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Functional magnetic resonance imaging (fMRI) has become a major technique for studying
cognitive function and its disruption in mental iliness, including schizophrenia. The major
proportion of imaging studies focused primarily upon identifying regions which hemodynamic
response amplitudes covary with particular stimuli and differentiate between patient and
control groups. In addition to such amplitude based comparisons, one can estimate temporal
correlations and compute maps of functional connectivity between regions which include the
variance associated with event-related responses as well as intrinsic fluctuations of hemodynamic
activity. Functional connectivity maps can be computed by correlating all voxels with a seed
region when a spatial prior is available. An alternative are multivariate decompositions such
as independent component analysis (ICA) which extract multiple components, each of which
is a spatially distinct map of voxels with a common time course. Recent work has shown
that these networks are pervasive in relaxed resting and during task performance and hence
provide robust measures of intact and disturbed brain activity. This in turn bears the prospect
of yielding biomarkers for schizophrenia, which can be described both in terms of disrupted
local processing as well as altered global connectivity between large-scale networks. In this
review we will summarize functional connectivity measures with a focus upon work with ICA
and discuss the meaning of intrinsic fluctuations. In addition, examples of how brain networks
have been used for classification of disease will be shown. We present work with functional
network connectivity, an approach that enables the evaluation of the interplay between multiple
networks and how they are affected in disease. We conclude by discussing new variants of
ICA for extracting maximally group discriminative networks from data. In summary, it is clear
that identification of brain networks and their interrelationships with fMRI has great potential
to improve our understanding of schizophrenia.
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connectivity

BRIEF REVIEW OF FUNCTIONAL CONNECTIVITY
Functional magnetic resonance imaging (fMRI) has been used for
almost 20 years, primarily to extract signals from brain regions that
show blood oxygen level dependent (BOLD) changes in response
to a cognitive task. More recently there has been increased interest
in temporally coherent, but not necessarily directly task-correlated
activity, derived from fMRI data. Early studies were performed
using correlation of a seed region in sensorimotor cortex in rap-
idly sampled echo planar imaging (EPI) fMRI data and revealed a
significant degree of low-frequency correlations with homologous
contralateral regions (Biswal et al., 1995). These correlations, also
present for visual and auditory cortices, appear to be related to both
hemodynamic and neuronal activity (Biswal et al., 1997) mostly at
lower frequencies (Cordes et al., 2001). Subsequently it was shown
that whole brain data temporally sampled at a much lower rate also
showed similar temporally coherent regions (Lowe et al., 1998).
Beyond correlation, multivariate methods based upon inde-
pendent component analysis (ICA) have also been applied to
measure functional connectivity, and have the advantage of not

requiring explicit spatial priors or temporal filtering (McKeown
et al., 1998). ICA was developed to solve problems similar to the
“cocktail party” scenario in which individual voices must be resolved
from microphone recordings of many people speaking at once (Bell
and Sejnowski, 1995). The algorithm, as applied to fMRI, assumes
a set of sparse, spatially independent brain networks, each with
associated time courses. The model identifies latent sources whose
elements (voxels) have the same time course and thus each compo-
nent can be considered a temporally coherent network (TCN). We
use the general term TCN to avoid a notion of state-dependence
that pertains to resting state networks (RSN) and their particular
instances such as the default mode network (DMN), as well as task-
related networks computed from ICA (Calhoun et al., 2008a) and
also embedded within maps of task-correlated activity (Sui et al.,
2009b). Default mode is name given to one particular network
which is found to show a signal decrease when a task is performed.
This network is thus present to differing degrees at rest and dur-
ing a task. A functionally connected network, by definition, has
voxels which exhibit temporally coherent signal. These networks
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appear to be largely robust and consistent, although they are also
clearly modulated both spatially and temporally in the presence of
a task (Calhoun et al., 2008a; Fransson, 2006; Sonuga-Barke and
Castellanos, 2007).

Since the original observations, multiple studies have exam-
ined manipulations of tasks versus a resting baseline or evaluated
changes in the correlations in clinical groups. There is some evi-
dence that spatial maps reflecting TCNs may be more robust than
those estimated during a standard approach based upon the general
linear model (Calhoun et al., 2008b; Shehzad et al., 2009). ICA
has been used to identify several TCNs present in healthy subjects
either at rest (Beckmann et al., 2005; Damoiseaux and Greicius,
2009; Kiviniemi et al., 2003; Van de Ven et al., 2004) or during the
performance of a task (Calhoun et al., 2001b, 2002; McKeown et al.,
1998). There has also been interest in using TCNs as biological
disease markers, e.g., TCNs have been used to distinguish mild
cognitive impairment (Sorg et al., 2007) and Alzheimer’s disease
(Greicius et al., 2004) from healthy aging, schizophrenia from bipo-
lar disorder (Calhoun et al., 2008b), or schizophrenia patients from
unaffected first degree relatives and controls (Whitfield-Gabrieli
et al., 2009).

A particular TCN that has received great interest is the DMN,
that is believed to participate in an organized, baseline “idling”
state of brain function that diminishes both during specific goal-
directed behaviors (Raichle et al., 2001) and in inverse propor-
tion to task difficulty (McKiernan et al., 2003). It is hypothesized
that the default mode is involved in attending to internal versus
external stimuli and is associated with the stream of consciousness,
comprising a free flow of thought while the brain is not engaged
in other tasks (Gusnard et al., 2001), however there are alterna-
tive explanations (Hampson et al., 2006). We reported recently an
approach utilizing both the temporal lobe and default mode TCN's
to differentiate schizophrenia, bipolar disorder, and healthy con-
trols (Calhoun et al., 2008b). Other than these two TCNs, multiple
others have been consistently identified (Beckmann et al., 2005;
Kiviniemi et al., 2009) but have not been studied in detail for their
relevance in schizophrenia so far. For clinical studies, the extraction
of TCNs during task performance has been suggested as a way to
constrain a participant’s behavior beyond just “resting” while also
stimulating the brain with a task that both patients and controls
can perform accurately and which elicits robust brain function
differences between the two groups (Calhoun et al., 2008b).

Collection of data during rest in subjects with neuropsychiatric
disorders is a useful approach in several regards. First, ill partici-
pants are often unable or unwilling to perform tasks consistently in
the scanner or to fully understand complex instructions — At rest,
there are no such task demands. Second, abnormal task perform-
ance often occurs in schizophrenia, due to the cognitive disability
associated with the disorder. This is often inevitably confounded
with concomitant abnormal brain activation in a “chicken and egg”
manner. This problem can be circumvented during resting state,
thus potentially offering a clearer view of the underlying endophe-
notype (see accompanying article by Pearlson et al., in this issue).
Finally, the occurrence of symptoms in the scanner, for example
auditory hallucinations in schizophrenia, is usually thought of as
undesirable “noise” during performance of a cognitive task but at
rest may actually be contributing useful diagnostic information.

