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ABSTRACT
White matter (WM) microstructural health declines with increasing age, with evidence suggesting that improved cardiorespi-
ratory fitness (CRF) may mitigate this decline. Specifically, higher fit older adults tend to show preserved WM microstructural 
integrity compared to their lower fit counterparts. However, the extent to which fitness and aging independently impact WM 
integrity across the adult lifespan is still an open question, as is the extent to which cerebrovascular health mediates these re-
lationships. In a large sample (N = 125, aged 25–72), we assessed the impact of age and estimated cardiorespiratory fitness on 
fractional anisotropy (FA, derived using diffusion weighted imaging, dwMRI) and probed the mediating role of cerebrovascular 
health (derived using diffuse optical tomography of the cerebral arterial pulse, pulse-DOT) in these relationships. After orthogo-
nalizing age and estimated fitness and computing a PCA on whole brain WM regions, we found several WM regions impacted by 
age that were independent from the regions impacted by estimated fitness (hindbrain areas, including brainstem and cerebellar 
tracts), whereas other areas showed interactive effects of age and estimated fitness (midline areas, including fornix and corpus 
callosum). Critically, cerebrovascular health mediated both relationships suggesting that vascular health plays a linking role 
between age, fitness, and brain health. Secondarily, we assessed potential sex differences in these relationships and found that, 
although females and males generally showed the same age-related FA declines, males exhibited somewhat steeper declines than 
females. Together, these results suggest that age and fitness impact specific WM regions and highlight the mediating role of cer-
ebrovascular health in maintaining WM health across adulthood.

1   |   Introduction

Aging is associated with many brain changes, including a 
reduction in total gray and white matter and consequent 
enlargement of the ventricles and subarachnoid space (e.g., 
Narvacan et al. 2017). White matter macrostructure (i.e., white 
matter volume) is typically stable until ≈ age 60, after which 
a precipitous decline begins (Ge et al. 2002; Raz et al. 2005; 

Walhovd et al. 2005). However, microstructural white matter 
changes, measured with diffusion weighted magnetic reso-
nance imaging (dwMRI, sensitive to the magnitude and direc-
tion of water diffusion), become apparent in midlife. As such, 
dwMRI is better suited to study early age-related changes 
in white matter and track them across the lifespan (Assaf 
and Pasternak  2008; Beck et  al.  2021; Bennett et  al.  2010; 
Gunning-Dixon et  al.  2009; Sullivan and Pfefferbaum  2006; 
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Westlye et al. 2010; Zahr et al. 2010). A dwMRI metric often 
assessed in aging is fractional anisotropy (FA). FA is a nor-
malized measure of the variance of water molecule diffu-
sion across the three primary directions within a voxel, with 
larger values associated with greater cellular organization 
and myelin integrity within the measured tissue (Wozniak 
and Lim 2006). With increasing age, FA in the white matter 
tends to decline (Hsu et al. 2008; Hugenschmidt et al. 2008; 
Kochunov et al. 2012; Westlye et al. 2010), with consistent re-
ports of decreased FA in the corpus callosum (Sullivan and 
Pfefferbaum 2006; Salat et al. 2005), among other regions, al-
though changes may not be uniformly distributed across all 
white matter areas.

In the last two decades, cardiorespiratory fitness (CRF), which 
can be improved via regular aerobic exercise, has been shown 
to mitigate the impact of brain aging in later life (for a review 
see Bowie et  al.  2021). Higher levels of CRF are associated 
with preserved gray and white matter volumes (e.g., Colcombe 
et  al.  2006) in both cortical (e.g., Fletcher et  al.  2016; Gordon 
et  al.  2008) and subcortical areas (e.g., Erickson et  al.  2011; 
McAuley et al. 2011; Niemann et al. 2014). Considerable evidence 
from observational and interventional studies, as well as cross-
sectional and longitudinal studies, supports the positive impact 
of fitness on white matter integrity in aging (cross-sectional: 
Hayes et al. 2015; Oberlin et al. 2016; Tarumi et al. 2021; Tian 
et al. 2014; longitudinal: Burzynska et al. 2017; Clark et al. 2019; 
Mendez Colmenares et al. 2021; Voss et al. 2013). An excellent 
recent meta-analysis (Maleki et al. 2022) found strong evidence 
for the positive impact of physical activity, CRF, and exercise 
on FA in the corpus callosum and anterior limb of the internal 
capsule, indicating preserved white matter integrity with in-
creased fitness in these regions. However, of the extant dwMRI 
observational, cross-sectional studies that specifically assessed 
the relationship between CRF and white matter integrity, none 
assessed the entire adult lifespan, instead focusing either on 
older adults only (Johnson et  al.  2012; Liu et  al.  2012; Marks 
et al. 2011; Oberlin et al. 2016; Tian et al. 2014), younger adults 
only (Herting et al. 2014; Zhu et al. 2015), or comparing extreme 
groups of younger and older adults (Hayes et al. 2015). To the 
best of our knowledge, only two studies (d'Arbeloff et al. 2021; 
Tarumi et al. 2021) included the middle age range, a critical age 
at which white matter degradation begins to occur, and in these 
studies, the middle-age group was examined in isolation rather 
than in the context of the entire adult lifespan.

As a modifiable lifestyle factor, CRF provides an attractive 
means to reduce the impact of aging on the brain. However, fit-
ness does not appear to uniformly preserve all brain regions that 
are adversely influenced by aging, requiring a more nuanced 
examination of the reasons for these disparities. For example, 
studies have shown specific benefits of CRF for the hippocampus 
(e.g., Erickson et al. 2011; Firth et al. 2018). In a relatively small 
(N = 54) study, Fletcher et al. (2016) reported that lower CRF and 
advanced age both affected gray and white matter volumes, cor-
tically and subcortically. However, they also reported dissocia-
tions, with some areas showing only effects of aging and others 
only effects of fitness.

These findings suggest that the mechanisms underlying the 
effects of aging and fitness are only partially overlapping. The 

dissociations may depend on maturational effects, as well as on 
potentially tract-specific effects due to physical activity. Instead, 
a potential explanation for the overlap between the effects of 
aging and fitness on brain tissue integrity is through the health 
of the cerebrovasculature, a vast network of arteries, arterioles 
and capillaries that envelops the brain, providing it with life-
sustaining oxygen and glucose and enabling clearance of un-
wanted substances (Zimmerman et al. 2021). In midlife, as part 
of the normal aging process, arteries begin to harden (arterial 
stiffening; Izzo and Shykoff 2001; Najjar et al. 2005; Sun 2015; 
Dart and Kingwell 2001; Franklin 2005; Franklin et al. 1997). 
This reduces cerebrovascular function, impacting brain tis-
sue health and increasing brain atrophy if areas are not suffi-
ciently perfused (Fabiani et al. 2022; Zimmerman et al. 2021). 
However, stiffening does not occur uniformly across the cere-
brovascular system. Further, cerebral arterial stiffening and 
brain tissue atrophy are spatially correlated within individuals, 
starting in middle age (Chiarelli et al. 2017). Indeed, white mat-
ter macrostructural lesion burden is linked to vascular damage 
(Tarumi et al. 2015; Bowie et al. 2024) and controlling arterial 
stiffness has been shown to slow lesion progression (Prins and 
Scheltens  2015), indicating that vascular impacts are particu-
larly evident in the white matter compared to gray matter and 
that altering the vasculature can mitigate these negative effects.

1.1   |   The Current Study: Justification 
and Hypotheses

We started with the hypothesis that FA would decrease across 
the lifespan, but that these changes may not be uniformly dis-
tributed across all white matter. We also expected that aging 
would be associated with increased arterial stiffening (Aatola 
et  al.  2014) and with decreased CRF. Vascular dysfunction 
typically emerges in middle age (AlGhatrif et  al.  2013; Vasan 
et al. 2002), coinciding with the emergence of microstructural 
white matter changes. Therefore, it is imperative to include a 
middle age group when assessing white matter health, which is 
especially impacted by the hypoperfusion caused by arterioscle-
rosis and consequent arterial stiffening (Badji et al. 2019; Tan 
et al. 2019; Zimmerman et al. 2021), among other vascular fac-
tors. We addressed this gap by including middle-aged individ-
uals in the context of a broad age range (ages 25–71). Crucially, 
although we expected that CRF could partly counteract or delay 
the effects of aging on FA, our primary aim was to assess the 
relative/independent impact of aging and CRF on white mat-
ter microstructural integrity. Because fitness tends to decrease 
with age, age and fitness are strongly and inversely correlated. 
Therefore, to assess their respective and separable contributions 
it is necessary to limit this inherent correlational confound. As 
such, we stratified CRF within each age group. This virtually 
eliminates the correlation between these two variables, thereby 
allowing for their independent assessment.

Our secondary aim was to assess the potentially mediating or 
moderating role of cerebrovascular health. To assess cerebral 
arterial stiffness, we used diffuse optical tomography of the ce-
rebral arterial pulse (pulse-DOT; Fabiani et  al.  2014; Gratton 
et  al.  2017; Tan et  al.  2016, 2017, 2019; Chiarelli et  al.  2017; 
Bowie et al. 2024; Kong et al. 2020). Pulse-DOT metrics of ar-
terial elasticity have been reliably related to age, CRF, brain 
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volumetric atrophy, and brain function (Chiarelli et  al.  2017; 
Fabiani et al. 2014; Kong et al. 2020; Tan et al. 2017, 2019) and 
are described in Section 2.

Finally, we sought to identify potential differences between 
females and males in our sample by analyzing their data 
separately. Biological sex impacts the regulation of vascular 
tone (Thompson and Khalil  2003) partially due to the anti-
inflammatory and vasoprotective effects of estradiol (an es-
trogen) in females (Gilligan et al. 1994; Hurn et al. 1995; see 
also Meyer et  al.  2006; Reckelhoff  2018) resulting in differ-
ences in arterial elasticity before and after menopause (Rossi 
et  al.  2011), and therefore may have consequences for white 
matter health.

2   |   Method

All code used in this project can be found at https://​osf.​io/​j9psq/​​.

