Received: 19 May 2020

Revised: 21 December 2020

Accepted: 22 December 2020

DOI: 10.1002/hbm.25337

RESEARCH ARTICLE

WILEY

Age differences in functional network reconfiguration
with working memory training

Alexandru D. lordan? |
Katherine A. Cooke! |
Scott J. Peltier®” |

Department of Psychology, University of
Michigan, Ann Arbor, Michigan

2Department of Mental Health, Bloomberg
School of Public Health, Johns Hopkins
University, Baltimore, Maryland

3Department of Human Development and
Family Science, Virginia Tech, Blacksburg,
Virginia

“MIND Research Institute, Irvine, California

5School of Education, University of California-
Irvine, Irvine, California

SFunctional MRI Laboratory, University of
Michigan, Ann Arbor, Michigan

“Department of Biomedical Engineering,
University of Michigan, Ann Arbor, Michigan

Correspondence

Alexandru D. lordan, Department of
Psychology, University of Michigan,

530 Church Street, Ann Arbor, Ml 48109.
Email: adiordan@umich.edu

Funding information

National Center for Advancing Translational
Sciences, Grant/Award Numbers: KL2 TR
002241, UL1 TR 002240; National Institute on
Aging, Grant/Award Number: R21-AG-
045460; NIH Office of the Director, Grant/
Award Number: 15100D012240-01A1

1 | INTRODUCTION

Cognitive performance critically depends on the brain's ability to bal-
ance functional integration and segregation (Dehaene, Kerszberg, &
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Abstract

Demanding cognitive functions like working memory (WM) depend on functional
brain networks being able to communicate efficiently while also maintaining some
degree of modularity. Evidence suggests that aging can disrupt this balance between
integration and modularity. In this study, we examined how cognitive training affects
the integration and modularity of functional networks in older and younger adults.
Twenty three younger and 23 older adults participated in 10 days of verbal WM
training, leading to performance gains in both age groups. Older adults exhibited
lower modularity overall and a greater decrement when switching from rest to task,
compared to younger adults. Interestingly, younger but not older adults showed
increased task-related modularity with training. Furthermore, whereas training
increased efficiency within, and decreased participation of, the default-mode net-
work for younger adults, it enhanced efficiency within a task-specific salience/senso-
rimotor network for older adults. Finally, training increased segregation of the
default-mode from frontoparietal/salience and visual networks in younger adults,
while it diffusely increased between-network connectivity in older adults. Thus, while
younger adults increase network segregation with training, suggesting more auto-
mated processing, older adults persist in, and potentially amplify, a more integrated
and costly global workspace, suggesting different age-related trajectories in func-

tional network reorganization with WM training.

KEYWORDS
cingulo-opercular network, global efficiency, graph theory, intrinsic activity, participation
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Changeux, 1998), which is supported by the brain's modular network
organization (Crossley et al., 2013). By definition, a modular network
has denser connections within its modules (or subnetworks) and sparser
connections between different component modules (Newman, 2006).
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Typically, brain network modularity has been studied using resting-
state functional MRI recordings and a high level of modularity has
been associated with better performance in various cognitive
domains, such as working memory (WM), attention, episodic memory,
learning, and overall intelligence (for a recent review, see Gallen &
D'Esposito, 2019).

Brain imaging evidence also shows that modularity decreases
with aging (e.g., Betzel et al., 2014; Cao et al., 2014; Chan, Park,
Savalia, Petersen, & Wig, 2014; Gallen, Turner, Adnan, & D'Esposito,
2016; Geerligs, Renken, Saliasi, Maurits, & Lorist, 2015; lordan
et al., 2018; Onoda & Yamaguchi, 2013; Song et al., 2014), as brain
networks become overall less functionally distinct, consistent with the
idea of age-related functional dedifferentiation (Grady, 2012; Park
et al., 2004; Park, Carp, Hebrank, Park, & Polk, 2010). Furthermore,
aging disproportionately affects “associative” brain networks that
mediate higher-level functions, such as the frontoparietal and default-
mode networks, compared to “sensory-motor” networks, such as the
somato-sensorimotor and visual networks (Chan et al., 2014; Geerligs
et al., 2015; lordan et al., 2018; Malagurski, Liem, Oschwald, Mérillat,
& Jancke, 2020). Thus, current evidence suggests that age-related
cognitive decline is linked, at least in part, to altered communication
within and between the associative brain networks.

Complementing resting-state investigations, task-related data
show that functional brain modularity is also influenced by the level of
cognitive demand or load. In general, the performance of challenging
tasks has been associated with switching from a relatively segregated
network configuration, which typically characterizes the resting-state,
to a more integrated network configuration, that supports cognitive
performance (Braun et al., 2015; Cohen & D'Esposito, 2016; Finc
et al., 2017, 2020; Shine et al., 2016; Vatansever, Menon, Manktelow,
Sahakian, & Stamatakis, 2015; Zuo, Yang, Liu, Li, & Jiang, 2018). Con-
sequently, complex cognitive functions, such as WM, elicit more
extensive network reconfigurations compared to lower-level or highly
automated functions, and these reconfigurations primarily involve the
associative brain networks (e.g., Cohen & D'Esposito, 2016; Cole
et al,, 2013; Yue et al,, 2017). Demand-dependent changes in the
functional relationships between these networks have been reported
in various cognitive domains, including WM (Vatansever et al., 2015),
decision making (Cole et al., 2013), and reasoning (Hearne, Cocchi,
Zalesky, & Mattingley, 2017). Of note, although such task-related
reconfigurations are consistent and support behavioral performance,
they are relatively small compared to the functional relationships that
characterize the brain's intrinsic network architecture (Cole, Bassett,
Power, Braver, & Petersen, 2014; Crossley et al., 2013; Krienen,
Yeo, & Buckner, 2014).

Despite recent progress in elucidating the brain's large-scale func-
tional organization, important questions remain unanswered. For
instance, how does aging affect brain network reconfigurations
elicited by demanding cognitive tasks, and can these be influenced by
cognitive training? In line with the Compensation Related Utilization
(CRUNCH;

Cappell, 2008), brain activation studies have identified age differences

of Neural Circuits Hypothesis Reuter-Lorenz &

in neural recruitment during the performance of demanding cognitive

tasks (Li et al., 2015; Spreng, Wojtowicz, & Grady, 2010). Such studies
also point to cognitive demand as a critical factor influencing whether
older adults will over-activate or under-activate WM circuitry relative
to younger adults (Cappell, Gmeindl, & Reuter-Lorenz, 2010; Heinzel
et al., 2014; Schneider-Garces et al., 2010). However, age differences
in functional connectivity related to task transitions have been less
investigated (cf. Gallen, Turner, et al., 2016). Furthermore, recent evi-
dence shows that modularity increases with training in younger adults,
suggesting that less brain network integration is required to support
high performance once a task is automated, even for complex tasks,
such as WM (Finc et al., 2020). For older adults, recent evidence
(lordan et al., 2020) suggests that WM training increases brain respon-
siveness by shifting the activation peak toward higher WM loads.
However, it is unclear what changes in the large-scale network organi-
zation occur with training in older adults. Recently, brain network
modularity has been proposed as a biomarker of cognitive plasticity
(Gallen & D'Esposito, 2019) based, in part, on accumulating evidence
showing that individual differences in older adults’ network modular-
ity at rest predict cognitive gains in the context of training (Gallen
et al., 2016; lordan et al., 2018). This is exciting because it suggests
that the aging brain retains potential for plasticity, which could be
harnessed more broadly if the mechanisms underlying such benefits
can be further elucidated. However, no studies so far have investi-
gated age-related changes in the large-scale network organization
elicited by cognitive training, particularly during cognitive task
performance.

Here, we have investigated age differences in the reconfiguration
of large-scale functional brain networks in the context of WM train-
ing. Because we compared functional connectivity during both
resting-state and task performance, we focused on “background
connectivity,” that is endogenous or “residual” functional connectivity
between brain regions after accounting for variance related to evoked
task activity (Summerfield et al., 2006; Turk-Browne, 2013). Our
experimental sample comprised healthy older and younger adults who
participated in an adaptive verbal WM training study with three func-
tional MRI scanning sessions. Sessions 1 and 2 were 2 weeks apart
(Timel and Time2) and preceded a 10-day adaptive WM training
intervention. The third scanning session (Time3) was conducted
immediately after training, approximately 2 weeks after Time2. This
within-subject design enabled us to dissociate the effects of task-
exposure (Timel vs. Time2) from the effects of training (Time2
vs. Time3).

We used graph theory metrics to assess functional brain network
reorganization at three levels, specifically (a) at the level of the whole-
brain, (b) at the level of individual networks, and (c) at the level of
pairwise relations between brain regions. We focused on modularity
to assess whole-brain segregation/integration and followed-up with
measures of within-network and between-network communication,
that is, global efficiency and the participation coefficient, respectively.
Global efficiency is a graph measure that indexes integration of infor-
mation within a network, whereas the participation coefficient
indexes the propensity of nodes within a network to form links with

nodes outside of their own network. Finally, at the level of pairwise
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relations between regions, we employed the network-based statistic
(NBS) method, a univariate approach that tests links between regions
individually and controls for familywise error at the network level
(Zalesky, Fornito, & Bullmore, 2010).