ORIGIN OF RESTING STATE CONNECTIVITY PATTERNS

Recall that the BOLD signal is a surrogate for neuronal activity.
It is an indirect measure of neuronal activity after neurovascu-
lar transformation, and as such is not solely an index of localized
electrophysiological processing in the brain volume but also mixed
with global effects that affect blood oxygenation and flow, including
variability of heart rate and respiration (Logothetis and Wandell,
2004; Raichle and Mintun, 2006). These physiological nuisance
signals can yield oscillations in the low-frequency range (Wise et al.,
2004), either due to aliased measurements and/or due to harmon-
ics of their center frequencies in the range between 0.1 and 1 Hz,
respectively. Since the initial observation of functional connectivity
between regional fMRI time-series (Biswal et al., 1995) research-
ers have been aware of these confounds (Cordes et al., 2000). One
way to estimate these effects is to acquire fMRI time-series at high
sampling rates (~200 ms per volume) which avoids aliasing but
which typically does not permit whole brain coverage. Where
whole brain coverage is desired, heart rate and respiration can be
measured inside the MR scanner and be used as nuisance covari-
ates (Glover et al., 2000). Under the assumption that physiological
nuisance affects the fMRI signal across the entire volume, global
mean scaling has been a widely used processing step in functional
connectivity analysis for denoising (Zarahn et al., 1997). Although
this procedure effectively removes nuisance effects, one should be
aware that it also alters functional connectivity patterns, and can
yield artificially increased anti-correlations when seed-based corre-
lation methods are used for analysis (Murphy et al., 2009). However,
the observed anti-correlated networks are most likely not solely a
consequence of preprocessing using global signal correction, since
the global signal is not preferentially localized to these networks and
the spatial distribution of negative correlations is not mandated by
global scaling (Fox et al., 2009).

Note also that blind decompositions with ICA are less sus-
ceptible to this type of ambiguity (Birn et al., 2008; Fox et al.,
2009) and show largely the same networks and anti-correla-
tions between them (Damoiseaux et al., 2006; Kiviniemi et al.,
2009). Additionally, several lines of evidence illustrate the neu-
ronal nature of large-scale networks observable in the resting
state and during task fMRI data. Although direct observations
remain scarce and not necessarily yield consistent and station-
ary observations in electrophysiology and hemodynamics (Popa
et al.,2009; Sirotin and Das, 2009), low-frequency neuronal activ-
ity patterns can account for slow fMRI fluctuations (Leopold
et al., 2003; Shmuel and Leopold, 2008), and a network model
of weakly coupled 40 Hz oscillators also shows low-frequency
activity (Deco et al., 2009). For the DMN in particular, concur-
rent EEG-fMRI studies in humans show correlations between
DMN and resting and event-related EEG features (Eichele et al.,
2005; Laufs et al., 2003; Mantini et al., 2007; Scheeringa et al.,
2008). There is also evidence that these resting networks may
be coordinated by subcortical mechanisms (Uddin et al., 2008).
In addition, structural and functional connectivity of the DMN
appear tightly coupled (Hagmann et al., 2008; Skudlarski et al.,
2008). These findings corroborate the multimodal description
of the DMN in non-human primates (Vincent et al., 2007). One
should also be aware of related psychophysiologic observations:
heart rate and respiration are directly affected by cognitive and
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affective states, which in turn are mediated by large-scale networks
(Cacioppo et al., 2000; Critchley, 2005), such that excessive control
for putative confounds might yield reduced sensitivity to detect
plausible biological effects.

FUNCTIONAL CONNECTIVITY IN SCHIZOPHRENIA
Schizophrenia is a chronic, disabling mental disorder diagnosed
on the basis of a constellation of psychiatric symptoms and lon-
gitudinal course. The disease impairs multiple cognitive domains
including memory, attention and executive function (Heinrichs and
Zakzanis, 1998). Although the causes and mechanisms of schizo-
phrenia are still unclear, a hypothesis of neural network “disconnec-
tion” has been proposed (Friston and Frith, 1995). This hypothesis
proposes that schizophrenia arises from dysfunctional integration
of a distributed network of brain regions or a misconnection syn-
drome of neural circuitry leading to an impairment in the smooth
coordination of mental processes, sometimes described as “cogni-
tive dysmetria” (Andreasen et al., 1999).

Many researchers have examined the possibility of “discon-
nection” in psychiatric groups by analyzing brain function with
functional connectivity methods (Bokde et al., 2006; Friston, 1995;
Friston and Frith, 1995; Frith et al., 1995; Herbster et al., 1996; Josin
and Liddle, 2001; Liang et al., 2006; Liddle et al., 1992; Mikula and
Niebur, 2006). For example, in a sample of patients with schizo-
phrenia, Liang et al. (2006), found disrupted functional integra-
tion of widespread brain areas, including a decreased connectivity
among insula, temporal lobe, prefrontal cortex and basal ganglia
and an increased connectivity between the cerebellum and other
brain areas, during resting-state by analyzing correlations between
brain regions. Similarly, Meyer-Lindenberg et al. (2001), reported
pronounced disruptions of distributed cooperative activity in
frontotemporal interactions in schizophrenia in selected regions
of interest in positron emission tomography (PET) brain scans on
working memory task. Other task-related studies reported a lack
of interaction between right anterior cingulate and other brain
regions (Boksman et al., 2005), disrupted integration between
medial superior frontal gyrus and both the anterior cingulate and
the cerebellum (Honey et al., 2005), as well as reduced functional
connectivity in frontotemporal regions of subjects with schizophre-
nia (Lawrie et al., 2002). Disruptions in networks identified with
ICA in large multisite studies have been shown for multiple tasks
such as auditory oddball (Kim et al., 2009) and working memory
tasks (Kim et al., In Press).

Because of their reliability, TCNs also appear to be ideally suited
for use in diagnostic classification or prediction using machine
learning techniques. Two TCNs have been of particular interest
in schizophrenia (Bluhm et al., 2007; Calhoun et al., 2004; Garrity
et al.,2007); one of which includes bilateral temporal lobe regions,
which have previously been used to discriminate healthy controls
from schizophrenia patients (Calhoun et al., 2004). A second TCN,
one of the most studied, is the DMN (McKiernan et al., 2003;
Raichle et al., 2001) discussed earlier.

Classification has been performed using fMRI data collected
during an auditory oddball task for two patient groups as well as
healthy controls. Component maps estimated using a group ICA
approach (Calhoun et al., 2001a) were entered into two sample
t-tests to evaluate pair-wise differences among the three groups.

Results are presented for each group for two components, one
in temporal lobe and also the default mode (Figure 1; left). We
performed a multiple regression including the target, novel, and
standard stimuli and the mean of the estimated beta parameters
is shown in Figure 1 (right). We were also able to utilize these
results to accurately differentiate healthy controls, schizophre-
nia patients, and patients with bipolar disorder. This example
illustrates the ability of group ICA to differentiate groups and
also shows both a comparison of the spatial maps and the time
courses.

FUNCTIONAL NETWORK CONNECTIVITY

Although studies identifying networks of regions through seed-
based approaches or ICA help identify problems with typical
functional integration among important brain regions, they do
not typically examine patients to see if there is disruption in the
relationship of activity between one large network of brain regions
and another. However, schizophrenia patients may not only have
deficits within networks, but also dysfunction between networks,
in that their cognitive and behavioral deficits might be related to
entire networks of regions failing to properly communicate with
one another.

