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Abstract

Previous magnetic resonance imaging (MRI) research suggests that aging is associated with a decrease in the functional
interconnections within and between groups of locally organized brain regions (modules). Further, this age-related decrease
in the segregation of modules appears to be more pronounced for a task, relative to a resting state, reflecting the integra-
tion of functional modules and attentional allocation necessary to support task performance. Here, using graph-theoretical
analyses, we investigated age-related differences in a whole-brain measure of module connectivity, system segregation, for
68 healthy, community-dwelling individuals 18—78 years of age. We obtained resting-state, task-related (visual search), and
structural (diffusion-weighted) MRI data. Using a parcellation of modules derived from the participants’ resting-state func-
tional MRI data, we demonstrated that the decrease in system segregation from rest to task (i.e., reconfiguration) increased
with age, suggesting an age-related increase in the integration of modules required by the attentional demands of visual
search. Structural system segregation increased with age, reflecting weaker connectivity both within and between modules.
Functional and structural system segregation had qualitatively different influences on age-related decline in visual search
performance. Functional system segregation (and reconfiguration) influenced age-related decline in the rate of visual evi-
dence accumulation (drift rate), whereas structural system segregation contributed to age-related slowing of encoding and
response processes (nondecision time). The age-related differences in the functional system segregation measures, however,
were relatively independent of those associated with structural connectivity.
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Brain Imaging and Analysis Center, Duke University

Medical Center, Box 3918, Durham. NC 27710, USA Recent developments in graph theoretical analyses (Bull-

more and Sporns 2009; Rubinov and Sporns 2010; Sporns
2011; Sporns and Betzel 2016) have led to a characterization
of the human brain as a network of regions (nodes) with
structural or functional connections between nodes (edges).

) o This network may be partitioned into distinct sets of inter-
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USA marily from younger adults suggest that the brain exhibits
characteristically small-world properties, with strong local
connectivity (interconnectivity within modules), and fewer
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long-range connections between modules. These small-
world properties, especially the presence of modules, are
hypothesized to allow the brain to adapt efficiently to chang-
ing cognitive demands in the environment (Crossley et al.
2013; MisSi¢ and Sporns 2016).
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Functional brain networks

Graph theoretical analyses of functional brain connectiv-
ity have been developed predominantly from resting-state
functional magnetic resonance imaging (fMRI), which
measures the correlations among the fMRI time series of
selected nodes, in the absence of an ongoing cognitive or
behavioral task (Achard and Bullmore 2007; Power et al.
2011; Yeo et al. 2011). These types of analyses, however,
can also be used to characterize functional connectivity
during task performance (Cisler et al. 2014; Mumford
et al. 2012; Rissman et al. 2004). Studies implementing
graph theoretical analyses suggest a close correspondence
in the architectures of resting-state and task-related func-
tional connectivity. Functional connectivity during tasks
appears to reflect the influence of a limited number of
modules, identifiable from a resting state, which are then
differentially engaged by specific task demands (Bolt et al.
2017; Cole et al. 2014; Krienen et al. 2014).

Direct comparison of resting-state and task-related
functional connectivity suggests that, in the context of an
overall similarity in small-world architecture, some fea-
tures of the whole-brain network reconfigure during a cog-
nitive task, relative to the resting state. Whereas modules
are segregated during rest, and during simple tasks (e.g.,
motor execution), different modules become more inte-
grated during the performance of more complex cognitive
tasks, presumably representing the coordination of mul-
tiple components of cognition (Braun et al. 2015; Cohen
and D'Esposito 2016; Cohen et al. 2014; Wen et al. 2015;
Shine et al. 2016; Elton and Gao 2015). In the case of
visuospatial attention, for example, functional connectivity
between visual and dorsal frontoparietal modules increases
during task performance, relative to rest (Spadone et al.
2015).

Structural brain networks

Graph theoretical analyses can also characterize struc-
tural connectivity networks, which are typically estimated
from streamlines identified in diffusion-weighted imaging
(DWI), where the number of streamlines between nodes
reflects connectivity strength (Fan et al. 2016; Hag-
mann et al. 2007). These anatomical connections among
brain nodes also exhibit small-world properties, and the
strength of these structural connections appears to shape
the organization of functional connectivity (Barttfeld et al.
2015; Gong et al. 2009; Hagmann et al. 2008). However,
functional and structural networks differ qualitatively,
in that functional networks are more densely connected,
comprising both direct and indirect connections, as well
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as negative correlations between nodes (Zuo et al. 2017;
Civier et al. 2019; van Wijk et al. 2010). Thus, functional
modules do not necessarily correspond node-to-node to
the underlying structural network, and a particular struc-
tural network configuration may support different, non-
overlapping functional configurations (MiSi¢ et al. 2016).

Aging and network reconfiguration

Here, we investigated age-related differences in the recon-
figuration of functional connectivity, from resting to task
states, as well as the relation of reconfiguration to structural
connectivity and cognitive performance (visual search).
The term reconfiguration can refer to either the change in
modular organization between rest and task (Gallen et al.
2016; Hearne et al. 2017), or to the change in connectiv-
ity strength between rest and task for a pre-defined set of
modules (Cohen et al. 2014). We use the term in the lat-
ter sense, deriving the set of modules, or network parti-
tion, empirically from the resting-state data for the whole
sample. Whereas graph theory provides a variety of meas-
ures relevant for understanding reconfiguration, we focus
here on system segregation, which represents the degree to
which modules within a whole-brain network are distinct
from each other. Conceptually, system segregation can be
viewed as the relative strength of within-module connec-
tivity as compared to between-module connectivity, so that
an increasing predominance of within-module connectivity
is expressed as increased system segregation. A prominent
theme in graph theoretical analyses of aging is that age-
related decline occurs in system segregation for resting-state
functional connectivity (Chan et al. 2014; Deery et al. 2023;
Goh 2011; Madden et al. 2020a; Malagurski et al. 2020; Ng
et al. 2016; Pedersen et al. 2021; Wig 2017). That is, resting-
state modules become less differentiated as a function of
increasing age.

Several previous studies have investigated the reconfigu-
ration of functional brain connectivity, across resting and
task states, in relation to adult age. Gallen et al. (2016), for
example, used a blocked-design N-back task probing work-
ing memory and found that the reconfiguration of modules
during the task, relative to rest, was greater in magnitude
for older adults than for younger adults. During blocks with
lower task demands (e.g., single-category vs. dual-category
matching), between-module connectivity of lateral pre-
frontal regions was greater for older adults as compared to
younger adults. Moreover, the increase in between-module
connectivity in older adults was related to greater fractional
anisotropy of the superior longitudinal fasciculus and faster
task performance. Several other studies using various tasks
and graph theoretical measures exhibit a similar trend, with
increased functional connectivity among modules during a
task relative to rest, more so in older as compared to younger
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adults (Chan et al. 2017; Grady et al. 2016; Hughes et al.
2020; Spreng et al. 2016; Zhang et al. 2021).

More generally, these findings suggest that network
reconfiguration involves a decrease in system segregation,
from rest to task states, which becomes more pronounced as
a function of increasing age. This age-related pattern, how-
ever, has not been tested for system segregation specifically.
Further, while choice discrimination tasks and related fluid
cognitive abilities are the primary dimension of age-related
cognitive decline (Madden 2001; Madden and Monge 2019;
Salthouse 1985, 1996; Salthouse and Madden 2007), no pre-
vious study has investigated age-related reconfiguration of
functional connectivity in the context of visual attention per-
formance. Finally, limited evidence is available with regard
to how graph theoretical measures of structural connectiv-
ity may contribute to age-related differences in the recon-
figuration of functional connectivity (Gallen et al. 2016).
Previous research suggests that age-related disconnection
of white matter tracts leads to a loss of between-module
structural connectivity, yielding a more locally organized
network for older adults (Puxeddu et al. 2020; Wu et al.
2012; Zhao et al. 2015). In theory, structural connectivity
should constrain functional connectivity (Damoiseaux and
Greicius 2009; Fukushima et al. 2018; Honey et al. 2007,
2009), and some evidence suggests that age-related decline
in functional connectivity is a response to declining struc-
tural network integrity (Andrews-Hanna et al. 2007; Fjell
et al. 2016; Zimmermann et al. 2016). However, the strength
of structure—function coupling may decrease with age (Bet-
zel et al. 2014; Zamani Esfahlani et al. 2022), and other
findings indicate that age may exert relatively independent
effects on functional and structural connectivity (Fjell et al.
2017; Madden et al. 2020a; Pedersen et al. 2021; Schulz
et al. 2022).

In this research we conducted graph theoretical analy-
ses of age-related differences in resting-state functional,
task-related functional, and structural connectivity, and the
relation of these measures to an attention-demanding cogni-
tive task: visual search. The identification of a visual target
among nontarget items (distractors) is highly vulnerable to
age-related decline, although some aspects of visual atten-
tion, such as top-down control and spatial selection, remain
well preserved with age (Hommel et al. 2004; Kramer and
Madden 2008; Madden 2007; Madden and Monge 2019;
Rabbitt 2017). Merenstein et al. (2023) recently reported
that age-related differences in the activation of frontopari-
etal brain regions during visual search were influenced by
both the difficulty of target/distractor discrimination and
the presence of an irrelevant feature (color singleton) in the
visual display. Here, using the same sample of participants
(68 healthy adults, 18-78 years of age), and additional imag-
ing data (resting-state fMRI and DWI), we applied graph
theoretical analyses to obtain estimates of functional and

structural connectivity that were not included in the Mer-
enstein et al. report. Thus, it was possible to investigate
age-related differences in graph theoretical metrics for
resting-state, task-related, and structural networks for the
same individuals, as well as the relation of these measures
to visual search performance.

Our first goal was to investigate age-related differences
in functional system segregation, from the fMRI resting-
state and task-related data, and in structural system segre-
gation from the DWI data. We hypothesized that, overall,
functional system segregation would decrease from rest to
task, reflecting the increased connectivity among modules
required for attentional allocation (Cohen et al. 2014; Spa-
done et al. 2015; Wen et al. 2015). We also expected to find
an age-related decline in both resting-state system segrega-
tion (Chan et al. 2014; Deery et al. 2023; Wig 2017) and
task-related system segregation (Chan et al. 2017; Gallen
et al. 2016; Grady et al. 2016; Hughes et al. 2020; Spreng
et al. 2016; Zhang et al. 2021). In contrast to the functional
connectivity data, we hypothesized that system segregation
for the structural connectivity data would increase as a func-
tion of age, on the basis of previous studies suggesting a
differential loss of between-module structural connectivity
for older adults (Puxeddu et al. 2020; Wu et al. 2012; Zhao
et al. 2015).

The second goal was to determine the degree to which
the different forms of functional and structural system seg-
regation, as well as the functional reconfiguration between
resting and task states, were related to age-related decline
in visual search. We used the diffusion decision model of
two-choice reaction time (Dutilh et al. 2019; Ratcliff and
McKoon 2008; Ratcliff et al. 2016; Voss et al. 2013; Wagen-
makers et al. 2007), to distinguish the rate of evidence accu-
mulation (drift rate) from visual sensory encoding and motor
processes (nondecision time) and cautiousness (boundary
separation). From mediation and moderation analyses within
ordinary linear regression (Agler and De Boeck 2017; Hayes
2013; Hayes and Rockwood 2017), we assessed the relative
influence of functional and structural connectivity on the
relation between age and visual search, focusing on those
aspects of search performance exhibiting significant age-
related effects.

