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Introduction: Normal aging is associated with alterations of functional
connectivity in brain neuronal networks. Altered network connectivity may be
associated with accelerated cognitive decline. Physical activity is considered
a beneficial lifestyle factor for maintaining cognitive health. Higher intensities
of physical activity may induce structural and functional changes in the brain,
particularly in regions involved in cognitive functions. However, the underlying
neural mechanisms are not widely investigated. Our aim was to examine the
association between resting-state functional connectivity of brain networks
previously associated with cognitive and motor functions, physical activity and
cognitive performance in healthy older adults.

Methods: We analyzed resting-state fMRI, physical activity and
neuropsychological data of 149 healthy older adults (mean age: 68 years).
Physical activity was measured by using actigraphs worn for 7 days and
categorized into moderate-to-vigorous activity. Euclidean norm minus one
values used to represent mean overall physical activity. We used a hypothesis
driven seed-based approach and data-driven independent component analysis
to examine brain network activity of a priori selected brain regions and
networks.

Results: No significant associations were found in the seed-based analyses.
The independent component analyses showed spatially restricted effects of
moderate-to-vigorous physical activity in frontal regions of the default mode
and salience networks, at p < 0.01 uncorrected.
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Conclusion: Different physical activity

10.3389/fnagi.2026.1765112

intensities were not significantly

associated with resting-state functional connectivity of various brain networks
in a sample of healthy older adults. This finding contrasts with the results of
previous cross-sectional studies.

KEYWORDS

accelerometers, actigraphy, healthy aging, physical activity, resting-state functional

connectivity

Introduction

Physical activity benefits cardiovascular health and promotes
resilience against cognitive decline and dementia (McGregor et al.,
2018; Sofi et al., 2011; Weuve et al., 2004; Yaffe et al., 2001), with
recent evidence highlighting its neuroprotective effects, particularly
in older adults (Buchman et al., 2019; Sofi et al., 2011).

Aging is associated with functional changes and alterations
in functional connectivity (FC) of higher order networks, such
as the default mode network (DMN), central executive network
(CEN), dorsal attention network (DAN) and salience network
(SAL) (Gogniat et al., 2022; Jockwitz and Caspers, 2021; Voss et al.,
2016). Decreases in resting-state FC within the neural networks
have been associated with cognitive deficits (Andrews-Hanna et al.,
2007; Jockwitz et al., 2017; Salami et al., 2014; Shaw et al., 2015;
Tsvetanov et al., 2016) and have been implicated in the risk
of developing dementia and neurodegenerative diseases, such as
Alzheimer’s disease (AD) (Hamer and Chida, 2009; Sofi et al., 2011).
However, physical activity has been shown to significantly improve
the FC of these networks (Domingos et al., 2021; Ferreira et al,,
2022). Different types and intensities of exercise are shown to have
different effects on connectivity within and between different brain
regions (Domingos et al., 2021).

Higher levels of physical activity measured at baseline have
been found positively correlated with an increased FC of DMN,
SAL and left control network (Pruzin et al., 2022). Physical activity
intervention studies have demonstrated higher FC within the
anterior DMN and the DAN (Gogniat et al., 2022; Voss et al,
2016), the DMN and the SAL (Dion et al., 2021), and the DMN
and the fronto-executive and fronto-parietal networks (Voss et al.,
2010). On the other hand, decreased FC in networks, such as the
DMN, the SAL, and left control network was strongly associated
with sedentary time (Domingos et al.,, 2021; Vergoossen et al.,
2021). FC of primary motor regions and DMN areas have also
been associated with improved motor performance after physical
activity interventions (Flodin et al., 2017; McGregor et al., 2018;
Voss et al,, 2010). In addition, CEN, which has been negatively
associated with sedentary time, may be functionally enhanced by
moderate-to-vigorous physical activity (Dion et al., 2021).

Abbreviations: FC, functional connectivity; DMN, default mode network;
CEN, central executive network; DAN, dorsal attention network; SAL,
salience network; VN, visual network; SMN, sensorimotor network; ENMO,
Euclidean norm minus one; MVPA, moderate-to-vigorous physical activity;
PASE, physical activity scale for the elderly; ROI, regions of interest; SBC,
seed-based connectivity ICA, independent component analysis
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These data points to the importance of FC measures in the
evaluation of the efficacy of physical activity in cognitive aging.

In the current study, we investigated the association between
objectively measured physical activity and resting-state FC of
brain networks in a sample of healthy older adults. Based on
previous findings from cross-sectional studies (Gogniat et al., 2022;
McGregor et al., 2018; Pruzin et al., 2022; Soldan et al., 2022),
we hypothesized that higher FC of networks involved in cognitive
and motor processes and shown to be functionally enhanced by
physical activity interventions would be associated with higher
physical activity at baseline. Specifically, we analyzed resting state
FC of a priori selected brain networks and regions, such as
DMN, SAL, CEN, visual (VN) and sensorimotor network (SMN).
Physical activity intensities, such as the amount of moderate-
to-vigorous activity (MVPA) and the overall physical activity, as
represented by Euclidean norm minus one (ENMO) values, were
objectively measured using actigraphs. Moreover, we investigated
the association between FC of brain networks and habitual physical
activity as measured by the Physical Actvity Scale for the Elderly
(PASE) questionnaire (Washburn et al., 1993). Building on previous
research that examined distinct associations between physical
activity derived from accelerometers (Soldan et al., 2022; Voss et al.,
2016) or from self-reports (Dorsman et al., 2020) with FC, we
examined these associations by combining different metrics within
the same cohort. Additionally, we examined covariates, such as
sex, age, education, and cognitive performance of our sample. To
our knowledge, the literature on the association between different
physical activity aspects, such as frequency, duration and habitual
activity, with FC of brain networks related to both cognitive and
motor performance is limited. A combination of various aspects
of physical activity may better identify which brain networks are
related to habitual activity in healthy aging. This could contribute to
the design of physical activity intervention or longitudinal studies
aimed at understanding how lifestyle factors influence brain aging.

Materials and methods

Subjects and procedures

The data used in this article were obtained from the AgeGain
study (Wolf et al., 2018), a longitudinal, interventional, multi-
center, multi-modal imaging trial (German Clinical Trials Register,
ID: DRKS00013077). The focus of the trial was to investigate the
neurobiological mechanisms underlying cognitive and physical
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training in healthy older adults. The main exclusion criteria
were the current -or history of- psychiatric, neurological,
cognitive disease, brain lesions or any criterion that could
affect MRI acquisition. A more detailed description of the
study can be found in the study protocol (Wolf et al., 2018).
All participants were enrolled by three recruiting centers in
Germany: Mainz (University Medical Center Mainz, Department
of Psychiatry and Psychotherapy), Rostock [University Medical
Center Rostock, Clinic of Psychosomatic and Psychotherapeutic
Medicine and German Center for Neurodegenerative Diseases
(DZNE)] and Cologne (German Sport University Cologne,
Institute of Movement and Neurosciences). The participants
were recruited by local newspaper announcements and
flyers.

For the purposes of the current study, we selected a subset of the
full longitudinal dataset based on the availability of accelerometric
and resting state fMRI data. Specifically, we used physical activity,
neuropsychological data, and resting-state fMRI data from 149

participants, as measured at baseline level.

Physical activity measurements

Actigraphs, namely the portable wristband (GeneActive,
Kimbolton, United Kingdom), worn for 7 days, were used to
objectively measure physical activity. The minimum h of weartime
was set to 16 h per day as a criterion. These devices are validated
(Esliger et al., 2011) and were found to be comparable to the
well-established ActiGraph (ActiGraph, Pensacola, United States)
(Hildebrand et al, 2014). The wristbands used a three-axis
accelerometer, a heat flux sensor, a galvanic skin-response sensor,
a skin-temperature sensor and a near-body ambient temperature
sensor to capture data for 1 week (Wolf et al, 2018). The
raw data was extracted by GENEActiv Software Version 3.2 as
provided by the manufacturer and all subsequent analyses were
performed using R package GGIR version 1.9-1 (Migueles et al.,
2019) in RStudio Version 1.0.136 (R Studio Team, 2015 Integrated
Development for R. RStudio, Inc., Boston, MA [Computer Software
v0.98.1074]). These included auto-calibration (van Hees et al,,
2014) extraction of the Euclidean Norm minus one (ENMO),
a metric of the overall acceleration signal subtracted by the
gravitational component (van Hees et al., 2013), identification and
imputation of potential non-wear time as well as calculation of
time spent at moderate/vigorous activity levels (Migueles et al.,
2019). This level was defined such that 80% of 5 s segments
of 60 s bouts had to exceed the ENMO threshold of 100 mg
(Menai et al., 2017). ENMO was used as a representation of
overall physical activity, and it was measured in milligravity
(mg). Moderate-to-vigorous physical activity was measured in
minutes/day (min/d) to reflect time spent at higher physical activity
levels.

