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Dynamic Connectivity: Is it real? Is it useful? 
How do we extract information?



Main 
Questions we 
will try to 
address

What is dynamic FC?

How do we measure dynamic FC?

Is dynamic FC neuronally and behaviorally 
meaningful? 

What have we learned? Key Observations 
/ Conclusions
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STATIC 
FUNCTIONAL CONNECTIVITY

One FC configura6on per scan Several FC configurations per 
scan

TIME-VARYING AT 
SHORT TEMPORAL 

SCALE

Invariant to temporal re-ordering 
of time points  (memoryless)

Non-Invariant to temporal re-
ordering of time points 

(memory)
SYSTEMS THEORY

STATISTICS Summary statistics are 
not time dependent

Summary sta6s6cs are 
6me dependent

Liegeois R. et al. (2017) NeuroImage

DYNAMIC 
FUNCTIONAL CONNECTIVITY

Sliding Windows
Brain States
CAPs
QPPs

Autocorrelation 
Models

Kurtosis

WHAT IS IT?
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Preti et al. (2016) NeuroImage

Time-varying 
Graph Theory 

Metrics

Clustering (k-means)

Point-Process / 
Deconvolution

Co-Ac?va?on 
Pa@erns

Hidden Markov 
Models

Multi-Layer 
Networks

Quasi-Periodic 
Patterns

Dynamic Conditional 
CorrelationWavelets / Time-Freq. 

Analyses



FC State Models
ROI Level, 
NW Level

Window Length, 
Window Step, 
Window Size

ASSUMPTION: FC Dynamics is appropriately modeled as a succession of a finite 
number of discrete FC configurations with sharp transitions between them. 

How to choose k?
Similarity Metric?
Clustering Algorithm?

Allen et al. Cer. Cortex, 2014  Summary Statistics (e.g., dwell times, number of transitions, trajectories)

HOW TO MEASURE IT?



Allen et al. Cer. Cortex, 2014  

STATIC FC MATRIX

FC State Models

HOW TO MEASURE IT?



Damaraju et al. NeuroImage Clinical, 2014

Dynamic states in a large (n > 300) data set of schizophrenia patients and 
controls in which the patients are spending significantly more time in the 

relatively less connected state 4.

FC State Models

HOW TO MEASURE IT?



Real Resting State 
fMRI Data

Null Data (Stationary)

Null Data (Stationary)

Real fMRI Data

Laumann T. et al. (2016) Cerebral Cortex

“The appearance of discrete states can be generated simply by sampling variability”

“Statistical stationarity does not imply the absence of evident temporal epochs [functionally relevant dynamics]”
Miller R. et al. (2018) Frontiers in Neuroscience

Additional References on 
Null Models Discussion

• Handwerker et al. “Periodic Changes in fMRI connectivity” (2012) NeuroImage
• Hindriks et al. “Can sliding-window correlations reveal dynamic FC in resting fMRI?” (2016) NeuroImage
• Liegeois et al. “Interpreting temporal fluctuations in resting-state FC MRI” (2017) NeuroImage

FC State Models

HOW TO MEASURE IT?



Gonzalez-Castillo J. et al. (2015) PNAS

FC State Models

HOW TO MEASURE IT?



Gonzalez-Castillo J. et al. (2015) PNAS

Parcellation

Clustering Method Pre-processing

FC State Models

HOW TO MEASURE IT?
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Leonardi N. et al. (2013) NeuroImage

Subject Specific Representation

Building blocks of dFC
with contributions that 

vary over time

Exemplar Top Eigenconnectivities for 1 subject

Time courses of Eigenconnectivities for the same subject

Significant differences in occupancy of 
eigenconnectivities between HC and Relapse-
Remitting Multiple Sclerosis Patients 
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ASSUMPTION: All dynamics of interest are captured by a limited number of sparse, strong and short (1TR) 
events

Tagliazucchi E et al. (2010); Lui et Dyun (2013) PNAS; Chen et al. (2015) NeuroImage

1) Pick a seed location

POINT-PROCESS ANALYSIS

Identical network 
patterns to those 
found via static FC 
can be obtained by 

averaging spatial 
maps of frames with 

strong signal.

2) Extract Maps for above-threshold time points 3) Average All Maps
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Tagliazucchi E et al. (2010); Lui et Dyun (2013) PNAS; Chen et al. (2015) NeuroImage



HO
W

 T
O

 M
EA

SU
RE

 IT
?

Co
-A

ct
iv

at
io

n 
Pa

tt
er

ns

Lui et Dyun, PNAS, 2013

Example: Decomposition of the Dorsal Attention Network in 12 CAPS (seed in IPS)
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CAPs Derivatives: 
• Number of CAPs: Reflects the diversity of network patterns (more CAPs, more patterns)
• Consistency across CAPs: uniformity of brain dynamics (higher consistency, less likely to have extreme dynamics)
• CAP Temporal Fraction: how long it occupies (higher TFs, less dynamics)
• Frequency of state alterations in CAPs: (higher frequency, more dynamics) 

Chen et al. (2015) NeuroImage

Differences between Rest and Working Memory Task



IS IT MEANINGFUL?