We first included the resting-state, task-related, and struc-
tural forms of system segregation as parallel mediators of
the relation between age and visual search performance, to
determine if any of these network properties had a specific
influence on age-related differences in visual search. Intui-
tively one might expect that task-related functional connec-
tivity would have the most prominent influence, but previous
evidence is not definitive on this point (Grady et al. 2016;
Zhang et al. 2021), and few previous studies have directly
compared resting-state and task-related functional connec-
tivity, as predictors of cognitive performance. In view of
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the different components of visual information process-
ing provided by the diffusion decision model, we expected
that the different forms of system segregation would vary
in their role as mediators or moderators, in relation to the
specific behavioral outcomes of drift rate, nondecision time,
and cautiousness. In separate analyses of the reconfigura-
tion of functional connectivity, from resting to task states,
we hypothesized that reconfiguration would increase with
age, consistent with previous analyses of graph theoretical
measures other than system segregation (Chan et al. 2017;
Gallen et al. 2016; Grady et al. 2016; Hughes et al. 2020;
Spreng et al. 2016; Zhang et al. 2021). We also expected
that functional reconfiguration would have an influence on
age-related differences in visual search performance. Finally,
we examined the role of structural connectivity in relation to
age, functional reconfiguration, and search performance. Our
question here was whether the relation of reconfiguration, to
age and visual search performance, could be characterized
as a response to structural disconnection (Andrews-Hanna
et al. 2007; Fjell et al. 2016; Zimmermann et al. 2016), or
whether, alternatively, these functional and structural aspects
of brain connectivity exhibited relatively independent effects
of age (Fjell et al. 2017; Madden et al. 2020a; Pedersen et al.
2021; Schulz et al. 2022).

Materials and methods
Participants

The research was conducted in accordance with the Code
of Ethics of the World Medical Association (Declaration of
Helsinki) for experiments involving humans. Participants
gave written informed consent for a protocol approved by
the Duke University Medical Center Institutional Review
Board. All participants were compensated for their time and
completed an initial screening (Session 1); imaging was con-
ducted approximately 1 month later in Session 2 (median
days between sessions =30). All participants reported that
they had completed at least 12 years of education and were
free of significant health problems, such as neurological dis-
ease, uncontrolled hypertension, or reliance on home oxygen
(Christensen et al. 1992).

Screening tests for Session 1 included the Freiburg Vis-
ual Acuity test (Bach 1996), the Mini-Mental State Exam
(MMSE; Folstein et al. 1975), the Beck Depression Inven-
tory (BDI; Beck 1978), and the vocabulary subtest of the
Wechsler Adult Intelligence Scale-IIT (WAIS-R; Wechsler
1997). Exclusion criteria were: visual acuity worse than
20/40 Snellen, a scaled score on the WAIS vocabulary sub-
test less than 10 (50th percentile), a MMSE score less than
27, or a BDI score greater than 15. Session 1 also included
a computer-based practice version of the visual search task
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(360 trials) used in the task-related functional imaging for
Session 2, and a battery of 12 neurocognitive computer-
based tests of reaction time (RT) and standardized psycho-
metric measures.

Ninety-eight community-dwelling individuals between
18 and 84 years of age completed Session 1. Nine partici-
pants were excluded based on the screening criteria. Two
participants were outliers (>3 SD) on one or more of the
cognitive tests. Five participants were lost to recruitment
for the MRI session, and four participants failed MRI safety
screening (e.g., claustrophobia, body size, or metal implant).
Seven participants were excluded for either excessive
motion or low task performance during scanning (< 75%
overall accuracy). Artifacts and technical issues with image
processing further excluded three participants. The final
sample (Table 1) comprised 68 participants (36 females),
18-78 years of age, who were comparable in years of edu-
cation completed, MMSE, BDI, and WAIS vocabulary. The
distribution of participants within each age decades was:
18-30 years (n=15), 30s (n=13), 40s (n=12), 50s (n=28),
60s (n=11), and 70s (n=9).

Age-related decline was evident in visual acuity, color
vision, and tests of fluid cognition (Table 1). Merenstein
et al. (2023) reported an analysis of the fMRI task-related
activation, in relation to visual search performance dur-
ing scanning, in this same sample of individuals. Here, we
describe analyses of task-related functional connectivity,
in relation to resting-state functional connectivity, struc-
tural connectivity, and visual search performance during
scanning.

Visual search task

During the task-related runs, participants performed a two-
choice version of visual search for T and F targets, with both
feature search and conjunction search conditions, and color
singleton display items that could correspond to either the
target or one of the distractors. On each trial, a visual display
of five items (one target and four distractors) was presented
for 350 ms, and participants made a two-choice button-press
response as to whether a normally oriented T or F target was
present in the display. As illustrated in Fig. 1, the displays
in each of six task conditions represented the combination
of two search conditions (feature, conjunction), and three
conditions for the presence of a color singleton (coinciding
with either the target or a distractor, or not present in the
display). In the feature search condition, the four distractors
were all Os. In each conjunction search display, the four
distractors comprised three different T-F hybrid characters,
along with either a rotated T or a rotated F. Relative to fea-
ture search, conjunction search is a more difficult condition
(i.e., decreased search efficiency) due to the greater featural
similarity between targets and distractors (Madden 2007;
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Table 1 Participant characteristics

Variable M (SD) Age correlation (r) p
Education (years) 17.412 (2.294) 0.006 0.9607
MMSE 29.588 (0.604)  0.004 0.9719
BDI 2.647 (3.203)  0.077 0.5299
Vocabulary 58.529 (4.530) —0.018 0.8858
Color vision 13.875 (0.476) —0.253* 0.0375
Visual acuity (log —0.009 (0.085)  0.355%* 0.0030
MAR)
General fluid cogni- 0.0 (0.969) —0.859%*: 0.0001
tion
Perceptual speed 0.0 (0.947) —0.808*** 0.0001
Executive function 0.0 (0.795) —(0.784%%* 0.0001
Memory 0.0 (0.810) —0.679%** 0.0001

n=68. Values are means, with standard deviations in parentheses;
MMSE =raw score on Mini-Mental State Exam (Folstein et al. 1975);
BDI=score on the Beck Depression Inventory (Beck 1978); Vocab-
ulary=raw score on the vocabulary subtest of the Wechsler Adult
Intelligence Scale III (WAIS; Wechsler 1997); Color Vision=score
on Dvorine color plates (Dvorine 1963); Visual Acuity =logarithm
of the minimum angle of resolution (MAR), for the Freiburg Visual
Acuity Test (Bach 1996). Log MAR of 0 corresponds to Snellen
20/20, with negative values corresponding to better resolution. Thus,
the positive correlation for acuity represents age-related decline in
this measure. During Session 1, participants completed a battery of
12 neurocognitive computer-based tests of reaction time (RT) and
standardized psychometric measures, comprising four tests for each
of three domains of fluid cognition: perceptual-motor speed, execu-
tive function, and memory (Merenstein et al. 2023). The first factor
from a factor analysis of all 12 tests was used as a measure of over-
all fluid cognition, and the first factor from each set of four tests for
perceptual speed, executive function, and memory, was used as an
indicator for each of these three cognitive domains. Factor score cor-
relations with age are covaried for gender and WAIS vocabulary. Age
correlations were not FDR corrected to provide a conservative esti-
mate of age-related differences

*p <0.05 (uncorrected)

**p <0.01 (uncorrected)

*#*%p <0.001 (uncorrected)

Madden and Monge 2019; Wolfe and Horowitz 2004). For
both types of search, displays with color singleton targets
are expected to improve performance by enhancing target
identification, whereas attentional capture from distractor
singletons is expected to impair performance. Merenstein
et al. (2023) provide additional details of the visual search
task and outcome performance measures.

Participants performed 12 practice trials at the beginning
of the MRI scanning in Session 2, during the susceptibility-
weighted angiography (SWAN) structural imaging run. The
final data set comprised the four event-related fMRI runs
of 60 trials each (240 total test trials). Across the four runs,
there were 40 trials (20 per T/F target) for each of the six
task conditions (with the exception of two miscoded tri-
als, identified and corrected during analyses). The 60 trials

Color Singleton
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Fig. 1 Visual search task conditions. (Reproduced, with permission,
from Merenstein et al. (2023). For interpretation of the references to
color in this figure legend, the reader is referred to the Web version of
this article.) Each display contained a target letter (T or F) and four
nontarget (distractor) items. On each trial, participants made a two-
choice decision regarding whether the T or F target was present in
the display. In feature search, the distractors were always Os. In con-
junction search, the distractors were rotated Ts and Fs and hybrid T-F
characters. On two-thirds of the trials, one of the display items was a
color singleton (a red item), which could be either the target or one of
the distractors. The six different types of displays were presented in a
random sequence within each fMRI run

within each fMRI run contained 9-11 instances for each
combination of search type and color singleton, distributed
randomly. Participants were instructed to respond as quickly
as possible without sacrificing accuracy. Feedback regarding
response accuracy was provided during Session 1 but not
during scanning.

Display presentation and response acquisition were con-
trolled by a Windows-based PC running E-Prime 2.0 (Psy-
chology Software Tools, Sharpsburg, PA, USA). Each trial
began with a fixation cross with variable duration (jitter),
followed by the search display for a duration of 350 ms, then
a 2650 ms response screen, during which the display was
white. We measured RT from display onset, allowing a total
of 3000 ms for the response. Following the response period,
the fixation cross returned to begin the next trial. The jitter
duration was varied among values of 1500, 3000, 4500 m:s,
and 6000 ms defined by multiples of the fMRI repetition
time (TR) value (1500 ms). The average jitter across trials
was 3000 ms. The jitter values and trial order were distrib-
uted across conditions using the Optseq2 program (Dale
1999; https://surfer.nmr.mgh.harvard.edu/optseq/).

At the onset of each display, participants made a button-
press response to indicate which target was present (T or F),
using their right index and middle fingers resting on two but-
tons on a fiber optic response box (Current Designs, Phila-
delphia, PA, USA). We constructed two different sequential
orders (forward and reverse) of the four blocks of test trials
and combined those with the two assignments of the targets
to the response buttons, to represent four test list versions,
which were varied across participants.
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Diffusion decision model for reaction time

The diffusion decision model estimates sensorimotor and
decisional components of two-choice responses, in this case
the T/F target identification, from the complete distributions
of RT for correct and incorrect responses, and error rate
(Ratcliff and McKoon 2008; Ratcliff et al. 2016; Voss et al.
2013). The model assumes that the decision on each trial is
the result of evidence accumulation (drift rate; v) towards
one of the two response boundaries, visual sensory and
motor response processes (nondecision time; 70), and the
participant’s overall level of cautiousness (boundary sepa-
ration; a). Here, we estimated these decisional components
with the EZ-diffusion model (Wagenmakers et al. 2007).
This method estimates fewer parameters than other methods,
and is based on a mathematically simplified algorithm, but
the EZ-diffusion model is as successful as more complex
methods in recovering the underlying parameters (Dutilh
et al. 2019; van Ravenzwaaij and Oberauer 2009). Data trim-
ming criteria for the behavioral responses are described later
in this Methods section (Task-Related fMRI Processing), and
the sets of trials were identical for task-related functional
connectivity and behavioral analyses, with the exception of
the 78 high-motion trials deleted from the functional con-
nectivity analyses. These latter trials were retained in the
behavioral analyses as the RT values did not exceed the cri-
teria for outliers.

