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Abstract
■ Spatial orientation is a complex cognitive process requiring

INTRODUCTION
The ability to spatially orient within an environment is a
complex behavior producing a high amount of interindividual variability in performance (Arnold et al., 2013; Liu,
Levy, Barton, & Iaria, 2011; Wolbers & Hegarty, 2010). Spatial orientation is a highly integrative skill, requiring processing from brain systems underlying attention, working
memory, object recognition, and decision-making (Harvey,
Coen, & Tank, 2012; Bolognini, Olgiati, Rossetti, & Maravita,
2010; Arleo & Rondi-Reig, 2007; Corbetta, Kincade, &
Shulman, 2002). To date, much of the work done in
modeling the neurocognitive processes underlying spatial
orientation has focused on the functional specialization of
particular brain regions engaged during orientation within
a navigation-related network ( Wolbers & Büchel, 2005;
Hartley, Maguire, Spiers, & Burgess, 2003; Iaria, Petrides,
Dagher, & Pike, 2003; Maguire et al., 1998). For example, in a recent study by Marchette, Bakker, and Shelton
(2011), individual differences in navigation behavior were
examined using an ROI analysis that focused on bilateral
hippocampus and bilateral caudate nucleus. The researchers found that the proportion of engagement in the hippocampus relative to the caudate nucleus was related to
the use of a flexible cognitive mapping style, rather than a
more rigid route following style. Although the results offer
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central cortex, and the left hippocampus, over and above a
core network engaged by the whole group. Additionally, highperforming individuals had increased levels of global efficiency
within a resting-state network composed of brain regions engaged during orientation and increased levels of node centrality
in the right supramarginal gyrus, the right primary motor cortex,
and the left hippocampus. These results indicate that individual
differences in the configuration of task-related networks and
their efficiency measured at rest relate to the ability to spatially
orient. Our findings advance systems neuroscience models of
orientation and navigation by providing insight into the role of
functional integration in shaping orientation behavior. ■

a compelling perspective on a long-standing debate about
place versus response spatial learning in humans, the
authors note that they believe both the hippocampus and
the caudate nucleus are situated within broader memory
and learning networks and that the ROI analysis should
be interpreted in the context of these networks.
Systems neuroscience models (Burgess, 2008; Byrne,
Becker, & Burgess, 2007; Burgess, Becker, King, &
OʼKeefe, 2001) based on these and similar studies have
attempted to provide a network topology by proposing
a computational framework for how regions within the
brain are hypothesized to interact during spatial orientation. In these models, emphasis is placed on the dynamic
interplay of brain regions contained primarily in the parietal cortices and the medial-temporal lobes, which are
believed to process egocentric and allocentric spatial reference frames, respectively. During spatial orientation and
navigation, an individual must dynamically coordinate
information being processed in this network, suggesting
that variability in topological characteristics may influence
a personʼs ability to perform spatial tasks. However, to
our knowledge, no empirical work has been done to
examine whether different topological characteristics of
these networks in humans relate to individual differences
in orientation performance.
In this study, we address this issue by identifying two
sources of variability in large-scale neural networks—
network configuration (i.e., which brain areas are included
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the integration of information processed in a distributed system
of brain regions. Current models on the neural basis of spatial
orientation are based primarily on the functional role of single
brain regions, with limited understanding of how interaction
among these brain regions relates to behavior. In this study,
we investigated two sources of variability in the neural networks
that support spatial orientation—network configuration and
efficiency—and assessed whether variability in these topological
properties relates to individual differences in orientation accuracy. Participants with higher accuracy were shown to express
greater activity in the right supramarginal gyrus, the right pre-

nectivity of spatially remote brain regions may provide
an important metric for understanding the capacity of
cognitive processes that rely on those regions.

METHODS
Participants
Sixteen healthy, right-handed volunteers (nine women,
mean age = 22 years, age range = 18–36 years) with
no psychiatric or neurological disorders and normal or
corrected-to-normal vision participated in the study. All
participants provided written informed consent as approved by the local research ethics board (CHREB 22848).
Behavioral Tasks
The experiment began with a spatial learning task conducted inside the MRI scanner. The spatial learning task
was done to ensure that the participants formed a correct
and stable mental representation of the spatial layout of
the virtual city. All participants were given a verbal overview
of the task and instructions for how to make proper responses before entering the scanner. During the spatial
learning task, participants viewed nine 1-min video clips1
of random passive movement in first-person perspective
through a virtual city that included four unique landmarks
in a 5 × 5 rectangular grid of identical buildings (Figure 1).
They additionally viewed three control clips of a virtual city
with no unique landmarks in a similar 5 × 5 rectangular
grid. Experimental and control clips were presented in
pseudorandom order: A control clip was presented at the
start and end of the run, with nine experimental clips and
one control clip presented in randomized order in between
the control clips. ISIs between 4 and 6 sec were randomized between clips. To verify the correct spatial

