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While the brain’s functional network architecture is largely conserved between resting and task states, small but significant changes
in functional connectivity support complex cognition. In this study, we used a modified Raven’s Progressive Matrices Task to examine
symbolic and perceptual reasoning in human participants undergoing fMRI scanning. Previously, studies have focused predominantly
on discrete symbolic versions of matrix reasoning, even though the first few trials of the Raven’s Advanced Progressive Matrices
task consist of continuous perceptual stimuli. Our analysis examined the activation patterns and functional reconfiguration of brain
networks associated with resting state and both symbolic and perceptual reasoning. We found that frontoparietal networks, including
the cognitive control and dorsal attention networks, were significantly activated during abstract reasoning. We determined that these
same task-active regions exhibited flexibly-reconfigured functional connectivity when transitioning from resting state to the abstract
reasoning task. Conversely, we showed that a stable network core of regions in default and somatomotor networks was maintained
across both resting and task states. We propose that these regionally-specific changes in the functional connectivity of frontoparietal
networks puts the brain in a “task-ready” state, facilitating efficient task-based activation.
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Introduction
Whether you are anticipating your opponent’s next move in a
chess match or finishing up a Sudoku puzzle on your morn-
ing commute, the human brain’s remarkable reasoning capacity
allows us to solve novel problems quickly by applying previ-
ously learned information, strategies, and ideas to new situations.
Understanding how the human brain performs abstract reason-
ing tasks is a goal shared by neuroscientists studying cognition
and engineers building brain-inspired artificial intelligence sys-
tems (Raudies and Hasselmo 2017; Hasselmo and Stern 2018;
Do and Hasselmo 2021). Previous neuroimaging studies using
matrix reasoning tasks have shown that increased activation of
frontoparietal cortex supports abstract reasoning (Prabhakaran
et al. 1997; Christoff et al. 2001; Kroger et al. 2002; Melrose et al.
2007, 2018; Golde et al. 2010; Shin and Jeon 2021). Evidence from
human neuroimaging and computational modeling suggests that
prefrontal cortex (PFC) in particular is essential for the more
“abstract” portions of abstract reasoning, including representation
and learning of specific rules (Hoshi et al. 2000; Wallis et al. 2001;
Hasselmo and Stern 2018; Mansouri et al. 2020; Zhu et al. 2020)
and deduction of the relationship between analogous stimuli
(Bunge et al. 2005; Green et al. 2010; Watson and Chatterjee 2012).
Moreover, anterior regions of PFC are activated more strongly as
the relational complexity of a task (the number of rules that
must be simultaneously considered) increases (Bunge et al. 2009;
Cohen et al. 2018; Golde et al. 2010; Wendelken et al. 2012). This
evidence supports theories of a hierarchical organization within
the PFC, suggesting that more anterior regions of PFC represent
and process more abstract information, such as the integration of

multiple rules (Badre and D’Esposito, 2007, 2009; Badre and Nee
2018).

Studies of functional network connectivity have demon-
strated that the functional reconfiguration of frontoparietal
networks between resting and task states supports higher order
cognitive functions such as abstract reasoning and cognitive
control (Vakhtin et al. 2014; Hearne et al. 2015, 2017; Ray et al.
2020). Moreover, the frontoparietal control network supports
the adaptive implementation of task-specific demands through
flexible shifts in its global functional connectivity (Cole et al.
2013). In an earlier study using a matrix reasoning task,
Hearne and colleagues demonstrated that increased functional
connectivity between frontoparietal and visual cortices supported
reasoning (2017). Moreover, the strength of this connectivity
increased with relational complexity: as the number of rules
being integrated increased, so did functional connectivity (Hearne
et al. 2017). The Hearne et al. study showed a significant
reconfiguration of functional connectivity with frontoparietal
cortex between rest and task states, and relatively stable brain-
wide connectivity during the task. Previous work from our lab
shows that the formation of stable brain network community
structures, particularly in somatomotor and ventral attention
regions, also supports context-dependent rule learning (Morin
et al. 2021). While previous work has identified regional task-
related changes in functional connectivity, scores on tests of
fluid intelligence are positively associated with increased overall
similarity (reduced reconfiguration) in whole-brain task-based
and resting-state functional connectivity (Schultz and Cole 2016;
Ferguson et al. 2017; Hilger et al. 2020; Thiele et al. 2021).
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In this study, we examined functional network reconfiguration
using a simplified Raven’s Progressive Matrices (RPM) task (Raven
1941). Our simplified RPM task was designed to test both symbolic
and perceptual reasoning skills. Previously, studies have focused
almost entirely on discrete symbolic versions of matrix reasoning,
even though the first few trials of the Raven’s Advanced Pro-
gressive Matrices task consist of continuous perceptual stimuli
(Raven 1941). Specifically, we were interested in comparing acti-
vation related to synthesizing multiple discrete symbols (unique
to the symbolic conditions) with activation related to identifying
sequential patterns (present in all conditions).

Subjects in our study underwent fMRI scanning first during
resting state, followed by the abstract reasoning tasks. Using
a univariate approach, we examined the activity patterns that
support perceptual and symbolic reasoning. We then charac-
terized the functional network reconfiguration that occurred as
subjects transitioned between resting state and the different task
conditions. Based on existing literature, we predicted that our
univariate results would demonstrate activation in frontoparietal
cortex in support of both symbolic and perceptual reasoning
(Golde et al. 2010; Melrose et al. 2007; Shin and Jeon 2021) and
that prefrontal areas would activate more strongly for symbolic
reasoning (Prabhakaran et al. 1997; Bunge et al. 2009), while infe-
rior temporal areas would activate more strongly for perceptual
reasoning (Sahyoun et al. 2010). At the network level, we predicted
that a stable network core would be maintained across both
resting state and the task conditions, with flexible reconfiguration
of functional connectivity in frontoparietal regions supporting
abstract reasoning (Hearne et al. 2017). Our results motivate a
novel understanding of how the brain performs reasoning tasks:
namely, nodes within frontoparietal cortex are functionally recon-
figured, priming them to variably activate for unique task condi-
tions.

