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Adolescence is a time when the ability to engage cognitive control is linked to crucial life outcomes. Despite a historical focus on prefrontal
cortex functioning, recent evidence suggests that differences between individuals may relate to interactions between distributed brain
regions that collectively form a cognitive control network (CCN). Other research points to a spatially distinct and functionally antago-
nistic system—the default-mode network (DMN)—which typically deactivates during performance of control tasks. This literature
implies that individual differences in cognitive control are determined either by activation or functional connectivity of CCN regions,
deactivation or functional connectivity of DMN regions, or some combination of both. We tested between these possibilities using a
multilevel fMRI characterization of CCN and DMN dynamics, measured during performance of a cognitive control task and during a
task-free resting state, in 73 human adolescents. Better cognitive control performance was associated with (1) reduced activation of CCN
regions, but not deactivation of the DMN; (2) variations in task-related, but not resting-state, functional connectivity within a distributed
network involving both the CCN and DMN; (3) functional segregation of core elements of these two systems; and (4) task-dependent
functional integration of a set of peripheral nodes into either one network or the other in response to prevailing stimulus conditions.
These results indicate that individual differences in adolescent cognitive control are not solely attributable to the functioning of any single
region or network, but are instead dependent on a dynamic and context-dependent interplay between the CCN and DMN.
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Introduction
Effectively controlling thought and behavior during adolescence
challenges some individuals more than others. For instance,
lower cognitive control ability at this time is associated with risk-
taking behavior, substance abuse, and mental disorders (Paus et
al., 2008), and is linked to morbidity, mortality, and crime (Cole-
man, 2011). Conversely, higher cognitive control is correlated
with positive outcomes, such as academic and vocational success

(Caspi et al., 1998; Moffitt et al., 2011). Understanding the neural
basis of individual differences in adolescent cognitive control is
thus a critical goal of developmental neuroscience (Casey et al.,
2008; Luna, 2009), but it has received very little research attention
to date (Luna et al., 2010).

Despite a strong focus on the PFC during adolescence (Casey
et al., 2008), recent research, mainly conducted in adults, links
the capacity for cognitive control to two large-scale brain net-
works. The first is a network of frontal, parietal, cingulate, and
subcortical regions showing increased activation during cogni-
tive control tasks—referred to here as the cognitive control net-
work (CCN; Cole and Schneider, 2007; Nee et al., 2007;
Dosenbach et al., 2008). The second is the so-called default-mode
network (DMN; Shulman et al., 1997), which includes posterior
cingulate, medial frontal, and lateral parietal regions, and whose
task-related deactivation is linked to faster and more accurate
performance during the same experimental paradigms (Weiss-
man et al., 2006; Persson et al., 2007; Eichele et al., 2008; Congdon
et al., 2010). Further research in task-free, so-called resting-state
conditions has shown coherent spontaneous activity within each
of these networks (Greicius et al., 2003; Vincent et al., 2008), and
also a strong anticorrelation between the networks (Fox et al.,
2009). The behavioral importance of this antagonistic relation-
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ship is indicated by research showing that more consistent per-
formance is associated with higher anticorrelation during task
performance and at rest (Kelly et al., 2008).

Although the extent to which these findings apply to adoles-
cents is unclear, they suggest that individual differences in ado-
lescent cognitive control may be mediated by the following: (1)
activation and/or functional connectivity of CCN regions, (2)
deactivation and/or functional connectivity of DMN regions, or
(3) a dynamic interplay between both systems. To test between
these hypotheses, we used fMRI to perform a comprehensive,
multilevel analysis to investigate how individual differences in
cognitive control at 16 years of age relate to task-related
activation, deactivation, and functional connectivity of the CCN
and DMN measured during a validated cognitive control task
(Bush and Shin, 2006). In addition, we examined whether similar
relationships were apparent in the brain’s spontaneous dynamics
to determine whether cognitive control performance is best ex-
plained by the context-dependent engagement of task-relevant
neural networks, or an invariant or intrinsic component of brain
functional connectivity that persists across task and rest states
(Fornito and Bullmore, 2010). Our findings indicate that adoles-
cent control is not solely attributable to CCN or DMN function,
but rather relies on a complex and task-dependent interplay be-
tween regions of both systems.

Materials and Methods
Participants
The data presented here were collected as part of the Adolescent Devel-
opment Study (ADS), which was a longitudinal research project that has
been described in detail previously (Whittle et al., 2008). In brief, the
ADS investigated biological, psychological, and social risk factors for
psychopathology from 12 to 19 years in a sample of 245 participants who
were selected from community schools in the Victorian metropolitan
region of Australia on the basis of two temperamental traits. Specifically,
2453 participants were originally screened using the Early Adolescent
Temperament Questionnaire Revised (Ellis and Rothbart, 2001), and a
subsample of 415 was selected to maximize the range of scores on the
effortful control (EC) and negative affectivity (NA) temperament dimen-
sions. Of these, 157 initially agreed to be involved in the longitudinal
neuroimaging component of the study that occurred when the partici-
pants were 12, 16, and 19 years old.

In the current study, we used data collected within a tight age range
centered on 16 years because it is a quintessential adolescent period when
most individuals have undergone puberty (Costello et al., 2011), but
remain homogeneous with respect to school and living circumstances
(Arnett, 2000). As a result of random subject attrition, neuroimaging
data at this time point were available for 140 participants. Based on this
reduced sample, in light of the selective sampling procedure used to select
the original cohort of 415 individuals, we then ensured that the distribu-
tions of NA and EC in this subsample were normal using Shapiro–Wilk
tests (EC: W � 0.98, p � 0.36; NA: W � 0.98, p � 0.51), and that there
were no differences in the mean values of each temperament dimension
when compared with the original screening cohort of 2453 participants
(EC mean difference � �0.1; t(1, 149.79) � �1.59, p � 0.11; NA mean
difference � 0.07, t(1, 147.29) � 0.89, p � 0.38). Combined, these factors
alleviated any potential sampling biases associated with the original se-
lective recruitment procedure.

Participants were excluded if diagnosed with a medical condition (n �
5) or if taking psychotropic medication at the time of scanning (n � 4), if
incidental radiological abnormalities had been detected (n � 4), if clin-
ical assessment with the Kiddie-Schedule for Affective Disorders and
Schizophrenia revealed a current or past diagnosis of DSM-IV mental
illness (n � 10), or if they had consumed �4 standard alcoholic drinks
the night before scanning or illicit psychoactive substances in the preced-
ing week (n � 3). Regarding fMRI assessments, participants were also
excluded if there were acquisition problems (i.e., scanner malfunction,

interference from ferrous metals, task timing or other errors, or poor
visual acuity; n � 20), if head motion exceeded 3 mm translation or 3
degrees rotation during the task or in the resting state (n � 13), if their
accuracy during incongruent trials of the behavioral task was �80% (n �
4), if they were left-handed (n � 2), or if they reported that they slept
during the resting-state scan (n � 5). Accounting for three subjects who
fulfilled overlapping exclusion criteria, a total of 67 subjects were
excluded.

The final sample was of normal intelligence as measured by the
Wechsler Abbreviated Scale of Intelligence (Wechsler, 1999), gender bal-
anced, and within a tight age range centered on 16 years [age (mean years;
SD) � 16.46 (0.54); gender (male:female) � 36:37; IQ � 105.2 (14.45)].
This tight age range reduced the effects of maturation on cognitive con-
trol and brain network organization.