2.1   |   Participants and Procedure

Unpublished dwMRI scans (further details in Section  2.3.2) 
and estimated CRF data collected in our lab from 127 par-
ticipants (mean age = 53.47 years, range = 25–71, 35% male) 
were analyzed in this study. The data were pooled across two 
large studies that used nearly identical data collection proto-
cols for the variables of interest (73 participants from Study 
1, age range 50–70; and 54 participants from Study 2, age 
range 25–71).1 All participants were native English speakers 
and reported themselves to be in good health with normal 
hearing and normal or corrected-to-normal vision, and free 
from medications that may directly affect the central nervous 
system. All participants signed informed consent and all pro-
cedures were approved by the Institutional Review Board of 
the University of Illinois Urbana-Champaign. One partici-
pant had an extreme estimated CRF metric due to a very high 
BMI (more than 5 standard deviations above the mean), and 
a second had extreme head motion in the scanner (framew-
ise displacement more than 4 standard deviations above the 
mean) and were thus excluded from analysis, rendering the 
final sample size 125. In this sample, 113 (90.4%) participants 
self-reported as White, 9 (7.2%) as Asian, 2(1.6%), as Black or 
African American and 1 (0.8%) as multiracial. In terms of eth-
nicity, 5 (4%) self-identified as Hispanic/Latino and 120 (96%) 
as not Hispanic/Latino.

2.2   |   Data Acquisition

2.2.1   |   Cardiorespiratory Fitness Assessment

We used Jurca et al.'s (2005) estimation of cardiorespiratory fit-
ness (eCRF), which uses 5 values (age, sex, BMI, resting heart 
rate, and activity score) to compute a metabolic equivalent 
(MET) of VO2max. Many studies have used this metric and shown 
that it is highly correlated (≈0.7) with VO2max (Jurca et al. 2005; 
Stamatakis et al. 2013). eCRF has also been validated in older 
adults (Mailey et  al.  2010; McAuley et  al.  2011).2 Participants' 
age, sex, body mass index, resting heart rate, and a self-reported 

activity score3 are weighted and then linearly combined with a 
constant to estimate CRF, as follows:

In our sample, resting heart rate was calculated as the aver-
age of three measurements taken at rest during three different 
laboratory visits. eCRF defined this way retains the biologi-
cal reality that, on average, males have greater VO2max than 
females because of their larger bodies and lungs. To control 
for these known systematic differences that would not be ex-
pected to reflect real variations in fitness or vascular health, 
we effectively removed sex from the eCRF equation by omit-
ting the sex term from the calculations and then adding 2.77/2 
to all subjects. In this way, instead of the sex term being 0 
for females and 2.77 for men, all participants have a constant 
1.385 included in their eCRF estimations, allowing for the di-
rect comparison of males and females:

Please note that although VO2max, assessed with a graded exer-
cise test, is considered the gold standard for determining CRF, 
we used eCRF in this study for the following reasons. First, as 
mentioned, several groups (Jurca et al. 2005; Mailey et al. 2010; 
McAuley et  al.  2011) have shown that eCRF is an accurate 
method to quantify CRF across a wide age range like the one 
used in this study, thereby increasing the validity of our CRF 
estimates. Second, in our current sample, only participants in 
Study 1 completed a graded exercise test, so we would severely 
limit our sample size and age range by focusing exclusively on 
VO2max. Third, the graded exercise test is a challenging expe-
rience, and some older participants' health places limitations 
on their ability to complete the test. As a result, many older 
adults in our sample who did complete the test did not reach 
their peak VO2, yielding graded exercise test measures for this 
subset of participants less reliable (Abdelkarim et  al.  2023). 
Finally, a demonstration that eCRF relates to white matter mi-
crostructural integrity across the adult lifespan is missing from 
the literature. Importantly, the difficulties in the applications of 
VO2max to large scale assessments in community settings high-
light the need to validate non-exercise-based measures such as 
the eCRF estimate used here (Harber et al. 2024).

2.2.2   |   Structural MRI Acquisition

Each participant underwent an MRI session, which included ac-
quisition of a T1-weighted and a diffusion weighted sequence on 
a Siemens Prisma 3 T scanner with a 20-channel head coil. T1-
weighted images were acquired with a magnetization prepared 
gradient-echo (MPRAGE) sequence with the following param-
eters: TR/TE/TI = 2400 ms/2.31 ms/1060 ms; flip angle = 8°; 
acquisition matrix = 240 × 256 × 180; iPAT factor of 2; 0.8 mm 
isotropic voxels, with the pre-scan normalize option. Slices were 
acquired in the sagittal plane.

dwMRI data were acquired with a diffusion weighted sequence 
with associated reverse phase-encoding directions echo planar 

eCRForiginal=Sex × 2.77−Age × 0.1−BMI × 0.17−HR × 0.03

+Activity Score+18.07

eCRFSex Adjusted=1.385−Age × 0.1− BMI × 0.17−HR × 0.03

+Activity Score+18.07

https://osf.io/j9psq/
https://www.sciencedirect.com/topics/neuroscience/sensation-of-hearing
https://www.sciencedirect.com/topics/medicine-and-dentistry/central-nervous-system
https://www.sciencedirect.com/topics/medicine-and-dentistry/central-nervous-system
https://www.sciencedirect.com/topics/medicine-and-dentistry/informed-consent


4 of 21 Human Brain Mapping, 2025

imaging field maps and an interleaved multiband spin echo pla-
nar imaging (EPI) sequence with a multiband acceleration factor 
of 4 (Auerbach et al. 2013; Setsompop et al. 2012). Sequence pa-
rameters were as follows: TR/TE/flip angle: 2500 ms/90 ms/90°, 
FOV: 230 × 230 mm, 2.5 mm isotropic scan. We obtained one vol-
ume of b = 0 and diffusion weighted data along 64 directions at 
both b1 = 1000 and b2 = 2000 s/mm2.

In Study 1, the images acquired at each diffusion weighting 
(b-value) were sequential; that is, 64 volumes at b = 1000 s/
mm2 were collected and then 64 b = 2000 s/mm2 volumes were 
acquired. In Study 2, the volumes acquired with b = 1000 and 
b = 2000 s/mm2 were interleaved. Global FA values were com-
pared in age-matched participants from both studies using 
Welch's two sample unequal variance t-tests, t(25.34) = −0.812, 
p = 0.425. Because the FA values were not affected by this ma-
nipulation, the scans from the two studies were combined.

2.2.3   |   Diffuse Optical Imaging Data Acquisition

Cerebral arterial elasticity (pulse-DOT) data were obtained 
during an 8- to 10-min resting-state optical imaging session, in 
which seated participants fixated on a cross at the center of a 
screen. Optical data were acquired with 12 synchronized multi-
channel frequency-domain oximeters (ISS Imagent, Champaign, 
IL) equipped with a total of 128 laser diodes (64 emitting light at 
690 nm and 64 at 830 nm) and 48 photomultiplier tubes. Time-
division multiplexing was employed so that each detector picked 
up light from 16 different sources at different times within a 
multiplexing cycle at a sampling rate of 39.0624 Hz. The light 
was transmitted to the scalp by using single-optic fibers (0.4 mm 
core) and from the scalp back to the photomultiplier tubes by 
using fiber bundles (3 mm diameter). The fibers were held in 
place using semirigid, custom-built helmets, fitted to partici-
pants based on their head circumference.

After the helmet was set up, optode locations were marked dig-
itally to improve spatial accuracy during later data processing, 
including anatomical coregistration with each participant's 
structural MRI (T1-weighted scan). Fiducial markers were 
placed on each participant's left and right preauricular points 

and the nasion. These fiducial points, optode locations, and other 
scalp locations were digitized with a Polhemus FastTrak 3D dig-
itizer (accuracy: 0.8 mm; Colchester, VT) by using a recording 
stylus and three head-mounted receivers, which allowed for 
small head movements between measurements. Optode loca-
tions and structural MRI data were then coregistered using fi-
ducial alignment and/or surface fitting as described by Chiarelli 
et al. (2015).

Concurrently, an electrocardiogram (EKG) was recorded using 
Brain-Vision recorder software and a Brain Products V-Amp 
16 integrated amplifier system (Brain Products, Germany). 
Specifically, lead 1 of the EKG (left wrist referenced to right 
wrist) was recorded with a sampling rate of 500 Hz and a band-
pass filter of 0.1–250 Hz. The exact timing of each R-wave peak 
was determined by searching for peak points exceeding a volt-
age threshold (scaled for each participant) and dismissing any 
peak points outside of the normal range of inter-beat intervals. 
The identification of each peak was verified by visual inspection, 
and false detections, usually misidentifying the T-wave as the 
R-wave, were eliminated. Concurrent acquisition of EKG and 
optical pulse data allowed us to time-lock the optical pulse data 
to the R-wave of the EKG, thereby ensuring that the same pulse 
was analyzed irrespective of its location within the brain. Due to 
missing EKG recordings from 13 participants, optical analyses 
were limited to a sample size of 112. Optical pulse data were ac-
quired from most of the scalp surface but with varying degrees 
of density (indexed by the number of channels) depending on 
the specific study. Study 1 utilized two optical recording mon-
tages, each containing 768 channels, for a total of 1536 channels 
and acquired with one block of recording. Study 2 was acquired 
with one montage containing 768 channels and acquired with 
two blocks of recordings. The difference in number of montages 
used in the two studies did not introduce significant changes in 
the optical pulse parameters reported here (see below).

2.2.4   |   Systemic Pulse Pressure

Participants blood pressure was taken from the brachial artery 
with an automatic sphygmomanometer placed on the upper arm, 
at three time points during data collection and then averaged 

TABLE 1    |    Sample characteristics.

