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Research Objectives
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 Statistical measures explored

* Changes during cognition and eyes open — detected &

visualized

* Functional brain networks visualized - correlations among the

various parts of the brain

* Graph measures applied on brain networks
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* Functional Brain Networks

* Electroencephalogram

e Signal Processing System

* Experimental setup for data acquisition
» Signal processing techniques

e Visualization

* Conclusion and future work



Functional Brain Networks
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* Network perspective - localized
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Electroencephalogram (EEG)
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* Arecording of voltage fluctuations versus time from electrodes placed
over scalp

* Advantages
— Non-invasive
— No complex equipment required
— No radio-active elements required for recording
— Scalp is not subjected to any photo emissions
— High temporal resolution

* Disadvantages
— Low spatial resolution
— Prone to noise (muscle movement, eyeball movement, etc..)



Signal Processing System
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EEG Data
acquisition

Recording

30 channels
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Construction and Visualization of

Functional Brain Network
= Graph Analysis

Magnitude Squared Coherence
Pearson’s product moment
Wavelet Coherence

= Complex Network Analysis
Degree Centrality
Betweenness Centrality
Clustering Coefficient

Functional Brain Network using MSC Network Measures




Experimental Setup
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Nuamps
40 Channel EEG Amplifier

Computer

SCAN EEG ACQUISITION
COMPUTER

Cognitive load experimental set up
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Eyes open (Baseline)

Experimental Setup
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« Eyes open (Baseline)
« Cognitive Load
v" Visual stimulus
v Audio stimulus

v Combination of audio/visual

Experimental Setup
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Cognitive load experimental set up
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Data Processing

* Pre-Processing

— Notch filter — 50Hz, Signal filter — 0.5Hz to 70Hz, Eye blinks removed,

Bad blocks removed by visual inspection

* Chunks of 2 seconds data - averaged
LT N i e R e e e P

~ alW\ N W”‘ A, __ij\_
‘-.rkua'f IJ‘" '-”‘“-’“\r“mr“'“"‘*ﬁf“' NNNNNNN LT I R LN e A e
3 ‘ = . U ol ;,,\ e = = lr"" u’ "-L»'-.,._"b_r\"’,""r:”'»,, i WL ~-'.’L'ﬁ‘ﬂ.—'_'q'-l(;'LJ.-‘-',l"y.!.‘.l_»\- Ry
J..'—— W ,ﬂ-._,r_r-/l IWNW\M__—-JLN.,,WW”J~_
LT R RV e W A R R T e
e, MM’WUM"\” B T i e L R
ey W«l& —‘-*'\;W ’\ﬂlf' Ty A W -
T T, BT e O N . YR g e e
WJ‘WJ“‘\VM - ﬁ”w—-v‘*

.rwr-" P .W‘MM-._ L
~F ”-WN B e 7Wr st
' \ \I/ T / /T Response

2s (backwards from
response)

11



Data Epoching
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Processing of EEG signals
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Magnitude Squared Coherence (MSC)

* Power spectrum - Power carried by each frequency

* Coherence (Cross power spectrum) - Checks the degree at which two

signals are similar

* Magnitude squared coherence - Squared value of cross power spectrum

divided by the product of the power of the spectra of both the signals

Py, (P
Pee (D Py ()

where x and y are electrodes

ny (f) =
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Processing of EEG signals
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Pearson Product-Moment Correlation Coefficient (r)

* A measure of linear correlation between two variables X and Y
(electrodes)

* Covariance between two signals divided by the product of their standard

deviations o Z?((x:, _ f)(yi _ J_/))
Vai (g = 0)2 Xy — )2

where X =x;.....xpand Y = y; ..... ¥,
* Range:-1to+1
+1 - perfectly correlated; Y increases as X increases
0 - no correlation
- 1 — Negatively correlated; Y decreases as X increases
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Construction of Functional Brain Network
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 Computation of pairwise relationships using MSC and r

FP1 1 0.7 0.8 FP1 1 0.8 -04

5 0.7 1 0.2 5 0.8 1 0.6

02 0.8 0.2 1 02 -04 0.6 1
MSC r

* Visualization

— Graph (network) - Electrodes as vertices and correlation value between pairs of
Electrodes as edges

— Complex Network metrics - degree of the nodes, betweenness centrality, clustering
coefficient
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Pairwise relationships - Example
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Pairwise relationships using MSC
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Complex Network Metrics
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e Degree of a node

— Number of edges connected to each vertex

— Edge — existence of correlation between two electrodes

e Betweenness centrality (BC)

— Number of shortest paths between all other node pairs in the network

that pass through it

* (Clustering coefficient (CC)

— Proportion of links between the vertices within its neighbourhood to the

number of links that could possibly exist between them.

— Measure of segregation
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Visualization of Functional Brain Network

Jos Subject: P2
1o Functional brain network during eyes
open - MSC Threshold: 0.3
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Average Deqgree

Average of individual degrees of
the nodes

Inferences

Increase in average degree (Blue) -
High cognitive activity during a
specific epoch (1.5s-1.0s)

Visualization of Functional Brain Network

Average Degree using MSC (> 0.3)
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Visualization of Functional Brain Network
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Degree of Nodes using MSC (= 0.3)
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Betweenness
Centrality

Number of shortest
paths between all
other node pairs in
the network that
pass through it

Observations

MSC showing
significant increase
in BC for cognitive
load

Visualization of Functional Brain Network
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Visualization of Functional Brain Network
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Clustering Coefficient using MSC (= 0.3)
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Conclusion and Future Work
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Higher Average degree— identified the time segment of cognitive processing
— Larger number of temporal correlations in functional brain network

— Increase in cortical processing

Higher Degree of Nodes — identified the electrodes involved in higher amount of

processing during cognitive load
Higher clustering coefficient — Identified the electrodes that form clusters (segregation)
— Faster dissemination of the information in the neighbourhood

Betweenness Centrality — identified the electrodes involved in integration principle

— Electrodes with high BC support integration principle of the functional brain network

Statistical testing on Analysis of Variance (ANOVA) confirmed difference between eyes

open and cognitive load tasks

Nonlinear measures and techniques will be explored further to understand the

underlying neuronal interactions better
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