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Granger Causality

First introduced by Wiener (1958). Later reformulated by
Granger (1969) in the context of linear stochastic

autoregressive models
Relies on two assumptions:

Granger Causality Axioms

1.

Causes should precede their effects in time (Temporal
Precedence)

2.

nformation in a cause’s past should improve the
orediction of the effect, above and beyond the information

contained In past of the effect (and other measured
variables)




Vector Autoregressive (VAR)
Viodeling

X(H) =Y, AOX(1 - k) +E(1)

Granger Causality Coherence Spectrum
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Volume conduction

Channel or Source?  gissiorEccio

Frontiers in Neuro. 2010
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M M O Fit AMVAR Model

M M O Select Model Validation Methods

1. Select MVAR algorithm

Mullen, et al, Journal of Neuroscience Methods (in prep, 201 1) T

Mullen, Delorme, Kothe, Makeig, Society for Neuroscience, 2010
Delorme, Mullen, Kothe et al, Computational Intelligence and Neuroscience, vol 12,201 |

ARFIT

2. Window length (sec) 035
Start Window Length Assistant.

¥ Check Whiteness of Residuals

3. Step size (sec) 003

Locate dipoles using DIPFIT 2.x >
Peak detection using EEG toolbox

FMRIB Tools >
- Yo Locate dipoles using LORETA >

Datasets Help

File Edit JCT00 Plot Study
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4. Model order 10
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® O O Plot Information Criteria
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9% windows to sample 100
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EEGLAB SOftvvare framework

Analysis

Analysis plugins

Data archive HeadIT

Data sync and handling /J Mat/IElver

~N

>V

Interactive tools DataRiver
N

\ N
BCILAB Producer

Stimulus control

ERICA framework
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An Application

Causal
source

Spatiotemporal modeling of seizure
causal hubs and propagation dynamics
from intracranial EEG

Causal dDTF (3-25 Hz)

sink

Mullen et al, IEEE EMBC, 2011
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Seizure Data

& W e Pre-Surgical Evaluation
/ | s * Rest Data

ar o 78 ECoG electrodes,; 29 Scalp
= *; ¢ Provided by Dr. Greg Worrell, Mayo Clinic

16 minutes ECoG data, 500 Hz
2 seizures (1.9 min + 1.5 min)
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Analysis Pipeline
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Forward Modeling

—M model

BEM model

* Plastic sheet (grids
o Skull (with craniotomy hole
e Scalp

80 000 source vertices



BEM model

On Scalp On subdural ECoG grid On-cortical surface mesh

|CA topographic
maps on BEM model

[eluo.y

Akalin Acar, et al (2008a,2009) IEEE EMBC



Viultl-scale patch-basis Legend

symb number of...

source localization with m - channels (78

V. source voxels (80K)

Sparse Bayesian Learning ¢ o

T time points (120K)

Dl.j = geodesic_distance(i, j)

=Inf if D, [ % il
= Inf 1 > scale
f | D> TEJ L = [m X v] Lead Field Matrix
W( "= gauss(D.,0,.) = exp| —— s
ij 2 2 ' (1) (&)
2767 20, S L =[IW LW,
o, = scale/3 ”
. . 3 :
Three truncated Gaussian patches of different scales = X =AS
di 10 6 3 Qi vati
radius mm mm 33 S S, =XT] g"IC activation
Ok 3.33 mm 2 mm 1. mm —
% flq LM +e, ;
> L =SBL(A L)
e =1
) & M =[L Aq]3v><1
> Y
E M, = reshape(M ,v X 3)
® M, =Y, M
Akalin Acar, et al (2008a,2009) IEEE EMBC EE) P M S, [VX T] cortical surface
Ramirez, et al, HBM, 2007 = q q potentials for g IC



SBL simulation study with
MNI model (SNR:50)
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max displacement
reconstructed patch centers
§ energy difference loriginal energy - reconstructed energy|
)
degree of focalization (DF)  reconstructed energy / original enegy

Akalin Acar, et al (2009) IEEE EMBC



SBL Localization of
Epileptogenic |G Sources

IC maps interpolated on
cortical surface mesh

Akalin Acar, et al (2009) IEEE EMBC
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SBL Localization of
Epileptogenic |G Sources

|IC maps interpolated on Equivalent Current

cortical surface mesh Dipole solution
Gl o \
Radial dipole
33
// .
(@72 SN

Tangential dipole

Akalin Acar, et al (2009) IEEE EMBC
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SBL Localization of
Epileptogenic |G Sources

|IC maps interpolated on Equivalent Current SBL multiscale
cortical surface mesh Dipole solution patch solution
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VAR Model Fitting ano
Multivariate Granger Gausality

x Seizure |C activations down-sampled to 256 Hz

» VAR model of order 7 (selected using Hannan-Quinn information
criterion) fit to seizure activations using ARFIT algorithm using a
15-sec sliding window: with 1 sec step

