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Observational factor function: f(Yn(k), X, (k))

1. Study of neurophysiological processes is important for understanding the brain. 1. To develop a probabilistic model to infer characteristics of neural activity. h(Y (0, Q _1(k)) _ e_(Yn(k)_-Qn—l(k))z
2. Electroencephalography (EEG) is an exceptional tool for this type of studies. 2. To model observational, spatial, and temporal dependencies. . .
. . L . . . L Spatial factor function: g (¥, (k), Y,(D) here (. . (k) = ZYi(®)
3. EEG contains rhythms and discrete neurophysiological events. 3. Utilize domain knowledge to finesse model specification. where Q,,_; (k) = 1
4.

Neural activities in different brain regions have spatial and temporal associations. 4. Evaluate the feasibility in an important clinical problem. Temporal factor function: h(Yn(k), Qn_l(k))
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