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Overview

e Brain networks intro

e How we make
functional networks

e The edgy approach
to functional
networks




The brain as a networked system
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Nicolini et al (2020). Neurolmage
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a Measurement

Activity

Example: blood oxygen level (via fMRI) Functional brain network

Lynn & Bassett (2019). Nat. Rev. Physics Macr (0]
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Buckner, Krienen & Yeo (2013). Nature Rev Neuro Macro



Networks of the brain... why?
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How are signals
transmitted -
between nodes?

How important
are certain
nodes?
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How are signals
transmitted -
between nodes? -

How important
are certain
nodes?

EWhich groups of nodes can be

- meaningfully grouped?
Hagmann et al (2008). PLoS Biology e e g . yg . p C e e
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How can we interpret this area of the
brain in the context of its connections - - Which groups of nodes can be

- meaningfully grouped?
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Sporns (2011) Front. Comp. Neuro.



increasing randomness

Sporns (2011) Front. Comp. Neuro.
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increasing randomness
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Human Cerebral Cortex — Right Hemisphere Random Network
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Seguin et al (2023) Nat. Rev. Neuro.

Shortest

or Not only can network measures quantify
pa

complex organization, but can make
&7 predictions about structure & function
relationship
e Models can range from
abstract/simple to
complicated/biological

Channel length

Short

b

Network communication Communication matrix

Model
e Signalling conceptualization
e Propagation algorithm

Measure
e Signalling quantification
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Each area of the brain is interpreted in the context of
its connections to other areas.

Fingerprints
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Why network analysis?

e Quantify “organization” using a variety of descriptors
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e Capture complexity using a approach amenable to analysis
o Well developed mathematical underpinnings



Why network analysis?

e Quantify “organization” using a variety of descriptors

e Capture complexity using a approach amenable to analysis
o Well developed mathematical underpinnings

e Data agnostic, even within the realm of neuroscience

@)

Big neuroscience data (i.e. millions of voxels, 100’s brain
slices, expansive whole brain coverage)

Structure / function

Can test basic physical principles in neuro contex



Some basic network neuroscience












Unweighted

e Simple graph (network)
o No self-loops
o No hyperedges
e Binary connections



Weighted

e Simple graph (network)
o No self-loops
o No hyperedges
e Weighted
o Could be heavy-tailed
o Log-normal degree distribution is common




Directed

e Simple graph (network)
o No self-loops
o No hyperedges
e Edges are not necessarily
reciprocal



Structural

e Positive weights (magnitude)

Typically sparse

e Commonly physical substrate
of edges, challenges for
between-hemisphere
estimation



Functional

e Positive and negative weights

e Evaluate all pairwise
comparisons - fully connected

e Edges aren't necessarily
physical



Adjacency matrix

40



Adjacency matrix

http://www.ulib.iupui.edu/di
gitalscholarship/blog/netw
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Adjacency matrix
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Adjacency matrix

43



Adjacency matrix
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Adjacency matrix
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Adjacency matrix
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Adjacency matrix
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Adjacency matrix
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Adjacency matrix
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Adjacency matrix




Adjacency matrix

e Topology: the pattern of
edges/connections that make up
the overall structure of the network

e Density/sparsity: the fraction of
edges present versus all possible
edge positions

51



Types o' edges




Types o' edges

Synaptic
contact

What evidence can be
gathered to establish ®
material linkage?

Connectivity
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Types o' edges

Extract features
at nodes

o ©

Similarity

Compare feature sets to obtain edge value

i Node a

Node b

Node a



Types o0’ edges

D

Associate features with connections
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Brain networks in a nutshell
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Brain networks in a nutshell '
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A Node-centric Edge-centric

Which nodes are

! ' Which edges are
influential?

involved in many

?
How can nodes paths?
be grouped? “~. What is the effect of

. an edge removal?
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Edges in brain networks: Contributions to
models of structure and function
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From scanner to analysis



Functional brain network journey

Scan your subject!
Get two scans:
anatomical &

functional
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Functional brain network journey

Parcellate the
anatomical and
make time series
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(region)

Scan your subject!
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functional

Preprocess your
data!
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Functional brain network journey
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Functional brain network journey

Parcellate the
anatomical and
make time series
per each ROI
(region)
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Get two scans:
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Functional brain network journey

Parcellate the
anatomical and
make time series
per each ROI
(region)

Scan your subject!
Get two scans:
anatomical &

functional

Preprocess your Make network

correction

data! construction
Align w/ choices
anatomical
Make
Normalize anatomical . How many How to
intensity look pretty Denoising! nodes compare
time
pefine v Make series
WM & Surface functional -
GM recon. Slice-time.