All (n = 125) Low fit (n = 61) High fit (n = 64) t-test two-tailed

80:45 42:20 39:25

Females: Males Mean SD Mean SD Mean SD p

Age (years) 53.35 13.52 54.56 13.75 52.17 13.29 0.32 ns

Sex 0.36 0.48 0.33 0.47 0.39 0.49 0.47 ns

eCRF_SexAdjusted 9.34 2.20 7.91 1.79 10.70 1.63 1.59E−14 **

BMI (kg/m2) 27.01 5.16 29.22 5.75 24.91 3.41 2.44E−06 *

Resting heart rate (bpm) 71.19 12.73 76.89 11.54 65.75 11.42 1.22E−06 *

Education (years, 20 max) 17.15 2.39 16.90 2.58 17.39 2.19 0.34 ns

Fluid intelligence (n = 123) 105.93 10.96 103.47 12.50 108.27 8.72 0.02 *

Note: Means and standard deviations are provided as well as results from two-tailed t-tests between the low fit and high fit individuals on every sample characteristic.
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together to get more stable estimates of resting diastolic and sys-
tolic pressure. Pulse pressure was computed by subtracting di-
astolic pressure from systolic pressure and served as a systemic 
measure of cerebrovascular health that is methodologically in-
dependent from the cerebral Pulse-DOT measure, thus allowing 
for external validation of the cerebrovascular measures.

2.3   |   Data Processing

2.3.1   |   Orthogonalization of Age and Fitness

As mentioned in the introduction, as our primary aim was to 
assess the independent contributions of aging and fitness to 
white matter microstructural integrity, these two variables were 
orthogonalized to minimize the inherent negative correlation 
between age and fitness (see Table  S3 for additional informa-
tion). This procedure included three steps. First, the sample was 
split into three ≈15-year age groups: young (aged 25–40, n = 26), 
middle (aged 41–55, n = 33), and older adults (aged 56–71, 
n = 68). Within each age group, participants were median split 
based on their eCRF_SexAdjusted scores into “high fit” and 
“low fit” categories for their age. Then the groups were recom-
bined for further analysis. The high-fit and low-fit groups did 
not differ in age, sex, or education level (Table 1), but did differ 
in eCRF_SexAdjusted and its components (Heart Rate, BMI), 
as planned, and in fluid intelligence. The recombined sample 
had small, nonsignificant correlations between fitness and age 
[rho(123) = −0.137, p = 0.12] and fitness and sex [rho(123) = 0.065, 
p = 0.47] indicating that the orthogonalization procedure was 
successful. Additionally, we computed metabolic equivalents 
(METs, estimated using eCRF) for each age and fitness group in 
our sample (Table S4) and noted that they are in line with large 
community samples (Maranhao Neto et al. 2021).

2.3.2   |   MRI Preprocessing and Reconstruction

All MRI data were first converted into BIDS format (Gorgolewski 
et al. 2016). Diffusion weighted images were then run through 
QSIPrep 0.16.0RC3 (Cieslak et  al.  2021) for preprocessing and 
reconstruction, which is based on Nipype 1.8.1 (Gorgolewski 
et al. 2011; Gorgolewski et al. 2018; RRID:SCR_002502), with 
the parameters listed in the following sections. Much of the text 
in the following two sections was provided by QSIPrep under a 
CC0 license so it may be included in a manuscript for the sake of 
transparency and reproducibility. We made minor changes for 
clarity.

2.3.2.1   |   Anatomical Data Preprocessing.  For each par-
ticipant, the T1-weighted (T1w) image was corrected for intensity 
nonuniformity (INU) using N4BiasFieldCorrection (Tustison 
et  al.  2010, ANTs 2.3.1), and used as T1w-reference through-
out the workflow. The T1w-reference was then skull-stripped 
using antsBrainExtraction.sh (ANTs 2.3.1), with OASIS 
as target template. Spatial normalization to the ICBM 152 
Nonlinear Asymmetrical template version 2009c (Fonov 
et  al.  2009, RRID:SCR_008796) was performed through 
nonlinear registration with antsRegistration (ANTs 2.3.1, 
RRID:SCR_004757, Avants et  al.  2008), using brain-extracted 
versions of both T1w volume and template. Brain tissue 

segmentation of cerebrospinal fluid (CSF), white-matter (WM) 
and gray-matter (GM) was performed on the brain-extracted 
T1w using FAST (FSL 6.0.5.1:57b01774, RRID:SCR_002823, 
Zhang et al. 2001). T1-weighted MPRAGE scans were cropped 
to include only the head, to resolve errors in brain extraction 
and registration for three participants (using robustfov in FSL-
eyes; McCarthy 2023).

2.3.2.2   |   Diffusion Data Preprocessing.  Any images 
with a b-value less than 100 s/mm2 were treated as a b = 0 
image. MP-PCA denoising as implemented in MRtrix3's dwid-
enoise (Veraart et al. 2016) was applied with a 5-voxel window. 
After MP-PCA, B1 field inhomogeneity was corrected using 
dwibiascorrect from MRtrix3 with the N4 algorithm (Tus-
tison et  al.  2010). After B1 bias correction, the mean inten-
sity of the DWI series was adjusted so all the mean intensity 
of the b = 0 images matched across each separate DWI scan-
ning sequence.

FSL's (version 6.0.5.1:57b01774) eddy procedure was used for 
head motion correction and Eddy current correction (Andersson 
and Sotiropoulos  2016). Eddy was configured with a q-space 
smoothing factor of 10, a total of 5 iterations, and 1000 voxels 
used to estimate hyperparameters. Linear and quadratic mod-
els were used to characterize Eddy current-related spatial dis-
tortion. q-space coordinates were forcefully assigned to shells. 
Field offset was separated from subject movement. Shells were 
aligned post-eddy. Eddy's outlier replacement procedure was 
also used (Andersson et al. 2016). Data were grouped by slice, 
only including values from slices determined to contain at least 
250 intracerebral voxels. Groups deviating by more than 4 stan-
dard deviations from the prediction had their data replaced with 
imputed values. Additional data was collected with reversed 
phase-encode blips, resulting in pairs of images with distor-
tions going in opposite directions. Here, b = 0 reference images 
with reversed phase encoding directions were used along with 
an equal number of b = 0 images extracted from the DWI scans. 
From these pairs the susceptibility-induced off-resonance field 
was estimated using a method similar to that described in 
Andersson et al. (2003). The fieldmaps were ultimately incorpo-
rated into the Eddy current and head motion correction interpo-
lation. Final interpolation was performed using the jac method.

Several confounding time-series were calculated based on the 
preprocessed DWI: framewise displacement (FD) using the 
implementation in Nipype (following the definitions by Power 
et al. 2014). The head-motion estimates calculated in the correc-
tion step were also placed within the corresponding confounds 
file. Slicewise cross correlation was also calculated. The DWI 
time-series were resampled to ACPC, generating a preprocessed 
DWI run in ACPC space with 2.5 mm isotropic voxels. QSIprep 
creates HTML summary output files for each participant. These 
were visually inspected for errors, for example, inaccurate T1 to 
MNI registration, and if errors were found, the QSIprep pipeline 
was re-run.4

2.3.2.3   |   Diffusion Reconstruction and Tensor Fit-
ting.  Two reconstruction workflows were performed using 
QSIprep 0.16.0RC3, which is based on Nipype 1.8.1 (Gorgo-
lewski et al. 2011; Gorgolewski et al. 2018; RRID:SCR_002502). 
First, QSIPrep-preprocessed T1w images and brain masks were 
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used in the reorient_fslstd workflow. This workflow reorients 
the QSIPrep preprocessed DWI and bval/bvec to the standard 
FSL orientation. Because we were using FSL for subsequent 
analysis, we implemented this workflow. More information can 
be found here, https://​qsipr​ep.​readt​hedocs.​io/​en/​latest/​recon​
struc​tion.​html#​reori​ent-​fslstd.

Then, the QSIPrep-preprocessed T1w images and brain 
masks were used in the dsi_studio_gqi workflow (DSI Studio 
Reconstruction). This implementation reconstructs diffusion 
orientation distribution functions (ODFs) using generalized q-
sampling imaging (GQI; Yeh et al.  2010) with a ratio of mean 
diffusion distance of 1.250000. Diffusion tensors (FA, RD, MD, 
and AD) are also calculated in this workflow and are the main 
focus of this manuscript. Additional outputs from this work-
flow (ODFs and streamlines) will be used in future investiga-
tions of this dataset. Critically, head motion was also calculated 
in this pipeline and specifically, framewise displacement was 
used to assess head motion in the current study (Hoinkiss and 
Porter  2022; Kreilkamp et  al.  2016). More information can be 
found here: https://​qsipr​ep.​readt​hedocs.​io/​en/​latest/​recon​struc​
tion.​html#​dsi-​studi​o-​gqi.

Many internal operations of QSIPrep use Nilearn 0.9.1 (Abraham 
et  al.  2014, RRID:SCR_001362) and Dipy (Garyfallidis 
et al. 2014). For more details of the pipeline, see the section cor-
responding to workflows in QSIPrep's documentation, https://​
qsipr​ep.​readt​hedocs.​io/​en/​latest/​.

2.3.2.4   |   Extraction of Tensors.  Next, a portion 
of the tract-based spatial statistics (TBSS; Smith et  al.  2006) 
pipeline was run in FSL on the FA images (version 6.0.5.1; Smith 
et  al.  2004) using NeuroDesk (v20221216, Renton et  al.  2024) 
with the instructions provided in the FSL tutorial (see https://​fsl.​
fmrib.​ox.​ac.​uk/​fsl/​fslwi​ki/​TBSS/​UserG​uide for more).5 Specifi-
cally, tbss_1_preproc, prepared the images by slightly eroding 
them and automatically removing likely outliers, then created 
subdirectories for processed data and original images, gener-
ating an overview for visual inspection. Next, tbss_2_reg, 
performed nonlinear registration of all FA images the standard 
FMRIB58_FA target image. Third, tbss_3_postreg, applied 
the nonlinear transformations to align all subjects' FA images to 
the standard space, generated a mean FA image, and performed 
skeletonization to extract the white matter skeleton. Finally, 
tbss_4_prestats thresholded the mean FA skeleton (0.2), 
created a distance map, and projected the FA data onto the skel-
eton for subsequent statistical analysis using an ROI approach 
on the mean, group-level FA skeleton. Using the voxels within 
the group-level FA skeleton ensured that at the participant level, 
the number of voxels represented within each ROI was equiv-
alent across participants. This ensured that each ROI could be 
directly compared person-to-person.