Materials and methods
Participants
Thirty-one healthy participants with normal or corrected to nor-
mal vision and no history or current diagnosis of neurological or
psychiatric disorders were recruited from Boston University and
the greater Boston area for the current study. Twenty-seven par-
ticipants were included in the final analysis (mean age 25.7 years;
SD 3.57 years; range 19–34 years; 17 females, 10 males). One par-
ticipant was excluded due to low accuracy on the behavioral task
(<80% in at least one condition). Three participants were excluded
due to excessive head motion (>3 mm head displacement during
at least 2 TRs within a single run). All participants gave written
informed consent in accordance with Boston University’s Institu-
tional Review Board and were compensated for their time.

Simplified Raven’s progressive matrices task
During fMRI scanning, subjects performed a cognitive task
designed to test their reasoning ability (see Fig. 1). In line with
previous theoretical work, we defined reasoning as “the ability to
take us beyond the confines of our current evidence or knowledge
to novel conclusions about the unknown” (Sloman and Lagnado
2005). In practice, tasks that require more reasoning tend to
take longer to solve. In addition to reasoning, dorsomedial and
dorsolateral prefrontal cortex show activation related to time-on-
task (Prabhakaran et al. 1997; Christoff et al. 2001; Kroger et al.
2002; Grinbrand et al. 2011; Gilbert et al. 2012). When designing
the task for this study, we aimed to match time-on-task between
reasoning and control conditions. With these controls in place,

Fig. 1. Simplified Raven’s progressive matrices task. A) During the task,
subjects decided which of 2 answer choices best fit into the blank white
square missing from the pattern at the top of the screen. A 2 × 2 task
design was employed to test reasoning in two domains: symbolic and
perceptual. Symbolic stimuli consisted of discrete squares each con-
taining a symbol; perceptual stimuli consisted of continuous patterns.
Reasoning stimuli progressed according to a pattern from left to right. As
a control, matching conditions consisted of stimuli that were unchanging
across the screen. B) During a single trial, subjects first viewed a fixation
cross (0.5–3.5 s jitter). Next, they viewed the pattern and selected an
answer choice with a button box (4.0 s). Finally, they were presented
with feedback (“Correct,” “Wrong,” or “No Response”) (1.0 s). Subjects
completed 396 trials over the course of a 1-h fMRI scanning session
divided into 6 task runs.

we can be more confident that activity in lateral prefrontal cortex
is due to the introduction of reasoning demands in reasoning
conditions, rather than other confounding time-based demands.

During each trial of the task, a stimulus with 2 answer choices
appeared on the screen for 4.0 s and subjects indicated their
response during this time by pressing the left or right button on
a response-box. The stimulus and answer choices remained on
the screen for the full 4.0 s time period, followed by 1.0 s feed-
back presentation period (“Correct,” “Wrong,” or “No Response”).
Following feedback, a blank gray screen with a fixation cross
appeared for a random jitter lasting between 0.5 and 3.5 s (val-
ues at 0.5 s intervals). The jitter was optimized to maintain
orthogonality between conditions using the tool optseq2 available
through Freesurfer (version 5.3.0) (Charlestown, Massachusetts;
http://surfer.nmr.mgh.harvard.edu) (Fischl 2012).

Stimuli for the task were created with Adobe Illustrator (CS
5.1) and presented using PsychoPy (v1.90.3) (Peirce 2007, 2009).
Stimuli consisted of simplified versions of the Raven’s Standard
Progressive Matrices (RPM) neuropsychological test (Raven 1941).
To investigate the neural correlates of reasoning, we designed the
task with four conditions: symbolic reasoning, symbolic match-
ing, perceptual reasoning, and perceptual matching (see Fig. 1). In
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the symbolic reasoning and perceptual reasoning conditions, the
stimulus pattern varied from left to right according to a sequential
rule, with discrete stimulus patterns in the symbolic reasoning
condition and a continuous stimulus in the perceptual condition.
Subjects were required to deduce and apply the sequence-rule to
determine which of two answer choices correctly fit into a blank
white square covering part of the stimulus. The symbolic match-
ing and perceptual matching conditions were designed as control
conditions to account for the visuospatial attention demands of
the reasoning conditions. In the control conditions, there were
no sequential rules for the stimuli, and the stimulus patterns
were identical across the screen. Through behavioral piloting, task
stimuli were specifically chosen so that response times would be
matched across all 4 conditions and accuracy would be at ceiling.
Our goal was to isolate brain signal due to abstract reasoning, and
the reasoning conditions were paired with matching conditions
that controlled for time-on-task, visual processing, and working
memory demands.

The size of the pattern on the screen was matched across
conditions. The blank white square could appear on either the
left or right side of the pattern or sequence, and this was counter-
balanced across trials and conditions. The location of the correct
answer (left or right) was also counterbalanced across trials and
conditions. Prior to scanning, the experimenter explained the task
to the subject and guided them through eight sample trials using
pen and paper. While in the MRI scanner, subjects completed
384 trials (96 in each of the four conditions). The experiment
was divided into 6 runs, each lasting 6 min and 42 s. Conditions
were counterbalanced within and across runs, and run order was
randomized for each subject.

MRI data acquisition
Data was acquired on a 3 Tesla Siemens MAGNETOM Prisma mag-
netic resonance scanner located at the Boston University Cogni-
tive Neuroimaging Center in Boston, Massachusetts. A 64-channel
head coil was used for all scans. A T1-weighted MEMPRAGE RMS
structural image was acquired for each subject [TR = 2200 ms,
TE = 1.67 ms, Flip Angle = 7◦, Voxel size = 1.0 mm isotropic] (van
der Kouwe et al. 2008). Each subject underwent up to three runs of
resting state fMRI (rs-fMRI) prior to task-based scans. During each
rs-fMRI scan, subjects were asked to lie still with their eyes open
for six minutes, while a fixation cross was displayed on the screen
in front of them. For rs-fMRI scans, T2∗-weighted echo-planar
(BOLD) images were acquired using a multiband sequence (slice
acceleration factor, 6) [TR = 1000 ms, TE = 30 ms, Flip Angle = 60◦].
Twenty-four subjects underwent three consecutive six-minute
resting state runs prior to completing the task scans. Due to time
constraints, 3 subjects completed 2 resting state runs, and 1 sub-
ject completed one run. For task-based fMRI scans, T2∗-weighted
echo-planar (BOLD) images were acquired using a multiband
sequence (slice acceleration factor, 3) [TR = 2000 ms, TE = 30 ms,
Flip Angle = 60◦, partial-Fourier acquisition]. For both the rest and
task scans, a total of 78 slices were acquired, covering the whole
brain. The simultaneous multislice (SMS)-EPI acquisition for rest-
ing state and task scans used the CMRR-MB pulse sequence from
the University of Minnesota (Feinberg et al. 2010; Moeller et al.
2010; Setsompop et al. 2012; Xu et al. 2013; Cauley et al. 2014).
Images were acquired with 2 mm isotropic voxels (matrix size
96 × 96) and the z-axis was aligned to the AC-PC line. Two oppo-
site phase-encoded EPI fieldmaps (one anterior-to-posterior, the
other posterior-to-anterior) were also acquired for each subject
to be used for distortion correction of the functional images
[TR = 8540 ms, TE = 66 ms, flip angle = 90◦].

