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Brain network analyses in clinical neuroscience
The goal of brain network analyses is to explain function and behaviour through measures of connectivity
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Summary

Network analyses are now considered fundamental for
understanding brain function. Nonetheless neuroimaging
characterisations of connectivity are just emerging in clin-
ical neuroscience. Here, we briefly outline the concepts
underlying structural, functional and effective connectivity,
and discuss some cutting-edge approaches to the quan-
titative assessment of brain architecture and dynamics.
As illustrated by recent evidence, comprehensive and in-
tegrative network analyses offer the potential for refining
pathophysiological concepts and therapeutic strategies in
neurological and psychiatric conditions across the lifes-
pan.
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Introduction

Over the past two decades, the focus of neuroscience and
brain imaging research has increasingly shifted from re-
gion-specific analyses to network models [1–3] or – in the
language of systems neuroscience – from functional segre-
gation to integration. Nonetheless, the uptake of connectiv-
ity analyses remains rather limited in clinical neuroscience.
This article outlines the different types of brain connectiv-
ity that can be assessed with contemporary brain imaging
(fig. 1).

Brain connectomics has developed as an attempt to non-
invasively map brain connectivity at the macro-scale. Ac-
cording to Sporns’ definition [4], the word “connectomics”
describes “macroscopic brain connectivity as a pattern of
anatomical links (anatomical connectivity), of statistical
dependencies (functional connectivity) or of causal inter-
actions (effective connectivity) between distinct units
within a nervous system.” These pairwise relationships can
be summarised by a connection matrix (with each cell rep-

resenting a measure of connectivity between two regions
of interest) or equivalently by a graph or network, which
provides a schematic description of the neural connections
[5]. The connectome refers to this full wiring diagram of
the brain. As such, connectomes allow the comprehensive
reconstruction of fundamental motifs of human brain ar-
chitecture that underwrite brain function. Connectomics
also enable the study of aberrant causality and brain re-
modelling in pathological conditions, such as in the recent-

Figure 1: Different types of brain connectivity. (A) Anatomical or
structural connectivity represents the white-matter pathways (dou-
ble line) between two brain regions (network nodes) n1 and n2. (B)
Functional connectivity can be derived from correlations (dashed
line) between functional activities in two regions. (C) Effective con-
nectivity is the directed and causal influence (arrow) that activity in
region n1 exerts over the activity in region n2.
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ly introduced connectome-based lesion-symptom mapping
[6].

Here, we discuss some promising network analyses in pa-
tients with neurological and psychiatric disorders. Further-
more, we highlight recently developed approaches that al-
low one to infer brain architecture and dynamics through
multimodal integration and advanced signal processing.
These approaches bear a significant potential for improv-
ing models of disease and, ultimately, treatment strategies
and outcomes.

Anatomical connectivity

In brain imaging, anatomical (structural) connectivity is af-
forded by tractography algorithms that infer axonal path-
ways within the white matter of the brain from diffusion-
weighted magnetic resonance imaging (dMRI) data (fig.
2). Empirically, dMRI is sensitive to the density, orienta-
tion and permeability (e.g., myelin) of axons and micro-
tubules in the white matter [8], as well as the presence of
cell bodies or dendrites. Even if the characteristic length
scales in neural tissue are in the order of microns and the
typical resolution of an MR image is in the order of mil-
limetres, dMRI has the potential to detect microstructural
white matter changes related to (de)myelination, pruning
or axonal loss [9]. Due to its simplicity, diffusion tensor
imaging [10] is the preferred reconstruction scheme in
clinical studies. However, diffusion tensor imaging is
based on Gaussian assumptions about water molecule dif-
fusion inside the white matter. As such, it often fails to
properly resolve the complex fibre configurations (such as
“crossing and kissing tracts” [11, 12]) present in 60-90% of
the voxels comprising a brain magnetic resonance image.
For a more complete and accurate approximation, sophis-
ticated acquisition techniques, such as diffusion spectrum
imaging [13], high angular resolution diffusion imaging
[14, 15] and others are often suggested.

Tractography algorithms use the information provided by
dMRI at the voxel level to noninvasively map white matter
cortico-cortical and cortico-subcortical connections. Trac-
tography algorithms can be divided roughly into deter-
ministic versus probabilistic and local versus global. De-
terministic tractography methods assume a unique fibre
estimate in each imaging voxel, assigning a single pathway
starting from each seed point [16]. Probabilistic tractogra-
phy, on the contrary, generates a distribution of possible
trajectories from each seed point, resulting in a measure
of “probability of connection” between two brain regions
[17]. Local methods use small successive integration steps
by following the local fibre orientations to draw tracks be-
tween brain regions, whereas global methods [18] attempt
to reconstruct all tracts simultaneously by finding the con-
figuration that best explains the acquired dMRI signal (see
[19] for a comprehensive review of different algorithms,
their technical considerations, strengths and weaknesses).

Interestingly, once the tracts are estimated, their properties
and the implicit characteristics of the underlying anatomi-
cal connectivity can be measured in different ways. These
approaches encompass fibre trajectory-linked metrics (e.g.,
tract number, volume, density), diffusion metrics along
the fibre trajectories (e.g., fractional anisotropy, parallel or
transversal diffusivity) and other metrics derived from dM-
RI (e.g., axonal density, axonal orientation dispersion) or

complementary contrasts (such as T1/T2 relaxometry or
magnetisation transfer [20]). By correlation of the proper-
ties of changes in specific white matter tracts (e.g., limbic
circuitry, uncinate fascicle, arcuate fascicle) to behavioural
measures, white matter tractography also enables the char-
acterisation of structural alterations underlying abnormal
brain function [21].

Connectivity matrices summarise the anatomical connec-
tivity information provided by tractography reconstruc-
tions at the macroscopic level (structural connectomes).
They are built by storing the characteristics of anatomical
pairwise relationships (such as tract density, fractional
anisotropy or other diffusion-derived scalars) between cor-
tical regions in each cell of the matrix (fig. 2). Comparison
of connectomes between two groups of subjects generally
consists of performing a statistical test between matrix
cells. A correction for multiplicity has to be considered as
multiple tests, involving different null hypotheses, are per-
formed on a single data set [21]. Even if structural con-
nectomes are unable to resolve the directionality of white
matter fibres (i.e., differentiate between afferent of efferent
fibres) [22], they deliver insights into the large-scale archi-
tecture of the brain [23]. For instance, the human brain can
be considered a small-world network, organised accord-
ing to a hierarchical modular architecture. This architec-
ture is composed of communities of nodes that are highly
interconnected (called “hubs” and predominantly located
in heteromodal association cortex), but sparsely connect-
ed with other modules [23]. However, some hub regions
(mainly frontal and parietal cortex, precuneus, cingulate
and the insula, as well as the hippocampus, thalamus, and
putamen) tend to be overly connected to each other, form-
ing a so-called “rich club”. This rich-club organisation is
thought to be crucial for brain evolution and development
[7]. Adult-like structural network organisation (topology),
with both small-world characteristics [24] and rich-club or-
ganisation [25] is already present at birth, although white
matter tracts are in an immature state, supporting only
limited functional interactions [7]. From toddler to late
teenage years, white matter maturation promotes network
refinement with increasing network integrity [26].

Structural connectomes allow quantification of the hetero-
geneity of the connectivity structure in a given population
or between groups, and association of localised or diffuse
structural connectivity alterations with neurological and
psychiatric diseases in a noninvasive manner. Disruption in
brain network refinement has been related to specific neu-
rocognitive deficits; such as anatomical frontal network al-
teration and socio-cognitive impairments in children born
preterm and/or with intra-uterine growth restriction [27,
28]. Lower long-range connectivity has been linked to
autism spectrum disorder (ASD) in a cohort of young
adults [29]. However, affection of short-range connectivity
remains controversial. ASD has been generally linked to
a short-range overconnectivity, but a recent study on a
population with high-functioning ASD reported decreased
short-range connectivity [30]. Moreover, the authors point
out the role of short-range anatomical connectivity in de-
velopment of functional brain integrity, suggesting that its
reduction is a key substrate for social deficits in ASD.
In adult populations, structural connectomics have been
applied to study a broad spectrum of brain disorders in-
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cluding Alzheimer’s disease, schizophrenia, epilepsy and
Parkinson’s disease. A recent study of patients with amnes-
tic mild cognitive impairment (MCI) revealed altered net-
work topology prior to conversion to Alzheimer’s disease,
and offers hypotheses about how connectivity underwrites
the spread of Alzheimer’s disease through the brain [31].
Schizophrenia has also been characterised by a selective
disruption of anatomical connectivity, mainly among cen-
tral hub regions of the brain, potentially leading to reduced
communication capacity and altered functional connectiv-
ity [32, 33]. Patients with temporal lobe epilepsy exhibit
alterations in hub architecture, and both global and region-
al connectivity patterns [34]. Interestingly, several stud-
ies have shown that left temporal lobe epilepsy changes
are largely ipsilateral, whereas right temporal lobe epilepsy
tends to be more bilateral and affect the limbic system
more frequently [34, 35]. Recent work suggests wide-
spread structural dysconnectivity in patients with Parkin-

son’s disease [36], with lower network clustering capabili-
ty (presence of highly interconnected groups of nodes) and
reduced hippocampal efficiency (lower network resilience
to a failure on a small scale, such as when one node is
removed). Both measures reflect network segregation, the
ability for specialised processing to occur within densely
interconnected groups of brain regions. Despite the wide-
spread white matter affection, only three structural con-
nectomics studies have been performed so far in in multi-
ple sclerosis (MS) [37–39]. Two of them applied diffusion
tensor imaging and showed widespread reductions of net-
work integrity in MS patients as compared with controls
[37], which negatively correlated with expanded disabili-
ty status scale scores, disease duration and total white mat-
ter lesion load [38]. The most recent study has evaluat-
ed the connectome in a small group of MS patients and
controls using connectivity strengths based on the g-ratio,
which represents the relation between the inner and the

Figure 2: Structural connectome construction pipeline: A) Preprocessing: The main preprocessing steps include registration of T1-weigthed
images to the diffusion space as well as motion, distortions, Gibbs ringing and eddy current artifact’s correction over the diffusion weighted
imaging data; B) Diffusion weighted images reconstruction: The simplest reconstruction model is the diffusion tensor imaging (DTI) model; C)
Cortical parcellation: WM/GM surfaces as well as cortical and subcortical regions are extracted from the registered T1; D) Tractography: De-
terministic or probabilistic tractography is computed over the reconstructed diffusion data; E) Weights estimation and matrix construction: The
ratio between the sum of all virtual streamlines connecting each pair of regions of interest and their individual length is generally used as a
measure of connection density. Other weights include streamline volume, count as well as mean fractional anisotropy values along the stream-
lines, among others. These weights are stored in a matrix; F) Analysis: Connectivity matrices are generally compared using cell-by-cell statisti-
cal tests. Other analyses include graph-based comparisons as the connectivity matrix can be considered a graph. (Figure 2.F is adapted with
permission from [7].)
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outer myelinated axon diameter [39]. This work showed
that g-ratio connectomics could reveal both connectivity
reductions and increases in patients with MS, which cor-
related with measures of disease severity. Lastly, a multi-
contrast connectomics approach (connectometry) has also
been applied to early-stage multiple sclerosis patients. This
study showed that, although cerebellar network properties
were preserved, local connectivity among different cere-
bellar lobules was disrupted, showing lower axonal and
myelin integrity than the equivalent connections in healthy
controls [40].

Several software packages are commonly used to perform
connectomics in human subjects including the FMRIB’s
Diffusion Toolbox within the FMRIB Software Library
(Oxford Centre for Functional MRI of the Brain, UK),
the MRtrix toolbox , DSI studio , the Brain Connectivity
Toolbox and the Connectome Mapper. However, connec-
tomics analysis has not made its way into clinical practice,
mainly because of the lack of integrated software solutions
and standardised analysis pipelines. Future applications
and developments should aim at overcoming this limitation
since the information related to changes in anatomical con-
nectivity that underlie specific cognitive of behavioural
dysfunctions, may extend and refine clinical care.

Functional connectivity

Functional connectivity reflects statistical dependencies
between the activity in different brain regions, typically by
computing Pearson linear correlations between time cours-
es [41]. In functional magnetic resonance imaging (fMRI),
the blood oxygenation level dependent (BOLD) signal pro-
vides a proxy for neural activity; reflecting both evoked
and spontaneous brain activity. In the latter case, resting-
state functional connectivity represents an attractive way to
characterise spontaneous network dynamics [42]. In con-
sequence, the presence of large-scale functional networks
has been established in terms of distributed brain regions
that share similar spontaneous activity, also called intrinsic
or resting-state networks (RSNs) [43–46]. These RSNs al-
so often play in unison when specific tasks are performed
and are interesting from the clinical point of view as they
have been found to be altered in several neuropsychiatric
conditions such as dementia, MS, schizophrenia and bipo-
lar disorder (e.g., [47]). At the same time, RSNs are easier
to retrieve as compared with protocols including tasks that
might be arduous to perform for patients.

Resting-state functional connectivity analyses can be con-
ducted using several approaches, including voxel-wise or
atlas-based methods. Voxel-based RSNs have been mainly
recovered through multivariate voxel-wise projection tech-
niques such as principal component analysis [48] or es-
pecially independent component analysis [49–52]. Seed-
based functional connectivity reflects the correlation
between a preselected region of interest (seed) and all other
voxels in the brain [45], and is useful in clinical con-
texts with prior knowledge of focal brain aberrations. At-
las-based methods, in contrast, have been adopted to build
functional brain connectomes (fig. 3A). In these approach-
es, a given brain parcellation [55] is applied and functional
connectivity between all pairs of regions is evaluated [56].
The ensuing functional connectomes can be treated as ad-
jacency matrices or graphs, that can be used to study net-

work properties [57–59] and for classification of clinical
populations [60].

However, these approaches are essentially summarising
data over the entire acquisition time, generally spanning
several minutes. The observation that functional connec-
tivity between brain regions at rest may change over short-
er periods of time [54] incited the development of time-re-
solved analyses. Since then, a multitude of methods have
been introduced to explore dynamic functional connectiv-
ity (dFC; see [61–64] for detailed reviews). In its sim-
plest form, a dFC analysis can be performed by computing
correlations between different brain areas within succes-
sive sliding windows [65] spanning the entire scan du-
ration (fig. 3B). This approach allows one to summarise
the temporal evolution of specific functional connectivity
properties [66–68], and can afford the so-called connectiv-
ity states characterising a population. These states can be
obtained from dFC data by applying decomposition tech-
niques, such as k-means clustering [69], principal compo-
nent analysis [70], dictionary learning [71, 72], indepen-
dent vector analysis [73], as well as temporal, spatial or
group information guided independent component analysis
[74–77]. For dFC analyses, several toolboxes are available
(e.g., https://miplab.epfl.ch/index.php/software/dynFC).