Moreover, we selected data using the Physical Activity Scale
for the Elderly (PASE) (Washburn et al, 1993). The PASE is
a validated 12-item self-administered questionnaire that assesses
activities typically chosen by older adults, such as walking, exercise,
housework, yardwork or caring for another person. It examines
the frequency, duration and intensity level of the activity, with
scores ranging from 0 to 793, with higher scores indicating greater
physical activity.
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Neuropsychological assessment

Our participants completed a battery of neuropsychological
tests. For the current analyses, we selected cognitive tests
representing memory, working memory and executive functions
from the full neuropsychological battery (Wolf et al., 2018) and
we extracted composite scores. More specifically, memory and
working memory were measured by the Verbal Learning Memory
Test (VLMT), a German version of the auditory verbal learning
test (Helmstaedter et al., 2001) and by subtests of the Wechsler
Memory Scale- revised (WMS-R): digit span, block span (forward
and backward) and visual paired associations (Wechsler, 1987).
Executive functions were assessed by Trail Making Test B (Reitan,
1956), Tower of London (Shallice, 1982), Leistungspriifsystem
(LPS) (comparable to Raven Matrices): subtest 4 (LPS-4: logical
reasoning) and 8 (LPS-8: visuospatial perception) (Horn, 1962).
Including the abovementioned neuropsychological tests, we built
composite scores for the three cognitive domains: Memory,
Working memory and Executive functions. This was realized by
standardizing all raw variables as T-scores based on distribution
parameters of the neuropsychological assessment and then
calculating the mean score of each time point of the assessment.
The neuropsychological scores used as covariates in our statistical
models.

MR data acquisition

The scans were acquired from three 3T-MRI Siemens scanners
(1 Verio, 1 Prisma, 1 Trio) using identical acquisition parameters
and harmonized instructions. T1-weighted anatomical images
were captured using Magnetization Prepared Rapid Gradient
Echo (MPRAGE) sequence with the following parameters:
sagittal slices = 176, scan time = 4.18 min., repetition time
(TR) = 1,900 ms, echo time (TE) = 2.45, flip angle = 9°, field of
view (FOV) = 250 mm, voxel volumes = 1.0 x 1.0 x 1.0 mm.
Resting-state functional MRI (rs-fMRI) scans were acquired with
the following parameters: scan time = 11.02 min., transversal
slices = 60, slice thickness = 2.5 mm, TR = 1,000 ms, TE = 30.6 ms,
flip angle = 56°, FOV = 210 mm. Participants were instructed to
keep their eyes closed without thinking of anything in particular
or falling asleep.

MR data preprocessing

The resting state-fMRI scans were processed using the Data
Processing Assistant for Resting-State fMRI (DPARSFA, Version
4.3, Chao-Gan and Yu-Feng, 2010), implemented in MATLAB
(MATLAB, Version 2020a, “MathWorks—Makers of MATLAB and
Simulink,” MathWorks, 2024). After the removal of the first 10
volumes of each fMRI scan, a series of steps were applied, such
as slice timing correction and realignment to the mean volume.
To reduce the influence of noise, the following aspects were
regressed out for the seed-based analysis: linear trend, 12 motion
parameters, white matter, cerebrospinal fluid, and the global signal
as nuisance regressors. For the independent component analysis
(ICA) this step was omitted. The functional images were filtered
with a band-pass filter between 0.01 and 0.1 Hz. The T1-weighted
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MPRAGE scans were co-registered to the mean fMRI images,
segmented into white matter, gray matter and cerebrospinal fluid,
and spatially normalized to Montreal Neurological Institute (MNI)
space using the Diffeomorphic Anatomical Registration Through
Exponentiated Lie Algebra (DARTEL) algorithm (Ashburner,
2007). The resulting non-linear deformation fields were then
applied to the frequency-filtered fMRI data to transform them
to MNI reference space. Finally, fMRI scans were resampled to
3 mm x 3 mm x 3 mm voxel size and smoothed with a 6 mm
full-width-at-half-maximum (FWHM) Gaussian kernel.

Seed-based global functional
connectivity

We conducted seed-based connectivity analysis using 19
a priori selected seed regions of interest (ROIs) representative
of DMN, CEN, SAL, VN and SMN based on previous literature
(Chang et al.,, 2019; Li et al, 2023; Mayka et al., 2006; Seeley
et al., 2007; Shen et al., 2019; Weiler et al., 2014; Table 1). Seed-
based connectivity (SBC) maps were obtained, representing the
functional activation of each seed region. This resulted respectively
in 19 SBC maps. Subsequently, we performed global FC analyses to
measure the strength of FC of the regions of interest. We aimed
to examine the global FC of each region separately. To perform
these analyses we used a script from Franzmeier et al. (2017) which
included the following steps: (1) we obtained a correlation of each
voxel’s resting-state time series with those of the seed-regions, (2)
the correlations were transformed to Fisher Z values, thresholded
at z > 0.3 and averaged to produce a global FC value. Only positive
correlations were used, since they indicate higher connectivity
strength (Cole et al.,, 2012).

Data analysis
Physical activity measurements across sites

We conducted ANOVA analyses using R (R Foundation for
Statistical Computing, Vienna, Austria., R core team, 2023) to
determine if there were differences in the measured physical activity
intensities between the three study sites.

Physical activity and seed-based global
functional connectivity

Linear regression analyses were performed to examine the
cross-sectional relationship between physical activity intensities
and global FC of the 19 seed regions. MVPA, ENMO and
PASE were used as predictors of FC of the selected 19 seed
regions. Regression models were adjusted for sex, age, education,
baseline neuropsychological performance and site (model: network
connectivity ~ physical activity intensities + covariates).

Physical activity and independent component
analysis

In addition, we conducted a data-driven approach using
the resting-state fMRI data obtained from the experimental
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TABLE 1 Montreal neurological institute (MNI) coordinates of 19 a priori
regions of interest.

Seed- ROI name MNI
network coordinates
(x,y. 2)
Lietal CEN Anterior 2,36,22
(2023) cingulate cortex
Weiler et al. CEN Dorsolateral —45,18, 48
(2014) prefrontal cortex
(left)
Weiler et al. CEN Dorsolateral 45,18, 48
(2014) prefrontal cortex
(right)
Lietal DMN Inferior parietal —50, —63, 32
(2023) lobules (left)
Lietal DMN Inferior parietal 48, —69, 35
(2023) lobules (right)
Lietal DMN Medial —2,58,—6
(2023) prefrontal cortex
(left)
Lietal. DMN Medial 3,54, -2
(2023) prefrontal cortex
(right)
Lietal DMN Posterior 0, —52,26
(2023) cingulate cortex
(left)
Chang et al. SAL Ventral striatum 10, 15,0
(2019) (superior)
Seeley et al. SAL Dorsal anterior 10, 34, 24
(2007) cingulate cortex
Chang et al. SAL Ventral striatum 9,9, -8
(2019) (inferior)
Mayka et al. SMN Lateral —26, —6, 56
(2006) premotor cortex
Mayka et al. SMN Supplementary —3,6,53
(2006) motor area
Mayka et al. SMN Sensorimotor —39,-21,54
(2006) cortex
Mayka et al. SMN Supplementary —2,-7,55
(2006) motor area
Shen et al. VN Dorsal visual —37,-79,10
(2019) network (left)
Shen et al. VN Dorsal visual 38, —72,13
(2019) network (right)
Shen et al. VN Primary visual 2,-79,12
(2019) network
Shen et al. VN Ventral visual 0,—-93,4
(2019) network