MRI data acquisition

We collected all imaging data on a 3 T GE MR750 whole-
body 60 cm bore MRI scanner (GE Healthcare, Waukesha,
WI, USA) equipped with peak strength of 113 mT/m gra-
dients and a 260 T/m/s slew rate. The scanner possessed
an 8-channel head coil that was used for radio frequency
(RF) reception. Participants wore earplugs to reduce scanner
noise, and foam pads were used to minimize head motion.
The scanning session comprised one run of T1-weighted
anatomical images, one resting-state run of T2*-weighted
(functional) imaging sensitive to the blood oxygen level
dependent (BOLD) signal, one run of SWAN imaging,
four runs of event-related T2*-weighted imaging, one
run of diffusion-weighted imaging (DWI), and one run of
T2-weighted fluid attenuated inversion recovery imaging
(FLAIR). The SWAN and FLAIR data are not included in
the present analyses.

Anatomical T1-weighted images included 292 straight
axial slices that were attained using a 3D fast inverse-recov-
ery-prepared spoiled gradient recalled (SPGR) sequence
with TR =2203.5 ms, echo time (TE)=3.076 ms, inversion
recovery time (TI) =900 ms, field of view (FOV) =240
mm?, flip angle = 8°, voxel size=0.47 X 0.47 x 0.5 mm,
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acquisition matrix =512 mm?, and a sensitivity encoding
(SENSE) factor of 2.

The functional MRI (fMRI) scans, for both resting-state
and task-related runs, were T2*-weighted gradient-echo,
echo planar imaging (EPI) functional images. All fMRI runs
were acquired as 50 contiguous slices at an axial oblique
orientation, parallel to the plane connecting the anterior and
posterior commissures (AC-PC plane), with TR = 1500 ms,
TE =30 ms, FOV =256 mm?, flip angle =60°, voxel
size =2 mm isotropic, acquisition matrix = 128 mm?, and a
SENSE factor of 2. The resting-state run was collected with
eyes open with central fixation and comprised a time-series
of 300 brain volumes, collected over a period of 7.50 min.
Participants completed four task-related runs. Each of the
task-related runs were 264 brain volumes collected over
6.60 min.

The DWI data consisted of 92 contiguous slices acquired
along the AC-PC plane using a spin-echo EPI pulse
sequence, with TR =4894 ms, TE=64.7 ms, FOV =220
mm?, flip angle =90°, voxel size = 1.5 mm isotropic, acqui-
sition matrix size = 144 mm?2, and SENSE factor of 1. The
DWTI scan utilized 90 diffusion-encoding directions with
two b values (1500 or 3000 s/mm?) and two non-diffu-
sion-weighted (b=0 s/mm?) shells. For 60 of the 68 par-
ticipants (88% of the sample), a second diffusion sequence
was acquired with six diffusion-weighted directions of
opposite polarity using identical parameters, except that
TR =5260 ms.

Study-specific anatomical template

Connectivity measures for all imaging modalities—resting-
state, task-related, and DWI—were obtained in a study-
specific space. We created a study-specific anatomical
template using the ANTs 2.3.3 (Advanced Normalization
Tools; Avants et al. 2011) script for multivariate template
construction. We used the output of the fMRIPrep v20.2.0
(Esteban et al. 2019) anatomical pipeline to skull-strip each
participant’s T1-weighted image and then averaged these
68 images to create an initial template. Each individual’s
T1-weighted image was then registered to the average tem-
plate. The average transform from this step, along with a
sharpening filter, were used to warp the template towards
the true mean shape. These steps were repeated four times
to yield the final study-specific template.

Resting-state fMRI processing

The image processing pipeline for the resting-state fMRI,
task-related fMRI, and DWI data is illustrated in Fig. 2.
We conducted preprocessing of the BOLD time-series data
from the resting-state T2*-weighted (functional) images
with fMRIPrep (Esteban et al. 2019) and xcpEngine v1.2.3
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Fig.2 Image processing pipeline. EPI, echo planar imaging; fMRI, functional magnetic resonance imaging; DTI, diffusion tensor imaging

(https://xcpengine.readthedocs.io/). Individual processing
steps used tools from FSL v6.0.3 (FMRIB Software Library;
Smith et al. 2004), AFNI v21.1.04 (Analysis of Functional
Neurolmages; Cox and Hyde 1997), and ANTs.

Within fMRIPrep, the initial four volumes of the run
were averaged to create a BOLD reference image, sepa-
rately for each participant. This reference was registered to
that participant’s skull-stripped T1-weighted image using a
boundary-based registration (Greve and Fischl 2009), to cor-
rect for susceptibility distortions in the absence of fieldmap
images (Treiber et al. 2016). We then estimated head-motion
parameters with respect to the BOLD reference (transforma-
tion matrices, and six corresponding rotation and translation
parameters), before any spatiotemporal filtering, for subse-
quent confound regression. Slice timing correction was com-
pleted using AFNI 3dShift; the corrected BOLD time-series
was then resampled onto the participants’ native space by
applying a single, composite transform to correct for head
motion and susceptibility distortions. Spatial smoothing was
not performed, to avoid potential effects on functional net-
work estimation (Alakorkko et al. 2017).

We processed the fMRIPrep output with xcpEngine.
The first four brain volumes were removed to ensure that
the steady state equilibrium was attained. For confound
regression, we included the six motion parameters and
two physiological regressors (mean white matter [WM]
signal and mean cerebral spinal fluid [CSF] signal), their

temporal derivatives, and the quadratic expansions of the
eight regressors and their temporal derivatives, yielding 32
nuisance regressors (Satterthwaite et al. 2013). These steps
are equivalent to the Model 8 option (36 parameters plus
motion scrubbing) described by Ciric et al. (2017), with-
out the four parameters related to global signal regression
(GSR). In some cases, GSR can improve data quality and
assist in the detection of connectivity-behavior correlations
(Ciric et al. 2017; Li et al. 2019). However, GSR can also
create negative correlations in the resting-state fMRI cor-
relation matrix, and it is not known whether negative cor-
relations are biologically meaningful or a processing arti-
fact (Murphy and Fox 2017; Ciric et al. 2018). Additional
analyses of the present data incorporating the Chen et al.
(2012) metric indicated that GSR would not reduce the level
of noise. Thus, we chose not to include GSR in the fMRI
processing pipeline. Finally, temporal band-pass filtering
(0.01-0.08 Hz) was performed.

Mean framewise displacement (FD; Power et al. 2012)
during the resting-state scans was 0.124 mm (SD =0.057)
before motion scrubbing and was correlated positively with
age, r=0.274, p=0.0237. Before construction of resting-
state functional connectivity correlation matrices (see
the later section, Functional and Structural Connectivity
Estimation), we performed motion scrubbing of resting-
state volumes with > (0.50 mm using spectral interpolation.
If fewer than five volumes remained between two outlier
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volumes, both outliers and all of the intervening volumes
were scrubbed to account for residual motion (Power et al.
2014; Ciric et al. 2017; Parkes et al. 2018). Across partici-
pants, mean duration of the scrubbed resting-state data set
was 7.29 min (SD=0.270), with a minimum of 5.75 min.
Following motion scrubbing, the residualized image from
xcpEngine was registered to the study-specific template
using antsRegistration.

To assess resting-state functional connectivity, we cre-
ated a single matrix of the correlations (Pearson r) of the
resting-state fMRI timeseries data per node, for each par-
ticipant. Because there is ambiguity regarding the interpre-
tation of negative correlations, these were set to zero, as
recommended by Rubinov and Sporns (2010). The matrix
diagonal was also excluded from the calculations (i.e., set to
not a number; NaN). We conducted analyses on undirected,
weighted matrices, rather than on thresholded matrices, to
retain sensitivity to this variation in connection strength
(Rubinov and Sporns 2011). Finally, the matrix r values
were transformed to Fisher z values.

Task-related fMRI processing

Initial processing of the task-related fMRI data was con-
ducted within fMRIPrep in the same way as the resting-state
fMRI data (as described in the previous section, Resting-
State fMRI Processing) and then subjected to the same
32-parameter model for confound regression. As this specific
set of 32 confound parameters is not an option provided by
xcpEngine for task-related data, however, we instead manu-
ally constructed regression models for this set of confound
parameters within FSL FEAT v6.0, the same tool called
by the xcpEngine task module. Within FEAT, we removed
non-brain tissue using BET (Brain Extraction Tool), applied
grand-mean intensity normalization of the entire 4D dataset
by a single multiplicative factor and high-pass temporal fil-
tering (cut off =90.0 s), and carried out time-series statisti-
cal analysis using FILM (FMRIB's Improved Linear Model)
with local autocorrelation correction (Woolrich et al. 2001).
Mean FD across all the volumes of the four task-related runs
was 0.124 mm (SD=0.061), which did not differ signifi-
cantly from resting-state FD, #(67)=0.21, p=0.8378, and
was correlated positively with age, r=0.382, p=0.0013.
Analyses of the task-related data used a beta series
approach (Cisler et al. 2014; Rissman et al. 2004), to define
the parameter estimates of BOLD activation (betas) associ-
ated with the onset of the search display on each trial, within
each of four task-related runs. Across all 68 participants,
we excluded five runs (two runs for one participant and one
run for each of three other participants), in which visual
search accuracy was <75%, leaving a total of 16,020 trial
across all participants. We modeled each of these trials with
a stick function (duration =0) at display onset convolved
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with a double-gamma hemodynamic response function in
FSL FEAT. We used a least squares separate (L.SS) approach
(Mumford et al. 2012), in which one explanatory variable
modeled the regressor of interest, and a second explanatory
variable modeled the remaining 59 trials within each run for
each participant.

We first excluded 879 trials from the 16,020 total, where
the target identification response was incorrect (5.49% of
the total) and then excluded 17 of the remaining correct
responses in which the RT was either <250 ms or > 2500 ms
(0.01%). To reduce the effect of motion, we identified 78
correct-response trials (0.516%) with FD > 1.0 mm, within
a 6 s window, defined as 2 TRs (3 s) preceding and follow-
ing display onset. The associated betas for these 974 incor-
rect, RT outlier, or high-motion trials were removed prior
to constructing the connectivity matrices, leaving a total of
15,046 betas. Across the four runs, there was an average of
37 trials per participant (SD =4; minimum = 17), in each of
the six task conditions.

To assess task-related functional connectivity, the betas
for each task condition were used to construct separate undi-
rected, weighted connectivity matrices for each condition for
each participant: conjunction none, conjunction distractor,
conjunction target, feature none, feature distractor, and fea-
ture target. We also combined all betas across the six trial
types to estimate overall task connectivity for each partici-
pant. As with the resting-state data, negative correlations
were set to zero and the matrix diagonal was excluded.

