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Abstract Although functional magnetic resonance imag-
ing (fMRI) has long been used to assess task-related brain
activity in neuropsychiatric disorders, it has not yet become
a widely available clinical tool. Resting-state fMRI (rs-
fMRI) has been the subject of recent attention in the fields
of basic and clinical neuroimaging research. This method
enables investigation of the functional organization of the
brain and alterations of resting-state networks (RSNs) in
patients with neuropsychiatric disorders. Rs-fMRI does not
require participants to perform a demanding task, in con-
trast to task fMRI, which often requires participants to
follow complex instructions. Rs-fMRI has a number of
advantages over task fMRI for application with neuropsy-
chiatric patients, for example, although applications of task
fMR to participants for healthy are easy. However, it is
difficult to apply these applications to patients with psy-
chiatric and neurological disorders, because they may have
difficulty in performing demanding cognitive task. Here,
we review the basic methodology and analysis techniques
relevant to clinical studies, and the clinical applications of
the technique for examining neuropsychiatric disorders,
focusing on mood disorders (major depressive disorder and
bipolar disorder) and dementia (Alzheimer’s disease and
mild cognitive impairment).
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Introduction

Resting-state functional magnetic resonance imaging (rs-
fMRI), or resting-state functional connectivity MRI (rs-
fcMRI), is an emerging functional brain imaging method
(Greicius et al. 2003). This technique investigates the func-
tional integration of neural networks at rest when no par-
ticular sensorimotor or cognitive task is imposed. The brain,
even at rest, exhibits a highly organized pattern of correlated
activity across a set of remote regions, and this phenomenon
can be observed through changes in brain hemodynamics, a
surrogate marker of summed synaptic and neuronal activi-
ties. As with the conventional task fMRI, rs-fMRI typically
measures blood oxygenation level-dependent (BOLD) sig-
nals reflecting brain hemodynamics. However, one principle
of rs-fcMRI contrasts with the conventional task fMRI
methods, which measure the modulation of BOLD signals in
response to externally controlled tasks or stimuli. Instead, rs-
fMRI investigates naturally occurring low-frequency (typi-
cally 0.01-0.08 Hz) fluctuations in BOLD signals, consid-
ered to reflect physiologically meaningful changes of
spontaneous neural activity in the resting-state networks
(RSNs). The analysis of RSNs has recently received atten-
tion as a clinical tool (Lowe et al. 2000; Lee et al. 2013).
Mounting evidence from clinical rs-fMRI studies has indi-
cated that rs-fMRI may be a promising tool for investigating
pathophysiological characteristics of RSNs associated with
neuropsychiatric disorders (Wu et al. 2011a; Broyd et al.
2009). Rs-fMRI has a number of advantages over task fMRI
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for the diagnosis of neuropsychiatric disorders (Grotegerd
et al. 2013), which will be discussed in this article.

In this review, we aim to summarize the utility of rs-
fMRI studies for examining neuropsychiatric disorders. We
will concentrate on two types of neuropsychiatric disor-
ders, namely mood disorders (MD) and cognitive disorders
(dementia), because the early diagnosis of these disorders
poses important clinical challenges. MD is characterized by
disturbances of positive or negative emotional states. MD
includes major depressive disorder (MDD), which is
characterized by at least 2 weeks of low mood that is
present across most situations, and bipolar disorder (BD),
which is characterized by abnormally pronounced shifts in
mood between “up” and “down” states. Differential
diagnosis of MDD and BD is important, because MDD and
BD require different therapeutic strategies. However,
diagnosis is clinically challenging, because BD often ini-
tially presents with several depressive episodes, followed
by manic episodes (Bowden 2001). As the diagnosis of BD
requires both manic and hypomanic episodes, many
patients are initially diagnosed and treated for MDD
(Muzina et al. 2007).

Depressive symptoms result not only from MD, but also
from stress reactions and a diverse range of neuropsychi-
atric disorders including dementia, Parkinson’s disease,
and organic damage to the brain. Differential diagnosis of
MDD and early stage dementia is important, particularly in
elderly populations. Moreover, MD and cognitive disorders
often overlap. Some researchers have proposed that MDD
is a prodromal sign, or possibly a prodromal symptom, of
dementia (Green et al. 2003; Muliyala and Varghese 2010).
Alzheimer’s disease (AD) is the most common form of
dementia, characterized by memory loss at an early stage
of the disease, and then evolving into widespread decline in
many cognitive domains. Pathologically, AD is a neu-
rodegenerative disorder involving widespread neuronal cell
loss, neurofibrillary tangles, and senile plaques in the brain
(Selkoe 1994). Dementia with Lewy bodies (DLB) is the
second most common form of neurodegenerative dementia
(20% of cases at autopsy) after AD (50-60% of cases at
autopsy) (McKeith et al. 1996). AD primarily presents with
deficits in episodic and working memory (Gold and Budson
2008; Yetkin et al. 2006), while DLB is characterized by
decline in attentional and visuoperceptual abilities (Cal-
deron et al. 2001; Collerton et al. 2003). Fronto-temporal
lobar degeneration is another type of neurodegenerative
dementia (Neary et al. 2005). Mild cognitive impairment
(MCI) in many cases represents a transitional, pre-de-
mentia phase preceding all types of dementias including
AD. MCI is classified into amnestic and non-amnestic
types. Amnestic MCI, once diagnosed, has a conversion
rate of 41% to AD after 1 year and 64% after 2 years. The
conversion rate of amnestic MCI is higher than that of non-
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amnestic MCI (Bharath et al. 2016). Differential diagnosis
of these several types of dementia at an early stage is
challenging because of the heterogeneity of each disease
and the overlap of symptoms across dementias.

Rs-fMRI potentially provides a versatile technique for
clinicians to determine the neuropathology of patients
suffering from mood and cognitive disorders. Moreover, rs-
fMRI may become an important technique to provide
useful information for the early diagnosis of these disorders
in the near future. In addition, rs-fMRI methods are
evolving into valuable tools for clinical systems neuro-
science (Hanakawa 2015). Here, we overview the basic
principles of the technology, the analysis techniques
applied to patient populations, and findings from rs-fMRI
studies of mood and cognitive disorders.

Introduction to resting-state fMRI
A brief overview of functional MRI methodology

Neural/synaptic activity requires energy in the brain. This
energy requirement is primarily fulfilled by adenosine
triphosphates generated aerobically from glucose and oxy-
gen supplied via arterial blood flow. Thus, changes in local
neural/synaptic activity are accompanied by changes in
regional blood flow (Roy and Sherrington 1890), glucose
metabolism (Sokoloff et al. 1977), and oxygen consumption
(Fox and Raichle 1986). This is the consequence of a com-
plex sequence of cellular, metabolic, and vascular processes,
collectively known as “neurovascular coupling”. Moreover,
changes in the oxygenation, blood flow, and blood volumes
are called “hemodynamic changes”. These hemodynamic
changes induce changes in the relative concentration of
diamagnetic oxyhemoglobin and paramagnetic deoxyhe-
moglobin, which induces inhomogeneity of magnetic fields.
This inhomogeneity of magnetic fields can be detected by
imaging with a T2*-weighted MRI sequence with a typical
spatial resolution of 2-3 mm. These MRI signal changes,
using deoxyhemoglobin as an internal contrast medium, are
referred to as “BOLD” effects (Ogawa et al. 1990). The
technology for detecting changes in BOLD signals associ-
ated with cognitive and sensorimotor tasks is now widely
known as “task functional magnetic resonance imaging”
(task fMRI). BOLD signals peak around several seconds
after a stimulus. Brain activity can thus be investigated,
albeit indirectly, using fMRI with a spatial resolution of
2-3 mm and the time resolution of seconds.

A body of research based on these assumptions has
demonstrated that task fMRI can be used to create “acti-
vation maps” of signal changes associated with a variety of
tasks (movement, perception, attention, emotion, reward,
memory, cognitive, and many other tasks). fMRI signals
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primarily reflect incoming input to (i.e., synaptic activity),
and local processing of, neuronal ensembles in a given area
in addition to output neuronal spiking activity (Logothetis
et al. 2001). However, task fMRI has several technical
caveats. First, it should be noted that low-frequency
domains of the BOLD signal time-course include various
types of physiological noise caused by respiration and
pulsation (Birn et al. 2008). This poses a problem in the
interpretation of task fMRI data, since demanding tasks
likely evoke changes in respiration and pulsation, which
would in turn affect fMRI signals. Another limitation of
task fMRI is that the interpretation depends on task per-
formance, which may substantially differ across individu-
als and study groups. Hence, the interpretation of task
fMRI data is often difficult when applied to patients with
neuropsychiatric disorders, because those patients typically
have difficulty in performing demanding tasks. Thus,
methods for examining the resting state may be useful for
circumventing these issues.

Basics of resting-state fMRI

Traditionally, fMRI has been used to measure changes of
BOLD signals associated with task conditions that are
alternated with or inserted into no-task or control condi-
tions. In contrast, resting-state fMRI (rs-fMRI) rests on the
acquisition of BOLD fMRI time-series data continuously at
rest. As such, participants are not required to perform any
motor/cognitive task or to pay attention to any particular
stimulus. Participants are typically instructed to clear their
minds and not to engage in specific thoughts or visual
images. It should be noted that “resting” conditions sub-
stantially differ across studies. A resting condition may
refer to an eyes-open condition with or without a fixation
target, or an eyes-closed condition. The most appropriate
method for controlling the “resting state” remains an open
question. However, at minimum, it is advised to monitor
sleepiness with an adequate questionnaire and other phys-
iological parameters when possible.

The advent of rs-fMRI arose from the observation that
correlations could be identified across the nodes of func-
tional networks through the analysis of low-frequency
fluctuations extracted from resting-state BOLD fMRI time-
series data. Biswal and colleagues (1995) were the first to
propose that the analysis of spontaneous BOLD fluctua-
tions revealed distinct neural networks. They reported a
high correlation of signal fluctuations, which were most
pronounced in the range of 0.08-0.1 Hz, between the
bilateral sensorimotor cortices. In addition, they examined
the sensorimotor cortex using task fMRI, and found that rs-
fMRI identified the same parts of the sensorimotor cortex
identified with task MRI. This inter-regional correlation of

low-frequency fluctuations is thought to reflect the state of
functional connectivity (FC) between remote brain regions
constituting the “resting-state networks” (RSNs). The
finding that RSN activity can be detected by rs-fMRI has
been well replicated, along with the finding that RSNs
overlap with task-related networks (Beckmann et al. 2005).

Resting-state networks (RSNs)

The default mode network (DMN) is one of the most
commonly examined RSNs. The DMN was originally
discovered using positron emission tomography, as a set of
brain regions most strongly “deactivated” by demanding
cognitive tasks in comparison with a condition without a
task (i.e., resting state; Raichle et al. 2001). The finding
that DMN can be detected using rs-fMRI triggered the
surge of broad interest in rs-fMRI (Barkhof et al. 2014).

The previous studies have used a variety of analysis
methods to examine FC in RSNs during rest in healthy
participants (Damoiseaux et al. 2006; Beckmann et al.
2005). RSNs include the DMN, medial and lateral visual
networks, fronto-parietal network (Yeo et al. 2011; Smith
et al. 2009), salience network, executive network (Seeley
et al. 2007), attention network (Yeo et al. 2011), sensory-
motor network, auditory network, cerebellar network
(Smith et al. 2009), basal ganglia network, frontal cortical
network, cognitive control network, and affective network.
Many previous rs-fMRI studies of neuropsychiatric disor-
ders have focused on the DMN and the salience network in
particular.

Advantages of rs-fMRI over task fMRI for clinical
applications

Without imposing an external task, rs-fMRI analyzes
spontaneous fluctuations of BOLD signals, which reflect
intrinsic changes in synaptic/neural activity over time. This
task-free protocol has strong advantages over the conven-
tional task fMRI for clinical applications. First, rs-fMRI
does not require a complex set-up for stimulus presenta-
tion, response recording, or task timing control which are
prerequisites for task fMRI studies. Such systems are often
expensive, because all equipment must be compatible with
strongly magnetic environments. Second, because of the
task-free nature, rs-fMRI is less demanding for both par-
ticipants and investigators in terms of time (no preparation
time needed) and effort. Thus, dropouts or exclusion of
participants due to poor compliance with instructions (e.g.,
head motion) or the incidental failure of experimental
controls is less likely to affect rs-fMRI studies. Third, the
interpretation of rs-fMRI data is simpler than that of task
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fMRI, since it is not influenced by task performance. Dif-
ferences in task performance affect fMRI signals, and thus
the results of task fMRI are often confounded by individual
differences in task performance. This is particularly prob-
lematic in patient studies, since differences in task per-
formance across groups are inherent (e.g., cognitively
impaired patients would be expected to show poor cogni-
tive performance, by definition, in comparison with control
groups). Fourth, rs-fMRI provides information about
functional networks, the level at which many neuropsy-
chiatric disorders involve underlying pathophysiological
changes.

Analysis methods of rs-fMRI applied to clinical
studies

A variety of methods have been proposed for the pro-
cessing and analysis of rs-fMRI data. Rs-fMRI methods
can be classified into two groups: model-dependent
(model-driven) approaches and model-free (data-driven)
approaches. For clinical studies, both types of method are
applicable to the analysis of rs-fMRI (van den Heuvel and
Hulshoff Pol 2010). Popular statistical methods are seed-
based analysis, independent component analysis (ICA), and
graph analysis.