CEN, Central Executive Network; DMN, Default Mode Network, SAL, Salience Network;
SMN, Sensorimotor Network; VN, Visual Network.

group. The extraction of brain networks was carried out using
ICA (Beckmann et al, 2009) as implemented in MELODIC
(Multivariate Exploratory Linear Decomposition into Independent
Components), toolbox of FSL (FMRIB Software Library, Version
6.0, Oxford, United Kingdom).1 The resulting 30 components were

1 https://fsl.fmrib.ox.ac.uk/fsl/docs/index.html
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visually inspected to identify brain networks based on previous
literature (Cao et al., 2016; Habas et al., 2009; Heine et al., 2012;
Rosazza and Minati, 2011; Seeley et al., 2007). FSLs dual regression
generated subject-specific versions of the ICA maps and associated
time-series to derive subject-level resting state FC z-maps. The
group-average set of spatial maps was regressed into each subject’s
4D dataset. This resulted in a set of subject-specific time-series.
Next, these time-series were regressed into the same 4D dataset,
resulting in a set of subject-specific spatial maps (Beckmann et al.,
2009; Filippini et al., 2009; Nickerson et al., 2017). To define
the functional activation areas which belong to the corresponding
resting-state networks, network-specific masks from the ICA maps
of the whole sample, thresholded at p < 0.05 TFCE (Threshold-
Free Cluster Enhancement), were obtained. In addition, templates
of brain networks, as previously identified by Shirer et al. (2012)
were used for a more precise identification of the components. We
regressed each contrast of interest (e.g.. physical activity intensities,
sex, age, education, neuropsychological performance, site) on
the respective resting-state functional network. We then tested
voxel-wise for statistically significant differences across subjects
using FSIs randomize permutation-testing tool (Winkler et al,
2014). The resulting t-test statistic images (tstat) were thresholded
at p < 0.01, uncorrected for multiple comparisons, for each
contrast.

Results

Demographics and physical activity
results

Demographic characteristics of the total sample and across
three study sites and actigraphy results are shown in Tables 2, 3.
Our sample consisted of 149 participants with a mean age of
68.2 years (SD = 5.7), and slightly more than half (52.3%) were
female. On average, participants had completed 15.8 years of
education (SD = 2.6). Participants spent on average 34.2 min/day
on moderate-to-vigorous activity over the 7-day period. The overall
physical activity, as measured by ENMO, was 27.8 mg/day. In
addition, participants spent 469.2 min/day inactive. The PASE
results showed an average score of 151.8.

Site differences

The ANOVA results showed a significant difference between
the study sites for ENMO [F(2, 148) = 4.5, p < 0.05, 1> = 0.06]
and MVPA [F (2,148) = 3.6, p < 0.05, 1> = 0.05]. A Tukey post-hoc
test revealed that the ENMO scores for site 3 (Cologne) (A = 4.6,
SE = 1.5, p < 0.05) were significantly different from the scores for
site 1 (Mainz). Similarly, post-hoc analyses showed that the MVPA
scores for site 3 (A = 11.7, SE = 4.3, p < 0.05) were significantly
different from those of site 1. Descriptive statistics indicated that
ENMO scores were higher for site 3 (M = 29.4, SD = 7.7) than site
1 (M =24.8, SD =5.9). Similarly, MVPA scores were higher for site
3 (M =38.2,SD = 21.2) than for site 1 (M = 26.5, SD = 16.4).
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TABLE 2 Demographic characteristics and actigraphy data (N = 149).

Variable |

Age 68.2 (5.7) [60-88]

Mean (SD) [min, max] ‘

Sex (male: female) 71:78

Education 15.8 (2.6) [9- -21]

ENMO (mg) 27.8 (7.4) [13.44—49.76]

MVPA (min/day) 34.2 (21.2) [1.89- -104.36]

Inactivity (min/day) 469.2 (81.2) [277—685.7]

PASE 151.8 (64.1) [30—350]

ENMO, Euclidean Norm Minus One; MVPA, Moderous-to-Vigorous Physical Activity;
PASE, Physical Activity Scale for the Elderly.

TABLE 3 Demographic characteristics and actigraphy data across sites.

Variable Site 1 Site 2 Site 3
(Mainz) (Rostock) (Cologne)
N 34 48 67
Sex (male: female) 15:19 16:32 40:27
Age (SD) 69.7(5.9) 68.4 (6.4) 67.2 (4.8)
Education (SD) 153 (2.8) 15.8 (2.1) 16.0 (2.8)
ENMO (SD) 24.8 (5.9) 27.8(7.2) 29.6 (7.7)
MVPA (SD) 26.5 (16.4) 34.04 (23.0) 38.8 (21.0)
Inactivity 469.7 (59.6) 453.6 (79.9) 481 (91.1)
PASE 135.6 (66.6) 168.98 (66.8) 148.2 (58.2)

ENMO, Euclidean Norm Minus One; MVPA, Moderous-to-Vigorous Physical Activity;
PASE, Physical Activity Scale for the Elderly.

Physical activity and seed-based global
functional connectivity

The linear regression analyses did not show any significant
association between global FC of the 19 a priori selected seed
regions and the physical activity intensities. One of the statistical
models showed a significant association between the PASE score
and the Supplementary motor area [ = 0.17, SE = 0.08,
t(129) = 2.05, p = 0.042)] indicating that higher scores on PASE
were associated with higher global FC of the Supplementary motor
area. In the linear models, neuropsychological performance was
used as a covariate and some of them showed an association
between global FC of the inferior parietal lobule and working
memory performance, as well as between the primary visual
network and memory performance (p < 0.05) (Results in
Supplementary Table 1).

Physical activity and independent
component analysis

ICA spatial maps obtained from the whole sample
corresponded to DMN, CEN, VN, SAL and SMN (Figure 1). Results
from dual regression showed spatially restricted associations
between MVPA and DMN and SAL connectivity, at p < 0.01,
uncorrected (Figure 2). No significant results were found for the
ENMO and functional network connectivity.
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D. SAL

E. SMN

FIGURE 1

Spatial maps of selected networks: (A) Default Mode Network,
(B) Central Executive Network, (C) Visual Network, (D) Salience
Network, (E) Sensorimotor Network.

Discussion

In this study, we examined the cross-sectional associations
between physical activity intensities and resting-state FC at baseline
in a sample of healthy older adults. Physical activity was measured
objectively under normal living conditions over a 1-week period,
which has the advantage over self-reported measures by avoiding
reporting bias. However, we also examined physical activity by
using the PASE questionnaire to better capture habitual aspects of
physical activity.

