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Blind EEG Source Separation by
Independent Component Analysis

ICA can find distinct EEG source
CSF  activities -- and their ‘simple’ scalp
Skull maps!
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of Infomax

ICA

Independent Component Analysis
of Electreoencephalographic Data

Seott Maksg Asthoay J. Bel
Naval Meaalth Rawarh Cemo Compota fiomal Newo Maolkgy Tah
PO, Nax 85122 The Salk Tttt P.O. Tax 83800
Ran Niego Oa WVINS 32 Ran Diego, Oa  IKS.3R00
scottScplanag. sdre. savy. all tayesal) edu

TayyPang hag Torrmes ). Scjnowd
Naval Tleakh Rescasch Cemter and  Tlowasd Tioghes Wodical Tnetitute and
Clomy ota fiomal Newo Mology Tah Competational Neswohiology Tah
The falk Tmtswe, PO Nax 858500 The Salk T, PO Tox 85800
fan Diego, Oa  SQNG5800 Ran Diego, Oa 21885800
JEEeeIX el TeITyealX edn

Abatract

Nocanae of the dtanee hetwaen the sk ol and hwin and ther Sifer
ent xwitivities, clartrocncg bologroph &/ TP R dama wllected from
any poimt om the Tman scaly imlodes actniy gomewated within
a g daim o Thin mpatial emcarimg of PG data by wolome
anduction doo not imohe sgeilicamt tme delagm, however, aug,
geting that the fadependont Componont Anolpsi KA talgorithm
of Tell and Sgmownli ] mavitahke ©r jeviorming Mind ommee ne)
antion on PRG data. The KOA algorithm aguasta the problem of
ooree idemBation fom that of wewe bealeation Pt ranita
of apphimg the KA Jigorithm w0 FRG and ocnsrdatad potentiol
‘FRP: data collected duving 2 meetaimed anditory detection tak
show: J I K7A taming & maemitiv o Sfewem wadom aeada. (20
TOA may be maed toepegate chviom arfifactnal FRG componentn
+Fine and muack noine, o3¢ mosements’: from other sozres. <20 K0A

® cipahk of wolating cserlapping FRA phemomena, mdading al
pha and theta howts and spatia Tv-apan e FRP amponents, 1o
reparate KOA chamda /4 Nometa tomavites » FRG and hehav-
oral mate cam be tacked samg KOA via changes » the amommtof
radm ] amchiion ietwen KA fkoed oxtjot owk

S. Makeig, S. Enghoff (2000)



Selected
(@ els

S e e S T |

ICA in
actice
Letter
On
95
I
0

T
o A, g,
EOG ; :
ok ,;"MJWWJMWW—-
: 0
bl opsvngmom oA
ol A Al g
‘ y act.
IC6 fe:::::::f‘::: :i:j : ::I‘:::::::L:;;:: : -1 O .
A | [ NMMW‘/\MN T~
:_”‘EELG‘L o \c7
E J_w“
7 89 0 11 12 13 14
55 Time (s) ICR <&

ton & Makeig, 2006



1 G

soeced MMMWMM
(f%ﬁmmmwmm
ket N gy st gt

3
3
55

EEE535: 54

23341

3R 1/

Eric

5 6 7 8 9 10 11 12 13 14 {
Time (s) IC12

2 3 4

Onton, Makeig (2006)



ICA Assumptions

« Mixing is linear at electrodes

* Propagation delays are negligible

« Component locations are fixed

« Component time courses are independent 7

» # components <= # scalp channels
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Are EEG effective source signals independent?

Independent
Domains

| of Local Sﬁcﬁon_y o

Freeman - phase cones

Plenz - avalanches
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__________J

S. Makeig (2007)



Properties of EEG Independent Components

« Maximally Temporally Independent

* Concurrently Active and Spatially Overlapping
* Dipolar or Dual-dipolar Scalp Maps

* Functionally Distinct €

« Between-Subject Similarity / Complexity



ICA vs. PCA

2Principal Component Analysis Independent Component Analysis

- PC

Variable 2
S
D o

as possible.

ICA makes each component account for as much temporally independent
information in the data as possible, with no constraints on the mixing matrix.

PCA lumps — ICA splits!

Arnaud Delorme & S. Makeig, 2016



ICA vs. PCA
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PCA simply decorrelates the outputs using an orthogonal mixing matrix.

PCA makes each successive component account for as much variance in the data
as possible.

ICA makes each component account for as much temporally independent
information in the data as possible, with no constraints on the mixing matrix.

PCA lumps — ICA splits!

Arnaud Delorme & S. Makeig, 2016



A P300’ visual target response at electrode Cz
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The response (at Cz) sums 238 independent sources

G)

5 200 Sorted by
potential
75-150ms
post-response
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J. Onton & S. Makeig (2009)
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ICA finds Non-Brain Independent Component (IC) Processes ...