DWI processing

We processed the DWI data with MRtrix3 (http://mrtrix.
org; Tournier et al. 2019), which also uses tools from FSL
and ANTs. The DWI data were first de-noised (Veraart
et al. 2016; Cordero-Grande et al. 2019) and then corrected
for head motion, eddy currents, and susceptibility-induced
distortions (Smith et al. 2004). Tissue-specific response
functions were derived using the dwiZ2response dhollander
algorithm. For the 60 participants with reverse polarity
scans available, off-resonance field distortions were cor-
rected using FSL topup (Andersson and Sotiropoulos
2016). We compared the quality control metrics derived
from EddyQC between participants with and without the
topup correction using independent sample #-tests. The two
groups did not differ on signal-to-noise ratio, pypr=0.716,
contrast-to-noise ratio, pppr=0.716, percentage of outlier
volumes, pppr=0.814, or absolute motion, p,,=0.814
(FDR-corrected for four comparisons). Lastly, all data were
bias-corrected using dwibiascorrect in MRtrix and non-
brain tissue was removed to generate a whole-brain mask
using dwiZmask. Absolute motion (calculated using eddy
QC; Bastiani et al. 2019), with reference to the first b=0
volume, was 0.48 mm (SD =0.10) and relative, or framewise
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motion, was 0.15 mm (SD=0.05). The correlation with age
was not significant for either absolute motion, pyr=0.8185,
or relative motion, pppr=0.2048 (FDR-corrected for two
comparisons). The final, preprocessed DWI data were visu-
ally inspected and found to be acceptable for brain mask cov-
erage, quality of motion and susceptibility-induced distor-
tion correction, MR artifacts, and anatomical abnormalities.

The data for structural connectivity were obtained from
Fiber Orientation Distribution (FOD) maps using multi-
shell, multi-tissue constrained spherical deconvolution
(Tournier et al. 2019). The tissue components within the
FOD maps were normalized to correct for the effect of inten-
sity inhomogeneities. We then generated streamlines using
anatomically constrained probabilistic tractography (ACT;
Smith et al. 2012), which limits the extent of streamline
propagation and ensures proper termination of streamlines
in the GM/WM interface. For each participant, 10 million
tracts were generated using a minimum length of 250 mm
and an FOD cutoff of 0.06 and then iteratively filtered to
1 million streamlines via spherical-deconvolution informed
filtering of tractograms (S/FT; Smith et al. 2013). SIFT iden-
tifies false positive tracts that do not match the underlying
white-matter anatomy via minimization of a cost-function
based on the FOD (Yeh et al. 2016). These streamlines, how-
ever, are an indirect estimate of the underlying anatomy and
are limited in several respects, for example a bias toward
recovering more streamlines from shorter tracts (Guevara
et al. 2020; Zhang et al. 2022). The endpoint of each stream-
line was assigned to the nearest GM node using a 4 mm
radial search (Smith et al. 2015). The filtered streamlines for
each participant were then transformed to the study-specific
template.

To assess structural connectivity, we constructed sym-
metrical, unthresholded matrices, where each cell represents
the total number of filtered streamlines connecting a pair
of nodes, scaled to account for differences in node volume
(Hagmann et al. 2008). As with the functional matrices, the
matrix diagonal values were excluded. Note that although
the T1 SPGR data are also structural data, the T1 data were
used only for registration and construction of the study-spe-
cific anatomical template. When referring to structural con-
nectivity, throughout this manuscript, we will be referring to
the connectivity as estimated from the DWI data.

Network and node selection

The graph theoretical estimates of structural and func-
tional connectivity begin from a predefined set of anatomi-
cal regions (nodes) and the connections among the nodes
(edges) (Bullmore and Sporns 2009; Rubinov and Sporns
2010; Sporns 2011; Sporns and Betzel 2016). We used
the Brainnetome Atlas (Fan et al. 2016) for node defini-
tion, which comprises 274 brain regions derived from

probabilistic tractography using in vivo DWI data. However,
we removed the 28 cerebellar nodes and 18 of the inferior
temporal nodes because our MRI slice prescription for the
T2*-weighted functional images did not sufficiently cover
these regions. We transformed the final set of 228 anatomi-
cal nodes into the study-specific template space.

The properties of networks are difficult to compare
directly when the network organization varies (van Wijk
et al. 2010). Because a primary goal of this research was to
investigate the reconfiguration of functional network organi-
zation from the resting state to the task-engaged state (and
the relation to structural connectivity), we applied the same
network parcellation, derived from the resting-state data, to
all three imaging modalities, to provide a common ground
for interpreting differences in the measures of connectiv-
ity. Thus, it is important to note that we are not attempt-
ing to characterize the individual modular structure for the
different imaging modalities. Rather, we are measuring the
connectivity within and between modules, for task-related
functional and DWI structural data, for modules defined
from the resting-state data.

To estimate a single parcellation of functional modules,
we used the Brain Connectivity Toolbox (Rubinov and
Sporns 2010) and input a group-averaged correlation matrix
generated from the resting state fMRI data. Although several
parcellations of resting-state fMRI data are available (Gor-
don et al. 2014; Ji et al. 2019; Power et al. 2011; Yeo et al.
2011), which would provide an independent definition of
modular structure, these parcellations are based primarily
on data from younger adults. In our view, the advantage of
obtaining an accurate estimate of the modular structure for
this particular data set, with individuals spanning the age
range of 18-78 years, outweighed having an independent
definition of the modules.

We estimated the data-driven, modular parcellation of
the resting-state data by averaging the individual 228 x 228
functional connectivity matrices across all 68 participants.
From this averaged connectome, we calculated the assign-
ment of each of the 228 nodes to a specific module using 150
iterations of the Louvain algorithm (Blondel et al. 2008). We
calculated the average agreement matrix across these 150
iterations, retaining values for only those pairs of nodes that
were assigned to the same module for at least 50% of the
iterations, and applied consensus clustering (Lancichinetti
and Fortunato 2012) to obtain the group consensus modules.

Previously reported parcellations of resting-state func-
tional connectivity from younger adult data typically
comprise 7-17 functional modules (Gordon et al. 2014; Ji
et al. 2019; Power et al. 2011; Yeo et al. 2011). We varied
the spatial resolution parameter of the Louvain algorithm
(gamma) across 15 values between 1.0 and 1.75 (Reich-
ardt and Bornholdt 2006). The solution at gamma = 1.40
contained nine modules and was the only solution with
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seven or more modules that each included at least eight
nodes. We therefore retained the nine-module parcel-
lation, comprising frontoparietal, default mode, dorsal
attention, sensorimotor, ventral attention, subcortical,
limbic, frontotemporal, and visual modules. The modules
are displayed in Fig. 3, and node-to-module assignments
are listed in Supplementary Table S1. This nine-module
parcellation, derived from group-averaged resting-state
data, was then applied to the resting-state, task-related,
and functional data.

As descriptive measures of the resting-state modular
parcellation, we calculated modularity (Q) and partition
distance (variation of information; VI), for each partici-
pant. Modularity refers to the degree to which the connec-
tions among all the nodes differ from a random structure
(Newman and Girvan 2004), and partition distance refers
to the degree to which two parcellations differ (Meila
2007), in this case the difference between parcellation for
an individual participant versus that of the group average.
Age-related differences in the modularity of the network
parcellation, and in the distance between the individual
and group-averaged parcellation, were consistent across
the selected range of 15 thresholds for spatial resolution
(Supplementary Tables S2 and S3).

Fig.3 Module parcellation.
Nine data-driven modules were
derived from group averaged
resting-state fMRI data, using c®
Brainnetome Atlas nodes (Fan ' * ®
et al. 2016) and the Brain Con- e
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Graph theoretical measures

Here, we focused on system segregation, which is the ratio of
within-module to between-module connectivity and reflects
the degree to which modules are distinct or differentiated
from each other (Chan et al. 2014; Wig 2017). Other graph
theoretical measures, such as participation coefficient, are
also sensitive to modular differentiation. Additional analy-
ses (reported in Supplementary Material) of participation
coefficient yielded results that were broadly similar to those
obtained for system segregation. We calculated system seg-
regation for the resting-state fMRI, task-related fMRI, and
DWI data using custom MATLAB scripts. System segrega-
tion is defined by Eq. 1, where Z-within and Z-between are
mean within- and between-module connectivity strength,
respectively.

SyStem SEgre‘gatiOn = <Zwithin - Zberween ) /Zwithin (1)

As noted in the Introduction, we also investigated the
reconfiguration of functional connectivity, from resting
to task states, in terms of the relative change in system
segregation, expressed by Eq. 2, where Z-rest and Z-task
are the average system segregation values for resting and
task-related conditions, respectively. Reconfiguration can
be viewed as the degree to which modules become more
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functionally integrated during the task, relative to the rest-
ing-state condition.

Reconﬁguration = (zrest - ztask)/irext (2)

The estimation of connectivity, for both functional and
DWI data, is influenced by motion (Ciric et al. 2017, 2018;
Oldham et al. 2020; Power et al. 2012; Van Dijk et al.
2012). For each imaging domain (resting-state functional,
task-related functional, and DWI), we thus included motion
in that domain as a covariate in the analyses. Analyses of
age-related effects for resting-state connectivity measures
were covaried for mean FD during the resting-state scan,
whereas task-related connectivity measures were covaried
for mean FD across the four task-related runs. Analyses of
the age-related effects for the DWI measures were covaried
for mean relative (framewise) motion, which corresponds
to the FD estimate from the fMRI data. Total intracranial
volume, estimated using the standard FreeSurfer recon-all
pipeline, was not included as a covariate, as preliminary
analyses (reported in Supplementary Material) indicated
that this variable did not vary significantly with age and did
not account for significant age-related effects in the outcome
variables.

Statistical analyses

All analyses were conducted within the general linear model,
using repeated measures analysis of variance (ANOVA) to
test the main effects and interactions of independent vari-
ables and Pearson’s r correlation to test for the effects of
age. Within a family of multiple comparisons, probability
levels for statistical effects were corrected for the false dis-
covery rate (FDR) with the Benjamini and Hochberg (1995)
method. The individual table notes and figure legends state
the number of comparisons for the individual familywise
corrections. Regression models with visual search outcome
measures included covariates for head motion for each of the
imaging modalities represented in the model (as described
in the previous paragraph) and visual acuity.

We investigated the role of the different forms of system
segregation in age-related differences in visual search per-
formance, using conditional process analyses of mediation
and moderation, within ordinary linear regression (Agler
and De Boeck 2017; Hayes 2013; Hayes and Rockwood
2017). A mediation effect is the interaction between vari-
able paths, specifically between the path for the predictor
to the mediator (the a path) and the path for the mediator to
the outcome variable (the b path), controlling for the predic-
tor. The total effect of the predictor on the outcome (the ¢
path), comprises both an indirect effect (the a X b path inter-
action) and a direct effect (the ¢’ path) that controls for the
influence of the mediator as expressed in the ab interaction.