Experimental paradigm
Each participant performed a version of the Multi-Source Interference
Task (MSIT), which was administered using Presentation software (ver-
sion 0.70; http://www.neurobs.com) and viewed via a head-coil mirror
on a screen at the subject’s feet. The MSIT is an established cognitive
control fMRI paradigm designed to activate the CCN at a single-subject
level by combining elements of the classical Simon and Eriksen flanker
paradigms (Bush and Shin, 2006; Fig. 1) and has been extensively used in
previous research (Matthews et al., 2007; Seminowicz and Davis, 2007;
Harrison et al., 2007a,b; Yücel et al., 2007a,b,c; Bush et al., 2008; Karlsson
et al., 2009; Stern et al., 2009; Brown et al., 2010; Rieckmann et al., 2011).
In brief, subjects place their index, middle, and ring fingers on buttons
that correspond to the numbers 1, 2, and 3, respectively. They are then
shown a row of three numerals, two of which are matching (e.g., “1 0 0”),
and they are required to press the button that corresponds to the unmatched
number. During congruent trials, the unmatched number is positioned in
the same spatial location as the finger response (e.g., “1 0 0”), but in inter-
ference trials it is moved to other locations (and flanked by distracting
numbers) to induce finger-to-number incongruence (e.g., “2 1 2”). The
task is organized in a block design with eight alternating blocks of 30 s
congruent and incongruent trials. For this experiment, the duration of
each trial was 2000 ms with stimulus presentation lasting either until this
time or a when response was recorded. The intertrial interval was 500 ms.
Blocks of 30 s visual fixation were interleaved between congruent and
incongruent blocks (following Harrison et al., 2007b). Task performance
was measured using a conventional interference reaction time (RT)
score, calculated by computing the difference between incongruent and
congruent trials, where lower scores indicate less interference and thus
better control performance. MSIT response accuracy was also calculated
for each participant by summing the commission errors during congru-
ent and incongruent conditions, and then representing these as a per-
centage of trials overall.
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Figure 1. The MSIT is conducted using a block design with three main conditions: resting
fixation, congruent stimuli, and incongruent stimuli. A, Resting fixation is the presentation of a
cross-hair. B, The congruent condition involves responding to a target number that is congruent
to the finger position on a button box. C, During the incongruent condition, the finger response
differs from the location of the target on screen and the target is flanked by two other numbers.
D, The experimental time course is depicted as an alternating block design with interleaved 15 s
resting fixation periods between each 30 s block of congruent (green, B) and incongruent (red,
C) trials.
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Neuroimaging acquisition and preprocessing
MRI was performed for each participant in a single session with a 3 T
Siemens Magnetom Trio B15 whole-body scanner at the Royal Chil-
dren’s Hospital, Victoria, Australia. Subjects’ heads were fixed using
foam padding and a 32-channel head coil. Resting-state and task fMRI
were performed using single-shot gradient-recalled EPI providing T2*-
weighted BOLD contrast. To minimize prior task effects (Barnes et al.,
2009; Gordon et al., 2014), resting-state fMRI was conducted before task
performance with the following parameters: TR 1400 ms, TE 30 ms, flip
angle 90°, FOV 210 mm, voxel size 3.3 � 3.3 � 5.0 mm, 24 slices, 510
whole-brain volumes. MSIT parameters were as follows: TR 2400 ms, TE,
40 ms, flip angle 90°, FOV 210 mm, voxel size 3.3 � 3.3 � 3.0 mm, 36
slices, 157 whole-brain volumes. Structural images were acquired as a
gradient echo volumetric acquisition sequence (TR 1900 ms, TE 2.24 ms,
FOV 230 mm) to obtain 176 T1-weighted contiguous 0.9 mm slices
(0.9 � 0.9 � 0.9 mm).

Image preprocessing and analysis were performed using Statistical
Parametric Mapping toolbox (SPM8; www.fil.ion.ucl.ac.uk/spm/software/
spm8/) on a Linux computing cluster running MATLAB R2007a (Math-
Works). Preprocessing involved magnetic field inhomogeneity correction
and realignment, followed by spatial normalization using the Diffeomor-
phic Anatomical Registration using Exponentiated Lie Algebra
(DARTEL; Ashburner, 2007) toolbox. Each subject’s EPI volumes were
unwarped using their field maps and were realigned using least-squares
minimization with a six-parameter (rigid body) spatial transformation
with the middle image as a reference. Spatial normalization to the MNI
template was achieved via the DARTEL procedure, which is a nonlinear
method with three main steps, as described previously (Ashburner,
2007): (1) within-subject registration of the EPI to T1, (2) deformation of
the T1 to a sample-specific template, and (3) the use of the deformations
to normalize the EPI to standard space. For this study, a template was
constructed using all T1 images from the original neuroimaging sample
(n � 140) after visual inspection. The images were then smoothed with
an 8 mm full-width at half-maximum Gaussian kernel. At each process-
ing stage, all images were quality controlled via visual inspection.

Network mapping and region of interest identification
Given that the CCN and DMN can be defined using task-related or
resting-state maps (Shulman et al., 1997; Greicius et al., 2003), we used
both to define ROIs designed to comprehensively sample key elements of
each network. Specifically, DMN regions were defined as those regions
either deactivated by the MSIT or showing significant positive functional
connectivity with a seed region in the posterior cingulate cortex (PCC);
CCN regions were defined as those regions either activated by the MSIT
or showing significant negative functional connectivity (anticorrelation)
with the PCC seed. All identified ROIs from both task and resting-state
maps were then used in further analyses of activation, connectivity, and
modularity. We adopted these methods as a simple alternative to multi-
variate techniques (Calhoun et al., 2001; Smith et al., 2009) to maintain
consistency with prior work (Greicius et al., 2003; Fox et al., 2005; Kelly et
al., 2008) and ensure that our CCN and DMN nodes sampled two net-
works that, by definition, showed some degree of functional antagonism
during either rest or task.

Task-related mapping. GLM, as implemented in SPM8 (http://www.fil.
ion.ucl.ac.uk/spm/software/spm8/), was used to define the task-related
CCN (CCN-task) and the task-related DMN (DMN-task). The fixation,
congruent, and incongruent task blocks were coded as individual regres-
sors, convolved with a hemodynamic response function and incorpo-
rated as covariates in a GLM that was fitted on a voxelwise basis to the
measured BOLD signal. The data were high-pass filtered (1/128 Hz) and
temporal autocorrelations were corrected using a first-order autoregres-
sive model. For each participant, the CCN was defined as regions show-
ing statistically significant activation during incongruent trials compared
with congruent trials (Bush and Shin, 2006). The DMN was defined as
areas showing significantly greater activation during the fixation com-
pared within congruent condition, as per previous research (Harrison et
al., 2007b). Group-level statistical significance was determined using
second-level random-effects one-sample t tests. Model parameters were
estimated using Restricted Maximum Likelihood (ReML). Statistical sig-

nificance was defined in the group maps using a false discovery rate
(FDR) threshold of p � 0.05 (cluster extent of 20 voxels) and visualized
on a population-average, landmark- and surface-based template using
Caret (v5.62; http://brainvis.wustl.edu/wiki/index.php/Caret:About).

Resting-state mapping. In the resting-state condition, the CCN and
DMN were defined using well established seed-based techniques (Fox et
al., 2005, 2009; Kelly et al., 2008; Shehzad et al., 2009; Cauda et al., 2011).
For each participant, the whole-brain resting-state functional volumes
were detrended and bandpass filtered (0.008 � f � 0.08 Hz). Subject-
specific activity time courses were then extracted from an 8 mm spherical
ROI placed in the midline area of the PCC using previously defined,
approximated coordinates (MNI: [0 �50 30]; Fox et al., 2009). Given
considerable functional heterogeneity of the PCC/precuneus region
(Margulies et al., 2009), the decision to use this specific seed was based on
our aim to replicate the CCN and DMN networks as they have been
previously reported (Fox et al., 2005, 2009). This seed time course was
used as a regressor in a GLM, with additional nuisance covariates that
included the mean signal from thresholded MNI masks of the white
matter (WM; 90%), CSF (70%), and the whole-brain volume (WBV;
70%) using SPM8 as well as six head-motion parameters (three transla-
tion, three rotation). Positive and negative correlations were modeled
independently to map DMN and CCN regions for each subject, respec-
tively. Group-level analysis maps were generated via a random effects,
one-sample t test and ReML estimation. Statistical significance was de-
fined using a whole-brain corrected threshold of FDR � 0.05 (cluster
extent of 20 voxels) using Caret (v5.62).