By allowing the observation of connectivity changes over
time, dFC approaches appear crucial to unravelling key in-
formation for a truthful description of pathological neur-
al processes, particularly in diseases accompanied by high-
ly dynamic neural activity abnormalities. Sliding-window
approaches have revealed pathological dFC changes and
achieved higher accuracy in diagnostic classification with
respect to conventional static functional connectivity [78]
in schizophrenia [79–83], epilepsy [84], ASD [85–87], at-
tention deficit hyperactivity disorder (ADHD) [88] and
Alzheimer’s disease / MCI [89–92]. In fact, dynamic ap-
proaches have been shown to be the optimal tools to assess
the “profound disruption of thought” [93] also defined as
a “disconnection syndrome” [94] in schizophrenia. Condi-
tion-specific brain states are characterised by reduced and
less defined functional connectivity and more frequent re-
currence [74, 95–101]. A higher temporal variability of
dFC time-courses, was reported in schizophrenic patients
in several attention, perceptual and emotion regulation
RSNs [102–106], and related to a disruption in perceptual
functions [105, 107]. In contrast, lower temporal variabil-
ity was reported for the default mode and fronto-parietal
networks [105, 107]. Furthermore, weaker and less vari-
able dFC among speech and auditory areas was related to
hallucinations [101]. The flexible least squares-based time-
varying parameter regression strategy [108], a frame-wise
equivalent of the sliding-window approach that estimates
BOLD signal changes by taking into account the previous
time point, also pointed to a dysfunction of the salience
network in terms of increased intra-network dFC instabili-
ty in schizophrenia [104].

In epilepsy, a dFC analysis appears particularly relevant,
as the pathology is characterised by transitory, dynamical
neural events (seizures), causing substantial changes in
network properties during the acquisition. The simultane-
ous recording of electroencephalography (EEG) with fM-
RI and the integration with dFC analysis provided key in-
sights on network dynamics beyond those accessible by
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conventional fMRI or static functional connectivity
[109–111]. For instance, the retrieved epilepsy-related dFC
states allowed analysis of otherwise hidden dynamics of
epileptic networks, which were found to be concordant
with the clinical profile of each patient [110].

As another example, dFC allowed explanation of long-
distance functional hypoconnectivity in ASD (mirroring
the structural one mentioned in the previous paragraph) in
terms of higher intra-individual variance of these function-
al connections over time [112, 113] rather than overall low-
er connectivity values. Flexible least squares parameter re-
gression also showed greater intra-individual dFC variance
in long-range connections in this pathology [114]. There-
fore, long-range connections in ASD may not be weaker
per se but rather more variable. This higher variance has
been recently linked to symptom severity [113, 115].

Despite bringing new insights in the characterisation of
several pathologies, sliding-window approaches are not
exempt from methodological caveats, such as limited sta-
tistical power and potential noise from low frequency com-
ponents [116], as well as the relatively arbitrary choice of
window parameters [64]. A considerable effort in the dFC
field has been dedicated to overcoming these limitations.
One line of research introduced data-driven window selec-
tion through algorithms for detecting changes in fMRI time
courses [55, 117, 118]. Ou and colleagues [118] tested their
method in individuals with ADHD, highlighting abnormal
dFC patterns that allowed disease classification.

Time-resolved analysis of instantaneous activity patterns
represents an alternative to sliding windows [53]. A few
key fMRI frames have been shown to yield already suf-

ficient information to reconstruct known RSNs [119] or
seed-based functional connectivity maps [120]. With this
discovery in mind, an approach applying temporal clus-
tering to selected frames was introduced, yielding repre-
sentative brain states (fig. 3C) called coactivation patterns
(CAPs) [120]. CAPs analysis identified brain networks
linked to tremor pathology, and tracked functional recov-
ery following thalamotomy [121].

Innovation-driven CAPs (fig. 3D) revisits CAPs but focus-
es on fMRI frames containing transient activity [63]. A re-
cent application of this technique probed functional sig-
natures of prodromal psychotic symptoms and anxiety in
subjects with 22q11.2 deletion syndrome, revealing short-
er activation in cognitive brain networks and longer activa-
tion in emotion processing networks [122].

Alternative methods explore recurring spatiotemporal pat-
terns [123] and quasi-periodic patterns [124], an indicator
of infra-slow electrical activity (i.e., slower than what is
considered in conventional clinical EEG) in the default
mode and task-positive networks. In ADHD, where default
mode network and task-positive network connectivity are
disrupted, quasi-periodic patterns were shown to con-
tribute less to overall functional connectivity and revealed
more differences than static functional connectivity, thus
representing a potentially useful biomarker [50]. Overall,
resting-state functional connectivity analyses may repre-
sent useful, readily available and efficient tools for clinical
neuroscience.

Figure 3: A. Atlas-based functional connectivity computes the pairwise correlations between regional fMRI timecourses. Functional connec-
tomes can be easily translated into graphs or adjacency matrices where regions are nodes and pairwise correlations are edges. B. Sliding-
window functional connectivity approaches allow one to appreciate the temporal evolution of the functional connectome over time. Decomposi-
tion techniques can be applied to retrieve so-called dFC states. C. Coactivation Patterns (CAPs) are obtained by clustering fMRI frames
selected when a specific region (seed) is active (readapted with permission from [53]). D. Innovation-driven CAPs (iCAPs) capture instead
transients (moments of change) in the fMRI signal, and represent spatially and temporally overlapping networks (readapted with permission
from [54]).
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Effective connectivity

However, as a measure of statistical dependency between
measurements, functional connectivity is a statement about
the data, not the underlying neuronal coupling. To go be-
yond descriptive anatomical and functional connectivity
measures, one has to turn to (models of) effective connec-
tivity. Effective connectivity refers to causal functional in-
teractions between brain regions; namely, the directed ef-
fect that one brain region exerts over another. Effective
connectivity can be inferred by manipulating the neuronal
activity in one part of the brain and measuring responses
in remote regions with fMRI or EEG. These manipulations
may be achieved through the delivery of carefully con-
trolled stimuli or by procedures like transcranial magnetic
stimulation, under some assumptions about their effects
[125]. Transcranial magnetic stimulation and high-resolu-
tion EEG measures of effective connectivity have been
found useful in discriminating between patients with vege-
tative and minimal conscious state [126]. Moreover, effec-
tive connectivity can also be inferred from task-related and
resting-state neuroimaging data acquired using EEG, mag-
netoencephalography (MEG) or fMRI.

Psychophysiological interaction (PPI) and dynamic causal
modelling (DCM) [127, 128] are the most widely used ap-
proaches for assessing task-related effective connectivity.
These methods also allow one to study changes in effec-
tive connectivity related to a specific condition (e.g., dif-
ferent stimuli, attentional set or clinical diagnosis). PPI and
DCM are closely related in that they both have an explic-
it model of neuronal activity and haemodynamic respons-
es. However, PPI is a much simpler procedure because it
is based upon a linear (convolution) model. This allows
PPI to be applied in a voxel-wise fashion, but its simplic-
ity precludes an unambiguous interpretation of changes in
directed connectivity. In contrast, DCM estimates both the
directionality of causal interactions and modulatory effects
(condition-specific changes). DCM integrates a neuronal
and an observational model, and aims at explaining net-
work dynamics in the most accurate yet simple way [128].
The optimal trade-off between model accuracy and com-
plexity is ensured by means of Bayesian analyses that max-
imise the model evidence. The ability to evaluate the ev-
idence for a particular architecture (or condition-specific
effects) is important because it enables comparing different
hypotheses.

Recent statistical advances in Bayesian model comparison
have dramatically increased the efficiency of comparing
alternative models of group differences, such as between
patients and controls [129]. Instead of specifying and esti-
mating every alternative model in conventional DCM, the
automated analytical search provided by Bayesian mod-
el reduction only requires specification and estimation of
a full model that contains all the parameters one intends
to assess. DCM, as implemented in Statistical Parametric
Mapping (SPM12; Wellcome Centre for Human Neu-
roimaging, Institute of Neurology, University College Lon-
don, UK), is relatively straightforward to use and not only
available for task-related, but also resting-state data [130].

Granger causality [131] and structural equation modelling
[132] represent related approaches to inferring directed
connectivity. However, strictly speaking, Granger causality
is a measure of (directed) functional connectivity because

it is based on temporal dependences in the measured data:
Granger causality infers a “Granger causal” interaction be-
tween two time series if the information contained in the
first is useful for predicting the second. Application of
Granger causality analyses to fMRI data is confounded by
the latency between neuronal activity and the subsequent
haemodynamic response, which can lag by several sec-
onds. However, Granger causality has a utility for spectral
or frequency based analyses of electrophysiological data.
The exquisite temporal resolution afforded by scalp and
intracranial EEG as well as MEG is of fundamental val-
ue for concepts of brain function and connectivity in nor-
malcy and pathology [133]. For instance, Granger causal-
ity analyses on resting-state EEG data can disentangle the
major interactions driving spontaneous brain activity in
normal individuals [134], and approximate seizure onset
and propagation in patients with epilepsy [135]. Structural
equation modelling assesses the covariances among re-
gional responses, without a model on temporal dynamics
[136]. In general, it is more apt for cross-sectional data. In
contrast to DCM, Granger causality and structural equa-
tion modelling do not model neuronal states or haemo-
dynamics. However, as outlined above, they have facil-
itated analyses of larger network sizes and resting-state
data, whereas conventional DCM has been restricted to
task-related data and networks with a rather circumscribed
number of nodes. Recent advances in DCM also allow
the analysis of large graphs and resting-state time series
[129, 130], enabling the complementary use of DCM and
Granger causality [137].

In typically developing individuals, effective connectivity
analyses have revealed mechanisms and pathways under-
writing a wide array of functions, including visual pursuit
[138], attention [139], reading [140], cerebro-cerebellar vi-
sual processing of body motion [141, 142], mental imagery
[143] and memory retrieval [144]. Analyses of how di-
rected connectivity relates to clinical deficits may not only
provide mechanistic insights into the links between brain
function and behaviour, but also elucidate pathophysiolo-
gy and how specific connections mediate therapeutic ef-
fects. Assessment of effective connectivity has only re-
cently been employed in patients with neuropsychiatric
conditions, but has already yielded useful insights.

For instance, in subcortical stroke, reduced coupling be-
tween the ipsilesional supplementary motor area (SMA)
and primary motor cortex (M1) was related to impairment
of the paretic hand [145]. As compared with placebo, a sin-
gle dose of the noradrenergic reboxetine substantially im-
proved paretic hand function and yielded significant neural
effects including improved coupling between ipsilesional
SMA and M1 [146]. However, these neural effects were
not directly associated with clinical improvement. In pa-
tients with Parkinson’s disease, decreased coupling be-
tween SMA, premotor and parietal areas was also linked to
micrographia [147]. Dopaminergic medication increased
endogenous connectivity from the prefrontal cortex to
SMA, paralleling improved bradykinesia of finger move-
ments [148]. Furthermore, antipsychotic medication ap-
peared to normalise otherwise reduced fronto-temporal ef-
fective connectivity in patients with schizophrenia [149].

The value of effective connectivity in assessing brain plas-
ticity is not limited to pharmacological treatment. A greater
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number of connections in patients with MS [150] and
stronger effective connections in stroke patients with mo-
tor deficits [151, 152] and aphasia [153, 154] as compared
with healthy controls have been interpreted as compen-
satory mechanisms. PPI data revealed that cerebellar reor-
ganisation after neurosurgery drives plasticity in the com-
municating temporal cortex [155]. Post-stroke motor and
language neurorehabilitation were shown to specifically
enhance effective connectivity of the premotor [156] and
left inferior frontal cortices [157], respectively. Taken to-
gether, analyses of effective connectivity could help better
understand brain plasticity, and contribute to planning and
monitoring neurorehabilitation.

Directed connectivity may also be of interest as a prognos-
tic biomarker of disease progression. Granger causality on
MEG data suggested global decreases in beta band effec-
tive connectivity in MCI patients as compared with con-
trols [158]. During a go/no-go task with emotional faces,
altered modulation of the connection from the dorsolateral
prefrontal cortex to the inferior frontal gyrus by the an-
terior cingulate cortex was found in first-degree relatives
of patients with bipolar disorder [159], interpreted as an
aberrant influence of fear-related mechanisms on cognitive
control. In Huntington’s disease, in the absence of dif-
ferences in fMRI whole-brain activation during a verbal
working memory task between mutation carriers and con-
trols, a DCM analysis revealed reduced input to the right
dorsolateral prefrontal cortex in asymptomatic mutation
carriers, and even more so in individuals with early-stage
symptoms [160].

Finally, effective connectivity may also inform interdisci-
plinary and multimodal research on pathophysiology. Con-
current electromyography-fMRI data pointed to the inter-
nal globus pallidus and not the cerebello-thalamo-cortical
loop as the primary mediator of resting tremor onsets in
Parkinson’s disease [161], whereas the cerebello-thalamic
pathway was related to essential tremor variation during a
motor task [162]. DCM has also been used to model the
propagation [163, 164] as well as dynamic characteristics
of epileptic seizures [165].

Multimodal integration

The value of neuroimaging for neurobiological constructs
and models depends on how much information can be ex-
tracted and processed from the available signal. Each of
the connectivity analyses described above usually rely on a
single brain imaging modality. The modalities differ funda-
mentally with respect to spatiotemporal precision, imaging
technologies and analytic methods. Both resting-state and
task-related functional connectivity can inform the analy-
sis of effective connectivity, by providing inferences about
causality and directionality in functional brain architec-
tures – and their pathologies [136, 141]. More important,
white matter pathways underwrite long-range communica-
tion in the brain [2] and, as illustrated for ASD above [30,
112–114], different perspectives on brain connectivity pro-
vide complementary insights and consilience. As another
example, sweetness perception has been associated with
aberrant anatomical and effective connectivity in the path-
ways connecting the prefrontal cortex, striatum and hy-
pothalamus in patients with anorexia and bulimia nervosa
[166].