Mediation effects, representing an influence of the mediat-
ing variable(s) on the relation between age and search per-
formance, were considered significant if the bias-corrected
95% confidence intervals (CIs) did not contain zero, based
on 10,000 bootstrap replacements within PROCESS macro
(Hayes 2013). Note that the interpretation of a significant
mediation effect (the a X b path interaction) does not rely
on the presence of a significant total effect for the predictor
variable, as the size of the total effect does not determine
or constrain the size of the a X b path interaction (Hayes
and Rockwood 2017). Moderation effects were tested by the
interaction between age and mediator variable(s) in predict-
ing the outcome measure.

Results

Diffusion decision model of visual search
performance

Mean values of drift rate (v) and nondecision time (z0)
parameters in each of the six task conditions are presented in
Table 2, and the costs and benefits of the color singleton on
search performance are presented in Table 3. Mean RT and
accuracy for the task conditions are presented in Table S4.
Note that increasing drift rate values represent a more effi-
cient decision process (comparison of visual features),
whereas increasing nondecision time values represent slower
sensorimotor processing (visual encoding and response exe-
cution). The boundary separation parameter (a) is assumed
to be constant across trials unless manipulated explicitly,
and thus is measured across all trials without regard to task

Table 2 Search performance by task condition

Search condition Singleton M (SD)

Drift rate (v)
Conjunction Distractor 0.190 (0.049)
Conjunction None 0.210 (0.053)
Conjunction Target 0.254 (0.057)
Feature Distractor 0.322 (0.067)
Feature None 0.317 (0.079)
Feature Target 0.300 (0.073)

Nondecision time (70)
Conjunction Distractor 0.630 (0.113)
Conjunction None 0.567 (0.090)
Conjunction Target 0.518 (0.090)
Feature Distractor 0.494 (0.077)
Feature None 0.480 (0.083)
Feature Target 0.470 (0.083)

n=68. Drift rate and nondecision time values are means, with stand-
ard deviations in parentheses
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Table 3 Costs and benefits of color singletons in conjunction search
performance

Singleton effect Mean (SD) t (SE) DFDR
Drift rate (v)
Distractor cost 0.073 (0.223) 2.68%* (0.027) 0.0094
Target benefit 0.261 (0.345) 6.23%*%* (0.042) 0.0002
Nondecision time (t0)
Distractor cost 0.114 (0.130) 7.25%*% (0.016) 0.0001
Target benefit 0.080 (0.128) 5.16%** (0.016) 0.0001

n=68. Cost and benefit values were defined so that the result-
ing values would be primarily positive. For drift rate, Distractor
Cost=(None — Dist)/None; Target Benefit=(Targ — None)/None.
For nondecision time, Distractor Cost=(Dist — None)/None; Target
Benefit=(None — Targ)/None. ¢ value is difference from zero, FDR-
corrected for two comparisons within each variable

“pror<0.03
wotp 2 <0.01
sy <0001

condition. Merenstein et al. (2023) report complete analyses
of the diffusion decision model parameters, including the
costs and benefits of the color singleton on search perfor-
mance. As discussed in that article, the primary findings in
the search performance data were the following: Conjunc-
tion search was less efficient than feature search, as reflected
in relatively lower drift rates and higher nondecision times
for conjunction search. The color singleton influenced target
discrimination, leading to more efficient target discrimina-
tion (higher drift rate and lower nondecision time) when the
singleton corresponded to the target, and to less efficient
discrimination when it corresponded to a distractor, relative
to displays without a color singleton. The singleton effect,
however, was evident only in the conjunction search condi-
tion. The color singleton did not influence highly efficient
search in the feature condition.

In the present analyses of the relation between search
performance and functional and structural connectivity, we
focused on the three findings from the visual search perfor-
mance data that exhibited age-related differences. First, cau-
tiousness (boundary separation) increased with age, reflect-
ing a more conservative decision threshold as a function
of increasing age, r=0.393, p=0.0010 (covaried for visual
acuity). Second, search efficiency (drift rate; v) decreased
with age, but only in the conjunction search condition. The
age correlations were r=—0.367, pppr=0.0044, for con-
junction search, and r=—0.113, pypr=0.363, for feature
search (covaried for visual acuity and FDR-corrected for
two comparisons). These correlations differ significantly by
Steiger’s z (Steiger 1980), z=2.592, p=0.0095 (2-tailed).
Thus, we analyzed the drift rate effect defined as the slow-
ing for the conjunction search condition relative to feature
search: (Feature — Conjunction)/Feature. Third, nondecision
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time increased with age, reflecting a slowing in visual encod-
ing and motor response execution. The age-nondecision time
correlations were r=0.611, py5r<0.0001, for conjunc-
tion search and r=0.640, pypr < 0.0001, for feature search
(covaried for visual acuity and FDR-corrected for two com-
parisons). Because the age-nondecision time correlations
were comparable for feature search and conjunction search
(Steiger’s z=—0.514, p=0.6072, 2-tailed), nondecision
time was averaged across the search conditions.

Functional and structural system segregation

For each participant’s data within imaging modality (rest-
ing-state, task-related, and DWI), we first estimated each
connectivity measure (system segregation, within-module
connectivity, and between-module connectivity) separately
for each module. We then averaged each estimate across
the nine modules to obtain whole-brain (global) connectiv-
ity measures. In view of the relatively small variations in
functional connectivity across the task conditions (see Task
Condition Effects in Supplementary Material, and Supple-
mentary Table S5), the outcome variable for task-related
functional connectivity was the average across the task con-
ditions, for each participant. Analyses of age-related effects
included covariates for motion in the associated imaging
domain.

Resting-state versus task-related effects

Global functional system segregation, calculated for each
participant, was significantly higher for the resting-state
data than for the task-related data, #(67)=22.59, p <0.0001
(Fig. 4, Panel A), reflecting a greater integration of mod-
ules during the task relative to rest. Comparison of rest-
ing-state versus task-related system segregation for each
module individually indicated that system segregation was
relatively higher in the resting-state for each module, with
#67)>6.25, prpr<0.0001 (corrected for nine comparisons),
in each case.

To further characterize the change in system segrega-
tion from rest to task, we conducted a repeated measures
ANOVA of the connectivity data, including global within
versus between (connectivity type) and rest versus task
(condition) as independent variables (Fig. 4, Panel B). The
main effects for both connectivity type, F(1, 67)=1273.74,
p<0.0001, » 2=0.950, and condition, F(1, 67)=46.66,
p<0.0001, n, = 0.411, were significant. These main effects
represent overall higher connectivity values for within-mod-
ule connectivity relative to between-module connectivity,
and higher connectivity for task relative to rest. The Con-
nectivity Type X Condition interaction was also significant,
F(1, 67)=219.72, p<0.0001, ;7[,2 =0.766, because within-
module connectivity was essentially unchanged between rest
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Fig.4 Functional system segregation and within- versus between-
module functional connectivity. Panel A=System segregation for
resting-state and task conditions; Panel B=Within-module and
between-module functional connectivity for resting-state and task
conditions. Values are means (+/— SE), averaged across age

and task, F(1, 67)=0.03, p=0.8577, ;1p2 =0.001, whereas
between-module connectivity increased during the task rela-
tive to rest, F(1, 67)=224.84, p<0.0001, np2 =0.770.

Age-related effects

We first examined the age correlations for global sys-
tem segregation in the two functional imaging domains.
System segregation decreased significantly with age for
both the resting-state data, r=—0.450, pypr <0.0001,
and task-related data, r=—0.538, p;pr <0.0001 (FDR-
corrected for three comparisons, including the DWI
data; Fig. 5, Panels A and B). The age-related decline in
both forms of system segregation was due primarily to a
decline in global within-module connectivity. The correla-
tions of within-module connectivity with age for resting-
state were r=—0.322, pppr=0.0136, and for task were
r=—0.317, pppr=0.0136, whereas the age correlation
for between-module connectivity was not significant for
either rest (r=0.116, pypr=0.4199) or task (r=0.0189,
Prpr=0.8796; FDR-corrected for six comparisons,

including the DWI data). In the resting-state data, the
sensorimotor, ventral attention, frontotemporal, and visual
modules exhibited significant age-related decline in system
segregation (Table S6), whereas in the task-related data,
the default mode, dorsal attention, ventral attention, and
frontotemporal modules exhibited significant age-related
decline in system segregation (Table S6).

In contrast to the resting-state and task-related func-
tional data, global system segregation for structural con-
nectivity increased significantly in relation to increasing
age, r=0.415, pppr=0.0050 (Fig. 5, Panel C). The more
pronounced age-related decline for global between-module
connectivity (r=-—0.644, pypr=0.0030) relative to global
within-module connectivity (r=—0.455, pppr=0.0030;
FDR-corrected for six comparisons) led to the age-related
increase in structural system segregation. The age-related
increase in structural system segregation was significant for
the frontoparietal, ventral attention, subcortical, and visual
modules, whereas the default mode module exhibited a sig-
nificant decrease in structural system segregation (Table S6).

System segregation as a mediator of age-related
differences in visual search performance

As noted previously in this Results section (Diffusion Deci-
sion Model of Visual Search Performance), we focused on
the three findings from the visual search performance data
that exhibited age-related differences: (a) the age-related
increase in cautiousness (a; boundary separation); (b) the
age-related slowing of drift rate (v) that was specific to con-
junction search; and (c) the age-related slowing of nondeci-
sion time (#0). For each of these, we created a mediation
model (Agler and De Boeck 2017; Hayes 2013; Hayes and
Rockwood 2017) of the variables in which age was the pre-
dictor, search performance was the outcome, and different
forms of system segregation were parallel mediators of the
relation between age and search performance.

A) B) C)
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c c b c
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8 % 0.50+4 %
§ § §
® ® 0.254 $ = ®
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Fig.5 System segregation as a function of age. Panel A =resting-state fMRI; Panel B =task-related fMRI; Panel C =diffusion-weighted imaging
(DWI). Correlations are covaried for motion within each imaging domain and FDR-corrected for three comparisons
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Cautiousness

Mediation analysis (Table 4) indicated that the variables of
age, resting-state system segregation, task-related system
segregation, and structural system segregation combined to
account for 19.30% of the variance in cautiousness (bound-
ary separation; a). None of the system segregation meas-
ures, however, had a mediating influence on the age-related
increase in cautiousness. Similarly, moderation analyses
indicated that none of the system segregation measures var-
ied with age in the prediction of boundary separation. The
Age x System Segregation interaction was F(1, 62)=0.10,
prpr=0.7572, for resting-state system segregation, F(1,
62)=0.28, pppr=0.7572, for task-related system segrega-
tion, and F(1, 62)=0.13, pppr=0.7572, for structural sys-
tem segregation (FDR corrected for three comparisons).

Conjunction search drift rate

Age and the three forms of system segregation accounted for
23.30% of the variance in the slowing of drift rate for con-
junction search, relative to feature search (Table 5). In addi-
tion, resting-state system segregation was a mediator of the
relation between age and conjunction search drift rate. The

beta coefficient for the interaction was positive (f=0.0011),
reflecting the product of two negative effects: the decline in
resting-state system segregation with increasing age (the a
path), and the increase in the slowing of conjunction search
drift rate with decreasing system segregation (the b path).
Thus, age influenced the slowing of conjunction search drift
rate indirectly, through the decrease in resting-state system
segregation.