Based on previous evidence, we made the following predictions:
First, we expected overall lower modularity in older compared to
younger adults, lower modularity during task performance compared
to resting-state, and progressively lower modularity with increasing
WM load. It remains an open question, however, whether older adults
would also show a greater decrease in modularity when switching
from resting-state to task mode and a steeper decrease in modularity
with increasing task load, compared to younger adults. Second,
regarding WM training, we expected that network reorganization
would be elicited by the training intervention and not by simple task-
exposure and that task-related functional connectivity would be more
sensitive to the training effects than resting-state recordings. A
related open question is whether younger adults would show a
greater enhancement in modularity with training, compared to older
adults. Finally, at the level of individual brain networks, we expected
that WM training would be linked to reconfigurations primarily at the
level of associative brain networks, in particular, the frontoparietal

and default-mode networks.

2 | MATERIALS AND METHODS

21 | Participants

A sample of 23 healthy, cognitively normal older and 23 younger
adults was recruited from the University of Michigan campus and
community surrounding Ann Arbor, Michigan. The initial sample size
was based on prior work examining age and load effects in WM
(Cappell et al., 2010). Detailed sample characteristics are presented
elsewhere (lordan et al., 2020). Briefly, all participants were right-
handed, native English speakers with normal or corrected-to-normal
hearing and vision and were screened for history of head injury, psy-
chiatric ilness, or alcohol/drug abuse. Data from 2 older and 2 younger
adults were excluded due to technical errors in the administration of

the training (1 older adult) or fMRI (1 younger adult) protocols,
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FIGURE 1

inability to perform the fMRI task (1 younger adult did not provide
responses to >50% of the trials), and attrition (1 older adult failed to
return for the last scan). Thus, the behavioral sample consisted of
21 older adults (age range: 63-75; 10 women) with a mean age of
67.81 (+3.31) years and 21 younger adults (age range: 18-28;
12 women) with a mean age (+SD) of 21.33 (+2.65) years. In addi-
tion, 1 younger and 3 older adults were excluded from the fMRI
analyses due to technical issues related to scan acquisition that
affected different phases of the scan, that is, task (2 older adults)
and resting-state (1 younger adult and 1 older adult), and thus the
fMRI sample consisted of 18 older and 20 younger adults. The Uni-
versity of Michigan Institutional Review Board approved all proce-
dures, and all participants provided informed consent before
participating.

2.2 | Experimental design and procedure

221 | fMRIWM task

During each of the three fMRI scanning sessions (Figure 1a), partici-
pants performed a delayed match-to-sample verbal WM task
(Sternberg, 1966) with span and supraspan loads (Figure 1b). At the
beginning of each trial, a set of letters was displayed during encoding
(4 s), followed by a fixation cross during the maintenance interval
(7 s). At retrieval, a probe letter was displayed on the screen (2 s), and
participants indicated by a button-press whether or not the probe
was part of the memory set. The memory sets varied in size from 4 to
8 letters for older adults and from 5 to 9 letters for younger adults.
These age-specific ranges of loads were chosen based on pilot data to
minimize ceiling and floor effects on WM performance, and to allow
comparisons of both baseline performance and training-induced
improvement. Both groups also completed a control condition (set
size of 1) that served as a “task mode” condition here, specifically a
WM task with a minimal load. During each fMRI session, participants
completed six blocks of 24 trials (one older and one younger adult
completed 5 runs at Time1), with each block comprising four trials of
each set size, displayed in random order. Before the first scanning ses-

sion, all participants practiced the task in a mock scanner, for a total
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Experimental design. (a) The present within-subjects design enabled the dissociation of task-exposure (Timel vs. Time2) from

training (Time2 vs. Time3) effects. (b) During each fMRI session, participants performed a delayed match-to-sample verbal WM task, with varying
memory sets. Abbreviations: OA, older adults; YA, younger adults; WM, working memory
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of 12 trials, with two trials per load. Participants were monitored
for understanding of the task and accurate responding, and before
each scanning session participants were reminded about the task

instructions.

2.2.2 | Behavioral WM training task

The training task was an adaptive verbal WM task, similar to the
fMRI task in terms of the type of stimuli employed (i.e., letters)
but different with respect to the set sizes and timing (lordan
et al., 2018). All participants started the first training session with a
set size of three letters. The number of letters in each memory set
remained constant for each block and was determined by the par-
ticipant's performance in the previous block. The set size increased
by one letter if the participants’ accuracy was >86% on the preced-
ing block and decreased by one letter if their accuracy was <72%.
The set size attained in the last session of each day was used as
the starting set size the subsequent day. For each trial, the memory
set was displayed for a duration weighted by its size (325 ms x set
size) at encoding, followed by a 3 s maintenance interval, anda 2 s
retrieval period. Participants completed six blocks of 14 trials dur-
ing each of the 10 training sessions. All training sessions occurred
in our laboratory at the University of Michigan, lasted approxi-
mately 15 min each, and were scheduled on consecutive days
(except weekends). Both the fMRI and the training tasks were
presented using E-Prime 2.0 (Psychology Software Tools, Pitts-
burgh, PA).

2.3 | Imaging protocol

Imaging data were collected using a 3 T General Electric MR750 scan-
ner with an eight-channel head coil. Functional images were acquired
in ascending order using a spiral-in sequence, with MR parameters:
TR = 2000ms; TE = 30ms; flip angle = 90°; field of
view = 220 x 220 mm?; matrix size = 64 x 64; slice thickness = 3 mm,
no gap; 43 slices; voxel size = 3.44 x 3.44 x 3 mm?S. After an initial
10 s of signal stabilization, 168 volumes were acquired for each of the
6 WM task runs and 235 volumes were acquired for the resting-state
run, respectively. A high-resolution T;-weighted anatomical image
was also collected following the WM task and preceding resting-state
acquisition, using spoiled-gradient-recalled acquisition (SPGR) in
steady-state imaging (TR = 12.24 ms, TE = 5.18 ms; flip angle = 15°,
field of view = 256 x 256 mm?, matrix size = 256 x 256; slice
thickness = 1 mm; 156 slices; voxel size = 1 x 1 x 1 mm?®). Images
were produced using a k-space de-spiking of outliers, followed by
image reconstruction using an in-house iterative algorithm with field-
map correction (Sutton, Noll, & Fessler, 2003), which has superior
reconstruction quality compared to non-iterative conjugate phase
reconstruction. Initial images and field-map estimates were inspected
for distortions and when present, the field maps were re-estimated

using maps from adjacent runs.

24 | Preprocessing

Preprocessing was performed using SPM12 (Wellcome Department
of Cognitive Neurology, London) and MATLAB R2015a (The
MathWorks Inc., Natick, MA). Functional images were slice-time
corrected, realigned, and co-registered to the anatomical image using
a mean functional image. A study-specific anatomical template was
created (younger and older adults together; lordan et al., 2018), using
Diffeomorphic Anatomical Registration Through Exponentiated Lie
Algebra (DARTEL; Ashburner, 2007), based on segmented gray matter
and white matter tissue classes, to optimize inter-participant align-
ment (Klein et al., 2009). The DARTEL flowfields and MNI transforma-
tion were then applied to the functional images, and the functional
images were resampled to 3 x 3 x 3 mm?® voxel size. Additional spatial
smoothing was not applied, based on evidence that it negatively
affects network properties and graph measures (see Alakorkko,
Saarimaki, Glerean, Saramaki, & Korhonen, 2017; Fornito, Zalesky, &
Breakspear, 2013; Korhonen, Saarimaki, Glerean, Sams, &
Saramaki, 2017; Stanley et al., 2013; Triana, Glerean, Saramaki, &
Korhonen, 2020; van den Heuvel, Stam, Kahn, & Hulshoff Pol, 2009;
Zalesky, Fornito, & Bullmore, 2012). (See Supplementary Results for a
control analysis using smoothed data.) Identification of outlier scans
was performed using Artifact Detection Tools (ART; www.nitrc.org/
projects/_artifact_detect/), as follows. Scans were classified as outliers
if frame-to-frame displacement exceeded 0.5 mm in composite
motion (combination of translational and rotational displacements) or
3 SDs in the global mean signal. On average, the proportion of outliers
was at or below 5% in both older (task: 4.33%, resting-state: 3.4%)
and younger adults (task: 5.08%, resting-state: 3.6%). Scan-nulling
regressors (i.e., 1 for the outlier volume and O everywhere else) were
added to the time-series denoising step (Whitfield-Gabrieli & Nieto-
Castanon, 2012) in the linear regression to address outlier volumes
(see below). Overall, there was more motion during task than during
rest. Mixed-model Group x Time x DataType ANOVAs indicated
more outliers (F134 = 4.26, p = .046, np2 = 0.11), as well as more
motion (i.e., max frame displacement) both before (F134 = 12.29,
p = .001, 5,2 = 0.25) and after “scrubbing” (F13s = 21.03, p < .001,
npz = 0.37), for task compared to resting-state acquisition. This was
not surprising, given that participants provided motor responses dur-
ing the WM task and the task data acquisition lasted substantially lon-
ger than the resting-state. Critically, though, there were no
differences in motion between the two groups (ps > .3), and no other

significant main effects or interactions (ps > .05).