Relationship between Hemodynamic and Neuronal FC Dynamics

Matsui et al. (2019), Cerebral Cortex

“Together these results suggest that temporal
variability in hemodynamic FC, as measured with a
sliding window, arises from neural ac[vity rather than
from movement-related ar[facts (Laumann et al. 2016)
or non-neuronal physiological ar[facts such as
heartbeat and respira[on (Bianciardi et al. 2009;
Shmueli et al. 2007)”



Dynamic FC can help predict the outcome of upcoming task trials

Thompson et al. Human Brain Mapping 2013

TR = 300ms

More anti-
correlation 

between networks 
in peristimulus 

periods was 
significantly 

related to faster 
performance.

IS IT MEANINGFUL?



Dynamic FC is reduced as consciousness levels decrease

Barttfeld et al. PNAS (2015)

• “Under anesthesia, the more frequent func[onal connec[vity paaerns inherit
the structure of anatomical connec[vity, exhibit fewer small-world proper[es,
and lack nega[ve correla[ons”

• “Wakefulness is characterized by the sequen[al explora[on of a richer
repertoire of func[onal configura[ons, oden dissimilar to anatomical structure,
and comprising posi[ve and nega[ve correla[ons among brain regions”

• “Rich func[onal dynamics might cons[tute a signature of consciousness”

IS IT MEANINGFUL?



Dynamic FC can predict many task-based phenotypes

• Resting dFC in 747 participants
• 58 Phenotypic Measures: cognitive, emotional, social and personality traits

Liegeois R. et al. (2019), Nature Communications

SR = Self-Reported Measures

Reflect trait-like properties that are
less likely to change over a few
seconds.

TA = Task-Performance Measures

Evaluate cognitive processes engaged
at timescales on the order of a few
seconds.

IS IT MEANINGFUL?



Liegeois R. et al. (2019), Nature Communica>ons

On average, dynamic FC 
markers capture more 

behavioral variance than 
static FC Task Performance Metrics Self-Report Metrics

Dynamic FC can predict many task-based phenotypes

• Resting dFC in 747 participants
• 58 Phenotypic Measures: cognitive, emotional, social and personality traits

IS IT MEANINGFUL?



Liegeois R. et al. (2019), Nature Communications

“Dynamic FC captures task-based phenotypes (e.g., processing speed or fluid intelligence
scores), whereas self-reported measures (e.g., loneliness or life satisfaction) are equally well
explained by static and dynamic”

Dynamic FC can predict many task-based phenotypes

• Resting dFC in 747 participants
• 58 Phenotypic Measures: cognitive, emotional, social and personality traits

IS IT MEANINGFUL?



ADDITIONAL 
OBSERVATIONS Task Engagement is commonly associated with less variable dynamics

Chen et al. (2015) NeuroImage

Elton et Gao (2015) Human Brain Mapping



Dynamic FC is spaSally organized – Most Stable ConnecSons (I)

Most stable Connections correspond primarily to symmetric, inter-hemispheric connections between
homologous right/left regions. In particular, they correspond to connections among unimodal sensory-motor
networks (VIS, AUD and MV).

Gonzalez-Castillo et al., (2104) Frontiers in Neuroscience

ADDITIONAL 
OBSERVATIONS



Dynamic FC is spatially organized – Most Stable Connections (II)

Shen et al. PNAS 2015
Temporal stability of homotopic FC is facilitated by direct anatomical projections and their conduction characteristics 

Ho: Interhemispheric connections between homologous ROIs
He: Interhemispheric connections between non-homologous ROIs
I:     Intrahemispheric connections. 

Anterior ßàPosteriorAnterior ßàPosterior

Compared the profile of temporal stability for homotopic connections with direct structural 
connectivity properties

ADDITIONAL 
OBSERVATIONS



Dynamic FC is spatially organized – Most Variable Connections

Gonzalez-Castillo et al.,  (2014) Frontiers in Neuroscience

Most Variable Connections correspond primarily inter-network, inter-hemispheric connections involving the fronto-
parietal network and occipital regions. Also some DMN regions.

Allen et al. Cerebral Cortex 2014

ADDITIONAL 
OBSERVATIONS



FC Dynamics has potential as a biomarker of disease

Damaraju et al. NeuroImage Clinical, 2014
Schizophrenia

De Lacy et al. NeuroImage Clinical, 2017
Autism

Wee et al. Brain Imaging and Behavior, 2016

Mild Cognitive Impairment

Diez-Cicarda et al. NeuroImage Clinical, 2017
Parkinson’s Disease

Kaiser et al. Neuropsychopharmacology, 2016
Depression

ADDITIONAL 
OBSERVATIONS



Learned 
Lessons from 
Exploring 
Dynamic FC

RELATIONSHIP BETWEEN 
HEMODYNAMIC AND 

NEURONAL DYNAMIC FC

DYNAMIC FC HAVE 
MEANINGFUL SPATIAL 

PATTERNS 

DYNAMIC FC FADES AS 
CONSCIOUSNESS LEVELS 

DECREASE

DYNAMIC FC IS CLEARLY 
MODULATED BY TASK 

EXECUTION

DYNAMIC FC HAS 
POTENTIAL CLINICAL 

VALUE



Open Questions / Controversies

Optimal pre-processing Optimal parcellation 
scheme

Additional dFC specific 
pre-processing steps

Working definition of 
what we all mean by 
dynamic FC

Devising Appropriate Null 
Models to test for the 
“existence of dynamics”

What is the etiology of 
dynamic FC during rest?

Are dynamics better 
modelled as discrete or 
continuous process

Convergence of methods 
to facilitate across-
studies comparisons



Where to go 
next…

https://doi.org/10.31234/osf.io/xtzre