ROI identification. To comprehensively sample the CCN and DMN,
we generated spherical ROIs centered on activation/deactivation/con-
nectivity maxima in the CCN and DMN maps derived from both the task
and resting-state analyses. To adequately separate statistically significant
clusters, resting-state maps were thresholded at an FWE rate of 0.001 and
the MSIT maps were thresholded at FWE 0.01 (both with a cluster extent
of 20 voxels)—this adaptive thresholding approach was necessary to ac-
count for t score magnitude differences between the activation and con-
nectivity maps. ROIs were then generated as 6 mm spheres centered on
the voxel with the highest t score in each remaining cluster for each map.
To avoid overlap between ROIs, foci whose central points were within 8
mm of each other in Euclidean space were identified (n � 12), and a new
focus was created at an equidistant location between them. In total, 73
ROIs were identified (Fig. 2) and were labeled according to their network
of origin (Table 1).

Testing correlations between MSIT performance and regional
task-related activation, task-related functional connectivity, and
resting-state functional connectivity
Given the large degree of interindividual differences in the RT interfer-
ence effect (see Results), we focused on this measure in further analysis by
specifically examining its relationship to activation and functional con-
nectivity of each of the 73 ROIs extracted from the CCN-task, DMN-task,
CCN-rest, and DMN-rest.

Task-related activation analysis. For each of the 73 ROIs, mean param-
eter estimates encoding the magnitude of activation/deactivation in in-
congruent versus congruent trials of the MSIT were extracted and
correlated with interference RT using Spearman’s rank correlation and
permutation testing (5000 permutations) to account for non-normality
of the data. Only results that survived an FDR-corrected threshold of p �
0.05 were declared significant (Benjamini and Hochberg, 2000).

Task-related functional connectivity analysis. To measure task-related
pairwise functional connectivity, we used a previously described correla-
tional psychophysiological interaction (cPPI) procedure (Fornito et al.,
2012; http://www.nitrc.org/projects/cppi_toolbox). Briefly, each re-
gion’s activity time course recorded during the MSIT was deconvolved
(Gitelman et al., 2003), multiplied by a task regressor modeling activity
increases in incongruent versus congruent trials, and then reconvolved to
obtain a region-specific PPI term reflecting task-related modulations of
neural activity in that region. Pairs of regional PPI terms were then cor-
related while partialing the effects of each region’s original time course,
the incongruent�congruent task regressor, head-motion parameters,
and the mean signal taken from WM, CSF, and WBV masks as defined
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above. Partialing out these effects isolates context-dependent functional
connectivity between regions, as distinct from task-unrelated, spontane-
ous connectivity, and coactivation effects (Friston, 1994; Fornito et al.,
2012). Before analysis, extreme (�4 SD) outliers in all time courses were
replaced via linear interpolation of adjacent time points.

Resting-state functional connectivity analysis. To measure resting-state
pairwise functional connectivity, each region’s time series was extracted
and orthogonalized with respect to six head-motion parameters (rota-
tion and translation) and the WM, CSF, and WBV masks. Functional
connectivity was then estimated as the Spearman’s correlation between
each possible pair of regional activity time courses.

Testing the relationship between functional connectivity and perfor-
mance. The resting-state and task-evoked functional connectivity analy-
ses generated two 73 � 73 functional connectivity matrices (one for rest
and one for task) per individual. We tested for associations between
behavior and functional connectivity at the level of each of the N(N �
1)/2 � 2628 pairwise connections in the network and used the network-
based statistic (NBS; Zalesky et al., 2010; http://www.nitrc.org/
projects/nbs) to identify subnetworks of functional connections showing

covariation with individual differences in in-
terference RT, while controlling type I error
rate. There were four main steps: (1) a Spear-
man correlation was computed between the
interference effect and functional connectiv-
ity at each of the 2628 pairwise connections;
(2) the resulting brain-behavior association
matrix was binarized by applying a primary
threshold of p � 0.01, uncorrected ( p �
0.01 � 1; 0 otherwise); (3) a breadth-first
search was used to compute the size of con-
nected components (sets of nodes that can be
linked by suprathreshold links) in the ma-
trix; and (4) the data were permuted 10, 000
times to generate an empirical null distribu-
tion of maximal component sizes, which was
then used to determine a corrected p value
for the observed component sizes relative to
this empirical null. Only components surviv-
ing a corrected component-wise threshold of
p � 0.05 were declared significant.

Modularity analysis
To better understand changes in functional
network architecture between rest and task
conditions, we used established graph theoretic
methods to effect a data-driven decomposition
of each individual’s resting-state and task-
related networks into modules: subsets of re-
gions showing higher connectivity with each
other than with other areas (Newman, 2006;
Rubinov and Sporns, 2011). A consensus clus-
tering technique (Rubinov and Sporns, 2011;
Fornito et al., 2012; Lancichinetti and Fortu-
nato, 2012) was then used to define group-level
representations of network modular architec-
ture separately for rest and task, and for high
and low performers on the MSIT, as deter-
mined by a median split of the sample based on
interference RT (high, 341.66 ms; low, 509.31
ms; Z � 7.34, p � 0.001).

Individual-level modular decompositions.
To decompose each participant’s task-
related and resting-state functional connec-
tivity networks into distinct modules, we
optimized a variant of the widely used New-
man–Girvan (Newman, 2006) quality func-
tion Q, termed Q*, which was proposed by
Rubinov and Sporns (2011) to account for
signed (e.g., positively and negatively corre-
lated) edge weights. In short, the modified

function tries to maximize the difference between the degree of ob-
served intramodular connectivity and that expected by chance, while
biasing against solutions that assign negatively correlated regions to the
same module. This function was optimized using the Louvain algorithm
(Blondeletal.,2008)asimplementedinthebrainconnectivitytoolbox(https://
sites.google.com/site/bctnet/). To deal with the known degeneracy of this
method (Good et al., 2010), we iterated the algorithm 1000 times and used a
consensus-based approach (van den Heuvel et al., 2008; Fornito et al., 2012;
Lancichinetti and Fortunato, 2012) to identify the final solution for each
individual. Specifically, for each iteration, we generated a co-classification
matrix in which each [i, j] element contained 1 if two nodes were classified in
the same module and 0 otherwise. Note that we use the term classification
here in reference to the assignment of a node into a module, not with refer-
ence to classifying some outcome variable of interest. We summed these
matrices across the 1000 iterations and then ran a second decomposition of
this consistency matrix. In this manner, nodes frequently co-classified in the
same module across multiple iterations of the algorithm will be assigned to
the same module in the final solution.

Figure 2. Identification of ROIs from task activation and resting-state functional connectivity mapping of the CCN and DMN. A,
Task maps showing CCN activations during incongruent trials of the MSIT compared with congruent trials (yellow), and DMN
deactivations when incongruent trials were compared with resting-fixation blocks (blue). B, Resting-state maps showing positive
(blue) and negative (yellow) functional connectivity with a posterior cingulate seed region (MNI: [0 �50 30]), representative of
the DMN and CCN, respectively. C, Anatomical location of 73 seed regions drawn from the maps presented in A and B. Subcortical
seed regions (i–vi) depicted below. Node labels defined in Table 1.
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Group-level modular decomposition. The two final consensus decom-
positions for each individual (one for task and one for rest) were passed
to a second level to derive a group-level representation of network mod-
ularity based on a similar logic to the consensus approach used at the
single-subject level. A similar approach has been used in prior work (van
den Heuvel et al., 2008; Fornito et al., 2012). Specifically, a co-
classification matrix was generated for each individual’s final consensus
decomposition separately for task and rest. These matrices were then
summed across individuals to generate a sample-level consistency matrix
for both rest and task networks. A high weight in elements of this matrix
indicated that two nodes were frequently classified in the same module
across individuals. As such, modular decomposition of this group-level
consistency matrix ensured that nodes frequently co-classified together
were likely to be assigned to the same module in the final solution. This
analysis was run separately within the high and low MSIT performing
groups during rest and task conditions.

