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Abstract: Deficits in working memory (WM) are a consistent neurocognitive marker for schizophrenia.
Previous studies have suggested that WM is the product of coordinated activity in distributed func-
tionally connected brain regions. Independent component analysis (ICA) is a data-driven approach
that can identify temporally coherent networks that underlie fMRI activity. We applied ICA to an
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fMRI dataset for 115 patients with chronic schizophrenia and 130 healthy controls by performing the
Sternberg Item Recognition Paradigm. Here, we describe the first results using ICA to identify differen-
ces in the function of WM networks in schizophrenia compared to controls. ICA revealed six networks
that showed significant differences between patients with schizophrenia and healthy controls. Four of
these networks were negatively task-correlated and showed deactivation across the posterior cingulate,
precuneus, medial prefrontal cortex, anterior cingulate, inferior parietal lobules, and parahippocampus.
These networks comprise brain regions known as the default-mode network (DMN), a well-character-
ized set of regions shown to be active during internal modes of cognition and implicated in schizo-
phrenia. Two networks were positively task-correlated, with one network engaging WM regions such
as bilateral DLPFC and inferior parietal lobules while the other network engaged primarily the cerebel-
lum. Our results suggest that DLPFC dysfunction in schizophrenia might be lateralized to the left and
intrinsically tied to other regions such as the inferior parietal lobule and cingulate gyrus. Furthermore,
we found that DMN dysfunction in schizophrenia exists across multiple subnetworks of the DMN and
that these subnetworks are individually relevant to the pathophysiology of schizophrenia. In summary,
this large multsite study identified multiple temporally coherent networks, which are aberrant in schiz-
ophrenia versus healthy controls and suggests that both task-correlated and task-anticorrelated net-

works may serve as potential biomarkers. Hum Brain Mapp 30:3795-3811, 2009.
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INTRODUCTION

Working memory (WM) is a construct that refers to main-
taining information in the mind’s eye in the service of guiding
behavior (Baddeley, 1992). It is a temporary store whose con-
tents are continually updated, scanned, and manipulated in
response to immediate processing demands. In schizophre-
nia, WM deficits are consistent, disabling, relatively treat-
ment-resistant, and have been hypothesized to underlie many
cognitive deficits and symptoms (Cohen et al., 1996, Gold-
man-Rakic, 1991). Comparisons of affected /unaffected mono-
zygotic and dizygotic twin pairs and healthy control twins
indicate that WM impairments vary with the level of genetic
susceptibility to the disorder, suggesting that these deficits
may provide a behavioral marker of genetic liability (Park
et al., 1995). Similarly gradated relationships in both the struc-
tural volume (Cannon and Keller, 2006) and functional activa-
tion patterns (Meda et al., 2008; Windemuth et al., 2008) of
frontal regions that support WM in studies of twin pairs and
first-degree unaffected relatives further support the idea of
“genetic loading” for WM and other cognitive dysfunction.
WM deficits have long been associated with dysfunction of
the dorsalateral prefrontal cortex (DLPFC) and other constitu-
ents of the network that is hypothesized to subserve WM. To
better define the anatomical components of these networks
and how they may function differently in schizophrenia, we
employed a functional connectivity analysis. This approach
can distinguish between networks using information concern-
ing the synchrony of their activation. Since WM deficits form
a core feature of schizophrenia, aberrant connectivity within
WM networks may provide clues to the pathophysiology of
schizophrenia.

Previous functional connectivity studies show differences in
schizophrenia in frontal-temporal brain regions of the brain

using PET (Friston, 1999) and in afferent and efferent projec-
tions to the prefrontal cortex (Honey and Fletcher, 2006). Dur-
ing a WM task, functional connectivity differences were found
that support the frontal-temporal disconnection hypothesis
utilizing a canonical variates analysis (Meyer-Lindenberg
et al., 2001). Here, we use independent component analysis
(ICA) to extend these findings. ICA is a powerful statistical
and computational data-driven technique that attempts to
discover hidden factors underlying sets of random varia-
bles, measurements, or signals (Calhoun et al., 2001a;
McKeown et al., 1998). The ICA approach to fMRI differs
significantly from traditional model-based approaches
such as the general linear model (GLM). ICA is a blind-
source separation technique and does not rely on any a pri-
ori information about the temporal response (i.e., experi-
mental design matrix). This implies that our results will
not be constrained by our experimental model, providing
insight into other sources of brain dysfunction in schizo-
phrenia. Furthermore, ICA can infer measures of func-
tional connectivity, since the source signals that are
extracted from the analysis are temporally coherent. The
driving principle behind ICA is that these signals represent
unique spatial patterns of blood oxygen level-dependent
(BOLD) signal change, often referred to as component
maps. Each component has a timecourse that is temporally
coherent and hence can be considered a measure of func-
tional connectivity (Calhoun et al., 2001b). We define these
spatial activation maps as temporally coherent “net-
works,” a term often used in previous studies of fMRI data
using ICA (Calhoun et al., 2008, 2009; Damoiseaux et al.,
2006; De Luca et al., 2006). We define the term “network”
as areas of the brain that share a similar timecourse and an
ICA component as representative of this network. By
parameterizing the resulting ICA timecourses, we can
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determine to what degree these timecourses are task-
modulated by the different WM items and whether their
associated timecourses show significant between-group
differences during WM processes.