2.5 | Graph construction

Brain-wide functional connectivity analyses were performed using the
Connectivity Toolbox (CONN; Whitfield-Gabrieli & Nieto-Castanon,
2012). To construct a brain-wide graph, we employed a commonly
used functional atlas (Power et al., 2011) shown to provide good
homogeneity across younger and older participants (Geerligs, Tsvetanov,
& Henson, 2017). The Power et al. atlas comprises 264 cortical and
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subcortical coordinates defined meta-analytically, across a variety
of tasks, from a large participant sample (N > 300). (For robustness
analyses, we also employed another parcellation by Schaefer et al.
(2018), derived from resting-state data; see Supplementary Results.)
A 5 mm-radius sphere was centered at each of the Power et al. atlas
coordinates. To ensure that the graph comprised regions that were
not susceptible to fMRI signal drop-out, each sphere was filtered
through a sample-level signal intensity mask, calculated as follows.
First, binary masks were calculated for each participant's resting-
state and task data, at each time point, thresholded at >70% mean
signal intensity (Cohen & D'Esposito, 2016; Geerligs et al., 2015;
lordan et al., 2018), computed over all voxels, using ART. Then,
a sample-level mask was calculated, across all participants, using
logical “AND” conjunction. Regions with fewer than 8 voxels (~50%
volume) overlap with the sample-level mask were excluded, leaving
221 regions of interest (ROls). Of note, this procedure eliminated
mostly nodes affiliated with the “Uncertain” module in the Power
et al. atlas (i.e., 68% of the “Uncertain” nodes were eliminated),
which includes brain regions typically susceptible to fMRI signal
drop-out (Power et al., 2011).

To remove physiological and other sources of noise from the
fMRI time series we used linear regression and the anatomical Com-
pCor method (Behzadi, Restom, Liau, & Liu, 2007; Chai, Castanon,
Ongur, & Whitfield-Gabrieli, 2012; Muschelli et al., 2014), as
implemented in CONN. Each participant's white matter and cere-
brospinal fluid masks derived during segmentation, eroded by
1 voxel to minimize partial volume effects, were used as noise ROls.
The following temporal covariates were added to the model: unde-
sired linear trend, signal extracted from each participant's noise
ROIs (5 principal component analysis parameters for each), motion
parameters (3 rotation and 3 translation parameters, plus their first-
order temporal derivatives), regressors for each outlier scan
(i.e., “scrubbing”; one covariate was added for each outlier scan,
consisting of 0's everywhere but the outlier scan, coded as “1”). For
the task-based functional connectivity analyses, additional task
regressors were added as covariates of no interest (Cole
et al., 2014; Hearne et al., 2017), as follows. Separate regressors
were added for the encoding and probe onsets, respectively, for
each condition (loads 1, 4-8 for older adults/5-9 for younger adults;
total 12 regressors), modeled as boxcar functions convolved with a
canonical hemodynamic response function (HRF). An additional
regressor modeled the maintenance intervals of incorrectly
answered trials. The residual fMRI time series were band-pass fil-
tered (0.01 Hz < f < 0.15 Hz) at a low-frequency component sensi-
tive to both resting-state and task-based functional connectivity
(Hearne et al., 2017; Sun, Miller, & D'Esposito, 2004). (See Supple-
mentary Results for a control analysis using high-pass filtering.)

For the resting-state data, functional connectivity was estimated
using a Pearson correlation between each pair of time series, resulting
in a 3 (time points) x 221 x 221 connectivity matrix for each partici-
pant. For the task-based functional connectivity analyses, we

employed the regression approach described above to account for

variance associated with task-related coactivation (Cole et al., 2014;
Hearne et al., 2017); see Supplementary Results for a control analysis
using finite impulse response task regression (Cole et al., 2019). Then,
the residual time series from each 7 s maintenance interval (account-
ing for hemodynamic delay by convolving the boxcar regressor for
each maintenance interval with a rectified HRF; Whitfield-Gabrieli &
Nieto-Castanon, 2012) were concatenated to form condition-specific
time series for each brain region. This enabled us to compare directly
connectivity between resting-state and task modes (Hearne
et al., 2017). An HRF-weighted Pearson correlation was calculated for
the resulting regional time series, resulting in a 3 (time points) x 6
(conditions) x 221 x 221 connectivity matrix for each participant.
(See Supplementary Results for a control analysis equating resting-
state and WM condition durations.)

Finally, the correlation coefficients were Fisher-z transformed,
and the diagonal of the connectivity matrix was set to zero. Unless
stated otherwise (see Pairwise Connectivity Analyses below), we
retained only positive connectivity values for further analyses, consis-
tent with prior, related studies (Chan et al., 2014; Cohen &
D'Esposito, 2016; Finc et al., 2020; Hearne et al., 2017). Setting nega-
tive connectivity values to zero before proportional thresholding (see
below) prevents inclusion of negative values in the thresholded matri-
ces. Here, thresholding signed and positive-only matrices yielded
identical results. Negative edge weights are often set to zero when
analyzing fMRI connectivity data due to continuing debates regarding
their interpretation (see Chai, Castaién, Ongiir, & Whitfield-Gabrieli,
2012; Murphy, Birn, Handwerker, Jones, & Bandettini, 2009;
Schélvinck, Maier, Ye, Duyn, & Leopold, 2010). Matrices were then
thresholded based on connection density (preserving connection
weights), which equates the number of edges across graphs and
allows proper comparisons (Garrison, Scheinost, Finn, Shen, &
Constable, 2015; van Wijk, Stam, & Daffertshofer, 2010). To ensure
that results were not due to any specific threshold, calculations were
performed for a range comprising 10-30% of the strongest connec-
tions, in 2% increments. Thresholding is generally recommended
because inclusion of false-positive connections is more detrimental to
network measure computations than exclusion of false-negative con-
nections (van den Heuvel et al., 2017; Zalesky et al., 2016). This
threshold range satisfied several established criteria for graph con-
nectedness and small-worldness (see Chong et al., 2019), as follows:
(a) the average of number of edges per node was larger than the total
number of nodes (Wang et al., 2009), (b) at least 80% of the nodes
were fully connected (Bassett et al., 2008), and (c) small-worldness of
the network was >1 (Watts & Strogatz, 1998). (See Supplementary
Results for details.) In addition, this threshold range has been shown
to provide robust functional brain-network characterizations (Garrison
et al.,, 2015) and is similar to that used in previous work assessing con-
nectivity reconfigurations as a function of task demands (e.g., Cohen &
D'Esposito, 2016; Cole et al., 2014; Hearne et al., 2017), thus enabling
comparison of the results. Graph construction and analyses were
performed using tools from the Brain Connectivity Toolbox (BCT;
Rubinov & Sporns, 2010).
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2.6 | Analysis overview

We assessed age differences in functional network reorganization
with WM training at three levels of progressively increased granular-
ity. First, at the whole-brain level, we derived community partitions for
resting-state and each task condition, separately at each time point,
and assessed network modularity. Task-exposure effects were identi-
fied by comparing the two-time points preceding training (i.e., Timel
vs. Time2), whereas training effects were identified by comparing pre-
training versus post-training (i.e., Time2 vs. Time3). Then, significant
training effects at the whole-brain level were followed-up at the indi-
vidual-network level, separately within each group. Here, we focused
on measures of within- and between-network communication, specifi-
cally global efficiency and the participation coefficient. To avoid circu-
larity, node-module assignments independently derived at Timel
were used for pre-training versus post-training comparisons (Time2
vs. Time3). Finally, we examined training effects at the level of
pairwise relations between brain regions, using network-based statis-
tics (NBS; Zalesky et al., 2010).

2.6.1 | Whole-brain network analyses

Modularity calculations

To assess the strength of network segregation at the whole-brain
level, we employed the Louvain algorithm (Blondel, Guillaume, Lamb-
iotte, & Lefebvre, 2008). The algorithm optimizes a modularity quality
function (Q) comparing the observed intra-module connectivity with
that which would be expected by chance (Newman, 2006; Newman &
Girvan, 2004). Higher modularity values indicate more segregation
whereas lower modularity values indicate less segregation between
modules or subnetworks. The modularity index is formally defined as

follows:
1
Q = ﬁ %-j [AU —J/e,'}'] 6(m,', mj)

where E is the number of graph edges, A is the adjacency matrix, y is
the resolution parameter, e is the null model [here, e = kik;/2E, where
ki and k; are the degrees of the nodes i and j], and § is an indicator that
equals 1 if nodes i and j belong to the same module and O otherwise.
Because the Louvain algorithm is non-deterministic, modularity was
calculated as the average over 1,000 runs of the algorithm. In addi-
tion, because differences in total connectivity strength between
groups may influence the results, modularity scores for each partici-
pant and condition were normalized by dividing them by the average
modularity of a null distribution, calculated by randomly rewiring each
original network 1,000 times (Maslov & Sneppen, 2002). This
approach has been previously validated in the context of working
memory training (Finc et al., 2020), thus enabling comparison of the
results. Of note, age differences in mean connectivity did not occur
during resting state, but were driven by within-group differential

responses to changing task demands and were modulated by training

(see Supplementary Results). Because such differences cannot be sim-
ply attributed to physiological noise, regression of mean connectivity
was not applied (for a discussion, see Geerligs et al., 2017). (See Sup-
plementary Results for a control analysis using regression of mean
connectivity.)

We ran the Louvain algorithm over a range of the resolution
parameter gamma (y) from 1 to 2 in increments of 0.1, based on previ-
ous evidence (Hughes, Faskowitz, Cassidy, Sporns, & Krendl, 2020)
that gamma values in this range are adequate for comparing commu-
nity structure in younger and older adults. Robustness analyses
showed overall consistent results over this gamma range (see Supple-
mentary Results and Table S1). For subsequent analyses, the resolu-
tion parameter was set to y = 1.3, a value that generated resting-state
community structures with the following properties: (a) high similarity
with the Power et al. (2011) canonical networks, (b) comparable num-
ber of detected networks for younger and older adults, and (c) low
number of singletons (i.e., nodes with unclear network affiliation; for
details, see Supplementary Results). Of note, this gamma value is simi-
lar to those employed by other related investigations (e.g., Cohen &
D'Esposito, 2016; lordan et al., 2018), allowing comparison of the
results. In addition, we replicated the results using a different
parcellation, by Schaefer et al. (2018) (see Supplementary Results and
Figure S1).