By aggregating results across single-participant decompositions, our
consensus-based approach allowed us to derive a group-level represen-
tation while also characterizing interindividual variability in network
organization using classification consistency and diversity metrics. Such
analyses are not possible when decomposition is performed on a group-
averaged correlation matrix. Consensus-based approaches have also
been shown to yield more stable individual module solutions, given the
known degeneracy of most graph theoretic module detection algorithms
(Good et al., 2010; Lancichinetti and Fortunato, 2012).

The group consistency matrices for rest and task conditions were also
used to understand the role of each node within the network. In partic-
ular, the consistency and diversity with which each node was classified
into distinct modules was calculated using a technique suited for
weighted, signed matrices (Rubinov and Sporns, 2011). Regions with
high classification consistency, z, are consistently classified as belonging
to the same module across participants and relative to other regions in
that module—they are thus core elements of that module and support
functional specialization. Regions with high classification diversity, h,
have relatively equal probability of being classified into different modules
across participants because their connectivity is more dispersed across
modules—these regions thus play a role in functionally integrating dis-
tinct neural systems.

Statistical significance of modular solutions. For the high- and low-
performing subgroups, we tested whether the final solutions obtained via
the above procedures were significantly more modular than expected by
chance (i.e., they showed nonrandom modularity) in three ways. First, at
the participant level, we compared the median Q* statistic observed in
the sample to the median Q* value obtained from an ensemble of 73
randomized functional connectivity networks, in which each random
network was matched to an individual empirical network for degree,
strength, and sign distributions (Rubinov and Sporns, 2011). The ran-
domization was repeated 10 3 times to generate a null distribution of
median Q* values against which the magnitude of the observed sample
median Q* statistic during rest and task conditions was compared. The
sample median Q* for both subgroups was deemed to be significantly
higher than expected by chance when evaluated with respect to the null
model during task performance (Q* high � 0.52, p � 0.001; Q* low �
0.518, p � 0.001) and during the resting state (Q* high � 0.54, p � 0.001;
Q* low � 0.539, p � 0.001).

Table 1. Labels of each ROI

Talairach

Map Label Brain region x y z

CCNt dACC Dorsal anterior cingulate cortex �2 12 46
SC Superior colliculus 0 �30 �6
L aIFJ Anterior inferior frontal junction �40 24 22
L aINS Anterior insula cortex �30 21 4
L aTOJ Anterior temporo-occipital junction �44 �56 �8
L FEF Frontal eye field �24 �4 52
L IFJ Inferior frontal junction �40 2 32
L LO Lateral occipital cortex �26 �90 �4
L sIPS Superior intraparietal sulcus �22 �64 48
L SPL Superior parietal lobule �33 �45 44
L TOJ3 Temporo-occipital junction �40 �68 �10
R aINS Anterior insula cortex 40 14 �6
R aINS2 Anterior insula cortex 35 18 5
R TOJ2 Temporo-occipital junction 40 �64 �10
R mIPS Medial intraparietal sulcus 26 �62 40
R LO Lateral occipital cortex 30 �92 �4
R FEF Frontal eye field 26 �2 50
R PMd Dorsal premotor cortex 32 �4 64
R iIPS Inferior intraparietal sulcus 28 �66 32
R sIPS Superior intraparietal sulcus 26 �64 52

CCNr L CAUD1 Caudate nucleus �18 �16 22
L CAUD2 Caudate nucleus �16 �8 16
L CERE Cerebellum �26 �66 �26
L OFC1 Orbitofrontal cortex �46 48 �16
L OFC2 Orbitofrontal cortex �26 44 �14
L SMG1 Supramarginal gyrus �64 �32 20
L SMG2 Supramarginal gyrus �54 �38 42
L TOJ1 Temporo-occipital junction �52 �64 �10
L TOJ2 Temporo-occipital junction �58 �66 �4
L TOJ4 Temporo-occipital junction �52 �58 �4
R OFC Orbitofrontal cortex 26 44 �14
R PCL Paracentral lobule 18 �44 48
R SMG Supramarginal gyrus 60 �34 40
R SMG2 Supramarginal gyrus 44 �42 44
R TOJ1 Temporo-occipital junction 56 �54 �4

DMNt mPFC Medial prefrontal cortex �1 54 �8
SGC Subgenual cingulate cortex 0 22 �8
L ANG2 Angular gyrus �42 �76 32
L ANG3 Angular gyrus �46 �66 25
L aPFC Anterior prefrontal cortex �16 68 20
L dPCC1 Dorsal posterior cingulate cortex 0 �42 48
L dPCC2 Dorsal posterior cingulate cortex �4 �36 44
L iCS Inferior central sulcus �40 �14 36
L pLING Posterior lingual gyrus �16 �72 �8
L pSFS Posterior superior frontal sulcus �22 28 50
L sCS Superior central sulcus �18 �30 64
L sMTG Superior middle temporal gyrus �58 �4 �16
R ANG1 Angular gyrus 46 �74 32
R aPFC Anterior prefrontal cortex �12 70 12
R dPCC Dorsal posterior cingulate cortex 6 �48 44
R pINS Posterior insula cortex 36 �16 20
R pINS2 Posterior insula 44 �32 24
R PO Parietal operculum 54 �4 8
R pPH1 Posterior parahippocampal gyrus 30 �42 �8
R pPH2 Posterior parahippocampal gyrus 27 �35 �14
R pSFS Posterior superior frontal sulcus 24 34 42
R sMTG Superior middle temporal gyrus 56 �4 �16

DMNr MD Mediodorsal thalamus 0 �12 0
L aMTG Anterior middle temporal gyrus �52 4 �30
L ANG1 Angular gyrus �44 �70 38
L dPCC3 Dorsal posterior cingulate cortex 0 �30 34
L maPFC1 Medial anterior prefrontal cortex �6 54 32
L maPFC2 Medial anterior prefrontal cortex 0 56 20
L MD Mediodorsal thalamus �2 8 4
L MTG Middle temporal gyrus �58 �14 �16
L PCC Posterior cingulate cortex 0 �54 28
L PPo Planum polare �36 14 �24

(Tabel Continues)

Table 1. Continued

Talairach

Map Label Brain region x y z

R ANG2 Angular gyrus 46 �64 30
R CAUD Caudate nucleus 4 4 �4
R ITS Inferior temporal sulcus 50 4 �34
R MTG Middle temporal gyrus 60 �8 �22
R PIR Piriform cortex 30 14 �20
R PH Parahippocampal gyrus 22 �20 �18

Far left column specifies the statistical map used to Lcreate the ROI; i.e., each ROI was identified using either the
task-related activation (CCNt), task-related deactivation (DMNt), resting-state positive (DMNr), or resting-state
negative (CCNr) functional connectivity map. L, left; R, right.
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The second method randomized at the level of each participant’s con-
sistency matrix, rather than functional connectivity matrix. The consis-
tency matrix was randomized while again preserving degree and strength
distribution (Rubinov and Sporns, 2011) 10 3 times to generate a second
ensemble of median Q* statistics under the null hypothesis, which was again
used to evaluate the significance of the observed sample median Q*. Once
again, both the high- and low-performing subgroups showed statistically
significant modularity using this method during task (high, p � 0.001; low,
p � 0.001) and rest (high, p � 0.001; low p � 0.001) conditions.