The WM task used for our analysis is a variation of the
Sternberg item recognition paradigm (SIRP) (Sternberg,
1966), a continuous performance, choice reaction time-task
adapted for fMRI. The SIRP requires participants to first
encode a set of digits (encode-phase) and then to maintain
them “on-line” in WM while responding to each of the
probe digits that follow by indicating whether or not it was
a member of the memorized set (probe-phase). Memory sets
varied in size (one, three, or five digits) and the digits dif-
fered for each experimental phase. The SIRP is associated
with robust BOLD activity in regions thought to subserve
WM, including the DLPFC, where activation has been
shown to differ in patients with schizophrenia compared to
control groups (Johnson et al., 2006; Manoach et al., 1999).
By parametrically varying WM load, this paradigm allows
an examination of load effects on the functional networks of
interest (Manoach et al., 1997). WM is not a unitary con-
struct and the encode/probe phases of the SIRP likely
require numerous cognitive processes. For example, the
probe phases involve mentally scanning the contents of
WM; comparing the probe to the memory set; making a bi-
nary decision about whether the probe was a target or foil;
and choosing, planning, and executing a motor response
(Sternberg, 1966). A previous event-related study of the
SIRP using a GLM approach revealed regions associated
with encode and probe phases in healthy controls (Manoach
et al., 2003). Encoding was associated with increased activa-
tion in bilateral primary and association visual cortices and
the ascending segment of the intraparietal sulcus (IPS). For

the probe phase, activation was found in the DLPFC, the de-
scending segment of the IPS, cingulate cortex, inferior fron-
tal cortex, thalamus, and basal ganglia.

ICA allows one to identify temporally coherent net-
works that are often consistent among subjects regardless
of task or brain pathophysiology (Beckmann et al., 2005;
Calhoun et al., 2008, 2009). This makes it a powerful tool
for discriminating networks that subserve cognitive sub-
processes during temporally separated task phases. Based
on the extensive literature implicating the DLPFC in WM
dysfunction in schizophrenia, our primary hypothesis was
that patients would show differences in the functionality
of DLPFC networks during WM performance and would
show greater sensitivity to WM load in both encode and
probe phases. More specifically, we expected that patients
would differ from controls in the functional connectivity
of networks in frontostriatal networks during the probe
phase (Barch, 2006; Manoach et al., 1999; Seidman et al.,
2006) and in cortical regions with extensive connections to
the DLPFC such as the IPL and anterior cingulate (Cole
and Schneider, 2007). Our secondary hypothesis was that
patients with schizophrenia would show differences in
brain regions known to be part of the default-mode net-
work (DMN). The DMN is considered to be active during
a “resting-state” (i.e., nontask-oriented activities), engaging
regions such as the posterior cingulate, medial prefrontal
gyrus, parahippocampus, inferior parietal lobule, and pre-
cuneus (Buckner et al., 2008). A number of studies have
shown that there are significant differences in the DMN
for patients with schizophrenia using a functional connec-
tivity analysis approach (Calhoun et al.,, 2007; Garrity
et al., 2007; Kim et al., 2009; Whitfield-Gabrieli et al., 2009),
and we expected our analysis to also identify significant

TABLE I. Demographic information and symptom score assessment using SANS and SAPS
for patients with schizophrenia

Demographics

Patients (n = 115)

Controls (n = 130) t-value (df), P-values

Age (years) 35.75/11.03
Education (years) 13.22/2.41
Paternal education (years) 14.04/3.59
Maternal education (years) 13.38/3.63
Handedness 107 right, 5 left, 3 both
Sex 84 males

34.75/11.96 t(243) = 0.67, P = 0.498
15.61/2.09 #(242) = 8.27, P < 0.001
14.91/3.53 t(229) = 1.82, P = 0.070
14.06/2.97 t(231) = 1.59, P = 0.114
120 right, 5 left, 5 both
87 males

Schizophrenia symptom scores

SAPS (n = 117) Mean/SD SANS (n = 120) Mean/SD
Hallucinations 2.01/1.80 Affect 1.58/1.35
Delusions 2.31/1.53 Alogia 0.94/1.13
Bizarre behavior 0.68/1.05 Avolition 2.25/1.45
Though disorder 0.89/1.24 Anhedonia 2.16/1.41

Attention 1.37/1.30

Significant group differences were seen for years of education and paternal education.
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Figure 1.

Each working memory set began with a learn prompt that lasted
for 2 s and displayed the word “Learn,” followed by an encoding
epoch that consisted of the simultaneous presentation of a set of
targets (single-digit numbers in red font) that lasted for 6 s. This
was followed by a brief |-s delay followed by a 38-s-duration rec-
ognition epoch. Participants were then presented with a single digit
in green font during this phase for I.l s, where half the digits are
targets (digits from the encoding epoch) and the other half are
foils. There was a random delay between each probe digit that

differences in the DMN between patients and controls. We
pursued these hypotheses by performing ICA on our fMRI
SIRP datasets from 245 participants (115 patients) at six
sites across the country that took part in two collaborative
multisite fMRI investigations (Bockholt et al., 2008; Demi-
rci et al., 2008; Potkin and Ford, 2009; Potkin et al., 2009).

METHODS
Participants

A total of 115 patients with chronic schizophrenia (84
male) and 130 demographically matched healthy controls
(87 male) volunteered and provided written informed con-
sent for one of two studies (fBIRN or MCIC). Healthy con-

ranged from a minimum of 0.6 s to a maximum delay of 2.5 s. In
the fixation baseline epoch, a fixation cross appeared on the screen
for a randomized duration that ranged from a minimum of 4 s to a
maximum of 20 s. Prior to scanning, subjects were given instruc-
tions and practiced the task until they were comfortable. Only sub-
jects performing to an accuracy criterion of 70% correct or better
at each working memory load in a task run continued scanning.
[Color figure can be viewed in the online issue, which is available
at www.interscience.wiley.com.]

trols were free from any Axis I disorder, as assessed with
the SCID (Structured Clinical Interview for DSM-IV-TR)
screening device. Patients met the criteria for schizophrenia
defined by the DSM-IV based on the SCID and review of the
associated case file by experienced raters located with each
site (First et al., 1995). All patients were stabilized on medi-
cation prior to the fMRI scan session. A detailed medical
history was not available for all subjects during this analysis
and thus was left out for this particular study. Within the
patient group, 107 participants were right-handed, 5 were
left-handed, and 3 were both. Within controls, 120 partici-
pants were right-handed, 5 were left-handed, and 5 were
both. The two groups did not differ with regard to age. Sig-
nificant differences were found with regard to the number
of years of education, but no significant differences were
found in the number of years of education for subjects’
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fathers and mothers. Symptom scores were determined by
using the Schedule for the Assessment of Positive Symp-
toms (SAPS) (Andreasen, 1984) and negative symptoms
(SANS) (Andreasen, 1983) assessment measures (Table I).