Related work on TCNs has discussed regions showing task-related
increases and other regions showing task decreases, described as
anticorrelated networks (Fox et al., 2005; Uddin et al., 2009). Kelly
et al. (2008) presented evidence that competition between such task
negative and task positive networks mediates behavioral variability
during a flanker task while Popa et al. (2009) showed network dif-
ferences in attentional modulation. Such networks have also been
studied in schizophrenia subjects (Williamson, 2007) as well as their
first degree relatives (Whitfield-Gabrieli et al., 2009).

The above approaches indicate growing interest in evaluating
changes in the interactions between networks and how related
changes in disease but, to date these have focused only on two,
specific negatively correlated networks. However, we can study the
interrelationship between multiple networks using an ICA approach,
by examining group differences in the temporal relationship among
components (Assaf et al., 2009; Jafri et al., 2008). Within a given
component, the regions are by definition fully temporally coher-
ent due to the ICA assumption of linear mixing (Calhoun et al,,
2004). But as discussed earlier, one can focus not only on these
time courses, but rather also on the weaker dependencies among
components. The determination of functional temporal connec-
tivity among components and the evaluation of group differences
in these relatively weaker connections is defined as functional net-
work connectivity (FNC) since the approach evaluates changes in
the interrelationship between different brain networks (including
multiple regions as opposed to correlating a single seed region of
interest with other brain regions).

Jafri et al. (2008) evaluated differences in FNC of resting state
TCNs in schizophrenia versus healthy controls by computing a
constrained maximal lagged correlation. First ICA was performed
on the fMRI data and seven networks were selected. The maxi-
mal lagged correlation (between —5 and +5 s) was then examined
between all pair-wise combinations. The maximal correlation value
and corresponding lag was saved. Correlation and lag values were
calculated for all subjects and were later averaged for control and
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FIGURE 1 | Pair-wise comparisons of the control, schizophrenia, and
bipolar groups (from Calhoun et al., 2008b). Two-sample t-tests were
performed to illustrate most significant differences for each pairwise
comparison (top left). Note that these maps are generated from all subjects
and actual classification regions will be slightly different due to the leave-1-out
approach. On the top right is plotted the average beta weights for the stimuli
broken out by group. On the bottom is shown a priori decision regions for
three-way classification for (A) control (dark yellow) versus non-control (black),

Control-Schizo

Normalized fMRI Signal

Temporal Lobe Default Mode

C Classify Bipo vs Non-Bipo

Schizo-Bipo

Control-Bipo

(B) schizophrenia (dark pink) versus non-schizophrenia (black), and

(C) bipolar (dark green) versus non-bipolar (black). The actual diagnosis of

a given individual is indicated by the color of the dot where controls are
yellow, schizophrenia patients are pink, and bipolar patients are green.

The classification was done on an independent data set each time using

a leave-one-out approach. Sensitivity and specificity values were quite
encouraging, with an average sensitivity (true positive) of 90% and an average
specificity (true negative) of 95%.

patient group separately, where correlation values represented the
dependency of two (out of seven) RSN on each other.

Five statistically significant differences in correlations values for
patients versus controls were identified using a two sample #test
thresholded at p < 0.01, corrected for multiple comparisons using
the false discovery rate (Genovese et al.,2002). Interestingly, patients
showed considerably higher FNC than controls. Figure 2 represents
the significant correlation found among group differences. In the
figure, a dotted line represents connectivity values for which patients
had higher mean correlation than controls, while a solid line repre-
sents connectivity with higher correlation for controls. For example,
components A and F,which show significant correlation difference,
are connected with a dotted line to indicate that patients had greater
mean correlation values than controls for this connection.

Using a slightly different approach, where Granger causality was
computed between networks, enables us to evaluate both the inter-
network relationships and to identify which frequencies drive these
relationships. Demirci et al. (2009) studied this for two different
tasks, an auditory oddball task and a Sternberg working memory

task. Different network structures showed aberrant FNC for the
two tasks (see Figure 3).

In summary, the application of FNC to study schizophrenia
appears to be a very powerful approach since it provides a way to
study aberrant connectivity between sets of regions (networks),
which is thought to be a core feature of schizophrenia.

FUSION OF NETWORKS (DATA FUSION OF MULTITASK/
MULTIMODAL NETWORKS)

In this last section we discuss methods which work at a group
level to identify and combine multitask and multimodal networks.
One promising approach is joint ICA, a second-level fMRI analysis
method that has been used for capturing group-differences in two
ways. These are (1) The contribution of one component to each
group is dissimilar, which is reflected by the mean of mixing coef-
ficients (quantified via p value of two sample #-test). (2) The back-
reconstructed sources for each group are uncommon; namely, the
component can vary spatially between two classes of populations
as reflected by the joint histogram (quantified via J-divergence)
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FIGURE 2 | Significant correlation between group differences (from Jafri

et al., 2008). Out of 21 possible correlation combinations between seven
components, only five combinations passed the two sample t-test (p < 0.01).
The solid line represents the significant connectivity where controls have higher
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mean correlation than patients, while dotted line represents connectivity where
patients have higher mean correlation. Presence of dotted lines rejects the
hypothesis that controls should have more correlation between two
components than patients.

(Calhoun et al., 2006a). We show three examples of this approach
applied to schizophrenia.

MULTITASK fMRI
We performed a joint analysis of fMRI data collected from a
Sternberg (SB) and an auditory oddball discrimination (AOD) task.
Data in each task were collected from 15 controls and 15 schizo-
phrenic patients. Additional details of the tasks and subjects are
provided in (Calhoun et al., 2006b). A single joint component
including regions in temporal lobe (for the AOD task) and dorsola-
teral prefrontal cortex (for the SB task) discriminated schizophrenia
patients from healthy controls. A joint histogram was computed by
ranking voxels surviving the threshold for the AOD and SB parts of
the joint source in descending order and pairing these two voxel sets.
Single subject and group-averaged joint histograms are presented
in Figures 4A,B and the marginal histograms for the AOD and SB
tasks are presented in Figures 4C,D.

In general, more AOD task voxels were active in the controls and
the SB task showed a slight increase in standard deviation for the

patients. Results also revealed significantly more correlation between
the two tasks in the patients (p < 0.0001). A possible synthesis of the
findings is that patients are activating less, but also activating with a
less unique set of regions for these very different tasks, consistent with
a generalized cognitive deficit. Essentially this suggests that schizo-
phrenia patients demonstrate less modularity than healthy controls
in the brain patterns induced in response to different tasks.

fMRI-sMRI

It is also feasible to use jICA to combine structural and functional
features. Our approach requires acceptance of the likelihood of gray
matter changes being related to functional activation. This is not
an unreasonable premise when considering the same set of voxels
(Thomsen et al., 2004), or even adjacent voxels (Meyer-Lindenberg
et al., 2004) but also requires the acceptance of related gray matter
regions and functional regions which are spatially remote. Given the
functional interconnectedness of widespread neural networks, we
suggest that this, also, is a reasonable explanation for the relation-
ship between structural and functional changes.
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FIGURE 3 | Granger causality FNC results (from Demirci et al., 2009).
Granger causality test results for SIRP data (A) and auditory oddball data
(B). The connections and their directions between brain networks are
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FIGURE 4 | Cross-task 2D histograms for AOD versus SB fMRI activation
(from Calhoun et al., 2006b). Joint 2D histograms for voxels identified in the
analysis. Individual (A) and group average difference (B) histograms (with orange
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the marginal histograms for the auditory oddball (SPM contrast image for
“targets”) (C) and Sternberg (SPM contrast image for “recall”) (D) data.
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The next example is from a joint-ICA analysis of fMRI data
of auditory oddball task and gray matter segmentation data
(Calhoun et al., 2006a). Auditory oddball target activation maps
and segmented gray matter maps were normalized to a study
specific template in order to control for intensity differences in
MR images based on scanner, template and population variations
(Clark et al., 2001).

