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Abstract

Ongoing fluctuations of brain activity measured by functional
magnetic resonance imaging (fMRI) provide a novel window
onto the organizational principles of brain function. Advances
in data analysis have focussed on extracting the constituting
elements of temporal dynamics in terms of activity or con-
nectivity patterns. Subsequently, brain states can be defined
and then be analyzed using temporal features and computa-
tional models as to capture subtle interactions between func-
tional networks. These new methodological advances allow to
deconstruct the rich spatiotemporal structure of functional
components that dynamically assemble into resting-state
networks long been observed using conventional measures of
functional connectivity. Applications of these emerging
methods demonstrate that changes in functional connectivity
are indeed driven by complex reorganization of network in-
teractions, and thus provide valuable observations to build
better models of brain function and dysfunction. Here, we give
an overview of the recent developments in this exciting field,
together with main findings and perspectives on future
research.
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Introduction
More than two decades ago, the discovery of functional
magnetic resonance imaging (fMRI) initiated a rich field

of non-invasive human neuroimaging that contributed
significantly to our understanding of the brain in health
and disorder [1]. Technological advances in MRI scan-
ning have enabled modern fMRI to reach whole-brain
coverage at millimeter spatial resolution and sub-
second temporal resolution. In addition, fMRI data
analysis has always been an active and multidisciplinary
research topic which has allowed new paradigms.

In conventional task fMRI, the subject is exposed to a

stimulus or is performing a task while the blood
oxygenation level dependent (BOLD) signalda proxy
for brain activitydis recorded. Given the experimental
timing, a regression model can be built to be fitted to
the fMRI timecourses and lead to a statistical para-
metric map showing where in the brain sufficient evi-
dence for evoked activity is present. While these
studies benefit from the spatial coverage and resolution
of fMRI, the slowness of the BOLD response is a
limiting factor to determine temporal characteristics of
brain responses. Mental chronometry using fast

advanced event-related designs has been developed to
measure small differences in onsets of activity in
different regions, but the technique remains limited by
the nature of the BOLD signal itself in terms of vari-
ability of the signal between brain regions and between
subjects [2].

Increasing evidence that spontaneous activity provides
information about how distributed brain regions inte-

grate into large-scale functional networks [3], has led to
a large interest from the community into “resting-state”
studies where subjects can freely engage into a process
of mind-wandering [4]. The analysis of these paradigm-
free datasets has relied on functional connectivity that is
a measure of statistical dependency between a pair of
fMRI activity timecourses [5], exploratory multivariate
methods such as independent component analysis, as
well as graph modeling approaches.

Conventional approaches for resting-state fMRI analysis

are driven by average behavior over a whole fMRI run of
several minutes leading to dissociated functional net-
works and, therefore, they will miss important features
of dynamics of network interactions [6]. Recent findings
reveal that these ongoing interactions, for instance, be-
www.sciencedirect.com
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tween high-level networks during mind wandering [7],
can be characterized using time-resolved analysis [8,9]
based on a different toolset than those of mental chro-
nometry as any timing information is typically ignored
(or absent) and network-level interactions are targeted.
In this review, we discuss the state-of-the-art in time-
resolved fMRI data analysis since the first reports of
moment-to-moment fluctuations in functional connec-

tivity [10,11]. While originally designed for exploratory
analysis of resting-state fMRI, it is worth mentioning
that these methods can be readily applied to task-based
fMRI as well; e.g., see Ref. [12] for a more specific
overview.

We first briefly discuss different methods to extract
dynamic information from fMRI data and then specif-
ically focus on recent methods that encode this dynamic
information either through direct observational mea-
sures or by establishing brain states that can then be fed

into temporal models. We demonstrate how these de-
velopments allow managing and summarizing large
amounts of information contained by the dynamic
characterization of brain activity. Temporal modeling of
brain dynamics opens avenues towards more
Figure 1

Elements of temporal dynamics (light gray boxes) lead to brain states (dark gra
connectivity in a time-dependent measure. For each window position, all pair
using clustering or decomposition methods. (B) Point process analysis marks
then identifies different spatial configuration into which the selected regions co
Subsequent thresholding identifies spatial patterns that occur at these critica
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mechanistic models of network interactions, and how
they underpin brain function and dysfunction.

Elements of temporal dynamics
From sliding-window correlations to instantaneous
activity patterns
The first evidence of functional network organization
from resting-state fMRI data was based on functional
connectivity as measured by Pearson correlation co-
efficients between pairs of fMRI timeseries. Computing

second-order statistics for the whole brain, considering
NS spatial locations or regions from an atlas, leads to a
symmetric connectivity matrix of size NS � NS, which
was termed as the functional connectome. As the
correlational measures reflect the average behavior
during the complete fMRI run, we miss moment-to-
moment fluctuations in functional connectivity that
might be informative about dynamic brain processes.
Therefore, functional connectivity was computed over
shorter periods of time using sliding-window correla-
tions (SWC) or time-frequency measures [10], as illus-

trated in Figure 1A. Windowed correlations suffer from a
number of methodological issues such as limited sta-
tistical power [13] and potential spurious fluctuations
y boxes) in different ways. (A) Sliding-window correlation turns functional
wise connections constitute a connectome that can be further analyzed
timepoints when the activity exceed a predefined threshold. Clustering

-activate. (C) Transient activity obtained using regularized deconvolution.
l moments.
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induced by aliasing of low frequency components [14].
Together with 0.01e0.10 Hz bandpass filtering
commonly applied in connectivity studies, faster dy-
namics become increasingly difficult to be captured and
need to rely on carefully designed null data for statistical
testing [15e17].