Sternberg Item Recognition Paradigm

The SIRP is a block design task that assesses the mainte-
nance and scanning components of WM (Baddeley, 1976;
Sternberg, 1969; Townsend and Ashby, 1983). Each phase
began with the presentation of a memory set composed of
one, three, or five digits, constituting three levels of WM load
(low 1L, medium 3L, high 5L). This encode phase was fol-
lowed by the presentation of 14 probe digits. Participants
responded to each probe using a button box to indicate
whether or not the probe digit was in the memory set. Each of
the three runs contained two blocks of each of the three load
phases, presented in a pseudorandom order with the blocks
of each phase alternating with fixation epochs (a baseline rest-
ing period). Each run lasted for ~6 min (see Fig. 1).

The participants studied at the four MCIC sites
responded using the thumbs of each hand with the desig-
nated target thumb randomly assigned to the right or left
hand. Participants studied at the fBIRN sites (all sites) uti-
lized the index and middle fingers of the right hand to
indicate targets and foils, respectively. Each subject was
scanned while performing three runs of the SIRP para-
digm. They were instructed to respond as quickly and
accurately as possible and were given a bonus of 5 cents
for each correct response. This bonus was provided after
completion of the task, mailed to the participant a few
weeks later, and was included to ameliorate motivational
deficits. For Site 12 (total of 30 participants), reaction time
data were not reported due to technical problems record-
ing the timing of the button press.

Imaging Parameters

For all sites, pulse sequence parameters were mostly
identical (orientation: AC-PC line, number of slices: 27,
slice thickness = 4 mm, 1 mm gap, TR = 2,000 ms, TE =
30 ms (3 T and 4 T)/40 ms (1.5 T), FOV = 22 cm, matrix
64 x 64, flip-angle = 90°, voxel dimensions = 3.4375 x
3.4375 x 4 mm?). Site 3 utilized a spiral echo sequence

while all other sites employed a single-shot EPI sequence
(Table II).

Data Analysis: Preprocessing

Datasets were preprocessed using the software package
SPM5 (http://www fil.ion.ucl.ac.uk/spm/). Images were
realigned using INRIalign—a motion correction algorithm
unbiased by local signal changes (Freire and Mangin, 2001;
Freire et al., 2002). A slice-timing correction was per-
formed on the fMRI data after realignment to account for
possible errors related to the temporal variability in the ac-
quisition of the fMRI datasets. Data were spatially normal-
ized (Ashburner and Friston, 1999) into the standard
Montreal Neurological Institute space using an SPM5
echo-planar imaging (EPI) template and then spatially
smoothed with a 9 x 9 x 9 mm? full width at half-maxi-
mum Gaussian kernel. The data (originally collected at 3.4
x 34 x 4 mm®) was slightly subsampled to 3 x 3 x 3
mm?® (during normalization) resulting in 53 x 63 x 46
voxels.

Data Analysis: Independent Component Analysis

A group spatial ICA was performed using the infomax
algorithm (Bell and Sejnowski, 1995) within the GIFT tool-
box (http://icatb.sourceforge.net). The optimal number
that ICA used to split the fMRI datasets into a final set of
spatially independent functional networks was first deter-
mined using a modified minimum description length algo-
rithm (Li et al., 2007), which was found to be 26. Since
ICA with infomax is a stochastic process, the end results
are not always identical. To remedy this, we utilized
ICASSO (Himberg et al., 2004), originally applicable to sin-
gle subjects only, recently implemented for group-level
analyses in the GIFT toolbox. ICASSO is an optimization
algorithm that repeats an ICA analysis multiple times and
finds the degree to which these components vary after
each run. It then takes the centroid of these results and
outputs a final set of components in addition to providing
a measure of their consistency between different ICA anal-
ysis runs. For our purposes, we specified ICASSO to rerun
ICA for 20 iterations.

TABLE Il. Six sites used as part of this multisite analysis®

Site number Institution Patients Controls Scanner Field strength Sequence
3 Duke/UNC 11 17 GE Nvi Lx 40T Spiral
5 Brigham and Women'’s 5 5 GE 30T EPI
6 Mass. General Hospital 27 25 Siemens Trio 30T EPI
10 University of New Mexico 29 31 Siemens Sonata 15T EPI
12 University of Iowa 12 18 Siemens Trio 30T EPI
13 University of Minnesota 31 34 Siemens Trio 30T EPI

?All six sites consisted of a single 1.5 T and 4 T scanner along with five 3 T scanners.
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An overview of the ICA analyses. (A) Data was first preprocessed
using SPM5 from the raw fMRI datasets. (B) After preprocessing,
datasets are reduced using PCA across the time dimension to the
parameter specified during the analysis. These datasets are further
concatenated across time and reduced to a final number of dimen-
sions, which is equal to the final number of components. (C) ICA

