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Outline

Alntroduce the use of EEG coherence to assess functional connectivity
In cognitive and clinical neuroscience

Alntroduce methods to model the relationship between activity in the
brain and measurement of EEG on the scalp

ADiscuss the uses, limitations, and alternatives to source localization
(solving the inverse problem)

Alntroduce the use of spatial filters (surface Laplacians) to improve
functional connectivity and source localization estimates with EEG



EEG recording

EEG

AEvery EEG recording is the == Wl =
difference in potential between  / “7 o
two points on the surface ofthe ).~ JJ | | L
head. Thus, itis a measure of w57/ 1 Ll
current in the scalp due to U I
sources in the brain. {w — (1

AThe potential fluctuates on a N .
millisecond time scale, reflecting I Lo Y
extracellular currents in (mainly) N )
pyramidal cells in the cortex. | S

e A B



SpeCtraI AnaIyS|S Of EEQ%G studies usually report findings in

erent frequency bands, typically
Deltac 0.553 Hz Muc¢ 1014 Hz
Thetag 3-7 Hz Betag 14-30 Hz
Alphac¢ 8-12 Hz Gammag 30-50 Hz
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Spectral Analysis of EEG

BIVARIATE

Given an ensemble of multichannel
observations {V . (t)} consisting of k
= 1, K observations in m = 1, M data
channels | can define the cross
spectrum between any pair of
channels as
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Coherence as a measure of functional
connectivity

ACoherence is a squared correlation coefficient that measures at one
frequency the proportion of variance in one channel that can be accounted
for by the other channel with a linear transformation.

AA linear transformation means constant relative amplitude (amplitude ratio)
and constant relative phase.

ACoherence is not strictly synchronization, which in the neurophysiological
literature usually implies zero phase difference between signals

A At the macroscopic scale of scalp EEG measured over the whole brain,
finite transmission delays along axons connecting distant regions of the
brain range will impose delays ranging from 5-50 ms

AWe may expect there are differences in the phase of oscillations in
functionally connected areas of the brain, which can be detected using

coherence.



Coherence and Functional Connectivity In
Neuropsychiatric Disorders

Murias, et al. (2007) Biol Psychiatry. ;62(3):270-273.

AFunctionaconnectivity has been . .
Implicated in neuropsychiatric disorders " e

ASD

(schizophrenia, ADHD, Autism, etc.).

AA number of studies have found
significant differences in connectivity Iin
different frequency bands.

AVery typically, these changes involve both
Increases and decreases in coherence In
different frequency band, suggesting a
reorganization of connections and/or
changes in transmission delays.




Can functional connectivity at rest predict

" ’) EEG coherence with motor cortex
be h aVI Or - In the beta band (20-30 Hz)

Resting-state
EEG

== behavioral score

No. ¢ Driver ¢ Time ¢

1 Lewis Hamilton 1:42.9
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8 Jenson Button 1:44.7

9 Jenson Button 1:44.9
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14 |Michael Schumacher] DNF

PLS

New wﬂj‘f\/J\W'w\f»'m.h\ﬁ/MWIJb“’““W“f'\,ﬂ/lfW“f I

Subject " il
J M Mﬂ I VWLW \Alm.‘h\ﬁ./ UNW l Jo W\f m{ I

Predict l

behavioral score



Motor Cortex coherence at rest predicts
learning in motor tasks (rotor pursuit task)
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Wu, et al., Resting-state cortical connectivity predicts motor skill
acquisition Neuroimage 91:84-90, 2014
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Cross-validated R2 = 0.81




Motor Cortex coherence at rest predicts learning
IN motor tasks (sequenced wrist movement task)
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Stroke

AOne of the main motivations of this
research iIs to
A Develop tools to rapidly diagnose
stroke

A develop tools to assess the state of
the motor system in stroke patients
and optimize strategies for
rehabilitation.

A to understand individual differences in
rehabilitation after stroke.

A Stroke is heterogeneous in that the |
location and size of the lesion varie @
considerably. @

AYet,80%of patients have motor
deficits acutely, an&0%o0f patients
have persistent motor deficits.




EEG coherence measures of connectivity as
a biomarker of motor function in chronic
stroke
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EEG coherence Is a biomarker for motor
Impairment

Fitted R2 = 0.96
Validated R2 = 0.78
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Injured M1 tract
Stroke

Uninjured M1

By conventional we have used the left side
represent theipsilesionahemisphere and
the right side thecontralesionahemisphere.

There was a significant correlation betwee
M1 Cerebrospinal Tract injury and motor
status.

PM-M1 coherence and %M1 CST showed 0.

independent (partial) correlation with motor T s

status and did not correlate with each other. 3s0-®
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Changes In coherence predicts motor status

rehabllitation in chronic stroke patients
IpselisionaM1-PM

AEEG coherence coherence increases over
priorto time reflect improvement
rehabllitation IN Motor status during
predicts rehabilitation therapy
Improvementdue
to rehabilitation
therapy.

APatients who
exhibit

connectivity with
the contralésional
motor areas _
improve with Fltt_ed R2 = 0.97
rehabilitation. Validated R2 = 0.79