Modularity scores for each participant, condition, and time point
were exported to SPSS (IBM Corporation, Armonk, NY) and analyzed
within the ANOVA framework. A Greenhouse-Geisser correction for
violation of sphericity was applied as needed, for all ANOVA models.
Effect sizes are reported as partial eta squared (npz). First, we focused
on the switch between resting-state and task mode (i.e., load of 1) and
examined effects on modularity across all three time points, using a
Group x Time x Mode mixed-effects ANOVA. Then, we focused on
the WM loads common to both groups (i.e., loads 5-8) and examined
the effects on modularity across all three time points using a Group-
x Time x Load mixed-effects ANOVA. Significant effects of Load
were followed-up with linear trend analyses, whereas significant
effects of Time were followed-up by separately assessing task-expo-
sure (Timel vs. Time2) and training effects (i.e., Time2 vs. Time3)
between and within groups. Of note, between-group comparisons
were performed using Group x Time x Load ANOVAs across WM
loads common to both groups (i.e., loads 5-8), whereas within-group
comparisons were performed using Time x Load ANOVAs across
group-specific loads (i.e., loads 4-8 for older and loads 5-9 for youn-
ger adults). Matching on load provided us with a set of reliable param-
eters for analyzing WM performance across the different time points.
Specifically, whereas nominal load was fixed over time, the difficulty
associated with a specific load was assumed to vary, that is, decrease

with training.

Individual and group-level consensus partitions

To achieve a community structure representative of each group, for
every experimental condition, we used consensus clustering
(Lancichinetti & Fortunato, 2012). This capitalizes on the consistency

of each node's module affiliation across a set of partitions, thus
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circumventing the known degeneracy of the Louvain algorithm (Good,
de Montjoye, & Clauset, 2010). To account for potential differences in
network configuration due to age or experimental condition, we used
a “purely” data-driven approach (i.e., no node-community affiliation
priors were employed). Consensus clustering was applied first at the
individual level, to generate a robust partition for each participant,
and then at the group level, to generate a representative partition for
each group. First, to generate a robust partition for each participant,
the Louvain algorithm was run 1,000 times. For each participant, we
constructed an agreement matrix representing the fraction of runs in
which each pair of nodes was assigned to the same module. The Lou-
vain algorithm was then iteratively run on the agreement matrix
(1,000 Louvain runs at each step), to generate a consensus partition
for each participant. For each iteration, the agreement matrix was rec-
alculated and thresholded, until a single representative partition was
obtained for each participant. Second, to generate a group-level rep-
resentative partition, an agreement matrix was calculated based on
the consensus partitions of all participants in one group. The Louvain
algorithm was then run on the agreement matrix to obtain a consen-
sus partition for each group, as described above. The thresholding
parameter for the agreement matrix was set to = = 0.4, a value similar
to those used in other investigations (e.g., Cohen & D'Esposito, 2016;
lordan et al., 2018); a range of commonly employed values, = [0.3,
0.4, 0.5] (Lancichinetti & Fortunato, 2012), yielded broadly similar
results (see Supplementary Results).

To assess between- and within-subject differences in community
structure across rest/task conditions and time points (i.e., network
reconfiguration), we calculated variation of information (VIn), which is
a metric of the distance between two partitions (Meila, 2007). Low
VIn values indicate greater similarity, whereas high VIn values indicate
less similarity between the two partitions. Similar to the approach
employed for the modularity analyses presented above, first we
assessed between-groups differences in network reconfiguration from
resting-state to task mode. Specifically, we calculated VIn between
each participant's resting-state and task mode (i.e., load of 1) parti-
tions, separately for each time point, and then examined between-
group differences in VIn across all three time points, using a
Group x Time mixed-effects ANOVA; for a similar approach, see
Gallen, Turner, et al. (2016). Second, we assessed within-group differ-
ences in network reconfiguration across WM loads and time, sepa-
rately for older and younger adults. We used a repeated-measures
permutation procedure to compare the observed variation of informa-
tion with null models, similar to procedures previously employed by
Dwyer et al. (2014) and Hearne et al. (2017). Specifically, for each
contrast of interest, half of the participants’ condition labels were ran-
domly switched, resulting in two new sets of individual-level module
structures. Then, these shuffled module structures were run through
the previously described partitioning pipeline, to generate randomized
group-level module partitions. For computational efficiency, we itera-
tively ran the Louvain algorithm on the agreement matrix 100 times at
each step. Finally, the difference between these partitions was calcu-
lated using VIn. To build a null distribution, the procedure was

repeated 1,000 times for each contrast of interest, and statistical

significance was ascribed by comparing the actual data with the null
distribution.

2.6.2 | Network-level analyses

Training effects at the whole-brain level were followed-up at the
individual-network level, separately within each group. We specifically
targeted the frontoparietal and default-mode modules due to these
networks' sensitivity to both aging and training effects (Salmi,
Nyberg, & Laine, 2018; Spreng et al., 2010). To avoid circularity,
node-module assignments independently derived at Timel were used
for pre- vs. post-training comparisons (Time2 vs. Time3); see lordan
et al. (2020) for a similar approach. Furthermore, to enable compara-
bility across conditions, each module was represented only by those
nodes that were consistently assigned to the same module, across all
loads (i.e., logical “AND” conjunction of affiliations across all loads),
based on the Timel group-level consensus partitions (Geerligs
et al., 2015; lordan et al., 2018). We focused on two commonly used
network measures indexing within-network and between-network
communication, namely global efficiency and the participation coeffi-
cient. Training effects on these network measures were tested using
Time x Load ANOVAs performed separately, within each group, for
each targeted brain network.

Global efficiency

To assess within-network communication, we calculated global effi-
Global (Latora &
Marchiori, 2003) is formally defined as follows:

ciency within each module. efficiency

o= 1 1
gob T N(N=1) 1

where N is the number of nodes in the graph and Lj; is the shortest path
length between nodes i and j. At the level of functional brain networks,
global efficiency is thought to index the capacity for parallel information
transfer and integrated processing among all components part of a net-
work (Achard & Bullmore, 2007; Rubinov & Sporns, 2010). Here, we
used global efficiency to examine training effects on network communi-
cation within modules, based on previous evidence linking high global
brain-network efficiency with enhanced cognitive performance
(e.g., Bassett et al., 2009; Meunier, Stamatakis, & Tyler, 2014; Shine
et al.,, 2016; van den Heuvel et al., 2009). Global efficiency was sepa-
rately calculated for each individual network by creating a sub-graph

containing only the nodes part of that specific network.

Participation coefficient

To assess between-network communication, we calculated the partici-
pation coefficient for each module. The participation coefficient
(Guimera & Amaral, 2005) indexes inter-network connectivity by
quantifying the distribution of each node's connections across differ-
ent modules. The participation coefficient of a node i is defined as

follows:
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where M is the number of modules in the graph, and ki(m) is the
degree of node i within its own module m, and k; is the degree of node
i regardless of module membership. Participation coefficients of all
nodes within a module were averaged to provide an estimate of mean

participation for a module.

2.6.3 | Pairwise connectivity analysis

To identify training effects at a sub-network level, we employed the
network-based statistic approach (Zalesky et al., 2010), a procedure
that tests for differences in pairwise connectivity between brain
regions while controlling for family-wise error (FWE) at the network
level. Using a general linear model, we tested for differences due to
training and load, separately within each group. For simplicity of inter-
pretation, we limited these analyses to the lowest versus highest loads
within each group (i.e., loads 4 vs. 8 for older adults, and loads 5 vs.
9 for younger adults). We ran the following contrasts: Time3 > Time2,
to identify increased connectivity with training; Time2 > Time3, to
identify decreased connectivity with training; High Load > Low Load,
to identify increased connectivity with load; Low Load > High Load, to
identify decreased connectivity with load. Analyses were performed
on unthresholded functional connectivity matrices (positive and nega-
tive values) and links between any two regions were independently
tested against the null hypothesis using paired t tests. The threshold
was set to p <.002 (one-tailed) within each group, a value that
enabled detection of medium-sized network components while elimi-
nating small and/or spurious effects; see, for example, Finc
et al. (2017) and Hearne et al. (2017) for a similar approach. Robust-
ness analysis for a range of thresholds, .001 < p <.005, yielded
broadly similar results (see Supplementary Results and Tables S2 and
S3). Permutation tests (5,000 permutations) were employed to calcu-
late p values for the detected components and only components that
survived p < .05, FWE-corrected at the whole-network level, were
reported. This analysis allowed identification of training effects at the
level of network components and thus provided results complemen-

tary to the graph analyses described above.

3 | RESULTS

3.1 | Behavioral analyses

Behavioral results showed that WM performance improved with
training for both groups, and were presented elsewhere (lordan
et al., 2020). Briefly, effects of task-exposure and training on WM per-
formance were examined with loads 5-8, which were common to
both groups, using Group x Time x Load ANOVAs on WM accuracy
scores. The main effect of Load was significant at p <.001 for all

ANOVA models. First, the task-exposure analysis (Timel vs. Time2)

showed that, while younger adults performed overall better than older
adults (Group: Fq 40 = 5.91, p = .02, npz = 0.13), this group difference
was reduced with task exposure (Group x Time: Fy 40 = 6.17, p = .017,
qu = 0.13). The main effect of Time was not significant (Fy 40 = 0.26,
p = .611, 5,2 = 0.01). Second, analysis of training effects (Time2
vs. Time3) showed that performance improved with training for both
groups (Time: Fq 40 = 13.04, p = .001, npz = 0.25). The main effect of
Group was not significant (Group: F140 = 2.34, p = .134, npz = 0.06).
Similar results were obtained when including only participants who
had complete fMRI data. Specifically, the task-exposure analysis
showed that younger adults performed overall better than older
adults (Group: Fq 36 = 5.5, p = .025, qu = 0.13) and that this group dif-
ference was reduced with task exposure (Group x Time: Fy 34 = 4.5,
p = .041, npz = 0.11), whereas analysis of training effects similarly
showed that performance improved with training for both groups
(Time: Fy 36 = 10.57, p = .003, np2 =0.23).