Results are presented in Figure 5. The AOD part of the joint
source is shown in Figure 5A, the GM part of the joint source
is shown in Figure 5B, and the ICA loading parameters sepa-
rated by group and shown in Figure 5C. Only one component
demonstrated significantly different loadings (p <0.002) in
patients and controls (loading for controls was higher than that
for patients). The main finding was that the jICA results identi-
fied group differences in bilateral parietal and frontal as well as

right temporal regions in gray matter associated with bilateral
temporal regions activated by the AOD target stimulus. This find-
ing suggests gray matter regions, in a different location than the
functional changes, which may serve as a morphological substrate
for changes in functional connectivity (Hagmann et al., 2008;
Skudlarski et al., 2008).

fMRI-ERP

The feature-based jICA framework was used for fusion of event-
related potential (ERP) and fMRI data collected from 23 healthy
controls and 18 chronic schizophrenia patients, during the per-
formance of an AOD task. Fifteen joint components were estimated
from the target-related ERP time courses and fMRI activation
maps via the jJICA. One joint component was found to distinguish
patients and controls using a two-sample #-test (p < 0.0001) on

Auditory Oddball

Gray Matter

FIGURE 5 | Auditory oddball/gray matter jICA analysis (from Calhoun et al., 2006a). Only one component demonstrated a significant difference between patients
and controls. The joint source map for the auditory oddball (A) and gray matter (B) data is presented along with the loading parameters for patients and controls (C).

ttest p=0.0020826 kstest p=0.0011407

(mean=0.25, std=0.16)

(mean=0.10, std=0.05)

ICA Loading (arb units)

L 2R “+“ 0 e

Controls Patients

Microvolts

Time (ms)

of the joint component showing bilateral temporal and frontal lobe regions.

— Control
— Patient
Component

FIGURE 6 | ERP/fMRI JICA (from Calhoun and Adali, In Press). Joint component which showed significantly different loading parameters (p < 0.0001) for patients
versus controls: (A) control (yellow) and patient (blue) average ERP plots along with the ERP part of the identified joint component (pink). (B) Thresholded fMRI part
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patient and control loading parameters. This identified component
showed a clear difference in fMRI at bilateral frontotemporal
regions (Figure 6B) and in the ERP during the N2-P3 latency
range (Figure 6A). Both the hemodynamic and electrophysiologic
phenomena that were jointly expressed in this source have been
previously implicated in schizophrenia.

In the same way as for Figure 4 significant voxels/time points
were used to generate an ERP vs fMRI histogram for controls
(orange) and patients (blue), shown in Figure 7. The patients
are clearly showing decreased activity in both fMRI and ERP
data.

Note thatjICA is a blind method that does not incorporate prior
diagnostic information and is as such not optimized for detect-
ing group differences. If the goal is to optimally identify potential
biomarkers of disease, we can incorporate prior membership infor-
mation and thus enhance the sensitivity of the method to detect
relevant group differences. Towards this end, we have proposed a
new framework combining coefficient-constrained ICA (CC-ICA)

Group Average Histograms Contro

Py
>
I3
<<
a
o
<C
o
o
i

fMRI AOD Activity

FIGURE 7 | ERP/fMRI histograms (from Calhoun and Adali, In Press). Joint
histograms for patients (blue) and controls (orange).

(Suiet al.,2009a) and principal component analysis with reference
(PCA-R) (Caprihan et al., 2008; Liu et al., 2008). This enhances
the components’ extraction sensitivity to group differences as well
as their estimation accuracy. Secondly, a strength of the method
is that it provides a unitary, and concise representation of a par-
ticular group discriminative feature from multimodal data in a
single component. That s for each participant it summarizes many
spatio-temporal features in a single loading parameter that can be
associated with the probability of belonging to one or the other
group. An analysis flow chart explaining how one proceeds from
the raw data all the way to the final optimal components is given
in Figure 8.

Coefficient-constrained ICA is formulated by incorporating a
group difference criterion directly into the traditional ICA cost
function to adaptively constrain the mixing coefficients of cer-
tain components to enhance group differences. CC-ICA aims to
improve the components’ extraction sensitivity to group differences
as well as their estimation accuracy. The cost function is constructed
as shown in Eq. 1, in addition to the traditional ICA objective
function H for achieving independence; the sum of the squared
T statistic of the constrained component(s) is added.
C=H+MA- YT’ (1)
where A is the constraint strength associated with the T? term, the
suffix i represents index of the constrained ICs. The calculation of
T, and how to determine the constrained components including
maximization of cost function Cis based on the gradient algorithm
are given in the original paper (Sui et al., 2009a).

The approach is applied to fMRI data from a sensorimotor (SM),
auditory oddball (AOD) and Sternberg working memory (SBP)
tasks collected in patients with schizophrenia and healthy controls.
Three optimal components belong to two optimal feature combi-
nations: two components extracted from the SM task alone, and
one joint component from the SBP & AOD tasks. For display, the
spatial maps of the three components were converted to Z-scores
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-"eL:B‘J‘fMRI;'dﬁﬁg@Du m
: -hape

'feature

sybjects N

Joint Feature
feature1 feature2

X1he | X2pe
X1SZ Xzsz

—_—
voxels L

subjects N

Single Feature

XSZ

subjects N

Optimal
Feature/
Component
Selection

ICs of interest

voxels L

Automatic
Artifacts
Removal

independent
components

CC-ICA

{}

]
ICs M
e

voxels L

FIGURE 8 | An analysis flow chart showing the process of obtaining optimal group discriminative components (from Sui et al., 2009b). Flowchart of the
optimal features/components selection, explaining how to determine the final optimal components from the raw data.
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FIGURE 9 | Top three optimal components and the combined most
group-discriminative regions (from Sui et al., 2009b). (A,B) are the spatial
maps of the top three optimal components, which are converted to Zscores
and thresholded at | Z] > 2.5; (C) shows the overlapping regions of the four
features with their original spatial map values, these activated regions are

|
L

Regions that distinguish schizophrenia
patients from healthy controls

101

important for group discrimination and may serve as potential biomarkers of
schizophrenia patients; (D) displays the difference between the back-
reconstructed sources (HC-SZ) on the combined highlighted regions of the top
three optimal ICs in (C), the regions where HC > SZ in | Z| score are shown in
orange, otherwise are shown in blue.

and thresholded at | ZI > 2.5 as shown in Figures 9A,B. Figure 9C
gives a distinct view of the combined spatial maps in Figures 9A,B;
these activated regions can best separate the two groups. A signifi-
cant group difference is indicated in Figure 9D by subtracting the
spatial maps of patients and controls. Orange indicates regions
where controls have greater activity, blue regions indicate larger
activity in patients.