Distortion
correction

correction

Model the brain as
a network

Null
modeling

Make network
modeling

Choose net choices

measure




Functional brain network journey

Parcellate the
anatomical and
make time series
per each ROI
(region)

Scan your subject!
Get two scans:
anatomical &
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Preprocess your
data!
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construction
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Align w/
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Functional brain network journey

Parcellate the
anatomical and
make time series
per each ROI
(region)

Scan your subject!
Get two scans:
anatomical &

functional

Preprocess your
datal

O = Occipital

O = Central

O = Frontoparietal
@ = Default mode
[J=Rich club

Model the brain as
a network

Crossley et al
(2013) PNAS

Deactivations



Creating functional networks

Can compare data
fluctuations over
time in a pairwise
manner

Data collected
across time
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Creating functional networks
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Data collected
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Creating functional networks

Can compare data

/\ AT fluctuations over
. ‘ R WA time in a pairwise
‘ VN o manner

Until you make all

‘ ‘ ‘ ‘ A S N possible pairwise
comparisons;

giving you a full
Data collected correlation matrix

across time




Creating functional networks

Can compare data
fluctuations over
time in a pairwise
manner

Until you make all
possible pairwise
comparisons;
= giving you a full

E W ms w @ e correlation matrix

time (sec)




Creating functional networks

time (sec]




Creating functional networks

Can compare data
fluctuations over
time in a pairwise
manner

Until you make all
possible pairwise
comparisons;
giving you a full
correlation matrix



Creating functional networks

(1)

Subj.

Connectivity Behavioral

matrix measure
17
'\_.. 8
,

Correlate each edge in
connectivity matrix with
behavioral measure

-1

o
anjep

Select only the most
significantly
correlated (P < 0.5) edges

v

For each subject,
sum selected edges

Fit linear model for brain —
behavior relationship

Behavior

* y=mx+b

Brain

Apply model to novel subjects

Behavior

Brain

Shen et al (2017) Nat. Protocols




e Time averaged
o Similarity across your whole acquisition
o Use all your (good) time points
o Assess “coupling” between areas or
systems
o “Functional organization” as trait
phenotype
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e Time varying
o Do certain regions go in/out of
synchrony?
o Statistics about these dynamics
m Variability, state changes,
task-response
o State dependent?
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e Time varying
o Do certain regions go in/out of
synchrony?
o Statistics about these dynamics
m Variability, state changes,
task-response
o State dependent?




Mental States Imposed
by Experiment

| (180%) |Instructions_(1 2") Total Run Duration 25'24"
IVIDEO| 1) EST |VIDEO|
Time Segmentation [1]2[3[4] [5I617I8] . [
Computation of ,
Windowed
FC Patterns
FC State . - - .
‘ K-means clustering of FC states (without mental state/temporal order information)
Detection = ¥
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Gonzalez-Castillo et al (2015) PNAS




Group Level
Classification Results
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ARI Interpretation Ranges:

[]Excellent: 0.9 <ARI <1.0
[ 1Good: 0.8 <ARI<0.9
[ IModerate: 0.65 < ARl < 0.8
I Poor: ARl < 0.65
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Calculating correlation





















An equivalent expression gives the formula for 7, as the mean of the products of the standard scores as follows:

1 (zi—% Yi— Y
= 3 (B22) (222
i1 = v

where

n, T, Yi, T,y are defined as above, and s, s,, are defined below

o — T
( : ) is the standard score (and analogously for the standard score of y)
Sz




An equivalent expression gives the formula for 7, as the mean of the products of the standard scores as follows:

1 (zi—%\(v—-7
sz:n—l%( Sz )( Sy

where

n, T, Yi, T,y are defined as above, and s, s,, are defined below

T — T
( : ) is the standard score (and analogously for the standard score of y)
Sz
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Time to get edgy












e No sliding step or window parameter L. B o
e Time-average is exactly correlation Instantaneous similarity after “unwrapping

*  Sameresolution as data input the traditional correlation
o  Single frame information
o  Potential to measure “faster”

phenomena 0.

