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Overview

● Brain networks intro
● How we make 

functional networks
● The edgy approach 

to functional 
networks  
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Networks of the brain… why?
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How can we interpret this area of the 
brain in the context of its connections



van den Heuvel & Sporns (2013) TiCS
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Not only can network measures quantify 
complex organization, but can make 
predictions about structure & function 
relationship 
● Models can range from 

abstract/simple to 
complicated/biological



Balsters et al (2020) Elife

Each area of the brain is interpreted in the context of 
its connections to other areas. 
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Why network analysis?

● Quantify “organization” using a variety of descriptors
● Capture complexity using a approach amenable to analysis 

○ Well developed mathematical underpinnings
● 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
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● Simple graph (network)
○ No self-loops
○ No hyperedges

● Weighted
○ Could be heavy-tailed
○ Log-normal degree distribution is common

Weighted



● Simple graph (network)
○ No self-loops
○ No hyperedges

● Edges are not necessarily 
reciprocal
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● Positive weights (magnitude)
● Typically sparse
● Commonly physical substrate 

of edges, challenges for 
between-hemisphere 
estimation

Structural
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Functional 
● Positive and negative weights
● Evaluate all pairwise 

comparisons - fully connected
● Edges aren’t necessarily 

physical
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orrying-and-love-hairball

41

Adjacency matrix



6

5

1

2
4

3

7

42

Adjacency matrix



6

5

1

2
4

3

7

43

Adjacency matrix



6

5

1

2
4

3

7

44

Adjacency matrix



6

5

1

2
4

3

7

45

Adjacency matrix



6

5

1

2
4

3

7

46

Adjacency matrix



6

5

1

2
4

3

7

47

Adjacency matrix



6

5

1

2
4

3

7

48

Adjacency matrix



6

5

1

2
4

3

7

49

Adjacency matrix



6

5

1

2
4

3

7

50

Adjacency matrix



6

5

1

2
4

3

7

51

Adjacency matrix

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

● Density/sparsity: the fraction of 
edges present versus all possible 
edge positions
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Brain networks in a nutshell 

Structural
The brain is fundamentally a 
network at the level of neurons

Functional
Functional networks are not 
necessarily “real” but the result of 
taking the similarity of activity 

Suarez et al (2022) TiCS



Brain networks in a nutshell 

Structural
● The brain is fundamentally a 

network at the level of 
neurons

● When we think of “wiring” 
this is a structural network

○ A physical substrate 
through which 
communication happens

○ Most commonly 
associated with white 
matter functioning

● Data collection:
○ Microscopy recon.
○ Tract tracing
○ Diffusion MRI

Functional
● Functional networks are not 

necessarily “real” but the 
result of taking the similarity 
of activity 

● When we think of 
“communication” even 
though it’s complicated

● Many ways to measure 
similarity

○ Correlation
○ Mutual information
○ Coherence

● Data collection:
○ Electrophysiology
○ EEG/MEG
○ fMRI

Analysis
● Structure and function result 

in networks with different 
features

● Structure / function
○ Sparse / dense
○ Physical / statistical
○ Substrate / similarity

● Node-wise measure to 
extract features

● Different statistics 
appropriate for each type

○ Paths-based measures 
appropriate for struct.

● Func. networks are 
commonly thresholded to 
become sparser



Brain networks in a nutshell 

Analysis
● Structure and function result 

in networks with different 
features

● Structure / function
○ Sparse / dense
○ Physical / statistical
○ Substrate / similarity

● Node-wise measure to 
extract features

● Different statistics 
appropriate for each type

○ Paths-based measures 
appropriate for struct.

● Func. networks are 
commonly thresholded to 
become sparser

/



Network Neuroscience



From scanner to analysis
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Functional brain network journey

Scan your subject! 
Get two scans: 
anatomical & 

functional Preprocess your 
data! 

Parcellate the 
anatomical and 

make time series 
per each ROI 

(region)

Model the brain as 
a network

Crossley et al 
(2013) PNAS
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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

Shen et al (2017) Nat. Protocols



● Time averaged
○ Similarity across your whole acquisition
○ Use all your (good) time points 
○ Assess “coupling” between areas or 

systems
○ “Functional organization” as trait 

phenotype



…

● Time varying
○ Do certain regions go in/out of 

synchrony? 
○ Statistics about these dynamics

■ Variability, state changes, 
task-response

○ State dependent?