fMRI preprocessing
Both resting state and task fMRI data were preprocessed using
a standardized pipeline available through fMRIprep (v1.4.1)
(Esteban et al. 2019). Preprocessing steps included skull-stripping,
distortion correction using magnetic field-maps, co-registration
of each subject’s functional data with their anatomical scan
using boundary-based registration with 12-degrees of freedom,
estimation of head-motion parameters, slice-time correction,
spatial normalization of the subject’s anatomical and functional
data to standard template space (MNI152NLin2009cAsym
template from templateflow), and projection onto a standardized
cortical surface (fsaverage) (Ciric et al. 2021). Full details of the
fMRIprep pipeline are outlined in the Supplementary Methods.
After minimal preprocessing with fMRIprep, we performed spatial
smoothing on the data (3 mm FWHM Gaussian kernel) using FSL
(Zhang et al. 2001).

Univariate statistical analyses
Voxelwise analysis was performed on single subject data using
a general linear model (GLM) implemented with AFNI’s 3dDe-
convolve command. GLM regressors included: a boxcar predictor
function for each task condition (symbolic reasoning, symbolic
matching, perceptual reasoning, and perceptual matching) span-
ning the 4 s period when the stimuli were displayed, a 3-degree
polynomial (cubic) baseline term, six nuisance regressors per
run for motion (x, y, and z translations and rotations), and four
amplitude-modulated task regressors (one for each task condi-
tion) to account for signal related to response-time on each trial.
Boxcar regressors were convolved with a standard hemodynamic
response function (HRF). High motion time points (>0.5 mm
frame-to-frame head movement or outlier fraction >0.1), as well
as incorrect trials, were censored from the GLM analysis. Two-
sided t-tests were conducted at each voxel to determine differ-
ences in activation between conditions using AFNI’s 3dttest++
command. Group statistical maps were thresholded using AFNI’s
equitable thresholding and clustering (ETAC) method (Cox 2019).
For visualization, we also included results projected onto inflated
cortical surface maps (thresholded at P < 0.05, cluster size >20
vertices) (see Fig. 2).

Yeo-7 network ROI analysis
We examined differences in BOLD signal within functional brain
network regions of interest (ROIs) as defined by the Yeo-7 func-
tional network atlas available in Freesurfer (Yeo et al. 2011). The
mean BOLD percent signal change in the perceptual and symbolic
reasoning vs. matching contrasts was extracted from each Yeo-
7 network ROI (visual, somatomotor, dorsal attention, ventral
attention, limbic, cognitive control, and default) for each subject.
The mean BOLD percent signal change was plotted as a bar-
graph and results are displayed in Fig. 3. Error bars represent a
95% confidence interval based on between-subjects mean and
variance. T-tests were conducted to determine which of the seven
networks showed statistically significant changes in BOLD signal
between the symbolic and perceptual conditions. Results were
corrected for multiple comparisons using Bonferroni-correction.

Functional connectivity measures
Prior to calculating task and resting state functional con-
nectivity measures, preprocessed data was further denoised
using linear regression. All denoising and functional connec-
tivity calculations were implemented in the CONN Toolbox
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(Whitfield-Gabrieli and Nieto-Castanon 2012). In the denois-
ing procedure, confound regressors included 6 head-motion
parameters and their first-order temporal derivatives, linear
drift, and 5 noise components from CSF and white matter ROIs
(the mean signal as well as the first 4 components from a
principal component analysis in each ROI) (Chai et al. 2012). High-
motion time-points (>0.5 mm frame-to-frame head movement
or outlier fraction >0.1) were censored as part of the denoising
procedure. For the task-based scans, task-related signal from
each of the 4 task conditions was also removed from the time
series using HRF-convolved boxcar functions and their first-
order derivatives. Regression of task-related signal is essential
to ensure that functional connectivity observations were due
to low-frequency coupling, rather than interregional similarities
in task-based activation (Gonzalez-Castillo and Bandettini 2018;
Tomasi and Volkow 2019). Finally, the denoised time series was
band-pass filtered (0.008–0.09 Hz) to isolate the frequency-
band of interest that is most commonly associated with BOLD
signal.

For resting state scans, functional connectivity between two
regions i and j was defined as the Fisher-Z transformed Pear-
son correlation between the ROI timeseries. For task scans, a
weighted GLM was employed to first isolate the signal associated
with each condition in our event-related design. Weights were
constructed as condition-specific boxcar timeseries convolved
with a canonical HRF. Pearson correlation was calculated between
the condition-specific signal extracted from each pair of ROIs,
followed by Fisher-Z transformation. For each subject, the result
was a functional connectivity matrix Aij (400 × 400 ROIs in size)
for each of five conditions: resting state, symbolic reasoning, sym-
bolic matching, perceptual reasoning, and perceptual matching.

Notably, the analysis approach we adopted was previously used
by Hearne and colleagues to compare network organization at rest
with network organization during an event-related task design
(2017). Preprocessing and denoising procedures were identical
across task and resting state data, except for regression of task-
related signal in the task data, and bandpass filtering of resting-
state data. Task-based functional connectivity was calculated
using a weighted GLM approach that created condition-specific
(weighted) time-series of fMRI data. This approach keeps the data
in a similar format to the resting state data (namely a 4D series
of BOLD-signal volumes) and improves our ability to compare
functional connectivity metrics across rest and task.