We investigated FC using two methodological approaches.
First, we performed seed-based analyses by examining the global
FC of 19 a priori selected seed regions. Our results showed no
significant association between global FC and physical activity
intensities. Second, we extracted brain networks using a data-
driven approach. Our results showed effects of MVPA on frontal
regions within the DMN and SAL network, although spatially
restricted. Even though the effects of physical activity on the FC are
spatially restricted, we observed an overlap in frontal activations
across the two networks. However, these findings are not robust
enough to draw a conclusion about a cross-sectional relationship
between MVPA and FC of DMN and SAL. Our findings are
consistent with those of Voss et al. (2016), who measured physical
activity in a large sample of healthy older adults (N = 189)
using actigraphs for 7 days and found no association between
MVPA and FC of networks, such as the DMN, CEN, VIS, and
SAL. Furthermore, they suggested that cardiorespiratory fitness,
rather than physical activity, is related to FC. However, despite the
conceptual similarity to this study, there are some methodological
differences. First, we used wrist-worn accelerometers unlike Voss
et al. (2016), who used hip-worn accelerometers. Differences in
placement may influence estimates of minutes spent in walking
or being sedantary (Kerr et al., 2017). Second, we used different
coordinates to define our ROIs representing large-scale networks.
Moreover, our findings contradict those of other studies that used
actigraphs to measure physical activity and examined functional
activations. For instance, Dion et al. (2021) found a positive
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association between MVPA and FC of CEN in a small group of 18
non-demented older adults and Gogniat et al. (2022) demonstrated
a positive association between physical activity and FC of DMN in
frontal and parietal areas of 47 older adults. Additionally, Soldan
et al. (2022) showed an association between higher total volume of
physical activity within the DMN in a sample of 136 healthy older
adults. Similarly, Callow et al. (2024) found an association between
a greater total volume of physical activity and high FC within the
DMN in a sample of 116 non-demented older adults. Furthermore,
Pruzin et al. (2022) showed an association between higher physical
activity and higher FC in the DMN, SAL, and left control networks
of 167 healthy older adults. The discrepancy in our results may be
due to the small sample sizes in the studies of Dion et al. (2021) and
Gogniat et al. (2022), which allow for a Type I error. Furthermore,
these studies used different methods to assess physical activity, such
as mean (Dion et al., 2021) or average (Gogniat et al., 2022) steps
per minute, steps per day (Pruzin et al., 2022) or total volume of
physical activity (Callow et al., 2024; Soldan et al., 2022). Another
possible explanation for the lack of association could be the a priori
selection of the ROIs based on literature research, which may differ
from other studies. For instance, Gogniat et al. (2022) defined DMN
using seeds of posterior cingulate gyrus and superior frontal gyrus,
which differ from our defined ROIs for the DMN, namely the
posterior cingulate cortex, medial prefrontal cortex and inferior
parietal lobules.

Some of the linear models showed an association between
high global FC of the left inferior parietal lobule and high
performance on working memory tasks. This is consistent with
previous studies (Baldo and Dronkers, 2006; Chochon et al., 1999;
Greene and Killiany, 2010). Baldo and Dronkers (2006) showed
that patients with damage to the inferior parietal lobule were
impaired in their ability to repeat words, digits and sentences while
Chochon et al. (1999) and Greene and Killiany (2010) showed
that subregions of the inferior parietal lobules were associated
with performance on tasks involving numbers, such as the Digit
Symbol and Trail-Making-Test B. Moreover, some of the models
showed an association between high global FC of the primary visual
network and high performance on memory tasks. There are no
robust findings across studies that support this association. Most of
the studies restrict their analyses of memory performance to other
networks, such as the DMN or CEN (Waner et al., 2023) or when
including visual networks, do not focus on memory measurements
(Khalilian et al, 2024). Since the functional activity of these
regions is only associated with high cognitive performance and not
physical activity, it raises questions about cognitive reserve and its
association with lifestyle factors. Cognitive reserve is influenced
by multiple factors beyond physical activity, such as education or
occupation (Conti et al., 2021). It is possible that compensatory
mechanisms may support cognitive performance independently of
physical activity levels. However, the effects of physical activity may
not be fully captured by static resting-state FC measures, but rather,
they may be captured via vascular or neurobiological mechanisms
(Nicolini et al.,, 2021). Therefore, these findings should not be
interpreted as evidence that cognitive reserve is independent of
physical lifestyle factors, but rather that the relationship is complex.

In addition, one of the models showed an association between
high global FC of the supplementary motor area and the
PASE score. To our knowledge, there is no evidence in the
current literature linking the PASE score with the FC of the
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A.BOLD DMN= MVPA + Sex + Age + Education + Site

FIGURE 2

thresholded at p < 0.05 TFCE, one-sample t-test.

B. BOLD SAL= MVPA + Sex + Age + Education + Site

Yellow-white voxels represent the functional networks of (A) Default Mode Network (DMN) and (B) Salience Network (SAL). Blue voxels indicate
significant association between network connectivity and moderate-to-vigorous activity (MVPA) at p < 0.01 uncorrected. Association was restricted
only to the corresponding networks only by network-specific masks obtained from the independent component maps from the whole sample

p-value
0.001

0.01

supplementary motor area. Most of the studies focus on different
brain networks, such as Dorsman et al. (2020), who found no
significant association between DMN activity and PASE. A possible
explanation for our findings could be that the PASE measures
activities related to balance, walking and muscle strength, in which
the supplementary motor area is involved. Previous studies showed
that the supplementary motor area is related to habitual aspects
of motor behavior, such as self-initiated, voluntary movements,
motor planning or preparation of coordinated movements (Jacobs
et al., 2009; Nachev et al., 2008; Welniarz et al., 2019). This may
explain the observed association with PASE, which may better
capture habitual physical activity patterns than accelerometers.
Moreover, it is plausible that regular engagement in daily physical
activity of the participants could have enhanced neuronal signaling
leading to high FC on motor networks (Seidler et al., 2015). This
finding may also be interpreted as bidirectional, suggesting that
participants with preserved FC on the sensorimotor regions are
more likely to engage in daily physical activity. However, we must
consider that PASE is a self-reported instrument and may not
accurately reflect everyday physical activity levels. Furthermore,
the lack of associations between FC of the supplementary motor
area and MVPA or ENMO may reflect the fact that these metrics
capture intensity and duration, but not qualitative aspects of
physical activity, such as motor complexity, that are relevant
to the supplementary motor area. Additionally, since habitual
movement patterns represent complex behaviors, they are unlikely
to be fully captured by isolated FC measurements. They may be
more reliably reflected in multimodal approaches that integrate
structural, functional and microstructural markers (Salvan et al.,
2021). Future studies therefore should examine additional brain
regions within motor networks, as well qualitative aspects of
physical activity to better understand the relationship between
habitual physical activity and brain function (Pesce, 2012).

Overall, our findings do not indicate associations between
FC and objectively measured physical activity intensities. In the
current study, we focused on static FC, as our primary aim was
to investigate average connectivity patterns across the resting-
state scans. However, we acknowledge that a dynamic FC may
better capture the temporal flexibility of functional networks and
could be sensitive to lifestyle-related effects, such as exercise, as
it reflects changes in FC patterns over seconds or minutes across
a scan (Nguyen et al, 2025). A dynamic FC could potentially
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reveal spatially or temporally hubs of plasticity that are not
detectable by a static FC (Park et al., 2017). However, further
investigation is required to determine whether these temporal
fluctuations reflect underlying neural processes. In addition, a
fine-grained parcellation allows for more detailed mapping of
functional networks and may detect spatially localized connectivity
patterns that may be not captured by a seed-based of data-
driven approaches (de Reus and van den Heuvel, 2013). A static
FC approach, which we used in the current study, could have
missed significant localized effects within brain areas associated
with exercise-related neuroplasticity. However, we should consider
that dynamic connectivity analyses and fine-grained parcellation
are more sensitive to noise, motion and require longer scan
durations, which increases methodological complexity (Hutchison
et al., 2013). In the present study, we used static FC as a
robust and validated measure of average network organization.
Future studies should consider different approaches to analyzing
functional resting-state data, such as dynamic FC, fine-grained
parcellation, or a combination of different approaches, to gain
additional insight into the functional brain networks.

Another possible explanation for the lack of effects might be
the fact that our participants were shown to be inactive for most
hours of the day. This was evident from the actigraphy results. The
actigraphy results showed that our participants were inactive for
an average of 469.2 (81.2) min/day. The average level of inactivity
is higher than the average levels of MVPA which were 34.2 (21.2)
min/day and ENMO which were 27.8 (7.4) mg/day. However, we
should note that a classification of low-active participants should be
reserved for the following reasons. Our results are lower compared
to those of Brady et al. (2023), in which older adults spent in average
77.6 min/day in MVPA. However, compared to other studies, our
participants spent slightly more minutes per day on MVPA. For
instance, Chen et al. (2025) showed that 191 older adults spent
21.5 (18.9) min/day on MVPA across 7-day period. In the study of
Ramires et al. (2017), 971 older adults spent in average 11 min/day
on MVPA (5 min bout) and 21.7 mg was the mean overall physical
activity. Several other studies used different metrics, such the
average steps per day, which makes the comparison of the activity
levels difficult. In addition, the PASE results showed an average
score of 151.8 (64.1). Given that the highest possible score is 793,
a score of 151.8 seems to be not very high. However, according to
the normative data of community-dwelling older adults the mean
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scores were 142.9 (age < 70 years) and 110.8 (age > 70 years)
(Washburn et al., 1993) which are slightly lower than our score.
Moreover, other studies have reported an average PASE score of
126.2 (Dorsman et al., 2020) or 147.9 for males and 110.5 for
females (Logan et al., 2013). Based on previous evidence, we can
conclude that our average PASE score is representative or slightly
higher than that of other healthy older adults. This may partially
explain the association between higher FC of supplementary motor
area and PASE scores, as discussed earlier. However, considering
that there is no established cut-off score and that the standard
deviation in our PASE score is 64.1 points, we cannot determine
whether the participants were highly active in their daily lives.
Similarly, given the heterogeneous literature on ENMO and MVPA,
it is difficult to classify the participants as low- or high-active. In
addition, the observed variability in both the standard deviation
and range of measurements indicates that a clear floor effect is
unlikely, although it cannot be entirely excluded.