Instead of measuring changes in connectivity, fluctu-

ating brain activity can also be captured using first-order
statistics, that is, with time-resolved analysis of instan-
taneous activity patterns. Such an alternative approach
mainly relies on thresholding; for instance, using the
hierarchical exponentially weighted moving average
method [18] to detect state changes, or the point pro-
cess analysis (PPA) [19,20] to mark timepoints when-
ever activity exceeds a certain level, as illustrated in
Figure 1B. Detection of timepoints can also be informed
about the hemodynamic response, such as in the
paradigm-free mapping approach [21] where a redun-

dant general linear model is used to recover responses to
short activation events without any knowledge about
the timing. The selected fMRI frames contain sufficient
information to recover well-known resting-state net-
works similar to those obtained by independent
component analysis [22,23], or when applied to a seed
region, the average of the selected frames is a proxy of
the seed-connectivity map [24]. It is also possible to
apply thresholding to other representations of the ac-
tivity timeseries. Notably, using a regularized deconvo-
lution method that incorporates knowledge about the

hemodynamic system, not only the deconvolved
activity-inducing signal, but also its derivativedso-
called innovation signaldcan be obtained [25]. The
latter encodes transients in terms of positive and nega-
tive spikes for increases and decreases in activity,
respectively, as illustrated in Figure 1C.

Defining brain states
Time-resolved measures do not summarize the data
well. Second-order methods such as SWC even lead to
data inflation as the number of measures easily exceeds

the size of the original data. However, mathematically,
there is no increase in information contentdthe
matrices obtained from SWC will have a maximal rank of
the number of timepoints inside the window. Therefore,
there is a clear need to represent the time-resolved
measures in a more compact way. One such effort is
through dynamic connectivity regression to detect
change points in dynamic FC [26]. Moreover, in Ref.
[27], temporal clustering was applied to define FC
states of which transition behavior could then be stud-
ied. As an alternative to mutually exclusive states [28],

derived the eigenmodes of SWC measures that can su-
perpose to explain the dynamic connectivity measures.
It is also possible to use dictionary learning [29,30],
which allow to control the number of overlapping states.
A different avenue is to extract graph topological prop-
erties from the SWC measures and then analyze brain
Current Opinion in Biomedical Engineering 2017, 3:28–36
organization in terms of information transfer, efficiency,
and structure. Such an approach was applied to study
the impact of learning at different timescales from hours
to minutes [31]. At a faster timescale [32], observed
brief intervals of high global network efficiency. In a
similar method [15], found periods of high and low
modularity that can be tracked over time [33]. It is
worth mentioning the recent debate about whether

dynamic changes or switchings of brain states produced
by SWC are ascribed to small sample size and non-
linearity rather than weak non-stationarity in the sta-
tistical sense per se [13,16,34]. In any case, the appli-
cation of these approaches has revealed alterations in
fluctuations of brain activity in several disorders, such as
multiple sclerosis [28], autism spectrum disorder [35],
schizophrenia and bipolar disorders [36,37], see Ref.
[38] for an extensive review including issues related to
spatial atlasing and [39] for another review focusing on
potential contribution and interpretation of patterns

recovered by time-resolved analysis.

Also first-order methods require an additional step to
summarize information as the number of timepoints
retained by the thresholding stepdeither on the original
timeseries as in PPA or on innovation signals (see Sec-
tion 2.1)dcan be relatively high and spatial patterns at
individual time frames can be very noisy. The predom-
inant approach here is to apply temporal clustering. For
instance, co-activation patterns (CAPs) are the spatial
representatives of temporal clustering applied to the

marked timepoints [24]. This technique was originally
applied to a seed region such as the posterior cingulate
cortex, but it was also further extended to whole-brain
analysis [40]. As the CAPs can be obtained per run or
subject, one can then apply spatial analysis; e.g.,
Ref. [41] studied different states of consciousness.
However, more relevant to reveal differences in dy-
namics, CAPs-derived temporal measures such as
occurrence percentage, duration, or state switching
frequency can be obtained; e.g., to show differences
during a working-memory task [42]. Temporal clustering
of innovation signals as introduced before allows iden-

tifying reoccurring patterns of transient activity, termed
innovation-driven co-activation patterns (iCAPs) [8].
The main advantages of working on transient represen-
tation of the fMRI data are twofolds: (1) networks with
temporally overlapping activity, but different transients,
will be disentangled and (2) spatial patterns represent-
ing each transient will be less noisy thanks to the pre-
viously applied regularization step. Once the repertoire
of iCAPs established, spatiotemporal regression on the
activity-inducing signals then recovers the networks’
timeseries that are free from hemodynamic blur.

Another attempt to define spatially overlapping but
temporally distinct activity patterns, referred to as
temporal functional modes (TFMs), was proposed by
Ref. [43] through successive application of spatial ICA
www.sciencedirect.com
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and temporal ICA (tICA) to a rich fast-fMRI dataset.
However, this framework generated temporally isolated
networks, potentially regarded as neuroscientifically
implausible, due to tICA’s inherent independence
assumption. The TFMs were later greatly refined by
using a generative probabilistic model, accounting for
between-subject variability and hemodynamic response
function, to produce spatially and temporally over-

lapping networks, termed probabilistic functional
modes (PFMs) [44].
Towards models of large-scale brain
dynamics
Brain states summarize the large amount of time-
resolved measuresdeither from first, or from second
order statisticsdin an effective way, and can then be
used to track network dynamics in terms of occurrence,
frequency, duration, switching statistics, or other related
metrics [8,27,45]. These features are driven by fast
changes of activity that underlie brain function, and thus
provide an important new avenue to observe large-scale
network dynamics and initiate new, biologically more
plausible, hypotheses about brain processes. However,
testing more complicated notions of network coupling

and interactions, as well as their alterations, requires
generative and computational temporal models to sys-
tematically examine the richness of the brain dynamics.