Network reconfiguration analysis
We conducted a network reconfiguration analysis based on meth-
ods from Hearne et al. (2017). The goal of this analysis was to
divide the functional connectivity network into communities and
track community-membership changes across resting state and
task conditions. A community is defined as a group of nodes that
exhibit stronger connectivity to each other in the whole-brain
network than they do in a relevant null model (Newman and
Girvan 2004; Hearne et al. 2017). The five weighted connectivity
matrices for each subject were thresholded so that only the top
20% of connections remained in the matrix. Because the threshold
level can influence network statistics (Rubinov and Sporns 2011),
we repeated all statistics at 5, 10, 15, 20, 25, and 30% thresholds.
This ensured that when comparing different networks across
subjects and conditions, differences in network statistics were not
influenced by differing edge densities (Garrison et al. 2015). Vary-
ing the threshold did not result in any significant changes to the
network measures described below, therefore we present results

at the 20% threshold in the main text. See Supplementary Figs. S1
and S2 for results presented at each of the other thresholds.

The thresholded, weighted matrices were subjected to a Lou-
vain community detection algorithm implemented in the Brain
Connectivity Toolbox (Rubinov and Sporns 2010). The Louvain
community detection algorithm generates community assign-
ments that maximize the modularity, Q, which is defined as
(Newman and Girvan 2004; Fortunato 2010):

Q (γ ) = 1
2m

∑
ij

[
Aij − γ Pij

]
δ
(
σiσj

)
,

where Aij is the weighted and thresholded functional connectivity

matrix, 2m is the sum of all the edge weights in the graph, Pij = kikj

2m

is the expected number of edges between nodes i and j according
to a null model that preserves degree sequence of the graph, and
δ
(
σiσj

) = 1 if the community assignment of node i is the same
as the community assignment of node j(σi = σj), and is zero
otherwise. The resolution parameter γ determines the size of the
final communities, with γ < 1 leading to larger communities and
γ > 1 leading to smaller communities. In line with previous work,
we fixed γ = 1.

Because the outcome of Louvain community detection is
dependent on initial conditions (e.g. which node is first assigned
to a community), we repeated this process 1,000 times for
each connectivity matrix. To obtain a single set of community
assignments for each subject and condition, we ran the following
consensus procedure: first, an agreement matrix B was calculated
in which each element Bij represented the probability that 2
nodes were classified into the same community across all 1,000
iterations of Louvain community detection for a particular subject
and condition. Then, we performed module-based consensus
partitioning on the agreement matrix to obtain a single set of
community assignments for each subject and condition. The
entire consensus procedure was repeated across subjects to
obtain a single set of community assignments per condition
that was consistent across the entire group of subjects. The
changing community memberships were plotted in an alluvial
flow diagram (using the R packages easyalluvial and parcats)
(Rosvall and Bergstrom 2010) (Fig. 4).

It is possible that network reconfiguration observed between
the resting state and task conditions could be influenced by the
different scanning parameters used to acquire resting state and
task fMRI (resting state: TR = 1.0 s, slice acceleration = 6; task:
TR = 2.0 s, slice acceleration = 3). To ensure that the network
reconfiguration we observed was due to changes in functional
connectivity rather than differences in scanning parameters,
we conducted two follow-up analyses. Like the other analyses
presented in the main text of this manuscript, these follow-up
analyses were performed using functional connectivity matrices
that were thresholded for the top 20% of connections. First, we
tested whether a decrease in signal to noise ratio (SNR) during
resting state scanning (due to the higher temporal resolution)
may have resulted in a finer distinction among communities. To
test for this, we analyzed the community structure of each of the
three resting state runs separately. This first analysis included
only the 23 subjects who completed all 3 resting state runs.
Assuming a community partition is due to signal rather than
noise, we should expect to see a similar community partition
across all three resting state runs when they are analyzed
separately. Second, we tested whether the increased temporal
resolution of the resting state data (compared to task data)
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may have resulted in a finer distinction among communities.
To test for this, we downsampled the resting state fMRI data by
averaging adjacent TRs, and repeated the network reconfiguration
analysis on the downsampled data. To quantify differences in
community partitions that were calculated during these follow-
up analyses, we used the variation of information (VIn) statistic
that is described below. Results from the 2 follow-up analyses are
presented in Supplementary Fig. S3.

Finally, to demonstrate fluctuating activity levels within stable
task communities, we extracted the mean BOLD signal from
each consensus community during each of the four task condi-
tions (Fig. 5C) (see Supplementary Fig. S2 for results plotted across
edge threshold levels.) A repeated measures ANOVA with paired
T-test post-hoc testing was conducted to assess which commu-
nities exhibited significantly different activity levels across con-
ditions. Results were corrected for multiple comparisons using
Bonferroni correction.

Statistical analysis of community structure
To evaluate the extent to which community structure changed
between resting state and each task condition within subjects,
we calculated the information theoretic distance (variation of
information, VIn) between the consensus community assignments
for each condition (Braun et al. 2015). VIn is defined as (Meilǎ 2007):

VIn = H(X) + H(Y) − 2MI (X, Y)

log(n)
,

where X and Y are vectors listing the community assignments
of n nodes in two different conditions, H is the entropy, and MI is
the mutual information.

To assess the significance of VIn measures, we followed the
procedure outlined by Hearne et al. to generate a null distribution
of VIn. Briefly, we generated 10,000 permutations of community
assignments by randomly selecting half of the subjects to switch
their condition labels (e.g. when comparing symbolic reasoning
and resting state community assignments, the condition labels
were switched for half of the subjects, and a new consensus
community structure and VIn metric were computed and added
to the null distribution).

To compare the extent to which individual communities exhib-
ited change between resting state and the task conditions, VIn

was also computed separately for each of the 3 task communi-
ties, repeated across all 4 task conditions. Results are plotted in
Fig. 5b (see Supplementary Fig. S1 for results plotted across edge
threshold levels). A repeated measures ANOVA was employed
to determine whether there was a difference in VIn across task
communities and/or task conditions. Results from paired T-test
post hoc testing were corrected for multiple comparisons using
Bonferroni correction.

Results
Behavioral performance
Accuracy and response times were very similar across all con-
ditions. The 27 subjects included in the final analysis achieved
>80% accuracy on each of the four conditions. To compute accu-
racy measures, trials in which the subject did not respond were
considered incorrect. “No Response” trials were omitted from
calculations involving response times. Across all subjects “No
Response” trials only occurred 49 times out of 10,368 trials (M ± SD
1.73 ± 2.76 trials/subject). There was a statistically significant
difference in accuracy between conditions as determined by a
one-way ANOVA (F(3, 26) = 4.241, P < 0.01). Pairwise-T post hoc

testing showed that accuracy on the perceptual matching con-
dition was significantly lower than accuracy on the symbolic
matching condition (T(26) = −4.28, P < 0.01) and the symbolic rea-
soning condition (T(26) = −2.32, P < 0.05). All other contrasts were
found to not be significantly different from each other. Addition-
ally, mean accuracy for each condition was above 92%, and con-
sidered to be at ceiling (symbolic reasoning: 94.7 ± 3.55% correct,
symbolic matching: 96.0 ± 3.28% correct, perceptual reasoning:
94.7 ± 3.55% correct, perceptual matching: 92.8 ± 3.98% correct).