The resulting output is an independent functional spa-
tial map (referred to as a component) and a single ICA
timecourse for every subject and session of fMRI scanning.
In other words, for our subject pool of 245 participants, we
acquired 19,110 (245 participants x 3 sessions x 26 compo-
nents = 19,110) independent functional spatial maps along
with their associated ICA timecourse. It is important to
note that group ICA is performed on all the subjects at
once and significant between-group differences are deter-
mined by a second level analysis of the ICA results. It has
been shown in previous studies that performing ICA on
all subjects does not significantly detract or alter the
results in comparison to an ICA analysis that is performed
on each individual group separately (Calhoun et al., 2007,
2008, 2009). The benefit of applying ICA to all subjects

splits this reduced dataset (X) into a mixing matrix (W-1) that rep-
resents the ICA timecourses and a set of associated spatial com-
ponents (C). (D) The ICA timecourses undergo a regression with
the SPM design matrix to create a set of betas that will be used to
determine task-relevance and group differences. (E) The three-
way repeated measures ANCOVA is applied to our betas.

avoids the problem of matching particular components
from one group of subjects to another group, as ICA does
not rank components in any specific order. By pooling
across groups, the components are then comparable (e.g.,
Component 5 for Subject 1 will represent the same Com-
ponent 5 for Subject 2 and so forth), for all subjects within
the group ICA analysis.

Since the units that result from an ICA analysis are arbi-
trary, they need to be calibrated to reflect meaningful sig-
nal change. In this article, the ICA timecourses and spatial
maps are calibrated using z-scores (Beckmann et al., 2005).
Every voxel within a component spatial map contains a z-
score, with regions that contain high z-scores reflecting a
greater contribution to the associated timecourse. Once the
group ICA is performed, the spatial maps are averaged
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TABLE Ill. Two-way MANOVA for site (S = fBIRN and MCIC) and group (G = patients and controls)

Reaction time df G X S (interaction) G (interaction) Mean/SE (HC) Mean/SE (PZ)

R1 1 (F =0.474, P = 0.492) (F =23.7, P < 0.001) 574.39/9.06 638.09/5.45

R2 1 (F = 0.089, P = 0.766) (F =409, P < 0.001) 659.62/10.3 754.97/10.8

R3 1 (F =0.217, P = 0.642) (F =40.2, P < 0.001) 722.66/9.06 832.42/12.5
Accuracy df G x S (interaction) G (interaction) Mean/SE (HC) Mean/SE (PZ)

Al 1 (F =0.210, P = 0.647) (F =6.35, P =0.012) 98.4/0.348 97.2/0.363

A2 1 (F =0.184, P = 0.669) (F =132, P < 0.001) 97.9/0.432 95.6/0.451

A3 1 (F = 0.506, P = 0.478) (F = 27.6, P < 0.001) 97.2/0.461 93.7/0.481

R1, R2, and R3 refer to reaction times for low, medium, and high loads, respectively. Al, A2, and A3 refer to the percentage of correct
responses during the probe phase for low, medium, and high loads, respectively. No S x G interactions were found for either accuracy

or reaction time. Significant differences were found between patients and controls across all WM loads.

together across the three scan sessions. This averaging is
performed within their respective components, resulting in
26 averaged component maps for each subject. These aver-
aged spatial maps undergo a one-sample f-test for each
component and are thresholded at an FDR-corrected P-
threshold (P < 1 x 107"°) to determine their associated
regions. As mentioned earlier, the spatial maps generated
by ICA can also be thought of as functional connectivity
maps, since their regions of activation share a single ICA
timecourse. The degree of this relationship is reflected in
the magnitude of the z-scores. The voxel that has the
greatest z-score is considered to represent the idealized
ICA timecourse, which has also been normalized using z-
scores. It is important to note that overlapping brain
regions between independent spatial component maps are
not uncommon and represents voxels that have a mixture
of different timecourses.

To determine the relationship between the independent
components and the experimental paradigm, a regression
was performed on the ICA timecourses with the GLM
design matrix. This allowed us to determine to what
degree a given component is modulated by the different
experimental phases (encode/probe: 1L, 3L, 5L). We can
then test the resulting regression parameters to determine

significant group differences. The regression results in a
set of beta weights for every experimental regressor associ-
ated with the GLM design matrix. Every subject and their
associated components are regressed, and thus each com-
ponent contains the same number of beta weights as the
number of regressors from the design matrix. The beta
weights represent the degree to which the component was
modulated by the task relative to the fixation baseline. A
high beta weight then represents a large task-related mod-
ulation for a given regressor within that component. This
relationship is directly analogous to the GLM fit that is
typically performed on neuroimaging studies of fMRI data

(Fig. 2).

Component Selection

The ICA components of interest were selected in two
stages. The first stage was to correlate each ICA compo-
nent spatial map with prior probabilistic maps of white
matter and cerebral spinal fluid (CSF) within a standar-
dized brain space provided by the MNI templates in
SPM5. One of the strengths of ICA is its ability to find
noise-related components that represent head motion, ven-
tricle activity, eyeball movement, and other signal artifacts

TABLE IV. Tests of linearity for reaction time, accuracy, and averaged beta-weights

Quadratic (RT)

Linear (RT x G)

Quadpratic (RT x G)

(F = 424, P < 0.001)
(F = 0.437, P = 0.509)

(F = 24,5, P < 0.001)
(F = 16.8, P < 0.001)

(F = 341, P = 0.066)
(F = 0.057, P = 0.811)

Quadratic (L)

Linear (L x P)

Quadratic (L x P)

Behavior df Linear (RT)
RT 1 (F = 1,351, P < 0.001)
ACC 1 (E =759, P < 0.001)
Beta values df Linear (L)
C4 1 (F=15.0, P < 0.001)
C15 1 (F =259, P =0.109)
C18 1 (F = 82.1, P < 0.001)
C20 1 (F = 2.84, P = 0.093)
C23 1 (F =267, P < 0.001)
C24 1 (F =182, P < 0.001)

