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Brain dynamics can be quantified at multiple scales
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Brain dynamics can be quantified at multiple scales
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Multivariate time series (MTS)
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Brain dynamics can be quantified at multiple scales
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How might we begin to quantify brain dynamics?
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Image Source: Le&do 2019

Examining modularity of
connectome-based networks

Quantifying functional activity and
inter-areal connectivity

Gene expression atlas

Image Source: Arnatkeviciute et al. 2023

Systematically comparing the brain’s
transcriptome with neuroimaging properties
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Measuring local dynamics + pairwise coupling in the brain

Local dynamics
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Neuropsychiatric disorder classification highlights
changes to region-specific localized dynamics
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Systematically comparing overlapping community detection
algorithms for the human brain structural connectome

1. Order statistics local optimization method (Lancichinetti 2011)
2. Cligue Percolation (Shen 2009)

3. Non-negative matrix factorization (Psorakis 2011)

4. Speaker-listener propagation (Xie 2011)

5. Infomap (Rosvall 2008/2009)

Image Source: Ledo 2019
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Linking white matter hyperintensities with transcriptomic
changes in the Alzheimer’s disease brain
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Thank you to my research groups as always ©
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