Although accelerometers provide an objective measure of
physical activity, it is important to note that several differences
in the literature on activity levels have been observed. These
differences may be due to variations in the definition of a bout,
the thresholds for MVPA or the placement of the accelerometers.
For example, Ramires et al. (2017) applied different bout criteria
(non-bouted, 1, 5, and 10-min bout) and set a threshold of 100 mg
to estimate MVPA, whereas Chen et al. (2025) set a threshold
of > 2,020 counts/min. In our study, we defined 1 min bout that had
to exceed the threshold of 100 mg. Furthermore, Voss et al. (2016)
and Dion et al. (2021) used hip-worn accelerometers, whereas
other studies (Chen et al., 2025; Gogniat et al., 2022; Pruzin et al,,
2022) used waist-worn. Our study, like others, used wrist-worn
accelerometers (Callow et al., 2024; Ramires et al., 2017; Soldan
et al., 2022). A systematic review by Gall et al. (2022) revealed
discrepancies between wrist and hip accelerometers, suggesting
that wrist placement overestimates MVPA and underestimates
sedentary time. These discrepancies range from minutes to hours.
It is important to consider these differences when we compare the
physical activity outcomes of the present study to those of previous
studies.

Additionally, it should be considered that there were differences
across the three study sites in the ENMO and MVPA outcomes.
Our results showed that the participants in Cologne had higher
scores than those in Mainz. This could be explained due to
different built environment of each location, such as walkability,
cyclist infrastructure or sport facilities (Pedersen et al., 2022).
This variability across sites may not reflect underlying neural
mechanisms and could therefore increase noise in the data. Thisis a
consideration which may partially explain the absence of significant
associations. However, we should note that we used the site as
a covariate in our analysis, and we did not find any significant
associations.

The current research has several limitations to consider. First,
the seed-based approach has the advantage of a priori selection of
regions, but it limits the exploration of other brain regions. This
is why we complemented an ICA approach. However, the ICA
approach has the limitation of being a data-driven approach. The
brain networks were extracted from the whole sample and were
identified based on visual inspection and template matching (Shirer
et al.,, 2012). This could mean that the identified regions of the
networks might differ slightly from other studies. In addition, the
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statistical maps were thresholded at p < 0.01 without correction
for multiple comparisons. This threshold was chosen to increase
sensitivity, but it does not control the family-wise-error rate.
This may increase the likelihood of false-positive findings. Third,
the cross-sectional measurements preclude any conclusions about

habitual physical activity levels and functional brain connectivity.

Conclusion

Our findings indicate that different intensities of physical
activity, such as MVPA and ENMO, were not significantly
associated with the resting-state FC across brain networks,
including DMN, CEN, SAL, SMN, VN in a sample of healthy
older adults. These results differ from previous research and may
reflect differences in FC measurements, sample characteristics or
the cross-sectional design of the study. Moreover, our findings
demonstrated an association between self-reported habitual
physical activity and FC of the supplementary motor area. Our
work extends the existing literature by considering different
physical activity intensities, multiple brain regions and networks
and various methodological approaches. Future research should
focus on measuring physical activity over a longer period to
gain a better understanding of the relationship between physical
activity and resting state FC and to investigate different brain
regions and functional activation patterns. Furthermore, future
studies should incorporate multimodal imaging approaches and
focus on the qualitative aspects of physical activity, such as
coordination, motor complexity or cognitive engagement, to better
understand its effects on brain function and increase sensitivity to

detect associations.

Data availability statement

The datasets presented in this article are not readily available
because we did not obtain consent from research subjects or the
ethics committee to generally share the data with the public at
the time when the study was approved. The data are available
to researchers involved with the consortium within the scope of
shared research projects. Requests to access the datasets should be

directed to oliver.tuescher@uk-halle.de; flfische@uni-mainz.de.

Ethics statement

The studies involving humans were approved by Mainz: Ethics
Commission of the Landesirztekammer Rheinland-Pfalz, Rostock:
Ethics Commission of the Rostock University’s Faculty of Medicine,
Cologne: Ethics Commission of (1) Cologne University’s Faculty
of Medicine and (2) German Sport University. Reference number
of the ethics approval of the main trial site Mainz is 837.385.15

(10153). The studies were conducted in accordance with the

frontiersin.org



Koromila et al.

local legislation and institutional requirements. The participants
provided their written informed consent to participate in this study.

Author contributions

GK: Writing - original draft, Writing review & editing.
MD: Writing - original draft, Writing - review & editing.
DW: Project administration, Writing - original draft, Writing —
review & editing, Resources, Data curation, Funding acquisition,
Conceptualization. FF: Writing - original draft, Writing - review
& editing, Data curation, Project administration, Investigation.
KK: Writing - original draft, Writing - review & editing,
Investigation, Data curation, Project administration. BK: Writing
- original draft, Writing - review & editing, Investigation, Project
administration. HB: Writing - original draft, Writing - review
& editing, Conceptualization, Funding acquisition. AM: Writing
- original draft, Writing - review & editing, Conceptualization,
Funding acquisition. DR: Writing - original draft, Writing - review
& editing, Project administration, Data curation. AF: Writing
- original draft, Writing - review & editing, Conceptualization,
Funding acquisition. OT: Writing - original draft, Writing -
review & editing, Conceptualization, Funding acquisition. ST:
Writing - original draft, Writing - review & editing, Supervision,
Conceptualization, Funding acquisition. SF: Writing - original
draft, Writing - review & editing, Investigation, Methodology,
Supervision.

Funding

The author(s) declared that financial support was received
for this work and/or its publication. This study was supported
by a grant from the German Federal Ministry of Education and
Research (BMBF) (AgeGain, 01GQ1425A). The funding body has
no influence on the study whatsoever.

Acknowledgments

AgeGain study group: University Medical Center Mainz;
Center for Mental Health in Old Age, Mainz; Leibnitz Institute
for Resilience Research (LIR), Mainz: Andreas Fellgiebel,
Oliver Tiischer, Dominik Wolf, Florian Fischer, Bernhard
Baier, Alexandra Sebastian, Bianca Kollmann. German Sport
University Cologne; University Clinic Cologne: Heiko Striider,
Andreas Mierau, Kristel Knaepen, David Riedel, Alexander

References

Andrews-Hanna, J. R,, Snyder, A. Z., Vincent, J. L., Lustig, C., Head, D., Raichle, M. E.,
et al. (2007). Disruption of large-scale brain systems in advanced aging. Neuron 56,
924-935. doi: 10.1016/j.neuron.2007.10.038

Ashburner,  J. (2007). A fast  diffeomorphic  image  registration
algorithm.  Neurolmage 38,  95-113.  doi:  10.1016/j.neuroimage.2007.
07.007

Frontiers in Aging Neuroscience

10.3389/fnagi.2026.1765112

Drzezga. University Medical Center Rostock; German Center for
Neurodegenerative Diseases (DZNE) Rostock: Stefan Teipel, Sofia
Faraza, Katharina Brueggen, Judith Henf, Esther Lau; University of
Freiburg: Harald Binder.