Faskowitz et al (2020) Nat. Neuro . ‘ ® '.‘ B
Zamani Esfahlani (2020) PNAS ’

See also! Liu & Duyn (2013) PNAS,
Lahnakoski et al (2017) HBM, van Oort et
al (2018) Neurolmage... e [ N
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Faskowitz et al (2020) Nat. Neuro
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What does the
correlation
“‘unwrapped” get
you?




e No sliding step or window parameter
e Time-average is exactly correlation
e Same resolution as data input
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Single frame information
Potential to measure “faster”
phenomena
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No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input
o  Single frame information
o  Potential to measure “faster”
phenomena
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Edge time series

Pick window size
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No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input
o  Single frame information
o  Potential to measure “faster”
phenomena
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Edge time series

Pick slide size

____________________




e No sliding step or window parameter
e Time-average is exactly correlation
e Same resolution as data input
o  Single frame information
o  Potential to measure “faster”
phenomena

Normalize data within window

Edge time series tv-FC
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No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input

o  Single frame information

o  Potential to measure “faster”

phenomena
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Edge time series




e No sliding step or window parameter
e Time-average is exactly correlation

e Same resolution as data input
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Edge time series

Zamani Esfahlani et al (2020) PNAS



No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input
o  Single frame information
o  Potential to measure “faster”
phenomena
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e No sliding step or window parameter
e Time-average is exactly correlation
e Same resolution as data input

o  Single frame information =
o  Potential to measure “faster” |
phenomena | s | Time
S Vectorize averaged
S =—p || — 2
5 = w
g s
-0.85 =
S
®

Edge time series
Zamani Esfahlani et al (2020) PNAS



e No sliding step or window parameter
e Time-average is exactly correlation
e Same resolution as data input

o  Single frame information
o Potential to measure “faster”
phenomena 085 Time-
S Vectorize averaged
S = || €= 2
‘5 w
o
w
© e

oo O
o
©
e
®
o
9

@
° ° Dataset size explosion! Each column forms an node by
_ _ node matrix (same size as time FC matrix)
Edge time series Edge time series matrix = (nodes) x (nodes) x (time)



Co-fluctuation of node pairs across time

edge FC subj 1, scan 1

0.7

subj 1,scan 2

correlation
—

subj 10, scan 10

Subjects

Edge correlation

Jo et al (2021) Neurolmage
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Subject scans

Subject scans
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e No sliding step or window parameter
e Time-average is exactly correlation
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e No sliding step or window parameter
e Time-average is exactly correlation
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What is the nature of “connectivity” dynamics? Smooth or punctuated?
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Zamani Esfahlani et al (2020) @ 200
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b.

y-axis: Sliding correlation with template
0.6

Inferior —— Superior

What is the
nature of
“connectivity”
dynamics?
Smooth or
punctuated?

400s
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10 Idea: Compare time
series to template
across time; events are
short temporal patterns

Zamani Esfahlani et al (2020)
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Eigenconnectivity

What is the

nature of
“connectivity” -8
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: % B expression of modes in
F e yourdata
: .MN.,E I g..,”..,
B
300 ] i i
Zamani Esfahlani et al (2020) @ 200 Leonardi et al. (2013).
PNAS 10%--0., / % : | , , , Neurolmage

0 100 200 300 400 500 600 700



What is the
nature of
“connectivity
dynamics?
Smooth or
punctuated?
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Zamani Esfahlani et al (2020)
PNAS
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The extent to which this holds true
across the cortex



Revisiting an idea
related to Tagliazucchi’s
foundational work on

point processes — we
ask what happens when
we look at the edges
time series as points or
‘events’

edge time series
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No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input
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Single frame information
Potential to measure “faster”
phenomena
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Edge time series

Betzel et al (2023) TiCS



e No sliding step or window parameter Tough  Peak  Peak Trough =
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e No sliding step or window parameter Tough  Peak  Peak Trough
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e Same resolution as data input
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No sliding step or window parameter
Time-average is exactly correlation
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e No sliding step or window parameter

e Time-average is exactly correlation A M B C
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e Same resolution as data input
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e No sliding step or window parameter
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e No sliding step or window parameter A T ‘ "

e Time-average is exactly correlation node! WW%WW
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e No sliding step or window parameter
e Time-average is exactly correlation
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No sliding step or window parameter
Time-average is exactly correlation
Same resolution as data input
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e No sliding step or window parameter
e Time-average is exactly correlation
e Same resolution as data input
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o Potential to measure “faster”
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What about motion or other mischievous
stuff?



