GLM in EEGLAB/LIMO

Arnaud Delorme

(with slides from C. Pernet)



The GLM Family

Tor Wager’s slide

T-tests

Simple regression
ANOVA

Multiple regression
General linear model

* Mixed effects/hierarchical

* Timeseries models (e.g.,
autoregressive)

* Robust regression

* Penalized regression (LASSO,
Ridge)

Generalized linear
models

* Non-normal errors

* Binary/categorical outcomes
(logistic regression)
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A regression is a
linear model

Varying factor: Contrast of image

Outcome: Reaction time
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Mace, M., Delorme, A., Richard, G., Fabre-Thorpe, M. (2010) Spotting animals in

natural scenes: efficiency of humans and monkeys at very low contrasts. Animal
Cognition, 13(3):405-18.



A regression is a
linear model

* We have an experimental
measure x (e.g. contrast)

* We then do the expe and collect
data RT (e.g. reaction time)

RT (ms)

Contrast




A regression is a
linear model
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measure x (e.g. contrast)
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A regression is a
linear model

* We have an experimental
measure x (e.g. contrast)

* We then do the expe and collect
data RT (e.g. reaction time)

RT (ms)

* Model: RT = BO+XBI+ e

* Do some maths / run a software

to find 3; and B,

Contrast

* RTAM=23.6 + 2.7x



A regression is a
linear model

For each trial

Contrast level
RT, = By 0*By + &4
RT, = 3, 3, + ¢

RT; = B, 3, + &5




A regression is a
linear model

For each trial

Contrast level
RT, = By 0*By + &4
RT, = 3, 3, + ¢

RT;=Bg+ 7*PB, + &

To test for significance compare the original regression model
RT, = B + ¢;*B; + & with the simplified model RT; = 35 + ¢;

t 1 |

Test if 0 included in confidence interval Compare these errors




An ANOVA is a linear model

Varying factor: Type of image

Outcome: Reaction time (go/no-go)

Fishes Birds Reptiles No-animal

Delorme, A., Richard, G., Fabre-Thorpe, M. (2010). Key visual features for rapid

categorization of animals in natural scenes. Frontier in psychology, 1:21



RT;j=Bo+Pite

that is to say the data (e.g. RT) = a constant term (grand mean [3,) + the effect
of a t?ea’gment (B4 for fishes 1 and 3,, Bs for birds and reptiles) and the error
term 8i,j



RT;j=Bo+Pite

that is to say the data (e.g. RT) = a constant term (grand mean [3,) + the effect

of a treatment (3, for fishes 1 and [3,, B3 for birds and reptiles) and the error
term (g;;)

For trial 4 (for example first trial of birds) we have

RT1=Bo+ +1*B, + +81



RT;j=Bo+Pite

that is to say the data (e.g. RT) = a constant term (grand mean [3,) + the effect

of a treatment (3, for fishes 1 and [3,, B3 for birds and reptiles) and the error
term (g;;)

For trial 4 (for example first trial of birds) we have
RT;1=Po+ +1*B; + +8&1
For trial 13 (for example second trial of birds) we have

RT..=R.+ + 1*R. + + Caa



RT;j=Bo+Pite

that is to say the data (e.g. RT) = a constant term (grand mean [3,) + the effect

of a treatment (3, for fishes 1 and [3,, B3 for birds and reptiles) and the error
term (g;;)

For trial 4 (for example first trial of birds) we have
RT;1=Po+ +1*B; + +8&1
For trial 13 (for example second trial of birds) we have

RT,,=Bo+ +1*B, + +&))

Statistics: if there is an effect of treatment then error of the simplified model
RT;; = Bo + &;; should be lower than the original model RT;; = 3¢ + B; + &

t |

Compare these errors




The GLM can do both
a Regression and an ANOVA (ANCOVA)

Varying factor: Type of image AND contrast
Outcome: Reaction time (go/no-go)

Fishes Birds Reptiles No-animal

For example, for trial
(first bird with contrast RTy1=Bo+ \ +1%By + + B C21"Pa F €21
|

c,1) We have b _
Categorical var.  Continous var.

ANOVA REGRESSION
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The design matrix

Design matrix
G, G, G3 G4 C

y(1..3) = 1xB1+0xB2+0xP3+0xP4+c+error
y(4..6) = 0xB1+1xP2+0xP3+0xP4+c+error
y(7..9) = 0xB1+0xB2+1xP3+0xP4+c+error
y(10..12) = 0xP1+0xp2+0xpB3+1xP4+c+error
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Measures Model/ Errors

Design matrix
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Linear Modeling of EEG data

Trial 1

Trial

Trial

Trial 3

Trial 4
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Linear Modeling of EEG data: level 1

Electrode 1

ol A I Continuous var.