Eyg b_l_ink ~ IC4 activity
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... separates them from the remainder of the data ...
J. Onton & S. Makeig
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... and also separates cortical brain IC processes

Equivalent dipoles

Single dipole
component

Dual-symmetric dipole

Component
Julie Onton & S. Makeig (2006)
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ICA is a linear data decomposition method

Channels ' Scalp Data

Time points

Time points

Data = W1 * (W * Data)

Makeig & Onton, 2011



Infomax ICA learning approach

How to make the outputs statistical independent?

Minimize their redundancy or mutual information.

Consider the joint entropy of two components,

H(y1,y2) = H(y1) +H (ywz‘ijz — I(y1,92).

Maximizing H(y1,y>)

minimizing 7(y1,y>)-1

Is O if the two variables
are independent

Infomax
The learning rule:

| SHWN . v

Natural gradient
normalization
(Amari)




Some ICA History

« Herault & Jutten ("Space or time adaptive signal processing by
neural network models®, Neural Nets for Computing Meeting,
Snowbird, Utah, 1986): Seminal paper

« Bell & Sejnowski (1995): Information maximization (Infomax)

« Makeig, Bell, Jung, Sejnowski (1996); ICA decomposition of EEG
 Amari et al. (1996): Natural gradient learning

« Cardoso (1996): Joint approximate diagonalization (JADE)

« Hyvarinen (1999): (fastlICA)

« Lee/Girolami (1999): Mixture model ICA (Extended Infomax)

« Palmer (2006): Adaptive mixture ICA (AMICA)
Applications of ICA to biomedical signals

— EEG/ERP analysis (Makeig, Bell, Jung & Sejnowski, NIPS 1996)
— fMRI analysis (McKeown et al., 1998)

— Fetal/mother ECG separation (Cardoso, 1998)

— Electrocorticography (ECoG) (Whitmer, 2010)



Important Recent Result (2012)

Those linear decompositions of multi-channel EEG data that find
|ICs whose time courses are more temporally independent ...

Also find more ICs whose scalp maps-are highly ‘dipolar’ — i.e.,
|ICs compatible with the spatial projection of a single local cortical (or
non-brain, artifactual) source process — whose location can be
accurately estimated.

More independent time courses €-> Larger number of
dipolar ICs

Hypothesis: Dipolar ICs = Localized cortical source processes

Delorme et al., PLOS One, 2012
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Important Recent Result

Those linear decompositions of multi-channel EEG data that find
|ICs whose time courses are more temporally independent ...

Also find more ICs whose scalp maps-are highly ‘dipolar’ — i.e.,
|ICs compatible with the spatial projection of a single local cortical (or
non-brain, artifactual) source process — whose location can be
accurately estimated.

More independent time courses €-> Larger number of
dipolar ICs

Dipolar ICs = Localized cortical source processes

Delorme et al., PLOS One, 2012



Are locations of EEG effective source signals
similar across tasks?

Are source locations within task
similar across participants?

S. Makeig (2007)



Effective Source Density

B. Visually cued selective response

Visually
cued
button
press
task

Onton & Makeig, 2005



Example: frontal midline theta cluster
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Are source dynamics
similar across participants?

S. Makeig (2007)



Sorted Trials

dB

ITCoh

ERP image of 9.6-Hz alpha power

1400
1200
1000
800
LUy
400
200

i j 9.644 Hz
0 -

0 500 1000 1500 2000 2500
Time (ms)

Onton, Delorme & Makeig, 2005.



R PR A
. -

,.fw.‘.ho s TN Vf.\

o QM\.V,VI.@
WIS

R

o M

Vil ¢
: }/..n.,..m reYs
& A\«.. .
- Rde o D A.ﬂ..%
vl




EEGLAB Workshop, June 26-29, 2007, Aspet: Arnaud Delorme



Goal: To cluster equivalent ICs across subjects

Independent Component Clusters

Frequency (Hz)

Latency J. Onton, 2005



Properties of EEG Independent Components

« Maximally Temporally Independent

« Concurrently Active and Spatially Overlapping
* Dipolar Scalp Maps

* Functionally Distinct

« Between-Subject Similarity / Complexity
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Auditory Deviance Response

MMN P3a RON MMN P3a RON
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The deepest mental trap in electrophysiology
lurks in the word “THE” !!!



Nonpsychiatric Comparison Subjects (NCS)
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PEAK AMPLITUDES

ADR
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Working Memory (LNS Reorder

Verbal 1Q (WRAT) RON 0.15
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Delayed Verbal Memory (CVLT) RON 0.26
Functional Capacity (UPSA) MMN 0.48
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Auditory Attention (LNS Forward)
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PEAK LATENCIES ERP r’

ADR
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Why don't all subjects contribute to every IC cluster?

Cluster d
Compon

Onton & Makeig, 2005
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