Here, we assessed age differences in functional network reorgani-
zation with WM training at three levels. First, we examined task-
exposure and training effects on brain-wide modularity and commu-
nity structure. Then, we examined training effects at the level of indi-
vidual brain networks, focusing on within- and between-network
communication, and using the network metrics of global efficiency
and participation coefficient. Finally, we examined training effects at
the level of pairwise relations between brain regions, using network-
based statistics.

32 |
training

Brain-wide effects of task-exposure and

3.21 |
modularity

Exposure and training effects on brain-wide

Modularity is a measure of network segregation, indexing the extent
to which a graph is organized into separable modules with dense con-
nections within and sparse connections between modules. Here, we
tested whether age and training influence the decrement in modular-
ity typically observed when (a) switching between resting-state and
task mode and (b) operating under increased task demand. To allow
between-groups comparisons, each modularity score was normalized
relative to a null distribution (Section 2). First, we focused on the
switch between resting-state and task mode (i.e., load of 1) and exam-
ined the effects on modularity across all three time points (Figure 2a).
A Group x Time x Mode ANOVA on estimates of modularity indi-
cated greater overall modularity in younger than older adults (Group:
F136 = 31.99, p <.001, ’7p2 = 0.47) and greater modularity during
resting-state than task mode (Mode: Fi3s = 141.51, p <.001,
npz = 0.8). In addition, results showed greater decrement in modularity
when switching from resting-state to task mode, in older compared to
younger adults (Group x Mode: Fy 34 = 19.14, p < .001, 5,° = 0.35).
No other effects were significant (ps > .17).

Second, we focused on WM loads common to both groups

(i.e., loads 5-8) and examined the effects on modularity across all
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FIGURE 2 Training effects on brain-wide modularity for older and younger adults. Each line represents an fMRI session. Sessions 1 and

2 (Time1 and Time2) preceded the training intervention, whereas session 3 (Time3) was conducted immediately after training. (a) Effect of
switching between resting-state and task mode (i.e., WM load of 1) on modularity. Although modularity decreased when shifting from rest to task
for both groups, older adults showed lower modularity overall and greater decrement with the rest-to-task shift. (b) Modularity as a function of
WM load (L). Only younger adults showed increased modularity with training. Error bars display standard error of the mean. Abbreviations: OA,

older adults; YA, younger adults; WM, working memory

three time points (Figure 2b). A Group x Time x Load ANOVA on esti-
mates of modularity (loads 5-8) again indicated greater overall modu-
larity in younger than older adults (Group: Fy3, = 37.38, p <.001,
npz = 0.51), as well as a main effect of Load (F3 108 = 5.89, p = .001,
npz = 0.14), qualified by a significant linear trend (F136 = 13.52,
p =.001, np2 = 0.27), indicating lower modularity with increasing load.
Furthermore, a significant Group x Load interaction (F310s = 3.21,
p =.026, qu = 0.08) indicated that modularity had a steeper decrease
as a function of Load in older compared to younger adults. Finally,
there was a significant Group x Time interaction (Fy70 = 4.64,
p =.013, np2 = 0.11), which we followed-up as planned, by separately
assessing task-exposure (Timel vs. Time2) and training effects (Time2
vs. Time3). Both analyses showed greater modularity in younger com-
pared to older adults (ps <.001) and no main effects of Time

(ps > .08). Critically, a significant Group x Time interaction was

obtained with training (F1.3s = 7.97, p = .008, 1,2 = 0.18) but not with
task-exposure (F134 = 1.14, p = .293, npz = 0.03), indicating greater
training-related gains in brain-wide modularity for younger compared
to older adults. Furthermore, analyses of task-exposure and training
effects performed across group-specific loads (i.e., loads 4-8 in older
and loads 5-9 in younger adults), separately within each age group,
showed greater modularity with WM training only for younger adults
(see Supplementary Results).

Overall, these results suggest that training increases brain-wide
modularity specifically in younger adults. Of note, the results reported
here used the brain parcellation by Power et al. (2011). For robustness
tests, we performed the same analyses using the Schaefer
et al. (2018) parcellation, and obtained similar results (see Supplemen-
tary Results and Figure S1). Finally, an ancillary analysis employing a

recently proposed measure of network segregation (Chan et al., 2014;
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Wig, 2017) provided results that were overall consistent with the
modularity findings (see Supplementary Results and Figure S2). How-
ever, as expected, the effects of training on segregation were rela-
tively less specific when employing the Power et al. (2011) intrinsic
(i.e., resting-state) node-module affiliations, instead of the data-driven
community structure detected for each individual condition. This sug-
gests that differences in community structure, such as those that
occur when shifting from resting-state to task mode (see below), may

bias the segregation, but not the modularity, metric.

3.2.2 | Age and rest-to-task shift effects on
community structure

While the modularity index characterizes the segregation/integration
quality of a network partition, it does not inform about its community
structure (i.e., composition of the modules). Hence, we also examined
the community structure at rest and during task performance, as well
as potential effects of task exposure and training on module composi-
tion, in older and younger adults. Community detection analyses iden-
tified five major modules during resting-state, for both older and
younger adults, which broadly correspond to the visual, sensorimotor,
salience/cingulo-opercular, frontoparietal, and default-mode networks
(Power et al., 2011; Yeo et al., 2011). This is consistent with previous,
related studies that used a similar data-driven approach in older and
younger adult samples comparable in size (e.g., Geerligs et al., 2015;
Hearne et al., 2017; Vatansever et al., 2015). (See Figure 3 for a depic-
tion of community structure at Timel.) However, switching between
resting-state and task mode (i.e., load of 1) led to a different module
configuration, and this was more evident in older adults. Specifically,
for older adults, task-mode was associated with the emergence of a

(a) Older adults
Vi
= Vis
SMN SMIN
- Sal/SMN
a
FPN FPN
DMN DMN

RS I R ) L5 L6 L7 L8

module comprising mainly salience and sensorimotor nodes (i.e., a
salience/sensorimotor module), whereas, for younger adults, the reor-
ganization from resting-state to task mode better preserved the dis-
tinction between these two modules. To ascribe statistical
significance to observed differences, we calculated the variation of
information metric (Meila, 2007), which indexes the distance between
two partitions; in this case, we estimated the distance between each
participant's resting-state and task mode partitions, separately for
each time point. A Group x Time mixed-effects ANOVA on variation
of information scores indicated greater rest to task network
reconfiguration in older than younger adults (Group: Fy 3¢ = 75.89,
p < .001, npz = 0.68), as well as a Group x Time interaction
(F272 = 4.19, p = .019, npz = 0.10). The main effect of Time was not
significant (p > .8). Together with the modularity results presented
above, these findings indicate greater network reorganization
supporting enhanced integration when transitioning from resting-
state to task mode, in older compared to younger adults.

Regarding network reorganization with WM load, the community
structure attained by older adults for the task mode was largely pre-
served with increasing task load (loads 4-8). In contrast, for younger
adults, a module emerged with increased WM load (loads 5-9), which
conjoined the frontoparietal and salience networks (i.e, a
frontoparietal/salience module). Given these descriptive results, we
next tested for statistical differences in community structure as a
function of Time and Load, separately for older and younger adults.
First, permutation tests (Section 2) identified differences in the com-
munity structure of resting-state compared to all WM loads, for both
groups (Figure 4a); at the same time, there were no consistent differ-
ences in community structure between the different loads (i.e., loads
4-8 in older and loads 5-9 in younger adults). Second, comparing

task-exposure (Timel vs. Time2) and training effects (Time2

(b) Younger adults
Vis Vis
SMN SMIN
Sal
EPN FPN/Sal
DMN DMN

RS L1 LS L6 L7 L8 L9

FIGURE 3 Community structure across conditions for older (a) and younger adults (b). The alluvial diagram illustrates the flow of node-
modaule affiliations across conditions (RS, resting-state; L, WM load) at Time1. Each individual streamline represents a node in the network,

colored by its original resting-state affiliation. Labels on the left identify main functional networks at rest, whereas labels on the right identify
main functional networks during task performance. Results are shown for 20% network density, but statistics were performed across multiple
thresholds (Section 2). Abbreviations: DMN, default-mode network; FPN, frontoparietal network; FPN/Sal, emerging frontoparietal/salience
network in younger adults; Sal, salience network; Sal/SMN, emerging salience-sensorimotor network in older adults; SMN, sensorimotor network;
Vis, visual network; WM, working memory. Figure displayed using Alluvial Generator (http://mapequation.org)


http://mapequation.org

= | WILEY

IORDAN ET AL.