Design matrix

(ANCOVA) 4*

\
T (m=
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Categorical var.
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GLM: ordinary least square (OLS) versus weighted least square (WLS)
Significance: bootstrap trials to get confidence interval of beta parameters



Linear Modeling of EEG data: level 1

Electrode 1

Hypotheses:

1. Effect of stimulus 1 -> is beta 1 significant
(0 outside of betal confidence interval)

Design matrix

2. Difference between stimulus 1 and 2 (faces vs house)

[ANCOVA)

-> is beta 1 minus beta 2 significant

(are the confidence intervals overlapping)

\1/

Electrode difference
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Significance based on beta params.



Linear Modeling of EEG data: 1st level

Electrode 1

Electrode 1

It is possible to plot the potential difference

between condition at a given latency
Scalp topography of beta N :
) ) and assess significance using the beta
I difference at a given latency difference

06

0.2
0.2
0.6

Electrode 3

Limit of the regions
masked for significance




Stimuli ‘ Or ‘ Or . Or .

. . OO NN
1. Interaction design Use beta as direct input into repeated measure
(EEGLAB default) E: ANOVA 2" level to compute main effect and

interaction effect (no need to build contrasts)




www.nature.com/scientificdata

SCIENTIFIC DATA:

----------------------------------------------------------------------------------------------------

OPEN© A multi-subject, multi-modal

SUBJECT CATEGORIES

» Electroencephalographyé human neurOimaging dataSEt

-EEG :

. Daniel G. Wakeman®? & Richard N. Henson>
» Brain imaging :

« Scientific Data 2, Article number: 150001 (2015)
* d0i:10.1038/sdata.2015.1
https://www.nature.com/articles/sdata20151



Famous Unfamiliar Scambled
=
4 -

* 3 types of stimuli: Famous faces, Non-famous faces, Scrambled faces

The Data

* 3 |evels of repetition: 15t time, 2" time (right after), 3" time (delayed)

- Priming experiment with a possible interaction with the type of
stimuli.

We need the conditions computed per subject (1% level) and then do
the repeated measure ANOVA to test main effects and interactions.



What are we going to do?

* 1 — Replicate Henson et al. — faces vs. scrambled
Topography 170 ms

a x10° Channel EEG065 (EEG)

N === Trial 1 (average of 16 subjects): Famous
== Trial 2 (average of 16 subjects): Unfamiliar
© N | Trial 3 (average of 16subjects): Scrambled

EN SIS

average over electrodes (V)
I
oo
T

potential difference relative to

L
o
T

o M. timejin ms after stimulus onset)
0 100 200 300 400 500 600 700 800

L
)
.

e 2 —learn about HLM, robust statistics and multiple comparison
corrections



Preprocessing in EEGLAB

* Step 1. Raw data importation

* Step 2: Downsample the data

» Step 3: High-pass filter the data

* Step 4: Remove strong line noise

» Step 5: Detect and reject bad channels

* Step 6: Re-reference the scalp-channel data to average reference
» Step 7: Extract epochs centered on Famous, Unfamiliar, and Scrambled face presentations
» Step 8: Further clean the data by rejecting noisy epochs

» Step 9: Perform ICA decomposition

» Step 10: Select independent components

* Step 11: Fit equivalent current dipole models to components

Assessing Event-Related EEG Brain Dynamics Using EEGLAB

Scott Makeig, Ramon Martinez-Cancino, Makoto Miyakoshi, Zeynep Akalin Acar, Luca Pion-
Tonachini, John lversen, Cyril Pernet, Arnaud Delorme

In preparation for a special issue of Frontiers in Neuroimaging methods



Let’s get started

- Open Matlab

- Start eeglab

- Move to the folder
containing the data

Name

V V VvV VY vV YV Y Y Y Y Y Y VY Y Y Y YY

sub002
sub003
sub004
sub005
sub006
sub007
sub008
sub009
sub010
sub011

sub012
sub013
sub014
sub015
sub016
sub017
sub018
sub019



Create study designs

® © ® Add variable

Edit STUDY design -- pop_studydesign()

New | Rename | Delete | Sub design mat.

000 EEGLAB development head
File Edit Tools Plot BJOLME Datasets Help =~

Edit study info
Select/Edit study design(s)

Precompute channel measures
Plot channel measures

Precompute component measures

PCA clustering (original)
Joor

Edit/plot clusters
Categorical variable: type - vaiues (famous_new - famou

D
scrambled_second_early
scrambled_second_late
unfamiliar_new
unfamiliar_second_early
unfamiliar_second_late

Combine selected values

Linear MOdeling of EEG Data (BETA ~

Gancel|| Ok |

Here, we pick the ‘type’ and select all 9 conditions
(events tagged during preprocessing appear here)



Uncorrected

o0 e Figure 3: Channel ERP
File Edit View Insert Tools Desktop Window Help

NDade h ALV LRL-2 08 O
Standard EEGLAB statistics

ERP - face, 170ms

ERP - notaface, 170ms (p-value) param

38 1
07
0.1
23
0.01
53

0.001

Set statistical parameters -- pop_statparams()