Several related lines of research have been followed
without the explicit use of time-resolved measures. For
instance, dynamic causal modeling is attempting to
capture interactions between multiple brain regions by
fitting state-space models with biophysically informed
observation and state equations [46]. Another important
effort is to use structural brain connectivity from
diffusion-weighted MRI to inform large-scale neural

models [47e49] that can then be used to simulate
functional data and derived measures. This way, struc-
tureefunction relationships can be investigated and
validated. Recent work has also proposed control-
theoretical analysis of structural networks to establish
control nodes and study functional networks and tran-
sitions between them in terms of reachability [50].

The work that we would like to highlight particularly in
this review is incorporating brain states to understand
dynamic processes such as the transitory roles of large-

scale networks [51]. For instance, task-positive net-
works that are associated with basic cognitive tasks and
-negative networks are anti-correlated based on several
minutes of resting state [52]; however, the dynamic
behavior of these networks is much more intricate than a
naive interpretation of such correlation would suggest.
Indeed, iCAPs analysis showed that the default-mode
networkdi.e., the most prominent resting-state
network related to self-referential processesdand
fronto-parietal networks, which are related with
www.sciencedirect.com
attentional processes, actually co-activate together,
while sub-networks support the appearance of the anti-
correlation signature [8]. Revealing complex dynamic
interactions is the first step towards more accurate
representations of behavior.

A systematic assessment of temporal sequences and
interactions of large-scale networks can be pursued

using temporal models such as hidden Markov models
(HMMs) depicted in Figure 2A. In particular, the HMM
framework has been applied for covariance states in
terms of a sparse basis of co-activation patterns [53].
Similarly, SWC measures have been fed to HMMs to
study the temporal characterization of network topology
in temporal-lobe epilepsy [54] and post traumatic stress
disorder [55]. In Ref. [56], network states of a HMM
were used to study brain maturation in terms of dynamic
community structure. Temporal models can also be
applied to fMRI activation frames directly. HMMs have

been used to model sequences of activity [57,58],
including validation on large numbers of subjects [59].
The activation patterns characterizing the HMM states
are typically mixtures of intrinsic functional networks
due to temporally overlapping activity. Therefore, an
alternative approach inspired by bioinformatics [60] has
been to use transient activity from the iCAPs framework
as the input to a set of parallel but sparsely coupled
HMMs [61], which then allows to explicitly capture
modulatory influences instead of picking them up as
mixture activity (Figure 2B). It should be noted that

although fitting HMMs using expectation maximization
is capable to estimate brain states without temporal
clustering, in many approaches, the brain states are
either kept fixed, or initialized by a clustering step.
Finally, we also mention a recent approach from statis-
tical mechanisms, where local minima in an energy
landscape driven by entropy form attractor states [62],
as illustrated in Figure 2C.
Dynamic viewpoint to advance insights into
brain organization
Whole-brain coverage of fMRI has enabled a systems-
level approach to brain function, where the recent ad-
vances to characterize dynamic behavior added new
compelling prospects. These developments not only
serve for resting-state fMRI, but also for task fMRI,
especially during more ecological paradigms such as

movie watching or self-controlled tasks. An essential
point, as illustrated in Figure 3, is to link the computa-
tional models with relevant neuroscientific questions,
where the measures and model should be at the corre-
sponding level of abstraction. The availability of addi-
tional behavioral, neuropsychological, or clinical data
should further refine and guide these model designs.

One fundamental question that can be reframed in
terms of dynamic network interactions is how the brain
Current Opinion in Biomedical Engineering 2017, 3:28–36
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Figure 2

Temporal modeling approaches. (A) Hidden Markov Models (HMMs) can used to discretize the dynamic sequencing of brain states [adapted from Ref.
[59]]. The brain states can be defined either at the activity or at the connectivity level. (B) Sparsely coupled HMMs exploit the transient activity to model
the coupling between the states. (C) Information theoretic approaches, such as energy landscapes driven by entropy between different brain regions,
can be used to formulate the community-based interactions. The functional modules at the local minima states drive the functional dynamics [adapted
from Ref. [62]].
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supports coordinated cognition by linking perception,
attention, goal-directed thought, as well as learning
[31]. Another one is how adaptation to an ever changing

environment can be understood by flexible network
organization. The triple-network model states that a
particular balance between salience, executive control,
and default-mode networks is required [63], and that
disbalances can be linked to cognitive deficits in several
disorders. Recently, Ref. [7] suggested a dynamic
perspective for spontaneous thoughts in terms of
continuously interacting networks, a viewpoint that has
been studied quantitatively from childhood to adult-
hood [56], and with respect to attention to pain [64] and
major depression [65].
The fMRI BOLD signal is an indirect and slow hemo-
dynamic surrogate of neuronal signal, and thus progress

in the biophysics of the spatiotemporal hemodynamic
response and separating various factors contributing to
BOLD remain essential for future fMRI data analyses
Current Opinion in Biomedical Engineering 2017, 3:28–36
[66,67]. At this point, both more advanced fMRI
acquisition schemes as well as complementing with
other neural signals such as electroencephalography

