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@ What is “Functional Connectivity”?

¢ Human Brain Mapping 2:56-78(1994)
Functional and Effective Connectivity
in Neuroimaging: A Synthesis

Karl ). Friston

The MRC Cyclotron Unit, Hammersmith Hospital, London, England

*

Abstract: The brain appears to adhere to two principles of functional organization; functional segregation
and functional integration. The imtegration within and between functionally specialized areas 1s mediated
by functional or effective connectivity. The characterization of this sort of connectivity is an important theme
in many areas of neuroscience. This article presents one approach that has been used in functional
imaging.



@ What is “Functional Connectivity”?

Functional Connectivity Effective Connectivity
“temporal correlation between “the influence one neural system
remote neurophysiological events” exerts over another”

“Functional connectivity is simply a statement
about the observed correlations; it does not provide
any direct insight into how these correlations are
mediated. For example, at the level of multiunit
microelectrode recordings, correlations can result
from stimulus-locked transients, evoked by a
common afferent input, or reflect stimulus-induced
oscillations, phasic coupling of neural assemblies,
mediated by synaptic connection”



How to estimate functional connectivity: Seed-based Correlation
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How to estimate functional connectivity: Seed-based Correlation
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Beckmann et al. “Probabilistic Independent Component Analysis for functional magnetic resonance Imaging” IEEE Trans. Med. (20 04)



How to estimate functional connectivity: ICA
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Smith et al. “Hand classification of fMRI ICA noise components” Neurolmage (2017)



How to estimate functional connectivity: ICA
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Smith et al. “Hand classification of fMRI ICA noise components” Neurolmage (2017)



How to estimate functional connectivity:
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Smith et al. “Hand classification of fMRI ICA noise components” Neurolmage (2017)



SUSCEPTIBILITY ARTIFACT
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Smith et al. “Hand classification of fMRI ICA noise components” Neurolmage (2017)



How to estimate functional connectivity: ICA
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Single Echo Automatic
Classification

NeuroImage
Volume 112, 15 May 2015, Pages 267-277

ICA-AROMA: A robust ICA-based strategy for
removing motion artifacts from fMRI data
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Other metrics
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Smith et al. “Network modelling methods for fMRI” Neurolmage (2011)



G How to estimate functional connectivity: Scan length?
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How to estimate functional connectivity: pay special attention to

confounds with spatial structure
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in Biology and Medicine (2020)



How to estimate functional connectivity: pay special attention to
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How to estimate functional connectivity: pay special attention to

confounds with spatial structure
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How to estimate functional connectivity: pay special attention to
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How to estimate functional connectivity: pay special attention to

confounds with spatial structure
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How to estimate functional connectivity: pay special attention to
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How to estimate functional connectivity: pay special attention to
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Static vs. Dynamic Functional Connectivity
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Static vs. Time-varying Functional Connectivity
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ASSUMPTION: FC Dynamics is appropriately modeled as a succession of a finite number of discrete FC
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Dynamic FC is reduced as consciousness levels decrease
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“...Beyond sampling variability, the largest part of observed “dynamics” during rest is attributable to
head motion. An additional component of dynamic variability during rest is attributable to fluctuating
sleep state. Thus, aside from the preceding explanatory factors, a single correlation structure—as
opposed to a sequence of distinct correlation structures—may adequately describe the resting state as
measured by BOLD fMRI...”
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“..using simultaneous imaging of neuronal calcium and hemodynamic signals in mice and found
coordinated temporal dynamics of calcium FC and hemodynamic FC measured in the same short time
windows... Finally, we show that the observed dynamics of FC cannot be fully accounted for by simulated
data assuming stationary FC. These results provide evidence for the neuronal origin of dynamic FC and
further suggest that information relevant to FC is condensed in temporally sparse events that can be
extracted using a small number of time points.” . B
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Functional Connectivity (Static & Time-varying) in Task
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“...one should not at first entertain too high hopes with regard to
this [being able to demonstrate the influence of intellectual work
over the human encephalogram], because mental work, as |
explained elsewhere, adds only a small increment to the cortical
work which is going on continuously and not only in the waking
state.” Hans Berger (1929)

Lynch et al. “Task-evoked functional connectivity does not explain functional connectivity differences between rest and task” (2018) Human Brain Mapping



Functional Connectivity (Static & Time-varying) in Task
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Functional Connectivity (Static & Time-varying) in Task
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Functional Connectivity (Static & Time-varying) in Task
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These “first level” effects can act as confounds for task-based dynamics by artificially inflating FC estimates during task states

Cole etal. “Task activations produce spurious but systematic inflation of task functional connectivity estimates”(2019) Neurolmage



Functional Connectivity (Static & Time-varying) in Task

“...that most standard approaches for fitting and removing mean task-evoked activations were unable to correct these inflated correlations. In
contrast, methods that flexibly fit mean task-evoked response shapes effectively corrected the inflated correlations without reducing effects of
interest...”
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Conclusions / Summary
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@ “Functional connectivity is simply a statement about the observed correlations; it does not provide
L any direct insight into how these correlations are mediated.” Friston (1994) )
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Thank you / Questions
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