(F = 0.464, P = 0.497)
(F = 7.46, P = 0.007)
(F =239, P = 0.123)
(F = 6.84, P = 0.010)
(F =334, P < 0.001)
(F=0.192, P = 0.662)

(F = 7.83, P = 0.006)
(F = 1.62, P = 0.205)
(F =132, P < 0.001)
(F =162, P < 0.001)
(F = 22.1, P < 0.001)
(F = 145, P < 0.001)

(F = 6.75, P = 0.010)
(F = 0.529, P = 0.468)
(F = 7.25, P = 0.008)
(F = 0.859, P = 0.355)
(F =924, P = 0.003)
(F =172, P =0.192)

G = group, RT = reaction time, ACC = percent accuracy, P = phase, L = load.
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Figure 3.
Clustering results from the group-level ICASSO implemented in the GIFT toolbox. The greatest
spatial variability can be seen in C25 and C26. [Color figure can be viewed in the online issue,

which is available at www.interscience.wiley.com.]

(McKeown et al., 2003). This approach has been utilized in
previous studies of fMRI with ICA (Jafri et al., 2008; Ste-
vens et al., 2007). If the spatial correlation for white matter
was greater than 7> = 0.02 or ¥* = 0.05 for CSF, then the
component was considered to be artifactual and discarded.

From these remaining components, the second stage
consisted of taking our B-weights (generated from the
regression of the GLM design matrix with the ICA time-
courses) and inserting them into a three-way repeated-
measures analysis of variance with covariates (ANCOVA).
The B-weights were averaged across sessions before insert-
ing them into our ANCOVA. Our within-subject factors
were phase (P) and load (L), where phase contained two
levels (encode and probe) and load contained three levels
(low, medium, and high). Our dependent factor was group
(G), which contained patients with schizophrenia and con-
trols, and our covariates were site and accuracy. This type
of analysis allowed us to account for potential site differ-
ences and to look at potentially significant interactions
between various aspects of the WM task. Our criteria for
determining interesting components were limited to signif-
icant group interactions with phase, load, or both at P <
0.05. We performed this ANCOVA twice, once with site as
a single covariate and again using both site and accuracy.

Depending on the type of interactions that existed, further
analysis was performed to determine the source of this
significance. For example, if there was a load by group
interaction, a one-way ANCOVA was performed to deter-
mine the effect each load had on that interaction.

Event-related averages were also calculated to depict the
shape of the ICA timecourse for each phase and load aver-
aged across patients and controls separately. The event-
related averages show the direction of the ICA timecourse
relative to the task and are normalized to start at zero dur-
ing the onset of the learn phase. The window of time to
depict the beginning of the learn phase to the end of the
fixation phase was 26 TRs or 52 s.

RESULTS
Behavioral Findings

Patients and controls that performed lower than 75% ac-
curacy during Probe 1, 70% for Probe 3, and 70% for Probe
5 were considered nonperformers and removed from the
analysis. A total of 21 subjects were removed due to this
threshold (15 patients/6 controls). Though average accu-
racy was high, even for patients during the highest WM
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Figure 4.
Two positively modulated components (C4 and C23). Displayed are selected slices from each
component thresholded at (P < 1.0 x 103, FDR) along with their event-related averages.

load (93.7%), patients generally performed worse than con-
trols across all WM loads, and these differences were
found to be significant (Table III). Furthermore, reaction
times were significantly different as well across WM loads,
where patients were generally slower than controls in
response to the presentation of WM items. Since the fBIRN
and MCIC collaborations utilized a different motor
response to the experimental stimuli, we performed a
MANOVA to assess whether this affected the resulting ac-
curacy or reaction times. We found that this interaction
was not significant across all WM loads for both accuracy
and reaction times when accounting for group differences.
Tests of linearity were also performed for accuracy and
reaction time as well as the averaged B-weights (Table IV). It
was found that there was a strong linear effect for both reac-
tion time and accuracy when either accounting for group or
collapsing across groups. A significant quadratic effect was
seen for reaction time when collapsing across both groups.

Discriminative Independent Components

Six components were identified that passed our selection
criteria (Components C4, C15, C18, C20, C23, and C24). As

mentioned before, this consisted of removing components
that represented noise or artifactual activations, followed
by a three-way repeated measures ANCOVA with an F-
threshold of P < 0.05 for any group by load (G x L) or
group by phase (G x P) interactions. Components that
passed this threshold were subjected to an additional one-
way ANCOVA for further statistical inferences. Statistical
results did not vary significantly when covarying for site
or site and accuracy, except for C18 and C24, where the
relevant interactions no longer showed significance when
covaried for both site and accuracy (Table V). Our results
from running ICASSO at the group level in GIFT showed
that only C25 and C26 showed some spatial variability
between each iteration of the ICA analysis, though these
components were not found to show significant group dif-
ferences nor overlap with any other component (Fig. 3).
Selected brain slices and their associated event-related
averages are represented as either positively modulated
(see Fig. 4) or negatively modulated (see Fig. 5) with the
task, which refers to the general direction of the ICA time-
course across each phase. The event-related averages for
almost all of the components showed a peak amplitude
around 8 s past the onset of the learn phase, which
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Figure 5.
Four negatively modulated components (C15, C18, C20, and C24). Displayed are selected slices
from each component thresholded at (P < 1.0 x 107'3, FDR) along with their event-related
averages.
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Mean Beta Weights (Encode)

Mean Beta Weights [Probe)

Figure 6.
Averaged encode and probe [B-weights with standard error bars
for each WM load and group.

gradually shifted toward baseline by the end of the fixa-
tion phase. Mean B-weights including error bars were plot-
ted to visualize trends associated with increasing WM
loads for both patients and controls during the encode/
probe phases (Fig. 6).

