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Introduction

» We analyze narrowband EEG signals, focusing on

the mu-alpha rhythm (approximately 8-12 Hz)

» We apply a discretization to the EEG recorded

from participants playing a prediction game.

» We use Markov Random Fields (MRF) to model

M

relationships between EEG activity and subject’s
choices.

aterials and Methods

» Reactive Index: Measures changes in EEG

» Reactive Region: |dentifies the reactivity region

power between resting and active states

of a frequency band for each subject/electrode.

» Discretization: Converts continuous EEG

activity into binary states

Al

gorithm 1 Reactive Region Search
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1:

~

10:
11:
12:
13:
14:

15:

16:
17:
18:

19:

S o K e N

a<—
- b 5
repeat
Pold <= Py p
Prew < Pa 1
d < Pnew — Pold
if poig > 0 and d > 0 and (pjd
a+a—1

end if
until not (pog > 0 and d > 0 and

repeat
Pold <= Py
Prew pr+1
d < Prnew — Pold
if o > 0 and d > 0 and (d

Pold
b« b+1
end if
until not (pog > 0 and d > 0 and (pdld > e))

return a, b

> e) then

Markov Random Field modeling approach

» We model EEG activity and responses as a
graphical model G = (V, E)

» V/ contains 32 EEG nodes + 3 response nodes
(total 35 nodes)

» Each EEG node X; takes binary values {0, 1}
based on discretized activity

» Each response node Y; (j=0,1,2) takes binary

values:
1 if response j is chosen

\/j:

0 otherwise

» Edges represent statistical dependencies between
nodes

Neighborhood Estimation

For a target node v, we estimate its Markov
neighborhood ne(v) as:

ne(v) = argmax { log (]P’(X‘fl:”) | X%”b)
Wc(V\{v})

— C\AUW‘ Iog(n)\>
Al =2is

/

where ¢ = 0.1 is the penalty constant and
the alphabet size.

Response Prediction

For a given configuration xy of the neighborhood N of
a response node Y;:

pLY; =1| Xy = xn)
>k A(Yi =1 Xy = xn)
where p(Y; =1 | Xy = xp) is estimated from the
data.

P(response = j) =

Parameter Optimization

Table: AUC for different penalty constants and neighborhood
sizes.

—— Rest

—— Motion
—==Initial Guess
——- Reactive Region

1.4 1

1.2

1.0 1

0.8 -

0.6 -

0.4 1

0.2 1

0.0 A

e e o o e e o

0 5 10 15 20 25 30
f(Hz)

Figure: Example of the reactive region for a single subject and
channel.
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Max Size c=0.1¢c=0.2 c=0.3 c=0.4
1 0.704 0.886 | 0.75 | 0.868
2 0.842 0.776 | 0.98  0.948
3 0.84 0976 096 @ 0.702
4 0.874 098 | 0.84 @ 0.684
5 091 0.79 | 0.528 0.506
0 0.868 0.598 0.5 0.5
7 0.778 0.5 0.5 0.5
8 0.862 0.5 0.5 0.5

Selected parameters: ¢ = 0.1, maximum size = 8.

Summary graphical model

Neighborhood Structure of Choice Nodes (2D Projection)
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Figure: Summary graphical model of the neighborhood of
choice nodes
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Figure: Summary graphical models of EEG-choice node
connectivity across subjects. Each panel shows EEG nodes
(blue circles) with sizes proportional to the number of subjects
exhibiting connections to choice nodes (red=0, green=1,
blue=2). (A) Nodes connected to at least one choice node, (B)
nodes connected to at least two choice nodes, (C) nodes
connected to all three choice nodes. The numbers on EEG nodes
indicate how many subjects showed each connectivity pattern,
revealing consistent patterns of functional connectivity between
EEG channels and decision choices in the Goalkeeper Game task.

Results

Table: Classification accuracy comparison: MRF algorithm vs.
random chance. Positive differences indicate better MRF

performance.

Subj MRF Random Diff
1 /0.392 0.377 0.015
2 10.422 0.389 0.034
3 10.381 0.380 |0.000
4 10.331 0.367 |-0.036
5 10.394 0.394 |0.000
6 (0.397 0.375 0.022
7 10378 0.356 |0.021
8 10.389 0.373 |0.015
9 10.406 0.363 | 0.042
10 10.358| 0.347 |0.011
11 10.414) 0.363 |0.051
12 10.353| 0.355 |-0.002
13 10.408 0.366 |0.043
14 10372 0.368 0.004
15 0.428 0.382 |0.046
16 0.461 0.387 0.074
17 10.342 0.372 -0.030
18 10.408 0.356 | 0.052
19 0.364 0.391 -0.028
20 10.389 0.372 |0.017
21 0.417 0.365 | 0.052
22 10.347 0371 -0.024
23 10.361 0.340 | 0.021
24 10.403 0.383 | 0.020
25 10.350 0.350 | 0.000
26 10.358 0.386 -0.027

Statistical Significance: t(29) = 2.65, p < 0.01.
Accuracy differences where significantly greater than

ZErO.

Conclusion

» The MRF approach identifies EEG patterns that
predict participants choices, even with a trait
that typically does not discriminate between
different motor actions ( alpha-mu band activity).

» Preliminary data shows connectivity patterns yet

to be explored.

» Future work will refine the analysis technique,

possibly leading to better prediction accuracies.

Combining characteristics from different bands
and time intervals has the potential to improve

accuracy.
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