Figure 1. Stimuli set
used during the learning
(i.e., encoding) task.
(A) Example of one of the
landmarks as seen by the
participants in the video clips
from first-person perspective.
(B) Aerial view of the 5 × 5
rectangular grid city on
which participants indicated
the location of each of the
four landmarks encountered
while navigating in the virtual
city. (C) The four unique
landmarks whose spatial
arrangement within the city
was encoded during the
learning phase.
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in a task-related network) and network efficiency (i.e.,
how effective are brain areas in a network at integrating
information)—and investigating their relationship to individual differences in spatial orientation. Specifically, we
investigated whether individuals engage different patterns
of brain activity depending on their ability to accurately
orient and whether the underlying functional architecture
of these networks as measured by global efficiency and
node centrality relate to accurate spatial orientation.
To achieve this, we identified the networks that support spatial orientation using a spatial orientation decision
task (Arnold et al., 2013). Task-based fMRI was performed
while individuals performed a series of orientation decisions, and these data were analyzed to identify brain regions engaged by the whole group as well as any individual
differences in regional activity associated with performance
differences on the orientation task. Resting-state MRI data
that had been obtained before the task-based fMRI data
were then examined to evaluate how effective these regions are at integrating information at a network level.
We chose to focus on resting-state fMRI as it is believed
to be a primary measurement of the brainʼs functional
architecture (Biswal et al., 2010) and can be used in combination with the mathematical framework of graph theory
to understand the capacity of brain networks to efficiently
integrate information (van den Heuvel & Hulshoff Pol,
2010; Rubinov & Sporns, 2009). Previous studies using
resting-state fMRI provide evidence for a link between
brain network topology and individual differences in various cognitive processes, including perceptual learning
(Baldassarre et al., 2012), working memory (Hampson,
Driesen, Skudlarski, Gore, & Constable, 2006), intelligence
(van den Heuvel, Stam, Kahn, & Hulshoff Pol, 2009), and
the encoding of spatially relevant objects ( Wegman &
Janzen, 2011). This suggests that heterogeneity in restingstate fMRI signal used to measure the functional con-

encoding of the four landmarks within the virtual city,
participants were asked to locate the position of each landmark on an aerial view of the 5 × 5 rectangular city grid
once the scanning session was complete and they were
removed from the scanner. This testing occurred between
20 and 40 min after exposure to the last experimental clip,
depending on where in the testing sequence the spatial
learning task was presented. Data from participants who
were unable to correctly recall the spatial arrangement
were excluded from all analyses.
Following the spatial learning task, participants performed an orientation decision task. Six experimental
trials were randomized with six control trials within a
single run. During experimental trials, participants saw
the instructions “Left/Right” for 2 sec, followed by a fixation cross that jittered between 4 and 6 sec. This was followed by a central image of a ground-level view of one of
the four landmarks with a second image displaying a second landmark on the right side of the screen (Figure 2).
Before the run, participants were instructed to treat the
central image as their starting point and the secondary
image on the right side of the screen as their target destination. The secondary image presented a landmark
without a background (i.e., devoid of visual context within
the city). After image onset, participants had 10 sec to respond whether they should turn left or right to travel from
the primary landmark to the secondary landmark by following the shortest path possible. Responses were made
on a two-button Lumina response box (Cedrus Corporation, San Pedro, CA). An index finger button represented
a left turn, and a middle finger button represented a
right turn. All responses were made with the right hand.
Trials in this task were randomized with control trials
in which participants made perceptual judgments (i.e.,
is building A bigger or smaller than building B) about
buildings that were visually similar but distinct from the
landmarks encoded while exploring the virtual city.
Two additional control tasks were performed outside of
the scanner and used to ensure that the network analysis
382
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MRI Data Acquisition
Participants were scanned using a 3T GE Signa scanner
with an eight-channel head coil at the Seaman Family MR
Research Centre at the University of Calgary. Both restingstate and task-based functional scans were acquired using a
T2*-weighted EPI sequence (repetition time = 2500 msec,
FOV = 24.0 cm, 3 × 3 × 3 mm voxels in interleaved acquisition, flip angle = 77). Resting-state scans were conducted
before task-based scans for either 5 min (total volumes =
120, nine participants) or 10 min (total volumes = 240,
seven participants). High-resolution 3-D anatomical images were acquired using a SPGR sequence (180 slices,
FOV = 25.6 cm, 1 × 1 × 1 mm voxels, flip angle = 11).
Lastly, 60 direction diffusion tensor images (DTI) were
acquired using a 2-D spin echo sequence (repetition
time = 8000 msec, FOV = 25.6 cm, bo = 1000, 64 slices).
DTI data were not analyzed for this study.

Task fMRI Data Processing
Task-based fMRI data from the orientation decision task
were preprocessed using SPM8 ( Wellcome Department
of Imaging Neuroscience, Institute of Neurology, UCL;
www.fil.ion.ucl.ac.uk/ ). Data were corrected for movement by realigning to the first volume of each scan, resliced
into a 2-mm isotropic voxel space, normalized to the
Montreal Neurological Institute (MNI) EPI template using
a 12-parameter affine transformation, and smoothed using
an 8-mm FWHM Gaussian kernel.
Volume 26, Number 2
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Figure 2. Stimulus presentation format for the orientation decision
task. Participants indicated whether they should turn left or right from
the view of the starting landmark (i.e., the building in central image)
to get to the target landmark (i.e., the building on the right side)
by following the shortest path possible.

results were specifically related to spatial orientation ability and not reflective of individual differences in other
nonspatial perceptual processes. A face identity recognition task assessed each participantʼs ability to recognize
the identity of human faces from different perspectives.
It consisted of 12 trials that showed a grayscale photograph
of a human face in frontal view for 2000 msec. All faces
were taken from the Karolinska Database of Emotional
Faces (Lundqvist & Litton, 1998). After the stimulus presentation, participants were shown grayscale photographs of
four faces that had been rotated 45° from frontal view.
Participants used a mouse to click on the rotated face they
believed corresponded to the previously viewed face in
frontal view. Next, an emotion recognition test assessed
each participantʼs ability to recognize facial expressions.
The presentation format was identical to the face identity
recognition test with all faces taken from the Karolinska
Database of Emotional Faces (Lundqvist & Litton, 1998).
Participants were first shown a grayscale photograph of a
human face depicting either happiness, sadness, disgust,
or surprise. Four grayscale photographs of the one individual depicting each of the four emotions were shown,
and participants were asked to select the photograph that
expressed the target emotion viewed in the previous
photograph.

