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What about brain dynamics?



I. How to represent high-dimensional brain 
dynamics

Review on brain dynamics Mapper
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Very high-
dimensional!

Brain region

Solution: Mapper graph
a graphical summary of the distribution of 
high-dimensional points
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Mapper
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Activation Connectivity

Temporal 
Mean

Mean Activation Functional 
connectivity

Dynamics Dynamics Mapper ???



II. How to represent cofluctuation dynamics



Recap on Functional Connectivity
Functional connectivity of two 
brain regions
= temporal correlation of brain 
activity of the two regions
= temporal average of the  
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Mapper

BOLD signal Edge time seriestask



• Data from one 
subject

• Each node is a 
cluster of time points

• Pie charts indicate 
the proportion of 
tasks at time points 
in the clusters.



BOLD signal







Quantification of Segregation
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Observations

• Edge Mapper captures the dynamics of cofluctuation.
• Edge Mapper is better at task profiling.
• Better task segregation in edge Mapper is associated with 

personality and behavioral symptoms.
• Why?

• Model-driven explanation
• Data-driven explanation
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• Do peak frames / nodes drive the task segregation?
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The shuffling-no-shuffling delta



Peak-dense nodes occupy central locations

Within-task closeness centrality of nodes in 
edge Mapper graphs

Within-task closeness centrality of nodes in 
edge Mapper graphs



Peak events drive segregation of tasks.
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Peak events drive segregation of tasks.



Peak events drive segregation of tasks.

Equating anticorrelated brain 
states drives segregation for tasks.
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• Brain cofluctuation dynamics impacts behavior.
• Dynamic interactions are complicated.
• Finding the right biomarkers requires the right measurement of 

such dynamics.
• The right measurement requires the right mathematical construct.



Thank you!
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