ROI masks from the JHU ICBM-DTI-81 white-matter labels 
atlas (Hua et al. 2008; Wakana et al. 2007) were created for each 
of the 48 regions in this atlas using the fslmaths function. This 
atlas is available in FSL (https://​fsl.​fmrib.​ox.​ac.​uk/​fsl/​fslwi​ki/​
Atlases) and has 48 WM tract labels for diffusion MRI tensor 
maps. These were then applied to the 4D tensor data matrix 
(N-subjects by X by Y by Z) using custom Matlab 2022a scripts 
to extract mean FA estimates in each ROI for every participant 

(The MathWorks Inc., Natick, MA). Because many regions are 
bilateral, but we had no specific hypotheses about laterality, we 
combined bilateral ROIs into one mean FA estimate (i.e., the su-
perior corona radiata on the left and right were combined into a 
single “superior corona radiata” mean value). This reduced the 
number of ROIs to be analyzed to 27.

2.3.3   |   Optical Measures of Cerebral Arterial Elasticity

Cerebral arterial elasticity was quantified using pulse-DOT, 
which differs significantly from fNIRS in that the oxygen satura-
tion for the pulse-DOT signal ranges between 95% and 100% (see 
Fabiani et al. 2014). This type of saturation can only be found 
in arteries, and not in other blood vessels (capillaries or veins), 
which also do not pulsate. In contrast, the saturation index typ-
ically found in fNIRS signals from tissue is approximately 65%–
70%, reflecting a mixture of blood vessels. Pulse-DOT measures 
are logically similar to finger photoplethysmography, commonly 
used to study tissue oxygenation and arterial function in other 
parts of the body.

The two metrics used in this study are pulse transit time (PTT) 
and Pulse Relaxation Function (PReFx, formerly referred to as 
“arterial compliance”; Fabiani et al. 2014). These metrics were 
chosen because they are indices of cerebral arterial elasticity 
and were found to be related to age and fitness in previous re-
ports. Differences in optical data acquisition between the two 
studies (i.e., different number of channels in each montage) did 
not significantly impact the data, so data were combined for all 
analyses.6

PReFx is a measure quantifying pulse shape, which is known 
to change as a function of the temporal overlap between the 
forward pulse wave generated by the heart and the back-
ward pulse wave generated by the peripheral resistance from 
muscular arteries and arterioles during each cardiac cycle. 
Arterial stiffening leads to a greater overlap between these 
two waves, which increases pulse wave velocity (PWV) in the 
segment between the measurement point in elastic arteries, 
and the reflection point located in small muscular arteries 
and arterioles (see Izzo and Shykoff  2001). This changes the 
pulse shape, by increasing the overlap between the forward 
and backward wave, thereby reducing the size of PReFx. As 
such, lower PReFx values indicate arterial stiffening, and can 
be taken as an indirect index of arteriosclerosis, especially in 
small vessels.

The other pulse-DOT measure used in this study is PTT. All 
pulse-DOT measures are recorded time-locked to the EKG. 
Therefore, we can establish the time it takes for the arterial 
pulse to travel between the heart and a specific measurement 
point in the brain (PTT). PTT can be measured at many points 
over the cortex, which can be averaged to obtain an estimated 
PTT for the whole brain, as we did in this study. PTT is approxi-
mately the inverse of PWV, which cannot be directly calculated, 
as distances are not known for cerebral arteries running within 
the skull. PTT is also an estimate of arterial stiffness, but in a 
vascular compartment that encompasses a section spanning the 
anchor point (the heart, in this case) and the measurement point 
(the brain in this case).

https://qsiprep.readthedocs.io/en/latest/reconstruction.html#reorient-fslstd
https://qsiprep.readthedocs.io/en/latest/reconstruction.html#reorient-fslstd
https://qsiprep.readthedocs.io/en/latest/reconstruction.html#dsi-studio-gqi
https://qsiprep.readthedocs.io/en/latest/reconstruction.html#dsi-studio-gqi
https://qsiprep.readthedocs.io/en/latest/
https://qsiprep.readthedocs.io/en/latest/
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS/UserGuide
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS/UserGuide
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases
https://fsl.fmrib.ox.ac.uk/fsl/fslwiki/Atlases
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To calculate PTT, the arterial pulse waveform for each chan-
nel was obtained by averaging the AC light intensity time-
locked to the peak of the R-wave on the EKG, ensuring that 
the same pulse cycle was measured at all locations (Fabiani 
et  al.  2014). To derive PTT and PReFx, optical AC intensity 
data (i.e., the average measures of the amount of light pro-
duced by a specific source and reaching a specific detector 
during a multiplexed 1.6 ms interval) were normalized, dis-
carding epochs affected by movement artifacts, and low-pass 
filtered at 10 Hz using a Butterworth filter.7 As mentioned, for 
each participant, the location of sources and detectors used 
for each channel were digitized and co-registered with the 
corresponding T1w MPRAGE anatomical image (Chiarelli 
et al. 2015). Only source-detector distances of 2–5.5 cm were 
used in the analyses, as this is a distance range within the 
adult cortex that provides a sufficient amount of light for reli-
able calculations, while minimizing the effects of phenomena 
too superficial to be within the cortex. These data allowed us 
to apply the three-dimensional reconstruction procedure de-
scribed in Chiarelli et  al.  (2015) which makes it possible to 
image phenomena occurring approximately between 1 and 
3 cm in depth within the brain, thereby providing coverage 
of most of the cerebral cortex. Specifically, an average pulse 
waveform could be computed for each voxel (and participant) 
in the head up to this depth, and pulse parameters could be 
computed for each voxel. Here we used global measures of ce-
rebral arterial elasticity, obtained by averaging the pulse-DOT 
parameters across all voxels. Computation of these parame-
ters and averaging across the head was done using in-house 
software Opt-3d (Gratton 2000). Note that the odd-even pulse 
reliability of the optical parameters obtained in this way is 
very high (r > 0.95). In this article, we focus on PTT (reflect-
ing PWV), which is expected to strongly correspond to systolic 
blood pressure.

2.4   |   Statistical Procedure

Statistical analyses were performed in R version 4.2.1 (www.​r-​
proje​ct.​org/​, R Core Team, 2012) and RStudio (version: RStudio-
2022.07.1-554.) Spearman's rho correlations between age, fitness 
(orthogonal to age), and the age-by-fitness interaction were 
calculated by mean-centering age and fitness and then multi-
plying the mean-centered measurements together. Correlations 
between each ROI and the non-brain variables can be found in 
Table S2. Spearman's rho was used to minimize the impact of 
skewed data on the results.

2.4.1   |   Principal Components Analysis

To reduce the number of comparisons between FA regions and 
our dependent variables of interest, we conducted a principal 
components analysis (PCA) on the ROI FA values. PCA is a 
data reduction method that transforms high-dimensional data 
into lower-dimensional data while retaining most of the vari-
ability in the original data. It results in a set of principal com-
ponents (PCs) that are linear transformations of the original 
data, and these PCs group together variables with shared vari-
ance. PCA was computed using the R packages FactoMineR 
(Lê et al.  2008), missMDA (Husson et al.  2016), and pracma 

(Borchers  2023; https://​CRAN.​R-​proje​ct.​org/​packa​ge=​
pracma). The resulting loadings were rotated with a varimax 
rotation to maximize spread while retaining orthogonality 
between components. The top three factors were retained for 
further analysis (henceforth referred to as midline FA factor 
1, inferior–superior FA factor 2, and hindbrain FA factor 3) be-
cause they captured 60.19% percent of the variance, and after 
assessing the scree plot, there was little additional variance to 
be accounted for by retaining more factors.8 The brain regions 
that load onto each retained factor are included in Table 2 and 
the regions with loadings greater than 0.30 can be visualized 
in Figure 1. Rotated factor scores at each region for each par-
ticipant were calculated and retained for further analysis.

An additional PCA analysis was conducted (see PCA analy-
sis in Supporting Information) to investigate whether similar 
white matter factor loadings (Table S5) would be observed in the 
subset of participants (n = 68) who had both VO2max and eCRF 
metrics. This analysis provided largely convergent results to the 
primary PCA.

2.4.2   |   Correlational Analyses

Correlations between the three retained Factors, age, fitness, 
their interaction, PTT, sex, and head motion (quantified using 
mean absolute value framewise displacement per person) were 
computed and their raw correlations are reported in Figure S1. 
We determined that head motion was significantly correlated 
with age (rho(123) = 0.27, p = 0.002), fitness (rho(123) = −0.28, 
p = 0.0016), midline FA factor 1 (rho(123) = −0.33, p = 0.0002), 
and marginally correlated with hindbrain FA factor 3 
(rho(123) = −0.16, p = 0.08). Sex was also correlated with pulse 
transit time (greater for females, rho(123) = −0.24, p = 0.01), 
midline FA factor 1 (greater for females, rho(123) = −0.23, 
p = 0.01), and inferior–superior FA factor 2 (greater for females, 
rho(123) = 0.18, p = 0.04). To statistically account for head mo-
tion, we partialled out the impact of head motion on subsequent 
analyses using partial correlations or using head motion as a co-
variate in the mediation models. Given that our primary aim was 
to assess the relationship between white matter integrity, age, 
fitness, and cerebrovascular health across both sexes and free 
from head motion, correlations between the PCA factors and the 
biological dependent variables are reported after partialling out 
head motion and sex. Correlations between the retained factors 
from the additional PCA analysis using a subset of participants 
with age and VO2max are reported in PCA analysis in Supporting 
Information and largely replicated the primary findings.

To assess the stability of our main correlational findings, we 
additionally computed them using Pearson's correlations (para-
metric), rather than Spearman's rank-order correlation (non-
parametric). These replicated the primary findings and can be 
found in Correlational Analysis in Supporting Information.