Correlation with
co-fluctuation amplitude

Respiratory
rate

Heart
rate

Framewise
displacement

Is it a physiology or motion artifact?

Correlation
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Zamani Esfahlani et al (2020) PNAS
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Is it a physiology or motion artifact?
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2. Project onto eigenvectors of static FC 3. Get dimensionality and covariance matched

Size: 333 nodes X 333 nodes simulation data
Temporal Structure: Static » Size: 333 nodes X # timepoints,
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R ific Correlation Structure: Subject/Session specific
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Events could be signatures of modular
subsystems

A system with a certain level of
modularity/assortativity structure will
result (mathematically) in time series
with large RSS events

Events themselves are mathematically
necessary, but dynamics/timing can’t

be explained in same manner , , ,
Novelli & Razi (2022) Nat. Comms., Ladwig et al (2022) Neurolmage
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Events could be signatures of modular
subsystems

A system with a certain level of
modularity/assortativity structure will
result (mathematically) in time series
with large RSS events

Events themselves are mathematically
necessary, but dynamics/timing can’t
be explained in same manner

A

1.

Sample dimensionality-matched
Gaussian data
Size: 333 nodes, # timepoints
Temporal Structure: Gaussian
Correlation Structure: None

Correlation with time-averaged FC

Bin 95-100

T I7HL

0.9
— Real
0.8 — Simulated
0.7
0.6
0.5
0.4
100 90 80 70 60 50 40 30 20 10 5
Cofluctuation Amplitude Bin
Real Data

Bin 75-80 Bin 55-60

Bin 35-40

£
B 5

Modularity

2. Project onto eigenvectors of static FC
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Events could be signatures of modular
subsystems

A system with a certain level of
modularity/assortativity structure will
result (mathematically) in time series
with large RSS events

Events themselves are mathematically
necessary, but dynamics/timing can’t

be explained in same manner _
Faskowitz et al (2023). OHBM
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Events could be signatures of modular
subsystems

A system with a certain level of
modularity/assortativity structure will
result (mathematically) in time series
with large RSS events

Events themselves are mathematically
necessary, but dynamics/timing can’t
be explained in same manner
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Events could be signatures of modular
subsystems

A system with a certain level of
modularity/assortativity structure will
result (mathematically) in time series
with large RSS events

Events themselves are mathematically
necessary, but dynamics/timing can’t
be explained in same manner
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Might there be more information to extract by
analyzing the sequence of event patterns?
Probably!
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Edges and behavior
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Tanner et al (2023) Imaging Neuro.
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X, to create a binary matrix. Compare this binary
matrix to expected task-structure matrix based on
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it were a classification task. The design matrix is
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of x, thereby modulating the classification

results across range of threshold
percentiles.

etsvar: ets variance within
win.

etsdiffmag: median
magnitude of absolute
differences within win.
etsmag: mean ets within
win.

swvar: sliding window
correlation variance within
win.

swmag: sliding window
correlation

Data lowpass filtered to
exclude potentially spuri-
ous oscillations slower
than 45 seconds.