Resting-state fMRI Data Processing

Task-based fMRI Data Analyses
All fMRI data collected during task performance were
analyzed using partial least squares (PLS). A task PLS was
conducted on fMRI data collected during the orientation
decision task to identify similarities or differences in brain
activation for orientation decisions versus perceptual decisions. In addition to a task PLS, a behavior PLS was performed, linking orientation decision performance to brain
activity during the decision task. Specifically, behavior
PLS identified regions in which individual differences in
activity correlated with individual differences in orientation
performance.
Task PLS: Definition
Task PLS is a multivariate technique that uses singular
value decomposition to identify distributed activity patterns or latent variables (LVs) that show similarities or
differences between experimental conditions. Each LV
contains three vectors. The first vector contains a singular
value, which indicates the strength of the effect expressed
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Resting-state fMRI data were preprocessed spatially
using the same pipeline as the task-based fMRI data
and temporally processed using the CONN functional connectivity toolbox (Whitfield-Gabrieli & Nieto-Castanon,
2012; www.nitrc.org/projects/conn). To control for cardiac
and respiratory artifacts in the resting-state signal, the
anatomical aCompCor method of signal regression (Chai,
Nieto-Castañón, Öngür, & Whitfield-Gabrieli, 2012;
Behzadi, Restom, Liau, & Liu, 2007) was carried out after
segmenting the 3-D anatomical scans into gray matter,
white matter, and CSF. This was computed by estimating
orthogonal time series using a PCA of the BOLD signal
from the white matter and CSF images. These temporal
confounding factors were then treated as nuisance variables
and regressed from the resting-state time series of each
voxel in the gray matter for each participant. To further
minimize spurious correlations, motion correction parameters from the spatial realignment were regressed out as
nuisance variables, as was the average effect across each
section (block convolved with a hemodynamic response
function) for each participant. The residual time series
data were then band-passed through a 0.01–0.001 Hz
filter to isolate brain signal that had been used to evaluate global efficiency measures in resting-state networks
(van den Heuvel et al., 2009). The time series for each
ROI was computed by averaging the temporally filtered
residual time series for each voxel within the ROI. Bivariate
correlation matrices between each ROI time series were
then calculated, and a Fisher transformation (inverse hyperbolic tangent function) was then applied at the singlesubject level to normalize the distribution of bivariate
correlation values.

by the LV. The remaining two vectors relate experimental
design and brain activity. The experimental design vector
contains task saliences, which indicate the degree to
which each task is related to the brain activity pattern
identified in the LV. These task saliences can be interpreted as the optimal contrast that codes the effect depicted in the LV. The brain activity vector contains voxel
saliences. These are numerical voxel weights that identify
the collection of voxels that, as a whole, are most related
to the effects expressed in the LV. Note that for each LV,
there is one salience per voxel that applies for all tasks.
PLS is similar to other multivariate techniques, such as
PCA, in that contrasts across tasks typically are not specified by the experimenter. Instead, the algorithm extracts
LVs explaining the covariance between tasks and brain
activity in order of the amount of covariance explained,
with the LV accounting for the most covariance extracted
first.
Statistical assessment is then conducted using permutation tests for the LVs and bootstrap estimations of the standard errors for voxel saliences. Permutation tests ensure
that the patterns represented in each LV are sufficiently
different from random noise (McIntosh, Bookstein, Haxby,
& Grady, 1996) using sampling without replacement to
reassign the order of conditions for each participant. PLS
is then recalculated for each sample, and the frequency at
which the permuted singular values exceed the observed
singular values are computed. Five hundred permutations
were used during the present analysis. If LVs are found to
be statistically significant through permutation tests, they
are interpreted as providing a meaningful depiction of
voxel-level activity across the brain in relation to either an
experimental condition in the case of a task PLS or a behavior in the case of a behavior PLS. In the results section
summarizing our PLS findings, we report the p value associated with each LV that is obtained through permutation
tests. Bootstrap estimations are then used to test the
reliability of nonzero voxel saliences in the LVs that have
been identified as significant in the permutation tests. This
is done using sampling with replacement where experimental conditions are fixed for all participants. PLS is recalculated for each bootstrap test and saliences whose value
expresses significant variability dependent on which participants are in the sample are treated as less reliable. No
corrections for multiple comparisons are necessary because voxel saliences are computed in one mathematical
step across the whole brain. Bootstrap ratios (BSRs) are
proportional to z scores but are interpreted as a confidence
interval with an approximate p value. Note that the p value
associated with bootstrap estimations is different than the
p value associated with permutation tests for each LV. For
this manuscript, a threshold of 3.3 corresponding roughly
to a 99.9% confidence interval or a p value less than .001
was designated for bootstrap estimations. Each figure
depicting patterns of task-related activity is set at a BSR
of 3.3 or higher. A thorough description of PLSʼs application to block designs in fMRI studies is documented

Behavior PLS: Definition
Behavior PLS examines the correlations between a behavior measure and neural activity. The behavior measure
of interest to the research presented here was accuracy in
orientation decisions. The correlation between accuracy
and the rest of the brain was computed across participants
during the orientation decision task, resulting in a matrix
containing a within-task brain–behavior correlation map.
Singular value decomposition of the brain–behavior correlation matrix was carried out to produce three new
matrices: singular values, task saliences, and the singular
image of voxel saliences. As in task PLS, the singular value
indicates the strength of the effect expressed by the LV. The
variation across task saliences indicates whether a given LV
represents a similarity or difference in the behavior–brain
correlations across tasks. The voxel saliences give the
corresponding spatiotemporal activity pattern. Statistical
assessment is similar to that used for task PLS.