(EEG) or intracortical recordings, where the question
remains which of their featuresde.g., oscillatory [68e
70] or scale-free behavior [20,71]dare most meaning-
ful to complement time-resolved fMRI measures. Even
molecular mechanisms such as gene transcription pat-
terns [72,73] or cerebral Ab measured by positron
emission tomography [74] can be incorporated as data
becomes available. Ultimately, we expect such research
to contribute to better integrate information at various
scales and to close the gap with models of large-scale
cortical systems from computational neuroscience

[72,75,76] (Box 1).
Perspectives
We have highlighted the development of new measures
and models of brain function that will benefit from the

dynamic viewpoint. Next to providing new insights into
www.sciencedirect.com
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Figure 3

Network dynamics viewpoint on brain function. (A) Time-resolved measures of ongoing brain activity, together with other data sources, provide input
to (B) new computational dynamic models. These models then support and inspire (C) neuroscientific models as well as (D) new experimental
paradigms [adapted from Ref. [7]; symbols from Noun Project, designed by Andriwidodo, Sergey Demushkin, Delwar Hossain, Aenne Brielmann,
and Jason D. Rowley].
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network organization, several other perspectives are
worth mentioning. First of all, dynamic network models
can be used to improve strategies of neurostimulation or
neurofeedback [77]; for instance, real-time fMRI is
typically used to feed back the activity level of a single
www.sciencedirect.com
brain region [78], while network measures could target
more relevant large-scale interactions [79]. Second,
resting-state fMRI has raised hopes of defining imaging-
based biomarkers for early diagnosis and prognosis of
neurodenegerative and neurodevelopmental conditions
Current Opinion in Biomedical Engineering 2017, 3:28–36
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Box 1. Critical questions about the importance of modeling
brain dynamics.

� What are the best time-resolved measures to characterize
ongoing fluctuations of brain activity?

� How do network interactions support essential features of brain
function such as coordinated cognition, learning, or stability in a
changing environment?

� How are network interactions altered in neurological disease and
disorder, and can these be used for diagnosis and prognosis?

� How do dynamics measured using fMRI BOLD relate to other
non-hemodynamic neural signals such as EEG and their fast
temporal features such as oscillatory behavior?

34 New Developments in Biomedical Imaging
[80e82]. Combined with massive MRI data acquisition
& sharing initiatives [83], better models capturing
accurately dynamic processes can become the corner-

stone to reach this ambitious aim.

Acknowledgments
This work was supported in part by the Swiss National Science Foundation
(grant #205321_163376) and in part by the Bertarelli Foundation.
Conflicts of interest
None declared.

References
Papers of particular interest, published within the period of review,
have been highlighted as:

* of special interest
* * of outstanding interest

1. Mather M, Cacioppo JT, Kanwisher N: Introduction to the spe-
cial section: 20 years of fMRI-what has it done for under-
standing cognition? Perspect Psychol Sci 2013, 8:41–43.

2. Formisano E, Goebel R: Tracking cognitive processes with
functional MRI mental chronometry. Curr Opin Neurobiol 2003,
13(2):174–181.

3. Damoiseaux JS, Rombouts SARB, Barkhof F, Scheltens P,
Stam CJ, Smith SM, et al.: Consistent resting-state networks
across healthy subjects. Proc Natl Acad Sci 2006, 103(37):
13848–13853.

4. Raichle ME, MacLeod AM, Snyder AZ, Powers WJ, Gusnard DA,
Shulman GL: A default mode of brain function. Proc Natl Acad
Sci USA 2001, 98(2):676–682.

5. Friston KJ: Functional and effective connectivity: a review.
Brain Connect 2011, 1(1):13–36.

6. Yeo BT, Krienen FM, Chee MW, Buckner RL: Estimates of
segregation andoverlap of functional connectivity networks in
the human cerebral cortex. NeuroImage 2014, 88(0):212–227.

7
* *
. Christoff K, Irving ZC, Fox KCR, Spreng RN, Andrews-Hanna JR:

Mind-wandering as spontaneous thought: a dynamic frame-
work. Nat Rev Neurosci 2016, 17(11):718–731.

This study proposes a theoretical dynamic framework for understand-
ing mind-wandering through interactions between large-scale networks
and discuss how this interactions might be disrupted in various
disorders.

8
*
. Karahano�glu FI, Van De Ville D: Transient brain activity dis-

entangles fMRI resting-state dynamics in terms of spatially
and temporally overlapping networks. Nat Commun 2015, 6:
7751.

This study recovers consistent transient patterns activity from resting-
state fMRI using hemodynamic-informed regularization and
deconvolution.
Current Opinion in Biomedical Engineering 2017, 3:28–36
9. Chen JE, Glover GH, Greicius MD, Chang C: Dissociated pat-
terns of anti-correlations with dorsal and ventral default-
mode networks at rest. Hum Brain Mapp 2017, 38(5):
2454–2465.

10. Chang C, Glover GH: Time-frequency dynamics of resting-
state brain connectivity measured with fMRI. NeuroImage
2010, 50(1):81–98.

11. Hutchison RM, Womelsdorf T, Gati JS, Everling S, Menon RS:
Resting-state networks show dynamic functional connectiv-
ity in awake humans and anesthetized macaques. Hum Brain
Mapp 2013, 34(9):2154–2177.

12. Gonzalez-Castillo J, Bandettini PA: Task-based dynamic func-
tional connectivity: recent findings and open questions.
NeuroImage 2017. https://doi.org/10.1016/j.neuroimage.2017.
08.006.

13
*
. Hindriks R, Adhikari MH, Murayama Y, Ganzetti M, Mantini D,

Logothetis NK, et al.: Can sliding-window correlations reveal
dynamic functional connectivity in resting-state fMRI?
NeuroImage 2016, 127(C):242–256.