» Residual whiteness tests (Portmanteau) and stability analysis

x dDTF and spectral density estimated for each window from
1-70HZ

x Significance determined via phase randomization surrogate test



dDTF (multivariate GC) FROM
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dDTF (multivariate GC) FROM
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Spatiotemporal Visualization
of Causal Flow Dynamics
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Causal Flow Dynamics

Max Outflow Causal Source

No Flow Causal Sink

Outflow Causal Flow

J“

ol

Nel flow
Upper Envelope
Lower Envelope

Upper Envelope

|
|
‘ﬁh Lower Envelope
o
J ‘_~"F"'
y

A 0 Y

Ly
)

[
|
|

) |

1 |

\ I

[
|
|
|
|
I I
11 I\
r.\ I"l
LAl |
| |
| |
I |

\

Causal Flow {out-in)

i

i LA
\ et N A

\ /
ll'L_.----.__‘_ .\ .

200 300 400‘ 500 7 7 ) 100 200 300 400 500 600 700 800 900
Time (sec) Time (sec)

|
|
|
|
|
I 1
S, A
=]
|
|
|
|
|
|

I
|
|
|
|
|
|
|
|
|
|
|
L)
l'fl‘ i

Mullen, Akalin Acar, Worrell, Makeig (2011), IEEE EMBC




Causal Flow (out-in)

Time(sec)

O P -~ 0 -~ W

Asymmetry Ratio

o Post-
o .
< Seizure
o Late
i Stage
i :
o Mid-
SN Stage
< Early
i Stage
L Ictal
o Onset
< Pre-
seizure
| | | |
b | A R
( ) { l]&»‘ ‘f‘,.'

.
| |

=

100 200 300 400 500 600
Time (sec)

700 800 900

Sink

Qutflow

Causal Flow

Source Source

Outflow

Time (sec)

&

Spectral Perturbation (dB)
o

Spectral Perturbation

Max
Flow

No Flow

Time (sec)

Mullen, Akalin Acar, Worrell, Makeig (2011), IEEE EMBC




Acknowledgements

= UCSD 2UCSD | School of

Cognitiye!'.ls.clie.n_.c:e

Jacobs | Engineering

Swartz
Center for
Computational
Neuroscience

Virginia:de Sa Ken Kreutz-Delgado
Vicente Malave

Zeynep Akalin'Acar MAYO CLINIC .
Ja:on??almer W\ﬂp Sponsorshlp
Scott Makeig Dr. Gregory Worrell

Arnaud Delorme Anonymous Patients | The Swartz Foundation
Christian Kothe San Diego Fellowship
Nima Bigdely Shamlo Glushko Fellowship
Zhilin-Zhang

Wes Thompson



44.4.4.4,.4..4....... ........

T Y Y YT YT YT YT YT YT YT YT YT YT Y Y Y Y Yy y )

4J444J4444444444.J,.,,/ ' 'y
P22 2R ARRRRRRRRRARRAR

YT T Y Y Y YT YT Y T YT YT Y Y YT Y YYYTY Y

, J.JJJJJJJ;zszJJal;,,,,,.

JJJJJJ414444.4. ..........

Y Y Y Y YYYY Y Y Y Y Y Yy 1
hﬁf¢444du44,... .........

JJJJ4444444444,,,,....,.
JJJJJJJJJ.-A-‘, ........
PR RRR AR AR R AR R RAR AR

2R RRRRRRRRRRRERE

T YT Y T Y YT YT Y YYYTYYIYY

f.dqqa.,“‘........., ¢
TY YT YT YT YT YT YT Y Y Y Y Y Yy Yy vy

. 4444444444,,,,,,.:

.......

/JJJ.J«JJJ ~‘.
x, 444% Y1) JJ
:fuu

JJ444441144414,,,,..
T YT Y Y Y Y Y Y Y Y Y Yy
PRARARRARARARARN ,

TY Y Y Y Y Y YT Y Y Y Yy vy

PR RRRARRRRRR RN

™ TN YT Y Y Y Y Y Y Y Y Y Y Y Y Y

TYT YT YT YT T I T I YTy
YT YT YT YT Y Y Y Y Y Y Yy Yy vy
22222250002 E R
JI.JIAJta-.. ......
fJJJJJl:.44......,..
PSSR RRRRR R R AR R RD
.fdd444444444,.,.,.

TYYYYIY9Y9Y Y
JJJJ;t...,
J4444.4...

_

rYYYIYYIYIY Y)Y

YYYYYYY . )
,,.‘44¢bﬁﬂ4V
LLLLLL L)
BRERRRRER RS
TYYYYYYYY Y)Y S T T )
RERRRR AR EN 00000000000000000000000oooooooooooooooooooooo00000000000000000000“.
BARRARRR AR O R R R R R N R N N N T N TN )
ITIITITYTYYY Y A i)
,,,,‘,ZOQOﬂQQJJJaJ Ooooooooooooooooocoooooooooooooooooooooooooooooooooooooooooooooﬂﬂﬂ
T ’41
Y Y YT YYYYYS L)
Y Y YN YHNYYSY N
T Y Y YT Y Y YTYYYY Y ...

