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Introduction By placing EEG electrodes on the scalp, brain activity can be gauged, e.g. in response to
an experimental paradigm. What is measured results from mixing activity from different sources within
the brain. Of special interest are directional causal dependencies, or functional connectivity, between
these different sources. We propose a new method based on graph theory and graph signal processing for
modelling functional connectivity. [1]

Methods The Temporal Causal Discovery Framework, an attention-based convolutional neural network
with a causal validation step, is used to discover causal relationships [2]. These causal relationships are
used as a skeleton-solution in a Causal Graphical Process Model [3] [4].

Experiments A functional network was simulated in order to validate the developed method. The
simulation assumes several steps: generation of brain sources with a given connectivity pattern, gener-
ation of noisy sources, forward modelling of brain and noisy sources using a given signal-to-noise ratio,
generation of sensor noise, inverse modelling of resulting signal and connectivity estimation [5]. The
connectivity pattern used was selected from [6], shown in equation 1. x1(n) = 0.5x1(n− 1) − 0.7x1(n− 2) + 0.25x2(n− 1) + w1(n)

x2(n) = 0.7x2(n− 1) − 0.5x2(n− 2) + 0.2x1(n− 1) + 0.25x3(n− 1) + w2(n)
x3(n) = 0.8x3(n− 1) + w3(n)

(1)

Results Within the simulation framework, 500 noisy sources were implemented with a signal-to-noise
ratio of 0.9. Sensor noise was added with a signal-to-noise ratio of 0.9. As a forward model the ’New
York Head Model’ was used to map activity from brain sources to the scalp [7]. The resulting connec-
tivity estimation is given in equation 2. These preliminary results show that the described method can
accurately estimate simulated connectivity patterns.

 x1(n) = 0.5x1(n− 1) − 0.4x1(n− 2) + 0.14x2(n− 1) + 0.14x3(n− 2) + 0.2x2(n− 1)
x2(n) = 0.77x2(n− 1) − 0.28x2(n− 2) + 0.18x1(n− 1) + 0.31x3(n− 1)
x3(n) = 0.8x3(n− 1)

(2)
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