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Node properties

Degree Betweenness Transitivity
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Degree distribution Clustering coefficient



Data
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associated time course
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Preprocessing

Intrinsic Functional Connectivity As a Tool For Human Connectomics:
Theory, Properties, and Optimization

ataraman,” Karleyton C. Evans,” Sara W. Lazar,’

- Regress out WM/CSF signal
- BPF 0.009 to 0.1 Hz

- Extract only grey matter voxels.



BOLD Timeseries
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Voxel time courses HOW much does
this timeseries
“look like”
this timeseries?




rnorm(296)

Pearson Correlation

Voxel time courses
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Spectral Coherence
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Mutual Information
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2.2 GHz Core

Pearson ~3 min i/ (OpenMP/
SIMD)

2.2 GHz Core

Coherence ~50 min i/ (OpenMP/
SIMD)

M| ~60 min 10 x 2.2 Ghz

Opteron (MPI)

Time to process | typical subject (3T).




Building the graph
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Voxel time courses

Compare the voxel
time series.

If the result is above
some threshold,
add an edge to graph.



Typical Graph sizes
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Computing Problem

Our graphs all end up being
small world graphes.

Regular: Small World: Random:
High L, High C Low L, High C Low L, Low C

O

[ncreasingly random connectivity

Guarantee of non-locality of memory accesses.




Fortunately...
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Some pretty pictures
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Resting State




Pagerank







Modules in PFC




Graph transformations




The network is the computation.



Dynamics of Graphs

(with Andrew Kope, Casey Wood and Mehrsa Golestaneh)



MEG/EEG

Trade spatial resolution for -
temporal resolution. T ™ —

Trade 0.5 Hz for 500 Hz




\ 77

=z /L

&SN sign(ou, (k) — b, (B))
vertex = sensor, edge = thresholded PLI

|800ms trial, 800ms windows, 25ms step
Task: Read a word or listen to a word EEG



Inferring Dynamic
Graphs

Smarter people have done this with GLASSO...
Works great... if you only care about covariance

... or approaches like TESLA

Works great... if your likelihood function is convex

Severely limits the time series
comparison metrics you can use!



So... we're doing it the dumb way

Step |:Build raw sequence of metric matrices

Step 2:Sparse matrix separation

Low rank Sparse

e

Keep this part



Step 3: Heuristic edge stabilization (temporal smoothing)

Step 4: Threshold stabilized matrices with RMT

Step 5: Convert matrices to a sequence of graphs
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Per-vertex eigenvector centrality

Read

EEG
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Effect or artifact?
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Real graphs vs. rewired graphs MEG



Per-vertex evolution of MEG data
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Full circle:
Back to TCS!

® Gather statistics on graph transformations.

® What are the properties of a
stochastic graph rewriting system
with these empirically-derived
rules?



Applications

Coma Outcome

Prediction ‘y
(with A. Owen) -
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Fractionating phenotype from genotype, fMRI and
behavioural data.
(with B. Morton)
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