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Exterval equitable partitions (EEPs)
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If we could just “see” the expected adjacency matrix,
then we could just ook for constant eigenvectors
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If we could just “see” the expected adjacency matrix,
then we could just ook for constant eigenvectors
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Eigenvector variance
within groups yields a
projection error
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Instead, we compare the expected projection error with
the mean error of randomly perturbations of the
network.
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s fast, but does i work?
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Assortative Hierarchy
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Assortative Hierarchy B

Disassortative Hierarchy

e =
£ ] £
= 1.0 =
Fay =
3 081§
B ]
: Sos| &
&
a =% a /
0.4 1
m—— Precision 0.21 m— Precision
Recall Recall
0.0-
& D1,0 e ;
& = i —
E = u
| ~
_@ 0.81 @
e 2
& g e 0.8 S
Q ‘Q/ q 0.4 Q
.' .lf — k: 2 O 2_ — k: 2
/ k= 4 : /\_‘ k= 4
k= 8 k= 8
Z 0.0+ =
2 4 6 8 10 2 4 6 8 10

SNR




J wuvu - m ja ] o o) ]

Reordering

Q

AMI

Disassortative Hierarchy

.
=
-
=
S
3
Q
L
QL
s/
= Pracision
Recall
P ;
—_— _____,..-—-—--"__'_'_
-
&
3 -
2 o
- ;’
g .
'I'
.. I k= 2
/ k= 4
- k= 8
2 8 10




<
i3

cmmm e ——n

Face-fo-face contacts

Contact network
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* Hierarchies provide a multi-resolution summary
— descriptions at many different levels

e Hierarchies can be non-identifiable
- you have to make choices!

* SEEP as a framework to conceptualise hierarchies
« Spectral methods for efficient hierarchical community detection
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