Handwerker et al (2012) NeuroImage



…

● Time varying
○ Do certain regions go in/out of 

synchrony? 
○ Statistics about these dynamics

■ Variability, state changes, 
task-response

○ State dependent?



Gonzalez-Castillo et al (2015) PNAS
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Calculating correlation

















0.25
n



Time to get edgy







…



…

Instantaneous similarity after “unwrapping” 
the traditional correlation

Faskowitz et al (2020) Nat. Neuro
Zamani Esfahlani (2020) PNAS

See also! Liu & Duyn (2013) PNAS, 
Lahnakoski et al (2017) HBM, van Oort et 
al (2018) NeuroImage…

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

○ Single frame information
○ Potential to measure “faster” 

phenomena
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…

What does the 
correlation 
“unwrapped” get 
you?
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● No sliding step or window parameter
● Time-average is exactly correlation
● Same resolution as data input

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series tv-FC

Normalize data within window



Difference in 
synchronization 
timing, variability, 
shape (but not 
claiming edges are 
correct vs sliding 
window)
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● No sliding step or window parameter
● Time-average is exactly correlation
● Same resolution as data input

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series

time →

Dataset size explosion! Each column forms an node by 
node matrix (same size as time FC matrix)

Edge time series matrix = (nodes) x (nodes) x (time)



Jo et al (2021) NeuroImage
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Zamani Esfahlani et al (2020) 
PNAS

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

Majeed et al. (2011). 
NeuroImage

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



Zamani Esfahlani et al (2020) 
PNAS

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

Leonardi et al. (2013). 
NeuroImage

Idea: stack all your 
data together and run 
pca; track the 
expression of modes in 
your data



Zamani Esfahlani et al (2020) 
PNAS

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

Liu & Duyn (2013) PNAS

Idea: Look at seed-based correlation 
to observe different spatial patterns



Zamani Esfahlani et al (2020) 
PNAS

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

Tagliazucchi et al. (2012). 
Front. Physiology

Idea: Reduce ROI time series to 1’s 
and 0’s by recording above threshold 
events; measure concurrence







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’ 



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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Betzel et al (2023) TiCS

Moments when nodes are 
going together BIG

Moments when nodes are 
disagreeing BIG
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Edge time series
Betzel et al (2022) BioRxiv







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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Sporns et al (2022) Net. Neuro.



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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Sporns et al (2022) Net. Neuro.



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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Sporns et al (2022) Net. Neuro.



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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Sporns et al (2022) Net. Neuro.



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

○ Single frame information
○ Potential to measure “faster” 

phenomena

Edge time series
Sporns et al (2022) Net. Neuro.



Edge time series
Sporns et al (2022) Net. Neuro.

Lots of information from little bits of 
your data! 

Ex. the systems we know and love are 
expressed briefly and prominently



What about motion or other mischievous 
stuff?



Zamani Esfahlani et al (2020) PNAS

Is it a physiology or motion artifact?



Korponay et al (2024) Nat. Hu. Behav.



Pope et al (2021) PNAS

Is it a physiology or motion artifact?

Simulated data using 
Kuramoto oscillators 
show same spiky 
phenomena



Novelli & Razi (2022) Nat. Comms., Ladwig et al (2022) NeuroImage

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 

Might there be more information to extract by 
analyzing the sequence of event patterns? 
Probably!



Edges and behavior



Zamani 
Esfahlani et 
al (2020) 
PNAS



Tanner et al (2023) Imaging Neuro.



Levakov et al (2023) Cell Reports



Wehrheim et al (2023) NeuroImage
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Can we read alternative 
features from the edge time 
series to help pick out 
organization that is 
predictive of behavior/task?

Faskowitz et al (2024). OHBM



Final thoughts



● Edge time series are a new view of the original data, which put the data in an 
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fMRI time series data Correlational 
structure

Edge time series data

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 

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



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

fMRI time series data Correlational 
structure

Edge time series data



Questions?