Finally, to evaluate the significance of the group-level decomposition,
we randomized each individual’s final consensus co-classification matrix.
We then summed these randomized matrices and ran the modular de-
composition to obtain a group-level Q* under null expectations. We
repeated this procedure 10 3 times to generate a distribution of values
against which the observed group-level Q* statistic was evaluated. Both
high- and low-performing subjects showed statistically significant
group-level modular organization during task (Q* high � 0.29, p �
0.001; Q* low � 0.26, p � 0.001) and rest (Q* high � 0.28, p � 0.001; Q*
low � 0.27, p � 0.001) conditions.

Testing within-group and between-group differences in modular organi-
zation. We tested for differences in modular organization between rest
and task, and high- and low-performing individuals, in three ways. First
we used the Wilcoxon signed-rank test to compare Q* values across
conditions or groups. Q* is a goodness-of-fit measure and can be used to
index how modular a partition is relative to chance expectations. A dif-
ference between conditions or groups would suggest that one partition is
significantly more modular than the other.

In a second analysis, we tested for differences in the partition distance
between group-level modular solutions. This analysis is more sensitive to

changes in the modular structure of a given
partition, since two networks may show the
same degree of overall modularity (i.e., Q*)
while having divergent patterns of node affili-
ations within different modules. Partition dis-
tance was quantified using the normalized
variation of information (VIn), which quanti-
fies the amount of information lost and gained
in changing from one partition to another
(VIn; Meilă, 2007). The statistical significance
of changes in modular organization from rest
to task was determined using a permutation
procedure appropriate for repeated measures.
Specifically, at each of 10 3 iterations, the con-
dition labels (i.e., rest or task) of the final co-
classification matrices were swapped in a
randomly chosen set comprising �50% of the
individuals. These shuffled ensembles were
then summed to generate a sample-level con-
sistency matrix for each condition. These
summed matrices were subjected to a modular
decomposition and the VIn between these par-
titions was computed. The result was a null dis-
tribution of VIn values obtained under the null
hypothesis of random labeling of task and rest
datasets. This distribution was used to deter-
mine the significance of the observed VIn sta-
tistic comparing the rest and task group-level
decompositions.

Finally, in a third analysis to determine
whether the emergence of a third module in
low-performing individuals was attributable to
chance (Fig. 5), we tested for differences in the
size of the third “intermediary” module be-
tween the high- and low-performing groups
using a permutation approach for between-
group comparisons. At each of 10 3 iterations,
we randomized each individual’s final consen-
sus co-classification matrix within the high-
and low-performing subgroups separately. We
then summed the randomized matrices, per-

formed a modular decomposition, and determined the number of nodes
included in the third largest module. The difference in the size of the
third module between the permuted data from each group was then
calculated to generate a null distribution, against which the observed
third module size difference of the high- and low-performing subgroups
was compared using a one-tailed test of significance, based on the hy-
pothesis that there should be a larger third module in low-performing
subjects. This procedure was conducted separately for both rest and task
conditions.

Results
Control performance and task-related activation
Mean interference RT was 422.04 ms (t(72)��33.54, p � 0.001)
with wide variability in performance noted across participants
(SD � 107.6 ms; range 220 –782 ms). At FDR-corrected levels,
task-related activation correlated with interference RT in 11 of 73
regions (Fig. 3). Two of these regions (the subgenual cingulate
cortex and right caudate nucleus) were identified as part of the
DMN, whereas the remaining seven were localized to core com-
ponents of the CCN that have been widely implicated in cognitive
control performance (Cole and Schneider, 2007); namely, the
dorsal anterior cingulate cortex (dACC), right frontal eye fields
(FEF), right dorsal premotor cortex (PMd), and four regions
spanning the bilateral intraparietal sulci (IPS). Significant corre-
lations were also observed in bilateral lateral occipital (LO) cor-

Figure 3. Activation correlates of interference RT. Colored nodes denote CCN (red) and DMN (blue) where regional activation
was significantly correlated (FDR corrected) with interference RT. Gray nodes denote nonsignificant correlations. Node sizes are
scaled according to correlation size (larger spheres � higher correlation). Scatterplots (a– k) are displayed for all significant
correlations. Node labels defined in Table 1. iIPs, inferior IPS; sIPS, superior IPS; mIPS, medial IPS; SGC, subgenual cingulate, R
CAUD, right caudate.
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tices. Across all regions, reduced activation was associated with
lower interference RT, thus reflecting better performance.

Control performance and functional connectivity
Consistent with a large body of activation studies (Luna et al.,
2010), the above findings suggest that task-related activation of
the CCN is the predominant neural correlate of individual differ-
ences in adolescent control performance. However, an unre-
solved question concerns the broader network context within
which these regional activations occurred. For example, the re-
sults could reflect a tightly coupled subnetwork of CCN regions
that support task performance, or the product of a more complex
interplay between DMN and CCN regions. To test between these
possibilities, we computed measures of functional connectivity
between every ROI pair during the task-related and resting-state
conditions and correlated these measures with interference RT.
Subnetworks of functional connections showing statistically sig-
nificant correlations (p � 0.05, corrected) with the MSIT inter-
ference effect during task-related and resting-state conditions
were identified using the NBS (Zalesky et al., 2010).

Our analysis revealed a distributed subnetwork of task-
related, but not resting-state, functional connectivity that corre-
lated with interference RT (p � 0.024 and p � 0.85, respectively;
Fig. 4). Re-analysis of the resting-state data without the applica-
tion of a low-pass filter to match the temporal filtering applied to
the task data also failed to find a significantly correlated subnet-
work (p � 0.18). The task-related network comprised 28 regions
linked by 28 functional connections. Stronger functional con-
nectivity was associated with better performance in 22 of these
connections. More than 95% of these connections involved
the CCN: 50% were intranetwork, linking different CCN ele-
ments with each other, while 45% were internetwork, linking

CCN and DMN regions. For the remaining 6/22 connections,
stronger functional connectivity was correlated with poorer
performance. Two of these connections (33%) were intranet-
work, linking distinct elements of the DMN; three were intra-
network CCN connections, and one linked CCN and DMN
regions.

Investigation of the specific regions comprising the performance-
related subnetwork showed substantial involvement of areas im-
plicated in visual attention: the superior colliculus (SC; 10
connections), left FEF (two connections), right FEF (three con-
nections), and bilateral IPS (three connections; Fig. 4B). Each of
these regions formed part of the CCN, as defined here. Further-
more, four of the nine CCN regions showing a correlation be-
tween regional activation and interference RT (i.e., from the
initial task-related activation analysis) were included in this sub-
network. We examined whether these two findings were related
by computing the correlation between each region’s functional
connectivity strength (i.e., its summed connectivity with all other
72 regions, estimated separately for positive and negative connec-
tion weights) and its averaged parameter estimate for the activa-
tion contrast between congruent and incongruent MSIT trials.
No significant correlations survived FDR correction, suggesting
that the two measures made independent contributions to indi-
vidual differences in task performance.

Given recent controversy (Saad, 2012), we repeated our anal-
yses without correcting regional time courses for global signal
fluctuations. The results were largely replicated. Specifically, task
performance was correlated with a single significant component
of task-related, but not resting-state, functional connectivity
(p � 0.0008 and p � 0.81, respectively). The task-related network
largely overlapped with the network identified in the analysis of
corrected data (64% of CCN and 72% of DMN regions were

Figure 4. A, Interference RT is correlated with task-related functional connectivity in a distributed subnetwork of CCN (red) and DMN (blue) regions (legend, bottom right). Gray connections
indicate that stronger functional connectivity was associated with higher interference RT (worse performance); white connections indicate that stronger functional connectivity was associated with
lower RT (better performance).The z-dimension has been collapsed to aid visualization. B, Number of connections (degree) possessed by each node in the performance-related network. Nodes are
ordered from most connections (top) to least connections (bottom), and colored according to their network of origin (red, cognitive control; blue, default mode). Node locations displayed in Figure
2. Node labels defined in Table 1.
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common between results). Prominent visual network involve-
ment was also noted, with the SC, FEF, and IPS featuring prom-
inently in both networks.