To confirm the mediation effect for resting-state system
segregation, we rearranged the same predictor variables in
a theoretically implausible, but statistically tractable model
(Agler and De Boeck 2017; Salthouse 2011b), in which
the relative slowing of conjunction search drift rate was a
mediator of the relation between age and resting-state system
segregation. In this model, conjunction search drift rate was
not significant as a mediator, supporting the interpretation
of resting-state system segregation as a mediator (Table 5).

With resting-state system segregation for each of the nine
modules included as parallel mediators of the age-conjunc-
tion search drift rate relation, the default mode and sensori-
motor modules made independent contributions as mediators
(Table S7). Moderation analyses indicated that none of the
three global system segregation measures varied with age
in the prediction of the slowing of conjunction search drift

Table 4 Mediation of boundary Effect

separation (a) by system

SE t 4 Lower CI Upper CI

segregation

x=Age; m=Resting-state system segregation, Task-related system segregation, Structural system

segregation; y=Boundary separation; covariates =resting-state motion, task-related motion, structural
motion, visual acuity. F(5, 62)=2.96, p=0.0186, ?=0.193

Age effect (a path)
Resting-state sys seg —0.0016 0.0005 -3.231 0.0020 —0.0026 —0.0006
Task-related sys seg —0.0024 0.0005 —4.566 0.0000 —0.0035 -0.0014
Structural sys seg 0.0002 0.0001 3.835 0.0003 0.0001 0.0003
Mediator to outcome (b path)
Resting-state sys seg 0.0595 0.0392 1.520 0.1338 —0.0188 0.1379
Task-related sys seg 0.0273 0.0363 0.752 0.4554 —0.0454 0.1000
Structural sys seg 0.3457 0.3309 1.045 0.3005 —-0.3165 1.0078
Total effect for age (c path)
0.0006 0.0002 3.756 0.0004 0.0003 0.0009
Direct effect for age (¢’ path)
0.0007 0.0002 3.294 0.0017 0.0003 0.0011
Mediation effect (ax b path interaction)
Resting-state sys seg —0.0001 0.0001 - - —0.0003 0.0000
Task-related sys seg —0.0001 0.0001 - - —0.0003 0.0001
Structural sys seg 0.0001 0.0001 - - —0.0001 0.0003

n=068. sys seg=system segregation; a, b, ¢, =paths in mediation model, with x (age) as the predictor vari-
able, boundary separation (cautiousness) as the outcome variable (y), and resting-state system segregation,
task-related system segregation, and structural system segregation as the mediators m; a =path from pre-
dictor to mediator; b=path from mediator to outcome, controlling for a path; c=total effect of predic-
tor; ¢’ =direct effect of predictor, controlling for mediator(s); ab=interaction of a and b paths representing
indirect influence of x as mediated by m; effect=regression coefficient; SE=standard error; Lower/Upper
Cl=lower/upper bounds of bias-corrected 95% confidence intervals, estimated from bootstrap sampling
with 10,000 samples. Significant effects are presented in bold
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Table 5 Mediation of the
relation of age to conjunction
search drift rate by system
segregation

Effect SE t P Lower CI Upper CI

x=Age; m=Resting-state system segregation, Task-related system segregation, Structural system segre-
gation; y=Decrease in drift rate for conjunction search relative to feature search; covariates =resting-
state motion, task-related motion, structural motion, visual acuity. F(5, 62)=3.77, p=0.0048, ?=0.233

Age effect (a path)

Resting-state sys seg —0.0016 0.0005 -3.231 0.0020 —0.0026 —0.0006
Task-related sys seg —0.0024 0.0005 —4.566 0.0000 —0.0035 —0.0014
Structural sys seg 0.0002 0.0001 3.835 0.0003 0.0001 0.0003
Mediator to outcome (b path)
Resting-state sys seg —0.6634 0.2356 —2.816 0.0066 —1.1349 —0.1920
Task-related sys seg 0.1622 0.2185 0.742 0.4609 -0.2751 0.5994
Structural sys seg 1.0050 1.9912 0.505 0.6156 —-2.979% 4.9894
Total effect for age (c path)
0.0015 0.0010 1.548 0.1268 —0.0004 0.0034
Direct effect for age (¢’ path)
0.0006 0.0012 0.488 0.6272 —-0.0018 0.0030
Mediation effect (aX b path interaction)
Resting-state sys seg 0.0011 0.0006 - - 0.0003 0.0025
Task-related sys seg —0.0004 0.0005 - - —0.0014 0.0005
Structural sys seg 0.0002 0.0004 - - —0.0006 0.0010
Feat — Conj Drift Rate —0.0003 0.0002 - - —0.0009 0.0001

n=068. sys seg=system segregation; feat=feature; conj=conjunction; a, b, c¢,=paths in mediation
model, with x (age) as the predictor variable, and different variables for the outcome variable (y) and the
mediator(s) m; a=path from predictor to mediator; b =path from mediator to outcome, controlling for a
path; c=total effect of predictor; ¢’ =direct effect of predictor, controlling for mediator(s); ab=interac-
tion of a and b paths representing indirect influence of x as mediated by m; effect=regression coefficient;
SE =standard error; Lower/Upper Cl=lower/upper bounds of bias-corrected 95% confidence intervals,

estimated from bootstrap sampling with 10,000 samples. Significant effects are presented in bold

rate relative to feature search. The Age X System Segregation
interaction was F(1, 62)=0.17, p=0.6798, for resting-state
system segregation, F(1, 62)=0.44, p=0.6798, for task-
related system segregation, and F(1, 62)=1.92, p=0.5115,
for structural system segregation (FDR corrected for three
comparisons).

Nondecision time

A mediation model with age and the three forms of system
segregation accounted for 30.90% of the variance in average
nondecision time (Table 6). In this model, system segrega-
tion for the DWI structural data was a significant media-
tor of the relation between age and nondecision time. The
beta coefficient for the interaction was positive (f =0.0005),
reflecting the increase in both structural system segrega-
tion as a function of age (the a path), and the increase in
nondecision time with increasing system segregation (the
b path). A model that reversed the roles of the predictors,
designating nondecision time as a mediator of the relation
between age and structural system segregation, did not yield
significant mediation for nondecision time, confirming a
specific, mediating role of structural system segregation in
the relation between age and nondecision time. The increase

in nondecision time with increasing age was thus an indi-
rect effect (Table 6), reflecting the influence of increasing
structural system segregation (i.e., anatomical separation of
modules).

With structural system segregation for the nine modules
included as parallel mediators of the age-nondecision time
relation, none of the modules exhibited an independent
effect as a mediator (Table S8). Moderation analyses indi-
cated that none of the three global system segregation meas-
ures varied with age in the prediction of average nondecision
time. The Age X System Segregation interaction was F(1,
62)=0.16, p=0.4474, for resting-state system segregation,
F(1,62)=2.20, p=0.4302, for task-related system segrega-
tion, and F(1, 62)=0.58, p=0.4474, for structural system
segregation (FDR corrected for three comparisons).

Reconfiguration from rest to task

Functional reconfiguration

Across all participants, mean reconfiguration (Eq. 2) was
0.473 (SD =0.153), which was significantly greater than

zero, 1(67)=25.54, p<0.0001, consistent with the reduc-
tion in system segregation for the task, relative to rest (see
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Table 6 Mediation of the
relation between age and

Effect

SE t )4 Lower CI Upper CI

nondecision time by system

x=Age; m=Resting-state system segregation, Task-related system segregation, Structural system segre-

segregation gation; y= Average nondecision time; covariates =resting-state motion, task-related motion, structural
motion, visual acuity. F(5, 62)=5.534, p=0.0003, ?=0.309
Age effect (a path)
Resting-state sys seg —0.0016 0.0005 -3.231 0.0020 —0.0026 —0.0006
Task-related sys seg —0.0024 0.0005 —4.566 0.0000 —0.0035 —0.0014
Structural sys seg 0.0002 0.0001 3.835 0.0003 0.0001 0.0003
Mediator to outcome (b path)
Resting-state sys seg 0.2147 0.1336 1.607 0.1133 —0.0526 0.4820
Task-related sys seg —0.0516 0.1239 -0.417 0.6785 —0.2995 0.1963
Structural sys seg 2.0415 1.1288 1.809 0.0756 -0.2173 4.3003
Total effect for age (c path)
0.0023 0.0005 4.322 0.0001 0.0012 0.0033
Direct effect for age (¢’ path)
0.0020 0.0007 2.996 0.0040 0.0007 0.0034
Mediation effect (aX b path interaction)
Resting-state sys seg —0.0003 0.0003 - - —-0.0011 0.0002
Task-related sys seg 0.0001 0.0003 - - —0.0004 0.0007
Structural sys seg 0.0005 0.0003 - - 0.0000 0.0011

n=068. sys seg=system segregation; a, b, ¢, =paths in mediation model, with x (age) as the predictor vari-
able, and different variables for the outcome variable (y) and the mediator(s) m; a=path from predictor to
mediator; b= path from mediator to outcome, controlling for a path; ¢ =total effect of predictor; ¢’ =direct
effect of predictor, controlling for mediator(s); ab =interaction of a and b paths representing indirect influ-
ence of x as mediated by m; effect=regression coefficient; SE =standard error; Lower/Upper CI=lower/
upper bounds of bias-corrected 95% confidence intervals, estimated from bootstrap sampling with 10,000
samples. Significant effects are presented in bold

Fig. 4, Panel A). The magnitude of the reconfiguration effect
increased significantly with age (covaried for both resting FD
and task FD), representing a greater functional integration
of the modules, for the task relative to rest, with increasing
age (Fig. 6). Analyses of the individual modules indicated
that only the ventral attention module exhibited a significant
age-related increase in reconfiguration (Table S9).

Reconfiguration and search performance

When testing reconfiguration as a mediator of the relation
between age and search performance, the mediation model
accounted for 18.60% and 30.70% of the variance in cau-
tiousness and nondecision time, respectively (Table 7, Mod-
els 1 and 2). However, reconfiguration did not have a mediat-
ing effect on age-related differences in either cautiousness
or nondecision time. Tests for age moderation indicated that
the interaction between age and reconfiguration, in predict-
ing cautiousness and nondecision time, was not significant
for either search performance variable. The Age X Recon-
figuration interaction, with F(1, 61), was 0.14, p=0.7060,
for cautiousness, and 0.72, p=0.3980, for nondecision time.