Model-dependent: seed-based analysis

One traditional approach is a model-based voxel-wise
analysis to examine the degree of FC from a seed region
to another region, yielding FC (seed-to-seed analysis), or
to all the other voxels in the whole brain, yielding an FC
map (seed-to-voxel analysis; (Fox and Raichle 2007).
This approach is a model-based approach, because a seed
region needs to be specified a priori and, to do so, a model
of the pattern of FC or FC of interest must be known
before the analysis. After setting up a seed region as a
volume of interest (VOI), this analysis can inspect FC as a
parameter representing temporally coherent fluctuations
of BOLD signals between anatomically distinct brain
regions. Because the seed-to-voxel analysis is straight-
forward and provides comprehensible results, it has tra-
ditionally been the most popular technique. Since the
seed-based comparison of FC can be performed on the
basis of the general linear model, it is straightforward to
apply for the comparison of FCs between groups. As such,
the seed-based analysis may have more diagnostic power
than model-free methods such as ICA to differentiate
between patients with AD and healthy subjects (Koch
et al. 2012).
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Model-free: independent component analysis (ICA)

Model-free methods attempt to find a reduced set of tem-
poral basis functions, such that time-course can be well
approximated by a linear combination of these temporal
bases. ICA is a signal processing technique that separates
observed signals into a set of spatiotemporal components
mathematically independent of each other. ICA has suc-
cessfully been used for the investigation of hidden neuronal
activation patterns measured with BOLD fMRI (Beckmann
and Smith 2004). In an ICA analysis of fMRI data,
observable spatially distributed BOLD time-series data are
hypothesized to be a linear mixture of spatially indepen-
dent maps, each of which has particular temporal dynam-
ics. Thus, ICA applied to rs-fcMRI data identifies RSNs as
spatially independent components corresponding to RSN
maps, accompanied by information about signal variation
time-courses attached to each RNS. An advantage of ICA
is that it does not require a priori assumptions about the
seed regions or neural networks. Furthermore, ICA can
separate signals that do not necessarily reflect neural/sy-
naptic activity, so that ICA is widely applied to the removal
of noises in rs-fMRI data (Beckmann et al. 2005). How-
ever, one of the problems in ICA analysis is that there is
not a straightforward way to infer physiological meaning of
separated ICA components. The “dual regression” method
has been introduced to overcome this limitation of statis-
tical inference for the comparison of ICA components
between groups (Filippini et al. 2009). The dual regression
method takes both spatial and temporal aspects of RSN
information into account to create subject-specific spa-
tiotemporal maps, unlike other back-reconstruction tech-
niques (Filippini et al. 2009). Moreover, not only is the
temporally concatenated ICA dual regression approach
reliable, it also produces more robust results than template
matching ICA performed on an individual level (Zuo et al.
2010). The dual regression approach is performed at three
stages. First, using ICA, the concatenated multiple rs-fMRI
data sets are decomposed into large-scale patterns of FC in
the subject population. Second, subject-specific temporal
dynamics and associated spatial maps are identified within
each subject’s rs-fMRI data set. Finally, the spatial maps
are collected across the subjects for each group. The dif-
ferences between the groups are then tested using voxel-
wise non-parametric permutation testing, yielding spatial
maps characterizing between-subject/group differences.

Graph analysis

Graph theory is an advanced network analysis method,
and has previously been applied in several clinical rs-
fcMRI studies (Sanz-Arigita et al. 2010). A graph theory-
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based analysis regards the whole brain as a single inter-
woven network, which consists of nodes and edges that
correspond to brain regions and the pathways between
them, respectively. In practice, VOIs are set up as sets of
nodes according to a brain atlas or function localizer task
(Smith et al. 2011) to create a covariance matrix. How-
ever, recent developments have enabled graph analysis at
a voxel level (Dai et al. 2015). Graph analysis provides
various metrics that describe features of network topol-
ogy. The metrics include “centrality”, “cluster coeffi-
cient”, “characteristic path length”, and “betweenness”.
In addition, exploratory graph analysis can be performed
without any a prior hypothesis about network topology.
The metrics estimated at the subject level can be grouped
and assessed using the conventional statistical tests to
search for group differences. However, it should be noted
that graph-derived metrics are sometimes difficult to
interpret from behavioral and pathophysiological points
of view.

Subsidiary methods: machine learning (ML)

The ML or brain “decoding” technique provides an
important complementary method, which may aid the
development of effective, reliable rs-fMRI methodology
for the early diagnosis of neuropsychiatric conditions.
Support vector machine (SVM) methods have widely
been used to achieve this objective. SVM is a supervised,
multivariate classification method, generating a ‘“hy-
perplane” that defines the boundary of different data
labels (e.g., a patient group and a control group). SVM
requires a supervised training phase during which
parameters defining a hyperplane are trained based on
labeled data, so that distances between the hyperplane
and the data points closest to the hyperplane are maxi-
mized. In practice, FCs are typically retrieved from pairs
of VOIs, forming a covariance matrix (Craddock et al.
2009; Zeng et al. 2012). A classifier is trained by these
FCs retrieved from a part of the entire data set. In a test
phase, a new data set (not used for training) is fed into
the trained classifier for blind separation (Cao et al.
2014). SVM has been applied to neuroimaging data (Lao
et al. 2004; Mourao-Miranda et al. 2005) and has already
been applied in many clinical rs-fMRI studies (Fan et al.
2005; Kawasaki et al. 2007).

Applications of rs-fMRI to Alzheimer’s disease
and other dementias

A number of previous studies have demonstrated the
potential utility of rs-fMRI for identifying patients with
Alzheimer’s disease (AD) and other dementias.

Seed-based analysis

Since a seed-based analysis requires an a priori model of
the seed regions, the previous rs-fMRI studies have focused
on FC involving brain regions already implicated in
dementia, including the hippocampus. Wang and col-
leagues (2006) reported increased FC between the left
hippocampus and the right dorsolateral prefrontal cortex
(dIPFC) in patients with AD compared with healthy con-
trols. In contrast, the right hippocampus exhibited dis-
rupted FC with the medial prefrontal cortex (mPFC) and
ventral anterior cingulate cortex (ACC). Notably, these
regions with reduced connectivity are part of the DMN.
The right hippocampus also showed reduced FC with other
DMN-related brain regions such as the posterior cingulate
cortex (PCC) and temporal cortex (Wang et al. 2006)
(Fig. 1a). Zarei and colleagues (2013) analyzed FCs asso-
ciated with three functional sub-regions (head, body, and
tail) of the bilateral hippocampi. They showed that patients
with AD had stronger connectivity between the PFC and
the head of the hippocampus, and weaker connectivity with
the PCC in the body of the hippocampus, compared with
controls (Zarei et al. 2013).

PCC, a hub of the DMN, has been the subject of
substantial attention in AD research. Zhang and col-
leagues (2009) studied dementia (possible or probable
AD) at the early stages and reported lateralized discon-
nection between the PCC and the left hippocampus. In
addition, the results revealed that the PCC exhibited
reduced FC with the primary visual cortices, inferior
temporal cortex, precuneus, and thalamus. Adjoining the
PCC, the retrosplenial cortex is another important seed
region (Zhang et al. 2009) (Fig. 1b). Dillen and col-
leagues (2016) investigated FC patterns of both the PCC
and retrosplenial cortex in prodromal-mild AD, subjective
cognitive impairment and healthy seniors. The retrosple-
nial cortex seed revealed higher FC with the mPFC and
lateral occipital areas in prodromal AD, whereas the PCC
seed exhibited higher FC with the lingual gyrus. This
study indicates the distinction of FC between the retros-
plenial cortex and the PCC at the early stage of AD
(Dillen et al. 2016). Zhang and colleagues (2010) reported
that patterns of DMN disconnection were enhanced with
the progression of AD, reflecting alterations of FC in AD-
affected brains along a continuum. Among the nodes of
the DMN, the mPFC and precuneus were found to exhibit
the most conspicuous connectivity deficits. Besides the
DMN, the amygdala has also been found to be a vul-
nerable structure in the early stages of AD (Zhang et al.
2010). In a voxel-wise FC analysis using the amygdala as
a seed, Yao and colleagues (2013) reported that FC was
decreased between the amygdala and the other limbic
regions (hippocampus, para-hippocampal gyrus, superior
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Fig. 1 Functional connectivity
in resting-state in Alzheimer’s
disease (AD). Regions of
connectivity loss or increase in
AD, a case of hippocampus
(Wang et al. 2006) and b PCC
(Zhang et al. 2009) in DMN.
The yellow is showed increase
and blue is decrease. Green of
square is showed seed region.
Mask of DMN is referred to yeo
and colleagues (Yeo et al. 2011)

Default mode network

Alzheimer’s disease vs. Helth

Controls

a. Seed region: hippocampus

Right )
side

b. Seed region: PCC

Right
side

hippocampus

Increase

DLPFC

Primary
motor cortex

\EE] coprtex

Decrease Seed region

temporal gyrus, and middle cingulate cortex) in AD and
MCI. They also found decreased FC between the amyg-
dala and several non-limbic regions (inferior frontal cor-
tex, putamen, and sensory-motor network). The
involvement of the non-limbic/non-DMN network in
pathophysiology of AD was also suggested by another
seed-based rs-fMRI study (Yao et al. 2013). Brier and
colleagues (2012) employed five RSNs (DMN, dorsal
attention network, control network, salience network, and
sensory-motor network) as seeds, revealing that all RSNs
were affected, in association with the severity of AD
(Brier et al. 2012).
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Seed-based analysis of rs-fMRI has been applied for
examining DLB. Kenny and colleagues (2012) used the
hippocampi, PCC, precuneus, and primary visual cortices
as seeds, and compared FC across DLB, AD, and healthy
controls. DLB patients exhibited greater connectivity
involving the PCC, while AD patients exhibited greater FC
of the left hippocampus in comparison with controls, as
reported previously (e.g., Wang et al. 2006). Specifically,
in DLB, the right PCC showed significantly greater con-
nectivity with the cerebellum, ACC, and globus pallidus,
compared with controls. However, the results from the
precuneus and primary visual cortex seeds did not show



Clinical utility of resting-state functional connectivity magnetic resonance imaging for... 827

significant differences in FC between the groups. This
finding may seem surprising, considering that visual
symptoms, such as hallucination, are a hallmark of DLB
(Kenny et al. 2012). However, using the precuneus as a
seed region, Galvin and colleagues (2011) showed that
DLB patients exhibited decreased connectivity between the
precuneus and primary visual cortex, compared with AD
patients or controls. Furthermore, DLB patients showed
reduced precuneus connectivity with the mPFC and hip-
pocampus compared with controls. In addition, DLB
patients showed positive correlations between the pre-
cuneus and putamen where AD patients and controls
showed anti-correlations. Thus, connectivity with PCC/
precuneus may help differentiate between DLB, AD, and
healthy older people (Galvin et al. 2011).

ICA

Greicius and colleagues (2004) were the first to apply ICA
analysis of rs-fMRI to dementia. Using the ICA-based
analyses, several other studies replicated the results from
seed-based rs-fMRI studies, which indicated reduced
DMN-hippocampus FC in AD (Wu et al. 2011b; Schwindt
et al. 2013; Binnewijzend et al. 2012). Pasquini and col-
leagues (2015) investigated FC related to the DMN using
both local (limited search volume) and global (whole-brain
exploratory) methods. The analysis of global connectivity
replicated reduced DMN/hippocampus FC in AD. How-
ever, the analysis of local connectivity suggested a fine-
graded abnormality in DMN-hippocampus FC in AD and
related disorders. Local connectivity in the hippocampus
was increased in AD and MCI compared with controls,
while local connectivity in PCC was reduced in AD com-
pared with MCI and controls. Importantly, increased hip-
pocampal connectivity was negatively correlated with
performance in a delayed memory task in patients with
dementia (Pasquini et al. 2015). Damoiseaux and col-
leagues (2012) used ICA and separated the DMN into three
sub-networks (anterior, posterior, and ventral DMN). They
reported decreased connectivity in the posterior DMN and
increased connectivity in the anterior and ventral DMN in a
baseline investigation. At the follow-up stage, FC was
reduced in all three sub-networks of DMN. This result
suggests that FC may show differential changes over time
across the sub-networks of DMN as AD progresses
(Damoiseaux et al. 2012).

An advantage of ICA-based analyses over seed-based
analyses is that multiple RSNs can be systematically
examined. Castellazzi and colleagues (2014) developed a
strategy for selecting RSNs of interest and applied the
technology with AD, MCI, and control groups. The ICA
analysis first identified 15 RSNs. Although all 15 RSNs
showed some differences across the groups, the RSNs were

ranked according to the magnitude and extension of FC
alterations. This procedure yielded six significant RSNs:
the DMN, frontal cortical network, lateral visual network,
cerebellar network, and basal ganglia network. Notably, the
prefrontal cortex and mesial temporal cortex (hippocam-
pus) exhibited common alterations across different RSN,
suggesting a hub-like role of those two regions in dementia
(Castellazzi et al. 2014). Adriaanse and colleagues (2014)
examined FC in the early onset AD patients (<65 years
old), late-onset AD patients (=65 years old), and young
and older control participants. Compared to late-onset AD
patients, the early onset AD patients exhibited reduced FC
in five RSNs: the auditory network, sensory-motor net-
work, dorsal visual network, and DMN. Thus, RSNs may
be more widely disrupted in early onset AD than late-onset
AD (Adriaanse et al. 2014).

ICA analysis has been applied to the comparison of AD
with other types of dementia. Franciotti and colleagues
(2013) assessed whether typical DLB patients exhibit dif-
ferent FC patterns compared with AD patients. Direct
comparison between AD and DLB patients failed to reveal
significant group differences. In AD, however, FC in the
DMN was found to be lower than that of controls, and this
reduction was mainly ascribed to a decrease in FC
involving the PCC. In DLB patients, the engagement of the
PCC was no different from that of controls. In DLB
patients, compared with controls, FC was reduced for the
interhemispheric network and for the right fronto-parietal
networks, and this reduction was correlated with the level
of cognitive fluctuation in DLB (Franciotti et al. 2013). In a
study by Lowther and colleagues (2014), DLB patients
showed reduced FC in the DMN, salience network and
executive network compared with AD patients and con-
trols, whereas DLB patients showed increased FC in the
basal ganglia network. Overall, several network features
retrieved with ICA can provide valuable information for
differentiating between AD and DLB (Lowther et al.
2014).