2.4.3   |   Piecewise Regression

Our primary interest was in how vascular health impacts the 
relationship between age and white matter microstructure. 
As mentioned in the introduction, declines in vascular health 

http://www.r-project.org/
http://www.r-project.org/
https://cran.r-project.org/package=pracma
https://cran.r-project.org/package=pracma
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start becoming evident in middle-age. As such, decline in 
variables that are likely to depend on the health of the vascu-
lature is expected to accelerate as arteriosclerosis increases. 
Therefore, we also conducted piecewise regression/bilin-
ear analyses between age and the factors retained from the 
PCA to determine if any white matter factors showed bilinear 
trends. In this analysis, two lines joined by a single break-
point—hypothesized to occur slightly after the typical age of 
vascular changes (~55)—were fit to the data. This allows us to 
estimate the age at which the pre- and post-breakpoint slopes 
differ from one another. The segmented package in R was used 
to complete this analysis (Muggeo  2008). We employed the 
(pseudo) score statistics (Muggeo 2016) via the “pscore.test()” 
function to test for a nonzero difference in slope parameter 
of the bilinear relationship. Simulation studies have shown 
that this test is more statistically powerful than the alterna-
tive Davies test (Davies  1987) when only one breakpoint is 
being tested (Muggeo 2016), as we are computing in the cur-
rent work.

2.4.4   |   Mediation Models

In four simple mediation analyses, we investigated the links 
between aging or fitness and white matter integrity through 
the mediating role of arterial elasticity, measured both cere-
brally with Pulse-DOT and peripherally with pulse pressure. 
It is not necessarily the case that the regions impacted by fit-
ness are perfectly overlapping with those impacted by aging. 
Indeed, fitness may exert both direct and indirect effects 
on the white matter. For example, the white matter regions 

implicated in exercise may be better preserved in highly fit 
individuals (total effect). However, it is also known that en-
gaging in more physical activity may lead to a reduction in 
arteriosclerosis and/or arterial stiffness, thereby preserving 
white matter health in the areas for which vascular effects 
are more important (indirect effect). The regions indirectly af-
fected by vascular health may not overlap with those affected 
by complementary exercise-induced mechanisms, including 
increases in neurotrophic factors not collected here such as 
brain-derived neurotrophic factor (BDNF), vascular endothe-
lial growth factor (VEGF), and insulin-like growth factor 1 
(IGF-1; Voss et al. 2011). Therefore, a mediating effect would 
be supported by an indirect effect of fitness on white matter 
integrity via cerebrovascular health or an indirect effect of age 
on white matter integrity via cerebrovascular health. A mod-
erating effect would be supported by a significant interaction 
between age and fitness on white matter health.

Using the PROCESS macro developed for R (Hayes  2017), we 
tested the following simple mediation models. Mediation mod-
els were only conducted between the significant relationships 
found in the correlational analyses:

1.	 Age → Pulse transit time (cerebral measure) → Midline FA 
in factor 1

2.	 Fitness → Pulse transit time (cerebral meas-
ure) → Hindbrain FA in factor 3

3.	 Age → Pulse pressure (peripheral measure) → Midline FA 
in factor 1

TABLE 2    |    Rotated factor loadings from the PCA.

Midline FA factor 1 loadings Inferior–superior FA factor 2 loadings Hindbrain FA factor 3 loadings

Fornix 0.376 Superior corona radiata 0.459 Superior cerebellar peduncle 0.471

Corpus callosum—body 0.354 Posterior corona radiata 0.394 Corticospinal tract 0.427

Corpus callosum—genu 0.329 Posterior limb of internal capsule 0.356 Medial lemniscus 0.359

Posterior thalamic radiation 0.305 Superior longitudinal fasciculus 0.346 Middle cerebellar peduncle 0.328

Corpus callosum—splenium 0.301 Retrolenticular part of 
internal capsule

0.306 Inferior cerebellar peduncle 0.297

Tapetum 0.300 Superior fronto-occipital fasciculus 0.247 Cingulum—hippocampus 0.217

Anterior corona radiata 0.271 External capsule 0.206 Cerebral peduncle 0.222

Fornix cres/stria terminalis 0.232 Sagittal stratum 0.187 Internal capsule 0.201

Cingulum—cingulate gyrus 0.225 Internal capsule 0.179 Pontine crossing tract 0.192

Sagittal stratum 0.198 Anterior corona radiata 0.133 Posterior limb of 
internal capsule

0.146

External capsule 0.152 Superior cerebellar peduncle −0.118 Fornix cres/stria terminalis 0.127

Pontine crossing tract 0.102 Fornix −0.211

Corticospinal tract −0.123

Superior cerebellar peduncle −0.134

Posterior limb of internal 
capsule

−0.169
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4.	 Fitness → Pulse pressure (peripheral measure) → Hindbrain 
FA in factor 3

Results from validation models with pulse pressure (Models 3 
and 4) are included in the Supporting Information (described 
and specified below).

In line with the correlational analyses, sex and head motion 
were included as covariates in each of the four mediation models 
to statistically account for their impact on the results. All models 
without these covariates can be found in Supporting Information 
(Figures S2–S5). This analytic strategy was chosen for its direc-
tional path approach, which is the best option here, given the 
limitations of a cross-sectional study. We tested the indirect 
effect by using a bias-corrected bootstrap approach with 5000 
samples (Hayes and Scharkow 2013; Preacher and Kelley 2011).

2.4.5   |   Sex Analyses

As a secondary aim, and in line with the National Institute of 
Health's initiative (Arnegard et al. 2020; Miller et al. 2017), we 
assessed the impact of sex on the relationship between age, fit-
ness, and white matter integrity. Please note that we use self-
reported sex (i.e., how individuals self-identify, not necessarily 

their genetic makeup). There were only two self-reported sexes 
(male, female), as no participants in our study identified as non-
binary or did not respond.

All reported correlations are statistically corrected for head 
motion (partial Spearman correlation). Our sample contained 
80 females and 45 males, so the correlations reported below 
are not balanced by sex. Given the reduced sample size and 
therefore statistical power, mediation models were not com-
puted for sex subsamples. First, we assessed whether white 
matter integrity for each Factor score differed by sex. Then, 
we split the sample into males and females and repeated the 
above analyses.

FIGURE 1    |    Results of the PCA. Midline FA factor 1, inferior–superior FA factor 2, and hindbrain FA factor 3. Only regions with the highest load-
ings are visualized (greater than 0.30). The color scale represents the strength of the factor loadings for a particular brain region in the JHU ICBM-
DTI-81 white-matter labels Atlas, with the dark blue indicating factor loadings of 0.3 and the light green indicating factor loadings of 0.4 or greater. 
Hence, the brightest, lightest green regions indicate the white matter region with the largest factor loading for the three PCA factors.

TABLE 3    |    Correlations between FA factors and nonbrain variables.

Age Fitness Interaction

Midline FA factor 1 −0.39* 0.14 0.18

Inferior–superior FA 
factor 2

−0.17+ 0.16 0.16

Hindbrain FA factor 3 −0.07 0.24* 0.12

Note: +p < 0.1, *p < 0.05, Significance denotation is after correction for multiple 
comparisons.
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3   |   Results

3.1   |   Correlational Analyses

Given the primary interest in assessing the independent effects 
of age and fitness on white matter integrity, we began by as-
sessing correlations between these variables on the PCA factors 
we derived. Correlations are summarized in Table  3. As a re-
minder, all correlations with PCA factors are corrected for head 
motion and sex (and therefore have N − 4 degrees of freedom). 
Correlations were corrected for multiple comparisons within 

each “non-brain” variable (i.e., Age, Fitness, Interaction) using 
Holm's method. Age was significantly correlated with midline 
FA factor 1, rho(121) = −0.39, p = 0.027, indicating that as in-
dividuals get older, FA is reduced in the corpus callosum and 
fornix, among others. Age was not significantly related to infe-
rior–superior FA factor 2, rho(121) = −0.17, p = 0.09, and hind-
brain FA factor 3, rho(121) = −0.07, p = 0.47. Fitness, which is 
orthogonal to age, on the other hand, was significantly related 
to hindbrain FA factor 3, rho(121) = 0.24, p = 0.03, indicating 
that FA in deep brainstem regions—some of which connect 
the cortex with other regions such as the cerebellum and the 

FIGURE 2    |    Interaction between age and fitness on midline FA factor 1. Red dots indicate individuals with high fitness and their corresponding 
trendline in red. Blue dots are those with low fitness and their corresponding trendline in dashed-blue. As a reminder, fitness was median split within 
three age ranges: 25–40, 41–55, and 56–72. Generally, individuals with higher fitness show a slower rate of change in their midline FA captured in 
factor 1 compared to those with lower levels of fitness and this effect was statistically reliable after age 55.
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FIGURE 3    |    Bilinear analysis of midline FA factor 1 across the adult lifespan. The slopes of the 2 regression lines are significantly different from 
one another before/after age 64, indicated by the large black dot. The dashed lines indicate a 95% bootstrapped confidence interval about the break-
point of 64.
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spinal cord—increases with increasing CRF levels. Fitness was 
not significantly related to midline FA factor 1, rho(121) = 0.14, 
p = 0.14, and inferior–superior FA factor 2, rho(121) = 0.16, 
p = 0.14. Finally, the interaction between aging and fitness was 
significantly related to midline FA factor 1 only prior to multiple 
comparisons correction, rho(120) = 0.18, p = 0.04, but not after 
(p = 0.12). Although this effect was marginal, the theoretical im-
plications of this interaction would support a moderating effect 
of fitness on age-related changes in white matter integrity, lead-
ing us to probe it further. These results were largely replicated 
in the PCA analysis in Supporting Information in which only 
participants with VO2max empirically measured were included, 
generally supporting our findings in the larger sample.