Collectively, these results indicated that better control perfor-
mance was associated with: (1) greater task-dependent intranetwork
functional integration of CCN regions; (2) greater task-dependent
internetwork functional connectivity between the CCN and DMN;
and (3) weaker task-dependent intranetwork integration of spe-
cific DMN regions, particularly medial prefrontal and lateral pa-
rietal cortices.

Bipartite network organization supports better
control performance
The finding that interference RT correlates specifically with task-
related, but not resting-state, functional connectivity suggests
that adolescent control performance is subserved by a dynamic,
state-dependent reconfiguration of CCN and DMN interactions,
rather than a stable or intrinsic property of these systems. To
further understand these state-dependent changes in functional
network architecture, we investigated network modularity across
rest and task conditions within subsamples of high- and low-
performing subjects (see Materials and Methods).

During both rest and task, two large modules dominated brain
functional organization in high performers (Fig. 5). Both task
and rest solutions were significantly more modular than compa-
rable random networks using three different methods of ran-
domization (p � 0.001; see Materials and Methods), and the
degree of modularity, as indexed by the goodness-of-fit statistic
Q* (Rubinov and Sporns, 2011), was consistent across both con-
ditions (Z � 0.86, p � 0.39). The first module showed consider-
able overlap with the CCN—i.e., 87% of nodes in this module

identified during rest, and 100% during task belonged to the
CCN (Table 1). The second module showed strong overlap with
DMN nodes (97% rest; 97% task). A third module, comprising
only the posterior insula region, was identified during rest in high
performers, indicating that this region had equal probability of
being co-classified with either DMN or CCN nodes across indi-
viduals—a finding that is consistent with evidence that the func-
tional coupling of the posterior insula with other systems is highly
dependent on task context (Harrison et al., 2011). A small third
module during task was also found, comprising the SC and two
subcortical regions, thus further highlighting the role of visual
attention in task performance. Furthermore, five regions were
found to change their affiliation between CCN-like and DMN-
like modules from rest to task conditions (Table 2). Combined,
these task-related transitions were deemed to be significant when
quantified with the variation of information statistic, which
quantifies the partition distance between two different modular
decompositions (VIn � 0.15, p � 0.001). Notably, all of the tran-
sitional nodes were derived from maps of task-related activation/
deactivation (Fig. 2A) rather than resting-state functional
connectivity (Fig. 2B; see also Table 1), suggesting that they may
variably couple with either the CCN or DMN depending on pre-
vailing task demands. Thus, while overall modular organization
was preserved across rest and task in high performers, small sub-
sets of regions showed context-dependent coupling with one or
the other system.

In contrast to high performers, low-performing individuals
showed consistent evidence for a three-module solution during
rest and task (Fig. 5). Both solutions were significantly more
modular than expected by chance using three methods of ran-
domization (p � 0.001; see Materials and Methods), and there
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Figure 5. Better cognitive control ability is associated with bipartite brain functional organization. Fructherman-Reingold force-directed topological layouts of functional connectivity networks
from high-performing participants during rest (A) and task (B) conditions, and from low-performing participants during rest (C) and task (D) conditions. Node color represents the modular affiliation
of each region as defined by graph analytic modularity analysis (red, CCN-like module; blue, DMN-like module; purple, third, intermediary module). To assist visualization, graphs have been
thresholded at 50% or greater co-classification frequency across participants. Intramodule connections are colored according to the parent module, intermodule connections are colored in gray.
Scatterplots illustrate putative nodes roles in terms of classification consistency and diversity (see Materials and Methods). Brain organization in high performers was dominated by two large
modules in both rest and task; low performers showed consistent evidence for three modules. Nodes in this third module showed on average higher classification diversity, pointing to variable
module affiliation across subjects. Node locations displayed in Figure 2. R LO, right lateral occipital cortex; L LO left lateral occipital cortex; L pLING, left posterior lingual gyrus; R TOJ2, right
temporo-occipital junction; L iCS, left inferior central sulcus; R pINS, right posterior insula cortex; L sCS, left superior central sulcus; R pPH1, right parahippocampal gyrus; SGC, subgenual cingulate
cortex; R PO, right parietal operculum; R pINS, right posterior insula cortex; L SMG, left supramarginal gyrus; MD, mediodorsal thalamus; R CAUD, right caudate.
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was a significant reduction in the degree of network modularity
during task (Z � 2.42; p � 0.015). The nodes of one module
overlapped substantially with the CCN (94% rest; 97% task), the
other with the DMN (97% rest; 100% task). The third “interme-
diary” module comprised a variable set of nodes across rest and
task conditions (only 4/16 implicated regions were consistently
assigned to this module across rest and task; Table 1). Accord-
ingly, the partition distance between the rest and task solutions
was significantly different (VIn � 0.2, p � 0.001). Permutation
tests indicated that the emergence of this third module in low
performers was not attributable to chance during rest (high per-
formers, one region; low performers, nine regions; p � 0.03), or
during task conditions at trend levels (high performers, three
regions; low performers, nine regions; p � 0.07). The transitional
nodes belonging to the third module were largely derived from
the analysis of task-related (de)activation (Fig. 2A), rather than
resting-state functional connectivity (Fig. 2B). They were also the
same regions showing variable module affiliation from rest to
task in high performers (Table 2). Together, these findings sug-
gest that these transitional regions are not part of the canonical
CCN or DMN, but instead show variable coupling with either
system based on prevailing task demands. To test this hypothesis,
we computed an index of the diversity of each node’s module
affiliation across subjects (Fornito et al., 2012; see Materials and
Methods). Nodes in this third module showed significantly
higher classification diversity than nodes in the other two mod-
ules (task: Kruskal–Wallis H(1) � 23.354, p � 0.001; rest: H(1) �
23.351, p � 0.001; Figure 5C,D), indicating that they showed a
variable pattern of module affiliation from individual to individual.

Collectively, these findings indicate that a bipartite division of
the brain into modules resembling the CCN and DMN is associ-
ated with better control performance in adolescents, and that the
dynamic engagement of noncore, transitional nodes into one or
the other network plays a critical role in adapting this bipartite
organization to changing task contexts. In particular, a failure to
integrate these transitional regions into one of the two dominant
systems is associated with poorer task performance.

Discussion
Individual differences in adolescent cognitive control are impor-
tant for a diverse range of outcomes (Paus et al., 2008), though
their neural bases have been elusive. Some studies have pointed to
a prominent role for activation of PFC and other CCN regions
(Pardo et al., 1990; Carter et al., 1998; Botvinick et al., 2001),
others to deactivation of DMN areas (Weissman et al., 2006;
Persson et al., 2007; Eichele et al., 2008), and yet others to func-
tional interactions either within or between these systems (Kelly
et al., 2008). The multilevel characterization presented here indi-
cates that better control performance in adolescents is related to
the following: (1) reduced task-evoked activation of CCN re-
gions; (2) dynamic changes in task-related, but not resting-state,
functional connectivity both within and between the CCN and
DMN; and (3) the dynamic recruitment of noncore, transitional
nodes into either the CCN or DMN in response to prevailing task
demands.

