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FMRI blood-oxygenation-level-dependent (BOLD) signals are slow proxy for neuronal activity
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Modeling the BOLD signal can be used to find evidence of induced brain activity
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What is the baseline? spontaneous activity

changes w.r.t. baseline

resting-state scan (minimally preprocessed)

posterior cingulate cortex (PCC)

8 minutes

movie accelerated 4 times




Connectivity mapping: integration of the brain

correlated with PCC:
task-negative
default mode network

anti-correlated with PCC:
task-positive
frontoparietal network

PCC seed correlation
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Connectivity mapping: functional networks
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[Adapted from Raichle, TICS, 2010; [McKeown et al, 1998; Calhoun et al, 2001;

Yeo et al, J Neurophys., 2011] Beckmann et al. 2005]




Connectivity mapping: functional networks

graph models

regions
functional connectome brain view topological view

[Bullmore and Sporns, Nat Rev Neurosci, 2009]




Connectivity mapping: functional networks
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Functional connectivity (FC) establishes summary
statistic over the whole (resting-state) run

= Average behavior and insensitive to temporal order
Need to acknowledge time-varying features of FC




Dxnamic functional connectome

= Extracting and representing time-resolved information
from fMRI activity

= Summarizing time-resolved information

[Preti*, Bolton*, VDV, Neuroimage, 2017; Karahanoglu, VDV, Current Op. Bioeng., 2017]
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Dynamic functional connectome

= Extracting and representing time-resolved information
from fMRI activity

Correlational measures (2nd order statistical measures)
Sliding-window functional connectivity
Connectivity modes versus states (i.e., latent space versus clustering)
Dynamic graphs

= Summarizing time-resolved information

[Preti*, Bolton*, VDV, Neuroimage, 2017; Karahanoglu, VDV, Current Op. Bioeng., 2017]
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Sliding-window functional connectivity
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= Temporally windowed FC
Straightforward to implement
One FC value per window position

Trade-off for window length: shorter = access to faster dynamics
Suffers from lower SNR and thus lower statistical significance
Prone to aliasing without proper high-pass filtering

= Side-effect: large increase in number of extracted measures

[Chang and Glover, Neurolmage, 2010; Sakoglu et al, MAGMA, 2010; Leonardi, VDV, Neurolmage, 2014] 12



Sliding-window functional connectivity
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Connectivity modes and states
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Connectivity modes and states
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Connectivity modes and states
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Dynamic graphs High modularlty perlod

_no unfolding needed
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Dxnamic functional connectome

= Extracting and representing time-resolved information
from fMRI activity

Correlational measures (2nd order statistical measures)
Sliding-window functional connectivity
Connectivity modes versus states (i.e., latent space versus clustering)
Dynamic graphs

Instantaneous measures (1st order statistical measures)
Point process analysis; seed-based CAPs
Hemodynamic-informed transient activity (iCAPS)

= Summarizing time-resolved information

[Preti, Bolton, VDV, Neuroimage, 2017; Karahanoglu, VDV, Current Op. Bioeng., 2017] 19



Point process analysis
BOLD__

e mw'r T Rl | i

= |dentifying data frames that correspond to “key events”
Exceeding threshold of activity timecourse of seed region

= Averaging of all selected frames leads to proxy for seed connectivity

average over all selected frames: seed-based correlation:

[Tagliazucchi et al, Neurosci Lett, 2011 and Front Physio, 2012; Liu and Duyn, PNAS, 2013] 20



Point process analysis
BOLD__
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= Temporal clustermg of selected frames
Spatial representatives are co-activation patterns (CAPS)

[Liu and Duyn, PNAS, 2013] 21



Hemodynamic-informed transients
BOLD
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activity-inducing signal




Hemodynamic-informed transients
BOLD
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Hemodynamic-informed transients

activity-inducing signal
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Hemodynamic-informed transients

Amount of whole-brain innovation exceeds null hypothesis phase-

randomized

= Temporal clustering of selected frames from surrogates
iInnovation signals

Spatial representatives are g
innovation-driven co-activation patterns (iCAPSs)

Jo

[Karahanoglu, VDV, Nat Comm, 2015] 25



Hemodynamic-informed transients

innovation signals
activity-inducing signals

voxels
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[Karahanoglu and VDV, Nat Comm, 2015; Zéller et aI IEEE TMI, in press] 26

time

Spatial overlap between iCAPs is recovered
Temporal overlap between recovered




Repertoire of functional brain networks (iCAPs)
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Summarizing time-resolved information