There was no significant difference in response times between
conditions as determined by a one-way ANOVA, (F(3, 26) = 2.02,
P = 0.116). Subjects’ response times were consistent across
the perceptual matching (1.74 ± 0.219 s), perceptual reasoning
(1.79 ± 0.173 s), symbolic matching (1.67 ± 0.180 s), and symbolic
reasoning (1.78 ± 0.231 s) conditions. Accuracy and response time
measures are displayed in Supplementary Fig. S2. Overall, the
behavioral results demonstrated that across all task conditions,
subjects achieved high accuracy and similar response times, in
line with our goal of generating different reasoning conditions
with similar levels of difficulty.

Task-based fMRI
From previous research on abstract reasoning, we expected that
frontoparietal cortex would be active during the reasoning condi-
tions of our task. To test this, we generated brain activity maps
using a univariate approach. Our results identified prefrontal
regions and inferior temporal regions uniquely activated for sym-
bolic and perceptual reasoning, respectively. The full results of the
univariate analysis are described below.

Symbolic reasoning and symbol matching
A random-effects group analysis of the fMRI data contrasting
the symbolic reasoning with the symbolic matching task
conditions demonstrated significant clusters of increased signal
(symbolic reasoning > symbolic matching) throughout left lateral
prefrontal cortex (peak MNI coordinates = [−28, −2, 64] Z = 6.60),
right lateral prefrontal cortex (peak MNI coordinates = [56, 10,
24], Z = 5.37), bilateral lateral parietal cortex/cerebellum (peak
MNI coordinates = [48, −40, 54], Z = 6.47), bilateral dorsomedial
prefrontal cortex (peak MNI coordinates = [−4, 26, 46], Z = 5.48), left
anterior insula (peak MNI coordinates = [−38, 18, 0], Z = 4.87), and
right frontal pole (peak MNI coordinates = [46, 52, −10], Z = 4.47).
Significant negative clusters (symbolic matching > symbolic
reasoning) were present in left medial prefrontal cortex (peak
MNI coordinates = [−8, 54, −4], Z = −5.17), right medial prefrontal
cortex (peak MNI coordinates = [−2, −46, 26], Z = −4.71), left
frontopolar cortex (peak MNI coordinates [−24, 44, 42], Z = −4.27),
and bilaterally in the precuneus (peak MNI coordinates = [2, −18,
42], Z = −4.41). Voxelwise activation maps are presented in Fig. 2A.

Perceptual reasoning and perceptual matching
A random-effects group analysis of the fMRI data contrasting the
perceptual reasoning with the perceptual matching conditions
of the task demonstrated significant positive clusters (percep-
tual reasoning > perceptual matching) throughout bilateral lat-
eral parietal and inferior temporal cortices (peak MNI coordi-
nates = [30, −60, −12], Z = 6.41), left dorsolateral prefrontal cortex
(peak MNI coordinates = [−50, 36, 18], Z = 4.37), right dorsolateral
prefrontal cortex (peak MNI coordinates = [−26, 6, 60], Z = 4.77), left
cerebellum (peak MNI coordinates = [−28, −68, −52], Z = 4.16), and
right cerebellum (peak MNI coordinates = [8, −56, −50] Z = 4.60).
Significant negative clusters (perceptual matching > perceptual
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Fig. 2. fMRI activity maps. Shaded voxels indicate regions with a significant difference in activity between conditions for each of the following contrasts:
A) The Symbolic Reasoning > Symbolic Matching contrast showed strong activation of frontoparietal cortex, and anterior prefrontal cortex. B) The
Perceptual Reasoning > Perceptual Matching contrast showed strong activation of frontoparietal cortex and inferior temporal cortex. C) Interaction
Maps (symbolic reasoning—matching) > (perceptual reasoning—perceptual matching) demonstrated that anterior prefrontal cortex was activated
more strongly for symbolic processing, and inferior temporal cortex was activated more strongly for perceptual reasoning. Voxel shading represents
Z-score magnitude. For the volumetric maps (left), activation was thresholded at P < 0.05 and corrected for multiple comparisons using AFNI’s equitable
thresholding and clustering (ETAC) method. Surface maps (right), shown for visualization purposes, were thresholded at P < 0.05, and for clusters with
>20 vertices.

reasoning) were found in bilateral occipital cortex (peak MNI coor-
dinates = [−18, −100, −8], Z = −5.68), left medial prefrontal cortex
(peak MNI coordinates = [−4, 56, 16], Z = −4.56), and bilateral pre-
cuneus (peak MNI coordinates [2, −24, 36], Z = −5.65). Voxelwise
activity maps are displayed in Fig. 2B.

Interaction maps
A random-effects group analysis of the fMRI data contrast-
ing the symbolic conditions (symbolic reasoning > symbolic
matching) with the perceptual conditions (perceptual reason-
ing > perceptual matching) was used to identify brain regions
important for symbolic reasoning or perceptual reasoning as
separate processes. Brain regions that were significant for
symbolic reasoning included bilateral occipital cortex (peak
MNI coordinates = [16, −100, 0], Z = 5.72), right dorsolateral
prefrontal cortex and insula (peak MNI coordinates = [48, 8,
24], Z = 4.58), bilateral dorsomedial prefrontal cortex (peak MNI
coordinates = [0, 34, 46], Z = 5.20), right lateral parietal cortex (peak
MNI coordinates = [62, −32, 50], Z = 4.14), and right frontal pole
(peak MNI coordinates = [48, 44, −2], Z = 4.68). Brain regions that
were significantly more active for perceptual reasoning included
bilateral parieto-occipital sulcus (peak MNI-coordinates = [12,
−88, 28], Z = −5.08), right inferior temporal cortex (peak MNI-
coordinates = [30, −58, −10], Z = −5.74), and left inferior temporal
cortex (peak MNI-coordinates = [−20, −76, −8], Z = −5.76). Voxel-
wise activity maps are displayed in Fig. 2C.