Graph analysis

Sanz-Arigita and colleagues (2010) compared AD patients
and healthy controls using several metrics obtained using
graph analysis. They found abnormalities in global (char-
acteristic path length) rather than local (cluster coefficient)
metrics in AD patients, suggesting a conversion from a
small world network to less optimal network topologies in
AD. These abnormalities in global graph metrics were
particularly evident for the connections between the frontal
lobe and parietal/occipital lobes, in accord with suggested
anterior—posterior disconnections in AD (Sanz-Arigita
et al. 2010). Toussaint et al. (2014) combined ICA and
graph analysis for rs-fMRI data derived from young and
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older healthy subjects and patients with AD. ICA was first
used to identify sub-systems of the DMN. Network features
were retrieved using graph analysis. For the comparison
between the young and older subjects, long-range fronto-
parietal interactions were decreased (lower global effi-
ciency) with age, but local coupling within each lobe was
increased (higher local clustering) with age (Toussaint
et al. 2014). The decreases in fronto-parietal interactions,
particularly in the precuneus—PCC, were more pronounced
in patients with AD compared with the older control
patients, consistent with the findings of Sanz-Arigita and
colleagues (2010). This study highlights the value of the
complementary use of ICA and graph analysis for exam-
ining rs-fMRI. Kim and colleagues (2015) investigated
changes in topological measures of the brain network
among a diverse sample of participants, ranging from
healthy subjects to patients with prodromal and interme-
diate stages of AD. They compared seven graph analysis-
derived parameters: the characteristic path length, cluster-
ing coefficient, global efficiency, local efficiency,
betweenness centrality, assortativity, and modularity. The
results indicated non-monotonic changes (higher in MCI
and the prodromal stage of AD compared with the other
groups) as AD progressed in several network properties
(global efficiency, local efficiency, and betweenness cen-
trality; (Kim et al. 2015). Graph analysis conventionally
uses a set of VOIs to construct a connectivity matrix;
however, recent developments have enabled graph analysis
at a voxel level. Dai and colleagues (2015) investigated
intrinsic FC patterns of whole-brain networks, using voxel-
based graph theory analysis. It was suggested that patho-
physiology of AD selectively affects highly connected hub
regions of brain networks, involving the medial and lateral
prefrontal and parietal cortices, insula, and thalamus. AD
patients also showed disrupted connectivity within the
DMN, saliency network, and executive network. Moreover,
the nodal connectivity strength in the PCC-precuneus was
highly relevant for distinguishing individuals with AD
from healthy subjects. This study highlights the value and
feasibility of voxel-level graph analysis (Dai et al. 2015).

Brief summary of rs-fMRI studies in dementia

Studies using seed-based analysis have supported the
association between AD pathophysiology and previously
identified anatomical structural abnormalities in particular
brain areas, including the hippocampus and PCC. In par-
ticular, alteration of FC involving the hippocampus and
PCCl/retrosplenial cortex has been found to be related to
disease severity. Seed-based analysis of rs-fMRI applied to
DLB revealed that connectivity with PCC/precuneus may
help distinguish among DLB patients, AD patients and
healthy older people. Studies using ICA analysis have
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revealed similar results to seed-based investigations.
However, ICA allows for semi-automatic and objective
identification of different RSN, including sub-systems of
the DMN. ICA-based studies also revealed that the PFC
and mesial temporal cortex constitute a functional hub, the
abnormality of which affects multiple RSNs in AD
patients. Graph analysis has provided a new perspective in
the analysis of rs-fMRI, and its clinical relevance should be
tested and replicated in studies with large samples.

Applications of rs-fMRI to mood disorders
Major depressive disorder (MDD)

Seed-based analysis Several rs-fMRI studies have high-
lighted dysfunctional DMN activity in MDD. Peng and
colleagues (2015) measured FC in first-episode, medica-
tion-naive patients with MDD and healthy controls, using a
node of DMN (precuneus) as a seed region. The results
revealed that MDD patients exhibited stronger anti-corre-
lation between the precuneus and the sensory processing/
premotor regions than controls. In other words, the inher-
ently inverse relationship of spontaneous activity between
DMN and non-DMN areas was exaggerated in MDD (Peng
et al. 2015). Chen and colleagues (2015a, b) performed a
seed-based FC analysis in the first-episode, treatment-naive
MDD patients. The researchers used a seed in the PCC and
identified 12 DMN nodes (PCC, dorsal/ventral mPFC,
medial temporal cortex, inferior parietal cortex, superior
frontal cortex, thalamus, and cerebellum). Region-to-re-
gion connectivity of MDD, compared with healthy con-
trols, exhibited lower FC between the PCC and dorsal
mPFC, between the PCC and right inferior parietal cortex/
angular gyrus, and between the left thalamus and cerebel-
lum (Chen et al. 2015b). In a study by Liu and colleagues
(2012), patients with MDD were found to exhibit decreased
FC between the cerebellum and the DMN/executive net-
work as well as increased FC between the cerebellum and
the temporal pole/middle frontal cortex (Liu et al. 2012).
Prefrontal regions have long been implicated in the
pathophysiology of MDD. Sheline and colleagues (2010)
used the DMN, cognitive control network, and affective
network as seed regions. Despite starting from these sep-
arate seeds, increased FC in MDD converged onto the
bilateral dorsal prefrontal areas, leading the authors to term
these prefrontal areas the “dorsal nexus”. In MDD, this
“dorsal nexus” exhibited extremely strong connectivity
with large parts of PFC (dorsolateral, dorsomedial, and
ventromedial areas), ACC (dorsal, pregenual, and subgen-
ual areas), and PCC/precuneus (Sheline et al. 2010). Other
rs-fMRI studies have also reported alterations of FC
involving the PFC in MDD. In a comparison of the first-
episode MDD patients and healthy controls, Ye and
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colleagues (2012) used the right dorsolateral PFC as a seed
and investigated resting-state FC alterations in MDD. The
results revealed that MDD patients exhibited increased FC
between the right dorsolateral PFC and the left dorsal ACC,
left para-hippocampal gyrus, thalamus, and pre-central
gyrus compared with healthy controls, along with
decreased FC with the right parietal lobe (Ye et al. 2012).
A study using the left and right dorsolateral PFC as seeds
reported that the left dorsolateral PFC exhibited increased
FC with the middle frontal gyrus, parietal lobe, post- and
pre-central gyrus, precuneus, superior temporal gyrus,
inferior parietal lobule, and cingulate regions (Shen et al.
2015). The basal ganglia have also been implicated in
MDD by several seed-based rs-fMRI studies. Kerestes and
colleagues (2015) used subdivisions of the striatum (ventral
striatum/nucleus accumbens, dorsal caudate, dorsocaudal
putamen, and ventrorostral putamen) as seed regions. A
comparison between moderate-to-severe medication-free
patients with MDD and healthy controls revealed a diffuse
pattern of increased FC between the dorsal caudate and
ventrolateral PFC bilaterally (Kerestes et al. 2015).
Several rs-fMRI studies have investigated the underly-
ing mechanisms of inter-individual differences in response
to treatment in MDD. Lui and colleagues (2011) evaluated
FC in patients with treatment-resistant MDD (TRD) and
treatment-responsive MDD (TSD) and healthy controls,
using 13 seeds (hippocampi, insula, dorsolateral PFC,
amygdala, putamen and thalami bilaterally, and ACC).
Both groups of MDD patients exhibited reduced FC in the
bilateral prefrontal-limbic-thalamic areas compared with
healthy controls. In a comparison between TSD and TRD,
TSD patients revealed more distributed decreases in FC
especially in the ACC and in the amygdala, hippocampus,
and insula. In contrast, TRD patients showed disrupted FC
mainly in the PFC and thalami. These results suggest that
distinct functional deficits in distributed brain networks
may characterize TRD and TSD (Lui et al. 2011). In an rs-
fMRI study using cerebellar seeds (Guo et al. 2013), both
TRD and TSD patients exhibited a similar pattern of
abnormal cerebellar—cerebral FC involving the PFC, DMN,
visual recognition network, and para-hippocampal gyrus.
However, TRD patients exhibited more decreased cere-
bellar—DMN FC than TSD patients. Ma and colleagues
(2012) combined structural and functional MR to examine
whether abnormalities in gray matter volume might relate
to alterations of FC in TRD and TSD. First, a structural
MRI analysis revealed gray matter abnormalities in the
right middle temporal cortex (MTG) and bilateral caudate
among TSD patients, compared with TRD patients and
healthy controls. Reduced MTG volume was shown in both
TSD and TRD patients, while that of the caudate was only
seen in TRD patients. Second, a seed-based analysis was
applied to rs-fMRI to examine the effect of gray matter

abnormalities on FC. An rs-fMRI analysis using a right
MTG seed showed altered FC, particularly with the DMN.
Analysis using a caudate seed was performed in the frontal
areas in both groups, but some differences in FC were only
found between TRD and TSD patients. Altered FC with the
right middle orbitofrontal cortex was shown in TRD, while
altered FC was found in the right inferior frontal gyrus,
middle frontal cortex, superior frontal cortex and dIPFC in
TSD. The two subtypes of MDD had some common and
some differential abnormalities in FC and gray matter
volume, which may reflect depressive “traits” and
“states”, respectively (Ma et al. 2012).

ICA Greicius and colleagues (2007) applied ICA analysis
to MDD patients and healthy controls. After ICA was used
to isolate the DMN, the results revealed increased DMN-
related FC in the orbitofrontal cortex, subgenual cingulate
cortex, thalamus, and precuneus in MDD. This study was
the first to demonstrate DMN abnormalities in MDD
(Greicius et al. 2007). Zhu and colleagues (2012) showed
increased FC in the mPFC and ACC, and decreased FC in
the PCC/precuneus in the first-episode, medication-naive
young adults with MDD compared with healthy controls.
This result suggests dissociation of FC between the anterior
and posterior regions of DMN in MDD (Zhu et al. 2012).
Likewise, Li and colleagues (2013) reported dissociation of
the anterior and the posterior sub-networks of DMN in
MDD. Although MDD patients exhibited increased FC in
both anterior and posterior DMN sub-networks, antide-
pressant medication normalized FC in the posterior sub-
network, but not the anterior sub-network (Li et al. 2013).

Graph analysis Peng and colleagues (2014) applied
graph analysis to patients with first-episode, medication-
naive MDD. For global brain modularity (i.e., “small-
worldness”), no difference was observed between MDD
patients and controls. For local modularity, however,
abnormalities were found in eight regions, including the
orbitofrontal cortex and amygdala. These findings suggest
altered modular architecture in MDD (Peng et al. 2014).

Brief summary Seed- and ICA-based rs-fMRI studies of
MDD have suggested the involvement of the DMN and
prefrontal areas in addition to cognitive and affective
RSNs. Importantly, some studies have discovered differ-
ential involvement of DMN sub-networks between TRD
and TSD, casting new light on pharmaceutical rs-fMRI
studies in MDD. ICA studies have also consistently indi-
cated that RSN, especially the DMN, are poorly regulated
in patients with MDD (Zhu et al. 2012; Lemogne et al.
2012). However, the direction of changes has not been
consistent across rs-fMRI studies (as seen in dementia).
Early studies using graph analysis of rs-fMRI have begun
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to reveal abnormal network architecture in MDD patients
compared with controls.

Bipolar disorders (BD)

Seed-based analysis Torrisi and colleagues (2013) stud-
ied euthymic patients with BD, focusing on the bilateral
amygdalae and ventrolateral PFC, which are implicated in
emotion regulation. Compared with healthy controls,
euthymic patients with BD exhibited higher FC between
the right ventrolateral PFC and amygdala. The results
suggested that the ACC mediated this abnormal FC, since
the ACC exhibited positive connectivity with both the right
amygdala and right ventrolateral PFC (Torrisi et al. 2013).
Favre and colleagues (2014) used a seed-based correlation
method to explore FC with the ventromedial PFC (a DMN
seed) in the whole brain. Euthymic patients with BD
exhibited a loss of anti-correlation between the mPFC and
the right dIPFC, and abnormal hyper-connectivity between
the mPFC and right amygdala (Favre et al. 2014).

A notable feature of BD is that the same patients exhibit
different states of mood. These states may be accompanied
by different states of RSNs, which could be assessed using
rs-fMRI. Rey and colleagues (2016) investigated FC in
euthymic and non-euthymic patients with BD, focusing on
brain regions implicated in emotion regulation and self-
referential processing. Compared with controls, BD
patients exhibited increased FC between the left amygdala
and left subgenual ACC/PCC overall. However, non-
euthymic BD patients exhibited decreased FC between the
right amygdala and subgenual ACC, whereas euthymic BD
patients exhibited decreased FC between PCC and sub-
genual ACC. This study also indicated that subgenual
ACC-PCC and subgenual ACC-amygdala connections
were related to rumination tendency in non-euthymic BD
(Rey et al. 2016). In the comparison between manic and
euthymic states in BD patients, Brady and colleagues
(2016) revealed that manic BD patients exhibited
decreased FC between the amygdala and ACC compared to
euthymic BD patients. Another study with seeds in bilateral
amygdala reported that both manic and non-manic BD
patients exhibited reduced FC between the bilateral
amygdala and orbitofrontal cortex, striatum, lingual gyrus,
and PCC, compared with controls (Li et al. 2015). How-
ever, right amygdala—hippocampal connectivity was
decreased in manic states but increased in non-manic
states. Overall, BD in different mood states most likely
exhibits a contrasting pattern of FC involving the amygdala
and DMN, including the hippocampus (Brady et al. 2016).

