained by x1 Variability explained by x2



Correlated regressors
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Correlated regressors

Testing for x1 
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Correlated regressors
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Summary

Y = Xβ + ϵ
Special cases of the GLM

• t-test

• F-test 

• Analysis of variance (ANOVA)

• Analysis of covariance (AnCova) 

• multiple regression



Thank you!

Any questions ?

Thanks to Christophe, Guillaume, Will, Rik, Stefan and Karl!