Yeo-7 network ROI analysis
A region of interest (ROI) analysis was conducted to determine
which functional brain networks (as defined by Yeo et al. 2011),

were contributing to successful abstract reasoning behavior on
the simplified Raven’s Progressive Matrices task. ROI analysis
showed increased activation in visual, dorsal attention, and cogni-
tive control networks during the reasoning conditions compared
to the matching conditions for both the symbolic and perceptual
stimuli. Moreover, activation in the cognitive control network was
greater for the symbolic contrast than for the perceptual contrast
(T = 3.48, P < 0.05, Bonferroni corrected) (Fig. 3B). The results from
this analysis are shown in Fig. 3.

Network reconfiguration
We performed a network reconfiguration analysis based on work
by Hearne et al. (2017). An alluvial flow plot in Fig. 4 displays the
results from this analysis. Using Louvain community detection,
we identified 11 communities during resting state (A–K), and 3
communities during each of the 4 task conditions (A–C). During
pre-task resting state, the communities roughly correspond to the
default network (community A), somatomotor network (commu-
nity B), visual network (community C), along with 8 communities
(D–K) that when combined, form the frontoparietal networks
dorsal attention, ventral attention, and cognitive control (Yeo et al.
2011). During the task, communities A and B remained largely
intact, trading a small number of nodes with the frontoparietal
communities (see Fig. 4). The remaining task community (com-
munity C) formed a robust frontoparietal-visual system from the
strengthened connections among resting state communities C–K,
reflecting stronger connections between frontoparietal and visual
nodes during the task compared to rest. In Fig. 5A, we show the
topography of each community A–C for the symbolic reason-
ing condition of the task. This topography is nearly identical to
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Fig. 3. Resting state network ROI analysis. A) Regions of interest were defined a priori from the Yeo 7-network resting state parcellation (2011). B) Bars
represent BOLD percent signal change in each ROI for the perceptual contrast (lighter colors), and symbolic contrast (darker colors). Visual, dorsal
attention, and cognitive control networks showed increased activation for both contrasts. Activation of the cognitive control network was higher for the
symbolic contrast compared to the perceptual contrast. Error bars indicated 95% confidence interval. ∗ denotes significant difference in percent signal
change between contrasts (P < 0.05, Bonferroni corrected for multiple comparisons).

Fig. 4. Task-based network reconfiguration. We plotted network reconfiguration on an alluvial flow diagram to demonstrate the changing community
memberships of nodes in the brain network. Canonical community memberships are shown in the left column for the 400 ROIs in the Schaefer-400
cortical parcellation with Yeo-7 labels (Schaefer et al. 2018). A Louvain community detection algorithm was used to define network communities during
resting state and each of the four task conditions (labeled here as respective columns in the flow diagram). During resting state, the brain network
was divided into 11 communities (labeled A—K). During each task condition, three communities (A—C) were detected. Notably, cognitive control nodes
showed a fragmented community structure during resting state, and joined together with dorsal attention and visual nodes to form a stable task
community during all four task conditions. Connecting flows show the changing community memberships across rest and task conditions. To visualize
the makeup of each community, colors represent the canonical Yeo-7 memberships for each of the Schaefer-400 regions (Orange = Cognitive Control,
Green = Dorsal Attention, Violet = Ventral Attention, Purple = Visual, Blue = Somatomotor, Red = Default, Cream = Limbic).

communities A–C in each of the other three task conditions (not
shown).

Follow-up analyses demonstrated that scanning parameters
had little to no effect on the fractionated frontoparietal commu-
nity structure observed during resting state. Like the original anal-
ysis, we observed stable communities that roughly correspond
to the default network (community A) and the somatomotor
network (community B), along with multiple smaller communities
that when combined, form the frontoparietal networks. These
results were consistent when analyzing each resting state run
separately and when downsampling the resting state data (see
Supplementary Fig. S3).

Using the variation of information metric (VIn), we quantified
the similarity between the community partitions for each of the

task conditions and the resting state. When considering the entire
brain network, we found that the community structure during
each of the 4 task conditions was significantly different from the
community structure during resting state (VIn symbolic reasoning
vs. rest = 0.17; VIn symbolic matching vs. rest = 0.17; VIn perceptual
reasoning vs. rest = 0.18; VIn perceptual matching vs. rest = 0.17;
P < 0.01, Bonferroni corrected for all contrasts).

Since the whole-brain community structure was significantly
different between rest and the task conditions, we quantified
the relative amount of reconfiguration in task communities
A–C. To do so, we calculated VIn individually for each task
community across each of the 4 task conditions (see Fig. 5B). All
P-values were Bonferroni-corrected for multiple comparisons.
A repeated measures ANOVA showed a main effect of task
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Fig. 5. Community layout, reconfiguration, and activity. A) Three communities were detected during each of the task conditions. Projected here on a
cortical surface are the communities from the symbolic reasoning condition. Individual nodes from the Schaefer-400 cortical parcellation are colored
according to their canonical Yeo-7 network membership (Schaefer et al. 2018). Although only the communities for symbolic reasoning are shown here,
the condition-specific A, B, and C communities were used to calculate the statistics shown in panels B and C. B) To quantify the amount of community
reconfiguration between each task condition and the resting state we plotted the variation of information (VIn) for each of the task communities. Points
represent mean VIn across subjects. Error bars represent standard error. Nodes in community C showed the largest change in community assignment
for all four conditions, compared to rest. ∗ denotes significant differences in VIn between communities (P < 0.05, Bonferroni corrected). C) The mean
BOLD signal (compared to the inter-trial interval) within each task community is plotted for each of the task conditions. Community C was the only
community that showed significant differences in activation between Reasoning and Matching conditions. Bar height represents the mean BOLD signal
across subjects for each community. Error bars represent standard error. Across all graphs, Red = community A, Blue = community B, Yellow = community
C. ∗ denotes mean BOLD signal significantly different from zero (P < 0.05, Bonferroni corrected). Notably, community C showed both the largest amount
of reconfiguration (panel B) and the highest task-based activation (panel C).

community (F(2,26) = 30.78, P < 0.01) but no main effect of task
condition (F(3,26) = 0.717, P = 1.0). Post-hoc testing with pairwise
t-tests showed that across all four task conditions, community C
(the frontoparietal-visual community) had the highest overall VIn

and that it was significantly higher than the VIn of both other
task communities (compared to community A: T(134) = 14.99,
P < 0.01, and compared to community B: T(134) = 16.19, P < 0.01).
Additionally, there was also a significant difference in the VIn

metric between communities A and B (T(134) = 2.86), (P < 0.05).
Together, these results demonstrate that the change in com-
munity structure between resting state and the reasoning task
is driven by reconfiguration of nodes in community C (the
frontoparietal-visual community) (see Fig. 5B).