Graph Metrics: Definition
In this study, we assessed two graph metrics that have
been shown to quantify important information pertaining
to the underlying topological structure of functional brain
networks. The first, global efficiency (Rubinov & Sporns,
2010; Latora & Marchiori, 2001), is calculated as the inverse
average shortest path length from node n in graph G to all
other nodes in the graph. Global efficiency is based on the
measure of characteristic path length (Watts & Strogatz,
1998), which quantifies the average number of edges needing to be traveled between nodes in a graph. Short path
lengths are associated with graphs where each node, on
average, can be reached from any other node by traveling
384
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along a small number of edges. Each graph contains a single global efficiency value that indicates the integrative
and communicative capacity of a network to share information (van den Heuvel & Hulshoff Pol, 2010; Bullmore
& Sporns, 2009; Sporns, Honey, & Kötter, 2007). Global
efficiency has been hypothesized as the superior method
of assessing integration in a network compared with characteristic path length because of its robustness against
the number of disconnected or remote nodes in a graph
(Achard & Bullmore, 2007).
The second graph metric assessed was the closeness
centrality. Closeness centrality is calculated similarly to
global efficiency, except on a node-by-node basis rather
than as an average across each node in the graph (Sporns
et al., 2007; Freeman, 1979). Thus, each node n in graph G
is given a unique closeness centrality value that indicates
the inverse average path length to get from that node to
any other node in the graph. A node with a high closeness
centrality can efficiently reach any other node in a graph
by way of shorter paths and may therefore play a larger
role in integrating the information content within the
graph. Closeness centrality has been hypothesized as a
valuable metric to understand the relative importance of
different nodes within a network to share information
(Rubinov & Sporns, 2010; van den Heuvel & Hulshoff
Pol, 2010; Sporns et al., 2007) as nodes with high centrality
are typically classified as “hubs” that allow for the propagation of information between different subcomponents of a
network.
Graph Theory Analysis on Resting-state MRI Data
Graph theory measures were computed using the CONN
functional connectivity toolbox (Whitfield-Gabrieli &
Nieto-Castanon, 2012) inside the SPM program shell. We
used an iterative stepwise pipeline outlined by Bullmore
and Sporns (2009) that involves four steps to assess both
global efficiency of graphs based on resting-state fMRI data
and the closeness centrality of nodes within those graphs.
First, network nodes were defined. For the first analysis
assessing global efficiency on the task PLS network, we
used the 12 clusters extracted from the output of the task
PLS analysis. Eleven clusters were extracted at a BSR of
3.3, whereas the left precuneus cluster (MNI peak =
−10, −56, 50) was placed at a higher BSR of 4.4 to separate the left and right hemisphere peaks within the cluster.
For the second analysis assessing closeness centrality, we
added the four clusters from the behavior PLS analysis to
the original 12 clusters.
Second, we averaged the preprocessed BOLD signal
for each voxel within our two sets of ROIs and used the
Fisher transformed correlation between each ROI as a
measure of association between each node. This characterized the degree of connectivity between each ROI to
be used in later steps.
Third, we generated an association matrix between each
node in the network and set a threshold of r > 0.15 for
Volume 26, Number 2
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in McIntosh et al. (1996) and visual schematics of the stepby-step process in PLS is available in Krishnan, Williams,
McIntosh, and Abdi (2011).
The clusters with dominant positive saliences from the
task PLS analysis on fMRI data collected during the orientation decision task were extracted for use as network
nodes in the graph theory analysis. Specifically, ROIs were
extracted from clusters identified at a BSR of 3.3 ( p =
.001) and a cluster threshold of 10 voxels with a minimum
distance of 10 mm between clusters. For those clusters
that had multiple peak voxels with a BSR of greater than
3.3 and a minimum distance of 10 mm between peaks,
the BSR was increased to allow for the discrimination
between independent clusters in the same cortical region
that may have had overlapping edges. The same extraction
method was conducted on the clusters from the behavior
PLS that had a significant positive relationship to accuracy
in orientation decisions. In total, 12 positive voxel salience
clusters were extracted from the task PLS analysis and
4 positive voxel salience clusters were extracted from the
behavior PLS analysis.

of an individual and their accuracy on the orientation task.
A similar method was carried out for the closeness centrality analysis, except that a false discovery rate was calculated using closeness centrality values for all nodes
within the network and applied to correct for multiple
comparisons.