Using the whole hippocampus as a seed, Samudra and
colleagues (2015), demonstrated broadly distributed
reduction of FC in psychosis, including BD patients,
compared with healthy controls. Patients with psychosis
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showed reduced hippocampal FC with the PCC, superior
temporal gyrus, thalamus, and cerebellum, with a tendency
for more left-sided disconnection. When separate seeds
were placed in the anterior and posterior sectors of the
hippocampus, reductions in FC with the anterior hip-
pocampal seed were found in the ACC, superior temporal
gyrus, and thalamus (Samudra et al. 2015).

ICA ICA has been applied for comparing BD with related
psychiatric disorders. Ongur and colleagues (2010) exam-
ined DMN alterations in manic BD patients and acute
schizophrenia (SZ) patients. The results indicated that BD
might be characterized by a reduction of coherence in
several nodes within the DMN, including the hippocampus,
as well as involving abnormal recruitment of the pontine,
lateral parietal, and occipital regions in the DMN (Ongur
et al. 2010). In another study of SZ and BD patients,
Khadka and colleagues (2013) identified abnormal activity
in seven RSNs: fronto-occipital, midbrain/cerebellum,
frontal/thalamic/basal ganglia, meso/para-limbic, posterior
DMN, fronto-temporal/para-limbic and sensory-motor
networks. In particular, abnormal FC in the meso/para-
limbic and posterior DMN was common among SZ and BD
patients. This result is consistent with the notion that SZ
and psychotic BD share pathophysiological mechanisms
(Khadka et al. 2013). Recently, Goya-Maldonado and
colleagues (2016) demonstrated that characteristic changes
in large-scale networks could distinguish between bipolar
MD (BD) and unipolar MD (MDD). BD and MDD
patients, despite similar depressive symptoms, were found
to exhibit clear differences in the fronto-parietal network,
cingulo-opercular network, and DMN (Goya-Maldonado
et al. 2016).

In a comparison between euthymic BD patients and
healthy controls, Lois and colleagues (2014) performed an
ICA inter-network connectivity analysis that revealed
increased FC between the meso/para-limbic and the right
fronto-parietal network. However, this finding remains
inconclusive, because the abnormal connectivity pattern
did not correlate with variables related to the clinical
course of BD (Lois et al. 2014). In contrast, Ford and
colleagues (2013) used ICA analysis to examine FC cor-
related with the bipolarity index in a group of MDD and
BD patients. The scores of trait bipolarity were positively
correlated with FC involving the DMN, the right puta-
men/claustrum extending into the insula as well as a neg-
ative correlation with FC in the left postcentral gyrus,
extending into the PCC. Furthermore, increased FC
between the putamen and DMN represented a marker
distinguishing between BD and MDD (Ford et al. 2013).

Brief summary Rs-fMRI studies in BD have thus far
identified abnormal functional connectivity between
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several brain regions. Seed-based studies have concen-
trated on the DMN, hippocampus ,and amygdala, impli-
cating the DMN and affective networks in the
pathophysiology of BD. Research using ICA has identified
more extensive RSNs, not limited to the DMN, as under-
lying mechanisms of BD. These RSNs include fronto-
parietal and meso/para-limbic networks, possibly explain-
ing cognitive abnormalities in BD.

Application of machine learning (ML)
to neuropsychiatric disorders

ML has typically been applied to neuroimaging for the
“decoding” of brain signals. After an ML-based classifier
is trained with a data set (learning), the classifier then
attempts to classify a new data set (prediction). If this
technology becomes established as part of routine clinical
practice, rs-fMRI may become an immensely valuable tool
for clinical practice. ML has recently been used to examine
rs-fMRI data obtained from patients with MDD, BD, and
neurodegenerative disorders such as AD. Below, we
describe the findings of clinical studies using SVM, which
is currently the most widely used ML technology.

In two previous ML studies of MDD, Craddock and
colleagues (2009) and Zeng and colleagues (2012) applied
SVMs to the classification of healthy controls and patients
with MDD. Craddock and colleagues (2009) defined fea-
ture vectors for a linear kernel SVM as the correlation
scores between pairs from 15 selected regions, and then
examined the performance of two different feature selec-
tion methods: reliability filter (RF) and reliability reverse
feature elimination (RRFE). While RF determines a
threshold for multivariate patterns using partial least
squares, RRFE minimizes prediction error. The results
indicated that SVM successfully classified whether patients
belonged to the healthy group or the MDD group. Classi-
fication accuracy was 95% when RF was used for feature
selection, and 85% when RRFE was used. These findings
suggest that the performance of SVM classification
depends in part on the method of feature selection (Crad-
dock et al. 2009). Zeng and colleagues (2012) reported that
a multivariate pattern analysis of FC with linear SVM had
an accuracy of 94.3% for distinguishing MDD patients
from healthy controls. The Kendall tau rank correlation
coefficient was used as a feature extraction method to
preserve the best discriminating FC, and exclude the rest.
The majority of FC alterations with high discriminative
power were located in the DMN, affective networks, visual
areas, and cerebellum. In particular, FC between the
amygdala, ACC, para-hippocampal gyrus, and hippocam-
pus exhibited high discriminative power in classification.
These results demonstrated that multivariate pattern anal-
ysis of whole-brain rs-fMRI allowed researchers to

distinguish MDD patients from healthy controls (Zeng
et al. 2012).

Several clinical studies proposed that the combination of
different MRI modalities might improve imaging-based
classification of AD (Zhang et al. 2011; Sui et al. 2013).
However, several recent studies found better classification
performance with a single MRI modality (Dyrba et al.
2015; Dai et al. 2012). Zhang and colleagues (2011) per-
formed a multi-modal group comparison, by combining
structural MRI, functional PET and CSF protein level to
differentiate healthy controls, MCI patients, and AD
patients. The classification accuracy was 93% for healthy
versus AD and 76% for healthy versus MCI (Zhang et al.
2011). To distinguish patients with AD from healthy con-
trols, Dai and colleagues (2012) applied graph analysis to a
single MRI modality and proposed a methodological
framework (multi-modal imaging) and multi-level charac-
teristics with a multi-classifier. The application of this
technology to an rs-fMRI data set consisting of AD and
controls led to a classification accuracy of 89% with a
sensitivity of 88% and a specificity of 91% (Dai et al.
2012). Dyrba and colleagues (2015) reported a similar
result. The authors developed a multiple-kernel SVM
classifier based on diffusion MRI, gray matter volume, and
derivatives of graph-theoretical analysis of rs-fMRI data
(local clustering coefficient and shortest path length).
Classification based on a single modality revealed area-
under-the-curve (AUC) values of the receiver-operating
characteristic (ROC) curve of approximately 80% for rs-
fMRI, 87% for diffusion MRI, and 86% for gray matter
volume (Dyrba et al. 2015). The combination of all three
modalities did not improve the classification accuracy
(82%).

Brief summary and comments

The application of ML to rs-fMRI allows for the semi-
automatic labeling of data sets (e.g., distinguishing a
patient group and a healthy group). The distinguishing
features are typically related to FC between VOIs, but
other features such as graph-derived parameters have
already been reported to be useful. Although application of
ML to rs-fMRI is a promising technique, it should be noted
that high discrimination accuracy might result from over-
fitting to the data when the training data is not sufficiently
large.

Discussion
This review provides that an overview of the ways rs-fMRI

technology has been applied to the study of neuropsychi-
atric disorders. For clinical applications, rs-fMRI methods
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have a number of advantages over other functional imaging
methods. Importantly, rs-fMRI does not rely on active
participation by patients. Thus, rs-fMRI may be the sole
form of fMRI suitable for uncooperative populations for
which an adequate level of performance may be difficult to
attain. Similar to other functional imaging methods, patient
immobility is essential for rs-fMRI, since movement-re-
lated artifacts can significantly impair the detection of
spontaneous brain activity. However, since rs-fMRI can be
performed (and RSN activity can still be detected) in
patients under sedation, patients (e.g., pediatric patients)
may be sedated if necessary to attain an acceptable level of
immobility (Greicius et al. 2008; Kiviniemi et al. 2003).
Moreover, rs-fMRI is free from the potentially confound-
ing effects of differences in the level of task performance.

Early studies using these methods have uncovered a
wide array of brain regions that exhibit group-wise dif-
ferences between neuropsychiatric disorders and control
subjects. Many RSNs have been implicated in the patho-
physiology of neuropsychiatric disorders, particularly the
DMN, which is particularly active during rest and is
deactivated during a variety of tasks. Moreover, the DMN
is likely to be involved in the pathophysiology of dementia.
One of the first clinical studies of rs-fMRI revealed that AD
patients exhibited disrupted FC in the PCC, a hub of the
DMN, and in the hippocampi (Greicius et al. 2004). Sec-
ond, in patients with MDD, all nodes of DMN have been
found to exhibit abnormal resting FC. These findings
strongly suggest pervasive involvement of DMN in the
pathophysiology of MD. To better understand how the
DMN interacts with the pathophysiology of MD, continu-
ous cross-referencing with task fMRI studies is needed. In
a study of MDD, for example, the “dorsal nexus” including
the dorsal PFC shows increased connectivity with three
important cognitive-affective networks: the cognitive
control network, DMN, and affective network (Sheline
et al. 2010). In future studies, the function of the “dorsal
nexus” should be explored with task fMRI, since its
function is not well understood.

However, the results of many previous rs-fMRI studies
should be interpreted with caution because of small sample
sizes, heterogeneity of patients, and differences in
methodological approach. In most rs-fMRI studies dis-
cussed in this review, sample sizes have been relatively
small (Table 1). Theoretically, studies with larger samples
should provide more reliable results. Laird and colleagues
(2011) investigated intrinsic connectivity networks using a
large data set derived from the Brain Map database (Laird
et al. 2011, 2013). The spatial topographies derived from
the Brain Map networks matched the set of RSNs derived
from a 306-subject data set (Biswal et al. 2010) more
closely than the set of RSNs derived from a 36-subject data
set (Smith et al. 2009). Thus, it is likely that with an
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increased sample size, delineation of RSNs will become
more stable. It has been suggested that rs-fMRI studies
with small samples (<50 subjects) have a substantial risk of
producing false negative results (Lieberman and Cun-
ningham 2009), and the currently recommended sample
size is over 100 participants. Although clinical applications
of rs-fMRI appear to be promising, more work is needed
before rs-fMRI will be routinely useful in clinical settings.
Developments in MRI acquisition and preprocessing
techniques have enabled the effective removal of prob-
lematic motion artifacts (Satterthwaite et al. 2013; Feis
et al. 2015). However, one of the most important limita-
tions of rs-fMRI studies is the need of vigorous correction
for physiological artifacts resulting from respiration and
cardiac activity. With current fMRI technology, low-fre-
quency noise from the cardiac and respiratory cycle still
affects the results of rs-fMRI. The ICA method is often
applied to extract the physiological noise, and Griffanti and
colleagues (2015) used ICA-based artifact removal in a
clinical population, highlighting the importance of sensi-
tive analysis of fMRI data for detecting FC alterations
(Griffanti et al. 2015).