Conflict of interest

ST served on advisory boards of Lilly, Eisai, and Biogen, and is
a member of the independent data safety and monitoring board of
the study ENVISION (Biogen).

The remaining author(s) declared that this work was conducted
in the absence of any commercial or financial relationships that
could be construed as a potential conflict of interest.

The author(s) declared that they were an editorial board
member of Frontiers, at the time of submission. This had no impact
on the peer review process and the final decision.

Generative Al statement

The author(s) declared that generative AI was not used in the
creation of this manuscript.

Any alternative text (alt text) provided alongside figures in
this article has been generated by Frontiers with the support of
artificial intelligence and reasonable efforts have been made to
ensure accuracy, including review by the authors wherever possible.
If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fnagi.2026.
1765112/full#supplementary- material

Baldo, J. V., and Dronkers, N. F. (2006). The role of inferior parietal and inferior
frontal cortex in working memory. Neuropsychology 20, 529-538. doi: 10.1037/0894-
4105.20.5.529

Beckmann, C. F., Mackay, C. E.,, Filippini, N., and Smith, S. M. (2009). Group
comparison of resting-state FMRI data using multi-subject ICA and dual regression.
NeuroImage 47:S148. doi: 10.1016/S1053-8119(09)71511-3

frontiersin.org



Koromila et al.

Brady, R., Brown, W. ], and Mielke, G. L (2023). Day-to-day variability in
accelerometer-measured physical activity in mid-aged Australian adults. BMC Public
Health 23:1880. doi: 10.1186/s12889-023-16734-0

Buchman, A. S., Yu, L., Wilson, R. S, Lim, A., Dawe, R. J., Gaiteri, C., et al. (2019).
Physical activity, common brain pathologies, and cognition in community-dwelling
older adults. Neurology 92, e811-e822. doi: 10.1212/WNL.0000000000006954

Callow, D. D,, Spira, A. P., Zipunnikov, V., Lu, H., Wanigatunga, S. K., Rabinowitz,
J. A, et al. (2024). Sleep and physical activity measures are associated with resting-
state network segregation in non-demented older adults. NeuroImage Clin. 43:103621.
doi: 10.1016/j.nicl.2024.103621

Cao, W,, Cao, X,, Hou, C,, Li, T., Cheng, Y., Jiang, L., et al. (2016). Effects of cognitive
training on resting-state functional connectivity of default mode, salience, and central
executive networks. Front. Aging Neurosci. 8:70. doi: 10.3389/fnagi.2016.00070

Chang, H. -I,, Chang, Y. T., Tsai, S. J., Huang, C. W., Hsu, S. W,, Liu, M. E,, et al.
(2019). Maoa-VNTR genotype effects on ventral striatum-hippocampus network in
Alzheimer’s Disease: analysis using structural covariance network and correlation with
neurobehavior performance. Mol. Neurobiol. 56,4518-4529. doi: 10.1007/s12035-018-
1394-0

Chao-Gan, Y., and Yu-Feng, Z. (2010). Dparsf: a MATLAB Toolbox for "Pipeline”
data analysis of resting-state fMRI. Front. Syst. Neurosci. 4:13. doi: 10.3389/fnsys.2010.
00013

Chen, I. F., Chen, J., Lai, T. F., Liao, Y., Park, J. H., and Cheng, C. F. (2025). Goal setting
for WHO guideline adherence: accelerometer steps/day translation of moderate-to-
vigorous physical activity in older adults. Front. Public Health 13:1575209. doi: 10.
3389/fpubh.2025.1575209

Chochon, F., Cohen, L., van de Moortele, P. F., and Dehaene, S. (1999). Differential
contributions of the left and right inferior parietal lobules to number processing. J.
Cogn. Neurosci. 11, 617-630. doi: 10.1162/089892999563689

Cole, M. W., Yarkoni, T., Repovs, G., Anticevic, A., and Braver, T. S. (2012).
Global connectivity of prefrontal cortex predicts cognitive control and intelligence.
J. Neurosci. 32, 8988-8999. doi: 10.1523/JNEUROSCI.0536-12.2012

Conti, L., Riccitelli, G. C., Preziosa, P., Vizzino, C., Marchesi, O., Rocca, M. A.,
et al. (2021). Effect of cognitive reserve on structural and functional MRI measures
in healthy subjects: a multiparametric assessment. J. Neurol. 268, 1780-1791. doi:
10.1007/s00415-020-10331-6

de Reus, M. A., and van den Heuvel, M. P. (2013). The parcellation-based connectome:
limitations and extensions. Neurolmage 80, 397-404. doi: 10.1016/j.neuroimage.2013.
03.053

Dion, C., Tanner, J. ], Crowley, S. J., Wiggins, M. E., Mareci, T., Ding, M.,
et al. (2021). Functional connectivity of key resting state networks and objectively
measured physical activity in older adults with joint pain: a pilot study. Exp. Gerontol.
153:111470. doi: 10.1016/j.exger.2021.111470

Domingos, C., Pic6-Pérez, M., Magalhées, R., Moreira, M., Sousa, N., Pégo, J. M.,
etal. (2021). Free-living physical activity measured with a wearable device is associated
with larger hippocampus volume and greater functional connectivity in healthy older
adults: an observational, cross-sectional study in Northern Portugal. Front. Aging
Neurosci. 13:729060. doi: 10.3389/fnagi.2021.729060

Dorsman, K. A., Weiner-Light, S., Staffaroni, A. M., Brown, J. A., Wolf, A., Cobigo, Y.,
et al. (2020). Get moving! increases in physical activity are associated with increasing
functional connectivity trajectories in typically aging adults. Front. Aging Neurosci.
12:104. doi: 10.3389/fnagi.2020.00104

Esliger, D. W., Rowlands, A. V., Hurst, T. L., Catt, M., Murray, P, and Eston, R. G.
(2011). Validation of the GENEA accelerometer. Med. Sci. Sports Exerc. 43,1085-1093.
doi: 10.1249/MSS.0b013e31820513be

Ferreira, S. A., Stein, A. M., Stavinski, N. G., Teixeira, D. D. C., Queiroga, M. R,, and
Bonini, J. S. (2022). Different types of physical exercise in brain activity of older adults:
a systematic review. Exp. Gerontol. 159:111672. doi: 10.1016/j.exger.2021.111672

Filippini, N., MacIntosh, B. J., Hough, M. G., Goodwin, G. M., Frisoni, G. B., Smith,
S. M, et al. (2009). Distinct patterns of brain activity in young carriers of the APOE-
epsilon4 allele. Proc. Natl. Acad. Sci. U. S. A. 106, 7209-7214. doi: 10.1073/pnas.
0811879106

Flodin, P., Jonasson, L. S., Riklund, K., Nyberg, L., and Boraxbekk, C. J. (2017). Does
aerobic exercise influence intrinsic brain activity? An aerobic exercise intervention
among healthy old adults. Front. Aging Neurosci. 9:267. doi: 10.3389/fnagi.2017.00267

Franzmeier, N., Caballero, M. AA., Taylor, A. N. W., Simon-Vermot, L., Buerger,
K., Ertl-Wagner, B., et al. (2017). Resting-state global functional connectivity as a
biomarker of cognitive reserve in mild cognitive impairment. Brain Imaging Behav.
11, 368-382. doi: 10.1007/s11682-016-9599- 1

Gall, N, Sun, R,, and Smuck, M. (2022). A comparison of wrist- versus hip-worn
actigraph sensors for assessing physical activity in adults: a systematic review. J. Meas.
Phys. Behav. 5, 252-262. doi: 10.1123/jmpb.2021-0045

Gogniat, M. A., Robinson, T. L., Jean, K. R., and Stephen Miller, L. (2022).
Physical activity moderates the association between executive function and functional

connectivity in older adults. Aging Brain 2:100036. doi: 10.1016/j.nbas.2022.10
0036

Greene, S. J, and Killiany, R. J. (2010). Subregions of the inferior
parietal lobule are affected in the progression to Alzheimer’s disease.

Frontiers in Aging Neuroscience

10.3389/fnagi.2026.1765112

Neurobiol.
04.026

31, 1304-1311.  doi:  10.1016/j.neurobiolaging.2010.