ROI analysis of reconfigured communities
To determine how each of the communities differentially con-
tributed to the various reasoning conditions, we calculated the
average BOLD signal within each community for each of the four
task conditions (see Fig. 5C). All P-values below are Bonferroni-
corrected for multiple comparisons.

A repeated measures ANOVA showed significant differences
in the activity of community A across the four task conditions
(F(3,26) = 29.15, P < 0.01). Post-hoc analysis demonstrated sig-
nificant differences between symbolic reasoning vs. perceptual
reasoning (T(26) = 6.65, P < 0.01), symbolic reasoning vs. perceptual
matching (T(26) = 5.18, P < 0.01), symbolic matching vs. perceptual
reasoning (T(26) = 6.60, P < 0.01), and symbolic matching vs.
perceptual matching (T(26) = 6.98, P < 0.01).

A repeated measures ANOVA also showed significant dif-
ferences in the activity of community B across the 4 task
conditions (F(3,26) = 9.33, P < 0.01). Post-hoc analysis showed
significant differences between symbolic reasoning vs. perceptual
matching (T(26) = 5.31, P < 0.01), and symbolic matching vs.
perceptual matching (T(26) = 3.87, P < 0.01).

Finally, a repeated measures ANOVA showed significant
differences in the activity of community C across the four
task conditions (F(3,26) = 92.24, P < 0.01). Notably, community
C showed the highest levels of activity on the task, and post-
hoc analysis showed that it was the only community with
significant activity differences for symbolic reasoning > symbolic
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matching and perceptual reasoning > perceptual matching. Post-
hoc analysis demonstrated significant differences between
all six contrasts: symbolic reasoning vs. symbolic matching
(T(26) = 9.05, P < 0.01), symbolic reasoning vs. perceptual reasoning
(T(26) = −11.20, P < 0.01), symbolic reasoning vs. perceptual
matching (T(26) = −4.74, P < 0.01), symbolic matching vs. per-
ceptual reasoning (T(26) = −16.50, P < 0.01), symbolic matching
vs. perceptual matching (T(26) = −9.12, P < 0.01), and perceptual
reasoning vs. perceptual matching (T(26) = 4.52, P < 0.01).

Together, these results demonstrate that each community
identified in the network reconfiguration analysis has an activity
pattern that is consistent in its direction, always positively
activated or negatively activated, but variable in its intensity
across the task conditions. Namely, community A (default)
is negatively activated, community B (somatomotor) is not
significantly activated, and community C (frontoparietal-visual)
is positively activated. Community C showed increased activity
during symbolic and perceptual reasoning conditions compared
to their respective matching conditions (see Fig. 5C).

Discussion
In this study, we investigated regional variability in brain net-
work activation and functional network reconfiguration between
resting-state and abstract reasoning. By analyzing fMRI data dur-
ing both resting and task states, we demonstrated that default
and somatomotor networks remained stable, while frontoparietal
and visual networks flexibly reconfigured into a task-ready state.
When examining task-based activity patterns, we found that fron-
toparietal and visual networks, which had flexibly reconfigured
from resting to task states, exhibited the strongest task-based
activation. These results demonstrated that flexible reconfigura-
tion of underlying networks supports the transition from rest to
task, and that activation of frontoparietal cortex supports abstract
reasoning.

A stable network core persists during rest
and the task
Consistent with prior work, we found that overall, functional
brain network topology was largely conserved between resting
state and task (Cole et al. 2014; Krienen et al. 2014; Hearne
et al. 2017; Gratton, Laumann, et al. 2018a; Salvo et al. 2021).
Across both resting state and task scans, we identified 2 stable
communities primarily consisting of regions in the default and
somatomotor networks (see Fig. 4). Previous work suggests that
these regions form a stable network “core” and that they exhibit
the fewest changes in functional connectivity when comparing
resting and task states (Krienen et al. 2014). Recent work from
our lab further suggests that successful rule learning ability is
associated with increased stability of specific brain networks,
including the somatomotor network (Morin et al. 2021). Previous
work has shown that increased whole-brain network stability
between resting and task states is strongly associated with higher
fluid intelligence scores (Schultz and Cole 2016; Ferguson et al.
2017; Hilger et al. 2020; Thiele et al. 2021). As a working hypothesis,
we propose that stability in somatomotor and default regions
allows the brain to spend more energy reconfiguring the func-
tional connectivity of other regions, such as frontoparietal and
visual cortices, that show increased activation during the task.
Future studies employing network control theory (Gu et al. 2015;
Scheid et al. 2021) or activity flow mapping (Cole et al. 2016) may
be able to model the “energy savings” that are afforded when the

underlying functional connectivity network is reconfigured into a
task-ready state.

Frontoparietal and visual cortices flexibly
reconfigure to support reasoning
During the resting state scans, we found a largely fragmented
community structure among frontoparietal and visual regions,
consisting of 9 small communities. While these regions were part
of many different communities at rest, they joined together to
form a single strongly connected community during the task (see
Fig. 4). This task-based community was maintained across all four
task conditions. This result is consistent with previous work from
Hearne and colleagues, who found that frontoparietal and visual
cortical regions exhibited increased reconfiguration, forming a
single community structure during a Latin Squares reasoning task
(2017). Previous work has shown that generally, frontoparietal
cortex shows increased reconfiguration compared to other brain
regions, and that increased flexibility of frontoparietal cortex is
associated with better performance on motor sequence learning,
associative learning, and working memory tasks (Bassett et al.
2011; Braun et al. 2015; Betzel et al. 2017; Gerraty et al. 2018).
Moreover, patterns of task-based network reconfiguration occur-
ring in frontoparietal control regions is predictive of individual
differences in fluid intelligence scores (Greene et al. 2018).