RESULTS
Behavioral Performance
Thirteen participants (seven women, mean age = 21.77,
age range = 18–36 years) of the 16 participants correctly
recalled the location of each of the four landmarks from
the spatial learning task after the delay period. The three
participants who were unable to correctly encode and
retain the spatial layout of the virtual city were excluded
from all analyses. Immediately following the spatial learning task, the orientation decision task was performed. As
predicted from previous studies (Arnold et al., 2013; Liu
et al., 2011), participants displayed a high degree of interindividual variability in their ability to correctly make
orientation decisions based on previously encoded spatial
information (M = 3.08, SD = 1.55; RT M = 4938 msec,
SD = 1652). Although the nature of the dichotomous
scoring metric of the orientation decision task resembles
an accuracy distribution similar to a distribution obtained
by chance through random responses, the fact that all 13
participants included in the analysis were able to correctly
encode and retain the spatial layout suggests that the
accuracy measured here reflects natural variability in effortful spatial orientation. We identified no significant performance differences between genders, t(11) = −0.90, p =
.39. Additionally, we found no significant correlation
between accuracy and age of the participants, r = 0.02,
p = .94.
Neural Basis of Orientation Decisions—Task
PLS Analysis
A task PLS was performed to identify the brain regions
that showed unique increases in voxel activity during
the orientation decision task and the perceptual decision task. These results are summarized in Table 1 and
Figure 3. Our permutation test identified one significant
LV ( p < .01) that discriminated orientation decisions from
perceptual judgments. Dominant positive saliences—brain
areas showing significant increased activity while making
orientation decisions—with a BSR of 3.3 ( p < .001) were
found bilaterally within the precuneus, cerebellum, and
retrosplenial cortex (RSC), within the right hemisphere
in the lingual, parahippocampal, and angular gyrus, and
within the left hemisphere in the middle frontal and
occipital gyrus. The dominant negative saliences are
included in Table 1 for the sake of completeness. However, we do not discuss these regions in the context of
this article because we were specifically interested in
Arnold et al.
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each node to define an undirected graph (i.e., adjacency
matrix), such that each ROI is associated with a node
in the graph and the Fisher transformed r value between
each node is used to create the edges within the network.
Although thresholds are sometimes omitted (Bullmore &
Sporns, 2009), one was included in the present analysis
to characterize an adjacency matrix that had small-world
organization (Watts & Strogatz, 1998). Small-world properties have been observed in macaque, cat, and human brain
networks (Melie-García, Sanabria-Diaz, & Sánchez-Catasús,
2013; Ginestet & Simmons, 2011; Iturria-Medina, Sotero,
Canales-Rodriguez, Aleman-Gomez, & Melie-Garcia, 2008;
Iturria-Medina et al., 2007; Hilgetag & Kaiser, 2004; Sporns,
Tononi, & Edelman, 2000) and are generally believed to
be the underlying network structure of the human brain
because of their processing efficiency and robustness
against network perturbations (Achard & Bullmore, 2007;
Bassett & Bullmore, 2006). Small-world properties occur
when the global efficiency of a graph is greater than that
of a lattice graph and local efficiency is greater than that of
a random graph (Achard & Bullmore, 2007). Watts and
Strogatz (1998) characterized lattice graphs as a graph
exhibiting regularity such that each node is maximally
connected to its nearest neighbors, but not connected to
nodes at a greater distance (i.e., it has high clustering). This
results in short path lengths between neighboring nodes,
but high path lengths between distant nodes. Conversely,
random graphs were characterized as graphs with short
path lengths and low clustering, indicating that neighboring nodes were as likely to be connected as more distant
nodes.
Fourth, we calculated the global efficiency for each participant by computing the average inverse shortest path
length between node n to all other nodes in each set using
the mathematical framework for ROI-level and networklevel measures of global efficiency outlined by WhitfieldGabrieli and Nieto-Castanon (2012). In terms of functional
connectivity measures, paths represented sequences of
statistical associations rather than information flow along
an anatomical substrate. These associations were taken as
a measure of a brain networkʼs ability to rapidly integrate
information from distant brain regions (van den Heuvel &
Hulshoff Pol, 2010; Rubinov & Sporns, 2010). This allowed
us to evaluate global efficiency across all nodes contained
in each network and measure the closeness centrality of
each network node.
After characterizing the average group effects in our
sample, we examined the relationship between accuracy
and global efficiency in the task PLS network. We performed a simple linear regression analysis inside of CONN
using two orthogonal covariates composed of (a) the adjacency matrices for each individual (weighted as 0) and
(b) the individualʼs accuracy score from the orientation decision task (weighted as 1). The analysis threshold was set
to p < .05, and global efficiency values were calculated.
This gave parameter estimates representing the magnitude of relationship between the global efficiency values

Table 1. Dominant Positive and Negative Saliences from the Decision-phase Task PLS
Peak Voxel Location

x (mm)

y (mm)

z (mm)

BSR

−26

−4

58

8.5440

Right middle frontal gyrus

22

−6

50

7.7902

Right retrolimbic area

10

−44

6

3.9050

−36

−44

46

4.2175

Right parahippocampal gyrus

32

−44

−4

4.1618

Right cerebellum

48

−48

−46

4.9354

Right posterior cingulate

20

−54

20

6.3658

Left precuneus

−10

−56

50

5.8746

Left posterior cingulate

−16

−58

16

5.6839

34

−66

−30

4.4361

−42

−86

36

4.5429

−4

58

12

−5.4686

6

54

48

−4.4795

Left inferior frontal gyrus

−46

40

−22

−4.4244

Left superior temporal gyrus

−58

4

−8

−5.8343

50

−4

60

−7.1648

−42

−8

60

−5.1407

−6

−16

56

−5.3296

−22

−18

76

−4.4998

Right precentral gyrus

22

−28

78

−5.9127

Left postcentral gyrus

−22

−40

70

−4.9987

Left middle temporal gyrus

−62

−40

2

−4.6722

Right cerebellum

46

−70

−26

−4.3582

Right middle temporal gyrus

58

−74

0

−4.6225

Left inferior occipital gyrus

−38

−76

−10

−6.6311

Left inferior occipital gyrus

−26

−94

−6

−6.0954

20

−98

20

−6.695

−10

−98

34

−5.1141

Dominant Positive Saliences
Left middle frontal gyrus

Left inferior parietal lobule

Left superior occipital gyrus
Dominant Negative Saliences
Left superior medial gyrus
Right superior medial gyrus

Right middle frontal gyrus
Left precentral gyrus
Left SMA
Left precentral gyrus

Right superior occipital gyrus
Left superior occipital gyrus

These regions showed unique increases in BOLD activity while making orientation decisions. Peak voxels for each cluster are reported in MNI
coordinates. Coordinates reported in MNI space.

examining the neural dynamics among regions in which
activity increases during spatial orientation.
Global Efficiency within a Functionally Defined
Orientation Network
A graph theoretical analysis was then conducted using
12 clusters extracted from our task PLS (see Methods)
386
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that were uniquely associated with making orientation
decisions. Global efficiency values were calculated using
resting-state fMRI data by creating using the 12 clusters.
Global efficiency was then regressed against accuracy in
the orientation decision task. This analysis is summarized
in Figure 4. The results of this analysis were significant,
t(11) = 4.62, p < .001, R2 = 0.66, indicating that increased
global efficiency within this network supported more
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Downloaded from http://direct.mit.edu/jocn/article-pdf/26/2/380/1780539/jocn_a_00491.pdf by guest on 18 May 2021