Aging

Habas, C., Kamdar, N., Nguyen, D., Prater, K., Beckmann, C. F., Menon, V., et al.
(2009). Distinct cerebellar contributions to intrinsic connectivity networks. J. Neurosci.
29, 8586-8594. doi: 10.1523/J]NEUROSCI.1868-09.2009

Hamer, M., and Chida, Y. (2009). Physical activity and risk of neurodegenerative
disease: a systematic review of prospective evidence. Psychol. Med. 39, 3-11. doi:
10.1017/50033291708003681

Heine, L., Soddu, A., Gémez, F., Vanhaudenhuyse, A., Tshibanda, L., Thonnard,
M., et al. (2012). Resting state networks and consciousness: alterations of multiple
resting state network connectivity in physiological, pharmacological, and pathological
consciousness States. Front. Psychol. 3:295. doi: 10.3389/fpsyg.2012.00295

Helmstaedter, C., Lendt, M., and Lux, S. (2001). VLMT: Verbaler Lern-und
Merkfihigkeitstest. Gottingen: Beltz Test.

Hildebrand, M., van Hees, V. T., Hansen, B. H., and Ekelund, U. (2014). Age group
comparability of raw accelerometer output from wrist- and hip-worn monitors. Med.
Sci. Sports Exerc. 46, 1816-1824. doi: 10.1249/MSS.0000000000000289

Horn, W. (1962). Achievement Measure System (Leistungs-Pruef-System/LPS).
Goettingen: Beltz Test.

Hutchison, R. M., Womelsdorf, T., Allen, E. A., Bandettini, P. A., Calhoun, V. D.,
Corbetta, M., et al. (2013). Dynamic functional connectivity: promise, issues, and
interpretations. NeuroImage 80, 360-378. doi: 10.1016/j.neuroimage.2013.05.079

Jacobs, J. V., Lou, J. S., Kraakevik, J. A., and Horak, F. B. (2009). The supplementary
motor area contributes to the timing of the anticipatory postural adjustment during
step initiation in participants with and without Parkinson’s disease. Neuroscience 164,
877-885. doi: 10.1016/j.neuroscience.2009.08.002

Jockwitz, C., and Caspers, S. (2021). Resting-state networks in the course of aging-
differential insights from studies across the lifespan vs. Amongst the old. Pflugers
Archiv 473, 793-803. doi: 10.1007/s00424-021-02520-7

Jockwitz, C., Caspers, S., Lux, S., Eickhoff, S. B,, Jiitten, K., Lenzen, S., et al. (2017).
Influence of age and cognitive performance on resting-state brain networks of older
adults in a population-based cohort. Cortex 89, 28-44. doi: 10.1016/j.cortex.2017.01.
008

Kerr, J., Marinac, C. R,, Ellis, K., Godbole, S., Hipp, A., Glanz, K., et al. (2017).
Comparison of accelerometry methods for estimating physical activity. Med. Sci.
Sports Exerc. 49, 617-624. doi: 10.1249/MSS.0000000000001124

Khalilian, M., Toba, M. N., Roussel, M., Tasseel-Ponche, S., Godefroy, O., and Aarabi,
A. (2024). Age-related differences in structural and resting-state functional brain
network organization across the adult lifespan: A cross-sectional study. Aging brain
5:100105. doi: 10.1016/j.nbas.2023.100105

Li, M. T,, Sun, J. W,, Zhan, L. L., Antwi, C. O, Lv, Y. T,, Jia, X. Z,, et al. (2023).
The effect of seed location on functional connectivity: evidence from an image-based
meta-analysis. Front. Neurosci. 17:1120741. doi: 10.3389/fnins.2023.1120741

Logan, S. L., Gottlieb, B. H., Maitland, S. B., Meegan, D., and Spriet, L. L. (2013). The
Physical Activity Scale for the Elderly (PASE) questionnaire; does it predict physical
health? Int. J. Environ. Res. Public Health 10, 3967-3986. doi: 10.3390/ijerph10093967

MathWorks (2024). MathWorks - Makers of MATLAB and Simulink. Available online
at: https://www.mathworks.com/ (accessed May 26, 2024).

Mayka, M. A, Corcos, D. M., Leurgans, S. E., and Vaillancourt, D. E. (2006). Three-
dimensional locations and boundaries of motor and premotor cortices as defined by
functional brain imaging: a meta-analysis. NeuroImage 31, 1453-1474. doi: 10.1016/j.
neuroimage.2006.02.004

McGregor, K. M., Crosson, B., Krishnamurthy, L. C., Krishnamurthy, V., Hortman,
K., Gopinath, K., et al. (2018). Effects of a 12-week aerobic spin intervention on
resting state networks in previously sedentary older adults. Front. Psychol. 9:2376.
doi: 10.3389/fpsyg.2018.02376

Menai, M., van Hees, V. T., Elbaz, A., Kivimaki, M., Singh-Manoux, A., and Sabia, S.
(2017). Accelerometer assessed moderate-to-vigorous physical activity and successful
ageing: results from the Whitehall IT study. Sci. Rep. 8:45772. doi: 10.1038/srep45772

Migueles, J. H., Rowlands, A. V., Huber, F., Sabia, S., and van Hees, V. T. (2019). GGIR:
a research community-driven open source r package for generating physical activity
and sleep outcomes from multi-day raw accelerometer data. J. Meas. Phys. Behav. 2,
188-196. doi: 10.1123/jmpb.2018-0063

Nachev, P., Kennard, C., and Husain, M. (2008). Functional role of the supplementary
and pre-supplementary motor areas. Nat. Rev. Neurosci. 9, 856-869. doi: 10.1038/
nrn2478

Nguyen, A., Hartz, J., and Muldoon, S. F. (2025). “Brain states,” in Encyclopedia
of the Human Brain, 2nd Edn, ed. J. H. Grafman (Amsterdam: Elsevier), 160-170.
doi: 10.1016/B978-0-12-820480-1.00039-5

Nickerson, L. D., Smith, S. M., Ongiir, D., and Beckmann, C. F. (2017). Using dual
regression to investigate network shape and amplitude in functional connectivity
analyses. Front. Neurosci. 11:115. doi: 10.3389/fnins.2017.00115

Nicolini, C., Fahnestock, M., Gibala, M. J., and Nelson, A. J. (2021). Understanding
the neurophysiological and molecular mechanisms of exercise-induced neuroplasticity

in cortical and descending motor pathways: Where do we stand? Neuroscience 457,
259-282. doi: 10.1016/j.neuroscience.2020.12.013

frontiersin.org



Koromila et al.

Park, J. E., Jung, S. C, Ryu, K. H,, Oh, J. Y., Kim, H. S., Choi, C. G,, et al. (2017).
Differences in dynamic and static functional connectivity between young and elderly
healthy adults. Neuroradiology 59, 781-789. doi: 10.1007/s00234-017-1875-2

Pedersen, M. R. L., Bredahl, T. V. G., Elmose-@sterlund, K., and Hansen, A. F.
(2022). Motives and barriers related to physical activity within different types of built
environments: implications for health promotion. Int. J. Environ. Res. Public Health
19:9000. doi: 10.3390/ijerph19159000

Pesce, C. (2012). Shifting the focus from quantitative to qualitative exercise
characteristics in exercise and cognition research. J. Sport Exerc. Psychol. 34, 766-786.
doi: 10.1123/jsep.34.6.766

Pruzin, J. J., Klein, H., Rabin, J. S., Schultz, A. P., Kirn, D. R,, Yang, H. S,, et al. (2022).
Physical activity is associated with increased resting-state functional connectivity
in networks predictive of cognitive decline in clinically unimpaired older adults.
Alzheimer’s Dement. 14:¢12319. doi: 10.1002/dad2.12319

R core team (2023). R Foundation for Statistical Computing. Vienna: R core team.
R Studio Team (2015). Integrated Development for R. Boston, MA: RStudio, Inc.