The three optimal components predominantly describe aber-
rant patterns of activity in the superior temporal gyri, precuneus
and angular gyri (DMN). Note also that each of these brain
networks was identified separately in previous neuroimaging
studies (Garrity et al., 2007; Kiehl et al., 2005; Tregellas et al.,
2004). Our approach grouped them together in a framework
that specifically identifies group discriminative features. Such
a result cannot be obtained using traditional mass-univariate
approaches which focus upon detection of activity differences
in single voxels in single tasks, which is generally associated with
lower sensitivity (Pereira et al., 2009). Moreover, the optimal
components may only be “identifiable” through stimulation and
comparison by different tasks, which further motivates a data
fusion approach.

SUMMARY
In summary, the study of large-scale brain networks is becoming
increasingly important, especially when studying complex mental

illnesses like schizophrenia which impact many brain circuits. We
have reviewed a number of approaches, mostly based upon ICA,
which emphasize different aspects of the data. The brain is highly
interconnected and many studies have focused upon aberrant
connectivity as important in schizophrenia. However the brain
is organized as networks involving multiple regions thus study-
ing only how one region is connected to another is not going to
provide a full picture of how this aberrant connectivity manifests.
For example, two networks may be “intact” in that all the correct
regions are present in both but interactions between these networks
are aberrant. It is clear that utilizing methods which can capture
information about brain networks as well as the interrelationship
between networks is important. It is also clear that there is impor-
tant information available for studies which contain a task as well
as those that involve only rest.

There is still much work to be done, but it is encouraging to see
the richness of network based analyses.

ACKNOWLEDGEMENTS

This research was supported in part by the National Institutes of
Health (NIH), under grants 1 RO1 EB 000840, 1 RO1 EB 005846,
and 1 RO1 EB 006841 to VDC and grants ROIMH077945, R37
MH43775 (MERIT Award) and MH074797 to GDP. TE was
supported by a grant from the L. Meltzer university fund
(801616).

Frontiers in Human Neuroscience

www.frontiersin.org

August 2009 | Volume 3 | Article 17 | 9



Calhoun et al.

Functional brain networks in schizophrenia

REFERENCES

Andreasen, N. C., Nopoulos, P.,
O’Leary, D. S.,Miller, D.D.,Wassink, T.,
and Flaum, M. (1999). Defining the
phenotype of schizophrenia: cognitive
dysmetria and its neural mechanisms.
Biol. Psychiatry 46, 908-920.

Assaf, M., Jagannathan, K., Calhoun, V. D.,
Kraut, M., Hart, J.,and Pearlson, G. D.
(2009). Temporal sequence of hemi-
spheric network activation during
semantic processing: a functional
network connectivity analysis. Brain
Cogn. 70, 238-246.

Beckmann, C. E, De Luca, M., Devlin, J. T.,
and Smith, S. M. (2005). Investigations
into resting-state connectivity using
independent component analysis.
Philos. Trans. R. Soc. Lond., B, Biol.
Sci. 360, 1001-1013.

Bell, A. J., and Sejnowski, T. J. (1995).
An information maximisation
approach to blind separation and
blind deconvolution. Neural Comput.
7,1129-1159.

Birn, R. M., Murphy, K., and
Bandettini, P. A. (2008). The effect of
respiration variations on independent
component analysis results of resting
state functional connectivity. Hum.
Brain Mapp. 29, 740-750.

Biswal, B., Yetkin, E Z., Haughton, V. M.,
and Hyde, J. S. (1995). Functional
connectivity in the motor cortex of
resting human brain using echo-
planar MRI. Magn. Reson. Med. 34,
537-541.

Biswal, B. B., Van Kylen, J., and Hyde, J. S.
(1997). Simultaneous assessment of
flowand BOLD signals in resting-state
functional connectivity maps. NMR
Biomed. 10, 165-170.

Bluhm, R. L., Miller, J., Lanius, R. A.,
Osuch, E.A., Boksman, K., Neufeld, R.,
Theberge,J., Schaefer,B., and
Williamson, P. (2007). Spontaneous
low-frequencyfluctuationsinthe BOLD
signal in schizophrenic patients: anom-
alies in the default network. Schizophr.
Bull. 33,1004-1012.

Bokde, A. L., Lopez-Bayo, P., Meind], T.,
Pechler, S., Born, C., Faltraco, F.,
Teipel, S. J., Moller, H. J., and
Hampel, H. (2006). Functional con-
nectivity of the fusiform gyrus dur-
ing a face-matching task in subjects
with mild cognitive impairment. Brain
129(Pt5),1113-1124.

Boksman, K., Theberge, J., Williamson, P.,
Drost, D. J., Malla, A., Densmore, M.,
Takhar, J., Pavlosky, W., Menon, R. S.,
and Neufeld, R. W. (2005). A 4.0-T
fMRI study of brain connectivity
during word fluency in first-episode
schizophrenia. Schizophr. Res. 75,
247-263.

Cacioppo, J. T., Tassinary, L. G., and
Berntson, G. G. (2000). Handbook

of Psychophysiology. Cambridge,
Cambridge University Press.

Calhoun, V. D., and Adali, T. (In Press).
Feature-based fusion of medical
imaging data. IEEE Trans. Inf. Tech.
Biomed.

Calhoun, V. D., Adali, T., Giuliani, N.,
Pekar, J. J., Pearlson, G. D., and
Kiehl, K. A. (2006a). A method for
multimodal analysis of independent
source differences in schizophrenia:
combining gray matter structural
and auditory oddball functional data.
Hum. Brain Mapp. 27, 47-62.

Calhoun, V. D., Adali, T., Kiehl, K. A.,
Astur, R. S., Pekar, J. J., and
Pearlson, G. D. (2006b). A Method for
Multi-task fMRI Data Fusion Applied
to Schizophrenia. Hum. Brain Mapp.
27,598-610.

Calhoun, V. D., Adali, T., Pearlson, G. D.,
and Pekar, J. J. (2001a). A Method for
making group inferences from func-
tional MRI data using independent
component analysis. Hum. Brain
Mapp. 14, 140-151.

Calhoun, V. D., Adali, T, Pearlson, G. D.,
and Pekar, J. J. (2001b). Spatial and
temporal independent component
analysis of functional MRI data
containing a pair of task-related
waveforms. Hum. Brain Mapp.
13, 43-53.

Calhoun, V. D., Kiehl, K. A, Liddle, P. E,
and Pearlson, G. D. (2004). Aberrant
localization of synchronous hemo-
dynamic activity in auditory cortex
reliably characterizes schizophrenia.
Biol. Psychiatry 55, 842—849.

Calhoun, V. D., Kiehl, K. A., and
Pearlson, G. D. (2008a). Modulation
of temporally coherent brain networks
estimated using ICA at restand during
cognitive tasks. Hum. Brain Mapp. 29,
828-838.