This study highlights the importance of the null data generation for
SWC analysis, as well as subject- or session-dependent variability
using data from human and macaque monkey.

14. Leonardi N, Van De Ville D: On spurious and real fluctuations
of dynamic functional connectivity during rest. NeuroImage
2015, 104:430–436.

15. Betzel RF, Fukushima M, He Y, Zuo XN, Sporns O: Dynamic
fluctuations coincide with periods of high and low modularity
in resting-state functional brain networks. NeuroImage 2016a,
127(C):287–297.

16. Liégeois R, Laumann TO, Snyder AZ, Zhou HJ, Yeo BTT: Inter-
preting temporal fluctuations in resting-state functional
connectivity MRI. NeuroImage 2017. https://doi.org/10.1016/
j.neuroimage.2017.09.012.

17. Miller RL, Adali T, Levin-Schwartz Y, Calhoun VD: Resting-state
fmri dynamics and null models: perspectives, sampling
variability, and simulations. bioRxiv 2017 . https://doi.org/
10.1101/153411.

18. Lindquist MA, Waugh C, Wager TD: Modeling state-related fMRI
activity using change-point theory. NeuroImage 2007, 35(3):
1125–1141.

19. Tagliazucchi E, Balenzuela P, Fraiman D, Montoya P,
Chialvo DR: Spontaneous BOLD event triggered averages for
estimating functional connectivity at resting state. Neurosci
Lett 2011, 488(2):158–163.

20. Tagliazucchi E, Balenzuela P, Fraiman D, Chialvo DR: Criticality
in large-scale brain fMRI dynamics unveiled by a novel point
process analysis. Front Physiol 2012, 3(15).

21. Caballero-Gaudes C, Petridou N, Dryden IL, Bai L, Francis ST,
Gowland PA: Detection and characterization of single-trial
fMRI BOLD responses: paradigm free mapping. Hum Brain
Mapp 2011, 32(9):1400–1418.

22
*
. Tagliazucchi E, Siniatchkin M, Laufs H, Chialvo DR: The voxel-

wise functional connectome can be efficiently derived from
co-activations in a sparse spatio-temporal point-process.
Front Neurosci 2016, 10:381.

This study uses point process analysis to define whole-brain brain
states and demonstrates how features of functional connectivity can be
obtained.

23. Petridou N, Gaudes CC, Dryden IL, Francis ST, Gowland PA:
Periods of rest in fMRI contain individual spontaneous events
which are related to slowly fluctuating spontaneous activity.
Hum Brain Mapp 2013, 34(6):1319–1329.

24. Liu X, Duyn JH: Time-varying functional network information
extracted from brief instances of spontaneous brain activity.
Proc Natl Acad Sci 2013, 110(11):4392–4397.

25. Karahano�glu FI, Caballero-Gaudes C, Lazeyras F, Van De
Ville D: Total activation: fMRI deconvolution through spatio-
temporal regularization. NeuroImage 2013, 73:121–134.

26. Cribben I, Haraldsdottir R, Atlas LY, Wager TD, Lindquist MA:
Dynamic connectivity regression: determining state-related
www.sciencedirect.com

http://refhub.elsevier.com/S2468-4511(17)30041-7/sref1
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref1
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref1
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref2
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref2
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref2
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref3
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref3
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref3
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref3
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref4
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref4
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref4
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref5
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref5
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref6
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref6
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref6
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref7
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref7
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref7
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref8
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref8
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref8
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref8
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref8
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref9
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref9
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref9
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref9
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref10
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref10
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref10
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref11
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref11
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref11
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref11
https://doi.org/10.1016/j.neuroimage.2017.08.006
https://doi.org/10.1016/j.neuroimage.2017.08.006
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref13
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref13
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref13
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref13
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref14
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref14
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref14
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref15
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref15
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref15
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref15
https://doi.org/10.1016/j.neuroimage.2017.09.012
https://doi.org/10.1016/j.neuroimage.2017.09.012
https://doi.org/10.1101/153411
https://doi.org/10.1101/153411
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref18
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref18
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref18
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref19
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref19
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref19
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref19
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref20
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref20
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref20
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref21
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref21
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref21
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref21
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref22
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref22
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref22
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref22
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref23
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref23
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref23
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref23
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref24
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref24
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref24
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref25
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref25
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref25
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref25
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref26
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref26
www.sciencedirect.com/science/journal/24684511


Dynamics of large-scale fMRI networks Karahano�glu and Van De Ville 35
changes in brain connectivity. NeuroImage 2012, 61(4):
907–920.

27. Allen EA, Damaraju E, Plis SM, Erhardt EB, Eichele T,
Calhoun VD: Tracking whole-brain connectivity dynamics in
the resting state. Cereb Cortex 2014, 24(3):663–676.

28. Leonardi N, Richiardi J, Gschwind M, Simioni S, Annoni JM,
Schluep M, et al.: Principal components of functional con-
nectivity: a new approach to study dynamic brain connec-
tivity during rest. NeuroImage 2013, 83(0):937–950.

29. Leonardi N, Shirer WR, Greicius MD, Van de Ville D: Disen-
tangling dynamic networks: separated and joint expressions
of functional connectivity patterns in time. Hum Brain Mapp
2014, 35(12):5984–5995.

30. Grandjean J, Preti MG, Bolton TA, Buerge M, Seifritz E,
Pryce CR, et al.: Dynamic reorganization of intrinsic func-
tional networks in the mouse brain. NeuroImage 2017, 152:
497–508.