Right cerebellum

accurate orientation decision-making. Differences in global
efficiency within this network were not related to gender
(women: M = 0.61, SD = 0.06; men: M = 0.63, SD =
0.14), t(11) = 0.29, p = .78, or the age of participants,
r = −0.05, p = .88.
Previous research has shown that global efficiency
in frontal and parietal subnetworks measured through
resting-state fMRI signal is related to scores on the performance IQ subscale of the WAIS III test (van den Heuvel
et al., 2009). This suggests that global efficiency in certain
resting-state subnetworks may have a generalized influ-

ence on nonverbal, perceptual reasoning tasks. To ensure that our results were specific to spatial orientation
and did not relate to other nonspatial perceptual skills,
we assessed the relationship between global efficiency
values derived from this task-based network with performance on a face identity task and an emotion recognition task using a regression analysis. Global efficiency
of the orientation decision network was not significantly
related to performance on the face identity task, t(11) =
−1.27, p = .88, R2 = 0.15, or the emotion recognition
task, t(11) = −0.45, p = .67, R2 = 0.02. These results

Figure 4. Overview of global efficiency results in the task PLS network. (A) Axial view of task-defined resting-state network. Size of dot represents
degree of centrality for each node in the network. (B) Regression plot showing relationship between accuracy in making orientation decisions
and global efficiency in all nodes in the functionally defined decision network, t(11) = 4.62, p < .001, R2 = 0.66.
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Figure 3. Singular image for the LV ( p < .01) from the orientation decision task PLS. (A) Red/yellow regions represent increased activity while
participants made orientation decisions based on viewpoint specific spatial information. Blue/green regions represent increased activity while
making perceptual judgments of novel buildings. (B) Bar graph showing mean brain score for each task condition with associated confidence
interval. Brain scores indicate the degree to which each participant shows the spatial pattern of voxels expressed in the LV. Displayed in
neurological convention (L = L).

suggest that global efficiency within the task-defined network is specific to spatial orientation and does not appear
to generalize to nonspatial perceptual tasks.
Neural Basis of Interindividual Variability in
Orientation Decisions—Behavior PLS

Centrality of Additional Brain Regions Expressed
in High-performing Individuals
To evaluate the topological importance of the additional
brain regions identified in high-performing individuals
through the behavior PLS, a graph theoretical analysis was
conducted on resting-state fMRI data to investigate the
closeness centrality of those regions within the orientation
decision network. An adjacency matrix of ROI-to-ROI Fishertransformed bivariate correlation measures was computed
using 12 dominant positive voxel salience clusters from
the task PLS and the four dominant positive voxel salience
clusters extracted from the behavior PLS. The closeness
centrality for each of the four behavior PLS clusters were

Table 2. Cluster Peaks Correlated with High Accuracy in Making Orientation Decisions
Peak Voxel Location

x (mm)

y (mm)

z (mm)

BSR

Dominant Positive Saliences
Right premotor cortex

42

4

42

4.484

Right SMG

56

−20

26

6.8415

−36

−22

−10

4.3709

24

−22

52

3.753

Right medial temporal pole

44

20

−34

−13.224

Left middle temporal gyrus

−48

−14

−20

−12.4247

Secondary visual cortex ( V2)

−22

−82

−4

−11.0454

Right inferior frontal gyrus

46

0

−42

−7.7132

Right pallidum

24

−10

−4

−7.6839

Right middle temporal gyrus

62

−2

−20

−6.6423

Right middle orbital gyrus

34

54

−10

−6.4729

Right middle occipital gyrus

28

−102

2

−6.3431

Right superior occipital gyrus

28

−92

30

−6.2917

Right medial temporal pole

56

8

−18

−5.9288

Left hippocampus
Right primary motor cortex
Dominant Negative Saliences

Positive BSR clusters reflect areas when activity was positively correlated with behavior. Negative BSR clusters reflect areas when activity was negatively
correlated with behavior. Coordinates reported in MNI space.
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Although the results from the task PLS identified a core
set of brain regions that showed unique increases in activity during the orientation task across the whole group,
we further decomposed the task fMRI data to investigate
whether high-performing individuals engaged additional
brain regions over and above this set of regions. To achieve
this, we conducted a behavior PLS on the orientation decision task fMRI data. These results are summarized in
Table 2 and Figure 5. Our permutation test identified a
single significant LV ( p < .05) that showed brain regions
that were more active in the context of greater accuracy
on the orientation decision task, including right premotor
cortex, right supramarginal gyrus (SMG), left hippocampus, and right primary motor cortex. Regions negatively
correlated with orientation accuracy are not discussed here
as we were only interested in regions where increased
activity was associated with higher performance.
A post hoc task PLS analysis was carried out to investigate whether the unique patterns of brain activity were
related to correct versus noncorrect trails across all par-

ticipants (i.e., a within-subject effect), rather than being
persistent in certain individuals (i.e., a between-subject
effect). That is, it may be that the spatiotemporal pattern
depicted in Figure 5 is associated with accurate decisionmaking in all individuals rather than being the pattern
expressed by high-performers when making both correct
and noncorrect orientation decisions. This task PLS resulted in a nonsignificant LV ( p = .91), suggesting that
the spatiotemporal patterns expressed in the LV from
the behavior PLS analysis are stable for high-performing
individuals across all trials regardless of accuracy and
represent a between-subject effect.