Nonetheless, formal computational integration of these
measures remains challenging. The earliest integrative ap-
proaches that correlated anatomical and functional con-
nectomes [167–169] showed that anatomical pathways ex-
plain only about 55% of functional connectivity, instead of
a one-to-one mapping. Apart from methodological limita-
tions, this is due to the fact that functional and effective
connectivity change over time, whereas anatomical con-
nectivity does not. However, the absence of an anatomical
pathway can be used to infer the absence of a direct func-
tional or effective connection. Indeed, informing the prior
probability for an effective connection in DCM according
to the strength of the corresponding white matter pathway
yields models with greater evidence, as compared to unin-
formed unimodal DCM, both at individual and group lev-
els [170, 171]. While anatomical and effective connectivity
have not yet been formally integrated in clinical popula-
tions, the classification of participants in absent, single-
domain or multi-domain cognitive decline based on MEG
resting-state functional connectivity was significantly im-
proved when using anatomical connectivity priors derived
from dMRI [172]. In amyotrophic lateral sclerosis, a dual-
regression analysis showed that altered white matter con-
nections were associated with greater resting-state fMRI
functional connectivity [173]. Given their differences in
temporal and spatial resolution, multimodal integration be-
tween M/EEG, dMRI and/or fMRI data is of particular in-
terest. For instance, when anatomical white matter con-
nectivity is reconstructed from resting-state functional
connectivity, functional data from simultaneous EEG and
fMRI provide better estimates than fMRI data alone [174].

Anatomical connectivity not only constrains and optimises
functional and effective connectivity analyses, but is also
fundamental for synthetic models of brain dynamics. Sim-
ulation approaches have aimed at describing how anatomy
shapes function by combining structural connectomes with
neural models of local dynamics [175–179]. These ap-
proaches, such as The Virtual Brain, may help predict the
behavioural effects of a lesion in a given brain region, and
point towards patient-specific modelling and treatment in
epilepsy [180, 181] or a better understanding of post-stroke
recovery [182].

More recently, the emerging framework of graph signal
processing has also been applied to brain imaging to inte-
grate functional and structural information [183–186]. In
this context, functional activity recorded in each brain re-
gion is considered as a functional signal in a structural
graph. This method detected altered brain dynamics during
a psychedelic state and might provide useful insights into
other mental traits and states [184].

Perspectives for clinical neuroscience

The ultimate goal of brain network analyses is to explain
function and behaviour through measures of connectivity.
The higher variability in patients as compared with the
general population may afford useful insights, not only for
clinical but also fundamental neuroscience. As opposed to
correlations between single connection properties and be-
havioural measures, recent efforts have focused on multi-
variate analyses [1, 142]. These approaches can help un-
derstand how a combination (e.g., linear mixture) of
network connections and dynamics may shape a behav-
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ioural phenotype. Furthermore, they allow the incorpora-
tion of information from genomics or clinical assessments.
Larger-scale network models enriched and refined in such
ways will not only increase the plausibility and value of
connectivity analyses, but also establish the roles of re-
gions, connections and subgraphs in distributed neuronal
networks.

Crucially, these methods may pave the way towards in-
sights into brain-function relationships. For instance, con-
nectome-based lesion-symptom mapping [6] not only re-
lated behavioural deficits to remote network alterations
due to circumscribed lesions, but also pointed to the roles
of specific regions and their connectivity, such as the tem-
poro-parietal junction and its interactions with different
components of the language network in patients with
chronic post-stroke aphasia [187]. Longitudinal studies of
connectivity during development or recovery can also shed
light on causality [188, 189]. Generative models validated
by their diagnostic, therapeutic or prognostic implications
in clinical care provide the currently highest available level
of causality and mechanistic understanding [179, 181].

Interdisciplinary, translational and interventional network
analyses offer the potential for significant breakthroughs in
clinical neuroscience. Recent work on schizophrenia and
ASD linked behavioural deficits to aberrant functional and
anatomical connectivity in both patients and rodent mod-
els. Subsequently, pharmacological or stimulation treat-
ment improved both connectivity and behavioural mea-
sures [190, 191]. Overall, the value of network analyses
for clinical neuroscience will depend on replication and ex-
tension with other modalities and methods. Modelling of
concurrently recorded intracranial and extracranial imag-
ing data is a promising avenue for validation and improved
conceptualisation of brain networks [192]. Methods such
as DCM can also be applied to intracranial electrophysio-
logical data in animals [193] and humans [194]. Further-
more, ongoing efforts towards atlases of conduction veloc-
ities and other properties of white matter pathways based
on intracranial recording will contribute to further refin-
ing generative models of brain architecture and function
[195–197].

Finally, as the functional dynamics arising from a rather
static brain architecture may vary substantially over the
course of a few seconds to minutes in any given individual
[64], the assessment of these transient states and their be-
havioural correlates appears crucial for understanding
brain function and dysfunction.

Taken together, analyses of the different types of currently
available measures of brain connectivity can drive substan-
tial progress in clinical neuroscience. However, each ap-
proach to brain connectivity has its benefits and pitfalls,
reflecting the different biophysical substrates, imaging and
analysis techniques. Integrative and multimodal brain con-
nectivity analyses can help overcome these limitations and
afford complementary information, validating and extend-
ing pathophysiological concepts – potentially leading to
improved therapeutic and prognostic approaches. The
choice of the connectivity type to be analysed and the use
of integrative methods depends on the study population,
brain function and research hypotheses. Clear-cut and clin-
ically relevant objectives and hypotheses are indispensable
to harness the true potential of brain connectivity analy-

ses within an interdisciplinary framework involving be-
havioural, causal and dynamic assessments.

Financial disclosure
Preparation of this manuscript was supported by fellowships from the
Leenaards Foundation, Baasch-Medicus Foundation, SICPA Founda-
tion and Swiss Neurological Society to AAS, by the Centre for Bio-
medical Imaging (CIBM) of the Geneva - Lausanne Universities and
the EPFL, as well as the Leenaards and Louis-Jeantet Foundations to
MGP and DVDV, by the grant #2018-425 of the Strategic Focal Area
“Personalized Health and Related Technologies (PHRT)” of the ETH
Domain to EF, and a Wellcome Trust Principal Research Fellowship
(Ref: 088130/Z/09/Z) to KJF.

Potential competing interests
No potential conflict of interest relevant to this article was reported.

References
1 Mišić B, Sporns O. From regions to connections and networks: new

bridges between brain and behavior. Curr Opin Neurobiol. 2016;40:1–7.
doi: http://dx.doi.org/10.1016/j.conb.2016.05.003. PubMed.

2 Park HJ, Friston K. Structural and functional brain networks: from con-
nections to cognition. Science. 2013;342(6158):. doi: http://dx.doi.org/
10.1126/science.1238411. PubMed.

3 Bassett DS, Sporns O. Network neuroscience. Nat Neurosci.
2017;20(3):353–64. doi: http://dx.doi.org/10.1038/nn.4502. PubMed.

4 Sporns O, Tononi G, Kötter R. The human connectome: A structural de-
scription of the human brain. PLOS Comput Biol. 2005;1(4):. doi:
http://dx.doi.org/10.1371/journal.pcbi.0010042. PubMed.

5 Meskaldji DE, Fischi-Gomez E, Griffa A, Hagmann P, Morgenthaler S,
Thiran J-P. Comparing connectomes across subjects and populations at
different scales. Neuroimage. 2013;80:416–25. doi: http://dx.doi.org/
10.1016/j.neuroimage.2013.04.084. PubMed.

6 Gleichgerrcht E, Fridriksson J, Rorden C, Bonilha L. Connectome-based
lesion-symptom mapping (CLSM): A novel approach to map neurologi-
cal function. Neuroimage Clin. 2017;16:461–7. doi: http://dx.doi.org/
10.1016/j.nicl.2017.08.018. PubMed.

7 Fischi-Gomez E, Muñoz-Moreno E, Vasung L, Griffa A, Borradori-Tol-
sa C, Monnier M, et al. Brain network characterization of high-risk
preterm-born school-age children. Neuroimage Clin. 2016;11:195–209.
doi: http://dx.doi.org/10.1016/j.nicl.2016.02.001. PubMed.

8 Beaulieu C. The basis of anisotropic water diffusion in the nervous sys-
tem - a technical review. NMR Biomed. 2002;15(7-8):435–55. doi:
http://dx.doi.org/10.1002/nbm.782. PubMed.

9 Jelescu IO, Veraart J, Adisetiyo V, Milla SS, Novikov DS, Fieremans E.
One diffusion acquisition and different white matter models: how does
microstructure change in human early development based on WMTI and
NODDI? Neuroimage. 2015;107:242–56. doi: http://dx.doi.org/10.1016/
j.neuroimage.2014.12.009. PubMed.

10 Basser PJ, Mattiello J, LeBihan D. MR diffusion tensor spectroscopy
and imaging. Biophys J. 1994;66(1):259–67. doi: http://dx.doi.org/
10.1016/S0006-3495(94)80775-1. PubMed.

11 Hagmann P, Cammoun L, Gigandet X, Gerhard S, Grant PE, Wedeen V,
et al. MR connectomics: Principles and challenges. J Neurosci Methods.
2010;194(1):34–45. doi: http://dx.doi.org/10.1016/
j.jneumeth.2010.01.014. PubMed.

12 Van A, Granziera C, Bammer R. An Introduction to Model-Independent
Diffusion Magnetic Resonance Imaging. Top Magn Reson Imaging.
2010;21:339–54. doi: http://dx.doi.org/10.1097/
RMR.0b013e31823e6303. PubMed.

13 Wedeen VJ, Hagmann P, Tseng WY, Reese TG, Weisskoff RM. Map-
ping complex tissue architecture with diffusion spectrum magnetic reso-
nance imaging. Magn Reson Med. 2005;54(6):1377–86. doi:
http://dx.doi.org/10.1002/mrm.20642. PubMed.

14 Aganj I, Lenglet C, Sapiro G. ODF maxima extraction in spherical har-
monic representation via analytical search space reduction. Med Image
Comput Comput Assist Interv. 2010;13(Pt 2):84–91. doi:
http://dx.doi.org/10.21236/ADA540656. PubMed.

15 Tournier JD, Calamante F, Connelly A. Robust determination of the fi-
bre orientation distribution in diffusion MRI: non-negativity constrained
super-resolved spherical deconvolution. Neuroimage.
2007;35(4):1459–72. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2007.02.016. PubMed.

16 Mori S, Crain BJ, Chacko VP, van Zijl PC. Three-dimensional tracking
of axonal projections in the brain by magnetic resonance imaging. Ann
Neurol. 1999;45(2):265–9. doi: http://dx.doi.org/10.1002/

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 8 of 13

http://dx.doi.org/10.1016/j.conb.2016.05.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27209150&dopt=Abstract
http://dx.doi.org/10.1126/science.1238411
http://dx.doi.org/10.1126/science.1238411
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24179229&dopt=Abstract
http://dx.doi.org/10.1038/nn.4502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28230844&dopt=Abstract
http://dx.doi.org/10.1371/journal.pcbi.0010042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16201007&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.04.084
http://dx.doi.org/10.1016/j.neuroimage.2013.04.084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23631992&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2017.08.018
http://dx.doi.org/10.1016/j.nicl.2017.08.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28884073&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2016.02.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26955515&dopt=Abstract
http://dx.doi.org/10.1002/nbm.782
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12489094&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2014.12.009
http://dx.doi.org/10.1016/j.neuroimage.2014.12.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25498427&dopt=Abstract
http://dx.doi.org/10.1016/S0006-3495(94)80775-1
http://dx.doi.org/10.1016/S0006-3495(94)80775-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8130344&dopt=Abstract
http://dx.doi.org/10.1016/j.jneumeth.2010.01.014
http://dx.doi.org/10.1016/j.jneumeth.2010.01.014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20096730&dopt=Abstract
http://dx.doi.org/10.1097/RMR.0b013e31823e6303
http://dx.doi.org/10.1097/RMR.0b013e31823e6303
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22158128&dopt=Abstract
http://dx.doi.org/10.1002/mrm.20642
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16247738&dopt=Abstract
http://dx.doi.org/10.21236/ADA540656
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20879302&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2007.02.016
http://dx.doi.org/10.1016/j.neuroimage.2007.02.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17379540&dopt=Abstract
http://dx.doi.org/10.1002/1531-8249(199902)45:2&lt;265::AID-ANA21&gt;3.0.CO;2-3


1531-8249(199902)45:2&lt;265::AID-ANA21&gt;3.0.CO;2-3.
PubMed.

17 Behrens TE, Woolrich MW, Jenkinson M, Johansen-Berg H, Nunes RG,
Clare S, et al. Characterization and propagation of uncertainty in diffu-
sion-weighted MR imaging. Magn Reson Med. 2003;50(5):1077–88.
doi: http://dx.doi.org/10.1002/mrm.10609. PubMed.

18 Jbabdi S, Woolrich MW, Andersson JL, Behrens TE. A Bayesian frame-
work for global tractography. Neuroimage. 2007;37(1):116–29. doi:
http://dx.doi.org/10.1016/j.neuroimage.2007.04.039. PubMed.

19 Jeurissen B, Descoteaux M, Mori S, Leemans A. Diffusion MRI fiber
tractography of the brain. NMR Biomed. 2019;32(4):. doi:
http://dx.doi.org/10.1002/nbm.3785. PubMed.

20 De Santis S, Barazany D, Jones DK, Assaf Y. Resolving relaxometry
and diffusion properties within the same voxel in the presence of cross-
ing fibres by combining inversion recovery and diffusion-weighted ac-
quisitions. Magn Reson Med. 2016;75(1):372–80. doi: http://dx.doi.org/
10.1002/mrm.25644. PubMed.

21 Meskaldji DE, Fischi-Gomez E, Griffa A, Hagmann P, Morgenthaler S,
Thiran JP. Comparing connectomes across subjects and populations at
different scales. Neuroimage. 2013;80:416–25. doi: http://dx.doi.org/
10.1016/j.neuroimage.2013.04.084. PubMed.

22 Kale P, Zalesky A, Gollo LL. Estimating the impact of structural direc-
tionality: How reliable are undirected connectomes? Netw Neurosci.
2018;2(2):259–84. doi: http://dx.doi.org/10.1162/netn_a_00040.
PubMed.

23 Bullmore E, Sporns O. Complex brain networks: graph theoretical
analysis of structural and functional systems. Nat Rev Neurosci.
2009;10(3):186–98. doi: http://dx.doi.org/10.1038/nrn2575. PubMed.

24 Ratnarajah N, Rifkin-Graboi A, Fortier MV, Chong YS, Kwek K, Saw
SM, et al. Structural connectivity asymmetry in the neonatal brain. Neu-
roimage. 2013;75:187–94. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2013.02.052. PubMed.