It should be borne in mind that intrinsic fluctuations as
detected by rs-fMRI are small and variable, resulting in a
large inter-individual variability in the RNS. Moreover, the
degree of inter-individual variability may differ across
brain regions/networks. In fact, a study on the inter-indi-
vidual variability of rs-fMRI has shown that unimodal
brain region has a low individual variability and polymodal
association cortices have high individual variability
(Mueller et al. 2013). The inter-individual variability seems
to pose an issue against the clinical utility of rs-fMRI.
Importantly, Finn and colleagues (2015) have demon-
strated that individual variability in functional connectivity
is reproducible across different rs-fMRI sessions (Finn
et al. 2015). Consistently, a few other studies showed that
functional connectivity was reproducible within a partici-
pant over a month (Chen et al. 2015a) or even over a period
of 3.5 years (Choe et al. 2015). Using this ‘stable’ inter-
individual variability, Finn and colleagues (2015) have
even shown that inter-individual variability in rs-fMRI can
be used as a “fingerprint” of a person (Finn et al. 2015).
Hence, evidence is available in support for the robustness
and stability of rs-fMRI measurement over time. To argue
for the clinical utility, the issue is the degree of inter-in-
dividual variability induced by a disease process in com-
parison with that of in non-pathological conditions. This is
an important open question, which should be answered in
the future studies, and answers to this question might differ
depending on what kind of neuropsychiatric pathology is
questioned. However, a very recent rs-fMRI study of
depression has shown that, when properly analyzed, rs-
fMRI can provide information to help differentiate subtle
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Table 1 Studies examining rs-fMRI for mood and cognitive disorders or healthy controls
Alzheimers disease and other dementia
References Subjects Method
Wang et al. (2006) 13 AD (8 F) 70.1 years, 13 HCs (8 F) 69.5 years Seed-
based
Zarei et al. (2013) 16 AD (8 F) 69.5 years, 22 HCs (13 F) 70.7 years Seed-
based
Zhang et al. (2009) 16 Mild AD (10 F) 71.6 years, 16 HCs (9 F) 71.3 years Seed-
based
Dillen et al. (2016) 24 Prodromal AD (10 F) 71 years (55-78 years), 27 SCI (15 F) 65.7 years (51-79 years), 25 HCs (10 F)  Seed-
62.4 years (50-73 years) based
Zhang et al. (2010) 39 AD (21 F) 74.3 years (62—84 years): 16 mild AD (10 F) 71.6 years, 11 moderate AD (5 F) 76.6 years, Seed-
12 severe AD (6 F) 72.0 years, 16 HCs (9 F) 71.3 years based
Yao et al. (2013) 35 AD (23 F) 72.4 years, 27 MCI (14 F) 73.8 years, 27 NC (11 F) 69.2 years Seed-
based
Brier et al. (2012) 510 (270 F) 77 years: 386 CDR 0, 91 CDR 0.5, 33 CDR 1 Seed-
based
Kenny et al. (2012) 16 AD 77.3 years, 15 DLB 80.6 years, 16 HCs 76.3 years Seed-
based
Galvin et al. (2011) 35 AD (22 F) 75.3 years, 15 DLB (4 F) 71.7 years, 38 HCs (26 F) 73.9 years Seed-
based
Binnewijzend et al. 39 AD (16 F) 67 years, 23 MCI (8 F) 71 years, 43 HCs (20 F) 69 years ICA
(2012)
Schwindt et al. 16 AD (4 F) 72.2 years, 18 HCs (6 F) 71.0 ICA
(2013)
Wu et al. (2011b) 15 AD (9 F) 64.0 years (53-79 years), 16 HCs (9 F) 65.1 years (47-79 years) ICA
Pasquini et al. (2015) 21 AD (13 F) 72.3 years, 22 MCI (11 F) 65.3 years, 22 HCs (16 F) 66.3 years ICA
Damoiseaux et al. 21 AD (12 F) 64.2 years, 18 HCs (6 F) 62.7 years ICA
(2012)
Castellazzi et al. 14 AD (10 F) 70.34 years, 12 MCI (8 F) 73.6 years, 16 HCs (12 F) 69.0 years ICA
(2014)
Adriaanse et al. 48 AD: 20 early onset (6 F) 59 years, 28 late-onset (11 F) 72 years, 46 HCs: 15 young (6 F) 61 years, 31 ICA
(2014) Old (14 F) 72 years
Franciotti et al. 18 AD (7 F) 76 years, 18 DLB (9 F) 75 years, 15 HCs (5 F) 74 years ICA
(2013)
Lowther et al. (2014) 13 AD (6 F) 75.5 years, 15 DLB (6 F) 80.6 years, 40 HCs (20 F) 77.8 years ICA
Sanz-Arigita et al. 18 Mild AD (9 F) 70.7 years (59-79 years), 21 HCs (13 F) 70.7 years (60-81 years) Graph
(2010) analysis
Toussaint et al. 20 AD (9 F) 62 years, 38 HCs: 19 young (7 F) 20 years, 19 elderly (4 F) 61 years Graph
(2014) analysis
Kim et al. (2015) 71 AD (41 F): 25 CDR 0.5 (15 F) 70.0 years, 36 CDR 1 (20 F) 72.6 years, 10 CDR 2 (6 F) 70.9 years, 50 Graph
aMCI (28 F) 70.4, 31 HCs (26 F) 67.6 years analysis
Dai et al. (2015) 32 AD (18 F) 71.3 years (52-86 years), 38 HCs (25 F) 68.4 years (50-86 years) Graph
analysis
Major depressive disorder
Peng et al. (2015) 16 MDD (9 F) 34.4 years, 16 HCs (9 F) 33.8 years Seed-
based
Chen et al. (2015a, b) 36 MDD (24 F) 32.1 years, 38 HCs (23 F) 30.8 years Seed-
based
Liu et al. (2012) 20 MDD (14 F) 28.4 years, 20 HCs (16 F) 29.0 years Seed-
based
Sheline et al. (2010) 18 MDD (7 F) 35.9 years, 17 HCs (12 F) 30.9 years Seed-
based
Ye et al. (2012) 22 MDD (14 F) 46.7 years, 30 HCs (19 F) 45.9 years Seed-
based
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Table 1 continued

Alzheimers disease and other dementia

References Subjects Method
Shen et al. (2015) 16 MDD 25-50 years, 16 HCs 25-50 years Seed-
based
Kerestes et al. (2015) 21 MDD (11 F) 19.3 years, 21 HCs (11 F) 19.2 years Seed-
based
Lui et al. (2011) 21 MDD: 32 non-refractory (11 F) 32 years, 28 Refractory (10 F) 33 years, 48 HCs (17 F) 35 years Seed-
based
Guo et al. (2013) 23 TRD (12 F) 27.4 years, 19 TSD (9 F) 28.1 years, 19 HCs (9 F) 24.4 years Seed-
based
Ma et al. (2012) 18 TRD (7 F) 27.4 years, 17 TSD (7 F) 26.7 years, 17 HCs (7 F) 24.2 years Seed-
based
Greicius et al. (2007) 28 MDD (16 F) 38.5 years, 20 HCs (11 F) 35.4 years ICA
Zhu et al. (2012) 32 MDD (14 F) 20.5 years, 33 HCs (14 F) 20.3 years ICA

Li et al. (2013)

24 Pretreatment MDD (16 F) 31.8 years, 16 posttreatment MDD (13 F) 32.6 years, 29 HCs (20 F) 33.6 ICA

years
Peng et al. (2014) 16 MDD (9 F) 34.4 years, 16 HCs (9 F) 33.8 years Graph
theory
Bipolar disorder
Torrisi et al. (2013) 20 BD (10 F) 42.1 years, 20 HCs (10 F) 39.8 years Seed-
based
Favre et al. 2014) 20 BD-euthymic (11 F) 42.0 years, 20 HCs (10 F) 43.7 years Seed-
based
Rey et al. (2016) 15 BD-euthymic (6 F) 41.4 years, 12 BD-non-euthymic (9 F) 42.6 years, 15 HCs-EU (6 F) 40.8 years, 12 Seed-
HCs-NE (9 F) 40.8 years based
Brady et al. (2016) 28 BD-manic (8 F) 27.5 years, 24 BD-euthymic (8 F) 30.9 years, 23 HCs (7 F) 29.7 years Seed-
based
Samudra et al. (2015) 21 SZ (7 F) 38.1 years, 40 SAD (22 F) 39.0 years, 27 BD (8 F) 39.7 years, 65 HCs (36 F) 40.0 years  Seed-
based
Ongur et al. (2010) 17 BD (8 F) 34.4 years, 14 SZ (6 F) 42.3 years, 15 HCs (6F) 37.9 years ICA
Khadka et al. (2013) 64 BD (29 F) 35.1 years, 70 SZ (27 F) 37.4, 118 HCs (63 F) 36.4 ICA
Goya-Maldonado 20 BD (13 F) 35.8 years, 20 unipolar (14 F) 35.6 years, 20 HCs (13 F) 36.2 years ICA
et al. (2016)
Lois et al. (2014) 30 BD (17 F) 40.8 years, 35 HCs (20 F) 41.9 years ICA
Ford et al. (2013) 15 MDD (5 F) 20.6 years, 15 BD-Typel (11 F) 19.8 years ICA

differences in symptoms belonging to a single disease
entity at an individual level. Furthermore, using each
subtype diagnosis and features in functional connectivity,
they were able to predict patients’ responses to transcranial
magnetic stimulation at individual levels (Drysdale et al.
2017). This new evidence promises the utility of rs-fMRI in
clinical settings at an individual level.

Conclusion

Rs-fMRI has many advantages over task fMRI for clinical
applications. Many early studies have already suggested
that cognitive, affective, sensorimotor RSNs can be
retrieved with rs-fMRI in the resting-state brain. Clinical
rs-fMRI studies have shown that differences in intrinsic

@ Springer

activity in resting-state brain reflect the pathophysiology of
neuropsychiatric diseases, not limited to MD and dementia.
Moreover, RSN activity provides information with value
for distinguishing clinical populations into groups, such as
healthy and patient groups.

Despite several limitations in the current body of clini-
cal rs-fMRI studies, improvement of acquisition and
analysis methods is currently under intensive investigation.
In this regard, it should be noted that MRI is not the only
way to capture spontaneous fluctuation of brain activity.
Since Berger, it has been well known that electric signals
recorded from the brain shows fluctuation of brain rhythms,
while subjects are at rest. The combination of fMRI and
other neurophysiological measurements to examine rest-
ing-state fluctuations of brain status would become a
powerful tool to hunt for biomarkers of neuropsychiatric
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disorders. For example, simultaneous electroencephalo-
gram (EEG)-fMRI can observe neurophysiological states in
high temporal and spatial resolution, despite technical
challenges (Omata et al. 2013). The establishment of
clinical biomarker with rs-fMRI may refine the staging and
classification of the patients and may help predict the
effects of treatment (Drysdale et al. 2017). Such technique
can be further sophisticated by combining possibly with
other measurements such as EEG, given the development
of easy-to-use, next-generation EEG-fMRI technique.
Therefore, we conclude that clinical rs-fMRI, possibly in
combination with other measurement for spontaneous
fluctuation of brain activity, will likely become a clinically
important tool in the near future.

Acknowledgements This study was in part supported by the
Strategic Research Program for Brain Science of BMI Technologies
for Clinical Application carried out under the Strategic Research
Program for Brain Sciences and Brain Mapping by Integrated Neu-
rotechnologies for Disease Studies (Brain/MINDS), Health Labor
Science Research Grants from Japan Agency for Medical Research
and development (AMED) and KAKENHI (26120008 and
16H03306) from MEXT, the Research Grant for Janssen Pharma-
ceutical K.K. and the Intramural Research Grant for Neurological and
Psychiatric Disorders of National Center of Neurology and Psychia-
try, Japan.

Compliance with ethical standards

Conflict of interest The authors declare no conflict of interest in
relation to this article.

References

Adriaanse SM, Binnewijzend MA, Ossenkoppele R, Tijms BM, van
der Flier WM, Koene T, Smits LL, Wink AM, Scheltens P, van
Berckel BN, Barkhof F (2014) Widespread disruption of
functional brain organization in early-onset Alzheimer’s disease.
PLoS One 9(7):102995. doi:10.1371/journal.pone.0102995

Barkhof F, Haller S, Rombouts SA (2014) Resting-state functional
MR imaging: a new window to the brain. Radiology
272(1):29-49. doi:10.1148/radiol. 14132388

Beckmann CF, Smith SM (2004) Probabilistic independent compo-
nent analysis for functional magnetic resonance imaging. IEEE
Trans Med Imaging 23(2):137-152. doi:10.1109/tmi.2003.
822821

Beckmann CF, DeLuca M, Devlin JT, Smith SM (2005) Investiga-
tions into resting-state connectivity using independent compo-
nent analysis. Philos Trans R Soc Lond B Biol Sci
360(1457):1001-1013. doi:10.1098/rstb.2005.1634

Bharath S, Joshi H, John JP, Balachandar R, Sadanand S, Saini J,
Kumar KJ, Varghese M (2016) A multimodal structural and
functional neuroimaging study of amnestic mild cognitive
impairment. Am J Geriatr Psychiatry. doi:10.1016/j.jagp.2016.
05.001

Binnewijzend MA, Schoonheim MM, Sanz-Arigita E, Wink AM, van
der Flier WM, Tolboom N, Adriaanse SM, Damoiseaux JS,
Scheltens P, van Berckel BN, Barkhof F (2012) Resting-state
fMRI changes in Alzheimer’s disease and mild cognitive

impairment. Neurobiol Aging 33(9):2018-2028. doi:10.1016/j.
neurobiolaging.2011.07.003

Birn RM, Murphy K, Bandettini PA (2008) The effect of respiration
variations on independent component analysis results of resting
state functional connectivity. Hum Brain Mapp 29(7):740-750.
doi:10.1002/hbm.20577

Biswal B, Yetkin FZ, Haughton VM, Hyde JS (1995) Functional
connectivity in the motor cortex of resting human brain using
echo-planar MRI. Magn Reson Med 34(4):537-541

Biswal BB, Mennes M, Zuo XN, Gohel S, Kelly C, Smith SM,
Beckmann CF, Adelstein JS, Buckner RL, Colcombe S,
Dogonowski AM, Ernst M, Fair D, Hampson M, Hoptman MJ,
Hyde JS, Kiviniemi VJ, Kotter R, Li SJ, Lin CP, Lowe MJ,
Mackay C, Madden DJ, Madsen KH, Margulies DS, Mayberg
HS, McMahon K, Monk CS, Mostofsky SH, Nagel BJ, Pekar JJ,
Peltier SJ, Petersen SE, Riedl V, Rombouts SA, Rypma B,
Schlaggar BL, Schmidt S, Seidler RD, Siegle GJ, Sorg C, Teng
GJ, Veijola J, Villringer A, Walter M, Wang L, Weng XC,
Whitfield-Gabrieli S, Williamson P, Windischberger C, Zang
YF, Zhang HY, Castellanos FX, Milham MP (2010) Toward
discovery science of human brain function. Proc Natl Acad Sci
USA 107(10):4734-4739. doi:10.1073/pnas.0911855107

Bowden Charles L (2001) Strategies to reduce misdiagnosis of bipolar
depression. Psychiatr Serv (Wash, DC) 52(1):51-55

Brady RO Jr, Masters GA, Mathew IT, Margolis A, Cohen BM,
Ongur D, Keshavan M (2016) State dependent cortico-amygdala
circuit dysfunction in bipolar disorder. J Affect Disord
201:79-87. doi:10.1016/j.jad.2016.04.052

Brier MR, Thomas JB, Snyder AZ, Benzinger TL, Zhang D, Raichle
ME, Holtzman DM, Morris JC, Ances BM (2012) Loss of
intranetwork and internetwork resting state functional connec-
tions with Alzheimer’s disease progression. J Neurosci
32(26):8890-8899. doi:10.1523/jneurosci.5698-11.2012

Broyd SJ, Demanuele C, Debener S, Helps SK, James CJ, Sonuga-
Barke EJ (2009) Default-mode brain dysfunction in mental
disorders: a systematic review. Neurosci Biobehav Rev
33(3):279-296. doi:10.1016/j.neubiorev.2008.09.002