Calhoun, V. D., Pearlson, G. D.,
Maciejewski, P., and Kiehl, K. A.
(2008b). Temporal lobe and ‘default’
hemodynamic brain modes discrim-
inate between schizophrenia and
bipolar disorder. Hum. Brain Mapp.
29, 1265-1275.

Calhoun, V. D., Pekar, J. J., McGinty, V. B.,
Adali, T., Watson, T. D., and
Pearlson, G. D. (2002). Different acti-
vation dynamics in multiple neural
systems during simulated driving.
Hum. Brain Mapp. 16, 158-167.

Caprihan, A., Pearlson, G. D., and
Calhoun, V. D. (2008). Application
of principal component analysis to
distinguish patients with schizophre-
nia from healthy controls based on
fractional anisotropy measurements.
Neuroimage 42, 675-682.

Clark, L., Iversen,S.D.,and Goodwin, G. M.
(2001). A neuropsychological inves-
tigation of prefrontal cortex involve-

ment in acute mania. Am. J. Psychiatry
158,1605-1611.

Cordes, D., Haughton, V. M.,
Arfanakis, K., Carew,].D., Turski, P. A.,
Moritz, C. H., Quigley, M. A., and
Meyerand, M. E. (2001). Frequencies
contributing to functional connectiv-
ity in the cerebral cortex in “resting-
state” data. AJNR Am. J. Neuroradiol.
22,1326-1333.

Cordes, D., Haughton, V.M., Arfanakis, K.,
Wendt, G.]., Turski, P. A., Moritz, C. H.,
Quigley, M. A., and Meyerand, M. E.
(2000). Mapping functionally related
regions of brain with functional con-
nectivity MR imaging. AJNR Am.
J. Neuroradiol. 21, 1636—1644.

Critchley, H. D. (2005). Neural mecha-
nisms of autonomic, affective, and
cognitive integration. J. Comp. Neurol.
493, 154-166.

Damoiseaux, J. S., and Greicius, M. D.
(2009). Greater than the sum of its
parts: a review of studies combining
structural connectivity and resting-
state functional connectivity. Brain
Struct. Funct. (in press).

Damoiseaux, J. S., Rombouts, S. A,
Barkhof, E, Scheltens, P., Stam, C.J.,
Smith, S. M., and Beckmann, C. F.
(2006). Consistent resting-state
networks across healthy subjects.
Proc. Natl. Acad. Sci. U.S.A. 103,
13848-13853.

Deco, G., Jirsa, V., McIntosh, A. R,
Sporns, O., and Kotter, R. (2009). Key
role of coupling, delay, and noise in
resting brain fluctuations. Proc. Natl.
Acad. Sci. U.S.A. 106, 10302-10307.

Demirci, O., Stevens, M. C.,
Andreasen, N. C., Michael, A.,
Liu, J., White, T., Pearlson, G. D.,
Clark, V. P.,and Calhoun, V. D. (2009).
Investigation of relationships between
fMRI brain networks in the spectral
domain using ICA and Granger
causality reveals distinct differences
between schizophrenia patients and
healthy controls. Neuroimage 46,
419-431.

Eichele, T., Specht, K., Moosmann, M.,
Jongsma, M. L., Quiroga, R. Q.,
Nordby, H., and Hugdahl, K. (2005).
Assessing the spatiotemporal evolution
of neuronal activation with single-trial
event-related potentials and functional
MRI. Proc. Natl. Acad. Sci. U.S.A. 102,
17798-17803.

Fox, M. D., Snyder, A. Z., Vincent, J. L.,
Corbetta, M., Van Essen, D. C., and
Raichle, M. E. (2005). The human
brain is intrinsically organized into
dynamic, anticorrelated functional
networks. Proc. Natl. Acad. Sci. U.S.A.
102, 9673-9678.

Fox, M. D., Zhang, D., Snyder, A. Z., and
Raichle, M. E. (2009). The global signal
and observed anticorrelated resting

state brain networks. J. Neurophysiol.
101, 3270-3283.

Fransson, P. (2006). How default is the
default mode of brain function?
Further evidence from intrinsic BOLD
signal fluctuations. Neuropsychologia
44,2836-2845.

Friston, K. J. (1995). Functional and
effective connectivity in neuroimag-
ing: a sysnthesis. Hum. Brain Mapp.
2,56-78.

Friston, K. J., and Frith, C. D. (1995).
Schizophrenia: a disconnection syn-
drome? Clin. Neurosci. 3, 89-97.

Frith, C. D., Friston, K. J., Herold, S.,
Silbersweig, D., Fletcher, P., Cahill, C.,
Dolan, R. J., Frackowiak, R. S., and
Liddle, P. E. (1995). Regional brain
activity in chronic schizophrenic
patients during the performance of
a verbal fluency task. Br. J. Psychiatry
167, 343-349.

Garrity, A., Pearlson, G. D., McKiernan, K.,
Lloyd, D., Kiehl, K. A., and
Calhoun, V. D. (2007). Aberrant
‘default mode’ functional connectiv-
ity in schizophrenia. Am. J. Psychiatry
164, 450—457.

Genovese, C. R., Lazar, N. A., and
Nichols, T. (2002). Thresholding of
statistical maps in functional neu-
roimaging using the false discovery
rate. Neuroimage 15, 870-878.

Glover, G.H.,Li, T.Q.,and Ress, D. (2000).
Image-based method for retrospective
correction of physiological motion
effects in fMRI: RETROICOR. Magn.
Reson. Med. 44, 162-167.

Greicius, M. D,, Srivastava, G., Reiss, A. L.,
and Menon, V. (2004). Default-
mode network activity distinguishes
Alzheimer’s disease from healthy
aging: evidence from functional
MRI. Proc. Natl. Acad. Sci. U.S.A. 101,
4637-4642.

Gusnard, D. A., Akbudak, E.,
Shulman, G. L., and Raichle, M. E.
(2001). Medial prefrontal cortex and
self-referential mental activity: rela-
tion to a default mode of brain func-
tion. Proc. Natl. Acad. Sci. U.S.A. 98,
4259-4264.

Hagmann, P,, Cammoun, L., Gigandet, X.,
Meuli, R., Honey, C. J., Wedeen, V. J.,
and Sporns, O. (2008). Mapping the
structural core of human cerebral
cortex. PLoS Biol. 6, e159.

Hampson, M., Tokoglu, E., Sun, Z.,
Schafer, R.]., Skudlarski, P, Gore, J. C.,
and Constable, R. T. (2006).
Connectivity-behavior analysis reveals
that functional connectivity between
left BA39 and Broca’s area varies
with reading ability. Neuroimage 31,
513-519.

Heinrichs, R. W., and Zakzanis, K. K.
(1998). Neurocognitive deficit in
schizophrenia: a quantitative review

Frontiers in Human Neuroscience

www.frontiersin.org

August 2009 | Volume 3 | Article 17 | 10



Calhoun et al.

Functional brain networks in schizophrenia

of the evidence. Neuropsychology 12,
426-445.

