Topological Brain Network Changes in Psychiatric Disorders
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Sensory areas of the cortex exhibit graph theoretic
properties of hierarchical processing streams

« Hierarchical processing streams are information
processing structures central to neuroscience [1].

How can we detect hierarchical processing

streams In the brain?

e We use fMRI activation In the

brain to create a network
model of functional
connectivity.

e Hierarchical processing

streams are similar to linear
components in a graph.
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fMRI data:

 LAb5c Study, collected by
the UCLA (CNP), [3].

e Rest and BART data

Group Subjects
Control 119
ADHD 39
Bipolar 48
SCHZ 49

Probability distribution function

How can we detect linear components in a graph?

e Hitting time Is the expected number of
hops to go from one node to another

node In the network

* Lollipop networks generate
maximal hitting times [2].

Linear component present in lollipop network increase the skewness of
hitting time distribution

Lollipop

0.0007

0.0006

0.0005

0.0004

0.0003

0.0002

Probability distribution function

0.0001

0.0000
0 20000 40000 60000 80000 100000 120000 140000

Hitting time

50

Small world Random
] , r 0.07 .
S 0.06
©
C
2 0.05
C
i)
5 0.04
e
=
2 0.03
2
S 0.02
©
e}
(@]
& 0.01
100 150 200 250 300 9005 50 100 150 200 250 30§
Hitting time Hitting time

Reducing overall connectivity vs. adding a linear component?

Reduced overall connectivity

Introducing a linear component in the

network
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Multi-modal parcellation, Glasser, et al. [4].

Probability
of hopping
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Is the hitting time distribution skewed for brain network?

Normalized dittribution of hitting times for control subjects, resting state

e Pearson's coefficient of
skewness = 2.3

e Kelly skewness = 15.04

* D’Agostino-Pearson test:

Z (skew) = 110, chi?(2) = 17864.8,

P <0.001
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Nodes located on the hierarchical processing stream

generate the largest “to
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Skewness iIs significantly smaller for BART compared to Rest
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Schizophrenia vs. control
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Summary

e Sensory streams are most isolated during rest and more integrated with other
brain areas during task performance.
e Schizophrenia and bipolar psychiatric disorders represent less segregated
sensory pathways compared to NT
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