(a) OA, Time,
L1 L4 L5 L6 L7 L8 RS

0.4

YA, Timel

L1 L5 L6 L7 L8 L9 RS 0.4

(b)

OA

Tlmel Vs, Tlme2

Tlmez Vs. Tlmea

Timeq vs. Times

11 14 L5 L6

OA, Timez
L1 L4 L5 L6 L7 L8 RS

YA, Timez
L1 L5 L6 L7 L8 L9 RS

L7 L8 RS

OA, Time3
04 L1 L4 L5 L6 L7 L8 RS 0.4
L1
L4
L5
L6
L7
L8
RS

YA, Time 3

0.4 L1 L5 L6 L7 L8 L9 RS

YA

Tlmel Vs. T/me2
Tlmez Vs. Tlme3

Tlmel VSs. Tlme3

11 L5 e L7 L8 L9 RS

FIGURE 4 Differences in community structure as a function of time and load. Heat maps reflect variation of information between any two
partitions, averaged across network density thresholds (Section 2). (a) Differences in community structure across conditions, for each scanning
session (i.e., time point). Only resting-state (RS) was systematically different from working memory load conditions (L). (b) There were no

significant differences in community structure across time for any condition. ‘p < .05; "p < .01; ""p < .001. Abbreviations: OA, older adults; YA,

younger adults

vs. Time3) for each load indicated no significant differences in com-
munity structure across time (Figure 4b). Together, these results sug-
gest that community structure varies mainly between resting-state
and task mode, and once the task-specific configuration is established,
increasing WM load or task-exposure/training do not substantially
alter community structure in older or younger adults.

3.3 | Training effects at the network level

The analyses of community structure presented above-identified simi-
lar modules across time and WM loads within each group. Because
brain-wide changes in segregation/integration may be driven by
changes in communication within and between specific networks, we
next examined training effects at the level of individual networks, in
older and younger adults. To analyze training effects on brain net-
works while avoiding circularity, we used the community structure
independently identified at Timel to compare network properties
pre-training versus post-training (Time2 vs. Time3). Because graph
measures depend on the number of nodes in a graph, each module

was represented only by those nodes that were consistently assigned

to the same module across loads at Timel (Geerligs et al., 2015;
lordan et al., 2018; see Figure 5). We targeted two a priori associative
WM/executive
frontoparietal/salience and default-mode networks. Of note, because

networks critical for function, that is, the
the emergence of a salience/sensorimotor module with WM load in
older adults was not initially anticipated, analyses pertaining to this
module were deemed exploratory. To assess within- and between-
network communication, we calculated global efficiency and the par-

ticipation coefficient for each network.

3.3.1 | Training effects on network efficiency

For older adults, a Time x Load ANOVA indicated no training effects
on global efficiency for the frontoparietal or default-mode networks
(ps > .3); however, there were main effects of Load for both networks
(frontoparietal: Fs6g = 3.64, p = .01, npz = 0.18; default-mode:
Faes = 2.88, p = .029, npz = 0.15), qualified by linear trends
(frontoparietal: F;47; = 9.59, p = .007, ;1,,2 = 0.36; default-mode:
Fi17 = 6.46, p = .021, ;1,)2 = 0.28), indicating lower efficiency with
increasing WM load in both networks. In contrast, training was
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FIGURE 5 Group-level community structure across WM loads, for older (a) and younger adults (b). Anatomical projections identify nodes
consistently assigned to modules across loads 4-8 in older adults (a) and loads 5-9 in younger adults (b) at Timel. Nodes are colored depending
on their module affiliation. Dark shades identify nodes that were assigned to the same module across all loads (i.e., logical “AND” conjunction of
affiliations across all WM loads; Section 2). Light shades identify nodes that were assigned to a module across most loads (i.e., mode of the set of
affiliations). Two singletons (i.e., nodes with uncertain module affiliation) for older adults are displayed in gray. Abbreviations: DMN, default-mode
network; FPN, frontoparietal network; FPN/Sal, frontoparietal/salience network; L, left; R, right; Sal/SMN, salience/sensorimotor network; SMN,
sensorimotor network; Vis, visual network. Figure displayed using BrainNet Viewer (https://www.nitrc.org/projects/bnv/)
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FIGURE 6 Training effects on network global efficiency for older (a) and younger adults (b). Older adults showed increased global efficiency
within Sal/SMN with training, whereas younger adults showed increased global efficiency within DMN with training. Error bars display standard
error of the mean. Abbreviations: DMN, default-mode network; FPN, frontoparietal network; FPN/Sal, frontoparietal/salience network; OA, older
adults; Sal/SMN, salience/sensorimotor network; WM, working memory; YA, younger adults
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associated with greater global efficiency within the combined salience/
= .008, 5,2 = 0.34

Figure 6a). For younger adults, results showed greater global efficiency

sensorimotor network (Time: Fii7 = 891, p

with training in the default-mode network (Time: Fy19 = 11.11,
p =.003, 11p2 = 0.37), whereas the training effect for the frontoparietal/
salience network did not reach significance (Time: Fi10 = 3.53,
p = .076, npz = 0.16), although the general direction was increased
efficiency with training (Figure 6b).

3.3.2 | Training effects on network participation
For older adults, a Time x Load ANOVA indicated no significant
effects for the frontoparietal network (ps >.4), whereas for the
default-mode network there was only a main effect of Load (F44g =
11.45, p < .001, an = 0.4), qualified by a linear trend (F; 17 = 26.72,
p < .001, npz = 0.61), indicating greater default-mode network partici-
pation with increasing load. In addition, there were no significant
effects on the salience/sensorimotor module (ps > .2; Figure 7a). In
younger adults, results showed lower participation coefficients with
training for both the frontoparietal/salience (Time: Fi19 = 7.74,
p =.012, qu = 0.29) and default-mode networks (Time: F; 19 = 20.73,
p <.001, r]pz = 0.52), consistent with the general trend of greater
network segregation with training (Figure 7b).

3.4 | Training effects on pairwise connectivity

To investigate training-related reconfigurations at a subnetwork
level, we further assessed changes in pairwise connectivity between
brain regions, separately within each group, using network-based
statistics (Zalesky et al., 2010). For simplicity of interpretation, we
included only the lowest and highest WM loads within each group
(i.e., loads 4 and 8 in older adults, and loads 5 and 9 in younger
adults), and tested for effects of WM training (Time2 vs. Time3) and
load (Section 2).

First, regarding effects of training, results showed opposite
changes in between-network connectivity for younger and older
adults (Figure 8a). Specifically, training decreased between-network
connectivity, further segregating the default-mode from the task-
specific frontoparietal/salience and visual networks in younger adults.
Results identified a network component comprising 97 nodes and
120 edges (p = .001, FWE-corrected), with 78% of edges involving the
default-mode network, and out of these, 94% showing decreased con-
nectivity of the default-mode with the frontoparietal/salience and
visual networks. In contrast, training diffusely increased functional
connectivity between task-related brain networks in older adults, with
results identifying a network component comprising 52 nodes and
55 edges (p = .045, FWE-corrected) roughly evenly distributed across
the main networks.
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FIGURE 7 Training effects on network participation for older (a) and younger adults (b). Younger adults showed lower participation of FPN
and DMN with training. There were no significant training effects for older adults. Error bars display standard error of the mean. Abbreviations:
DMN, default-mode network; FPN, frontoparietal network; FPN/Sal, frontoparietal/salience network; OA, older adults; Sal/SMN, salience/

sensorimotor network; YA, younger adults; WM, working memory
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FIGURE 8 Differences in pairwise connectivity with training (a) and load (b) in older (top) and younger adults (bottom). (a) With training, older
adults showed diffusely increased functional connectivity between brain networks, whereas younger adults showed greater decreased
connectivity, further segregating DMN from FPN/Sal and Vis networks. (b) Older and younger adults showed similar patterns of increased versus
decrease connectivity under high load, although the magnitude of load-related changes in connectivity differed between age groups. Circular
diagrams identify nodes consistently assigned to modules across loads 4-8 in older adults and loads 5-9 in younger adults, at Timel. Nodes are
colored depending on their module affiliation. Dark and light shades identify nodes with stable and variable affiliation across WM loads,
respectively (see legend of Figure 5 for details). Two singletons (i.e., nodes with uncertain module affiliation) for older adults are displayed in gray.
Each line identifies a significantly increasing or decreasing connection between two regions. Lines are color-coded according to the color bars on
the right (t values). Results are displayed at an initial threshold of p = .002 and p < .05, FWE-corrected at the whole-network level (Section 2).
Abbreviations: DMN, default-mode network; FPN, frontoparietal network; FPN/Sal, frontoparietal/salience network; Sal/SMN, salience/
sensorimotor network; SMN, sensorimotor network; Vis, visual network. Figure displayed using NeuroMArVL (https://immersive.erc.monash.

edu/neuromarvl/)

Second, regarding effects of WM load, results showed similar
patterns of increased versus decreased connectivity for younger and
older adults, although their magnitude differed with age (Figure 8b).
Specifically, for older adults, greater WM load strongly increased
between-network connectivity of the default-mode with other net-
works. Results identified a network component comprising
112 nodes and 191 edges (p < .001, FWE-corrected), with 86% of
edges involving the default-mode network and out of these, 89%
showing increased connectivity of the default-mode with the
salience/sensorimotor, sensorimotor, and visual networks. By com-
parison, younger adults showed a relatively weaker response to
increased WM load (58 nodes and 64 edges; p = .021, FWE-
corrected). However, younger adults showed a more extensive pat-
tern of decreased connectivity under high versus low WM load
(90 nodes and 106 edges; p = .001, FWE-corrected), with 51% of
edges involving the task-specific frontoparietal/salience network. In

contrast, older adults showed relatively less decreased connectivity

under high WM load (45 nodes and 52 edges; p =

corrected).