Herbster,A.N.,Nichols, T., Wiseman, M. B.,
Mintun, M. A., DeKosky, S. T., and
Becker, J. T. (1996). Functional con-
nectivity in auditory-verbal short-
term memory in Alzheimer’s disease.
Neuroimage 4, 67-77.

Honey, G. D., Pomarol-Clotet, E.,
Corlett, P.R., Honey, R. A,
McKenna, P. J., and Bullmore, E. T.
(2005). Functional dysconnectivity in
schizophrenia associated with atten-
tional modulation of motor function.
Brain 128, 2597-2611.

Jafri, M., Pearlson, G. D., Stevens, M.,
and Calhoun, V. D. (2008). A method
for functional network connectivity
among spatially independent resting-
state components in schizophrenia.
Neuroimage 39, 1666—1681.

Josin, G. M., and Liddle, P. F. (2001).
Neural network analysis of the pattern
of functional connectivity between
cerebral areas in schizophrenia. Biol.
Cybern. 84,117-122.

Kelly, A. M., Uddin, L. Q., Biswal, B. B.,
Castellanos, F. X., and Milham, M. P.
(2008). Competition between func-
tional brain networks mediates
behavioral variability. Neuroimage
39, 527-537.

Kiehl, K. A., Stevens, M. C., Celone, K.,
Kurtz, M., and Krystal, J. H. (2005).
Abnormal hemodynamics in schizo-
phrenia during an auditory oddball
task. Biol. Psychiatry 57, 1029—1040.

Kim, D., Manoach, D. S., Mathalon, D.,
Turner, J., Brown, G., Ford, J. M.,
Gollub, R. L., White, T., Wible, C. G.,
Belger, A., Bockholt, H. J., Clark, V. P,
Lauriello, J., O’Leary, D., McCarthy, G.,
Mueller, B., Lim, K., Andreasen, N. C.,
Potkin, S., and Calhoun, V. D. (In
Press). Dysregulation of working
memory and default-mode networks
in schizophrenia during a Sternberg
item recognition paradigm: an inde-
pendent component analysis of the
multisite Mind and fBIRN studies.
Hum. Brain Mapp. (in press).

Kim, D., Mathalon, D., Ford, J. M.,
Mannell, M., Turner, J., Brown, G.,
Belger, A., Gollub, R. L., Lauriello, J.,
Wible, C. G., O’Leary, D., Lim, K.,
Potkin, S., and Calhoun, V. D. (2009).
Auditory oddball deficits in schizophre-
nia: an independent component analy-
sis of the IMRI multisite function BIRN
study. Schizophr. Bull. 35, 67-81.

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

Kiviniemi, V., Starck, T., Remes, J.,
Long, X., Nikkinen, J., Haapea, M.,

Veijola, J., Moilanen, I, Isohanni, M.,
Zang, Y. E,, and Tervonen, O. (2009).
Functional segmentation of the brain
cortex using high model order group
PICA. Hum. Brain Mapp.

Laufs, H., Krakow, K., Sterzer, P, Eger, E.,
Beyerle, A., Salek-Haddadi, A.,
and Kleinschmidt, A. (2003).
Electroencephalographic signatures
of attentional and cognitive default
modes in spontaneous brain activity
fluctuations at rest. Proc. Natl. Acad.
Sci. U.S.A. 100, 11053-11058.

Lawrie, S. M., Buechel, C., Whalley, H. C.,
Frith, C. D., Friston, K. J., and
Johnstone, E. C. (2002). Reduced fron-
totemporal functional connectivity in
schizophrenia associated with audi-
tory hallucinations. Biol. Psychiatry
51,1008-1011.

Leopold, D. A., Murayama, Y., and
Logothetis, N. K. (2003). Very slow
activity fluctuations in monkey
visual cortex: implications for func-
tional brain imaging. Cereb. Cortex
13,422-433.

Liang, M., Zhou, Y., Jiang, T., Liu, Z.,
Tian, L., Liu, H., and Hao, Y. (2006).
Widespread functional disconnectiv-
ity in schizophrenia with resting-state
functional magnetic resonance imag-
ing. Neuroreport 17,209-213.

Liddle, P. E., Friston, K. J., Frith, C. D.,
Hirsch, S. R., Jones, T., and
Frackowiak, R. S. (1992). Patterns of
cerebral blood flow in schizophrenia.
Br. J. Psychiatry 160, 179-186.

Liu, J., Xu, L., and Calhoun, V. D. (2008).
Extracting Principle Components
for Discriminant Analysis of FMRI
Images ICASSP. Las Vegas, NV, IEEE,
pp. 449—-452.

Logothetis, N. K., and Wandell, B. A.
(2004). Interpreting the BOLD signal.
Annu. Rev. Physiol. 66, 735-769.

Lowe, M.J.,Mock, B.J.,and Sorenson, J. A.
(1998). Functional connectivity in sin-
gle and multislice echoplanar imag-
ing using resting-state fluctuations.
Neuroimage 7,119-132.

Mantini, D., Perrucci, M. G., Del Gratta, C.,
Romani, G. L., and Corbetta, M.
(2007). Electrophysiological signa-
tures of resting state networks in the
human brain. Proc. Natl. Acad. Sci.
U.S.A. 104, 13170-13175.

McKeown, M.]., Makeig, S., Brown, G. G.,
Jung, T.P, Kindermann, S.S., Bell, A. J.,
and Sejnowski, T. J. (1998). Analysis
of fMRI data by blind separation into
independent spatial components.
Hum. Brain Mapp. 6, 160-188.

McKiernan, K. A., Kaufman,J. N., Kucera-
Thompson,J.,and Binder, J. R. (2003).
A parametric manipulation of factors
affecting task-induced deactivation
in functional neuroimaging. J. Cogn.
Neurosci. 15, 394-408.

Meyer-Lindenberg, A., Kohn, P,
Mervis, C. B., Kippenhan, J. S.,
Olsen, R. K., Morris, C. A., and
Berman, K. E. (2004). Neural basis of
genetically determined visuospatial
construction deficit in Williams syn-
drome. Neuron 43, 623—-631.

Meyer-Lindenberg, A., Poline, J. B.,
Kohn, P. D,, Holt, J. L., Egan, M. E,
Weinberger, D. R., and Berman, K. E.
(2001). Evidence for abnormal
cortical functional connectivity
during working memory in schizo-
phrenia. Am. J. Psychiatry 158,
1809-1817.

Mikula, S.,and Niebur, E. (2006). A novel
method for visualizing functional
connectivity using principal com-
ponent analysis. Int. J. Neurosci. 116,
419-429.

Murphy, K., Birn,R.M., Handwerker, D. A.,
Jones, T. B.,and Bandettini, P.A. (2009).
The impact of global signal regres-
sion on resting state correlations: are
anti-correlated networks introduced?
Neuroimage 44, 893-905.

Pereira, E, Mitchell, T.,and Botvinick, M.
(2009). Machine learning classi-
fiers and fMRI: a tutorial over-
view. Neuroimage 45(Suppl. 1),
$199-5209.

Popa, D., Popescu, A. T., and Pare, D.
(2009). Contrasting activity profile
of two distributed cortical networks
as a function of attentional demands.
J. Neurosci. 29, 1191-1201.

