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Abstract
White matter hyperintensities (WMHs) are associated with age-related cognitive impairment and increased risk of Alzhei-
mer’s disease. However, the manner by which WMHs contribute to cognitive impairment is unclear. Using a combination 
of predictive modeling and network neuroscience, we investigated the relationship between structural white matter con-
nectivity and age, fluid cognition, and WMHs in 68 healthy adults (18–78 years). Consistent with previous work, WMHs 
were increased in older adults and exhibited a strong negative association with fluid cognition. Extending previous work, 
using predictive modeling, we demonstrated that age, WMHs, and fluid cognition were jointly associated with widespread 
alterations in structural connectivity. Subcortical-cortical connections between the thalamus/basal ganglia and frontal and 
parietal regions of the default mode and frontoparietal networks were most prominent. At the network level, both age and 
WMHs were negatively associated with network density and communicability, and positively associated with modularity. 
Spatially, WMHs were most prominent in arterial zones served by the middle cerebral artery and associated lenticulostriate 
branches that supply subcortical regions. Finally, WMHs overlapped with all major white matter tracts, most prominently 
in tracts that facilitate subcortical-cortical communication and are implicated in fluid cognition, including the anterior 
thalamic-radiations and forceps minor. Finally, results of mediation analyses suggest that whole-brain WMH load influences 
age-related decline in fluid cognition. Thus, across multiple levels of analysis, we showed that WMHs were increased in older 
adults and associated with altered structural white matter connectivity and network topology involving subcortical-cortical 
pathways critical for fluid cognition.

Keywords  Cerebrovascular · Subcortical · Structural disconnection · Graph theory

In magnetic resonance imaging (MRI) of the brain, images 
obtained with a fluid attenuated inversion recovery (FLAIR) 
sequence often exhibit bright patches. These patches are 
referred to as hyperintensities and represent fluid-filled 
pockets of white matter that are the result of cerebrovas-
cular insufficiency (Hachinski et al., 1987; Kertesz et al., 
1988; Valdés Hernández et al., 2014; Young et al., 2008). 
It is thought that these insufficiencies cause restricted blood 
flow in small vessels (e.g., perforating arteries, arterioles, 
venules, and capillaries), which contributes to the lesion-
ing of insulated bundles of white matter fibers. This in turn 
reduces the speed and efficiency of transfer of neural infor-
mation between brain regions (Li et al., 2018). White matter 
hyperintensities (WMHs) can be classified into either perive-
ntricular (pvWMH) or deep white matter (dWMH) based 
on their size, continuity, and proximity to the lateral ven-
tricles (Caligiuri et al., 2015; Frey et al., 2019; Kim et al., 
2008). Global WMH volume increases with age (Bennett 
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& Madden, 2014; Madden et al., 2017; Raz et al., 2012; 
Salat, 2011) and has a negative impact on the structural 
integrity of individual white matter pathways (Bennett & 
Madden, 2014; Boots et al., 2019; Frey et al., 2019; Quandt 
et al., 2020; Taylor et al., 2017). In particular, pvWMHs 
are linked to the degradation of multiple prominent white 
matter tracts, including the anterior thalamic radiations, 
forceps minor, and superior longitudinal fasciculi (Acharya 
et al., 2019; Biesbroek et al., 2013, 2017; Jiang, Paradise 
et al., 2018; Wen & Sachdev, 2004). That is, while WMHs 
themselves may be localized, research suggests that WMHs 
may exert their influence in a distributed fashion and are 
not constrained by proximity to the site of lesion (DeCarli 
et al., 1995; Liu et al., 2021; Madden et al., 2017; Wen & 
Sachdev, 2004).

Age-related changes in brain structure and function, 
including alterations in brain vasculature, contribute to a 
decline in speed-dependent (fluid) cognitive abilities involv-
ing updating, organizing, and comparing information in 
working memory (Brugulat-Serrat et al., 2020a, 2020b; 
Hedden et al., 2016; Jung et al., 2021; Peng et al., 2018; 
Raz et al., 2012; Shi & Wardlaw, 2016). Fluid cognition is 
more vulnerable to age-related decline than more knowl-
edge-dependent (crystallized) abilities, such as vocabulary 
(Craik & Bialystok, 2006; Salthouse, 1996, 2011b). White 
matter hyperintensities have been linked to poorer cogni-
tive performance on measures of attention (Gunning-Dixon 
& Raz, 2003; Lockhart et al., 2014, 2015), executive func-
tioning (Birdsill et al., 2014; de Groot et al., 2001; DeCarli 
et al., 1995; Gunning-Dixon & Raz, 2003; Hoagey et al., 
2021), and, to a lesser extent, memory (Acharya et al., 2019; 
Brugulat-Serrat et al., 2020a, 2020b). One potential mecha-
nism linking WMHs to fluid cognition is their abundance 
within arterial zones served by the middle cerebral artery 
and associated lenticulostriate branches that innervate sub-
cortical gray matter regions (Jiang et al., 2018a, 2018b; Wen 
& Sachdev, 2004). White matter pathways emerging from 
subcortical gray matter regions, including the basal ganglia 
and thalamus, have been implicated in fluid cognition (Fama 
& Sullivan, 2015; Kievit et al., 2016; Ystad et al., 2011) and 
facilitate both short- and long-range neural communication 
via cortico-basal-ganglia-thalamocortical systems (Alexan-
der et al., 1986; Pessoa, 2018).