25 Ball G, Aljabar P, Zebari S, Tusor N, Arichi T, Merchant N, et al. Rich-
club organization of the newborn human brain. Proc Natl Acad Sci
USA. 2014;111(20):7456–61. doi: http://dx.doi.org/10.1073/
pnas.1324118111. PubMed.

26 Hagmann P, Sporns O, Madan N, Cammoun L, Pienaar R, Wedeen VJ,
et al. White matter maturation reshapes structural connectivity in the late
developing human brain. Proc Natl Acad Sci USA.
2010;107(44):19067–72. doi: http://dx.doi.org/10.1073/
pnas.1009073107. PubMed.

27 Batalle D, Eixarch E, Figueras F, Muñoz-Moreno E, Bargallo N, Illa M,
et al. Altered small-world topology of structural brain networks in in-
fants with intrauterine growth restriction and its association with later
neurodevelopmental outcome. Neuroimage. 2012;60(2):1352–66. doi:
http://dx.doi.org/10.1016/j.neuroimage.2012.01.059. PubMed.

28 Fischi-Gómez E, Vasung L, Meskaldji DE, Lazeyras F, Borradori-Tolsa
C, Hagmann P, et al. Structural brain connectivity in school-age preterm
infants provides evidence for impaired networks relevant for higher or-
der cognitive skills and social cognition. Cereb Cortex.
2015;25(9):2793–805. doi: http://dx.doi.org/10.1093/cercor/bhu073.
PubMed.

29 Jou RJ, Mateljevic N, Kaiser MD, Sugrue DR, Volkmar FR, Pelphrey
KA. Structural neural phenotype of autism: preliminary evidence from a
diffusion tensor imaging study using tract-based spatial statistics. AJNR
Am J Neuroradiol. 2011;32(9):1607–13. doi: http://dx.doi.org/10.3174/
ajnr.A2558. PubMed.

30 d’Albis MA, Guevara P, Guevara M, Laidi C, Boisgontier J, Sarrazin S,
et al. Local structural connectivity is associated with social cognition in
autism spectrum disorder. Brain. 2018;141(12):3472–81. doi:
http://dx.doi.org/10.1093/brain/awy275. PubMed.

31 Filippi M, Basaia S, Canu E, Imperiale F, Magnani G, Falautano M, et
al. Changes in functional and structural brain connectome along the
Alzheimer’s disease continuum. Mol Psychiatry. 2018. doi:
http://dx.doi.org/10.1038/s41380-018-0067-8. PubMed.

32 Griffa A, Baumann PS, Ferrari C, Do K-Q, Conus P, Thiran J-P, et al.
Characterizing the connectome in schizophrenia with diffusion spectrum
imaging. Hum Brain Mapp. 2015;36(1):354–66. doi: http://dx.doi.org/
10.1002/hbm.22633. PubMed.

33 van den Heuvel MP, Sporns O, Collin G, Scheewe T, Mandl RC, Cahn
W, et al. Abnormal rich club organization and functional brain dynamics
in schizophrenia. JAMA Psychiatry. 2013;70(8):783–92. doi:
http://dx.doi.org/10.1001/jamapsychiatry.2013.1328. PubMed.

34 Lemkaddem A, Daducci A, Kunz N, Lazeyras F, Seeck M, Thiran J-P,
et al. Connectivity and tissue microstructural alterations in right and left
temporal lobe epilepsy revealed by diffusion spectrum imaging. Neu-
roimage Clin. 2014;5:349–58. doi: http://dx.doi.org/10.1016/
j.nicl.2014.07.013. PubMed.

35 Besson P, Dinkelacker V, Valabregue R, Thivard L, Leclerc X, Baulac
M, et al. Structural connectivity differences in left and right temporal
lobe epilepsy. Neuroimage. 2014;100:135–44. doi: http://dx.doi.org/
10.1016/j.neuroimage.2014.04.071. PubMed.

36 Shah A, Lenka A, Saini J, Wagle S, Naduthota RM, Yadav R, et al. Al-
tered Brain Wiring in Parkinson’s Disease: A Structural Connectome-
Based Analysis. Brain Connect. 2017;7(6):347–56. doi:
http://dx.doi.org/10.1089/brain.2017.0506. PubMed.

37 Shu N, Liu Y, Li K, Duan Y, Wang J, Yu C, et al. Diffusion tensor trac-
tography reveals disrupted topological efficiency in white matter struc-
tural networks in multiple sclerosis. Cereb Cortex.
2011;21(11):2565–77. doi: http://dx.doi.org/10.1093/cercor/bhr039.
PubMed.

38 Li Y, Jewells V, Kim M, Chen Y, Moon A, Armao D, et al. Diffusion
tensor imaging based network analysis detects alterations of neurocon-
nectivity in patients with clinically early relapsing-remitting multiple
sclerosis. Hum Brain Mapp. 2013;34(12):3376–91. doi:
http://dx.doi.org/10.1002/hbm.22158. PubMed.

39 Kamagata K, Zalesky A, Yokoyama K, Andica C, Hagiwara A, Shimoji
K, et al. MR g-ratio-weighted connectome analysis in patients with mul-
tiple sclerosis. Sci Rep. 2019;9(1):13522. doi: http://dx.doi.org/10.1038/
s41598-019-50025-2. PubMed.

40 Romascano D, Meskaldji DE, Bonnier G, Simioni S, Rotzinger D, Lin
YC, et al. Multicontrast connectometry: a new tool to assess cerebellum
alterations in early relapsing-remitting multiple sclerosis. Hum Brain
Mapp. 2015;36(4):1609–19. doi: http://dx.doi.org/10.1002/hbm.22698.
PubMed.

41 Friston KJ. Functional and effective connectivity in neuroimaging: A
synthesis. Hum Brain Mapp. 1994;2(1-2):56–78. doi: http://dx.doi.org/
10.1002/hbm.460020107.

42 Biswal B, Yetkin FZ, Haughton VM, Hyde JS. Functional connectivity
in the motor cortex of resting human brain using echo-planar MRI.
Magn Reson Med. 1995;34(4):537–41. doi: http://dx.doi.org/10.1002/
mrm.1910340409. PubMed.

43 Sporns O, Tononi G, Kötter R. The human connectome: A structural de-
scription of the human brain. PLOS Comput Biol. 2005;1(4):. doi:
http://dx.doi.org/10.1371/journal.pcbi.0010042. PubMed.

44 Beckmann CF, DeLuca M, Devlin JT, Smith SM. Investigations into
resting-state connectivity using independent component analysis. Philos
Trans R Soc Lond B Biol Sci. 2005;360(1457):1001–13. doi:
http://dx.doi.org/10.1098/rstb.2005.1634. PubMed.

45 Fox MD, Snyder AZ, Vincent JL, Corbetta M, Van Essen DC, Raichle
ME. The human brain is intrinsically organized into dynamic, anticorre-
lated functional networks. Proc Natl Acad Sci USA.
2005;102(27):9673–8. doi: http://dx.doi.org/10.1073/pnas.0504136102.
PubMed.

46 Damoiseaux JS, Rombouts SARB, Barkhof F, Scheltens P, Stam CJ,
Smith SM, et al. Consistent resting-state networks across healthy sub-
jects. Proc Natl Acad Sci USA. 2006;103(37):13848–53. doi:
http://dx.doi.org/10.1073/pnas.0601417103. PubMed.

47 Fox MD, Greicius M. Clinical applications of resting state functional
connectivity. Front Syst Neurosci. 2010;4:19. doi: http://dx.doi.org/
10.3389/fnsys.2010.00019. PubMed.

48 Friston KJ, Frith CD, Liddle PF, Frackowiak RSJ. Functional connectiv-
ity: the principal-component analysis of large (PET) data sets. J Cereb
Blood Flow Metab. 1993;13(1):5–14. doi: http://dx.doi.org/10.1038/
jcbfm.1993.4. PubMed.

49 McKeown MJ, Jung T-P, Makeig S, Brown G, Kindermann SS, Lee T-
W, et al. Spatially independent activity patterns in functional MRI data
during the stroop color-naming task. Proc Natl Acad Sci USA.
1998;95(3):803–10. doi: http://dx.doi.org/10.1073/pnas.95.3.803.
PubMed.

50 Abbas A, Bassil Y, Keilholz S. Quasi-periodic patterns of brain activity
in individuals with attention-deficit/hyperactivity disorder. Neuroimage
Clin. 2019;21:. doi: http://dx.doi.org/10.1016/j.nicl.2019.101653.
PubMed.

51 Beckmann CF, Smith SM. Probabilistic independent component analy-
sis for functional magnetic resonance imaging. IEEE Trans Med Imag-
ing. 2004;23(2):137–52. doi: http://dx.doi.org/10.1109/
TMI.2003.822821. PubMed.

52 Calhoun VD, Adali T, Pearlson GD, Pekar JJ. A method for making
group inferences from functional MRI data using independent compo-
nent analysis. Hum Brain Mapp. 2001;14(3):140–51. doi:
http://dx.doi.org/10.1002/hbm.1048. PubMed.

53 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. doi: http://dx.doi.org/10.3389/
fphys.2012.00015. PubMed.

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 9 of 13

http://dx.doi.org/10.1002/1531-8249(199902)45:2&lt;265::AID-ANA21&gt;3.0.CO;2-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9989633&dopt=Abstract
http://dx.doi.org/10.1002/mrm.10609
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14587019&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2007.04.039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17543543&dopt=Abstract
http://dx.doi.org/10.1002/nbm.3785
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28945294&dopt=Abstract
http://dx.doi.org/10.1002/mrm.25644
http://dx.doi.org/10.1002/mrm.25644
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25735538&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.04.084
http://dx.doi.org/10.1016/j.neuroimage.2013.04.084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23631992&dopt=Abstract
http://dx.doi.org/10.1162/netn_a_00040
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30234180&dopt=Abstract
http://dx.doi.org/10.1038/nrn2575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19190637&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.02.052
http://dx.doi.org/10.1016/j.neuroimage.2013.02.052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23501049&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1324118111
http://dx.doi.org/10.1073/pnas.1324118111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24799693&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1009073107
http://dx.doi.org/10.1073/pnas.1009073107
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20956328&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2012.01.059
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22281673&dopt=Abstract
http://dx.doi.org/10.1093/cercor/bhu073
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24794920&dopt=Abstract
http://dx.doi.org/10.3174/ajnr.A2558
http://dx.doi.org/10.3174/ajnr.A2558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21799040&dopt=Abstract
http://dx.doi.org/10.1093/brain/awy275
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30423029&dopt=Abstract
http://dx.doi.org/10.1038/s41380-018-0067-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29743583&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22633
http://dx.doi.org/10.1002/hbm.22633
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25213204&dopt=Abstract
http://dx.doi.org/10.1001/jamapsychiatry.2013.1328
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23739835&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2014.07.013
http://dx.doi.org/10.1016/j.nicl.2014.07.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26236626&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2014.04.071
http://dx.doi.org/10.1016/j.neuroimage.2014.04.071
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24814212&dopt=Abstract
http://dx.doi.org/10.1089/brain.2017.0506
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28595456&dopt=Abstract
http://dx.doi.org/10.1093/cercor/bhr039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21467209&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22158
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22987661&dopt=Abstract
http://dx.doi.org/10.1038/s41598-019-50025-2
http://dx.doi.org/10.1038/s41598-019-50025-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31534143&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22698
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25421928&dopt=Abstract
http://dx.doi.org/10.1002/hbm.460020107
http://dx.doi.org/10.1002/hbm.460020107
http://dx.doi.org/10.1002/mrm.1910340409
http://dx.doi.org/10.1002/mrm.1910340409
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8524021&dopt=Abstract
http://dx.doi.org/10.1371/journal.pcbi.0010042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16201007&dopt=Abstract
http://dx.doi.org/10.1098/rstb.2005.1634
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16087444&dopt=Abstract
http://dx.doi.org/10.1073/pnas.0504136102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15976020&dopt=Abstract
http://dx.doi.org/10.1073/pnas.0601417103
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16945915&dopt=Abstract
http://dx.doi.org/10.3389/fnsys.2010.00019
http://dx.doi.org/10.3389/fnsys.2010.00019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20592951&dopt=Abstract
http://dx.doi.org/10.1038/jcbfm.1993.4
http://dx.doi.org/10.1038/jcbfm.1993.4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8417010&dopt=Abstract
http://dx.doi.org/10.1073/pnas.95.3.803
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9448244&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2019.101653
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30690417&dopt=Abstract
http://dx.doi.org/10.1109/TMI.2003.822821
http://dx.doi.org/10.1109/TMI.2003.822821
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14964560&dopt=Abstract
http://dx.doi.org/10.1002/hbm.1048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11559959&dopt=Abstract
http://dx.doi.org/10.3389/fphys.2012.00015
http://dx.doi.org/10.3389/fphys.2012.00015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22347863&dopt=Abstract


54 Chang C, Glover GH. Time-frequency dynamics of resting-state brain
connectivity measured with fMRI. Neuroimage. 2010;50(1):81–98. doi:
http://dx.doi.org/10.1016/j.neuroimage.2009.12.011. PubMed.

55 Cribben I, Haraldsdottir R, Atlas LY, Wager TD, Lindquist MA. Dy-
namic connectivity regression: determining state-related changes in
brain connectivity. Neuroimage. 2012;61(4):907–20. doi:
http://dx.doi.org/10.1016/j.neuroimage.2012.03.070. PubMed.

56 Lancaster JL, Woldorff MG, Parsons LM, Liotti M, Freitas CS, Rainey
L, et al. Automated Talairach atlas labels for functional brain mapping.
Hum Brain Mapp. 2000;10(3):120–31. doi: http://dx.doi.org/10.1002/
1097-0193(200007)10:3&lt;120::AID-HBM30&gt;3.0.CO;2-8.
PubMed.

57 Bullmore E, Sporns O. Complex brain networks: graph theoretical
analysis of structural and functional systems. Nat Rev Neurosci.
2009;10(3):186–98. doi: http://dx.doi.org/10.1038/nrn2575. PubMed.

58 De Vico Fallani F, Richiardi J, Chavez M, Achard S. Graph analysis of
functional brain networks: practical issues in translational neuroscience.
Philos Trans R Soc Lond B Biol Sci. 2014;369(1653):0521. doi:
http://dx.doi.org/10.1098/rstb.2013.0521. PubMed.

59 Rubinov M, Sporns O. Complex network measures of brain connectivi-
ty: uses and interpretations. Neuroimage. 2010;52(3):1059–69. doi:
http://dx.doi.org/10.1016/j.neuroimage.2009.10.003. PubMed.