Raichle, M. E., MacLeod, A. M,,
Snyder,A.Z., Powers, W. J.,
Gusnard, D. A., and Shulman, G. L.
(2001). A default mode of brain func-
tion. Proc. Natl. Acad. Sci. U.S.A. 98,
676—682.

Raichle, M. E., and Mintun, M. A. (2006).
Brain work and brain imaging. Annu.
Rev. Neurosci. 29, 449-476.

Scheeringa, R., Bastiaansen, M. C.,
Petersson, K. M., Qostenveld, R.,
Norris, D. G., and Hagoort, P. (2008).
Frontal theta EEG activity cor-
relates negatively with the default
mode network in resting state. Int.
J. Psychophysiol. 67,242-251.

Shehzad, Z., Kelly, A. M., Reiss, P. T.,
Gee, D. G., Gotimer, K., Uddin, L. Q.,
Lee, S. H., Margulies, D. S.,
Roy, A. K., Biswal, B. B., Petkova, E.,
Castellanos, F. X., and Milham, M. P.
(2009). The resting brain: uncon-
strained yet reliable. Cereb. Cortex.
(in press).

Shmuel, A., and Leopold, D. A. (2008).
Neuronal correlates of spontane-
ous fluctuations in fMRI signals in
monkey visual cortex: implications for
functional connectivity at rest. Hum.
Brain Mapp. 29, 751-761.

Sirotin, Y. B., and Das, A. (2009).
Anticipatory haemodynamic signals

in sensory cortex not predicted by
local neuronal activity. Nature 457,
475-479.

Skudlarski, P., Jagannathan, K.,
Calhoun, V.D., Hampson, M.,
Skudlarska, B. A., and Pearlson, G.
(2008). Measuring brain connectiv-
ity: diffusion tensor imaging validates
resting state temporal correlations.
Neuroimage 43, 554-561.

Sonuga-Barke, E.]., and Castellanos, F. X.
(2007). Spontaneous attentional fluc-
tuations in impaired states and patho-
logical conditions: a neurobiological
hypothesis. Neurosci. Biobehav. Rev.
31, 977-986.

Sorg, C., Riedl, V., Muhlau, M.,
Calhoun, V. D,, L. L., Drzezga, A.,
Forstl, H., Kurz, A., Zimmer, C., and
Wohlschlager, A. (2007). Selective
changes of resting-state networks in
patients at high risk for Alzheimer’s
disease — an example for profiling
functional brain disorders. Proc. Natl.
Acad. Sci. U.S.A. 104, 18760-18765.

Sui, J., Adali, T., Clark, V. P, Pearlson, G.,
and Calhoun, V. D. (2009a). A method
for accurate group difference detec-
tion by constraining the mixing coef-
ficients in an ICA framework. Hum.
Brain Mapp. (in press)

Sui, J., Adali, T., Pearlson, G., and
Calhoun, V.D. (2009b). An ICA-based
method for the identification of opti-
mal FMRI features and components
using combined group-discriminative
techniques. Neuroimage 46, 73—-86.

Thomsen, T., Specht, K., Hammar, A.,
Nyttingnes, J., Ersland, L., and
Hugdahl, K. (2004). Brain localiza-
tion of attentional control in different
age groups by combining functional
and structural MRI. Neuroimage 22,
912-919.

Tregellas, J. R., Tanabe, J. L., Miller, D. E.,
Ross, R. G., Olincy, A., and
Freedman, R. (2004). Neurobiology of
smooth pursuit eye movement deficits
in schizophrenia: an fMRI study. Am.
J. Psychiatry 161, 315-321.

Uddin, L. Q., Kelly, A. M., Biswal, B. B.,
Xavier Castellanos, F., and
Milham, M. P. (2009). Functional
connectivity of default mode network
components: correlation, anticorrela-
tion, and causality. Hum. Brain Mapp.
30, 625-637.

Uddin, L. Q., Mooshagian, E., Zaidel, E.,
Scheres, A., Margulies, D.S.,
Kelly, A.M., Shehzad, Z.,
Adelstein, J. S., Castellanos, F. X.,
Biswal, B. B., and Milham, M. P.
(2008). Residual functional con-
nectivity in the split-brain revealed
with resting-state functional MRI.
Neuroreport 19, 703-709.

Van de Ven, V. G., Formisano, E.,
Prvulovic, D., Roeder, C. H., and

Frontiers in Human Neuroscience

www.frontiersin.org

August 2009 | Volume 3 | Article 17 | 11



Calhoun et al.

Functional brain networks in schizophrenia

Linden, D. E. (2004). Functional
connectivity as revealed by spatial
independent component analysis
of fMRI measurements during rest.
Hum. Brain Mapp. 22, 165-178.

Vincent, J. L., Patel, G. H., Fox, M. D.,
Snyder, A. Z., Baker, J. T., Van
Essen, D.C., Zempel, J. M.,
Snyder, L. H., Corbetta, M., and
Raichle, M. E. (2007). Intrinsic
functional architecture in the anaes-
thetized monkey brain. Nature 447,
83-86.

‘Whitfield-Gabrieli, S., Thermenos, H. W.,
Milanovic, S., Tsuang, M. T.,

Faraone, S. V., McCarley, R. W,,
Shenton, M. E., Green, A. I., Nieto-
Castanon, A., LaViolette, P., Wojcik, J.,
Gabrieli, J. D., and Seidman, L. J.
(2009). Hyperactivity and hyper-
connectivity of the default network
in schizophrenia and in first-degree
relatives of persons with schizophre-
nia. Proc. Natl. Acad. Sci. U.S.A. 106,
1279-1284.

Williamson, P. (2007). Are anticorrelated
networks in the brain relevant to schiz-
ophrenia? Schizophr. Bull. 33, 994.

Wise, R. G., Ide, K., Poulin, M. J., and
Tracey, I. (2004). Resting fluctuations

in arterial carbon dioxide induce
significant low frequency variations
in BOLD signal. Neuroimage 21,
1652-1664.

Zarahn, E., Aguirre, G.,and D’Esposito, M.
(1997). A trial-based experimen-
tal design for fMRI. Neuroimage 6,
122-138.

Conflict of Interest Statement: The
authors declare that the research was
conducted in the absence of any com-
mercial or financial relationships that
could be construed as a potential conflict
of interest.

Received: 08 July 2009; paper pending pub-
lished: 19 July 2009; accepted: 21 July 2009;
published online: 17 August 2009.
Citation: Calhoun VD, Eichele T and Pearlson
G (2009) Functional brain networks in schiz-
ophrenia: a review. Front. Hum. Neurosci.
3:17. doi: 10.3389/neuro.09.017.2009
Copyright©2009Calhoun, Eicheleand Pearl-
son. This is an open-access article subject
to an exclusive license agreement between
the authors and the Frontiers Research
Foundation, which permits unrestricted
use, distribution, and reproduction in any
medium, provided the original authors and
source are credited.

Frontiers in Human Neuroscience

www.frontiersin.org

August 2009 | Volume 3 | Article 17 | 12




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages false
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages false
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