Positively Task-Modulated Networks

C4 consisted primarily of regions within the cerebellum
with wide activations seen in the declive and culmen (Ta-
ble VI). The three-way repeated measures ANCOVA
showed a significant G x P interaction between the encode
and probe phase, suggesting that it was modulated differ-
ently for patients and controls. The one-way follow-up
ANCOVA showed that this interaction seemed to stem
from both phases when covaried for site only, where the
marginal means for controls were greater than those for
patients. When covarying for both site and accuracy, the
interaction was seen to stem primarily from the probe
phase. Linear effects were seen across load (L) for this
component and when phase differences were taken into
account (L x P) (see Fig. 4). Quadratic effects were also

shown to be significant as well, but only for L x P
interactions.

The regions C23 engaged were heavily lateralized to the
left hemisphere, recruiting regions such as the DLPFC,
IPL, and cingulate gyrus. This component was also the
only one to show significant interactions for both G x P
and G x L interactions. The probe phase, when averaged
across loads, seemed to be responsible for the significant
G x P interaction, where patients were greater than con-
trols in their averaged beta-weights. For the G x L interac-
tions, no individual load condition seemed to be
responsible for its significance, suggesting that the combi-
nation of load differences played a significant role. Fur-
thermore, controls were greater than patients in their
averaged beta-weights for the low and high load condi-
tions, while patients were greater than controls for the me-
dium WM load condition. Linearity tests showed
significant linear and quadratic effects for all L and L x P
interaction.

Negatively Task-Modulated Networks

C15 represented regions primarily within the posterior
cingulate, precuneus, and cuneus. There was a significant
G x P interaction with greater differences seen in the
probe phase. Covarying for both site and accuracy did not
significantly alter the results. The marginal means were
negative for both groups, suggesting a negative task-asso-
ciated modulation of the component timecourse. In this
regard, controls were more negative than patients with the
lowest amplitude for both groups occurring around 12 s
after the onset of the learn phase. A significant quadratic
effect was seen only for the load-averaged interaction.

C18 showed widespread activation centered on the
medial frontal gyrus, bordering regions of the superior
frontal gyrus. G x L interactions were significant when
only covarying for site, suggesting that accuracy played a
significant role in generating group differences. Controls
were more negative than patients across the low and high
WM loads, while patients were slightly more negative in
the medium WM load. A further ANCOVA showed that
the significance for this interaction was mostly due to the
highest WM load. Significant linear effects were seen for
both L and L x P interactions, but no significant quadratic
effects were found.

C20 showed significant activations primarily in the pos-
terior cingulate and parahippocampal gyrus along with
some subcortical regions such as the lateral globus pal-
lidus and culmen. A significant G x P interaction was
seen when covarying for just site or site along with accu-
racy. This significance was primarily driven by the probe
phase, where the marginal means were more negative for
controls than patients. Linearity tests showed a significant
quadratic effect occurring with L, but along with a signifi-
cant linear effect for L x P interactions.
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TABLE VL. The top five brain regions (max t-values) based on random effects one sample t-test analysis in SPM

Brodmann areas R/L (em®) R/L (max-t, MNI coordinates)
Comp 4
Declive 12.9/12.6 53.8 (—9,—-59,-12)/51.7 (27,—59,—-22)
Culmen 12.7/13.0 53.0 (—12,-56,—15)/50.8 (0,—56,—15)
Uvula 1.4/1.9 48.6 (0,—68,—-27)/46.4 (33,—62,—25)
Pyramis 2.0/24 47.4 (0,—65,—24)/43.9 (3,—65,—24)
Dentate gyrus 19 6.2/5.9 45.3 (0,—76,—14)/44.0 (33,—54,—28)
Comp 15
Cingulate gyrus 31, 23,24 10.7/8.5 48.4 (—3,—45,33)/43.7 (3,—42,33)
Precuneus 31,7,23,19, 39, 18 27.2/25.9 47.9 (—3,—-48,33)/42.8 (3,—48,30)
Cuneus 7,19, 18 29/3.3 41.1 (0,—65,31)/41.5 (6,—68,31)
Posterior cingulate 23, 31, 30, 29 43/4.3 41.0 (—6,—45,24)/40.1 (6,—48,25)
Paracentral lobule 31,5,6 3.3/2.6 37.1 (0,—30,43)/36.6 (3,—30,43)
Comp 18
Anterior cingulate 32,24, 10, 25, 33,9 9.1/8.9 57.6 (—3,44,3)/61.2 (3,47,6)
Medial frontal gyrus 10,9, 32,6, 8 11.3/12.7 55.4 (-3,47,11)/60.2 (3,50,6)
Superior frontal gyrus 9,10, 8 12.6/10.8 44.7 (—3,54,22)/42.8 (3,56,22)
Corpus callosum 3.5/3.6 39.0 (—3,32,4)/39.4 (3,32,4)
Cingulate gyrus 32,9, 24, 31 1.9/2.1 37.6 (—3,36,26)/39.5 (3,36,26)
Comp 20
Posterior cingulate 29, 23, 30, 31 6.5/7.2 444 (—9,—49,8)/46.2 (6,—46,8)
Parahippocampal gyrus 30, 28, 36, 35, 19, 27, 37, 34 55/4.3 41.7 (—9,—46,5)/42.3 (9,—46,5)
Lateral globus pallidus 39/1.6 35.7 (—6,—43,10)/38.6 (3,—40,8)
Culmen 2.8/29 33.6 (—9,—47,2)/37.1 (9,—47,2)
Lingual gyrus 18, 19 1.5/14 34.8 (—12,-52,5)/31.9 (12,-52,5)
Comp 23
Inferior parietal lobule 40,7, 39 5.2/11.7 24.2 (—33,-59,47)/45.6 (42,—44,46)
Inferior frontal gyrus 47,9, 44,45, 46, 6, 10, 13, 11 3.7/19.2 20.6 (—36,23,—4)/42.3 (50,13,21)
Medial frontal gyrus 8,6,32,9 2.5/5.2 40.9 (—3,17,46)/41.7 (3,20,43)
Superior frontal gyrus 6,8, 10 2.8/6.9 41.6 (0,14,49)/39.0 (3,14,49)
Cingulate gyrus 32,24, 9 2.0/4.0 36.8 (—3,20,40)/40.7 (3,22,40)
Comp 24
Angular gyrus 39 1.3/2.3 32.3 (—50,—59,36)/51.4 (50,—62,36)
Supramarginal gyrus 40 32/44 31.3 (—50,—-57,33)/50.8 (53,—60,33)
Inferior parietal lobule 39, 40,7 34/7.0 32.6 (—50,—59,39)/49.6 (50,—62,39)
Middle temporal gyrus 39, 21,19, 22 1.3/13.9 249 (—50,—-60,28)/46.4 (50,—63,28)
Superior temporal gyrus 39, 22,21,13, 41 1.2/9.0 27.5 (=53,-57,28)/45.7 (53,—60,28)