NN YN YYNYNNS
'Y YT YTYYYYY S

..
..:
o

°!
4 .:
e

5

-
-

: -
_.,.,fﬂ,_aa Y /4 T 00“4'0
...... \ R

T YYYYYY Y

,,.JJJJJJJJJAme
.’4.-44JJJJJJJ
\RERRRRRRRRR R RS

T T T T T T T T T T T I ITYIYTYTYYY Y Y

,..........,.4.44411JJJJJJAI.
........ REARRRRRAR AR R RN
YT T T T T YT YT YT Y Y Y Y YYYYYYYYYYS

.. \ ,. ,.,.,.,.,,4.4,4,4‘4‘44414‘44444444//4J4JJJ )

......... T I I I Y
........... ......‘JJJJJJJJJJJJJJJJJJJ
, Y T T T Y T T T T I YT T Y Y YT Y Y Y Y Y Y YY Y

Q2

.ﬂf TLIIIYIILY
T2
TYTYTYTYTYYYYY Y Y

. ») T YT Y Y Y Y Y Y Y Y YY
....... T T T T T YT YT YT YT Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y Y MY MY Y MY MY Y MY Y Y Y Y Y Y Y Y Y YYY Y YYY Y Y Y



|_ocalized Epileptogenic |G Sources

Mullen, Akalin Acar, et al (2011), IEEE EMB



|_ocalized Epileptogenic |G Sources

Mullen, Akalin Acar, et al (2011), IEEE EMB



|_ocalized Epileptogenic |G Sources

Mullen, Akalin Acar, et al (2011), IEEE EMB



|_ocalized Epileptogenic |G Sources

Mullen, Akalin Acar, et al (2011), IEEE EMB



|_ocalized Epileptogenic |G Sources

IC5 IC3

weight
(polarity)

Mullen, Akalin Acar, et al (2011), IEEE EMB



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods

X(t)

Definitions

multivariate data at time t

A"(t)  mixing matrix for A" ICA model

S" (1)

source activations for hth ICA model



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods

Definitions

X(t)  multivariate data at time t
A"(t)  mixing matrix for A" ICA model

S” (¢)  source activations for h" ICA model

AMICA model

p(X(@) =Y, p(M,)p(X(t)| M,)

PX(1)| M,) = |det AT'| p, (A;'X (1))
X(r)=A"S"(1)



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods

mixture model

Definitions

X(t)  multivariate data at time t
A"(t)  mixing matrix for A" ICA model

S” (¢)  source activations for h" ICA model

AMICA model

p(X(@) =Y, p(M,)p(X(t)| M,)

PX(1)| M,) = |det AT'| p, (A;'X (1))
X(r)=A"S"(1)



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods

mixture model

likelihood function

Definitions

X(t)  multivariate data at time t
A"(t)  mixing matrix for A" ICA model

S” (¢)  source activations for h" ICA model

AMICA model

p(X(@) =Y, p(M,)p(X(t)| M,)

PX(1)| M,) = |det AT'| p, (A;'X (1))
X(r)=A"S"(1)



Ongoing Work: AMICA

Adaptive Mixture ICA

(Palmer, Kreutz-Delgado, Rao , Makeig, /ICASS, 2007)

e Mixture model allowing for robust ICA
decomposition of -non-stationary
ProCcesses.

o Affords automated state segmentation
based on model likelihnoods

mixture model

likelihood function

generative model

Definitions

X(t)  multivariate data at time t
A"(t)  mixing matrix for A" ICA model

S” (¢)  source activations for h" ICA model

AMICA model

p(X(@) =Y, p(M,)p(X(t)| M,)

PX(1)| M,) = |det AT'| p, (A;'X (1))
X(r)=A"S"(1)



Ongoing Work: AMICA

Single model likelihood Seizure

" | segmentation
~ yj W Using AMICA
Lx model

. | kelihoods

’ T|m (mlnutes
5 model likelihoods

Likelihood

Likelihood

|
5 :
15t seizure 2nd gejzure



Seizure
segmentation
using AMICA
model
ikelihoods

~
~b
e

e gl P
{ =

g

seizure. Method: dDTF

sfevrrrrrnnniinn o

Single model likelihood

T T T T T T

Time fsech

seizure. Method: dDTF

WVMMWWMMWW%M: 60

40

||cs ST

Likelihood

20 .

1 1
7 g

Time (minutes) 0 015 base

_

r_| " M
5 model likeliho s00

Time (sec)
j@{%ﬁ: : - [Ice —ics

Likelihood

Model 1
Model 2 H
Model 3
Model 4 H

Model 5 U A
ime (minutes) 100 200 300
Time (sec)

]

F

15t seizure 2nd geizure




AMICA - SBL. Solutions

Representative component maps and SBL solutions from the Amica
model which is dominant in late seizure stage
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AMICA Source Activations

3 seconds data from
AMICA model which
dominates in second
Seizure perioa
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