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Why should we consider venturing
beyond standard metrics for quantifying
brain activity from structural and/or
functional neuroimaging?




Brain dynamics can be measured at multiple scales
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Brain dynamics can be measured at multiple scales
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How might we begin to quantify brain dynamics?
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The brain iIs a complex system of great biological interest
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What does this generalized representation offer us?

Localized dynamics of one process
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H i | m [ ] Fulcher et al. J R Soc (2013), Cell Systems (2017)
[ ] Lubba et al. Data Mining and Knowledge Discovery (2019)

Statistical dependencies between pairs of processes

Basic (21 SPIs) Distance similarity (26 SPIs) Causal indices (10 SPIs)
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[ ] Cliff et al. Nat Comp Sci (2023)

© annie.bryant@sydney.edu.au 4/10 FMH Networks EMCR Symposium 2024



Measuring local dynamics + pa

fMRI volume

Shafiei et al. eLife 2020 (pictured),
Nat Comms 2023

Cliff et al. Nat Comp Sci 2023 (left)
Liu et al. bioRxiv 2024 (right)
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feature-based representation of time series
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How can this systematic method be applied
INn a comprehensive yet interpretable way
to real functional neuroimaging problems?




Case study: classifying neuropsychiatric disorders
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M Data preprocessed by Kevin Aquino & Linden Parkes
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Interpretable spatial maps of region-specific dysfunction

Dynamical signatures of resting-state W I
activity in individual brain regions can ( gt
distinguish patients from controls in >

schizophrenia and bipolar disorder =
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Bryant et al. bioRxiv (2024)
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The benefit of integrating local dynamics and pairwise coupling
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What other types of neuroimaging-focused
Insights can this comprehensive approach

offer?




Quantifying properties inter-areal coupling to evaluate
competing hypotheses of consciousness
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My final PhD project: Comparing spatially-resolved associations
between resting-state brain activity and AD neuropathology

SC FC Pathology
1. Probabilistic tracto- 1. Resting-state 1. PET SUVR
graphy to get streamlines fMRI series Tau, Inflammation

N=346 participants from the
Anti-Amyloid Treatment

::sv" A e ! in Asymptomatic Alzheimer’s
e —J_]_] '- o FBOELDdyg“ml' (A4) study
FC + Tau Gradients
S '
* gt (?How does the accumulation of Alzheimer’s
W i disease neuropathology relate to region-
@6 H specific alterations to brain dynamics?

[ ] Ottoy et al. Nat Comms (2024)
[ ] Bryant et al., In Preparation
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