As visualized in Figure 2, higher fit individuals generally have 
a slower rate of change in white matter integrity compared to 
lower fit individuals, suggesting that fitness positively offsets 
the effect of aging in the white matter areas connecting the 
hemispheres. Computing the Johnson–Neyman interval (Bauer 
et  al.  2005; Esarey and Sumner  2018; Johnson and Fay  1950) 
using the interactions package in R (Long 2022) indicates that 
after the age of 55.37 years, the effect of fitness on age is signifi-
cant: lower fit individuals have a steeper slope than higher fit in-
dividuals beginning in middle-age and thereafter. Interestingly, 
age 55 is during the range in which vascular decline beings 
(pulse pressure increase, Izzo and Shykoff 2001) indicating that 
fitness may serve a protective role during this vulnerable period.

3.2   |   Piecewise Regression/Bilinear Analysis

To further understand the relationship between age and mid-
line FA factor 1, we computed a bilinear regression analysis in 
line with the prediction that FA would have non-linear relation-
ships with age, due to the middle-age acceleration in vascular 
problems (Najjar et  al.  2005; Sun  2015). The model identified 
a significant breakpoint at age 64.32 (SE = 2.42, p < 0.001, 95% 
CI [59.54, 69.12]), in which the regression lines before and after 
this age (β1 = −0.06, 95% CI [−0.09, −0.02], β2 = −0.44, 95% CI 
[−0.93, 0.05]) have significantly different slopes from one an-
other (Figure 3). However, do note that only the pre-breakpoint 
estimate β1 was significant, indicating only small changes in FA 
in these primarily midline regions up until mid-life. The post-
breakpoint slope, although clearly steeper, was nonsignificant, 
likely due to a smaller number of participants older than age 64. 
To ensure the stability of these results, we recomputed this anal-
ysis removing the two individuals with the lowest midline factor 
1 scores and the relationship was largely stable.9 This points to 
the need for further studies with a larger sample of adults older 
than 64. Importantly, the onset of accelerated vascular dysfunc-
tion is typically earlier than the breakpoint age reported for the 
FA-age slope, with increases in pulse pressure accelerating be-
tween 50 and 60 years (Izzo and Shykoff 2001). Using a Granger-
like causality logic, this may suggest that the acceleration of FA 
loss with age could be a delayed consequence of cerebrovascular 
decline.

Age did not have a bilinear relationship with the other two fac-
tors from the PCA. Although a breakpoint was identified be-
tween age and inferior–superior FA factor 2 at 34.09 years, it 
was not significant (SE = 4.84, p = 0.35, 95% CI [24.51, 43.68]) 

and neither were the pre- or post-breakpoint regression lines 
(β1 = −0.24, 95% CI [−0.57, 0.08], β2 = −0.0005, 95% CI [−0.05, 
0.05]). Similarly, a breakpoint was identified between age and 
hindbrain FA factor 3 at 26.77 years, but it was not significant 
(SE = 0.69, p = 0.94, 95% CI [25.41, 28.13]) and neither were the 
pre- or post-breakpoint regression lines (β1 = −2.07, 95% CI 
[−5.01, 0.87], β2 = 0.004, 95% CI[−0.031, 0.038]). The figures for 
these can be found in the Supporting Information (Figures S6 
and S7). These models indicate that only the midbrain FA factor 
1, strongly related to age, show bilinear relationships, and that 
the bilinear shape is likely related to the aging process itself.

3.3   |   Mediation Models

3.3.1   |   Age → Arterial Health → Midline FA Factor 1

Correlations between age, fitness, their interaction, sex, 
PReFx, and the three retained factors, were computed and are 
reported in Table  S1. As can be seen, PReFx was negatively 
correlated with age and positively correlated with fitness, as 
reported by previous studies. However, no significant cor-
relations with the PCA factors were apparent. Therefore, only 
PTT was used as an estimate of cerebral arterial stiffness for 
the mediation models.

To complement the prior analyses, we conducted several sim-
ple mediation path analyses to test the hypothesized relation-
ships between age or fitness, arterial health (cerebrally derived 
pulse transit time, or peripherally derived pulse pressure), and 
white matter integrity (midline and hindbrain FA in factors 1 
and 3). As a reminder, 112 participants from the full sample had 
complete optical data. Mediation models were only conducted 

FIGURE 4    |    Mediation model of age on midline FA factor 1 via cere-
bral arterial health measured with pulse transit time. Head motion and 
Sex are covariates, as indicated by the dashed gray lines. The indirect 
effect is significant, as indicated by a bootstrapped 95% confidence in-
terval that does not include zero. Standardized coefficients are reported. 
*p < 0.05, **p < 0.01, ***p < 0.001.

Age

Cerebral Arterial Health
(Pulse Transit Time)

Midline FA
(Factor 1)

Total effect (c) = -0.35***
-0.29***

Indirect effect (a × b) = -0.06 [-0.13 -0.01]

Head
Motion

(FD.mean)

Sex
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between the significant relationships found in the correlational 
analyses. First, we tested the indirect effect of age on midline 
FA factor 1 via pulse transit time (n = 110, Figure 4). Based on 
a bias-corrected bootstrapped 95% confidence interval, the in-
direct effect (a × b) was significant, suggesting that age-related 
declines in fractional anisotropy in regions such as the corpus 
callosum and fornix are partially explained by cerebral arte-
rial health. This indicates that, although age is associated with 
declines in both FA and cerebral arterial health, having higher 
PTT (indicative of healthy/elastic arteries and a slower pulse 
wave velocity) may be at least partially protective against reduc-
tions in midline FA across the lifespan.

Briefly, when systemic pulse pressure is the mediator in the 
above model instead of the cerebral PTT, the indirect effect (a × 
b) is not significant (Figure S8). Despite the averaging of three 
blood pressure measurements, automatic digital sphygmoma-
nometers are susceptible to measurement error (Shahbabu 
et al. 2016). In addition, we assume that pulse pressure mea-
sured from the brachial artery will be less sensitive to cerebral 
arterial changes, potentially accounting for the lack of media-
tion. It should be noted, however, that if the same analysis was 

repeated without including head motion and sex as covariates, 
pulse pressure would mediate the relationship as in Model 1 
(Figure S4).

3.3.2   |   Fitness → Arterial Health → Hindbrain FA 
Factor 3

Next, we tested the indirect effect of fitness on hindbrain FA 
factor 3 via pulse transit time (n = 110, Figure  5). Based on 
a bias-corrected bootstrapped 95% confidence interval, the 
indirect effect (a × b) was significant, suggesting that the re-
lationship between improved fitness and preserved white mat-
ter integrity in brainstem regions is partially due to improved 
cerebral arterial health. Higher fitness levels are associated 
with greater PTTs (i.e., healthier/elastic arteries), which in 
turn are related to preserved white matter integrity, support-
ing the mediating role of the vasculature in the preservation 
of white matter. This relationship was evident irrespective of 
participant age.

Briefly, when systemic pulse pressure was used as a mediator in 
the above model, the indirect effect (a × b) was not significant 
(Figures S9 and S10). Again, although sex accounted for a large 
amount of variance in pulse pressure, pulse pressure was not a sig-
nificant mediator prior to including sex and head motion as covari-
ates (Figure S5). This suggests that although the deep brainstem 
tracts are positively influenced by higher levels of CRF, systemic 
measures of arterial health do not account for substantial variance 
in this relationship. It may be that systemic measures of arterial 
health are not sensitive to such deep white matter tracts, whereas 
cerebral measures (Pulse-DOT) are.

3.4   |   Sex Analyses

As a reminder, all correlations reported are corrected for head 
motion (partial Spearman correlation with N − 3 degrees of 
freedom). Given the reduced sample size and therefore statis-
tical power, mediation models were not computed for the sex 
subsamples.

3.4.1   |   Relationship Between Sex and FA Factors

First, we assessed the relationships between sex and the FA PCA 
factors. Sex was significantly related to midline FA factor 1 such 
that there was greater FA in females in the corpus callosum/
fornix, primarily, compared to men, rho(122) = −0.27, p > 0.01. 

FIGURE 5    |    Mediation model of fitness on hindbrain FA factor 3 via 
cerebral arterial health measured with pulse transit time. Head mo-
tion and sex are covariates, as indicated by the dashed gray lines. The 
indirect effect is significant. Standardized coefficients are reported. 
*p > 0.05, **p > 0.01, ***p > 0.001.

Fitness

Cerebral Arterial Health
(Pulse Transit Time)

Hindbrain FA
(Factor 3)

Total effect (c) = 0.20*

Indirect effect (a × b) = 0.06 [0.01 0.15]

Head
Motion

(FD.mean)

Sex

TABLE 4    |    Correlations of factors in females and males.

Females (n = 80) Males (n = 45)

Age Fitness Interaction Age Fitness Interaction

Midline FA factor 1 −0.35* 0.15 0.16 −0.45** 0.10 0.16

Inferior–superior FA factor 2 −0.18 0.19 0.13 −0.22 0.15 0.17

Hindbrain FA factor 3 −0.06 0.23 0.06 −0.13 0.29 0.17

Note: p-values are corrected for multiple comparisons using Holm's method, *p < 0.05, **p < 0.01.



13 of 21

Sex was also significantly related to inferior–superior FA factor 
2, such that there was greater FA in males in regions such as 
the superior and inferior corona radiata compared to females, 
rho(122) = 0.17, p = 0.05. Sex and hindbrain FA factor 3 were not 
related meaningfully, rho(122) = −0.08, p = 0.38, indicating that 
FA in the deep brainstem tracts does not vary by sex.

3.4.2   |   Age, Fitness, and Their Interaction With Sex

Next, we assessed the correlations reported for the full sample in 
Section 3.1 in females and males separately (Table 4). Although 
fitness was orthogonalized based on participant age, fitness was 
well balanced in females (low fit = 41, high fit = 39) and fairly 
well balanced in males (low fit = 20, high fit = 25). In line with 
the full sample correlations, age was significantly related to 
midline FA factor 1 in females, rho(77) = −0.35, p < 0.05, and in 
men, rho(42) = −0.45, p < 0.01. Prior to correction for multiple 
comparisons fitness was positively associated with hindbrain 
FA factor 3 in females [rho(77) = 0.23, p = 0.04], but not after, 
(p = 0.12), and marginally related in males before correction 
[rho(42) = −0.29, p = 0.06], but not after (p = 0.18). Given the 
smaller sample size in men, this is in line with the full sample 
correlations. The interaction between age and fitness was not 
significantly correlated with any FA factor in females or men. 
No other correlations were significant in the sex subsamples. 
Taken together, these results indicate that the pattern of effects 
between age and white matter integrity across the brain impacts 
females and males similarly and that the fitness effects are not 
as strong as the age effects.