Calderon J, Perry RJ, Erzinclioglu SW, Berrios GE, Dening TR,
Hodges JR (2001) Perception, attention, and working memory
are disproportionately impaired in dementia with Lewy bodies
compared with Alzheimer’s disease. J Neurol Neurosurg
Psychiatry 70(2):157-164

Cao L, Guo S, Xue Z, Hu Y, Liu H, Mwansisya TE, Pu W, Yang B,
Liu C, Feng J, Chen EY, Liu Z (2014) Aberrant functional
connectivity for diagnosis of major depressive disorder: a
discriminant analysis. Psychiatry Clin Neurosci 68(2):110-119.
doi:10.1111/pen.12106

Castellazzi G, Palesi F, Casali S, Vitali P, Sinforiani E, Wheeler-
Kingshott CA, D’Angelo E (2014) A comprehensive assessment
of resting state networks: bidirectional modification of functional
integrity in cerebro-cerebellar networks in dementia. Front
Neurosci 8:223. doi:10.3389/fnins.2014.00223

Chen B, Xu T, Zhou C, Wang L, Yang N, Wang Z, Dong HM, Yang
Z, Zang YF, Zuo XN, Weng XC (2015a) Individual variability
and test-retest reliability revealed by ten repeated resting-state
brain scans over one month. PLoS One 10(12):e0144963. doi: 10.
1371/journal.pone.0144963

Chen Y, Wang C, Zhu X, Tan Y, Zhong Y (2015b) Aberrant
connectivity within the default mode network in first-episode,
treatment-naive major depressive disorder. J Affect Disord
183:49-56. doi:10.1016/j.jad.2015.04.052

Choe AS, Jones CK, Joel SE, Muschelli J, Belegu V, Caffo BS,
Lindquist MA, van Zijl PC, Pekar JJ (2015) Reproducibility and
temporal structure in weekly resting-state fMRI over a period of
3.5 Years. PLoS One 10(10):e0140134. doi:10.1371/journal.
pone.0140134

@ Springer


http://dx.doi.org/10.1371/journal.pone.0102995
http://dx.doi.org/10.1148/radiol.14132388
http://dx.doi.org/10.1109/tmi.2003.822821
http://dx.doi.org/10.1109/tmi.2003.822821
http://dx.doi.org/10.1098/rstb.2005.1634
http://dx.doi.org/10.1016/j.jagp.2016.05.001
http://dx.doi.org/10.1016/j.jagp.2016.05.001
http://dx.doi.org/10.1016/j.neurobiolaging.2011.07.003
http://dx.doi.org/10.1016/j.neurobiolaging.2011.07.003
http://dx.doi.org/10.1002/hbm.20577
http://dx.doi.org/10.1073/pnas.0911855107
http://dx.doi.org/10.1016/j.jad.2016.04.052
http://dx.doi.org/10.1523/jneurosci.5698-11.2012
http://dx.doi.org/10.1016/j.neubiorev.2008.09.002
http://dx.doi.org/10.1111/pcn.12106
http://dx.doi.org/10.3389/fnins.2014.00223
http://dx.doi.org/10.1371/journal.pone.0144963
http://dx.doi.org/10.1371/journal.pone.0144963
http://dx.doi.org/10.1016/j.jad.2015.04.052
http://dx.doi.org/10.1371/journal.pone.0140134
http://dx.doi.org/10.1371/journal.pone.0140134

836

T. Takamura, T. Hanakawa

Collerton D, Burn D, McKeith I, O’Brien J (2003) Systematic review
and meta-analysis show that dementia with Lewy bodies is a
visual-perceptual and attentional-executive dementia. Dement
Geriatr Cogn Disord 16(4):229-237. doi:10.1159/000072807

Craddock RC, Holtzheimer PE 3rd, Hu XP, Mayberg HS (2009)
Disease state prediction from resting state functional connectiv-
ity. Magn Reson Med 62(6):1619-1628. doi:10.1002/mrm.22159

Dai Z, Yan C, Wang Z, Wang J, Xia M, Li K, He Y (2012)
Discriminative analysis of early Alzheimer’s disease using
multi-modal imaging and multi-level characterization with
multi-classifier (M3). Neuroimage 59(3):2187-2195. doi:10.
1016/j.neuroimage.2011.10.003

Dai Z, Yan C, Li K, Wang Z, Wang J, Cao M, Lin Q, Shu N, Xia M,
Bi Y, He Y (2015) Identifying and mapping connectivity
patterns of brain network hubs in Alzheimer’s disease. Cereb
Cortex 25(10):3723-3742. doi:10.1093/cercor/bhu246

Damoiseaux JS, Rombouts SA, Barkhof F, Scheltens P, Stam CJ,
Smith SM, Beckmann CF (2006) Consistent resting-state
networks across healthy subjects. Proc Natl Acad Sci USA
103(37):13848-13853. doi:10.1073/pnas.0601417103

Damoiseaux JS, Prater KE, Miller BL, Greicius MD (2012) Func-
tional connectivity tracks clinical deterioration in Alzheimer’s
disease. Neurobiol Aging 33(4):828.e819-828.e830. doi:10.
1016/j.neurobiolaging.2011.06.024

Dillen KN, Jacobs HI, Kukolja J, von Reutern B, Richter N, Onur OA,
Dronse J, Langen KJ, Fink GR (2016) Aberrant functional
connectivity differentiates retrosplenial cortex from posterior
cingulate cortex in prodromal Alzheimer’s disease. Neurobiol
Aging 44:114-126. doi:10.1016/j.neurobiolaging.2016.04.010

Drysdale AT, Grosenick L, Downar J, Dunlop K, Mansouri F, Meng
Y, Fetcho RN, Zebley B, Oathes DJ, Etkin A, Schatzberg AF,
Sudheimer K, Keller J, Mayberg HS, Gunning FM, Alexopoulos
GS, Fox MD, Pascual-Leone A, Voss HU, Casey BJ, Dubin MJ,
Liston C (2017) Resting-state connectivity biomarkers define
neurophysiological ~ subtypes of depression. Nat Med
23(1):28-38. doi:10.1038/nm.4246

Dyrba M, Grothe M, Kirste T, Teipel SJ (2015) Multimodal analysis
of functional and structural disconnection in Alzheimer’s disease
using multiple kernel SVM. Hum Brain Mapp 36(6):2118-2131.
doi:10.1002/hbm.22759

Fan Y, Shen D, Davatzikos C (2005) Classification of structural
images via high-dimensional image warping, robust feature
extraction, and SVM. In: Duncan JS, Gerig G (eds) Proceeding
of the 8th international conference on medical image computing
and computer assisted intervention. LNCS 3749, pp 1-8

Favre P, Baciu M, Pichat C, Bougerol T, Polosan M (2014) fMRI
evidence for abnormal resting-state functional connectivity in
euthymic bipolar patients. J Affect Disord 165:182-189. doi:10.
1016/j.jad.2014.04.054

Feis RA, Smith SM, Filippini N, Douaud G, Dopper EG, Heise V,
Trachtenberg AJ, van Swieten JC, van Buchem MA, Rombouts
SA, Mackay CE (2015) ICA-based artifact removal diminishes
scan site differences in multi-center resting-state fMRI. Front
Neurosci 9:395. doi:10.3389/fnins.2015.00395

Filippini N, MaclIntosh BJ, Hough MG, Goodwin GM, Frisoni GB,
Smith SM, Matthews PM, Beckmann CF, Mackay CE (2009)
Distinct patterns of brain activity in young carriers of the APOE-
epsilon4 allele. Proc Natl Acad Sci USA 106(17):7209-7214.
doi:10.1073/pnas.0811879106

Finn ES, Shen X, Scheinost D, Rosenberg MD, Huang J, Chun MM,
Papademetris X, Constable RT (2015) Functional connectome
fingerprinting: identifying individuals using patterns of brain
connectivity. Nat Neurosci 18(11):1664—1671. doi:10.1038/nn.4135

Ford KA, Theberge J, Neufeld RJ, Williamson PC, Osuch EA (2013)
Correlation of brain default mode network activation with

@ Springer

bipolarity index in youth with mood disorders. J Affect Disord
150(3):1174-1178. doi:10.1016/j.jad.2013.05.088

Fox PT, Raichle ME (1986) Focal physiological uncoupling of
cerebral blood flow and oxidative metabolism during somatosen-
sory stimulation in human subjects. Proc Natl Acad Sci USA
83(4):1140-1144

Fox MD, Raichle ME (2007) Spontaneous fluctuations in brain
activity observed with functional magnetic resonance imaging.
Nat Rev Neurosci 8(9):700-711. doi:10.1038/nrn2201

Franciotti R, Falasca NW, Bonanni L, Anzellotti F, Maruotti V,
Comani S, Thomas A, Tartaro A, Taylor JP, Onofrj M (2013)
Default network is not hypoactive in dementia with fluctuating
cognition: an Alzheimer disease/dementia with Lewy bodies
comparison. Neurobiol Aging 34(4):1148-1158. doi:10.1016/j.
neurobiolaging.2012.09.015

Galvin JE, Price JL, Yan Z, Morris JC, Sheline YI (2011) Resting
bold fMRI differentiates dementia with Lewy bodies vs
Alzheimer disease. Neurology 76(21):1797-1803. doi:10.1212/
WNL.0b013e31821ccc83

Gold CA, Budson AE (2008) Memory loss in Alzheimer’s disease:
implications for development of therapeutics. Expert Rev
Neurother 8(12):1879-1891. doi:10.1586/14737175.8.12.1879

Goya-Maldonado R, Brodmann K, Keil M, Trost S, Dechent P,
Gruber O (2016) Differentiating unipolar and bipolar depression
by alterations in large-scale brain networks. Hum Brain Mapp
37(2):808-818. doi:10.1002/hbm.23070

Green RC, Cupples LA, Kurz A, Auerbach S, Go R, Sadovnick D,
Duara R, Kukull WA, Chui H, Edeki T, Griffith PA, Friedland
RP, Bachman D, Farrer L (2003) Depression as a risk factor for
Alzheimer disease: the MIRAGE Study. Arch Neurol
60(5):753-759. doi:10.1001/archneur.60.5.753

Greicius MD, Krasnow B, Reiss AL, Menon V (2003) Functional
connectivity in the resting brain: a network analysis of the
default mode hypothesis. Proc Natl Acad Sci USA
100(1):253-258. doi:10.1073/pnas.0135058100

Greicius MD, Srivastava G, Reiss AL, Menon V (2004) Default-mode
network activity distinguishes Alzheimer’s disease from healthy
aging: evidence from functional MRI. Proc Natl Acad Sci USA
101(13):4637-4642. doi:10.1073/pnas.0308627101

Greicius MD, Flores BH, Menon V, Glover GH, Solvason HB, Kenna
H, Reiss AL, Schatzberg AF (2007) Resting-state functional
connectivity in major depression: abnormally increased contri-
butions from subgenual cingulate cortex and thalamus. Biol
Psychiatry 62(5):429-437. doi:10.1016/j.biopsych.2006.09.020

Greicius MD, Kiviniemi V, Tervonen O, Vainionpaa V, Alahuhta S,
Reiss AL, Menon V (2008) Persistent default-mode network
connectivity during light sedation. Hum Brain Mapp
29(7):839-847. doi:10.1002/hbm.20537

Griffanti L, Dipasquale O, Lagana MM, Nemni R, Clerici M, Smith
SM, Baselli G, Baglio F (2015) Effective artifact removal in
resting state fMRI data improves detection of DMN functional
connectivity alteration in Alzheimer’s disease. Front Hum
Neurosci 9:449. doi:10.3389/fnhum.2015.00449

Grotegerd D, Suslow T, Bauer J, Ohrmann P, Arolt V, Stuhrmann A,
Heindel W, Kugel H, Dannlowski U (2013) Discriminating
unipolar and bipolar depression by means of fMRI and pattern
classification: a pilot study. Eur Arch Psychiatry Clin Neurosci
263(2):119-131. doi:10.1007/s00406-012-0329-4

Guo W, Liu F, Xue Z, Gao K, Liu Z, Xiao C, Chen H, Zhao J (2013)
Abnormal resting-state cerebellar-cerebral functional connectiv-
ity in treatment-resistant depression and treatment sensitive
depression. Prog Neuropsychopharmacol Biol Psychiatry
44:51-57. doi:10.1016/j.pnpbp.2013.01.010

Hanakawa T (2015) Clinical Systems Neuroscience. Springer Japan.
doi:10.1007/978-4-431-54541-5_5


http://dx.doi.org/10.1159/000072807
http://dx.doi.org/10.1002/mrm.22159
http://dx.doi.org/10.1016/j.neuroimage.2011.10.003
http://dx.doi.org/10.1016/j.neuroimage.2011.10.003
http://dx.doi.org/10.1093/cercor/bhu246
http://dx.doi.org/10.1073/pnas.0601417103
http://dx.doi.org/10.1016/j.neurobiolaging.2011.06.024
http://dx.doi.org/10.1016/j.neurobiolaging.2011.06.024
http://dx.doi.org/10.1016/j.neurobiolaging.2016.04.010
http://dx.doi.org/10.1038/nm.4246
http://dx.doi.org/10.1002/hbm.22759
http://dx.doi.org/10.1016/j.jad.2014.04.054
http://dx.doi.org/10.1016/j.jad.2014.04.054
http://dx.doi.org/10.3389/fnins.2015.00395
http://dx.doi.org/10.1073/pnas.0811879106
http://dx.doi.org/10.1038/nn.4135
http://dx.doi.org/10.1016/j.jad.2013.05.088
http://dx.doi.org/10.1038/nrn2201
http://dx.doi.org/10.1016/j.neurobiolaging.2012.09.015
http://dx.doi.org/10.1016/j.neurobiolaging.2012.09.015
http://dx.doi.org/10.1212/WNL.0b013e31821ccc83
http://dx.doi.org/10.1212/WNL.0b013e31821ccc83
http://dx.doi.org/10.1586/14737175.8.12.1879
http://dx.doi.org/10.1002/hbm.23070
http://dx.doi.org/10.1001/archneur.60.5.753
http://dx.doi.org/10.1073/pnas.0135058100
http://dx.doi.org/10.1073/pnas.0308627101
http://dx.doi.org/10.1016/j.biopsych.2006.09.020
http://dx.doi.org/10.1002/hbm.20537
http://dx.doi.org/10.3389/fnhum.2015.00449
http://dx.doi.org/10.1007/s00406-012-0329-4
http://dx.doi.org/10.1016/j.pnpbp.2013.01.010
http://dx.doi.org/10.1007/978-4-431-54541-5_5