.023, FWE-

4 | DISCUSSION

The goal of the present study was to assess age differences in the
reconfiguration of functional brain networks elicited by training on a
demanding WM task. According to the Global Workspace Theory
(Dehaene et al., 1998), whereas “lower-level” (e.g., perceptual, motor)
or automated functions can be well supported by the operation of
relatively segregated neural modules, “higher-level” or effortful cogni-
tive processes, such as WM, require a more integrated neuronal
workspace. This implies that the performance of demanding cognitive
tasks may be critically dependent on the reconfiguration of the func-
tional brain networks from their canonical (i.e., resting) state, and that

novice and expert performance of those tasks should differ in respect
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to this network (re)organization. Given previously reported age differ-
ences in network segregation or modularity, we hypothesized that
younger and older adults would show different patterns of network
reconfiguration with WM training. Our results identified such differ-
ences at the level of brain-wide modularity, at the level of individual
network properties, and at the level of pairwise connections between
different brain regions. These results are discussed, in turn, below,

while emphasizing links between the different levels of analysis.

41 | Age and training effects on brain-wide
modularity
411 | Lower overall network modularity for older

compared to younger adults

First, at the whole-brain level, our results showed lower network
modularity in older compared to younger adults, across both resting-
state and task performance. This finding is in line with an increasing
body of evidence indicating a trend toward decreased segregation or
modularity with increasing age (reviewed in Damoiseaux, 2017).
Although the majority of investigations so far have been based on
resting-state data (Achard & Bullmore, 2007; Betzel et al., 2014; Cao
et al, 2014; Chan et al,, 2014; Chong et al., 2019; Geerligs et al.,
2015; Meunier, Achard, Morcom, & Bullmore, 2009; Onoda &
Yamaguchi, 2013; Song et al, 2014; Varangis, Razlighi, Habeck,
Fisher, & Stern, 2019), emerging evidence points to lower modularity
in older than younger adults also during cognitive task performance
(Gallen, Turner, et al., 2016). For instance, using a visual N-back task,
Gallen, Turner, et al. (2016) have shown lower modularity in older
than younger adults during WM task performance, suggesting that
global age differences in brain network organization are expressed not
only during rest but also during cognitive task performance (see also
lordan & Reuter-Lorenz, 2017). Thus, available functional evidence
largely converges on the observation that older adults show generally
lower within- and higher between-network connectivity, suggesting
decreased segregation and loss of functional specificity of the brain
networks with aging (Damoiseaux, 2017; Ferreira & Busatto, 2013;
Naik, Banerjee, Bapi, Deco, & Roy, 2017).

41.2 | Lower modularity with increasing task
demand for younger and older adults

Furthermore, the present results showed that modularity decreased
when shifting from resting to task mode, as well as with increasing
task demands during WM task performance, for both younger and
older adults. This is consistent with previous evidence in younger
adults, showing lower modularity during cognitive task performance
than during resting-state, as well as lower modularity with increasing
task demand (Bola & Sabel, 2015; Braun et al., 2015; Cohen &
D'Esposito, 2016; Cole et al., 2014; Finc et al., 2017; Finc et al., 2020;
Godwin, Barry, & Marois, 2015; Hearne et al, 2017; Kitzbichler,

Henson, Smith, Nathan, & Bullmore, 2011; Lebedev, Nilsson, &
Lovden, 2018; Liang, Zou, He, & Yang, 2016; Shine et al., 2016;
Vatansever et al, 2015; Westphal, Wang, & Rissman, 2017; Yue
et al., 2017). Although relevant studies so far have been based mainly
on young adult samples, more recent investigations (Gallen, Turner,
et al., 2016; Lebedev et al., 2018) have confirmed this pattern for both
young and older adults. These findings complement previous results
showing load-dependent alterations in between- and within-network
connectivity in younger and older adults (Grady, Sarraf, Saverino, &
Campbell, 2016; Huang, Klein, & Leung, 2016; Nagel et al., 2009;
Salami et al., 2018). Thus, available evidence indicates that modularity
decreases with increasing cognitive demand and suggests that this
reconfiguration is necessary for task performance.

4.1.3 | Greater cost for switching from rest to task
in older adults

Critically, we report here for the first time that, compared to younger
adults, older adults show greater decrement in modularity when
switching from rest to task mode. From a network perspective, brains
are thought to minimize wiring costs and metabolism by favoring a
small-world structure with dense short-range connections and sparse
long-range connections, because the latter are more costly (Achard &
Bullmore, 2007; Bullmore & Sporns, 2009). The present results sug-
gest that, to switch from resting-state to task mode, older brains need
to expend a higher cost for integrating multiple modules, putatively
via long-range connections. Thus, the present results suggest that
aging affects not only network integration and segregation but also
the balance between these two neural processes (Damoiseaux, 2017).
It should be noted, however, that wiring costs can only be approxi-
mated in functional networks, because two functionally connected
regions do not necessarily share a direct structural link (Rubinov &
Sporns, 2010; Zalesky et al., 2012).

The present results also extend previous evidence in older adults
based mainly on binary load manipulations (i.e., low vs. high load) and
block designs (e.g., Gallen, Turner, et al., 2016) in two more ways.
First, we have demonstrated parametric effects on modularity over a
larger range of loads, comprising both span and supra-span loads
(Reuter-Lorenz & lordan, 2018). Our results showed an overall steeper
decrease in modularity with increasing load in older compared to
younger adults, suggesting that the negative linear trend is more evi-
dent in older adults. However, this difference was likely driven by net-
work modularity being substantially more responsive to the training
intervention in younger compared to older adults, as we elaborate
below. Interestingly, though, even with supra-span loads, modularity
did not asymptote but continued to descend in older adults,
suggesting that participants remained engaged in the task even at high
WM loads (i.e., they did not revert to more rest-like states). Second, in
contrast with the N-back task, which has a block design, the event-
related format of the Sternberg task is able to differentiate between
different phases of a WM trial (i.e., encoding, maintenance, and

retrieval). Here, we show that effects reported during N-back blocks
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(e.g., Gallen, Turner, et al., 2016) replicate when focusing on the main-
tenance interval, which is relatively free of sensory and motor
demands, enabling us to compare directly connectivity between

resting-state and task modes.

414 |
modularity

Age differences in the effects of training on

Regarding WM training, our results showed increased modularity
post-relative to pre-training for younger but not for older adults. Criti-
cally, this effect was observed during WM performance under load
and was not observed during either resting-state or task mode
(i.e., load of 1), suggesting demand-related plasticity. Furthermore, the
effect was specific to the training intervention and was not observed
with simple task exposure. Our findings replicate recent results by
Finc et al. (2020) in a sample of young adults. Using a dual N-back
task, in conjunction with adaptive training and multiple fMRI sessions,
Finc et al. (2020) identified a gradual increase in modularity with train-
ing, suggesting more segregated, and thus less costly, cognitive
processing with increasing task automation. Also in line with Finc
et al. (2020), we showed that cognitive training leads to increased
baseline network segregation, extending their results to a parametric
context. Specifically, although segregation increases with training, a
certain level of modularity breakdown with increasing load is still pre-
served, as illustrated by consistent negative trends in modularity with
increasing load, both pre-training and post-training.

In contrast to the effects of training on modularity in younger
adults, we did not observe similar trends in older adults. This suggests
that, despite training-related gains with WM training (see Supplemen-
tary Results), information processing per se remains costly for older
adults. Taken together, these different effects of training for younger
and older adults suggest a potential age-related dissociation, whereby
a mastered cognitive task could be supported by a more segregated
network (i.e., via operation of specialized brain modules) for younger
adults, but would still require a more integrated workspace for older
adults, which is functionally costly and behaviorally effortful (see Finc
et al., 2020).

The present results also have further implications for assessing
the value of modularity as a biomarker of intervention-related plastic-
ity in older adults (Gallen & D'Esposito, 2019). Specifically, whereas
high pre-training modularity, particularly during resting-state, may
reflect a more “optimal” functional network organization that pro-
motes cognitive improvements with training (e.g., Gallen, Baniqued,
et al., 2016; lordan et al., 2018), older adults may be less able to
increase network segregation with training, as an expression of overall
diminishing neural plasticity (Park & Reuter-Lorenz, 2009; Reuter-
Lorenz & Park, 2014). Another possibility is that modularity may be
beneficial for older adults’ cognitive functioning, and local declines in
brain function may be compensated by a more integrated workspace.
However, correlations between changes in modularity and WM gains
with training (during fMRI task performance) were not significant.

Alternatively, it is possible that the lack of training effects on

modularity in older adults could be related to the relatively short inter-
vention employed (i.e., 10 training days over ~2 weeks). For instance,
using a longer WM training intervention (20 sessions over ~4 weeks),
Lebedev et al. (2018) have recently reported increased modularity
with training in older adults. The increase in older adults’ network seg-
regation may be sensitive to varying the duration and/or intensity of
training. Thus, future training studies with longer/more intensive
interventions should further clarify whether network modularity can
be influenced by cognitive training in older adults. Elucidation of these
aspects is critically important for designing future cognitive training
interventions to prevent or alleviate age-related cognitive decline.