3.4.3   |   Exploratory Sex Analyses

Given that the magnitude of the correlation between age and 
midline FA factor 1 in males was greater than the effect in 

females, we sought to understand whether there was an inter-
action between age and sex for this variable (Figure  6). The 
interaction itself was marginally significant (p = 0.065); com-
puting the Johnson–Neyman interval (Johnson and Fay 1950) 
indicates that above the age of 42.21 years, the effect of sex on 
age is significant: males have a steeper slope than females after 
this age.

4   |   Discussion

Our data from a cross-sectional sample covering most of the 
adult lifespan suggest that age and estimated cardiorespira-
tory fitness differentially impact white matter integrity across 
the brain, and that cerebrovascular health acts as a mediator in 
these relationships. Fractional anisotropy in the fornix and cor-
pus callosum, as well as other regions such as the cingulum of 
the cingulate gyrus (midline FA factor 1), was inversely related 
with age: decreased integrity with increasing age. However, this 
relationship was bilinear in nature, with accelerated integrity 
declines after age 64. Fractional anisotropy in deep brainstem 
regions, including the cerebellar peduncle, corticospinal tract, 
and medial lemniscus (hindbrain FA factor 3), was uniquely cor-
related with estimated fitness, such that higher fit individuals, 
irrespective of their age, had more preserved white matter integ-
rity in these regions. These two effects were similar in females 
and males, although age-related white matter decline was larger 
in males. Perhaps most interestingly, age and estimated fitness 
had an interactive effect on regions such as the fornix and cor-
pus callosum (midline FA factor 1), such that age-related reduc-
tions in white matter integrity were less pronounced in higher 
fit compared to lower fit individuals. Cerebrovascular health 
partially mediated the relationship between age and white mat-
ter integrity, and between estimated fitness and white matter in-
tegrity, highlighting the importance of vascular phenomena on 
neuroanatomical outcomes.

FIGURE 6    |    Marginally significant interaction between age and sex on midline FA factor 1. Red dots indicate females and their corresponding 
dashed red trendline. Blue dots indicate males and their corresponding solid blue trendline. Generally, females show a slower rate of change in their 
midline FA captured in factor 1 compared to men, across the lifespan.
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These findings indicate a complex interplay of aging and es-
timated fitness on white matter health. White matter health 
appears to strongly depend on the health of the cerebrovas-
cular system in the brain (here investigated using measures 
of the cerebral arterial optical pulse, pulse-DOT). This is 
due to a cascade of cellular, inflammatory, and toxic factors 
that accompany the loss of perfusion of the white matter, 
leading to ischemic susceptibility and impaired myelination 
(for extended reviews of potential mechanisms see Joutel 
and Chabriat  2017; Zimmerman et  al.  2021). Both age and 
estimated fitness affect cerebrovascular health, although 
in opposite directions. As such, maintaining a good level of 
cardiorespiratory fitness may protect against the negative 
effects of aging. This could happen directly, as the results of 
this study suggest that estimated fitness is uniquely associated 
with healthier white matter motor tracts connecting cortical 
and subcortical or spinal regions. The effects of cardiorespi-
ratory fitness could also be indirectly beneficial, by promot-
ing general bodily health, through stress reduction and other 
known beneficial effects that were not investigated in this 
study (Mücke et al. 2018; Sharkey and Gaskill 2013).

The primary aim of this study concerned identifying which 
regions of the white matter, if any, were independently related 
to aging compared to an estimated cardiorespiratory fitness 
index. Because people's fitness tends to decrease as they age, 
we sought to eliminate this inherent correlational confound. 
By orthogonalizing age and fitness in conjunction with the 
use of principal component analysis to group white matter 
ROIs into factors, we found that age was strongly related to 
FA in the fornix and corpus callosum (midline FA factor 1), 
but this age effect interacted with estimated fitness. These 
data do not support a unique effect of age on these midline 
white matter regions, but rather that these regions are sensi-
tive to cardiorespiratory fitness in older adults. Indeed, after 
age 55, estimated fitness appears to influence white matter 
integrity to a greater extent than before, with a smaller ef-
fect of age. In other words, higher fit older adults tend to ex-
perience smaller reductions in FA. These results are in line 
with research indicating that (a) white matter integrity in the 
corpus callosum declines with age (i.e., Lebel et al. 2012; Ota 
et al. 2006; Pfefferbaum et al. 2006), and (b) that the integrity 
of the corpus callosum is positively correlated with fitness and 
physical activity (Hayes et al. 2015; Johnson et al. 2012; Kim 
et  al.  2020; Liu et  al.  2012; Mendez Colmenares et  al.  2021; 
Oberlin et  al.  2016; Opel et  al.  2019; Strömmer et  al.  2020; 
Tarumi et  al.  2021), as is the fornix (Burzynska et  al.  2017; 
Oberlin et  al.  2016; Smith et  al.  2016; Tarumi et  al.  2021). 
These results also extend previous work by showing that es-
timated cardiorespiratory fitness does not universally impact 
white matter integrity across the lifespan; instead, the ben-
eficial effects of fitness emerge in middle age (see Johnson 
et  al.  2020, for convergent findings when measuring white 
matter hyperintensity volume). It should be noted that esti-
mated fitness alone was not related to white matter integrity 
in the fornix and corpus callosum. Instead, the distinct inter-
action of estimated fitness and age was related to integrity in 
these regions. This is in line with previous findings from lon-
gitudinal work indicating that older individuals who undergo 
a fitness regimen generally see improved FA in these regions 
(Burzynska et al. 2017; Mendez Colmenares et al. 2021; Voss 

et al. 2013; but see Clark et al. 2019 for null effects), but that 
fitness interventions in younger adults do not yield such FA 
improvements (Lehmann et al. 2020). It may also explain the 
null findings from Predovan et  al.  (2021) in which a fitness 
intervention did not yield significant improvements in FA in 
adults across the lifespan. Given that fitness seems to impact 
white matter integrity differentially across adulthood, analyz-
ing all ages together or all regions together (global FA) may 
not detect fitness effects.

It is important to note that our estimated fitness index was 
uniquely related to white matter integrity in the brainstem and 
cerebellum, particularly the cerebellar peduncle, corticospinal 
tract, and medial lemniscus (hindbrain FA factor 3), irrespective 
of participant's age. These findings support a small collection of 
studies reporting similar results in very large samples (> 800) of 
45-year-olds (d'Arbeloff et al. 2021) and younger adults (Callow 
et al. 2022; Opel et al. 2019). Given that these white matter re-
gions connect the cerebrum, brainstem, cerebellum, and spinal 
cord to coordinate bodily movements, it is not surprising that in-
dividuals who are higher fit may spend more time coordinating 
and planning movements, regardless of their age. At face value, 
this finding seems to support a unique effect of fitness—having 
improved fitness presumably may be associated to greater motor 
activity and therefore relate to improved white matter integrity 
in tracts involved in motor function, consistent with a use-it-or-
lose-it logic and with animal studies on experience-dependent 
information storage (e.g., Greenough et  al.  1987; Grossman 
et al. 2003).

According to cascade models of neurocognitive aging (e.g., 
Kong et al. 2020; Villeneuve and Jagust 2015), changes in the 
(cerebro)vascular system may have direct impact on brain 
structure, particularly beginning in middle age. In this study, 
we leveraged pulse-DOT to quantify cerebrovascular health 
and used this metric, along with peripherally derived pulse 
pressure, as mediators in the aforementioned relationships. 
Arterial health measured cerebrally with PTT mediated the 
relationship between age and white matter integrity in the 
fornix and corpus callosum (midline FA factor 1). Critically, 
this association had not been tested with cerebral measures, 
although Hoagey et  al.  (2021) identified blood pressure as a 
mediator between age, white matter integrity and cognition 
and Fuhrmann et  al.  (2019) found that both blood pressure 
and age contributed to white matter integrity in most white 
matter tracts using complex structural equation models. We 
found that as age increases, arterial health declines, resulting 
in decreased FA, which is in line with Hoagey et al.'s  (2021) 
model using peripheral arterial measurements. The health of 
the white matter in these regions was related to age via the 
cerebral vasculature, suggesting that age-related declines in 
the corpus callosum and fornix (midline FA factor 1) may have 
vascular antecedents.

Additionally, cerebral arterial health indexed by PTT medi-
ated the relationship between increased estimated fitness and 
improved white matter integrity in the brainstem regions, in-
dicating that cerebrovascular health accounts for a substantial 
proportion of the variance in the estimated fitness and FA re-
lationship. This effect was evident irrespective of participant's 
age, suggesting that having higher levels of estimated fitness 
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benefits brainstem white matter across the adult lifespan. It also 
supports an indirect effect of estimated fitness on white matter, 
whereby engaging in physical activity results in healthier arter-
ies, thereby preserving the brainstem white matter. To the best 
of our knowledge, this effect has not been previously reported.

Together, these mediation models suggest a critical role of cere-
brovascular health in brain aging and estimated fitness effects 
on white matter integrity in which cerebrovascular health par-
tially explains the negative effect of age and the positive effect 
of fitness on white matter integrity. This supports previous ev-
idence indicating that cerebrovascular health mediates the re-
lationship between age and white matter signal abnormalities 
(Tan et al. 2019) and that fitness mediates the relationship be-
tween age and cerebral blood flow (Zimmerman et al. 2014), the 
latter implicitly suggesting a vascular component. Similar mod-
els are in line with the cascade model of neurocognitive aging 
indicating that white matter integrity mediates the relationship 
between fitness (Oberlin et  al.  2016), systolic blood pressure 
(Acosta et  al.  2023), or arterial pulsatility (Conley et  al.  2020) 
and cognitive performance (see also Bowie et al. 2024). In these, 
vasculature impacts tissue health, similarly to the current find-
ings, which then has downstream impacts on cognition.

