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Motivation

eConnectomics -- creation of brain connectivity maps.
*Analyzing the connectomes to understand how the brain functions.
* Are there differences between different people?
 Female vs. male
e High math skills vs. normal
* Artists vs. scientists...
* Are all parts of the brain connected similarly?
e Left hemisphere
e Right hemisphere

Methodology

Graphs are
*unweighed

*undirected @ Feature extraction

Useful features

D00 @

% ? Efficient in
a separating
p different
h |- groups

S n

Dataset

 Connectomes of 114 people
* Obtained by Multimodal Magnetic Resonance Imaging (MRI)

 Each connectome is represented as unweighted and
undirected graph.

* Voxels/nodes: 492K-916K
* Connections/edges: 9.14M-17.42M

e Attributes per person: age, gender, 1Q, creativity index, ...
* Toolkit

* PEGASUS e —

* Networkx l’l{()}E(tT/”l’E(;..»'\SUS
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Our Approach Manually divide the graphs into
different groups according to labeled
i i attributes
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Plot the different invariants and
test whether they help distinguish
the groups (e.g., female/male).
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Possible conclusion 1 Possible conclusion 2

The feature cannot distinguish The feature contributes in

different groups predicting the group memberships.

Experimental Results

Preliminaries
- 114 connectomes in total o |
- Groups divided in two ways: e |
1.Gender 01 f
50 females: red dots and s
64 males: green dots o
2.Subject Type: o |

~ Level of math skills
Normal: green dots
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Degree Distribution

First vs. second principal component of the
matrix brain scan X node-degree-distr.
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Triangles Plots :

Observation:
The extreme cases of female and male connectomes are
well separated. However, the degree distribution cannot
separate connectomes w.r.t. the mastery of math.
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' Observation:

Triangle distribution cannot separate the groups.
Total # of triangles vs. # of edges can help separate
females from males, but cannot distinguish the

_groups w.r.t. the level of math skills.
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Largest Eigenvalue of Graph Matrix

Connected Components
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of the connected
components distribution
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" Observations:

females.

1) The distribution of connected components
does not differ significantly between males and

2) The #of edges vs. nodes in the giant
connected component of each connectome
reveals two clusters corresponding to males and

\
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_ females.
Mean 12.984 12.853
SD o7 0189 <? The two genders differ significantly in this
iEMb : 2'522 ?‘22' feature (2-sample t-test: p-value 0.0002).
CONCLUSIONS

e Novel approach: analyze invariants of numerous, big-scale brain graphs

(connectomes) in order to do clustering and classification.

eObeservations:

»The size (number of edges), as well as the maximum eigenvalues of the brain
graphs differ significantly between males and females.
»The degree distribution, and the number of triangles are features that can

contribute towards the classification of the scans by gender.