60 Richiardi J, Achard S, Bunke H, Van De Ville D. Machine Learning
with Brain Graphs: Predictive Modeling Approaches for Functional
Imaging in Systems Neuroscience. IEEE Signal Process Mag.
2013;30(3):58–70. doi: http://dx.doi.org/10.1109/MSP.2012.2233865.

61 Calhoun VD, Miller R, Pearlson G, Adalı T. The chronnectome: time-
varying connectivity networks as the next frontier in fMRI data discov-
ery. Neuron. 2014;84(2):262–74. doi: http://dx.doi.org/10.1016/j.neu-
ron.2014.10.015. PubMed.

62 Hutchison RM, Womelsdorf T, Allen EA, Bandettini PA, Calhoun VD,
Corbetta M, et al. Dynamic functional connectivity: promise, issues, and
interpretations. Neuroimage. 2013;80:360–78. doi: http://dx.doi.org/
10.1016/j.neuroimage.2013.05.079. PubMed.

63 Karahanoğlu FI, Van De Ville D. Transient brain activity disentangles
fMRI resting-state dynamics in terms of spatially and temporally over-
lapping networks. Nat Commun. 2015;6(1):7751. doi: http://dx.doi.org/
10.1038/ncomms8751. PubMed.

64 Preti MG, Bolton TA, Van De Ville D. The dynamic functional connec-
tome: State-of-the-art and perspectives. Neuroimage. 2017;160:41–54.
doi: http://dx.doi.org/10.1016/j.neuroimage.2016.12.061. PubMed.

65 Sakoğlu U, Pearlson GD, Kiehl KA, Wang YM, Michael AM, Calhoun
VD. A method for evaluating dynamic functional network connectivity
and task-modulation: application to schizophrenia. MAGMA.
2010;23(5-6):351–66. doi: http://dx.doi.org/10.1007/
s10334-010-0197-8. PubMed.

66 Betzel RF, Fukushima M, He Y, Zuo XN, Sporns O. Dynamic fluctua-
tions coincide with periods of high and low modularity in resting-state
functional brain networks. Neuroimage. 2016;127:287–97. doi:
http://dx.doi.org/10.1016/j.neuroimage.2015.12.001. PubMed.

67 Tagliazucchi E, von Wegner F, Morzelewski A, Brodbeck V, Laufs H.
Dynamic BOLD functional connectivity in humans and its electrophysi-
ological correlates. Front Hum Neurosci. 2012;6:339. doi:
http://dx.doi.org/10.3389/fnhum.2012.00339. PubMed.

68 Zalesky A, Fornito A, Cocchi L, Gollo LL, Breakspear M. Time-re-
solved resting-state brain networks. Proc Natl Acad Sci USA.
2014;111(28):10341–6. doi: http://dx.doi.org/10.1073/
pnas.1400181111. PubMed.

69 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):663–76. doi: http://dx.doi.org/10.1093/cercor/
bhs352. PubMed.

70 Leonardi N, Richiardi J, Gschwind M, Simioni S, Annoni J-M, Schluep
M, et al. Principal components of functional connectivity: a new ap-
proach to study dynamic brain connectivity during rest. Neuroimage.
2013;83:937–50. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2013.07.019. PubMed.

71 Leonardi N, Shirer WR, Greicius MD, Van De Ville D. Disentangling
dynamic networks: Separated and joint expressions of functional con-
nectivity patterns in time. Hum Brain Mapp. 2014;35(12):5984–95. doi:
http://dx.doi.org/10.1002/hbm.22599. PubMed.

72 Li X, Zhu D, Jiang X, Jin C, Zhang X, Guo L, et al. Dynamic functional
connectomics signatures for characterization and differentiation of
PTSD patients. Hum Brain Mapp. 2014;35(4):1761–78. doi:
http://dx.doi.org/10.1002/hbm.22290. PubMed.

73 Ma S, Calhoun VD, Phlypo R, Adalı T. Dynamic changes of spatial
functional network connectivity in healthy individuals and schizophre-
nia patients using independent vector analysis. Neuroimage.

2014;90:196–206. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2013.12.063. PubMed.

74 Du Y, Fryer SL, Fu Z, Lin D, Sui J, Chen J, et al. Dynamic functional
connectivity impairments in early schizophrenia and clinical high-risk
for psychosis. Neuroimage. 2018;180(Pt B):632–45. doi:
http://dx.doi.org/10.1016/j.neuroimage.2017.10.022. PubMed.

75 Du Y, Pearlson GD, Lin D, Sui J, Chen J, Salman M, et al. Identifying
dynamic functional connectivity biomarkers using GIG-ICA: Applica-
tion to schizophrenia, schizoaffective disorder, and psychotic bipolar
disorder. Hum Brain Mapp. 2017;38(5):2683–708. doi: http://dx.doi.org/
10.1002/hbm.23553. PubMed.

76 Miller RL, Yaesoubi M, Turner JA, Mathalon D, Preda A, Pearlson G, et
al. Higher Dimensional Meta-State Analysis Reveals Reduced Resting
fMRI Connectivity Dynamism in Schizophrenia Patients. PLoS One.
2016;11(3):. doi: http://dx.doi.org/10.1371/journal.pone.0149849.
PubMed.

77 Yaesoubi M, Miller RL, Calhoun VD. Mutually temporally independent
connectivity patterns: a new framework to study the dynamics of brain
connectivity at rest with application to explain group difference based
on gender. Neuroimage. 2015;107:85–94. doi: http://dx.doi.org/10.1016/
j.neuroimage.2014.11.054. PubMed.

78 Du Y, Fu Z, Calhoun VD. Classification and Prediction of Brain Disor-
ders Using Functional Connectivity: Promising but Challenging. Front
Neurosci. 2018;12:525. doi: http://dx.doi.org/10.3389/
fnins.2018.00525. PubMed.

79 Cetin MS, Houck JM, Rashid B, Agacoglu O, Stephen JM, Sui J, et al.
Multimodal Classification of Schizophrenia Patients with MEG and fM-
RI Data Using Static and Dynamic Connectivity Measures. Front Neu-
rosci. 2016;10:466. doi: http://dx.doi.org/10.3389/fnins.2016.00466.
PubMed.

80 Kottaram A, Johnston L, Ganella E, Pantelis C, Kotagiri R, Zalesky A.
Spatio-temporal dynamics of resting-state brain networks improve sin-
gle-subject prediction of schizophrenia diagnosis. Hum Brain Mapp.
2018;39(9):3663–81. doi: http://dx.doi.org/10.1002/hbm.24202.
PubMed.

81 Rashid B, Arbabshirani MR, Damaraju E, Cetin MS, Miller R, Pearlson
GD, et al. Classification of schizophrenia and bipolar patients using stat-
ic and dynamic resting-state fMRI brain connectivity. Neuroimage.
2016;134:645–57. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2016.04.051. PubMed.

82 Reinen JM, Chén OY, Hutchison RM, Yeo BTT, Anderson KM, Sabun-
cu MR, et al. The human cortex possesses a reconfigurable dynamic net-
work architecture that is disrupted in psychosis. Nat Commun.
2018;9(1):1157. doi: http://dx.doi.org/10.1038/s41467-018-03462-y.
PubMed.

83 Shen H, Li Z, Zeng L-L, Yuan L, Chen F, Liu Z, et al. Internetwork dy-
namic connectivity effectively differentiates schizophrenic patients from
healthy controls. Neuroreport. 2014;25(17):1344–9. doi:
http://dx.doi.org/10.1097/WNR.0000000000000267. PubMed.

84 Chiang S, Vankov ER, Yeh HJ, Guindani M, Vannucci M, Haneef Z, et
al. Temporal and spectral characteristics of dynamic functional connec-
tivity between resting-state networks reveal information beyond static
connectivity. PLoS One. 2018;13(1):. doi: http://dx.doi.org/10.1371/
journal.pone.0190220. PubMed.

85 Price T, Wee C-Y, Gao W, Shen D. Multiple-network classification of
childhood autism using functional connectivity dynamics. Med Image
Comput Comput Assist Interv. 2014;17(Pt 3):177–84. doi:
http://dx.doi.org/10.1007/978-3-319-10443-0_23. PubMed.

86 Wee C-Y, Yap P-T, Shen D. Diagnosis of Autism Spectrum Disorders
Using Temporally Distinct Resting-State Functional Connectivity Net-
works. CNS Neurosci Ther. 2016;22(3):212–9. doi: http://dx.doi.org/
10.1111/cns.12499. PubMed.

87 Zhu Y, Zhu X, Zhang H, Gao W, Shen D, Wu G. Reveal Consistent
Spatial-Temporal Patterns from Dynamic Functional Connectivity for
Autism Spectrum Disorder Identification. Med Image Comput Comput
Assist Interv. 2016;9900:106–14. doi: http://dx.doi.org/10.1007/
978-3-319-46720-7_13. PubMed.

88 Wang X-H, Jiao Y, Li L. Identifying individuals with attention deficit
hyperactivity disorder based on temporal variability of dynamic func-
tional connectivity. Sci Rep. 2018;8(1):11789. doi: http://dx.doi.org/
10.1038/s41598-018-30308-w. PubMed.

89 Chen X, Zhang H, Zhang L, Shen C, Lee S-W, Shen D. Extraction of
dynamic functional connectivity from brain grey matter and white mat-
ter for MCI classification. Hum Brain Mapp. 2017;38(10):5019–34. doi:
http://dx.doi.org/10.1002/hbm.23711. PubMed.

90 de Vos F, Koini M, Schouten TM, Seiler S, van der Grond J, Lechner A,
et al. A comprehensive analysis of resting state fMRI measures to classi-
fy individual patients with Alzheimer’s disease. Neuroimage.

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 10 of 13

http://dx.doi.org/10.1016/j.neuroimage.2009.12.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20006716&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2012.03.070
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22484408&dopt=Abstract
http://dx.doi.org/10.1002/1097-0193(200007)10:3&lt;120::AID-HBM30&gt;3.0.CO;2-8
http://dx.doi.org/10.1002/1097-0193(200007)10:3&lt;120::AID-HBM30&gt;3.0.CO;2-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10912591&dopt=Abstract
http://dx.doi.org/10.1038/nrn2575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19190637&dopt=Abstract
http://dx.doi.org/10.1098/rstb.2013.0521
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25180301&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2009.10.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19819337&dopt=Abstract
http://dx.doi.org/10.1109/MSP.2012.2233865
http://dx.doi.org/10.1016/j.neuron.2014.10.015
http://dx.doi.org/10.1016/j.neuron.2014.10.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25374354&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.05.079
http://dx.doi.org/10.1016/j.neuroimage.2013.05.079
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23707587&dopt=Abstract
http://dx.doi.org/10.1038/ncomms8751
http://dx.doi.org/10.1038/ncomms8751
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26178017&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2016.12.061
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28034766&dopt=Abstract
http://dx.doi.org/10.1007/s10334-010-0197-8
http://dx.doi.org/10.1007/s10334-010-0197-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20162320&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2015.12.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26687667&dopt=Abstract
http://dx.doi.org/10.3389/fnhum.2012.00339
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23293596&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1400181111
http://dx.doi.org/10.1073/pnas.1400181111
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24982140&dopt=Abstract
http://dx.doi.org/10.1093/cercor/bhs352
http://dx.doi.org/10.1093/cercor/bhs352
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23146964&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.07.019
http://dx.doi.org/10.1016/j.neuroimage.2013.07.019
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23872496&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22599
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25081921&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22290
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23671011&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.12.063
http://dx.doi.org/10.1016/j.neuroimage.2013.12.063
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24418507&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2017.10.022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29038030&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23553
http://dx.doi.org/10.1002/hbm.23553
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28294459&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0149849
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26981625&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2014.11.054
http://dx.doi.org/10.1016/j.neuroimage.2014.11.054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25485713&dopt=Abstract
http://dx.doi.org/10.3389/fnins.2018.00525
http://dx.doi.org/10.3389/fnins.2018.00525
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30127711&dopt=Abstract
http://dx.doi.org/10.3389/fnins.2016.00466
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27807403&dopt=Abstract
http://dx.doi.org/10.1002/hbm.24202
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29749660&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2016.04.051
http://dx.doi.org/10.1016/j.neuroimage.2016.04.051
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27118088&dopt=Abstract
http://dx.doi.org/10.1038/s41467-018-03462-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29559638&dopt=Abstract
http://dx.doi.org/10.1097/WNR.0000000000000267
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25275678&dopt=Abstract
http://dx.doi.org/10.1371/journal.pone.0190220
http://dx.doi.org/10.1371/journal.pone.0190220
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29320526&dopt=Abstract
http://dx.doi.org/10.1007/978-3-319-10443-0_23
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25320797&dopt=Abstract
http://dx.doi.org/10.1111/cns.12499
http://dx.doi.org/10.1111/cns.12499
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26821773&dopt=Abstract
http://dx.doi.org/10.1007/978-3-319-46720-7_13
http://dx.doi.org/10.1007/978-3-319-46720-7_13
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28149963&dopt=Abstract
http://dx.doi.org/10.1038/s41598-018-30308-w
http://dx.doi.org/10.1038/s41598-018-30308-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30087369&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23711
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28665045&dopt=Abstract


2018;167:62–72. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2017.11.025. PubMed.

91 Jie B, Liu M, Shen D. Integration of temporal and spatial properties of
dynamic connectivity networks for automatic diagnosis of brain disease.
Med Image Anal. 2018;47:81–94. doi: http://dx.doi.org/10.1016/j.me-
dia.2018.03.013. PubMed.

92 Wee C-Y, Yang S, Yap P-T, Shen D; Alzheimer’s Disease Neuroimag-
ing Initiative. Sparse temporally dynamic resting-state functional con-
nectivity networks for early MCI identification. Brain Imaging Behav.
2016;10(2):342–56. doi: http://dx.doi.org/10.1007/s11682-015-9408-2.
PubMed.

93 Christoff K, Irving ZC, Fox KCR, Spreng RN, Andrews-Hanna JR.
Mind-wandering as spontaneous thought: a dynamic framework. Nat
Rev Neurosci. 2016;17(11):718–31. doi: http://dx.doi.org/10.1038/
nrn.2016.113. PubMed.

94 Perry A, Roberts G, Mitchell PB, Breakspear M. Connectomics of bipo-
lar disorder: a critical review, and evidence for dynamic instabilities
within interoceptive networks. Mol Psychiatry. 2019;24(9):1296–318.
doi: http://dx.doi.org/10.1038/s41380-018-0267-2. PubMed.