Unexpectedly, we found no significant relationships between 
PReFx and the FA factors. Initially, this seems to suggest that 
arterial stiffening in large arteries may impact FA more than 
cerebral small vessel disease (see Bowie et al. 2024). However, 
such inference would be based on accepting the null hypothesis, 
which may not have sufficient power. Additional work is needed 
to further explore the possible dissociation between PReFx and 
PTT measures of arterial status.

A secondary set of analyses explored how these relationships 
varied based on self-reported sex. The correlational findings are 
replicated in each sex, indicating that males and females have 
roughly similar trajectories between age, estimated fitness, and 
white matter integrity. Males tend to fare slightly worse across 
the lifespan in regions such as the fornix and corpus callosum 
(midline FA factor 1). This may be due to the vasoprotective 
effects of estrogen, specifically estradiol that females have up 
until menopause (Gilligan et  al.  1994; Hurn et  al.  1995; Rossi 
et al. 2011). We did not have sufficient power to test mediation 
models separately in these groups; this should be explored in fu-
ture studies.

Two methodological choices made in the current study should 
be noted. First, the use of principal components analysis in 
conjunction with white matter FA ROIs has not been utilized 
extensively (but see Fletcher et  al.  (2016) for a complemen-
tary gray matter study and Johnson et  al.  (2014) for a related 
approach). PCA proved useful to reduce the dimensionality of 
FA data and group similar regions together. Second, we quanti-
fied framewise displacement, a measure of head motion in the 
scanner (Power 2014; Power et al. 2012) and assessed its rela-
tion to our variables of interest. In fMRI studies, age is known 
to be strongly correlated with head motion (Geerligs et al. 2017; 
Saccà et  al.  2021) and samples including older adults require 
stricter criteria when doing resting-state functional connectivity 
analysis (Kong et  al.  2020; Gratton et  al.  2020). However, the 
effect of head motion on dwMRI metrics has been studied less 

extensively (but see, Hoinkiss and Porter (2022) and Kreilkamp 
et  al.  (2016)), and may be a potential confound. In our study, 
although head motion was correlated with age and some PCA 
factors, our correlations of interest remained reliable even after 
correcting for head-motion. Future work in aging samples 
should take care to quantify head motion and assess its impact 
on dwMRI outcomes.

4.1   |   Limitations and Future Directions

We used an estimated fitness index to quantify cardiorespira-
tory fitness, rather than the gold-standard VO2max derived from 
graded exercise test, which may limit the results. To address 
this, we conducted an analysis of a subsample of participants 
in this study who had VO2max and replicated most findings in 
a smaller, age-restricted sample (PCA analysis in Supporting 
Information). Nonetheless, recent work by Harber et al. (2024) 
argued that equation-derived estimates of fitness are reason-
ably accurate, but their validation is needed as the application of 
exercise testing is particularly challenging in large community 
samples.

We also modified the estimated CRF formula in order to combine 
and analyze fitness effects of men and women but acknowledge 
that such a modification may oversimplify or obscure biologi-
cally relevant differences between the sexes (e.g., lung capacity, 
muscle mass, hemoglobin levels) that influence VO2max. The 
logic behind removing the differential sex weighting from the 
eCRF formula focuses on the protective role of eCRF on brain 
health. Namely, cardiovascular problems and arteriosclerosis 
in individuals below age 70 (examined here) are notoriously 
more prevalent in men than in women (Gao et al. 2019). This 
strongly suggests that cardiopulmonary fitness (as measured 
using VO2max and modeled by the unmodified eCRF) may not 
be the same as cardiovascular fitness. In other words, although 
men may have higher cardiorespiratory fitness scores because 
of their greater lung capacity, muscle mass, and so forth, they 
are in fact more prone to vascular problems than women, who 
have lower eCRF and VO2max values. And so, without modi-
fying the eCRF formula, the data would suggest that highly 
fit older men should be more protected from cardio- and cere-
brovascular disease as they should inherently be more fit than 
age-matched women. To avoid these issues when studying the 
impact of fitness on aging brain health, the eCRF formula was 
modified (similar to regressing out sex-effects from VO2max in 
similar studies.) Importantly, we also used sex as a covariate in 
our modeling approaches and examined the main findings for 
each sex separately.

To extend this work, several improvements could be imple-
mented and new avenues explored. While we report here on the 
widely used diffusion tensor metrics, more sophisticated mod-
eling procedures now yield complementary metrics that aim 
to better reflect specific aspects of biophysical reality in white 
matter (i.e., metrics from model-free generalized q-space im-
aging using orientation distribution functions (Yeh et al. 2010); 
multi-shell multi-tissue constrained spherical deconvolution 
(Jeurissen et al. 2014); Neurite Orientation Dispersion Density 
Imaging (NODDI, Kamiya et al. 2020; Zhang et al. 2012)). These 
newer methods use b-value-specific information about diffusion 
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signal in different tissues (Jeurissen et al. 2014) and attempt to 
explicitly model diffusion in different compartments—intra-
cellular (axons and dendrites), glia (cell bodies, glial cell, ECM, 
vasculature), and extracellular isotropic diffusion (free water). 
With sufficiently sophisticated diffusion weighted imaging ac-
quisitions, these methods provide information that can tease 
apart changes seen in FA and other diffusion tensor metrics 
(Burzynska et  al.  2024). Leveraging these models to perform 
streamline tractography and tractometry could provide further 
validation of our findings with higher spatial specificity (Kruper 
et al. 2021; Neher et al. 2024).

Nonetheless, our study is well-situated within the large body 
of work on aging, white matter integrity, and physical activity 
using tensor-based metrics (see Maleki et al. 2022 for review). 
In addition, we have shown that the relationship between age 
and white matter integrity is bilinear in nature. However, the 
mediation models are based on linear relationships. As such, 
the age-related mediation models reported here likely underes-
timate the true effects. To our knowledge, no methods exist to 
include bilinear relationships in mediation models, and so we 
acknowledge the limitations of the current approach.

In line with cascade models of neurocognitive aging (e.g., Kong 
et al. 2020), a logical next step is exploration of how fitness and 
cerebrovascular health's impact on white matter integrity may 
be associated with changes in cognitive outcomes, as some have 
done with white matter macrostructural data (Bowie et al. 2024; 
Breteler et  al.  1994; Mace et  al.  2021; Song et  al.  2020; Tan 
et al. 2019). Leveraging regional, rather than global, measures 
of cerebrovascular health using pulse-DOT could be beneficial 
identifying if vascular issues in certain brain areas are more 
strongly associated with aging or fitness effects than in other 
areas; and also to quantify arterial health indices in water-
shed regions, which are particularly sensitive to vascular insult 
(Momjian-Mayor and Baron 2005; Torvik 1984); and how these 
may impact white matter integrity.

5   |   Conclusions

We have demonstrated that age and estimated cardiorespiratory 
fitness have nonoverlapping effects on particular white matter 
regions. Aging was strongly related to loss of white matter in-
tegrity in midline regions, such as the fornix and corpus callo-
sum (midline FA factor 1), but this relationship was bilinear in 
nature with greater tissue integrity loss after age 64. This rela-
tionship interacted with our estimated fitness index, however, 
such that higher fit individuals, after age 55, showed slower rate 
of white matter decline. Estimated fitness, on the other hand, 
was uniquely related to preserved white matter integrity in deep 
regions that connect the brainstem and cerebellum to the thala-
mus and cortex (hindbrain FA factor 3), regardless of participant 
age. These relationships bore out similarly in females and males, 
with males exhibiting somewhat steeper age-related declines. 
Cerebrovascular health mediated both relationships between 
age or estimated fitness and white matter integrity, indicating 
that the effects of age and the effects of estimated fitness are 
partially explained by arterial health status. This finding under-
scores the importance of studying the brain within the context 

of the body, particularly in aging samples, in which vascular ef-
fects are known to occur and supports a cascade model of neu-
rocognitive aging.
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Endnotes

	1	Study 1: NIA grant R01AG059878; Study 2: NIA grant RF1AG062666.

	2	In the subsample of participants in our study who have both VO2max 
and eCRF, the correlation is: r(62) = 0.687, p < 0.0001, which is in line 
with previously published literature.

	3	Participants are asked to choose one category out of 5 that best de-
scribes their daily pattern of activity. The response is weighted from 0 
to 3.03 (Jurca et al. 2005).

	4	In three cases, preprocessing failed for participants whose MPRAGE 
images included their entire necks as well as their heads. To remedy 
this, the images were snipped down to include only the head using the 
robustfov function in FSLeyes and the preprocessing workflow was 
re-run.

	5	tbss_1_preproc *.nii.gz/tbss_2_reg -T/tbss_3_postreg -S/tbss_4_
prestats 0.2.

	6	Cerebral arterial elasticity measures were compared in age-matched 
participants from Study 1 and Study 2 using Welch's two sample 
unequal variance t-tests. All metrics were not significantly differ-
ent between the two studies, PTT (t(25.93) = 1.732, p = 0.095), PreFx 
(t(24.52) = 1.065, p = 0.2974).

	7	We reduced the filtering compared to previous published work, be-
cause the estimated PTT may be artificially lengthened by heavier fil-
tering (e.g., 5 Hz).

	8	The fourth factor's eigenvalue was equal to 1 which violates the Kaiser 
rule, which states that factors less than or equal to 1 should not be 
retained for further analysis.

	9	A breakpoint at age 64.29 (SE = 2.42, p < 0.208, 95% CI [55.81, 72.78]) 
was identified, but the breakpoint was not significant. Qualitatively, 
the regression lines before and after this age (β1 = −0.06, 95% CI 
[−0.09, −0.3], β2 = −0.26, 95% CI [−0.74, 0.21]) are different, but do not 
have statistically significantly different slopes from one another.
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