Clinical utility of resting-state functional connectivity magnetic resonance imaging for... 837

Kawasaki Y, Suzuki M, Kherif F, Takahashi T, Zhou SY, Nakamura
K, Matsui M, Sumiyoshi T, Seto H, Kurachi M (2007)
Multivariate voxel-based morphometry successfully differenti-
ates schizophrenia patients from healthy controls. Neuroimage
34(1):235-242. doi:10.1016/j.neuroimage.2006.08.018

Kenny ER, Blamire AM, Firbank MJ, O’Brien JT (2012) Functional
connectivity in cortical regions in dementia with Lewy bodies
and Alzheimer’s disease. Brain 135(pt 2):569-581. doi:10.1093/
brain/awr327

Kerestes R, Harrison BJ, Dandash O, Stephanou K, Whittle S, Pujol J,
Davey CG (2015) Specific functional connectivity alterations of
the dorsal striatum in young people with depression. Neurol-
mage Clin 7:266-272. doi:10.1016/j.nic1.2014.12.017

Khadka S, Meda SA, Stevens MC, Glahn DC, Calhoun VD, Sweeney
JA, Tamminga CA, Keshavan MS, O’Neil K, Schretlen D,
Pearlson GD (2013) Is aberrant functional connectivity a
psychosis endophenotype? A resting state functional magnetic
resonance imaging study. Biol Psychiatry 74(6):458-466. doi:10.
1016/j.biopsych.2013.04.024

Kim H, Yoo K, Na DL, Seo SW, Jeong J, Jeong Y (2015) Non-
monotonic reorganization of brain networks with Alzheimer’s
disease progression. Front Aging Neurosci 7:111. doi:10.3389/
fnagi.2015.00111

Kiviniemi V, Kantola JH, Jauhiainen J, Hyvarinen A, Tervonen O
(2003) Independent component analysis of nondeterministic
fMRI signal sources. Neuroimage 19(2 Pt 1):253-260

Koch W, Teipel S, Mueller S, Benninghoff J, Wagner M, Bokde AL,
Hampel H, Coates U, Reiser M, Meindl T (2012) Diagnostic
power of default mode network resting state fMRI in the
detection of Alzheimer’s disease. Neurobiol Aging
33(3):466—478. doi:10.1016/j.neurobiolaging.2010.04.013

Laird AR, Fox PM, Eickhoff SB, Turner JA, Ray KL, McKay DR,
Glahn DC, Beckmann CF, Smith SM, Fox PT (2011) Behavioral
interpretations of intrinsic connectivity networks. J Cogn Neu-
rosci 23(12):4022—4037. doi:10.1162/jocn_a_00077

Laird AR, Eickhoff SB, Rottschy C, Bzdok D, Ray KL, Fox PT
(2013) Networks of task co-activations. Neuroimage
80:505-514. doi:10.1016/j.neuroimage.2013.04.073

Lao Z, Shen D, Xue Z, Karacali B, Resnick SM, Davatzikos C (2004)
Morphological classification of brains via high-dimensional
shape transformations and machine learning methods. Neuroim-
age 21(1):46-57

Lee MH, Smyser CD, Shimony JS (2013) Resting-state fMRI: a
review of methods and clinical applications. AJNR Am J
Neuroradiol 34(10):1866—1872. doi:10.3174/ajnr.A3263

Lemogne C, Delaveau P, Freton M, Guionnet S, Fossati P (2012)
Medial prefrontal cortex and the self in major depression.
J Affect Disord 136(1-2):el—el1. doi:10.1016/j.jad.2010.11.034

Li B, Liu L, Friston KJ, Shen H, Wang L, Zeng LL, Hu D (2013) A
treatment-resistant default mode subnetwork in major depression.
Biol Psychiatry 74(1):48-54. doi:10.1016/j.biopsych.2012.11.007

Li M, Huang C, Deng W, Ma X, Han Y, Wang Q, Li Z, Guo W, Li Y,
Jiang L, Lei W, Hu X, Gong Q, Merikangas KR, Palaniyappan L,
Li T (2015) Contrasting and convergent patterns of amygdala
connectivity in mania and depression: a resting-state study.
J Affect Disord 173:53-58. doi:10.1016/j.jad.2014.10.044

Lieberman MD, Cunningham WA (2009) Type I and type II error
concerns in fMRI research: re-balancing the scale. Soc Cogn
Affect Neurosci 4(4):423-428. doi:10.1093/scan/nsp052

Liu L, Zeng LL, Li Y, Ma Q, Li B, Shen H, Hu D (2012) Altered
cerebellar functional connectivity with intrinsic connectivity
networks in adults with major depressive disorder. PLoS One
7(6):€39516. doi:10.1371/journal.pone.0039516

Logothetis NK, Pauls J, Augath M, Trinath T, Oeltermann A (2001)
Neurophysiological investigation of the basis of the fMRI signal.
Nature 412(6843):150-157. doi:10.1038/35084005

Lois G, Linke J, Wessa M (2014) Altered functional connectivity
between emotional and cognitive resting state networks in
euthymic bipolar I disorder patients. PLoS One 9(10):e107829.
doi: 10.1371/journal.pone.0107829

Lowe MJ, Dzemidzic M, Lurito JT, Mathews VP, Phillips MD (2000)
Correlations in low-frequency BOLD fluctuations reflect cortico-
cortical connections. Neuroimage 12(5):582-587. doi:10.1006/
nimg.2000.0654

Lowther ER, O’Brien JT, Firbank MJ, Blamire AM (2014) Lewy
body compared with Alzheimer dementia is associated with
decreased functional connectivity in resting state networks.
Psychiatry Res 223(3):192-201. doi:10.1016/j.pscychresns.2014.
06.004

Lui S, Wu Q, Qiu L, Yang X, Kuang W, Chan RC, Huang X, Kemp
GJ, Mechelli A, Gong Q (2011) Resting-state functional
connectivity in treatment-resistant depression. Am J Psychiatry
168(6):642-648. doi:10.1176/appi.ajp.2010.10101419

Ma C, Ding J, Li J, Guo W, Long Z, Liu F, Gao Q, Zeng L, Zhao J,
Chen H (2012) Resting-state functional connectivity bias of
middle temporal gyrus and caudate with altered gray matter
volume in major depression. PLoS One 7(9):e45263. doi:10.
1371/journal.pone.0045263

McKeith IG, Galasko D, Kosaka K, Perry EK, Dickson DW, Hansen
LA, Salmon DP, Lowe J, Mirra SS, Byrne EJ, Lennox G, Quinn
NP, Edwardson JA, Ince PG, Bergeron C, Burns A, Miller BL,
Lovestone S, Collerton D, Jansen EN, Ballard C, de Vos RA,
Wilcock GK, Jellinger KA, Perry RH (1996) Consensus
guidelines for the clinical and pathologic diagnosis of dementia
with Lewy bodies (DLB): report of the consortium on DLB
international workshop. Neurology 47(5):1113-1124

Mourao-Miranda J, Bokde AL, Born C, Hampel H, Stetter M (2005)
Classifying brain states and determining the discriminating
activation patterns: support vector machine on functional MRI
data. Neuroimage 28(4):980-995. doi:10.1016/j.neuroimage.
2005.06.070

Mueller S, Wang D, Fox MD, Yeo BT, Sepulcre J, Sabuncu MR,
Shafee R, Lu J, Liu H (2013) Individual variability in functional
connectivity architecture of the human brain. Neuron
77(3):586-595. doi:10.1016/j.neuron.2012.12.028

Muliyala KP, Varghese M (2010) The complex relationship between
depression and dementia. Ann Indian Acad Neurol 13(suppl
2):S69-S73. doi:10.4103/0972-2327.74248

Muzina DJ, Kemp DE, Mclntyre RS (2007) Differentiating bipolar
disorders from major depressive disorders: treatment implica-
tions. Ann Clin Psychiatry 19(4):305-312. doi:10.1080/
10401230701653591

Neary D, Snowden J, Mann D (2005) Frontotemporal dementia.
Lancet Neurol 4(11):771-780. doi:10.1016/s1474-
4422(05)70223-4

Ogawa S, Lee TM, Kay AR, Tank DW (1990) Brain magnetic
resonance imaging with contrast dependent on blood oxygena-
tion. Proc Natl Acad Sci USA 87(24):9868-9872

Omata K, Hanakawa T, Morimoto M, Honda M (2013) Spontaneous
slow fluctuation of EEG alpha rhythm reflects activity in deep-
brain structures: a simultaneous EEG-fMRI study. PLoS One
8(6):66869. doi:10.1371/journal.pone.0066869

Ongur D, Lundy M, Greenhouse I, Shinn AK, Menon V, Cohen BM,
Renshaw PF (2010) Default mode network abnormalities in
bipolar disorder and schizophrenia. Psychiatry Res
183(1):59-68. doi:10.1016/j.pscychresns.2010.04.008

Pasquini L, Scherr M, Tahmasian M, Meng C, Myers NE, Ortner M,
Muhlau M, Kurz A, Forstl H, Zimmer C, Grimmer T,
Wohlschlager AM, Riedl V, Sorg C (2015) Link between
hippocampus’ raised local and eased global intrinsic connectiv-
ity in AD. Alzheimer’s Dement 11(5):475-484. doi:10.1016/j.
jalz.2014.02.007

@ Springer


http://dx.doi.org/10.1016/j.neuroimage.2006.08.018
http://dx.doi.org/10.1093/brain/awr327
http://dx.doi.org/10.1093/brain/awr327
http://dx.doi.org/10.1016/j.nicl.2014.12.017
http://dx.doi.org/10.1016/j.biopsych.2013.04.024
http://dx.doi.org/10.1016/j.biopsych.2013.04.024
http://dx.doi.org/10.3389/fnagi.2015.00111
http://dx.doi.org/10.3389/fnagi.2015.00111
http://dx.doi.org/10.1016/j.neurobiolaging.2010.04.013
http://dx.doi.org/10.1162/jocn_a_00077
http://dx.doi.org/10.1016/j.neuroimage.2013.04.073
http://dx.doi.org/10.3174/ajnr.A3263
http://dx.doi.org/10.1016/j.jad.2010.11.034
http://dx.doi.org/10.1016/j.biopsych.2012.11.007
http://dx.doi.org/10.1016/j.jad.2014.10.044
http://dx.doi.org/10.1093/scan/nsp052
http://dx.doi.org/10.1371/journal.pone.0039516
http://dx.doi.org/10.1038/35084005
http://dx.doi.org/10.1371/journal.pone.0107829
http://dx.doi.org/10.1006/nimg.2000.0654
http://dx.doi.org/10.1006/nimg.2000.0654
http://dx.doi.org/10.1016/j.pscychresns.2014.06.004
http://dx.doi.org/10.1016/j.pscychresns.2014.06.004
http://dx.doi.org/10.1176/appi.ajp.2010.10101419
http://dx.doi.org/10.1371/journal.pone.0045263
http://dx.doi.org/10.1371/journal.pone.0045263
http://dx.doi.org/10.1016/j.neuroimage.2005.06.070
http://dx.doi.org/10.1016/j.neuroimage.2005.06.070
http://dx.doi.org/10.1016/j.neuron.2012.12.028
http://dx.doi.org/10.4103/0972-2327.74248
http://dx.doi.org/10.1080/10401230701653591
http://dx.doi.org/10.1080/10401230701653591
http://dx.doi.org/10.1016/s1474-4422(05)70223-4
http://dx.doi.org/10.1016/s1474-4422(05)70223-4
http://dx.doi.org/10.1371/journal.pone.0066869
http://dx.doi.org/10.1016/j.pscychresns.2010.04.008
http://dx.doi.org/10.1016/j.jalz.2014.02.007
http://dx.doi.org/10.1016/j.jalz.2014.02.007

838

T. Takamura, T. Hanakawa

Peng D, Shi F, Shen T, Peng Z, Zhang C, Liu X, Qiu M, Liu J, Jiang
K, Fang Y, Shen D (2014) Altered brain network modules induce
helplessness in major depressive disorder. J Affect Disord
168:21-29. doi:10.1016/j.jad.2014.05.061

Peng D, Liddle EB, Iwabuchi SJ, Zhang C, Wu Z, Liu J, Jiang K, Xu
L, Liddle PF, Palaniyappan L, Fang Y (2015) Dissociated large-
scale functional connectivity networks of the precuneus in
medication-naive first-episode depression. Psychiatry Res
232(3):250-256. doi:10.1016/j.pscychresns.2015.03.003

Raichle ME, MacLeod AM, Snyder AZ, Powers WJ, Gusnard DA,
Shulman GL (2001) A default mode of brain function. Proc Natl
Acad Sci USA 98(2):676-682. doi:10.1073/pnas.98.2.676

Rey G, Piguet C, Benders A, Favre S, Eickhoff SB, Aubry JM,
Vuilleumier P (2016) Resting-state functional connectivity of
emotion regulation networks in euthymic and non-euthymic
bipolar disorder patients. Eur Psychiatry 34:56-63. doi:10.1016/
j-eurpsy.2015.12.005