95 Damaraju E, Allen EA, Belger A, Ford JM, McEwen S, Mathalon DH,
et al. Dynamic functional connectivity analysis reveals transient states of
dysconnectivity in schizophrenia. Neuroimage Clin. 2014;5:298–308.
doi: http://dx.doi.org/10.1016/j.nicl.2014.07.003. PubMed.

96 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. doi: http://dx.doi.org/10.1016/j.schres.2015.11.021.
PubMed.

97 Lottman KK, Kraguljac NV, White DM, Morgan CJ, Calhoun VD, Butt
A, et al. Risperidone Effects on Brain Dynamic Connectivity-A Prospec-
tive Resting-State fMRI Study in Schizophrenia. Front Psychiatry.
2017;8:14. doi: http://dx.doi.org/10.3389/fpsyt.2017.00014. PubMed.

98 Mennigen E, Fryer SL, Rashid B, Damaraju E, Du Y, Loewy RL, et al.
Transient Patterns of Functional Dysconnectivity in Clinical High Risk
and Early Illness Schizophrenia Individuals Compared with Healthy
Controls. Brain Connect. 2019;9(1):60–76. doi: http://dx.doi.org/
10.1089/brain.2018.0579. PubMed.

99 Sanfratello L, Houck J, Calhoun VD. Dynamic Functional Network
Connectivity in Schizophrenia with Magnetoencephalography and Func-
tional Magnetic Resonance Imaging: Do Different Timescales Tell a
Different Story? Brain Connect. 2019;9(3):251–62. doi:
http://dx.doi.org/10.1089/brain.2018.0608. PubMed.

100 Sun Y, Collinson SL, Suckling J, Sim K. Dynamic Reorganization of
Functional Connectivity Reveals Abnormal Temporal Efficiency in
Schizophrenia. Schizophr Bull. 2019;45(3):659–69. doi:
http://dx.doi.org/0rg/10.1093/schbul/sby077. PubMed.

101 Zhang W, Li S, Wang X, Gong Y, Yao L, Xiao Y, et al. Abnormal dy-
namic functional connectivity between speech and auditory areas in
schizophrenia patients with auditory hallucinations. Neuroimage Clin.
2018;19:918–24. doi: http://dx.doi.org/10.1016/j.nicl.2018.06.018.
PubMed.

102 Guo S, Zhao W, Tao H, Liu Z, Palaniyappan L. The instability of func-
tional connectivity in patients with schizophrenia and their siblings: A
dynamic connectivity study. Schizophr Res. 2018;195:183–9. doi:
http://dx.doi.org/10.1016/j.schres.2017.09.035. PubMed.

103 Yue J-L, Li P, Shi L, Lin X, Sun H-Q, Lu L. Enhanced temporal vari-
ability of amygdala-frontal functional connectivity in patients with
schizophrenia. Neuroimage Clin. 2018;18:527–32. doi: http://dx.doi.org/
10.1016/j.nicl.2018.02.025. PubMed.

104 Wang X, Zhang W, Sun Y, Hu M, Chen A. Aberrant intra-salience net-
work dynamic functional connectivity impairs large-scale network inter-
actions in schizophrenia. Neuropsychologia. 2016;93(Pt A):262–70. doi:
http://dx.doi.org/10.1016/j.neuropsychologia.2016.11.003. PubMed.

105 Bhinge S, Mowakeaa R, Calhoun VD, Adali T. Extraction of time-vary-
ing spatio-temporal networks using parameter-tuned constrained IVA.
IEEE Trans Med Imaging. 2019;38(7):1715–25. doi: http://dx.doi.org/
10.1109/TMI.2019.2893651. PubMed.

106 Deng Y, Liu K, Cheng D, Zhang J, Chen H, Chen B, et al. Ventral and
dorsal visual pathways exhibit abnormalities of static and dynamic con-
nectivities, respectively, in patients with schizophrenia. Schizophr Res.
2019;206:103–10. doi: http://dx.doi.org/10.1016/j.schres.2018.12.005.
PubMed.

107 Dong D, Duan M, Wang Y, Zhang X, Jia X, Li Y, et al. Reconfiguration
of Dynamic Functional Connectivity in Sensory and Perceptual System
in Schizophrenia. Cereb Cortex. 2018. doi: http://dx.doi.org/10.1093/
cercor/bhy232. PubMed.

108 Liao W, Wu G-R, Xu Q, Ji G-J, Zhang Z, Zang Y-F, et al. DynamicBC:
a MATLAB toolbox for dynamic brain connectome analysis. Brain Con-

nect. 2014;4(10):780–90. doi: http://dx.doi.org/10.1089/
brain.2014.0253. PubMed.

109 Laufs H, Rodionov R, Thornton R, Duncan JS, Lemieux L, Tagliazucchi
E. Altered FMRI connectivity dynamics in temporal lobe epilepsy might
explain seizure semiology. Front Neurol. 2014;5:175. doi:
http://dx.doi.org/10.3389/fneur.2014.00175. PubMed.

110 Lopes R, Moeller F, Besson P, Ogez F, Szurhaj W, Leclerc X, et al.
Study on the Relationships between Intrinsic Functional Connectivity of
the Default Mode Network and Transient Epileptic Activity. Front Neu-
rol. 2014;5:201. doi: http://dx.doi.org/10.3389/fneur.2014.00201.
PubMed.

111 Preti MG, Leonardi N, Karahanoglu FI, Grouiller F, Genetti M, Seeck
M, et al. (2014). Epileptic network activity revealed by dynamic func-
tional connectivity in simultaneous EEG-fMRI. In 2014 IEEE 11th In-
ternational Symposium on Biomedical Imaging (ISBI). (IEEE), pp.
9–12.

112 Falahpour M, Thompson WK, Abbott AE, Jahedi A, Mulvey ME, Datko
M, et al. Underconnected, But Not Broken? Dynamic Functional Con-
nectivity MRI Shows Underconnectivity in Autism Is Linked to In-
creased Intra-Individual Variability Across Time. Brain Connect.
2016;6(5):403–14. doi: http://dx.doi.org/10.1089/brain.2015.0389.
PubMed.

113 Harlalka V, Bapi RS, Vinod PK, Roy D. Atypical Flexibility in Dynam-
ic Functional Connectivity Quantifies the Severity in Autism Spectrum
Disorder. Front Hum Neurosci. 2019;13:6. doi: http://dx.doi.org/
10.3389/fnhum.2019.00006. PubMed.

114 Chen H, Nomi JS, Uddin LQ, Duan X, Chen H. Intrinsic functional con-
nectivity variance and state-specific under-connectivity in autism. Hum
Brain Mapp. 2017;38(11):5740–55. doi: http://dx.doi.org/10.1002/
hbm.23764. PubMed.

115 Rashid B, Blanken LME, Muetzel RL, Miller R, Damaraju E, Arbabshi-
rani MR, et al. Connectivity dynamics in typical development and its re-
lationship to autistic traits and autism spectrum disorder. Hum Brain
Mapp. 2018;39(8):3127–42. doi: http://dx.doi.org/10.1002/hbm.24064.
PubMed.

116 Leonardi N, Van De Ville D. On spurious and real fluctuations of dy-
namic functional connectivity during rest. Neuroimage.
2015;104:430–6. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2014.09.007. PubMed.

117 Cribben I, Wager TD, Lindquist MA. Detecting functional connectivity
change points for single-subject fMRI data. Front Comput Neurosci.
2013;7:143. doi: http://dx.doi.org/10.3389/fncom.2013.00143. PubMed.

118 Ou J, Lian Z, Xie L, Li X, Wang P, Hao Y, et al. Atomic dynamic func-
tional interaction patterns for characterization of ADHD. Hum Brain
Mapp. 2014;35(10):5262–78. doi: http://dx.doi.org/10.1002/hbm.22548.
PubMed.

119 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. doi: http://dx.doi.org/10.3389/fnins.2016.00381. PubMed.

120 Liu X, Duyn JH. Time-varying functional network information extracted
from brief instances of spontaneous brain activity. Proc Natl Acad Sci
USA. 2013;110(11):4392–7. doi: http://dx.doi.org/10.1073/
pnas.1216856110. PubMed.

121 Tuleasca C, Regis J, Najdenovska E, Witjas T, Girard N, Delaire F, et al.
Stereotactic Radiosurgical Thalamotomy for Essential Tremor Normal-
izes Aberrant Dynamic Functional Connectivity of Extrastriate Visual
System: A Resting-State fMRI Study. J Neurosurg. (in production).

122 Zoeller D, Sandini C, Karahanoglu FI, Padula MC, Schaer M, Eliez S, et
al. Large-scale brain network dynamics provide a measure of psychosis
and anxiety in 22q11.2 deletion syndrome. bioRxiv. 2019:.

123 Majeed W, Magnuson M, Hasenkamp W, Schwarb H, Schumacher EH,
Barsalou L, et al. Spatiotemporal dynamics of low frequency BOLD
fluctuations in rats and humans. Neuroimage. 2011;54(2):1140–50. doi:
http://dx.doi.org/10.1016/j.neuroimage.2010.08.030. PubMed.

124 Thompson GJ, Pan W-J, Magnuson ME, Jaeger D, Keilholz SD. Quasi-
periodic patterns (QPP): large-scale dynamics in resting state fMRI that
correlate with local infraslow electrical activity. Neuroimage.
2014;84:1018–31. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2013.09.029. PubMed.

125 Massimini M, Ferrarelli F, Huber R, Esser SK, Singh H, Tononi G.
Breakdown of cortical effective connectivity during sleep. Science.
2005;309(5744):2228–32. doi: http://dx.doi.org/10.1126/sci-
ence.1117256. PubMed.

126 Rosanova M, Gosseries O, Casarotto S, Boly M, Casali AG, Bruno MA,
et al. Recovery of cortical effective connectivity and recovery of con-
sciousness in vegetative patients. Brain. 2012;135(4):1308–20. doi:
http://dx.doi.org/10.1093/brain/awr340. PubMed.

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 11 of 13

http://dx.doi.org/10.1016/j.neuroimage.2017.11.025
http://dx.doi.org/10.1016/j.neuroimage.2017.11.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29155080&dopt=Abstract
http://dx.doi.org/10.1016/j.media.2018.03.013
http://dx.doi.org/10.1016/j.media.2018.03.013
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29702414&dopt=Abstract
http://dx.doi.org/10.1007/s11682-015-9408-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26123390&dopt=Abstract
http://dx.doi.org/10.1038/nrn.2016.113
http://dx.doi.org/10.1038/nrn.2016.113
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27654862&dopt=Abstract
http://dx.doi.org/10.1038/s41380-018-0267-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30279458&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2014.07.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25161896&dopt=Abstract
http://dx.doi.org/10.1016/j.schres.2015.11.021
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26654933&dopt=Abstract
http://dx.doi.org/10.3389/fpsyt.2017.00014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28220083&dopt=Abstract
http://dx.doi.org/10.1089/brain.2018.0579
http://dx.doi.org/10.1089/brain.2018.0579
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29855202&dopt=Abstract
http://dx.doi.org/10.1089/brain.2018.0608
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30632385&dopt=Abstract
http://dx.doi.org/0rg/10.1093/schbul/sby077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29878254&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2018.06.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30003029&dopt=Abstract
http://dx.doi.org/10.1016/j.schres.2017.09.035
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29153446&dopt=Abstract
http://dx.doi.org/10.1016/j.nicl.2018.02.025
http://dx.doi.org/10.1016/j.nicl.2018.02.025
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29560309&dopt=Abstract
http://dx.doi.org/10.1016/j.neuropsychologia.2016.11.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27825906&dopt=Abstract
http://dx.doi.org/10.1109/TMI.2019.2893651
http://dx.doi.org/10.1109/TMI.2019.2893651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30676948&dopt=Abstract
http://dx.doi.org/10.1016/j.schres.2018.12.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30545760&dopt=Abstract
http://dx.doi.org/10.1093/cercor/bhy232
http://dx.doi.org/10.1093/cercor/bhy232
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30272139&dopt=Abstract
http://dx.doi.org/10.1089/brain.2014.0253
http://dx.doi.org/10.1089/brain.2014.0253
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25083734&dopt=Abstract
http://dx.doi.org/10.3389/fneur.2014.00175
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25309503&dopt=Abstract
http://dx.doi.org/10.3389/fneur.2014.00201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25346721&dopt=Abstract
http://dx.doi.org/10.1089/brain.2015.0389
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26973154&dopt=Abstract
http://dx.doi.org/10.3389/fnhum.2019.00006
http://dx.doi.org/10.3389/fnhum.2019.00006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30774589&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23764
http://dx.doi.org/10.1002/hbm.23764
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28792117&dopt=Abstract
http://dx.doi.org/10.1002/hbm.24064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29602272&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2014.09.007
http://dx.doi.org/10.1016/j.neuroimage.2014.09.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25234118&dopt=Abstract
http://dx.doi.org/10.3389/fncom.2013.00143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24198781&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22548
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24861961&dopt=Abstract
http://dx.doi.org/10.3389/fnins.2016.00381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27601975&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1216856110
http://dx.doi.org/10.1073/pnas.1216856110
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23440216&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2010.08.030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20728554&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.09.029
http://dx.doi.org/10.1016/j.neuroimage.2013.09.029
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24071524&dopt=Abstract
http://dx.doi.org/10.1126/science.1117256
http://dx.doi.org/10.1126/science.1117256
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16195466&dopt=Abstract
http://dx.doi.org/10.1093/brain/awr340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22226806&dopt=Abstract


127 Friston KJ, Buechel C, Fink GR, Morris J, Rolls E, Dolan RJ. Psy-
chophysiological and modulatory interactions in neuroimaging. Neu-
roimage. 1997;6(3):218–29. doi: http://dx.doi.org/10.1006/
nimg.1997.0291. PubMed.

128 Friston KJ, Harrison L, Penny W. Dynamic causal modelling. Neuroim-
age. 2003;19(4):1273–302. doi: http://dx.doi.org/10.1016/
S1053-8119(03)00202-7. PubMed.

129 Friston KJ, Litvak V, Oswal A, Razi A, Stephan KE, van Wijk BCM, et
al. Bayesian model reduction and empirical Bayes for group (DCM)
studies. Neuroimage. 2016;128:413–31. doi: http://dx.doi.org/10.1016/
j.neuroimage.2015.11.015. PubMed.

130 Friston KJ, Kahan J, Biswal B, Razi A. A DCM for resting state fMRI.
Neuroimage. 2014;94:396–407. doi: http://dx.doi.org/10.1016/j.neu-
roimage.2013.12.009. PubMed.

131 Seth AK, Barrett AB, Barnett L. Granger causality analysis in neuro-
science and neuroimaging. J Neurosci. 2015;35(8):3293–7. doi:
http://dx.doi.org/10.1523/JNEUROSCI.4399-14.2015. PubMed.