A Talairach labeling system was used to determine regions of significance at a threshold of (P < 1.0 x 10~ '%, FDR).

C24 engaged a variety of regions, including the angular
and supramarginal gyrus, IPL, and superior and middle
temporal gyrus. G x P interactions were significant only
when covaried for site, where the significance was driven
almost entirely by the probe phase. The marginal means
for patients were considerably more negative than controls
where the event-related averages show a considerably
greater decrease across all WM loads. Linearity tests
showed a significant linear effect for both L and L x P
interactions, but no quadratic effects were found to be
significant.

DISCUSSION

Using ICA, we were able to filter out noise/artifactual
components of the fMRI signal to identify the anatomical
components of putative brain networks involved in WM

based on their synchronous activation. We were also able
to examine differences in the functioning of these net-
works in patients with schizophrenia compared to healthy
controls. Our results confirmed our hypotheses, as we
found strong differences in C23, a network of WM regions
(DLPFC and IPL) and C4 (cerebellum), engaging motor-
related regions. Significant differences were also seen in
networks (C15, C18, C20, and C24) spanning brain regions
known to be associated with the DMN. The number of
networks shown to have significant between-group differ-
ences suggests that the cognitive pathophysiology of schiz-
ophrenia is widespread. Furthermore, this dysfunction
extends to the DMN, and the number of networks that
span its associated regions provide some support for the
idea that this network is not singular, but a conglomera-
tion of multiple subnetworks that work in conjunction
with one another (Uddin et al., 2009).
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In regard to the manipulation and storage of WM items,
C23 is considerably significant, since it engages both the
DLPFC and IPL. Studies have shown that the DLPFC is
tightly linked to the “on-line” maintenance of WM items
and that dysfunction in this area is prominent in patients
with schizophrenia (Goldman-Rakic, 1994) and their first
degree relatives (Seidman et al., 2006). The IPL has been
known to be intricately connected to the DLPFC (Cole and
Schneider, 2007) and several studies have focused on the
relationship between these two regions in modulating WM
processes (Barch and Csernansky, 2007; Calhoun et al,,
2006; Kim et al., 2003). Other regions were implicated as
well, including the medial frontal gyrus and some portion
of the anterior cingulate. These regions are known to be
implicated in high-level executive functions and decision-
related processes (Talati and Hirsch, 2005) and might
assist in the storage and retrieval of WM items. The net-
work of regions associated with C4 was predominantly
cerebellar. The cerebellum is known to assist in the smooth
coordination of complex motor-activity, and its activation
could be a result of the button presses associated with the
retrieval and recognition of WM items. More subtle differ-
ences in this brain region have been posited (Schlosser et
al., 2003), where patients with schizophrenia showed
reduced connectivity between the prefrontal and cerebellar
pathways during a WM task. This finding adds some sup-
port to the notion that patients with schizophrenia might
suffer from a dysfunction in the connectivity of these two
networks during WM processes.

Our three-way ANCOVA showed that C23 was affected
by both G x P and G X L interactions, but not the G x L
x P interactions. The lack of significance for the G x L x
P could suggest that differences in patients with schizo-
phrenia, which stem from the encoding and probing of
WM items, might not be significantly related to the modu-
lation of WM processes as the number of items increases.
The G x P interactions were driven almost entirely by the
probe phase, which was also the case for any component
that had significant interactions of this sort. Whether this
is partially due to the fact that the probe phase was con-
siderably longer is difficult to tell. However, the DLPFC
and IPL have been consistently shown to be linked to WM
dysfunction in schizophrenia, and our results suggest that
this relationship may be stronger during the recognition
and retrieval of WM items, which is associated with the
probe phase of the paradigm. For the G x L interaction,
the medium WM load was found to be the most signifi-
cant, counter to the idea that higher WM loads would bet-
ter extract these differences. However, our findings are
consistent with a recent schizophrenia WM study (Potkin
et al., 2009), which utilized data from the same fBIRN col-
laboration and found that the medium WM load was most
responsible for significant between-group differences in
the DLPFC. Their conclusion was that these differences are
more strongly related to the “inefficiency” of this brain
region that might not be directly caused by increases in
WM load.