31. Bassett DS, Mattar MG: A network neuroscience of human
learning: potential to inform quantitative theories of brain and
behavior. Trends Cognit Sci 2017, 21(4):250–264.

32. Zalesky A, Fornito A, Cocchi A, Gollo LL, Breakspear M: Time-
resolved resting-state brain networks. Proc Natl Acad Sci
2014, 111(28):10341–10346.

33
*
. Khambhati AN, Sizemore AE, Betzel RF, Bassett DS: Modeling

and interpreting mesoscale network dynamics. NeuroImage
2017. https://doi.org/10.1016/j.neuroimage.2017.06.029.

This article is a recent review of mathematical methodologies for
constructing and analyzing network dynamics with graph theoretical
approaches.

34. Laumann TO, Snyder AZ, Mitra A, Gordon EM, Gratton C,
Adeyemo B, et al.: On the stability of BOLD fMRI correlations.
Cereb Cortex 2016, 27(10):4719–4732.

35. de Lacy N, Doherty D, King BH, Rachakonda S, Calhoun VD:
Disruption to control network function correlates with altered
dynamic connectivity in the wider autism spectrum. Neuro-
Image Clin 2017, 15:513–524.

36. Rashid B, Arbabshirani MR, Damaraju E, Cetin MS, Miller R,
Pearlson GD, et al.: Classification of schizophrenia and bipo-
lar patients using static and dynamic resting-state fmri brain
connectivity. NeuroImage 2016, 134:645–657.

37. Du Y, Pearlson GD, Yu Q, He H, Lin D, Sui J, et al.: Interaction
among subsystems within default mode network diminished
in schizophrenia patients: a dynamic connectivity approach.
Schizophr Res 2016, 170(1):55–65.

38
*
. Preti MG, Bolton T, Van De Ville D: The dynamic functional

connectome: state-of-the-art and perspectives. NeuroImage
2016. https://doi.org/10.1016/j.neuroimage.2016.12.061.

This article is a comprehensive review of tools and applications based
on state-of-the-art dynamic functional connectivity.

39. Keilholz SD, Caballero-Gaudes C, Bandettini P, Deco G,
Calhoun VD: Time-resolved resting state fmri analysis: cur-
rent status, challenges, and new directions. Brain Connect
2017. https://doi.org/10.1089/brain.2017.0543.

40. Liu X, Chang C, Duyn JH: Decomposition of spontaneous
brain activity into distinct fMRI co-activation patterns. Front
Syst Neurosci 2013, 7(101).

41. Amico E, Gomez F, Di Perri C, Vanhaudenhuyse A, Lesenfants D,
Boveroux P, et al.: Posterior cingulate cortex-related co-acti-
vation patterns: a resting state fMRI study in propofol-
induced loss of consciousness. PLoS ONE 2014, 9(6),
e100012.

42. Chen JE, Chang C, Greicius MD, Glover GH: Introducing co-
activation pattern metrics to quantify spontaneous brain
network dynamics. NeuroImage 2015, 111:476–488.

43. Smith SM, Miller KL, Moeller S, Xu J, Auerbach EJ, Woolrich MW,
et al.: Temporally-independent functional modes of sponta-
neous brain activity. Proc Natl Acad Sci 2012, 8:3131–3136.

44. Harrison SJ, Woolrich MW, Robinson EC, Glasser MF,
Beckmann CF, Jenkinson M, et al.: Large-scale probabilistic
www.sciencedirect.com
functional modes from resting state fMRI. NeuroImage 2015,
109:217–231.

45. Hansen ECA, Battaglia D, Spiegler A, Deco G, Jirsa VK: Func-
tional connectivity dynamics: modeling the switching
behavior of the resting state. NeuroImage 2015, 105:525–535.

46. Friston KJ, Harrison L, Penny W: Dynamic causal modelling.
NeuroImage 2003, 19(4):1273–1302.

47. Schirner M, Rothmeier S, Jirsa VK, McIntosh AR, Ritter P: An
automated pipeline for constructing personalized virtual
brains from multimodal neuroimaging data. NeuroImage 2015,
117:343–357.

48. Griffa A, Ricaud B, Benzi K, Bresson X, Daducci A,
Vandergheynst P, et al.: Transient networks of spatio-temporal
connectivity map communication pathways in brain func-
tional systems. NeuroImage 2017, 155:490–502. https://doi.org/
10.1016/j.neuroimage.2017.04.015.

49. Betzel RF, Avena-Koenigsberger A, Goñi J, He Y, de Reus MA,
Griffa A, et al.: Generative models of the human connectome.
NeuroImage 2016b, 124(Part A):1054–1064.

50. Gu S, Pasqualetti F, Cieslak M, Telesford QK, Yu AB, Kahn AE,
et al.: Controllability of structural brain networks. Nat
Commun 2015, 6:8414.

51. Cocchi L, Zalesky A, Fornito A, Mattingley JB: Dynamic coop-
eration and competition between brain systems during
cognitive control. Trends Cognit Sci 2013, 17(10):493–501.

52. Bressler SL, Menon V: Large-scale brain networks in cogni-
tion: emerging methods and principles. Trends Cognitive Sci
2010, 14(6):277–290.

53. Eavani H, Satterthwaite TD, Gur RE, Gur RC, Davatzikos C:
Unsupervised learning of functional network dynamics in
resting state fMRI. Inf Process Med Imaging 2013, 23:
426–437.

54. Chiang S, Cassese A, Guindani M, Vannucci M, Yeh HJ,
Haneef Z, et al.: Time-dependence of graph theory metrics in
functional connectivity analysis. NeuroImage 2016, 125:
601–615.