Roy CS, Sherrington CS (1890) On the regulation of the blood-supply
of the brain. J Physiol 11(1-2):85

Samudra N, Ivleva EI, Hubbard NA, Rypma B, Sweeney JA,
Clementz BA, Keshavan MS, Pearlson GD, Tamminga CA
(2015) Alterations in hippocampal connectivity across the
psychosis dimension. Psychiatry Res 233(2):148-157. doi:10.
1016/j.pscychresns.2015.06.004

Sanz-Arigita EJ, Schoonheim MM, Damoiseaux JS, Rombouts SA,
Maris E, Barkhof F, Scheltens P, Stam CJ (2010) Loss of ‘small-
world’ networks in Alzheimer’s disease: graph analysis of FMRI
resting-state functional connectivity. PLoS One 5(11):e13788.
doi:10.1371/journal.pone.0013788

Satterthwaite TD, Elliott MA, Gerraty RT, Ruparel K, Loughead J,
Calkins ME, Eickhoff SB, Hakonarson H, Gur RC, Gur RE,
Wolf DH (2013) An improved framework for confound regres-
sion and filtering for control of motion artifact in the prepro-
cessing of resting-state functional connectivity data. Neuroimage
64:240-256. doi:10.1016/j.neuroimage.2012.08.052

Schwindt GC, Chaudhary S, Crane D, Ganda A, Masellis M, Grady
CL, Stefanovic B, Black SE (2013) Modulation of the default-
mode network between rest and task in Alzheimer’s Disease.
Cereb Cortex 23(7):1685-1694. doi:10.1093/cercor/bhs160

Seeley WW, Menon V, Schatzberg AF, Keller J, Glover GH, Kenna
H, Reiss AL, Greicius MD (2007) Dissociable intrinsic connec-
tivity networks for salience processing and executive control.
J Neurosci 27(9):2349-2356. doi:10.1523/jneurosci.5587-06.
2007

Selkoe DJ (1994) Cell biology of the amyloid beta-protein precursor
and the mechanism of Alzheimer’s disease. Annu Rev Cell Biol
10:373-403. doi:10.1146/annurev.cb.10.110194.002105

Sheline YI, Price JL, Yan Z, Mintun MA (2010) Resting-state
functional MRI in depression unmasks increased connectivity
between networks via the dorsal nexus. Proc Natl Acad Sci USA
107(24):11020-11025. doi:10.1073/pnas.1000446107

Shen T, Li C, Wang B, Yang WM, Zhang C, Wu Z, Qiu MH, Liu J,
Xu YF, Peng DH (2015) Increased cognition connectivity
network in major depression disorder: a FMRI study. Psychiatry
Investig 12(2):227-234. doi:10.4306/pi.2015.12.2.227

Smith SM, Fox PT, Miller KL, Glahn DC, Fox PM, Mackay CE,
Filippini N, Watkins KE, Toro R, Laird AR, Beckmann CF
(2009) Correspondence of the brain’s functional architecture
during activation and rest. Proc Natl Acad Sci USA
106(31):13040-13045. doi:10.1073/pnas.0905267106

Smith SM, Miller KL, Salimi-Khorshidi G, Webster M, Beckmann
CF, Nichols TE, Ramsey JD, Woolrich MW (2011) Network
modelling methods for FMRI. Neuroimage 54(2):875-891.
doi:10.1016/j.neuroimage.2010.08.063

Sokoloff L, Reivich M, Kennedy C, Des Rosiers MH, Patlak CS,
Pettigrew KD, Sakurada O, Shinohara M (1977) The

@ Springer

[14C]deoxyglucose method for the measurement of local
cerebral glucose utilization: theory, procedure, and normal
values in the conscious and anesthetized albino rat. J] Neurochem
28(5):897-916

Sui J, He H, Yu Q, Chen J, Rogers J, Pearlson GD, Mayer A, Bustillo
J, Canive J, Calhoun VD (2013) Combination of resting state
fMRI, DTI, and sMRI Data to discriminate schizophrenia by
N-way MCCA+jICA. Front Hum Neurosci 7:235. doi:10.3389/
fnhum.2013.00235

Torrisi S, Moody TD, Vizueta N, Thomason ME, Monti MM,
Townsend JD, Bookheimer SY, Altshuler LL (2013) Differences
in resting corticolimbic functional connectivity in bipolar I
euthymia. Bipolar Disord 15(2):156-166. doi:10.1111/bdi.12047

Toussaint PJ, Maiz S, Coynel D, Doyon J, Messe A, de Souza LC,
Sarazin M, Perlbarg V, Habert MO, Benali H (2014) Charac-
teristics of the default mode functional connectivity in normal
ageing and Alzheimer’s disease using resting state fMRI with a
combined approach of entropy-based and graph theoretical
measurements. Neuroimage 101:778-786. doi:10.1016/j.neuro
image.2014.08.003

van den Heuvel MP, Hulshoff Pol HE (2010) Exploring the brain
network: a review on resting-state fMRI functional connectivity.
Eur Neuropsychopharmacol 20(8):519-534. doi:10.1016/j.euro
neuro.2010.03.008

WangL, Zang Y, He Y, Liang M, Zhang X, Tian L, Wu T, Jiang T, Li K
(2006) Changes in hippocampal connectivity in the early stages of
Alzheimer’s disease: evidence from resting state fMRI. Neuroim-
age 31(2):496-504. doi:10.1016/j.neuroimage.2005.12.033

Wu QZ, Li DM, Kuang WH, Zhang TJ, Lui S, Huang XQ, Chan RC,
Kemp GJ, Gong QY (2011a) Abnormal regional spontaneous
neural activity in treatment-refractory depression revealed by
resting-state fMRI. Hum Brain Mapp 32(8):1290-1299. doi:10.
1002/hbm.21108

Wu X, Li R, Fleisher AS, Reiman EM, Guan X, Zhang Y, Chen K,
Yao L (2011b) Altered default mode network connectivity in
Alzheimer’s disease—a resting functional MRI and Bayesian
network study. Hum Brain Mapp 32(11):1868-1881. doi:10.
1002/hbm.21153

Yao H, Liu Y, Zhou B, Zhang Z, An N, Wang P, Wang L, Zhang X,
Jiang T (2013) Decreased functional connectivity of the
amygdala in Alzheimer’s disease revealed by resting-state fMRI.
Eur J Radiol 82(9):1531-1538. doi:10.1016/j.ejrad.2013.03.019

Ye T, Peng J, Nie B, Gao J, Liu J, Li Y, Wang G, Ma X, Li K, Shan B
(2012) Altered functional connectivity of the dorsolateral
prefrontal cortex in first-episode patients with major depressive
disorder. Eur J Radiol 81(12):4035-4040. doi:10.1016/j.ejrad.
2011.04.058

Yeo BT, Krienen FM, Sepulcre J, Sabuncu MR, Lashkari D,
Hollinshead M, Roffman JL, Smoller JW, Zollei L, Polimeni
JR, Fischl B, Liu H, Buckner RL (2011) The organization of the
human cerebral cortex estimated by intrinsic functional connec-
tivity. J Neurophysiol 106(3):1125-1165. doi:10.1152/jn.00338.
2011

Yetkin FZ, Rosenberg RN, Weiner MF, Purdy PD, Cullum CM
(2006) FMRI of working memory in patients with mild cognitive
impairment and probable Alzheimer’s disease. Eur Radiol
16(1):193-206. doi:10.1007/s00330-005-2794-x

Zarei M, Beckmann CF, Binnewijzend MA, Schoonheim MM,
Oghabian MA, Sanz-Arigita EJ, Scheltens P, Matthews PM,
Barkhof F (2013) Functional segmentation of the hippocampus
in the healthy human brain and in Alzheimer’s disease.
Neuroimage 66:28-35. doi:10.1016/j.neuroimage.2012.10.071

Zeng LL, Shen H, Liu L, Wang L, Li B, Fang P, Zhou Z, Li Y, Hu D
(2012) Identifying major depression using whole-brain func-
tional connectivity: a multivariate pattern analysis. Brain 135(pt
5):1498-1507. doi:10.1093/brain/aws059


http://dx.doi.org/10.1016/j.jad.2014.05.061
http://dx.doi.org/10.1016/j.pscychresns.2015.03.003
http://dx.doi.org/10.1073/pnas.98.2.676
http://dx.doi.org/10.1016/j.eurpsy.2015.12.005
http://dx.doi.org/10.1016/j.eurpsy.2015.12.005
http://dx.doi.org/10.1016/j.pscychresns.2015.06.004
http://dx.doi.org/10.1016/j.pscychresns.2015.06.004
http://dx.doi.org/10.1371/journal.pone.0013788
http://dx.doi.org/10.1016/j.neuroimage.2012.08.052
http://dx.doi.org/10.1093/cercor/bhs160
http://dx.doi.org/10.1523/jneurosci.5587-06.2007
http://dx.doi.org/10.1523/jneurosci.5587-06.2007
http://dx.doi.org/10.1146/annurev.cb.10.110194.002105
http://dx.doi.org/10.1073/pnas.1000446107
http://dx.doi.org/10.4306/pi.2015.12.2.227
http://dx.doi.org/10.1073/pnas.0905267106
http://dx.doi.org/10.1016/j.neuroimage.2010.08.063
http://dx.doi.org/10.3389/fnhum.2013.00235
http://dx.doi.org/10.3389/fnhum.2013.00235
http://dx.doi.org/10.1111/bdi.12047
http://dx.doi.org/10.1016/j.neuroimage.2014.08.003
http://dx.doi.org/10.1016/j.neuroimage.2014.08.003
http://dx.doi.org/10.1016/j.euroneuro.2010.03.008
http://dx.doi.org/10.1016/j.euroneuro.2010.03.008
http://dx.doi.org/10.1016/j.neuroimage.2005.12.033
http://dx.doi.org/10.1002/hbm.21108
http://dx.doi.org/10.1002/hbm.21108
http://dx.doi.org/10.1002/hbm.21153
http://dx.doi.org/10.1002/hbm.21153
http://dx.doi.org/10.1016/j.ejrad.2013.03.019
http://dx.doi.org/10.1016/j.ejrad.2011.04.058
http://dx.doi.org/10.1016/j.ejrad.2011.04.058
http://dx.doi.org/10.1152/jn.00338.2011
http://dx.doi.org/10.1152/jn.00338.2011
http://dx.doi.org/10.1007/s00330-005-2794-x
http://dx.doi.org/10.1016/j.neuroimage.2012.10.071
http://dx.doi.org/10.1093/brain/aws059

Clinical utility of resting-state functional connectivity magnetic resonance imaging for... 839

Zhang HY, Wang SJ, Xing J, Liu B, Ma ZL, Yang M, Zhang ZJ, Teng Zhu X, Wang X, Xiao J, Liao J, Zhong M, Wang W, Yao S (2012)

GJ (2009) Detection of PCC functional connectivity character- Evidence of a dissociation pattern in resting-state default mode

istics in resting-state fMRI in mild Alzheimer’s disease. Behav network connectivity in first-episode, treatment-naive major

Brain Res 197(1):103-108. doi:10.1016/j.bbr.2008.08.012 depression patients. Biol Psychiatry 71(7):611-617. doi:10.1016/
Zhang HY, Wang SJ, Liu B, Ma ZL, Yang M, Zhang ZJ, Teng GJ j-biopsych.2011.10.035

(2010) Resting brain connectivity: changes during the progress Zuo XN, Kelly C, Adelstein JS, Klein DF, Castellanos FX, Milham

of Alzheimer disease. Radiology 256(2):598-606. doi:10.1148/ MP (2010) Reliable intrinsic connectivity networks: test-retest

radiol.10091701 evaluation using ICA and dual regression approach. Neuroimage
Zhang D, Wang Y, Zhou L, Yuan H, Shen D (2011) Multimodal 49(3):2163-2177. doi:10.1016/j.neuroimage.2009.10.080

classification of Alzheimer’s disease and mild cognitive impair-
ment. Neuroimage 55(3):856-867. doi:10.1016/j.neuroimage.
2011.01.008

@ Springer


http://dx.doi.org/10.1016/j.bbr.2008.08.012
http://dx.doi.org/10.1148/radiol.10091701
http://dx.doi.org/10.1148/radiol.10091701
http://dx.doi.org/10.1016/j.neuroimage.2011.01.008
http://dx.doi.org/10.1016/j.neuroimage.2011.01.008
http://dx.doi.org/10.1016/j.biopsych.2011.10.035
http://dx.doi.org/10.1016/j.biopsych.2011.10.035
http://dx.doi.org/10.1016/j.neuroimage.2009.10.080

	Clinical utility of resting-state functional connectivity magnetic resonance imaging for mood and cognitive disorders
	Abstract
	Introduction
	Introduction to resting-state fMRI
	A brief overview of functional MRI methodology
	Basics of resting-state fMRI
	Resting-state networks (RSNs)
	Advantages of rs-fMRI over task fMRI for clinical applications
	Analysis methods of rs-fMRI applied to clinical studies
	Model-dependent: seed-based analysis
	Model-free: independent component analysis (ICA)
	Graph analysis
	Subsidiary methods: machine learning (ML)

	Applications of rs-fMRI to Alzheimer’s disease and other dementias
	Seed-based analysis
	ICA
	Graph analysis
	Brief summary of rs-fMRI studies in dementia

	Applications of rs-fMRI to mood disorders
	Major depressive disorder (MDD)
	Seed-based analysis
	ICA
	Graph analysis
	Brief summary

	Bipolar disorders (BD)
	Seed-based analysis
	ICA
	Brief summary


	Application of machine learning (ML) to neuropsychiatric disorders
	Brief summary and comments

	Discussion
	Conclusion
	Acknowledgements
	References