Ramires, V. V., Wehrmeister, F. C., Bohm, A. W., Galliano, L., Ekelund, U., Brage,
S., et al. (2017). Physical activity levels objectively measured among older adults: a
population-based study in a Southern city of Brazil. Int. J. Behav. Nutr. Phys. Activity
14:13. doi: 10.1186/512966-017-0465-3

Reitan, R. M. (1956). Trail Making Test: Manual for Administration and Scoring.
Tucson: Reitan Neuropsychology Laboratory, Length.

Rosazza, C., and Minati, L. (2011). Resting-state brain networks: literature review and
clinical applications. Neurol. Sci. 32, 773-785. doi: 10.1007/s10072-011-0636-y

Salami, A., Pudas, S., and Nyberg, L. (2014). Elevated hippocampal resting-state
connectivity underlies deficient neurocognitive function in aging. Proc. Natl. Acad.
Sci. U. S. A. 111, 17654-17659. doi: 10.1073/pnas.1410233111

Salvan, P., Wassenaar, T., Wheatley, C., Beale, N., Cottaar, M., Papp, D., et al. (2021).
Multimodal imaging brain markers in early adolescence are linked with a physically
active lifestyle. J. Neurosci. 41, 1092-1104. doi: 10.1523/JNEUROSCI.1260-20.2020

Seeley, W. W., Menon, V., Schatzberg, A. F., Keller, J., Glover, G. H., Kenna, H.,
et al. (2007). Dissociable intrinsic connectivity networks for salience processing and
executive control. J. Neurosci. 27, 2349-2356. doi: 10.1523/JNEUROSCI.5587-06.2007

Seidler, R., Erdeniz, B., Koppelmans, V., Hirsiger, S., Mérillat, S., and Jincke, L.
(2015). Associations between age, motor function, and resting state sensorimotor
network connectivity in healthy older adults. NeuroImage 108, 47-59. doi: 10.1016/
j.neuroimage.2014.12.023

Shallice, T. (1982). Specific impairments of planning. Philos. Trans. R. Soc. Lond B Biol.
Sci. 298, 199-209. doi: 10.1098/rstb.1982.0082

Shaw, E. E., Schultz, A. P., Sperling, R. A., and Hedden, T. (2015). Functional
connectivity in multiple cortical networks is associated with performance across
cognitive domains in older adults. Brain Connect. 5, 505-516. doi: 10.1089/brain.2014.
0327

Shen, W., Tu, Y., Gollub, R. L., Ortiz, A., Napadow, V., Yu, S., et al. (2019). Visual
network alterations in brain functional connectivity in chronic low back pain: a resting
state functional connectivity and machine learning study. Neurolmage 22:101775.
doi: 10.1016/j.nic.2019.101775

Shirer, W. R,, Ryali, S., Rykhlevskaia, E., Menon, V., and Greicius, M. D. (2012).
Decoding subject-driven cognitive states with whole-brain connectivity patterns.
Cereb. Cortex 22, 158-165. doi: 10.1093/cercor/bhr099

Sofi, F., Valecchi, D., Bacci, D., Abbate, R., Gensini, G. F., Casini, A., et al. (2011).
Physical activity and risk of cognitive decline: a meta-analysis of prospective studies.
J. Internal Med. 269, 107-117. doi: 10.1111/j.1365-2796.2010.02281.x

Soldan, A., Alfini, A., Pettigrew, C., Faria, A., Hou, X,, Lim, C,, et al. (2022).
Actigraphy-estimated physical activity is associated with functional and structural

Frontiers in Aging Neuroscience

11

10.3389/fnagi.2026.1765112

brain connectivity among older adults. Neurobiol. Aging 116, 32-40. doi: 10.1016/j.
neurobiolaging.2022.04.006

Tsvetanov, K. A., Henson, R. N. A, Tyler, L. K,, Razi, A., Geerligs, L., Ham, T. E,,
et al. (2016). Extrinsic and intrinsic brain network connectivity maintains cognition
across the lifespan despite accelerated decay of regional brain activation. J. Neurosci.
36, 3115-3126. doi: 10.1523/JNEUROSCI.2733-15.2016

van Hees, V. T., Fang, Z., Langford, J., Assah, F., Mohammad, A., da Silva, I. C. M.,
et al. (2014). Autocalibration of accelerometer data for free-living physical activity
assessment using local gravity and temperature: an evaluation on four continents.
J. Appl. Physiol. 117, 738-744. doi: 10.1152/japplphysiol.00421.2014

van Hees, V. T., Gorzelniak, L., Dean Ledn, E. C.,, Eder, M., Pias, M., Taherian, S., et al.
(2013). Separating movement and gravity components in an acceleration signal and
implications for the assessment of human daily physical activity. PLoS One 8:¢61691.
doi: 10.1371/journal.pone.0061691

Vergoossen, L. W. M,, Jansen, J. F. A,, Jong, J. J. A., de Stehouwer, C. D. A., Schaper,
N. C., Savelberg, H. H. C. M,, et al. (2021). Association of physical activity and
sedentary time with structural brain networks-The Maastricht Study. GeroScience 43,
239-252. doi: 10.1007/s11357-020-00276-z

Voss, M. W., Prakash, R. S., Erickson, K. L, Basak, C., Chaddock, L., Kim, J. S., et al.
(2010). Plasticity of brain networks in a randomized intervention trial of exercise
training in older adults. Front. Aging Neurosci. 2:32. doi: 10.3389/fnagi.2010.00032

Voss, M. W., Weng, T. B., Burzynska, A. Z., Wong, C. N., Cooke, G. E,, Clark, R,,
etal. (2016). Fitness, but not physical activity, is related to functional integrity of brain
networks associated with aging. NeuroImage 131, 113-125. doi: 10.1016/j.neuroimage.
2015.10.044

Waner, J. L., Hausman, H. K., Kraft, J. N., Hardcastle, C., Evangelista, N. D., O’Shea,
A, etal. (2023). Connecting memory and functional brain networks in older adults: a
resting-state fMRI study. GeroScience 45, 3079-3093. doi: 10.1007/s11357-023-00967-
3

Washburn, R. A., Smith, K. W., Jette, A. M., and Janney, C. A. (1993). The physical
activity scale for the elderly (PASE): development and evaluation. J. Clin. Epidemiol.
46, 153-162. doi: 10.1016/0895-4356(93)90053-4

Wechsler, D. (1987). WMS-R: Wechsler Memory Scale-Revised: Manual. San Antonio,
TX: Psychological Corporation.

Weiler, M., Fukuda, A., Massabki, L. H. P., Lopes, T. M., Franco, A. R., Damasceno,
B. P., et al. (2014). Default mode, executive function, and language functional
connectivity networks are compromised in mild Alzheimer’s disease. Curr. Alzheimer
Res. 11, 274-282. doi: 10.2174/1567205011666140131114716

Welniarz, Q., Gallea, C., Lamy, J. C., Méneret, A., Popa, T., Valabregue, R., et al.
(2019). The supplementary motor area modulates interhemispheric interactions
during movement preparation. Hum. Brain Mapp. 40, 2125-2142. doi: 10.1002/hbm.
24512

Weuve, J., Kang, J. H., Manson, J. E., Breteler, M. M. B., Ware, J. H., and Grodstein,
F. (2004). Physical activity, including walking, and cognitive function in older women.
JAMA 292, 1454-1461. doi: 10.1001/jama.292.12.1454

Winkler, A. M., Ridgway, G. R., Webster, M. A., Smith, S. M., and Nichols, T. E.
(2014). Permutation inference for the general linear model. Neurolmage 92, 381-397.
doi: 10.1016/j.neuroimage.2014.01.060

Wolf, D., Tiischer, O., Teipel, S., Mierau, A., Striider, H., Drzezga, A., et al. (2018).
Mechanisms and modulators of cognitive training gain transfer in cognitively healthy
aging: study protocol of the AgeGain study. Trials 19:337. doi: 10.1186/s13063-018-
2688-2

Yaffe, K., Barnes, D., Nevitt, M., Lui, L. Y., and Covinsky, K. (2001). A
prospective study of physical activity and cognitive decline in elderly women:
women who walk. Arch. Internal Med. 161, 1703-1708. doi: 10.1001/archinte.161.14.
1703

frontiersin.org