55. Ou J, Xie L, Jin C, Li X, Zhu D, Jiang R, et al.: Characterizing and
differentiating brain state dynamics via hidden Markov
models. Brain Topogr 2015, 28(5):666–679.

56
*
. Ryali S, Supekar K, Chen T, Kochalka J, Cai W, Nicholas J, et al.:

Temporal dynamics and developmental maturation of
salience, default and central-executive network interactions
revealed by variational Bayes hidden Markov modeling.
PLOS Comput Biol 2016, 12(12), e1005138.

This study analyzes the triple-network model from a dynamical view-
point in childhood and adulthood.

57. Liu W, Awate SP, Anderson JS, Fletcher PT: A functional
network estimation method of resting-state fMRI using a hi-
erarchical Markov random field. NeuroImage 2014, 100(C):
520–534.

58. Chen S, Langely J, Chen X, Hu X: Spatiotemporal modeling of
brain dynamics using resting-state functional magnetic
resonance imaging with Gaussian hidden Markov model.
Brain Topogr 2016, 6(4).

59
* *
. Vidaurre D, Abeysuriya R, Becker R, Quinn AJ, Alfaro-Almagro F,

Smith SM, et al.: Discovering dynamic brain networks from big
data in rest and task. NeuroImage 2017. https://doi.org/10.1016/
j.neuroimage.2017.06.077.

This study applies hidden Markov models framework to study the dy-
namic sequencing of brain networks using large sets of fMRI and MEG
data.

60. Choi H, Fermin D, Nesvizhskii AI, Ghosh D, Qin ZS: Sparsely
correlated hidden Markov models with application to
genomewide location studies. Bioinformatics 2013, 29(5):
533–541.

61
* *
. Bolton TA, Tarun A, Sterpenich V, Schwartz S, Van De Ville D:

Interactions between large-scale functional brain networks
are captured by sparse coupled HMMs. IEEE Trans Med
Imaging 2017. https://doi.org/10.1109/TMI.2017.2755369.
Current Opinion in Biomedical Engineering 2017, 3:28–36

http://refhub.elsevier.com/S2468-4511(17)30041-7/sref26
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref26
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref27
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref27
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref27
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref28
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref28
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref28
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref28
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref29
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref29
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref29
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref29
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref30
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref30
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref30
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref30
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref31
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref31
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref31
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref32
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref32
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref32
https://doi.org/10.1016/j.neuroimage.2017.06.029
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref34
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref34
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref34
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref35
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref35
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref35
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref35
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref36
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref36
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref36
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref36
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref37
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref37
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref37
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref37
https://doi.org/10.1016/j.neuroimage.2016.12.061
https://doi.org/10.1089/brain.2017.0543
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref40
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref40
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref40
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref41
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref41
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref41
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref41
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref41
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref42
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref42
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref42
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref43
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref43
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref43
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref44
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref44
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref44
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref44
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref45
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref45
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref45
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref46
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref46
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref47
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref47
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref47
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref47
https://doi.org/10.1016/j.neuroimage.2017.04.015
https://doi.org/10.1016/j.neuroimage.2017.04.015
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref49
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref49
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref49
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref50
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref50
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref50
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref51
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref51
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref51
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref52
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref52
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref52
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref53
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref53
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref53
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref53
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref54
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref54
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref54
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref54
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref55
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref55
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref55
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref56
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref56
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref56
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref56
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref56
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref57
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref57
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref57
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref57
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref58
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref58
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref58
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref58
https://doi.org/10.1016/j.neuroimage.2017.06.077
https://doi.org/10.1016/j.neuroimage.2017.06.077
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref60
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref60
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref60
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref60
https://doi.org/10.1109/TMI.2017.2755369
www.sciencedirect.com/science/journal/24684511


36 New Developments in Biomedical Imaging
This study applies parallel hidden Markov models that are sparsely
coupled to transient activation frames as to evaluate modulatory in-
teractions between large-scale functional networks.

62
* *
. Ashourvan A, Gu S, Mattar MG, Vettel JM, Bassett DS: The

energy landscape underpinning module dynamics in the
human brain connectome. NeuroImage 2017, 157:364–380.

This study proposes a new method to reveal the changing community
structure through entropy maximization.

63. Menon V: Large-scale brain networks and psychopathology:
a unifying triple network model. Trends Cognit Sci 2011,
15(10):483–506.

64. Kucyi A: Just a thought: how mind-wandering is represented
in dynamic brain connectivity. NeuroImage 2017. https://
doi.org/10.1016/j.neuroimage.2017.07.001.

65. Kaiser RH, Whitfield-Gabrieli S, Dillon DG, Goer F, Beltzer M,
Minkel J, et al.: Dynamic resting-state functional connectivity
in major depression. Neuropsychopharmacology 2016, 41(7):
1822–1830.

66. Puckett AM, Aquino KM, Robinson PA, Breakspear M,
Schira MM: The spatiotemporal hemodynamic response
function for depth-dependent functional imaging of human
cortex. Neuroimage 2016, 139:240–248.

67. Pang JC, Robinson PA, Aquino KM, Vasan N: Effects of astro-
cytic dynamics on spatiotemporal hemodynamics: modeling
and enhanced data analysis. Neuroimage 2017, 147:994–1005.

