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Multi-subject joint estimation of connectivity
- single control parameter
- costly re-estimation

session 1, jackknife (n = 200)

Individual estimation — unstable, high inter-subject variability

otel il T} © decoupling edge set from connectivity strength

* aggregation into connectome
(stabilized multi-subject estimate)
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session 2, jackknife (n = 600)

» allows for easy incremental model updates

Graph lasso

estimate individual optimal edge set

Q=argmax,—logdet Q+trace SQ + A[ Q||
Neg. max likelihood + penalty

TPJ: temporo-parietal junction |FG: inferior frontal gyrus

max. likelihood (ML): model Q fitting empirical covariance S - * Framework reminiscent to stability selection

penalty: bias (zeroes) in €2 to reduce estimator variance * Unbiased ML validation metric — allows for sparser solutions

. . edge sets £/ S ++ - .
ML on graph: ML constrained to edge set E (e.g., using IPS) o * Network properties: laterality, symmetry, ...
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