The reconfiguration of system segregation between rest-
ing and task states was a significant mediator of the age-
related slowing of conjunction search drift rate, relative to
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Fig.6 Reconfiguration as a function of age. Reconfiguration is the
relative decrease in functional system segregation for the task, rela-
tive to rest (defined by Eq. 2 in the text). Increasing reconfiguration
represents an increase in the degree to which modules become more
functionally integrated during the task, relative to the resting-state
condition

feature search (Table 7, Model 3). This model accounted
for 23.30% of the variance in the relative slowing of con-
junction search. The beta coefficient for the mediation effect
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Table 7 Mediation of search
performance by reconfiguration

Effect SE t )4 Lower CI Upper CI

Model 1: x=Age; m=Reconfiguration of system segregation from rest to task; y=Boundary separa-
tion; covariates =resting-state motion, task-related motion, visual acuity. F(4, 63)=3.60, p=0.0105,
?=0.186

Age effect (a path)
Reconfig 0.0029 0.0011 2.639 0.0105 0.0007 0.0051
Mediator to outcome (b path)
Reconfig —0.0042 0.0175 —0.238 0.8125 —0.0392 0.0308
Total effect for age (¢ path)
0.0006 0.0002 3.774 0.0004 0.0003 0.0009
Direct effect for age (¢’ path)
0.0006 0.0002 3.630 0.0006 0.0003 0.0009
Mediation effect (a X b path interaction)
Reconfig —0.0000 0.0001 - - —0.0001 0.0001

Model 2: x=Age; m=Reconfiguration of system segregation from rest to task; y= Average nondecision
time; covariates =resting-state motion, task-related motion, visual acuity. F(4, 63)=6.98, p <0.0001,
*=0.307

Age effect (a path)
Reconfig 0.0029 0.0011 2.639 0.0105 0.0007 0.0051
Mediator to outcome (b path)
Reconfig 0.0326 0.0602 0.541 0.5904 —0.0877 0.1529
Total effect for age (¢ path)
0.0023 0.0005 4.354 0.0001 0.0012 0.0033
Direct effect for age (¢’ path)
0.0022 0.0006 3.937 0.0002 0.0011 0.0033
Mediation effect (a X b path interaction)
Reconfig 0.0001 0.0002 - - —0.0002 0.0006

Model 3: x=Age; m=Reconfiguration of system segregation from rest to task; y=Feat — Conj Drift
Rate; covariates =resting-state motion, task-related motion, visual acuity. F(4, 63)=4.79, p=0.0019,
*=0.233

Age effect (a path)
Reconfig 0.0029 0.0011 2.639 0.0105 0.0007 0.0051
Mediator to outcome (b path)
Reconfig —0.1627 0.1067 —1.526 0.1322 —0.3760 0.0505
Total effect for age (c path)
0.0015 0.0009 1.560 0.1237 —0.0004 0.0034
Direct effect for age (¢’ path)
0.0020 0.0010 1.977 0.0525 —0.0000 0.0039
Mediation effect (a X b path interaction)
Reconfig —0.0005 0.0003 - - —0.0013 —0.0000

n=68. Reconfig =reconfiguration of system segregation from rest to task; Feat — Conj Drift Rate =slowing
of conjunction search drift rate relative to feature search; a, b, ¢, =paths in mediation model, with x (age) as
the predictor variable, and different variables for the outcome variable (y) and the mediator(s) m; a=path
from predictor to mediator; b=path from mediator to outcome, controlling for a path; c=total effect of
predictor; ¢’ =direct effect of predictor, controlling for mediator(s); ab=interaction of a and b paths repre-
senting indirect influence of x as mediated by m; effect=regression coefficient; SE =standard error; Lower/
Upper CI=lower/upper bounds of bias-corrected 95% confidence intervals, estimated from bootstrap sam-
pling with 10,000 samples. Significant effects are presented in bold

was negative (f=—0.0005), as a result of the multiplicative ~ segregation, from rest to task, exhibited less slowing of con-

effect of the relation between the positive age-reconfigura-  junction search drift rate relative to feature search. In addi-
tion path and the negative (but nonsignificant) reconfigura-  tion, testing an alternative model, with conjunction search
tion-search performance path. That is, controlling for age, drift rate as a mediator of the age-reconfiguration relation,

those individuals with greater reconfiguration of system  did not yield a significant mediation effect, supporting
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the interpretation of reconfiguration as a mediator of the
age-search performance relation. The beta coefficient for
conjunction search drift rate as a mediator, in this alterna-
tive model, was —0.003 (SE=0.0003; 95% Lower/Upper
CI=-0.0013/0.0001).

With reconfiguration for the nine modules included as
parallel mediators of the age-related slowing of conjunction
search drift rate, none of the modules exhibited an independ-
ent effect as a mediator (Table S10). A moderation test did
not yield significant interaction between age and reconfigu-
ration in the prediction of conjunction search drift rate, F(1,
61)=0.17, p=0.6781.

Structural disconnection and functional reconfiguration

To what extent is functional reconfiguration a response to
the age-related increase in the structural separation of mod-
ules, as indicated by the age-related increase in structural
system segregation (Fig. 5, Panel C)? Because reconfigu-
ration was a mediator of the age-related decline in con-
junction search drift rate (Table 7, Model 3), we explored
a model in which both structural system segregation and
reconfiguration were mediators of the relation between age
and conjunction search drift rate. The two mediators were
arranged in serial, such that structural system segregation

was influencing reconfiguration (Table 8, Model 1). This
model accounted for 23.30% of the variance in the slowing
of conjunction search drift rate, relative to feature search.
Reconfiguration remained significant as a mediator of the
age-search performance relation. Structural system segrega-
tion, however, did not exhibit a significant relation to either
reconfiguration or conjunction search drift rate.

When tested individually, structural system segregation
was not correlated with functional reconfiguration (covaried
for motion), r=0.055, p=0.6647. Age was not a moderator
in regression models (with motion covariates) of the relation
between structural system segregation and functional system
segregation, for either rest, F(1, 62)=0.17, p=0.6845, or
task, F(1, 62)=0.06, p=0.8059.

Discussion

In this research we brought graph theoretical analyses to
bear on data comprising resting-state and task-related func-
tional connectivity, structural connectivity, and cognitive
task performance (visual search), for 68 healthy adults sam-
pled continuously from 18 to 78 years of age (Merenstein
et al. 2023). Using a modular parcellation derived from the
participants’ resting-state data (Figs. 1 and 2), we addressed

Table 8 Structural system
segregation and functional

Effect SE t P

Lower CI ~ Upper CI

reconfiguration as serial
mediators of search
performance
Age effect (a path)
Structural sys seg
Reconfig
Mediator to outcome (b path)
Structural sys seg
Reconfig
Total effect for age (c path)

Direct effect for age (¢’ path)

x =Age; m=Structural system segregation — Reconfiguration of system segregation from rest to task;
y =Feat — Conj Drift Rate; covariates = resting-state motion, task-related motion, structural motion,
visual acuity. F(5, 62)=3.77, p=0.0048, ?=0.233

Mediation effect (ax b path interaction)

Structural sys seg
Structural sys seg — Reconfig
Reconfig

0.0002  0.0001 3.835  0.0003 0.0001 0.0003
0.0032  0.0012 2.775  0.0073 0.0009 0.0056
1.0121  2.0664 0490  0.6261 —3.1212 5.1455
-0.1823  0.1160 —-1.572  0.1213  —-0.4142 0.0497
0.0015  0.0010 1.548  0.1268  —0.0004 0.0034
0.0018  0.0011 1.595  0.1160  —0.0005 0.0040
0.0002  0.0004 - - —0.0006 0.0011
0.0001  0.0001 - - —0.0001 0.0004
—0.0006  0.0004 - - —-0.0017 —0.0001

n=68. Reconfig=reconfiguration of system segregation from rest to task; Structural sys seg=DWI struc-
tural system segregation; Feat — Conj Drift Rate =slowing of conjunction search drift rate relative to fea-
ture search; a, b, ¢, =paths in mediation model, with x (age) as the predictor variable, and different vari-
ables for the outcome variable (y) and the mediators (m); a =path from predictor to mediator; b =path from
mediator to outcome, controlling for a path; ¢ =total effect of predictor; ¢’=direct effect of predictor, con-
trolling for mediator(s); ab=interaction of a and b paths representing indirect influence of x as mediated
by m; effect=regression coefficient; SE=standard error; Lower/Upper CI=lower/upper bounds of bias-
corrected 95% confidence intervals, estimated from bootstrap sampling with 10,000 samples. Significant
effects are presented in bold
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two major aims: (a) age-related differences in functional and
structural brain connectivity, especially system segregation,
and (b) the relation of these measures of brain connectivity,
including the reconfiguration of functional network connec-
tivity, between resting and task-related states, to age-related
differences in visual search performance.

Functional and structural connectivity

The results replicated several findings relevant to the first
goal, starting from the changes in functional connectivity
between resting and task-related states. Across the sample
as a whole, we observed a decrease in system segregation
from rest to task (Fig. 4, Panel A), as hypothesized, consist-
ent with the increased integration of modules necessary to
support the attentional demands of task performance (Braun
et al. 2015; Cohen and D'Esposito 2016; Cohen et al. 2014;
Elton and Gao 2015; Shine et al. 2016; Spadone et al. 2015;
Wen et al. 2015). This task-related decrease in system segre-
gation was significant for each of the nine modules.

What is not widely emphasized in the literature to date is
that because system segregation is a relative measure, index-
ing the strength of within-module connectivity relative to
between-module connectivity (Eq. 1), different patterns of
change, for within- and between-module connectivity, may
yield comparable levels of change in system segregation
across resting and task-related states. In studies of younger
adults, for example, Cohen et al. (2014) and Spadone et al.
(2015) observed, as we do here, that modules are more inter-
connected during a task than in the resting state. Both of
these previous studies, however, describe task-related recon-
figuration as involving both a decrease in within-module
connectivity and an increase in between-module connectiv-
ity. Our findings, in contrast, indicate that within-module
functional connectivity was essentially unchanged between
rest and task, with the task-related decrease in system segre-
gation being due entirely to the increase in between-module
connectivity occurring during the task (Fig. 4, Panel B).
Thus, comparable changes in system segregation may reflect
different combinations of within- and between-module con-
nectivity, which in turn may reflect variation, across studies,
in demographic variables (e.g., age range) and task demands
(e.g., visual target discrimination vs. working memory).

The age-related decline in resting-state system segre-
gation is well established (Chan et al. 2014; Deery et al.
2023; Goh 2011; Madden et al. 2020a; Malagurski et al.
2020; Ng et al. 2016; Pedersen et al. 2021; Wig 2017) and
confirmed here (Fig. 5, Panel A). Analyses of the indi-
vidual modules suggested that the age-related decline was
most pronounced for the sensorimotor, ventral attention,
frontotemporal, and visual modules (Table S6), which was
unexpected in view of the proposal that age-related decline
in resting-state system segregation is greater in magnitude

for modules associated with higher-order, cognitive func-
tions, relative to sensorimotor modules (Chan et al. 2014;
Malagurski et al. 2020; Pedersen et al. 2021). Other find-
ings, however, have also reported age-related decline in
the functional segregation of sensorimotor modules (He
et al. 2012; Roski et al. 2013).