Figure 6. Results from closeness centrality analysis on clusters from the behavior PLS analysis. (A) Axial view of task PLS network with four
additional nodes extracted from the behavior PLS analysis. Nodes from behavior PLS analysis with significant relations between closeness centrality
and orientation accuracy are labeled B, C, and D. (B) Regression plot for left hippocampus (MNI peak = −36, −22, −10) and orientation accuracy,
t(11) = 2.08, pFDR = .049, R2 = 0.44, with outlier removed ( y = 2, x = 0.07, Malhalanobis distance = 7.76). (C) Regression plot for right SMG
(MNI peak = 56, −20, 26) and orientation accuracy, t(11) = 3.10, pFDR = .019, R2 = 0.47. (D) Regression plot for right primary motor cortex
(MNI peak = 24, −22, 52) and accuracy, t(9) = 2.77, pFDR = .02, R2 = 0.41.
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Figure 5. Singular image for the LV ( p < .05) from the orientation decision behavior PLS. (A) The singular image identifies the distributed network
associated with high accuracy in making orientation decisions. Yellow/red regions where increased stable patterns of activity were correlated with
high accuracy in the orientation decision task. Blue regions represent regions where stable activity was anticorrelated with orientation accuracy.
(B) Sagittal and axial views showing location of cluster within the left hippocampus. (C) Correlation plot showing the relationship between each
participantʼs accuracy on the orientation decision task and their brain scores. Brain scores represent the degree to which each participant shows the
spatial pattern of voxels identified in the LV. Displayed in neurological convention (L = L).

DISCUSSION
The findings described in this study are consistent with
a growing number of studies on the relevance of properties of neural networks in influencing human behavior
(Breakspear & McIntosh, 2011). Within the context of
human spatial orientation, we provide evidence for
two sources of network variability in shaping the ability
to orient in spatial surroundings: variation in the configuration of task-evoked networks engaged while making
orientation decisions and the intrinsic, task-independent
integrative capacity of those network elements measured through resting-state signal. The first source of
variability—task-evoked network configuration—suggests
that individual differences in which brain regions are
recruited into task-evoked networks strongly relates to
the performance of behaviors relying on those networks.
Critically, it was found that high-performing individuals
engaged additional brain areas during the orientation task
that have been shown to be involved in spatial processing,
suggesting that their inclusion into the task network conferred a behavioral advantage over low performing individuals. The second source of variability—task-independent
integrative capacity—suggests that topological variability in
the capacity of brain networks to integrate information
processed in different network nodes contributes to the
expression of behaviors and cognitive processes that rely
on those networks. Taken together, these results support
a model of brain organization in which behavior is modulated by the ability to configure functional networks based
on task demands (McIntosh, 2000, 2004) and by the under390
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lying functional connections of those elements forming
the network.
To understand how network configuration relates to the
ability to spatially orient, we performed a task PLS and a
behavior PLS on data collected while participants solved
an orientation decision task. The task PLS identified a
core group of brain regions across the entire group of
participants that displayed increased activity while making
orientation decisions. These activations are in line with
processing streams outlined in previous computational
models of spatial memory (Byrne et al., 2007; Burgess,
Becker, et al., 2001; Burgess, Maguire, Spiers, & OʼKeefe,
2001). Early sensory information is fed forward through
the posterior parietal cortex to the parahippocampal cortex, a region that supports landmark recognition through
firing properties of so called “view cells” (Ekstrom et al.,
2003). The parahippocampal cortex establishes a location within the environment based on the angular direction to the landmark and its position within the viewable
environmental context. This information is hypothesized
in the computational models to be used by the RSC, which
translates allocentric scene/viewpoint spatial information
and egocentric body centered information processed in
the precuneus (Vann, Aggleton, & Maguire, 2009; Iaria,
Chen, Guariglia, Ptito, & Petrides, 2007) for the purpose
of route planning (Spiers & Maguire, 2006). The output
of this integrative processing in the RSC is then fed forward to regions in the left and right precentral gyrus—
areas that have been found to translate spatial representations into motor intentions (Ikkai & Curtis, 2011)—for
the purpose of making orientation decisions.
The results of this study contribute to these models
by providing evidence that variability in the configuration
of this network relates to the capacity of an individual to
correctly spatially orient. In addition to the core network
shared by the entire group, high-performers showed
increased activity within the right SMG, which has been
associated with the generation (de Borst et al., 2012;
Medina et al., 2009; Knauff, Kassubek, Mulack, & Greenlee,
2000) and manipulation (Sack et al., 2002) of egocentricbased spatial imagery as well as visuospatial working memory (Silk, Bellgrove, Wrafter, Mattingley, & Cunnington,
2010; Geier, Garver, & Luna, 2007). Increased activity was
also detected in the left hippocampus, an area that is
crucial for representing the spatial layout of an environment (Hassabis & Maguire, 2007; Iaria et al., 2007), route
planning (Spiers & Maguire, 2006), and temporally sequencing scenes for the purpose of navigation (Iglói,
Doeller, Berthoz, Rondi-Reig, & Burgess, 2010). The engagement of these regions did not vary based on accuracy
within each trial. Instead, they appear to be general features of an individualʼs brain response to the demands of
our task that confer a behavioral advantage over people
who did not express those patterns.
As our orientation decision task required participants
to situate perspective-based egocentric reference frames
into the spatial context of a virtual environment that codes
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then calculated. Note that the threshold criterion applied
to obtain small-world properties necessitated the exclusion
of one participant from the centrality analysis on the cluster
from the right premotor cortex and two participants from
the cluster in the right primary motor cortex, as these individuals did not have connectivity values exceeding the
Fisher transformed r > 0.15 threshold. These results are
summarized in Figure 6. The closeness centrality of the cluster within the left hippocampus (MNI peak = −36, −22,
−10), t(11) = 2.08, pFDR = .049, R2 = 0.28, the right SMG
(MNI peak = 56, −20, 26), t(11) = 3.10, pFDR = .019, R2 =
0.47, and the right primary motor cortex (MNI peak = 24,
−22, 52), t(9) = 2.77, pFDR = .02, R2 = 0.41, were found
to be significantly related to accuracy on the orientation
decision task. The cluster in the right premotor cortex
(MNI peak = 42, 4, 42) was not significantly related to orientation accuracy, t(10) = 0.92, pFDR = .19, R2 = 0.07. These
results show that the majority of brain areas identified
through the behavior PLS are more topologically central
at rest in high-performing individuals. This suggests that
increased centrality provides a measure of the ability of a region to participate in a task network, which may facilitate
performance of behaviors that rely on those networks.