A main goal of the present investigation was to compare the com-
munity structure between age groups and across different network
states/configurations (i.e., “resting-state,” “task-mode,” and “increased
task demand”). Therefore, we adopted a data-driven approach where
the community structure was independently calculated for each
experimental condition. This was achieved by optimizing a modularity
quality function (i.e., Q; Section 2), which also provided the estimate
of network segregation (i.e., higher/lower modularity values indicate
more/less segregation). A similar estimate can be provided by a
recently proposed measure (i.e., “segregation”; Chan et al., 2014;
Wig, 2017) which simply calculates the difference in within- versus
between-network connectivity, relative to within-network connec-
tivity, given a predetermined community structure. However, using a
predetermined community structure (e.g., the Power et al. canonical
networks, which were derived based on young adult and resting-
state data) would not have been ideal because here we show that
(@) community structure differs between younger and older adults
and (b) community structure changes between rest and task mode
(see also Geerligs et al., 2015; Hearne et al., 2017). Indeed, we show
in the Supplementary Results that segregation analyses using the
Power et al. canonical networks yield less specific training effects,
whereas segregation analyses using data-driven communities based
on modularity maximization yield training effects consistent with the
modularity findings. We posit that modularity is the preferred metric
for comparing brain network integration/segregation balance across
distinct states, particularly when differences in community structure
between states might occur. Together with the converging results
using a different parcellation scheme (Schaefer et al., 2018; see
Supplementary Results), these findings demonstrate that the present
results hold across different measures of network segregation/integration,

as well as across different brain parcellations.

4.2 | Age effects on rest-to-task reconfiguration

Regarding topological changes in network configuration, we identified
distinct patterns of rest-to-task network reorganization in younger
and older adults, as well as preserved within-groups modular architec-
ture with increasing demand and training. First, for younger adults,
increasing WM load led to the emergence of a conjoined
frontoparietal/salience module. This is consistent with evidence for an

“executive meta-system” formed via enhanced communication
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between frontoparietal and salience/cingulo-opercular regions under
high-demand  task (Cocchi, Fornito, &
Mattingley, 2013). Specifically, whereas the frontoparietal network,

conditions Zalesky,
anchored in the dorsolateral PFC and lateral parietal cortex, has been
implicated in phasic aspects of cognitive control (e.g.,, moment-to-
moment adjustments of behavior) the salience/cingulo-opercular net-
work, anchored in the dorsal ACC and frontal operculum/anterior
insula, has been implicated in stable set-maintenance and multimodal
sensory integration (Bressler & Menon, 2010; Dosenbach et al., 2006;
Dosenbach et al., 2007; Dosenbach, Fair, Cohen, Schlaggar, &
Petersen, 2008; Menon, 2011; Power & Petersen, 2013; Seeley
et al., 2007). Thus, the present findings are in line with accumulating
evidence that functional connectivity within this executive meta-
system is dynamic and depends on task processing demands (Cocchi
et al., 2013; Liang et al., 2016).

In contrast, for older adults, switching from rest to task mode
led to the emergence of a salience/sensorimotor module, formed by
enhanced communication between cortical and subcortical compo-
nents of the salience/cingulo-opercular and sensorimotor networks
identified during rest. Sensorimotor reconfiguration during WM task
performance is consistent with evidence showing that parts of the
motor system are implicated in (internal) information processing that
parallels (external) object manipulation (here, covert rehearsal of the
memory set), and may play a role in WM gains with training (for a
recent discussion, see Simmonite & Polk, 2019). While not initially
anticipated during task performance, these findings are in line with
recent evidence showing greater participation coefficients at rest
for older than younger adults (Geerligs et al, 2015; lordan
et al., 2018), probably reflecting age-related dedifferentiation of the
salience and sensorimotor networks (Cassady et al., 2019, 2020;
Corte et al,, 2016; He et al., 2014; Meier et al., 2012; Onoda, Ishihara,
& Yamaguchi, 2012).

The present results showing steeper modularity decline, greater
network reorganization, and higher number of subnetworks when
switching from rest to task, for older compared to younger adults, are
consistent with recent evidence showing that older adults' network
organization is more diffuse (i.e., less distinct) during task than during
rest (Hughes et al., 2020). Together with the results of the network
segregation analysis (see Supplementary Results), these findings pro-
vide converging evidence that older adults show a disproportionately
weaker network configuration during task. Specifically, older adults
show not only lower overall segregation across both rest and task, but
also steeper segregation decrement with shifting from rest to task
mode, compared to younger adults. Thus, although the task-related
community structure for older adults may comprise more modules
than for younger adults, overall segregation is weaker in older adults,

consistent with the modularity results (see also Hughes et al., 2020).

4.3 | Training effects at the network level

Our results also showed that, once the resting-state networks achieve

the configuration characteristic of task performance, further changes

in connectivity with increased WM load or training do not significantly
alter this task-related modular structure (see also Hearne et al., 2017).
Nevertheless, we identified changes with increasing WM load and
training at the level of individual brain networks, and for younger
adults, these paralleled the changes in whole-brain modularity dis-
cussed above, which further highlights the links across the two differ-
ent levels of analysis. First, younger adults showed both increased
default-mode network efficiency and decreased default-mode and
frontoparietal/salience network participation with training. These
results suggest that enhanced modularity with training in younger
adults may be driven by (a) strengthening of information exchange
within the default-mode network and (b) further segregation of the
frontoparietal/salience and default-mode networks from other func-
tional brain modules. This is not surprising, given that the
frontoparietal and default-mode networks are frequently described as
being anti-correlated (Fox et al., 2005) and their competitive relation-
ship is thought to be important for attention-demanding task perfor-
mance (e.g., Kelly, Uddin, Biswal, Castellanos, & Milham, 2008).
Furthermore, these findings are in line with recent evidence that seg-
regation of the default-mode and frontoparietal systems supports
WM task performance improvements in younger adults (Finc
et al., 2020).

In contrast, older adults showed increased efficiency only within
the task-related salience/sensorimotor network with training. Of note,
the identification of the salience/sensorimotor module, emergent only
during task performance, was independent of the analysis of training
effects. Specifically, identification of network (re)configuration with
increasing task demand was performed based on Time1 data, whereas
the analysis of training effects compared Time2 versus Time3 data.
For this reason, we interpret the present training results as providing
converging evidence that network reorganization leading to the emer-
gence of this module under increasing task demand supports WM
performance in older adults. However, because the emergence of the
salience/sensorimotor module was not considered a priori, these find-
ings should be interpreted with caution. Finally, regarding the effects
of WM load, older adults also showed lower efficiency in the
frontoparietal and default mode networks, as well as greater participa-
tion of the default-mode network, with increasing WM load. This sug-
gests that load effects on within- and between-network
communication involving the frontoparietal and default-mode net-
works likely drive the load effects on brain-wide modularity in older

adults discussed above.

4.4 | Training effects on pairwise connectivity

Finally, pairwise connectivity analyses identified group-specific sub-
networks whose connectivity patterns changed with training and high
demand, suggesting that the global and network-level changes dis-
cussed above are supported by both increases and decreases in func-
tional connectivity, which span multiple brain networks. First,
regarding WM training, results showed opposite changes in between-

network connectivity for younger and older adults. Specifically, while
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training decreased between-network connectivity in younger adults,
amplifying segregation of the default-mode from other networks, it
diffusely increased between-network connectivity in older adults.
These results suggest that increased network segregation with train-
ing is more specific to younger adults, consistent with more auto-
mated processing with enhanced expertise (Finc et al., 2020). In
contrast, older adults seem to persist in, and potentially amplify, a
more integrated and costly global workspace. This suggests that,
despite training-related performance gains regardless of age, younger
and older adults may exhibit different trajectories in functional
network reorganization with WM training. Future investigations,
comprising lengthier, more extensive training interventions are
needed to clarify whether this is a specific pattern or whether older
adults eventually show increased modularity with training (cf. Lebedev
etal., 2018).

Second, while the response to high vs. low WM load showed sim-
ilarities across age, the magnitude of effects differed between youn-
ger and older adults. Specifically, while younger adults showed greater
decreases in connectivity between the task-specific frontoparietal/
salience and sensory networks under high load, older adults showed
greater increases in connectivity between default-mode and sensory
networks. These age differences at a sub-network level are consistent
with the brain-wide results showing overall steeper drop in modularity
with increasing load in older adults, and with the network-level results
indicating decreased efficiency and increased participation of the
default-mode network with higher WM load in older adults. Together,
they suggest that decreased segregation of the default-mode with
increasing demand may be a hallmark of functional dysregulation in
older adults during cognitive task performance (e.g., Sambataro
et al,, 2010).

Finally, while we acknowledge the integration between different
levels of analysis (i.e., brain-wide community structure, individual net-
works, pairwise connections), we also recognize that there are impor-
tant distinctions between these levels, and thus they are not simply
reducible to one-another (for a similar perspective, see Hearne
et al., 2017). For instance, first, we show that community structure
differs with age and changes with switching from rest to task. That is,
no single community structure explains these different contexts/
states, which are characterized by large differences in connectivity
patterns. Second, once the resting-state networks reconfigure to their
task-specific state, changes with WM load and with training occur
within specific networks, without substantially altering the gross task-
related community structure.

5 | CONCLUSION

In sum, we provide novel evidence for age differences in functional
network reconfiguration with increasing task demand and WM
training. Modularity is a fundamental property of brain network
organization, thought to support the brain's functional segregation
and integration. While modularity generally decreases with aging, it

has been linked with better training outcomes and shown to be

responsive to cognitive training. Our results showed that, while
modularity decreases with greater task demand regardless of age,
older adults are more sensitive to increasing demand and less sensi-
tive to training, at least with the relatively low number of training
sessions used here, compared to younger adults. Furthermore,
changes in modularity were accompanied by age differences in func-
tional network reconfiguration with training. In particular, whereas
younger adults showed increased segregation of the frontoparietal/
salience and default-mode networks, accompanied by increased
efficiency within the default-mode network, older adults showed
increased efficiency within a task-related salience/sensorimotor
network and diffusely increased between-network connectivity,
with WM training. The present findings advance our understanding
of the effects of aging and training on large-scale functional organi-
zation and provide evidence for different trajectories of functional
network reconfiguration with WM training in younger and older

adults.
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