A significant number of fMRI studies in schizophrenia
have now focused on the DMN and its potential dysfunc-
tion in schizophrenia (Calhoun et al., 2007; Garrity et al.,
2007; Pomarol-Clotet et al., 2008; Whitfield-Gabrieli et al.,
2009). Our current results support this claim, as the four
negatively modulated networks we found were com-
posed entirely of regions hypothesized to be engaged in
the DMN. These included the medial prefrontal cortex
(found in C18 and C24), ventral anterior cingulate (C18),
parahippocampus (C20), posterior cingulate (C15, C18,
C20, and C24), precuneus (C15) and some regions of the
lateral parietal cortex (C24) (Buckner et al.,, 2008). The
fact that these networks were not conglomerated into a
single network using ICA suggests that the DMN might
consist of multiple networks that work in conjunction
with one another to perform complex tasks such as intro-
spection, goal-planning, and general nontask-oriented
activities. Furthermore, these four networks have a single
common region in the PCC, which Buckner et al. (2008)
suggested could modulate different subsystems within
the DMN. However, further analyses would be needed to
determine if these networks have specific connectivity
relationships with one another, which our current study
cannot provide.

Our three-way ANCOVA of the four networks associ-
ated with the DMN showed some interesting trends that
may pertain to the dysfunction of WM processes in schiz-
ophrenia. The DMN, more than other temporally coher-
ent resting state networks, has been shown to share a
continuous competitive relationship with networks nec-
essary for task completion (Broyd et al., 2008). Further,
the degree of deactivation that occurs in this network is
influenced by task type (Tomasi et al., 2006), task load
(McKiernan et al., 2003), and schizophrenia diagnosis
(Harrison et al., 2007). Load sensitivity in the current
WM study was evident for C18, where increasing WM
load was associated with increased deactivation of the
component timecourse. For C18, controls deactivated
more than patients across the low and high WM loads
for both phases, while patients deactivated slightly more
than controls for the medium WM load. However, when
covarying for accuracy, G x L interactions were no lon-
ger significant, suggesting that significant between-group
differences associated with WM load might be task-de-
pendent. For C24, an interesting trend was seen where
patients were consistently deactivated more than con-
trols across all WM loads for both phases. However, G x
P interactions were only found to be significant for this
network, and this significance no longer existed when
covarying for accuracy. In this context, C18 and C24
seem to represent differences associated to some degree
with poor WM performance, which has been shown to
be a prominent marker for this illness. It can be hypothe-
sized then that these two networks might play a signifi-
cant role in WM processes, and a dysfunction in the
normal deactivation of these networks could impair such
processes.
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As for C15 and C20, G x P interactions remained signifi-
cant when covarying for accuracy, indicating that these
networks may represent a more stable functional marker
of schizophrenia. Supporting evidence for this comes from
a recent study using an identical ICA analysis approach
on datasets from the same fBIRN collaboration, which
found highly significant differences in patients with schiz-
ophrenia in an ICA network nearly identical to C15 during
the completion of an auditory oddball paradigm (Kim et
al., 2009). It is also worth noting that these G x P interac-
tions reflect an interesting reversal of brain deactivation
between patients and controls during the encode and
probe phases. Patients show a greater deactivation for
both networks during encoding of WM items, but this is
reversed during the probe phase, where controls show a
significantly greater deactivation. This trend was also seen
in C4, a positively modulated network that engaged pri-
marily the cerebellum. This phenomenon might be related
to an inefficiency in the modulation of task-oriented net-
works that need to be activated sufficiently for proper
WM processes to occur. Recent studies have suggested
that a dysfunction in the intricate interplay between task-
positive and task-negative networks might be associated
with schizophrenia (Jafri et al., 2008), and our results pro-
vide some support for those ideas. These inefficiencies
might be found in other modalities as well (i.e., MEG,
EEG), and future work in this direction could further elu-
cidate the pathophsyiology of schizophrenia (Calhoun
et al., 2009).

There are several limitations to the present study. Schiz-
ophrenia is a heterogeneous disorder, and biomarkers that
identify subgroups or regions with high inter-subject mor-
phologic or functional variability may be obscured by
group averaging (Manoach, 2003). Though we attempted
to account for the effect of site by including it as a covari-
ate in our ANCOVA models, it is still possible that this
factor increased the variability of the data and obscured
findings of interest. Another concern is the possibility that
patients with schizophrenia may be characterized by
reduced attentional control or reduced motivation, and
that these attentional or motivational differences may have
resulted in the observed deficits in WM performance and
functional activation. We attempted to control for this con-
cern by motivating all participants with a monetary
reward for each correct trial. Nonetheless, it is possible
that remaining differences in attention or motivation could
have been responsible for some group differences noted.
Intelligence measures were also different for the fBIRN
and MCIC collaborations, utilizing the NART and WRAT
measurements, respectively, and thus we omitted the
reporting of these measurements. Finally, we normalized
our datasets to an MNI template that might not be sensi-
tive to volumetric differences found in patients with schiz-
ophrenia. An averaged brain template, reflective of our
population, could allow for a more accurate assessment of
the anatomical locations of these functional connectivity
differences.

CONCLUSION

Using ICA we were able to discern functionally con-
nected networks that extend our understanding of the
interplay between various brain regions related to WM
processing. We implemented ICASSO at the group level
for the first time to find results that were averaged across
twenty iterations of ICA. A robust statistical analysis of
the task-modulation parameters from our component time-
courses was performed, resulting in the observation of six
disease-relevant networks. Two of these networks were
hypothesized to be positively task-modulated and include
regions such as the DLPFC and cerebellum. The other four
were thought to represent parts of the DMN that shared
the PCC as a common brain region. To our knowledge,
this is the largest WM analysis of ICA performed with a
population of patients with schizophrenia and healthy
controls. Our results show many of the same neurobiologi-
cal markers found from previous WM studies to be impli-
cated using a functional connectivity approach via ICA.
We further extend these markers to suggest that the
DLPFEC is implicated in schizophrenia within a network
that includes regions of the IPL and cingulate gyrus.
Finally, we show that the DMN might exist across multi-
ple subnetworks and that schizophrenia could be marked
by a dysfunction that spans across them.
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