132 McIntosh AR, Grady CL, Ungerleider LG, Haxby JV, Rapoport SI, Hor-
witz B. Network analysis of cortical visual pathways mapped with PET.
J Neurosci. 1994;14(2):655–66. doi: http://dx.doi.org/10.1523/JNEU-
ROSCI.14-02-00655.1994. PubMed.

133 Rossini PM, Di Iorio R, Bentivoglio M, Bertini G, Ferreri F, Gerloff C,
et al. Methods for analysis of brain connectivity: An IFCN-sponsored
review. Clin Neurophysiol. 2019;130(10):1833–58. doi:
http://dx.doi.org/10.1016/j.clinph.2019.06.006. PubMed.

134 Coito A, Michel CM, Vulliemoz S, Plomp G. Directed functional con-
nections underlying spontaneous brain activity. Hum Brain Mapp.
2019;40(3):879–88. doi: http://dx.doi.org/10.1002/hbm.24418.
PubMed.

135 van Mierlo P, Höller Y, Focke NK, Vulliemoz S. Network Perspectives
on Epilepsy Using EEG/MEG Source Connectivity. Front Neurol.
2019;10:721. doi: http://dx.doi.org/10.3389/fneur.2019.00721. PubMed.

136 Friston KJ. Functional and effective connectivity: a review. Brain Con-
nect. 2011;1(1):13–36. doi: http://dx.doi.org/10.1089/brain.2011.0008.
PubMed.

137 Friston K, Moran R, Seth AK. Analysing connectivity with Granger
causality and dynamic causal modelling. Curr Opin Neurobiol.
2013;23(2):172–8. doi: http://dx.doi.org/10.1016/j.conb.2012.11.010.
PubMed.

138 Adams RA, Bauer M, Pinotsis D, Friston KJ. Dynamic causal modelling
of eye movements during pursuit: Confirming precision-encoding in V1
using MEG. Neuroimage. 2016;132:175–89. doi: http://dx.doi.org/
10.1016/j.neuroimage.2016.02.055. PubMed.

139 Friston KJ, Büchel C. Attentional modulation of effective connectivity
from V2 to V5/MT in humans. Proc Natl Acad Sci USA.
2000;97(13):7591–6. doi: http://dx.doi.org/10.1073/pnas.97.13.7591.
PubMed.

140 Chow HM, Kaup B, Raabe M, Greenlee MW. Evidence of fronto-tem-
poral interactions for strategic inference processes during language com-
prehension. Neuroimage. 2008;40(2):940–54. doi: http://dx.doi.org/
10.1016/j.neuroimage.2007.11.044. PubMed.

141 Sokolov AA, Erb M, Gharabaghi A, Grodd W, Tatagiba MS, Pavlova
MA. Biological motion processing: the left cerebellum communicates
with the right superior temporal sulcus. Neuroimage.
2012;59(3):2824–30. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2011.08.039. PubMed.

142 Sokolov AA, Zeidman P, Erb M, Ryvlin P, Friston KJ, Pavlova MA.
Structural and effective brain connectivity underlying biological motion
detection. Proc Natl Acad Sci USA. 2018;115(51):E12034–42. doi:
http://dx.doi.org/10.1073/pnas.1812859115. PubMed.

143 Dijkstra N, Zeidman P, Ondobaka S, van Gerven MAJ, Friston K. Dis-
tinct Top-down and Bottom-up Brain Connectivity During Visual Per-
ception and Imagery. Sci Rep. 2017;7(1):5677. doi: http://dx.doi.org/
10.1038/s41598-017-05888-8. PubMed.

144 Ren Y, Nguyen VT, Sonkusare S, Lv J, Pang T, Guo L, et al. Effective
connectivity of the anterior hippocampus predicts recollection confi-
dence during natural memory retrieval. Nat Commun. 2018;9(1):4875.
doi: http://dx.doi.org/10.1038/s41467-018-07325-4. PubMed.

145 Grefkes C, Nowak DA, Eickhoff SB, Dafotakis M, Küst J, Karbe H, et
al. Cortical connectivity after subcortical stroke assessed with functional
magnetic resonance imaging. Ann Neurol. 2008;63(2):236–46. doi:
http://dx.doi.org/10.1002/ana.21228. PubMed.

146 Wang LE, Fink GR, Diekhoff S, Rehme AK, Eickhoff SB, Grefkes C.
Noradrenergic enhancement improves motor network connectivity in
stroke patients. Ann Neurol. 2011;69(2):375–88. doi: http://dx.doi.org/
10.1002/ana.22237. PubMed.

147 Nackaerts E, Nieuwboer A, Broeder S, Swinnen S, Vandenberghe W,
Heremans E. Altered effective connectivity contributes to micrographia
in patients with Parkinson’s disease and freezing of gait. J Neurol.

2018;265(2):336–47. doi: http://dx.doi.org/10.1007/
s00415-017-8709-3. PubMed.

148 Michely J, Volz LJ, Barbe MT, Hoffstaedter F, Viswanathan S, Timmer-
mann L, et al. Dopaminergic modulation of motor network dynamics in
Parkinson’s disease. Brain. 2015;138(3):664–78. doi: http://dx.doi.org/
10.1093/brain/awu381. PubMed.

149 Zheng L, Liu W, He W, Yu S, Zhong G. Altered effective brain connec-
tivity at early response of antipsychotics in first-episode schizophrenia
with auditory hallucinations. Clin Neurophysiol. 2017;128(6):867–74.
doi: http://dx.doi.org/10.1016/j.clinph.2017.02.004. PubMed.

150 Dobryakova E, Rocca MA, Valsasina P, Ghezzi A, Colombo B, Mar-
tinelli V, et al. Abnormalities of the executive control network in multi-
ple sclerosis phenotypes: An fMRI effective connectivity study. Hum
Brain Mapp. 2016;37(6):2293–304. doi: http://dx.doi.org/10.1002/
hbm.23174. PubMed.

151 Schulz R, Buchholz A, Frey BM, Bönstrup M, Cheng B, Thomalla G, et
al. Enhanced Effective Connectivity Between Primary Motor Cortex and
Intraparietal Sulcus in Well-Recovered Stroke Patients. Stroke.
2016;47(2):482–9. doi: http://dx.doi.org/10.1161/STROKEA-
HA.115.011641. PubMed.

152 Pool EM, Leimbach M, Binder E, Nettekoven C, Eickhoff SB, Fink GR,
et al. Network dynamics engaged in the modulation of motor behavior in
stroke patients. Hum Brain Mapp. 2018;39(3):1078–92. doi:
http://dx.doi.org/10.1002/hbm.23872. PubMed.

153 Teki S, Barnes GR, Penny WD, Iverson P, Woodhead ZV, Griffiths TD,
et al. The right hemisphere supports but does not replace left hemisphere
auditory function in patients with persisting aphasia. Brain.
2013;136(6):1901–12. doi: http://dx.doi.org/10.1093/brain/awt087.
PubMed.

154 Radman N, Mouthon M, Di Pietro M, Gaytanidis C, Leemann B, Abu-
talebi J, et al. The Role of the Cognitive Control System in Recovery
from Bilingual Aphasia: A Multiple Single-Case fMRI Study. Neural
Plast. 2016;2016:. doi: http://dx.doi.org/10.1155/2016/8797086.
PubMed.

155 Sokolov AA, Erb M, Grodd W, Tatagiba MS, Frackowiak RS, Pavlova
MA. Recovery of biological motion perception and network plasticity
after cerebellar tumor removal. Cortex. 2014;59:146–52. doi:
http://dx.doi.org/10.1016/j.cortex.2014.05.012. PubMed.

156 James GA, Lu ZL, VanMeter JW, Sathian K, Hu XP, Butler AJ.
Changes in resting state effective connectivity in the motor network fol-
lowing rehabilitation of upper extremity poststroke paresis. Top Stroke
Rehabil. 2009;16(4):270–81. doi: http://dx.doi.org/10.1310/
tsr1604-270. PubMed.

157 Kiran S, Meier EL, Kapse KJ, Glynn PA. Changes in task-based effec-
tive connectivity in language networks following rehabilitation in post-
stroke patients with aphasia. Front Hum Neurosci. 2015;9:316. doi:
http://dx.doi.org/10.3389/fnhum.2015.00316. PubMed.

158 Gómez C, Juan-Cruz C, Poza J, Ruiz-Gómez SJ, Gomez-Pilar J, Núñez
P, et al. Alterations of Effective Connectivity Patterns in Mild Cognitive
Impairment: An MEG Study. J Alzheimers Dis. 2018;65(3):843–54. doi:
http://dx.doi.org/10.3233/JAD-170475. PubMed.

159 Breakspear M, Roberts G, Green MJ, Nguyen VT, Frankland A, Levy F,
et al. Network dysfunction of emotional and cognitive processes in those
at genetic risk of bipolar disorder. Brain. 2015;138(11):3427–39. doi:
http://dx.doi.org/10.1093/brain/awv261. PubMed.

160 Lahr J, Minkova L, Tabrizi SJ, Stout JC, Klöppel S, Scheller E; Track-
On-HD Investigators. Working Memory-Related Effective Connectivity
in Huntington’s Disease Patients. Front Neurol. 2018;9:370. doi:
http://dx.doi.org/10.3389/fneur.2018.00370. PubMed.

161 Dirkx MF, den Ouden H, Aarts E, Timmer M, Bloem BR, Toni I, et al.
The Cerebral Network of Parkinson’s Tremor: An Effective Connectivi-
ty fMRI Study. J Neurosci. 2016;36(19):5362–72. doi: http://dx.doi.org/
10.1523/JNEUROSCI.3634-15.2016. PubMed.

162 Buijink AW, van der Stouwe AM, Broersma M, Sharifi S, Groot PF,
Speelman JD, et al. Motor network disruption in essential tremor: a
functional and effective connectivity study. Brain.
2015;138(10):2934–47. doi: http://dx.doi.org/10.1093/brain/awv225.
PubMed.

163 Murta T, Leal A, Garrido MI, Figueiredo P. Dynamic Causal Modelling
of epileptic seizure propagation pathways: a combined EEG-fMRI
study. Neuroimage. 2012;62(3):1634–42. doi: http://dx.doi.org/10.1016/
j.neuroimage.2012.05.053. PubMed.

164 Klamer S, Rona S, Elshahabi A, Lerche H, Braun C, Honegger J, et al.
Multimodal effective connectivity analysis reveals seizure focus and
propagation in musicogenic epilepsy. Neuroimage. 2015;113:70–7. doi:
http://dx.doi.org/10.1016/j.neuroimage.2015.03.027. PubMed.

165 Cooray GK, Sengupta B, Douglas PK, Friston K. Dynamic causal mod-
elling of electrographic seizure activity using Bayesian belief updating.

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 12 of 13

http://dx.doi.org/10.1006/nimg.1997.0291
http://dx.doi.org/10.1006/nimg.1997.0291
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9344826&dopt=Abstract
http://dx.doi.org/10.1016/S1053-8119(03)00202-7
http://dx.doi.org/10.1016/S1053-8119(03)00202-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12948688&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2015.11.015
http://dx.doi.org/10.1016/j.neuroimage.2015.11.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26569570&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.12.009
http://dx.doi.org/10.1016/j.neuroimage.2013.12.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24345387&dopt=Abstract
http://dx.doi.org/10.1523/JNEUROSCI.4399-14.2015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25716830&dopt=Abstract
http://dx.doi.org/10.1523/JNEUROSCI.14-02-00655.1994
http://dx.doi.org/10.1523/JNEUROSCI.14-02-00655.1994
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8301356&dopt=Abstract
http://dx.doi.org/10.1016/j.clinph.2019.06.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31401492&dopt=Abstract
http://dx.doi.org/10.1002/hbm.24418
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30367722&dopt=Abstract
http://dx.doi.org/10.3389/fneur.2019.00721
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31379703&dopt=Abstract
http://dx.doi.org/10.1089/brain.2011.0008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22432952&dopt=Abstract
http://dx.doi.org/10.1016/j.conb.2012.11.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23265964&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2016.02.055
http://dx.doi.org/10.1016/j.neuroimage.2016.02.055
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26921713&dopt=Abstract
http://dx.doi.org/10.1073/pnas.97.13.7591
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=10861020&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2007.11.044
http://dx.doi.org/10.1016/j.neuroimage.2007.11.044
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18201911&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2011.08.039
http://dx.doi.org/10.1016/j.neuroimage.2011.08.039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22019860&dopt=Abstract
http://dx.doi.org/10.1073/pnas.1812859115
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30514816&dopt=Abstract
http://dx.doi.org/10.1038/s41598-017-05888-8
http://dx.doi.org/10.1038/s41598-017-05888-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28720781&dopt=Abstract
http://dx.doi.org/10.1038/s41467-018-07325-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30451864&dopt=Abstract
http://dx.doi.org/10.1002/ana.21228
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17896791&dopt=Abstract
http://dx.doi.org/10.1002/ana.22237
http://dx.doi.org/10.1002/ana.22237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21387380&dopt=Abstract
http://dx.doi.org/10.1007/s00415-017-8709-3
http://dx.doi.org/10.1007/s00415-017-8709-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29243004&dopt=Abstract
http://dx.doi.org/10.1093/brain/awu381
http://dx.doi.org/10.1093/brain/awu381
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25567321&dopt=Abstract
http://dx.doi.org/10.1016/j.clinph.2017.02.004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28399440&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23174
http://dx.doi.org/10.1002/hbm.23174
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26956182&dopt=Abstract
http://dx.doi.org/10.1161/STROKEAHA.115.011641
http://dx.doi.org/10.1161/STROKEAHA.115.011641
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26742802&dopt=Abstract
http://dx.doi.org/10.1002/hbm.23872
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29193484&dopt=Abstract
http://dx.doi.org/10.1093/brain/awt087
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23715097&dopt=Abstract
http://dx.doi.org/10.1155/2016/8797086
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27965899&dopt=Abstract
http://dx.doi.org/10.1016/j.cortex.2014.05.012
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25017648&dopt=Abstract
http://dx.doi.org/10.1310/tsr1604-270
http://dx.doi.org/10.1310/tsr1604-270
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19740732&dopt=Abstract
http://dx.doi.org/10.3389/fnhum.2015.00316
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26106314&dopt=Abstract
http://dx.doi.org/10.3233/JAD-170475
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29103032&dopt=Abstract
http://dx.doi.org/10.1093/brain/awv261
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26373604&dopt=Abstract
http://dx.doi.org/10.3389/fneur.2018.00370
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29915555&dopt=Abstract
http://dx.doi.org/10.1523/JNEUROSCI.3634-15.2016
http://dx.doi.org/10.1523/JNEUROSCI.3634-15.2016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27170132&dopt=Abstract
http://dx.doi.org/10.1093/brain/awv225
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26248468&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2012.05.053
http://dx.doi.org/10.1016/j.neuroimage.2012.05.053
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22634857&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2015.03.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25797835&dopt=Abstract


Neuroimage. 2016;125:1142–54. doi: http://dx.doi.org/10.1016/j.neu-
roimage.2015.07.063. PubMed.