Our findings confirm previous reports demonstrating that
CCN activation supports cognitive control (Cole and Schneider,
2007; Nee et al., 2007; Roberts and Hall, 2008; Houdé et al., 2010),
while also agreeing with developmental research demonstrating
the counterintuitive result that reduced activation, in particular,
is related to better performance (Luna et al., 2010). Commonly,
an association between reduced activation and better perfor-
mance is interpreted as reflecting enhanced neural efficiency
(Luna et al., 2010). This interpretation may seem at odds with our
finding that increased intranetwork functional connectivity of
the CCN was also associated with better performance. However,
studies of visual perception have found that greater inter-
regional synchronization is associated with reduced regional ac-
tivity, suggesting that enhanced synchronization increases
processing efficiency and thus results in a reduced need for re-
gional activation (Ghuman et al., 2008). As such, our finding of
better performance being associated both with reduced activa-
tion and increased functional connectivity of CCN regions im-
plies that efficient neural processing may involve distributing
cognitive load across different brain regions, rather than placing
too much burden on any single network element. A role for DMN
regions in distributing this load is suggested as well, since our
findings indicate that better control performance was also asso-
ciated with increased internetwork connectivity between the
CCN and DMN, in addition to reduced intranetwork integration
of DMN elements. The lack of correlation between activation and
connectivity measures observed in our study suggests that they
make independent contributions to performance. Although the
network determinants of regional variations in activation remain
poorly understood, investigating how the maturation of long-
range connections between large-scale networks such as the
DMN and CCN (Fair et al., 2007, 2008; Dosenbach et al., 2010)
relates to developmental changes in regional activation (and de-
activation) will prove useful in better understanding their relative
contributions to individual differences in cognitive performance.

The finding that better performance was associated with in-
creased task-related functional connectivity between specific el-
ements of the CCN and DMN is consistent with recent work
demonstrating enhanced functional integration of these systems
during certain task contexts (Leech et al., 2011; Fornito et al.,
2012; Spreng and Schacter, 2012). In addition, high performers
showed consistent evidence for a clear distinction between these
two systems in terms of network modular structure, implying
that strong functional segregation of the CCN and DMN was
beneficial for task performance. These apparently contradictory

Table 2. Modular affiliations of each ROI that changed from rest-to-task or was
included in the third, intermediary module

High performers Low performers

Map Label Brain region Rest Task Rest Task

CCNt L LO Lateral occipital cortex … … Inter …
R TOJ2 Temporo-occipital junction … … Inter …
R LO Lateral occipital cortex … … Inter …
SC Superior colliculus DMNm Inter DMNm Inter

CCNr L SMG1 Supramarginal gyrus … … … Inter
DMNt L pLING Posterior lingual gyrus CCNm … Inter …

L sCS Superior central sulcus CCNm … Inter Inter
L iCS Inferior central sulcus CCNm … Inter Inter
R pPH1 Posterior parahippocampal gyrus … … Inter …
R pINS Posterior insula cortex Inter … Inter Inter
R PO Parietal operculum CCNm … CCNm Inter
R pINS2 Posterior insula CCNm … CCNm Inter
SGC Subgenual cingulate cortex … … Inter Inter

DMNr L MD Mediodorsal thalamus … Inter … CCNm
R CAUD Caudate nucleus … Inter … Inter

Map column specifies the statistical map used to create the ROI; i.e., each ROI was identified using either the
task-related activation (CCNt), task-related deactivation (DMNt), resting-state positive (DMNr), or resting-state
negative (CCNr) functional connectivity map. The last four columns identify the module affiliation of each node
during rest and task in high and low performers separately. Modules were labeled as the CCN-like module (CCNm),
DMN-like module (DMNm), or a third, intermediary module (“inter”); ellipses represent agreement between the
map used to create the ROI and the modular affiliation, e.g., CCNt and CCNm.
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findings can be reconciled by considering nodes that changed
their module affiliation from rest to task. Specifically, a distinc-
tion can be made between a core set of regions comprising the
canonical CCN and DMN (Shulman et al., 1997; Cole and Sch-
neider, 2007), which were consistently classified into one or the
other module across both rest and task in high and low perform-
ers (e.g., dACC for the CCN or the PCC for the DMN), and a set
of transitional nodes that are not traditionally considered to be
part of the CCN or DMN, and which changed their module affil-
iation across conditions and groups (e.g., SC and posterior insula
cortex). These latter nodes were derived from maps of task-
related activation or deactivation rather than resting-state func-
tional connectivity, suggesting that their engagement with either
the CCN or DMN is context dependent. In high performers, these
regions rapidly integrated one or the other system, depending on
prevailing stimulus conditions. In low performers, these regions
failed to integrate with the CCN or DMN, forming a third, inter-
mediary module.

Together, these findings suggest that better performance was
associated with a delicate balance between functional segregation
and integration; that is, a strong segregation of core elements of
the canonical DMN and CCN, coupled with a dynamic integra-
tion of putative transitional or intermediary nodes with one or
the other network in response to changing task demands. Similar
results have been reported in recent analyses of nonstationary
network dynamics recorded with resting-state magnetoencepha-
lography, where the functional coupling between specific ele-
ments of the DMN and regions of other, cognitive control-related
systems, was found to vary over time (de Pasquale et al., 2012).
The findings also accord with past reports that better cognitive
performance is associated with both stronger functional segrega-
tion of the CCN and DMN (Kelly et al., 2008), as well as stronger
task-dependent integration between specific elements of these
networks (Fornito et al., 2012), depending on the task at hand. An
advantage of our approach is that it combines information from
both resting-sate and task-related data to define the networks of
interest. It is thus not biased by a single state (i.e., rest or task) or
measure (connectivity or activation). However, alternative meth-
ods of network definition may facilitate a more fine-grained anal-
ysis of different subcomponents of the CCN (Fox et al., 2006;
Vincent et al., 2008; Smith et al., 2009; Menon and Uddin, 2010;
Power et al., 2011; Uddin et al., 2011; Fornito et al., 2012).

We did not identify any significant correlations between
MSIT interference RT and resting-state functional connectivity.
This finding indicates that adolescent control performance was
specifically associated with context-dependent alterations of net-
work dynamics, rather than an intrinsic property of spontaneous
brain activity as putatively captured by resting-state fMRI (but
see Fornito and Bullmore, 2010 and Harrison et al., 2011 for
caveats). It also highlights the importance of distinguishing be-
tween resting-state and task-related functional connectivity mea-
sures for understanding individual differences in cognition
(Fornito et al., 2012; for review, see Cocchi et al., 2013). One
notable result was the heavy involvement of visual regions in both
the activation and functional connectivity correlates of control
performance. These visual areas, which included the SC, FEF,
IPS, and LO, have been shown in nonhuman primates to support
performance on antisaccade tasks that require inhibition of pre-
potent saccadic eye movements (Munoz and Everling, 2004). In
our task, this visual response may have been related to the longer
RTs during incongruent trials, since task stimuli terminated
upon response and thus necessitated slightly longer periods of
targeted visual fixation. However, we did not find significant ac-

tivation of primary visual regions, such as V1, and there is limited
evidence for the involvement of the antisaccade network during
sustained attention processes (Schneider and Kastner, 2009).
These findings thus point to an important role for top-down
enhancement of visual attention mechanisms to specifically over-
come task-related conflict during adolescence, consistent with
theories emphasizing a role for prefrontal regions in top-down
biasing of perceptual processes performed in posterior areas
(Miller, 2000).