08

Faskowitz et al (2024). OHBM

0.9 1

0.5 O‘E
recall



-~ example node time series 3 example dynamic features
S T T — T T T T T T
< g slide win.
[ -
3 % 05 ets ma‘?.
né, ML | 2 W‘
1
@ ’ e & of .
g i & ;
3 | £
= 2 [ -05 -
= = -0.
g E . .
o S video - video
£ = 4 ! L
- 200 400 600 800 1000 1200 1400 600 800 1000 1200 1400
seconds seconds
) Mean multitask time by time correlation matrices, window of 45 sec. C) Precision recall curves, window of 45 sec.
etSdif’fmag etsmag Procedure to compute precision and recall
1 Take time by time correlation matrix and threshold at
AU"" "" ', "’ 5 Nl s m LI x percentage, retaining all correlation values above
Q 7 - ~f ‘[—— e X, to create a binary matrix. Compare this binary
f d 3 _“ A J ) f# K{}‘\ B 09 matrix to expected task-structure matrix based on
[ ] i « £ | experimental design, recording hits and misses as if
4 — ad‘* 2 m ' ¥ m‘}' * H L“] it were a classification task. The design matrix is
;‘_ jg rj [_‘ . ﬁg x:“ L -1, 9] 08 comprised of on-diagonal blocks of 180 sec. for
- i f-dli F
S E N S v O o) e e
|Ev ; “ﬂ ‘E i ‘ }; ] ok of x, thereby modulating the classification
5 e R ] 3 gt - results across range of threshold
?' &?‘ LJZ- as > S KE : ﬂm[—‘ﬁﬂ S} percentiles.
o W~ g, 3 AT
=R e B Sl OF 5 g os
» etsvar: ets variance within
© win
: ®os etsdiffmag: median
x1 0 Task de,SIgn E— magnitude of absolute
5 matrix differences within win.
0.4 etsmag: mean ets within
win.
4.5 a-’ swvar: sliding window
kel 0.3 correlation variance within
4 o etsvar win.
g etsdiffmag swmag: sliding window
0 lation
35 % 02 etsmag correl
swvar
= swmag Data lowpass filtered to
3 0.1 chance exclude potentially spuri-

ous oscillations slower
than 45 seconds.

0 0.1 0.2 03 0.4 0.5 0.6 0.7 0.8 0.9 1

recall

seconds seconds Faskowitz et al (2024). OHBM

© O Q
N Q@Q QQ/Q%Q



—~ example node time series example dynamic features
= T T T T T T — 1 T T T T T T T
3 N .
< < | slide win.
] > 05 ets mag.
2 ° v
£ - L
<) z Y
) S of | -
£ ©
3 I £
~ Atk ‘ I g -05 dl
2] b= . .
o 3 - - video video
£ 2 T a1
- 200 400 600 800 1000 1200 200 400 600 800 1000 1200 1400
seconds seconds
) Mean multitask time by time correlation matrices, window of 45 sec. C) Precision recall curves, window of 45 sec.
etsdlffmag etsmag Procedure to compute precision and recall
1 Take time by time correlation matrix and threshold at
¥ il O N ol el LI x percentage, retaining all correlation values above
. . oae >\ ! £
et = X, to create a binary matrix. Compare this binary
s matrix to expected task-structure matrix based on
experimental design, recording hits and misses as if
it were a classification task. The design matrix is
comprised of on-diagonal blocks of 180 sec. for
each task and off-diagonal blocks correspond-
ing to repeat task blocks. Iterate over values
of x, thereby modulating the classification
results across range of threshold
percentiles.
C o
o
‘» etsvar: ets variance within
) win.
%10 Task design o etsdiffmag: median
s Q magnitude of absolute
matrix differences within win.
e etsmag: mean ets within
win
a—, swvar: sliding window
o correlation variance within
‘6 etsvar win.
3 etsdiffmag swmag: sliding window
C etsmag correlation
S swvar
swmag Data lowpass filtered to
chance exclude potentially spuri-

ous oscillations slower
than 45 seconds.

ST O O O : 5 06 9 1
NS S P ,\Q,Q ,\@Q recall
seconds

Faskowitz et al (2024). OHBM



example dynamic features
T T

5 : \ f N ]
E § M % \/ l ‘VJLA\\ i fx{\ \ vw‘
W o Lt 2 7
o g _video  math ! - video
é ’ 600 800 1000 1200 1 . 200 400 800 1000 _ 1200 1400
seconds seconds
b) Mean multitask time by time correlation matrices, window of 45 sec. C)
etsvar B etsdiffmag etsmag
{?ég%é.*%ﬁ Can we read alternative
x;ﬁgg *g | features from the edge time
& _ﬁmﬂ'ﬁ&” series to help pick out
L organization that is
swvar %10 Taskdte_sign prediCtive Of behaViOr/taSk?
3 W
4.5 5 Ili. [l
45 mam s
35 § RS
s SmsEmE

Faskowitz et al (2024). OHBM



Final thoughts



e Edge time series are a new view of the original data, which put the data in an
alternative formation

Correlational

fMRI time series data
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e Edge time series are a new view of the original data, which put the data in an
alternative formation

Opportunity to take use this data format to study
transient states, to choose particular frames,...to !
generally peek at the data that must form functional
correlation, but across time
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e Edge time series are a new view of the original data, which put the data in an
alternative formation
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