166 Frank GK, Shott ME, Riederer J, Pryor TL. Altered structural and effec-
tive connectivity in anorexia and bulimia nervosa in circuits that regu-
late energy and reward homeostasis. Transl Psychiatry. 2016;6(11):. doi:
http://dx.doi.org/10.1038/tp.2016.199. PubMed.

167 Koch MA, Norris DG, Hund-Georgiadis M. An investigation of func-
tional and anatomical connectivity using magnetic resonance imaging.
Neuroimage. 2002;16(1):241–50. doi: http://dx.doi.org/10.1006/
nimg.2001.1052. PubMed.

168 Honey CJ, Sporns O, Cammoun L, Gigandet X, Thiran JP, Meuli R, et
al. Predicting human resting-state functional connectivity from structural
connectivity. Proc Natl Acad Sci USA. 2009;106(6):2035–40. doi:
http://dx.doi.org/10.1073/pnas.0811168106. PubMed.

169 Hagmann P, Cammoun L, Gigandet X, Meuli R, Honey CJ, Wedeen VJ,
et al. Mapping the structural core of human cerebral cortex. PLoS Biol.
2008;6(7):. doi: http://dx.doi.org/10.1371/journal.pbio.0060159.
PubMed.

170 Stephan KE, Tittgemeyer M, Knösche TR, Moran RJ, Friston KJ. Trac-
tography-based priors for dynamic causal models. Neuroimage.
2009;47(4):1628–38. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2009.05.096. PubMed.

171 Sokolov AA, Zeidman P, Erb M, Ryvlin P, Pavlova MA, Friston KJ.
Linking structural and effective brain connectivity: structurally informed
Parametric Empirical Bayes (si-PEB). Brain Struct Funct.
2019;224(1):205–17. doi: http://dx.doi.org/10.1007/
s00429-018-1760-8. PubMed.

172 Pineda-Pardo JA, Bruña R, Woolrich M, Marcos A, Nobre AC, Maestú
F, et al. Guiding functional connectivity estimation by structural connec-
tivity in MEG: an application to discrimination of conditions of mild
cognitive impairment. Neuroimage. 2014;101:765–77. doi:
http://dx.doi.org/10.1016/j.neuroimage.2014.08.002. PubMed.

173 Douaud G, Filippini N, Knight S, Talbot K, Turner MR. Integration of
structural and functional magnetic resonance imaging in amyotrophic
lateral sclerosis. Brain. 2011;134(12):3470–9. doi: http://dx.doi.org/
10.1093/brain/awr279. PubMed.

174 Wirsich J, Ridley B, Besson P, Jirsa V, Bénar C, Ranjeva JP, et al. Com-
plementary contributions of concurrent EEG and fMRI connectivity for
predicting structural connectivity. Neuroimage. 2017;161:251–60. doi:
http://dx.doi.org/10.1016/j.neuroimage.2017.08.055. PubMed.

175 Deco G, Jirsa VK, McIntosh AR. Emerging concepts for the dynamical
organization of resting-state activity in the brain. Nat Rev Neurosci.
2011;12(1):43–56. doi: http://dx.doi.org/10.1038/nrn2961. PubMed.

176 Deco G, Senden M, Jirsa V. How anatomy shapes dynamics: a semi-an-
alytical study of the brain at rest by a simple spin model. Front Comput
Neurosci. 2012;6:68. doi: http://dx.doi.org/10.3389/fncom.2012.00068.
PubMed.

177 Ghosh A, Rho Y, McIntosh AR, Kötter R, Jirsa VK. Noise during rest
enables the exploration of the brain’s dynamic repertoire. PLOS Comput
Biol. 2008;4(10):. doi: http://dx.doi.org/10.1371/journal.pcbi.1000196.
PubMed.

178 Honey CJ, Kötter R, Breakspear M, Sporns O. Network structure of
cerebral cortex shapes functional connectivity on multiple time scales.
Proc Natl Acad Sci USA. 2007;104(24):10240–5. doi: http://dx.doi.org/
10.1073/pnas.0701519104. PubMed.

179 Ritter P, Schirner M, McIntosh AR, Jirsa VK. The virtual brain inte-
grates computational modeling and multimodal neuroimaging. Brain
Connect. 2013;3(2):121–45. doi: http://dx.doi.org/10.1089/
brain.2012.0120. PubMed.

180 Jirsa V, Sip V. On generalized notions of the Epileptogenic Zone. Neu-
rophysiol Clin. 2018;48(4):233–4. doi: http://dx.doi.org/10.1016/j.neu-
cli.2018.06.036.

181 Proix T, Bartolomei F, Guye M, Jirsa VK. Individual brain structure and
modelling predict seizure propagation. Brain. 2017;140(3):641–54. doi:
http://dx.doi.org/10.1093/brain/awx004. PubMed.

182 Falcon MI, Riley JD, Jirsa V, McIntosh AR, Chen EE, Solodkin A.
Functional Mechanisms of Recovery after Chronic Stroke: Modeling
with the Virtual Brain. eNeuro. 2016;3(2):0158. doi: http://dx.doi.org/
10.1523/ENEURO.0158-15.2016. PubMed.

183 Atasoy S, Donnelly I, Pearson J. Human brain networks function in con-
nectome-specific harmonic waves. Nat Commun. 2016;7(1):10340. doi:
http://dx.doi.org/10.1038/ncomms10340. PubMed.

184 Atasoy S, Roseman L, Kaelen M, Kringelbach ML, Deco G, Carhart-
Harris RL. Connectome-harmonic decomposition of human brain activi-
ty reveals dynamical repertoire re-organization under LSD. Sci Rep.
2017;7(1):17661. doi: http://dx.doi.org/10.1038/s41598-017-17546-0.
PubMed.

185 Huang W, Bolton TAW, Medaglia JD, Bassett DS, Ribeiro A, Van De
Ville D. (2017). A Graph Signal Processing View on Functional Brain
Imaging. Proceedings of the IEEE 125050.

186 Medaglia JD, Huang W, Karuza EA, Kelkar A, Thompson-Schill SL,
Ribeiro A, et al. Functional alignment with anatomical networks is asso-
ciated with cognitive flexibility. Nat Hum Behav. 2018;2(2):156–64.
doi: http://dx.doi.org/10.1038/s41562-017-0260-9. PubMed.

187 Yourganov G, Fridriksson J, Rorden C, Gleichgerrcht E, Bonilha L.
Multivariate Connectome-Based Symptom Mapping in Post-Stroke Pa-
tients: Networks Supporting Language and Speech. J Neurosci.
2016;36(25):6668–79. doi: http://dx.doi.org/10.1523/JNEU-
ROSCI.4396-15.2016. PubMed.

188 Carrera E, Tononi G. Diaschisis: past, present, future. Brain.
2014;137(9):2408–22. doi: http://dx.doi.org/10.1093/brain/awu101.
PubMed.

189 Price CJ, Warburton EA, Moore CJ, Frackowiak RS, Friston KJ. Dy-
namic diaschisis: anatomically remote and context-sensitive human
brain lesions. J Cogn Neurosci. 2001;13(4):419–29. doi:
http://dx.doi.org/10.1162/08989290152001853. PubMed.

190 Parker KL, Kim YC, Kelley RM, Nessler AJ, Chen KH, Muller-Ewald
VA, et al. Delta-frequency stimulation of cerebellar projections can com-
pensate for schizophrenia-related medial frontal dysfunction. Mol Psy-
chiatry. 2017;22(5):647–55. doi: http://dx.doi.org/10.1038/mp.2017.50.
PubMed.

191 Stoodley CJ, D’Mello AM, Ellegood J, Jakkamsetti V, Liu P, Nebel
MB, et al. Altered cerebellar connectivity in autism and cerebellar-medi-
ated rescue of autism-related behaviors in mice. Nat Neurosci.
2017;20(12):1744–51. doi: http://dx.doi.org/10.1038/
s41593-017-0004-1. PubMed.

192 van Wijk BCM, Cagnan H, Litvak V, Kühn AA, Friston KJ. Generic dy-
namic causal modelling: An illustrative application to Parkinson’s dis-
ease. Neuroimage. 2018;181:818–30. doi: http://dx.doi.org/10.1016/
j.neuroimage.2018.08.039. PubMed.

193 Papadopoulou M, Cooray G, Rosch R, Moran R, Marinazzo D, Friston
K. Dynamic causal modelling of seizure activity in a rat model. Neu-
roimage. 2017;146:518–32. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2016.08.062. PubMed.

194 Marreiros AC, Cagnan H, Moran RJ, Friston KJ, Brown P. Basal gan-
glia-cortical interactions in Parkinsonian patients. Neuroimage.
2013;66:301–10. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2012.10.088. PubMed.

195 Almashaikhi T, Rheims S, Jung J, Ostrowsky-Coste K, Montavont A,
De Bellescize J, et al. Functional connectivity of insular efferences.
Hum Brain Mapp. 2014;35(10):5279–94. doi: http://dx.doi.org/10.1002/
hbm.22549. PubMed.

196 David O, Job AS, De Palma L, Hoffmann D, Minotti L, Kahane P. Prob-
abilistic functional tractography of the human cortex. Neuroimage.
2013;80:307–17. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2013.05.075. PubMed.

197 Donos C, Mălîia MD, Mîndruţă I, Popa I, Ene M, Bălănescu B, et al. A
connectomics approach combining structural and effective connectivity
assessed by intracranial electrical stimulation. Neuroimage.
2016;132:344–58. doi: http://dx.doi.org/10.1016/j.neuroim-
age.2016.02.054. PubMed.

198 Leavitt VM, Wylie G, Genova HM, Chiaravalloti ND, DeLuca J. Al-
tered effective connectivity during performance of an information pro-
cessing speed task in multiple sclerosis. Mult Scler. 2012;18(4):409–17.
doi: http://dx.doi.org/10.1177/1352458511423651. PubMed.

Review article Swiss Arch Neurol Psychiatr Psychother. 2019;170:w03074

Swiss Archives of Neurology, Psychiatry and Psychotherapy · PDF of the online version · www.sanp.ch

Published under the copyright license “Attribution – Non-Commercial – No Derivatives 4.0”.
No commercial reuse without permission. See http://emh.ch/en/services/permissions.html.

Page 13 of 13

http://dx.doi.org/10.1016/j.neuroimage.2015.07.063
http://dx.doi.org/10.1016/j.neuroimage.2015.07.063
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26220742&dopt=Abstract
http://dx.doi.org/10.1038/tp.2016.199
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27801897&dopt=Abstract
http://dx.doi.org/10.1006/nimg.2001.1052
http://dx.doi.org/10.1006/nimg.2001.1052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11969331&dopt=Abstract
http://dx.doi.org/10.1073/pnas.0811168106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19188601&dopt=Abstract
http://dx.doi.org/10.1371/journal.pbio.0060159
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18597554&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2009.05.096
http://dx.doi.org/10.1016/j.neuroimage.2009.05.096
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19523523&dopt=Abstract
http://dx.doi.org/10.1007/s00429-018-1760-8
http://dx.doi.org/10.1007/s00429-018-1760-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30302538&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2014.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25111472&dopt=Abstract
http://dx.doi.org/10.1093/brain/awr279
http://dx.doi.org/10.1093/brain/awr279
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22075069&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2017.08.055
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28842386&dopt=Abstract
http://dx.doi.org/10.1038/nrn2961
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21170073&dopt=Abstract
http://dx.doi.org/10.3389/fncom.2012.00068
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23024632&dopt=Abstract
http://dx.doi.org/10.1371/journal.pcbi.1000196
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18846206&dopt=Abstract
http://dx.doi.org/10.1073/pnas.0701519104
http://dx.doi.org/10.1073/pnas.0701519104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17548818&dopt=Abstract
http://dx.doi.org/10.1089/brain.2012.0120
http://dx.doi.org/10.1089/brain.2012.0120
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23442172&dopt=Abstract
http://dx.doi.org/10.1016/j.neucli.2018.06.036
http://dx.doi.org/10.1016/j.neucli.2018.06.036
http://dx.doi.org/10.1093/brain/awx004
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28364550&dopt=Abstract
http://dx.doi.org/10.1523/ENEURO.0158-15.2016
http://dx.doi.org/10.1523/ENEURO.0158-15.2016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27088127&dopt=Abstract
http://dx.doi.org/10.1038/ncomms10340
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26792267&dopt=Abstract
http://dx.doi.org/10.1038/s41598-017-17546-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29247209&dopt=Abstract
http://dx.doi.org/10.1038/s41562-017-0260-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30498789&dopt=Abstract
http://dx.doi.org/10.1523/JNEUROSCI.4396-15.2016
http://dx.doi.org/10.1523/JNEUROSCI.4396-15.2016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27335399&dopt=Abstract
http://dx.doi.org/10.1093/brain/awu101
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24871646&dopt=Abstract
http://dx.doi.org/10.1162/08989290152001853
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11388916&dopt=Abstract
http://dx.doi.org/10.1038/mp.2017.50
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28348382&dopt=Abstract
http://dx.doi.org/10.1038/s41593-017-0004-1
http://dx.doi.org/10.1038/s41593-017-0004-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29184200&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2018.08.039
http://dx.doi.org/10.1016/j.neuroimage.2018.08.039
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30130648&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2016.08.062
http://dx.doi.org/10.1016/j.neuroimage.2016.08.062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27639356&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2012.10.088
http://dx.doi.org/10.1016/j.neuroimage.2012.10.088
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23153964&dopt=Abstract
http://dx.doi.org/10.1002/hbm.22549
http://dx.doi.org/10.1002/hbm.22549
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24839121&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2013.05.075
http://dx.doi.org/10.1016/j.neuroimage.2013.05.075
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23707583&dopt=Abstract
http://dx.doi.org/10.1016/j.neuroimage.2016.02.054
http://dx.doi.org/10.1016/j.neuroimage.2016.02.054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26921715&dopt=Abstract
http://dx.doi.org/10.1177/1352458511423651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21965419&dopt=Abstract