68. Chang C, Liu Z, Chen MC, Liu X, Duyn JH: EEG correlates of
time-varying BOLD functional connectivity. NeuroImage 2013:
1–33.

69. Chang C, Leopold DA, Schölvinck ML, Mandelkow H, Picchioni D,
Liu X, et al.: Tracking brain arousal fluctuations with fMRI.
Proc Natl Acad Sci 2016, 113(16):4518–4523.

70. Lewis LD, Setsompop K, Rosen BR, Polimeni JR: Fast fmri can
detect oscillatory neural activity in humans. Proc Natl Acad
Sci 2016, 113(43):E6679–E6685.

71. Van De Ville D, Britz J, Michel CM: EEG microstate sequences
in healthy humans at rest reveal scale-free dynamics. Proc
Natl Acad Sci USA 2010, 107(42):18179–18184.

72
* *
. Bassett DS, Sporns O: Network neuroscience. Nat Neurosci

2017, 20(3):353–364.
This article is a review of how network modeling at multiple scales, from
molecules to social systems, can contribute to better understanding of
the brain.

73. Richiardi J, Altmann A, Milazzo AC, Chang C, Chakravarty MM,
Barker GJ, et al.: Correlated gene expression supports
Current Opinion in Biomedical Engineering 2017, 3:28–36
synchronous activity in brain networks. Science 2015,
348(6240):1241–1244.

74. Quevenco FC, Preti MG, van Bergen JM, Hua J, Wyss M, Li X,
et al.: Memory performance related dynamic brain connec-
tivity indicates pathological burden and genetic risk for
Alzheimer’s disease. Alzheimer’s Res Ther 2017, 9(24):1–11.

75
*
. Breakspear M: Dynamic models of large-scale brain activity.

Nat Neurosci 2017, 20(3):340–352.
This article is a review of recent forward modeling of large-scale brain
activity using nonlinear dynamic modeling.

76
* *
. Pillai AS, Jirsa VK: Symmetry breaking in space-time hierar-

chies shapes brain dynamics and behavior. Neuron 2017,
94(5):1010–1026.

This study draws a perspective towards new set of tools to represent
behavior and how behavior can be linked to brain dynamics.

77. Murphy AC, Bassett DS: A network neuroscience of neuro-
feedback for clinical translation. Curr Opin Biomed Eng 2017,
1:63–70.

78. Sitaram R, Ros T, Stoeckel L, Haller S, Scharnowski F, Lewis-
Peacock J, et al.: Closed-loop brain training: the science of
neurofeedback. Nat Rev Neurosci 2016, 18(2):86–100.

79
*
. Koush Y, Meskaldji DE, Pichon S, Rey G, Rieger SW,

Linden DEJ, et al.: Learning control over emotion networks
through connectivity-based neurofeedback. Cereb Cortex
2017, 27:1193–1202.

This study demonstrates how network model comparison can be used
as neurofeedback to train a preferred network configuration.

80
* *
. Woo CW, Chang LJ, Lindquist MA, Wager TD: Building better

biomarkers: brain models in translational neuroimaging. Nat
Neurosci 2017, 20(3):365–377.

This study is a recent review about the developments towards inte-
gration of neuroimaging and basic neuroscience studies for clinical
applications.

81. Khalili-Mahani N, Rombouts SARB, van Osch MJP, Duff EP,
Carbonell F, Nickerson LD, et al.: Biomarkers, designs, and
interpretations of resting-state fmri in translational pharma-
cological research: a review of state-of-the-art, challenges,
and opportunities for studying brain chemistry. Hum Brain
Mapp 2017, 38(4):2276–2325.

82. Grayson DS, Fair DA: Development of large-scale functional
networks from birth to adulthood: a guide to the neuro-
imaging literature. NeuroImage 2017. https://doi.org/10.1016/
j.neuroimage.2017.01.079.

83. Poldrack RA, Gorgolewski KJ: Making big data open: data
sharing in neuroimaging. Nat Neurosci 2014, 17(11):
1510–1517.
www.sciencedirect.com

http://refhub.elsevier.com/S2468-4511(17)30041-7/sref62
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref62
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref62
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref63
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref63
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref63
https://doi.org/10.1016/j.neuroimage.2017.07.001
https://doi.org/10.1016/j.neuroimage.2017.07.001
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref65
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref65
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref65
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref65
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref66
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref66
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref66
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref66
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref67
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref67
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref67
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref68
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref68
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref68
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref69
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref69
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref69
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref70
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref70
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref70
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref71
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref71
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref71
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref72
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref72
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref73
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref73
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref73
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref73
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref74
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref74
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref74
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref74
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref75
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref75
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref76
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref76
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref76
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref77
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref77
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref77
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref78
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref78
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref78
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref79
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref79
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref79
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref79
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref80
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref80
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref80
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref81
https://doi.org/10.1016/j.neuroimage.2017.01.079
https://doi.org/10.1016/j.neuroimage.2017.01.079
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref83
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref83
http://refhub.elsevier.com/S2468-4511(17)30041-7/sref83
www.sciencedirect.com/science/journal/24684511

	Dynamics of large-scale fMRI networks: Deconstruct brain activity to build better models of brain function
	Introduction
	Elements of temporal dynamics
	From sliding-window correlations to instantaneous activity patterns
	Defining brain states

	Towards models of large-scale brain dynamics
	Dynamic viewpoint to advance insights into brain organization
	Perspectives
	Conflicts of interest
	Acknowledgments
	References