Frontoparietal cortical regions are uniquely positioned to inte-
grate information across distal regions of cortex (for review, see
Parks and Madden 2013; Avena-Koenigsberger et al. 2017). During
abstract reasoning, the brain must balance global integration
of information with local specialization. Functional brain net-
works facilitate this balance with a rich-club organization where
hub regions, regions with strong network-wide connectivity, are
also highly interconnected with each other (van den Heuvel and
Sporns 2011). Frontoparietal cortex contains hubs that are well-
positioned to facilitate interaction between functional networks
(Gratton, Sun, et al. 2018b). Previous work has demonstrated that
the brain adaptively shifts between various task demands by flex-
ibly altering global functional connectivity patterns functional
with hubs in the frontoparietal control network (Cole et al. 2013).
We propose that the formation of a strong frontoparietal-visual
community facilitates the brain-wide integration of visuospatial
information across networks.

Frontoparietal network activity and
reconfiguration supports reasoning
In our study, frontoparietal cortex was significantly more active
for reasoning conditions compared to matching conditions (see
Fig. 5). Moreover, activation of the cognitive control network, as
defined a priori in the Yeo-7 atlas, was greater for the symbolic
reasoning contrast compared to the perceptual reasoning con-
trast (see Fig. 3). Frontoparietal cortical regions are known to be
activated in a variety of abstract reasoning paradigms including
tasks of analogical reasoning (Green et al. 2010; Watson and Chat-
terjee 2012), rule learning (Wallis et al. 2001), and matrix reasoning
(Prabhakaran et al. 1997; Christoff et al. 2001; Melrose et al. 2007,
2018; Golde et al. 2010). Functional MRI studies have demon-
strated lateral parietal activity during tasks of top-down directed
attention (Bisley and Goldberg 2003), mental rotation and spatial
reasoning (Schendan and Stern 2007, 2008), and magnitude pro-
cessing (including numerical, temporal, and spatial magnitudes)
(Walsh 2003; Ansari et al. 2006; Holloway et al. 2010; Maloney
et al. 2010; Van Opstal and Verguts 2013; Sokolowski et al. 2017).
Lateral prefrontal cortex has also been implicated in abstract
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reasoning behavior and previous studies have demonstrated acti-
vation associated with increased rule complexity, relational inte-
gration, and working memory demands (Prabhakaran et al. 1997;
Christoff et al. 2001; Bunge et al. 2009; Wendelken et al. 2012).
More generally, researchers have proposed that frontoparietal
cortex functionally contributes to general human intelligence,
which is often measured with abstract reasoning tasks similar to
the one used in our experiment (Jung and Haier 2007; Vakhtin et al.
2014; Fraenz et al. 2021).

In addition to robust evidence linking frontoparietal activation
to reasoning, previous work has shown that activation in lateral
and medial prefrontal cortex is linked to time-on-task (Christoff
et al. 2001; Grinbrand et al. 2011; Gilbert et al. 2012). The rea-
soning task used in our study was specifically designed to match
response times across conditions, so that brain activation patterns
were related to reasoning, rather than time-on-task. Building off
previous work, we show that even when response-times were
controlled for, reasoning reliably activated frontoparietal cortex.
Additionally, symbolic reasoning activated frontoparietal cortex
more strongly than perceptual reasoning.

Highly activated regions exhibited the greatest
network reconfiguration
We found that the cognitive control network not only increased
activation during symbolic and perceptual reasoning, but also
increased reconfiguration between resting and task states (see
Fig. 5). These frontoparietal cognitive control nodes enjoy a
privileged hub status within functional brain networks, with
increased functional connectivity to each other and to many
regions throughout the brain (van den Heuvel and Sporns 2011).
Previous work proposed that network nodes exhibiting both hub
status and increased task activation are uniquely positioned to
exert cognitive control (Gratton et al. 2016). Because of their
widely distributed connections to many other brain networks,
hub nodes have the ability to influence large-scale activation
patterns. We propose that the robust community structure of
frontoparietal hub nodes that formed during the task facilitates
the integration of information across distal brain regions and
results in increased task activation of the community.

Notably, the regions that showed the largest task-based
community reconfiguration also showed the largest magnitude
change in task-based activation (see Fig. 5), suggesting that task-
related co-activation could increase coupling between brain
regions. Through our denoising and weighted-GLM procedures
for calculating task-based functional connectivity (see section
Methods for details), we attempted to ensure that functional con-
nectivity measures were separate from task-based co-activation.
At a theoretical level, we propose that the reconfiguration of
these functional networks when transitioning from rest to task
occurs in order to facilitate more efficient task activation. Previous
studies using connectome fingerprinting have established that
resting-state functional connectivity is predictive of task-based
activation (Tobyne et al. 2018; Osher et al. 2019; Porter et al.
2022). Moreover, individual network connectivity is predictive
of task-based activity patterns (Salvo et al. 2021). Modeling
work using activity flow mapping has also shown that task
activation patterns can be predicted from the underlying network
of functional connectivity (Cole et al. 2016). Studies have also
shown that changes to the underlying functional connectome (e.g.
due to task-reconfiguration) can affect task activation patterns
(Arbabshirani et al. 2013; Tomasi and Volkow 2019; Cole et al.
2021). Together with this previous literature, our results suggest
that task activations occur along with an underlying functional

connectivity network that has been flexibly reconfigured into a
task-ready state.

Citation diversity statement
Recent work in neuroscience has identified a bias in citation prac-
tices such that papers from women and other minority scholars
are under-cited relative to the number of such papers in the field
(Dworkin, Linn, et al. 2020a; Dworkin, Zurn, et al. 2020b). Here we
quantify the citation diversity of the present manuscript exclud-
ing self-citations of the first and last authors of this manuscript.
Our reference list contains 9.49% woman-woman (first author-
last author), 11.8% man-woman, 20.0% woman–man, and 58.7%
man–man. This method is limited in that (i) names, pronouns,
and social media profiles used to construct the databases may
not, in every case, be indicative of gender identity and (ii) it
cannot account for intersex, non-binary, or transgender people.
Our reference list contains 6.58% author of color (first)/author
of color(last), 15.3% white author/author of color, 21.0% author
of color/white author, and 57.13% white author/white author.
This method is limited in that (i) names and Florida Voter Data
to make the predictions may not be indicative of racial/ethnic
identity, and (ii) it cannot account for Indigenous and mixed-race
authors, or those who may face differential biases due to the
ambiguous racialization or ethnicization of their names. Method-
ological details of how we obtained these estimates can be found
in Zhou et al. (2020). We look forward to future work that supports
equitable practices in science.
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Supplementary material is available at Cerebral Cortex online.
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