We further investigated the topographic relationship of
the additional four brain areas identified in the behavior
PLS to the whole group network constructed from the
task PLS results. We found that the left hippocampus,
right SMG, and right primary motor cortex clusters identified in the behavior PLS had a higher degree of closeness
centrality within the task-related network of participants
that were more accurate on the orientation decision task.
Previous research has provided evidence for the role of
the hippocampus in the use of allocentric representations
of space to flexibly and efficiently navigate through environments (Marchette et al., 2011; Jeewajee, Barry, OʼKeefe,
& Burgess, 2008; Wolbers, Wiener, Mallot, & Büchel, 2007;
Hartley et al., 2003; Iaria et al., 2003; Maguire et al., 1998),
as well as integrating neural firing associated with spatial processing in the medial entorhinal cortex and parahippocampal cortex to generate a sense of location
within an environment (Begega et al., 2012; Burgess
& OʼKeefe, 2011; Derdikman & Moser, 2010; Hartley,
Burgess, Lever, Cacucci, & OʼKeefe, 2000; OʼKeefe &
Burgess, 1996). Although the hippocampus is commonly
engaged during tasks using allocentric spatial information,
its position as the primary structure in generating spatial
representations remains actively debated; past research
has shown that some forms of allocentric-based spatial
memories can persist in the presence of hippocampal
lesions (Bohbot et al., 1998) and that the place representations generated by hippocampal place cells may be
only one part of a broader circuit throughout the medialtemporal lobes that is used to understand self-location
within an environment (Moser, Kroff, & Moser, 2008).
The results from this study support the network-based
perspective by showing that increased centrality of the left
hippocampus within a brain network at rest that is engaged
during spatial orientation affords more accurate orientation. This may result from an increased capacity of the
hippocampus to communicate with other spatially relevant
brain regions throughout the medial-temporal lobes and
frontal and parietal cortex to help establish a representation of place within an allocentric environmental reference
frame and use it to correctly guide orientation decisions.
This hypothesis is additionally supported by the relationship between the centrality of the rSMG and orientation
accuracy, as the rSMG has been associated with spatial
working memory (Ikkai & Curtis, 2011; Geier et al., 2007)
and spatial attention (Silk et al., 2010), both of which are
critical components for complex spatial behaviors such
as orientation.
At a general systems level, it is interesting to further
speculate on the functional importance of node centrality
within brain networks. In this study, increased centrality
of three of the four clusters identified through the behavior PLS nodes were related to increases in orientation
accuracy. Although we are unable to directly assess this, it
may be that the increased functional coupling between
the node and the other network elements during rest
influenced its expression during the orientation task for
Arnold et al.
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the relationship between environmental landmarks, we
believe the inclusion of these regions in the differential
configuration of task-based brain networks facilitated a
participantʼs ability twofold. First, through increased
engagement of the left hippocampus, high-performing
individuals may have been better able to mentally represent their location by coordinating and integrating information processed throughout the medial-temporal lobes
to generate the spatial context of the environment. Second, through the increased engagement of the right
SMG, high-performing individuals may have been more
flexibly in manipulating the spatial scene to make accurate
orientation decisions based on the spatial processing
occurring in parietal, RSC, and medial-temporal lobe
systems that were common to the whole group of participants. Areas in the right premotor and motor cortex
have been shown to increase activity in spatial tasks with
working memory and motor intention demands (Ikkai &
Curtis, 2011), suggesting that their inclusion in the highperforming individuals supported the generation of an
accurate motor attention based on the orientation decision
made during the task.
The second source of neural variability investigated
in this study is the degree of global efficiency within a
resting-state network that was composed of brain regions
we found to be engaged during the orientation task. Here,
we found a strong correlation between the global efficiency of the task-defined network during rest and accuracy
in making orientation decisions. As global efficiency
is believed to quantify the capacity for parallel information transfer and integrated processing (Bullmore &
Sporns, 2009; van den Heuvel & Hulshoff Pol, 2010; Sporns
et al., 2007), these results suggest that the integrative
capacity of the task-defined orientation network modulated the degree to which an individual was able to intrinsically coordinate and synchronize the neural activity
while making orientation decisions, which ultimately related to the accuracy of their response. Our finding that
each participant was able to freely reproduce the spatial
layout of the testing environment following a 20–40 min
delay suggests that individual variability in the ability to
spatially orient is not related to a personʼs capacity to
remember the composition of an environment per se but
appears to be related to their ability to dynamically integrate spatial information from within their immediate
environment and with information encoded in memory.
On the basis of these results, we suggest that global
efficiency of task-related networks measured at rest may
provide an index of the cognitive capacity of processes
that rely on those networks. Critically, we also observed
that the global efficiency values derived from the taskrelated network were only predictive of performance on
our orientation decision task and not on the facial identity
task or an emotion recognition task. This suggests that
our results are specific to the orientation decision process and do not appear to generalize to other nonspatial
perceptual tasks.
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Note
1. The total number of video clips presented was determined
from the results of a pilot behavioral study (Arnold et al., 2013),
in which we found that participants (similar in age and gender
to participants in the current study) were able to form a correct
mental representation of a virtual city with four unique landmarks by the end of the eighth trial on average.
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