BOLD

Observational summary statistics

time durations PCC-CAP
fractions | é 08 &
dwell times 8 os [
spectral analysis T 04
Correlational measures Sfilings 8oz B Rest
o couplings 8 Working Memory
connectivity modes or states graph measures g dynamic FC
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Instantaneous measures

CAPs and iCAPs autoregressive models
hidden Markov models
information-theoretic
deep neural networks

probability state
activation

[Chen et al, 2015, 2017; Allen et al, 2014, Vidaurre et al. 2017;

. : . ) o8
[Karahanoglu, VDV, Curr. Op. Bioengineering, 2017] Bolton et al, 2018: Ashourvan et al, 2017 ...]



Meaning of iCAPs’ temporal overlap
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Meaning of iCAPs’ temporal overlap
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Rethink models extrapolated from conventional FC

Salience network

L]
/| @) N\

psychomotor activity
Default mode goal-directed action Fronto-parietal /
network sensory & limbic processing executive networks
@ Q
@ anticorrelation ’
8 - z 2 Q
self-referential mental | cognition, attention

activity

[Menon, Uddin, Brain Struct Func, 2010; Menon, TICS, 2011; Nekovarova et al, Frontiers, 2014]




Rethink models with iCAPs

same signs

Salience network @ --® mixed signs

Default mode
network
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[Karahanoglu and VDV, Nat Comm, 2015]
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Define states of each iCAP and model transition
probabilities

Model interactions
by sparsely coupled
hidden Markov
models

@

@®
@

aﬁ
A

\
) &

[Bolton et al, IEEE TMI, 2017; Vidaurre et al, PNAS, 2017]




It’s all about time(scale)

Ascale

1ms
neural spikes

bridging gaps between

10 ms complementary imaging methods
gamma oscillations

cross-frequency coupling
100 ms alpha oscillations
topographical switching

., power-law behavior
, informed regression

- o o W W oW R
*

1seC B EE S CE0EE00E 0SS EEEaODE o555 500550 A S aaooDECooo090055 555
instantaneous measures

1 min | sliding-window measures

10 min | whole run

>
temporal integration of information time

34
[Buzsaki et al, Nat Rev Neurosci, 2012; Britz et al, Neurolmage, 2010; VDV et al, PNAS, 2010; Chang et al, Neurolmage, 2013; Keilholz, Brain Conn, 2014]




Integration of function and structure

Brain atlas Tractography Brain graph

middle-
Lateral ‘\frontal
occipital ‘

superior
temporal

Transverse
temporal

How is function using underlying structure? ﬂ
simulation perspective: The Virtual Brain 4~y
graph signal processing perspective: THEVIRTUALBRAIN
fMRI data constitute graph signals on structural backbone

\/

regions

[Sporns et al, 2005; Hagmann et al, 2005; Deco, Jirsa, Mclintosh, TiN, 20183;

Atasoy et al, Nat Comm, 2016; Huang*, Bolton* et al, Proceedings of the IEEE, 2017] 35




Take home messages

= fMRI captures rich spatiotemporal structure of brain activity
Dynamics are useful to study resting state, naturalistic conditions, and task
Minimal compliance of resting state for patient populations

= Time-resolved measures as new tools for connectivity mapping

Different measures reveal different features
Dynamic FC shows fragmentation of large-scale functional networks
iCAPs reveal extensive spatial and temporal overlap between (sub-)networks

Many other variations have been proposed

Dynamic connectivity regression [Cribben et al, Neurolmage, 2012]; Independent vector analysis [Ma et al,

Neurolmage, 2014]; Multiplication of temporal derivatives [Shine et al, Neurolmage, 2015]; Dynamic
connectivity detection [Xu and Lindquist, Front Neurosci, 2015]; Dynamic coherence analysis [Yaesoubi et al,
Neurolmage, 2015];...

= Summarize into (mechanistic) models of brain (dys)function

How brain dynamics support coordinated cognition by linking perception, attention,
goal-directed thought?

What are neural correlates of behavioral and clinical measures?

= Ongoing challenges
Multimodal imaging to access different timescales and underlying anatomy
Impact of neurostimulation and -modulation
Biomarkers: precision psychiatry,...

36
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