The age-related decline in system segregation for task-
related functional connectivity during visual search (Fig. 5,
Panel B), is consistent with previous investigations of other
tasks, particularly different versions of working memory
(Chan et al. 2017; Gallen et al. 2016; Grady et al. 2016;
Hughes et al. 2020; Spreng et al. 2016; Zhang et al. 2021).
Interestingly, the age-related declines in both resting-state
and task-related functional connectivity were due entirely to
age-related decline in within-module connectivity, whereas
the overall change in system segregation from rest to task,
when averaged across the age variable, was the result of
increased between-module functional connectivity (Fig. 4,
Panel B). This is surprising because age-related increases in
between-module connectivity have been observed for both
resting-state (Chan et al. 2014) and task-related (Gallen
et al. 2016) analyses. The between-module increase would
be expected if older adults’ increased correlations among
modules reflected a modification of network structure in
response to diminishing attentional resources (Chan et al.
2017; Gallen et al. 2016; Hughes et al. 2020; Spreng et al.
2016). While the reason for the differences across studies
is not clear, Deery et al. (2023) noted in their review of the
resting-state literature, that age-related decrease in within-
module connectivity was more prominent (72% of studies)
than age-related increase in between-module connectivity
(54% of studies).

The age-related increase in structural system segregation
in these data (Fig. 5, Panel C), as hypothesized, is consist-
ent with the age-related disconnection of white matter path-
ways (Bennett and Madden 2014; Salat 2011), leading to a
more locally organized structural network for older adults
(Puxeddu et al. 2020; Wu et al. 2012; Zhao et al. 2015). In
this case, whereas both within-module and between-module
structural connectivity decreased with age, the age-related
decrease was more pronounced for between-module con-
nectivity, leading to increased segregation of the modules.
The increased modular segregation was evident for the fron-
toparietal module, as well the ventral attention, subcorti-
cal, and visual modules (Table S6). Related findings from
conventional diffusion tensor imaging studies (Wu et al.
2016) suggest that age-related differences in white matter
microstructure are greater for long-range white matter path-
ways, contributing to between-module connectivity, as com-
pared to more superficial white matter. A combination of
various neurobiological mechanisms, including age-related
decreases in myelination (Bartzokis 2004; Sams 2021) and
increases in white matter hyperintensity volume (Tuladhar
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etal. 2016; Lu et al. 2024; Du et al. 2021) likely contribute
to the increased segregation of structural modules.

Functional reconfiguration, structural connectivity,
and visual search performance

The visual search behavioral data (Table 2) yielded three
prominent age-related differences in parameters of the drift
diffusion model (Dutilh et al. 2019; Merenstein et al. 2023;
Ratcliff et al. 2016): (a) an age-related increase in cautious-
ness; (b) an age-related slowing of the rate of visual evi-
dence accumulation (drift rate), which was specific to the
more difficult task condition (conjunction search; Fig. 1);
and (c) an age-related slowing in sensorimotor processing
(nondecision time), which was relatively constant across the
various task conditions. The presence of a color singleton
in the display had both positive and negative influences on
target discrimination, in the conjunction search condition,
depending on the coincidence of the singleton with the target
(Dent 2023; Theeuwes 2010; Wostmann et al. 2022; Yan-
tis 1996), but the singleton effects were constant with age
(Table 3). This pattern is consistent with previous behavioral
studies of aging using the diffusion decision model, which
have yielded reliable age-related increases in nondecision
time and cautiousness (Madden et al. 2020b; Ratcliff 2008;
Servant and Evans 2020). The age-related slowing of the
drift rate parameter is more variable and appears to require
a level of task complexity, as in the conjunction search
condition.

In addressing our second goal, identifying the relation of
network connectivity to age-related decline in visual search
performance, we found that functional and structural sys-
tem segregation, as well as the functional reconfiguration
between resting and task states, had specific influences on
age-related differences in the different components of visual
search. Comparing the three forms of system segregation as
mediators of the relation between age and visual search per-
formance, we found that the age-related increase in cautious-
ness was independent of functional and structural system
segregation (Table 4). However, resting-state system segre-
gation emerged as a significant mediator of the age-related
decline in the efficiency of visual evidence accumulation
for conjunction search (Table 5), with specific contributions
from the default mode and sensorimotor modules (Table S7).
Mediation was not significant when we rearranged the causal
order of the predictor variables (Agler and De Boeck 2017,
Salthouse 2011b), providing additional support that the
observed mediation was interpretable. It is surprising that
the resting-state measure outperformed task-related sys-
tem segregation (Geerligs et al. 2014; Madden et al. 2010;
Monge et al. 2017), as a mediator, but several previous stud-
ies have noted correlations between various forms of resting-
state functional connectivity and age-related differences in
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composite, psychometric measures of cognition (Chan et al.
2014; Pedersen et al. 2021; Madden et al. 2017b, 2020a),
and we have previously observed resting-state measures to
be correlated with age-related differences in visual search
(Madden et al. 2017a).

The age-related increase in nondecision time represents
the combined effects of relatively early, sensory-level encod-
ing and later, motoric processes of the button-press response.
These encoding and response processes are common to all
the task conditions. Similarly, the age-related increase in
nondecision time was constant across the task conditions,
reflecting a generalized, age-related slowing in these encod-
ing and response processes (Madden 2001; Madden and
Monge 2019; Salthouse 1985, 1996; Salthouse and Madden
2007). Mediation analyses indicated that structural system
segregation was significant as a mediator of the age-related
slowing of nondecision time (Table 6). As with the func-
tional mediation analyses, rearranging the order of predictor
variables supported the validity of structural system seg-
regation as a mediator. Although various aspects of brain
structure, particularly white matter microstructure, corre-
late with age-related decline in fluid cognition (Bennett and
Madden 2014; Bennett et al. 2012; Madden et al. 2020a,
b; Salami et al. 2012), previous evidence for specific influ-
ences of brain structure on age-related differences in cogni-
tion is not strong (Salthouse 2011b). The present findings
suggest that structural and resting-state functional system
segregation have distinct influences in our visual search task:
Whereas resting-state functional system segregation contrib-
utes to age-related decline in the more cognitive component
of the rate of information extraction (especially in conjunc-
tion search), structural system segregation influences age-
related slowing of the more sensorimotor processes that are
independent of the decision process (Rabbitt et al. 2007;
Bendlin et al. 2010; Salami et al. 2012).

Finally, the decrease in functional system segregation
for the task, relative to rest, as reflected in our measure of
reconfiguration (Eq. 2), increased with age, as hypothesized
(Fig. 6). That is, the age-related decrease in the segregation
of modules (driven primarily by decreased within-module
connectivity) is not just associated with resting and task
states when considered individually, but is evident as a
further decrease in functional system segregation during
the task, relative to rest. We propose that this age-related
increase in functional reconfiguration (Fig. 6) represents the
increased integration of functional modules required by the
attentional demands of visual target discrimination, in line
with working memory and other forms of fluid cognition
(Chan et al. 2017; Gallen et al. 2016; Grady et al. 2016;
Hughes et al. 2020; Spreng et al. 2016; Zhang et al. 2021).
Further, the reconfiguration of system segregation between
resting and task states was a significant mediator of the age-
related slowing of conjunction search drift rate, relative to
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feature search (Table 7, Model 3), consistent with the related
effect observed in the resting-state data (Table 5).

Although we had expected that age-related differences
in structural system segregation would constrain the influ-
ence of functional reconfiguration (Andrews-Hanna et al.
2007; Fjell et al. 2016; Zimmermann et al. 2016), this was
not the case (Table 8). Similarly, the correlations between
the structural and functional connectivity measures were not
significant. This pattern may be consistent with a weakening
of structural-functional relation with age (Betzel et al. 2014;
Zamani Esfahlani et al. 2022), but the weakening was not
sufficiently prominent to be expressed as an age moderation
of the relation between structural and functional connectiv-
ity. In this visual search task, the influence of structural con-
nectivity on age-related differences in nondecision time, and
the influence of functional connectivity on age-related dif-
ferences in the efficiency of evidence accumulation, appear
to be relatively independent age-related effects (Fjell et al.
2017; Madden et al. 2020a; Pedersen et al. 2021; Schulz
et al. 2022).

Limitations

In these analyses of functional and structural system seg-
regation, we applied the modular parcellation defined
from our resting-state data, at a particular spatial resolu-
tion (gamma= 1.40) to the task-related and structural data.
Analyses at different levels of spatial resolution, or with
different parcellations (Gordon et al. 2014; Ji et al. 2019;
Power et al. 2011; Yeo et al. 2011), may yield different
results (Arslan et al. 2018; Zalesky et al. 2010). In addi-
tion, the measure of structural connectivity in our analyses
is derived from the estimated number of streamlines between
two nodes, which is an indirect estimate that may not agree
with the true underlying neuroanatomy (Guevara et al. 2020;
Zhang et al. 2022). Finally, we compared network organi-
zation derived from timeseries analysis during the resting
state to that derived from beta-series analysis during the
task. These estimates are thus arising from different physi-
ological properties of the BOLD signal (i.e., background
connectivity during rest versus evoked connectivity during
task). We believe, however, that the advantage of provid-
ing a common metric for the observed differences across
imaging modalities outweighs these particular limitations.
Similarly, we have focused primarily on system segregation,
out of a wide variety of graph theoretical measures charac-
terizing the features of brain networks (Bullmore and Sporns
2009; Rubinov and Sporns 2010; Sporns 2011; Sporns and
Betzel 2016), as a first step in establishing the fundamental
relations among the resting-state, task-related, and structural
data. Current theories of age-related differences in func-
tional connectivity have featured system segregation as a
useful measure for summarizing age-related differences in

connectivity within and between modules (Chan et al. 2014;
Madden et al. 2020a; Wig 2017), but additional analyses of
related measures (e.g., participation coefficient) will provide
complementary information.

The analyses were also limited to characterizing the pat-
terns of shared and unique variance in the outcome meas-
ures, within ordinary linear regression of cross-sectional
data. We thus emphasize that the present results, includ-
ing the mediation effects (Agler and De Boeck 2017; Hayes
2013; Hayes and Rockwood 2017), refer to differences
among individuals in relation to chronological age, not
change over time as would be measured from a longitudi-
nal design (Hofer and Sliwinski 2001; Lindenberger et al.
2011; Maxwell and Cole 2007). However, the age-related
decline in resting-state system segregation, observed here,
is also evident in longitudinal investigations (Ng et al. 2016;
Pedersen et al. 2021). The cross-sectional design avoids the
blurring in the estimation of age-related variance, from prac-
tice effects, which can occur in longitudinal designs (Salt-
house 2011a; Salthouse and Nesselroade 2002).

Conclusions

In this graph theoretical analysis, using the same modular
parcellation across functional and structural brain connectiv-
ity data, we obtained age-related decline in resting-state and
task-related functional system segregation, and age-related
increase in structural system segregation, consistent with
previous findings. Thus, whereas functional connectiv-
ity becomes more globally organized with increasing age,
structural connectivity becomes more locally organized.
Further, the reconfiguration of functional system segre-
gation, from the resting to task state, increased with age,
presumably in support of the attentional demands of visual
target discrimination. Functional and structural system seg-
regation also exhibited qualitatively different influences on
visual search performance: Functional system segregation
(including reconfiguration) influenced the age-related slow-
ing in the rate of evidence accumulation, whereas structural
system segregation contributed to the age-related slowing
of nondecisional (encoding and response) processes. How-
ever, within this form of visual search, and these measures
of brain connectivity, the age-related increase in functional
reconfiguration does not appear to be a direct response to a
corresponding decline in structural connectivity.
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