FDR corrected

o0 e - Figure 3: Channel ERP
File Edit View Insert Tools Desktop Window Help

Dede h RR09LA- 2 0EH @

ERP - face, 170ms ERP - notaface, 170ms

3.8
0.7
-2.3
-5.3

Cluster corrected

facestatus (p-value) param with fdr

1
0.1
0.01
0.001

Use parametric statistics

’ - A
v
Use FDR correction
. bl ~

Use montecarlo/permutation statistics &
Use cluster correction (CC) v

N -
v Randomizaticn i)
~

) - e0e Figure 3: Channel ERP
cliannelneghboerparameters, ‘method', triangulation e

File Edit View Insert Tools Desktop Window Help

DEdS M AAO9LEA-3 0E @

‘clusterstatistic’,'maxsum’

ERP - face, 170ms ERP - notaface, 1770ms sgcm (p-value) Fieldtrip montecarlo v:lnh cl

0.7
-23
-53

-83 0.001

0.01




[ NON ) Figure 3: Channel ERP
File Edit View Insert Tools Desktop Window Help =
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a x 10°¢ Channel EEG065 (EEG)
A ey
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e S ot R meases vl - Estimate model parameters

Edit study info
Select/Edit study design(s)

Precompute channel measures
Plot channel measures

® © @® Listof factors

Precompute component measures
PCA clustering (original) >
Edit/plot clusters

Cluster components by correlation (CORRMAP)

® ) ® Linear MOdeling of EEG data -- pop_limo()

See GLM factors|

Linear MOdeling of EEG Data (BETA) >

Show cluster dipole densities

Estimate Model Parameters
Estimate Model Parameters

2nd level analysis
LIMO EEG results (1st and 2

All designs are pooled in

the GLM

Estimate Model Parameter
Have generated single trials, specified the model, we now do the stats
- Restrict ‘timelim’ [-50 650]



Are Beta significant?

o0 e EEGLAB development head

File Edit Tools

Plot SOV Datasets Help ~

Edit study info
Select/Edit study design(s)

Precompute channel measures
Plot channel measures

Precompute component measures
PCA clustering (original) >
Edit/plot clusters

Cluster components by correlation (CORRMAP)

Linear MOdeling of EEG Data (BETA)
Show cluster dipole densities ‘

Estimate Model Parameters (channnel)
Estimate Model Parameters (comn

000
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o0 e limo_random_effect
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=1 MailDownload
[3 Documents

Options
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Favorites
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/% Applications
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[ Desktop
° Downloads

Options k

| Name Kind
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|m) recode_events.m Objective
> [ sub019 Folder
> [ sub018 Folder
> [ sub017 Folder
B cihMA Enldar

~ Con4_files_GLM10LS_Time_Channels.txt
~ Con3_files_GLM10LS_Time_Channels.txt
| Ess2_files_GLM10LS_Time_Channels.txt
~ Con_files_GLM10LS_Time_Channels.txt
. Beta_files_GLM10LS_Time_Channels.txt
_ LIMO_files_GLM10LS_Time_Channels.txt
. EEGLAB_set_GLM10LS_Time_Channels.txt

> | s19

> Bl S18
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Plain Text_

Plain Text
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Cancel
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00 e
File Edit Tools Plot BJULWA Datasets Help

Edit study info

Select/Edit study design(s) _
Image all New Contrast

Precompute channel measures

Plot channel measures

PCA clustering (original) »

Edit/plot clusters .
[ BON ] Figure 1

Cluster components by correlation (CORRMAP)
Linear MOdeling of EEG Data (BETA) Estimate Model Parameters (channnel) A A A A
S File Edit View Insert Tools Desktop Window Help

Show cluster dipole densities Estimate Model Parameters (comp

2nd level analysis ﬁ ﬁ E % k ‘ .\ . @ l‘! é - @ u E a .

| LIMO EEG results (1st and 2nd level) |

One sample t-test: uncorrected threshold

d T
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00 List of factors ED | < l > 88 m| &~ I whdata_processed_cuttin... i) a Q Search l'
i n 1
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E Recents Can > Foer |
- » [ parameter_4 Folder |
7 Applications » [ parameter_3 Folder
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‘m arno v [ parameter_1 Folder "
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& Desktop > [ HO Folder * Wy Pop!
A e w0
1 I
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® o u # LIMO.mat MATLAB [ § 3 1 i I “
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Options Cancel Open :
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Grouping betas and differences between conditions

Facesvs non-faces  Famous  Scrambled ~ Unfamiliar  ANOVA (famous/scambled/unfamiliar) ANOVA (new/early/late)
1 1 0 0 1 00 1 00
1 1 0 0 1 00 010
1 1 0 0 1 00 0 01
-2 0 1 0 010 1 00
-2 0 1 0 010 010
-2 0 1 0 010 0 01
1 0 0 1 0 01 1 00
1 0 0 1 0 01 010
1 0 0 1 0 01 0 01
0 0 0 0 0 0O 0 0O




ANOVA (famous/scambled/unfamiliar)

File Edit View Insert Tools Desktop Window Help
EEEEIE
Contrast 1: F-values
cluster correction (2 clusters)
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