In summary, our multilevel analysis indicates that adolescent
cognitive control is not merely a property of PFC function, nor is
it solely attributable activity of CCN regions. Rather, it involves a
delicate, context-dependent balance between functional segrega-
tion and integration of specific CCN and DMN elements. Our
results draw attention to the complex neural basis of control
abilities in teenagers and the large-scale reconfigurations of net-
work architecture required to support optimal task performance.
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Meilă M (2007) Comparing clusterings—an information based distance.
J Multivar Anal 98:873– 895. CrossRef

Menon V, Uddin LQ (2010) Saliency, switching, attention and control: a
network model of insula function. Brain Struct Funct 214:655– 667.
CrossRef Medline

Miller EK (2000) The prefrontal cortex and cognitive control. Nat Rev Neu-
rosci 1:59 – 65. CrossRef Medline

Moffitt TE, Arseneault L, Belsky D, Dickson N, Hancox RJ, Harrington H,
Houts R, Poulton R, Roberts BW, Ross S, Sears MR, Thomson WM, Caspi
A (2011) A gradient of childhood self-control predicts health, wealth,
and public safety. Proc Natl Acad Sci U S A 108:2693–2698. CrossRef
Medline

Munoz DP, Everling S (2004) Look away: the anti-saccade task and the vol-
untary control of eye movement. Nat Rev Neurosci 5:218 –228. CrossRef
Medline

Nee DE, Wager TD, Jonides J (2007) Interference resolution: insights from a
meta-analysis of neuroimaging tasks. Cogn Affect Behav Neurosci 7:1–17.
CrossRef Medline

Newman ME (2006) Modularity and community structure in networks.
Proc Natl Acad Sci U S A 103:8577– 8582. CrossRef Medline

Pardo JV, Pardo PJ, Janer KW, Raichle ME (1990) The anterior cingulate
cortex mediates processing selection in the Stroop attentional conflict
paradigm. Proc Natl Acad Sci U S A 87:256 –259. CrossRef Medline

Paus T, Keshavan M, Giedd JN (2008) Why do many psychiatric disorders
emerge during adolescence? Nat Rev Neurosci 9:947–957. CrossRef
Medline

Persson J, Lustig C, Nelson JK, Reuter-Lorenz PA (2007) Age differences in
deactivation: a link to cognitive control? J Cogn Neurosci 19:1021–1032.
CrossRef Medline

Power JD, Cohen AL, Nelson SM, Wig GS, Barnes KA, Church JA, Vogel AC,
Laumann TO, Miezin FM, Schlaggar BL, Petersen SE (2011) Functional
network organization of the human brain. Neuron 72:665– 678. CrossRef
Medline

14106 • J. Neurosci., October 15, 2014 • 34(42):14096 –14107 Dwyer et al. • Brain Network Dynamics of Adolescent Cognitive Control

http://dx.doi.org/10.1016/j.neuroimage.2010.06.062
http://www.ncbi.nlm.nih.gov/pubmed/20600962
http://dx.doi.org/10.1111/j.1469-7610.2011.02446.x
http://www.ncbi.nlm.nih.gov/pubmed/21815892
http://dx.doi.org/10.1016/j.neuron.2012.03.031
http://www.ncbi.nlm.nih.gov/pubmed/22632732
http://dx.doi.org/10.1016/j.tics.2008.01.001
http://www.ncbi.nlm.nih.gov/pubmed/18262825
http://dx.doi.org/10.1126/science.1194144
http://www.ncbi.nlm.nih.gov/pubmed/20829489
http://dx.doi.org/10.1073/pnas.0708965105
http://www.ncbi.nlm.nih.gov/pubmed/18427123
http://dx.doi.org/10.1073/pnas.0705843104
http://www.ncbi.nlm.nih.gov/pubmed/17679691
http://dx.doi.org/10.1073/pnas.0800376105
http://www.ncbi.nlm.nih.gov/pubmed/18322013
http://dx.doi.org/10.1097/YCO.0b013e328337d78d
http://www.ncbi.nlm.nih.gov/pubmed/20216219
http://dx.doi.org/10.1073/pnas.1204185109
http://www.ncbi.nlm.nih.gov/pubmed/22807481
http://dx.doi.org/10.1073/pnas.0504136102
http://www.ncbi.nlm.nih.gov/pubmed/15976020
http://dx.doi.org/10.1073/pnas.0604187103
http://www.ncbi.nlm.nih.gov/pubmed/16788060
http://dx.doi.org/10.1152/jn.90777.2008
http://www.ncbi.nlm.nih.gov/pubmed/19339462
http://dx.doi.org/10.1002/hbm.460020107
http://dx.doi.org/10.1073/pnas.0710674105
http://www.ncbi.nlm.nih.gov/pubmed/18541919
http://dx.doi.org/10.1016/S1053-8119(03)00058-2
http://www.ncbi.nlm.nih.gov/pubmed/12781739
http://dx.doi.org/10.1103/PhysRevE.81.046106
http://www.ncbi.nlm.nih.gov/pubmed/20481785
http://dx.doi.org/10.1002/hbm.22230
http://www.ncbi.nlm.nih.gov/pubmed/23281202
http://dx.doi.org/10.1073/pnas.0135058100
http://www.ncbi.nlm.nih.gov/pubmed/12506194
http://dx.doi.org/10.1111/j.1600-0447.2007.01002.x
http://www.ncbi.nlm.nih.gov/pubmed/17803757
http://dx.doi.org/10.1016/j.schres.2006.12.027
http://www.ncbi.nlm.nih.gov/pubmed/17307337
http://dx.doi.org/10.1371/journal.pone.0022964
http://www.ncbi.nlm.nih.gov/pubmed/21829564
http://dx.doi.org/10.1111/j.1467-7687.2009.00938.x
http://www.ncbi.nlm.nih.gov/pubmed/20977558
http://dx.doi.org/10.1016/j.neuroimage.2009.06.030
http://www.ncbi.nlm.nih.gov/pubmed/19539768
http://dx.doi.org/10.1016/j.neuroimage.2007.08.008
http://www.ncbi.nlm.nih.gov/pubmed/17919929
http://dx.doi.org/10.1038/srep00336
http://www.ncbi.nlm.nih.gov/pubmed/22468223
http://dx.doi.org/10.1523/JNEUROSCI.5626-10.2011
http://www.ncbi.nlm.nih.gov/pubmed/21368033
http://dx.doi.org/10.1016/S0065-2407(09)03706-9
http://www.ncbi.nlm.nih.gov/pubmed/19673164
http://dx.doi.org/10.1016/j.bandc.2009.08.005
http://www.ncbi.nlm.nih.gov/pubmed/19765880
http://dx.doi.org/10.1073/pnas.0905314106
http://www.ncbi.nlm.nih.gov/pubmed/19903877
http://dx.doi.org/10.1016/j.neuroimage.2007.07.015
http://www.ncbi.nlm.nih.gov/pubmed/17707125
http://dx.doi.org/10.1016/j.jmva.2006.11.013
http://dx.doi.org/10.1007/s00429-010-0262-0
http://www.ncbi.nlm.nih.gov/pubmed/20512370
http://dx.doi.org/10.1038/35036228
http://www.ncbi.nlm.nih.gov/pubmed/11252769
http://dx.doi.org/10.1073/pnas.1010076108
http://www.ncbi.nlm.nih.gov/pubmed/21262822
http://dx.doi.org/10.1038/nrn1345
http://www.ncbi.nlm.nih.gov/pubmed/14976521
http://dx.doi.org/10.3758/CABN.7.1.1
http://www.ncbi.nlm.nih.gov/pubmed/17598730
http://dx.doi.org/10.1073/pnas.0601602103
http://www.ncbi.nlm.nih.gov/pubmed/16723398
http://dx.doi.org/10.1073/pnas.87.1.256
http://www.ncbi.nlm.nih.gov/pubmed/2296583
http://dx.doi.org/10.1038/nrn2513
http://www.ncbi.nlm.nih.gov/pubmed/19002191
http://dx.doi.org/10.1162/jocn.2007.19.6.1021
http://www.ncbi.nlm.nih.gov/pubmed/17536972
http://dx.doi.org/10.1016/j.neuron.2011.09.006
http://www.ncbi.nlm.nih.gov/pubmed/22099467


Rieckmann A, Karlsson S, Karlsson P, Brehmer Y, Fischer H, Farde L, Nyberg
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