It is increasingly appreciated that the brain’s resilience 
to pathology lies in the distributed nature of processing, 
whereby any given pair of regions can be connected by a 
multitude of pathways (e.g., redundancy). Likewise, cog-
nitive dysfunction is increasingly being characterized in 
terms of disrupted patterns in both structural (white mat-
ter) and functional brain connectivity (Baronchelli et al., 
2013; Bressler & Tognoli, 2006; Mill et al., 2017; Reuter-
Lorenz & Park, 2014; Sporns, 2014). Recent studies provide 
evidence that the presence and abundance of WMHs may 

underlie changes in structural connectivity that contribute to 
increased disconnection across distributed brain regions in 
aging (Bennett & Madden, 2014; Langen et al., 2017, 2018; 
Li et al., 2021; Madden et al., 2017; Thiebaut de Schotten 
et al., 2020). Specifically, Langen & colleagues (2018) found 
stronger associations between poorer cognitive function-
ing and altered structural connectivity based on diffusion-
weighted imaging (DWI) between regions whose connecting 
streamlines passed through voxels classified as WMHs (e.g., 
the disconnectome) on T2-weighted FLAIR images (Lan-
gen et al., 2018). Furthermore, Li & colleagues (2021) used 
a novel virtual lesioning approach to simulate the impact 
of pvWMHs, defined by thresholding patterns of hypoper-
fusion on cerebral blood flow maps obtained via Arterial 
Spin Labelling MRI, on DWI-based structural connectivity 
(e.g., the predicted disconnectome; Li et al., 2021). In two 
separate cohorts (ages 43–56 and 59–88), Li & colleagues 
showed that the severity of ischemic pvWMHs were associ-
ated with reductions in structural connectivity at the group 
level. Assessing WMH-related disconnection, irrespective of 
methodological differences, these two novel studies found 
that subcortical regions were among the most susceptible to 
the presence of WMHs. Finally, at the network level, WMHs 
have most commonly been associated with decreased effi-
ciency of information transfer in structural networks based 
on DWI-based imaging (Boot et al., 2020; Chen et al., 2019; 
Tuladhar et al., 2016; Yang et al., 2020).

Building on this foundational work, the present study 
sought to further assess the extent to which the location of 
WMH deposition relates to the age-related disruption of 
short- and long-range communication patterns in a sample 
of adults ages 18 − 78. Our primary goal was to characterize 
associations between chronological age, WMHs, cognition, 
and DWI-based structural connectivity without imposing 
external constraints on connectome construction, thus lev-
eraging our imaging data to the fullest extent possible. The 
present study combined predictive modeling and network-
based analyses to assess brain-wide associations between 
age, fluid cognition, WMHs, and structural connectivity 
derived by using DWI. We tested the hypothesis that struc-
tural connectivity decreased with age, particularly due to 
disruption of subcortical-cortical pathways, and that this was 
associated with the presence of WMHs. Furthermore, we 
hypothesized that these age-related differences in structural 
connectivity were associated with reduced fluid cognition.

Materials and methods

Participants

This research was conducted in accordance with the Code 
of Ethics of the World Medical Association (Declaration of 
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Helsinki) for experiments involving humans. The protocol 
was approved by the Duke University Institutional Review 
Board, and participants gave written informed consent at the 
start of the study. Behavioral and neuroimaging data were 
collected from 68 cognitively normal community-dwelling 
adults between 18 and 78 years of age. All participants 
reported that they possessed at least 12 years of education 
and completed a health questionnaire to assess significant 
health problems (Christensen et al., 1992). All participants 
reported being free from significant health problems (includ-
ing atherosclerosis, neurological, and psychiatric disorders). 
Individuals were excluded if they reported a significant his-
tory of stroke or cardiovascular disease, other than treated 
hypertension, or current medication for cardiovascular 
disease. Merenstein et al. (2023) report additional details 
regarding this sample and exclusion criteria. That manuscript 
reported fMRI activation data and did not report any of the 
WMH data, which are the focus of this report. Ages for the 
sample of 68 participants were distributed across younger 
(18–39 years; n = 28; M = 28.04; SD = 5.27), middle-aged 
(40–59 years; n = 20; M = 48.75; SD = 5.80), and older adult 
(60–78 years; n = 20; M = 69.15; SD = 4.61) cohorts. Age was 
treated as a continuous measure in all analyses. Characteris-
tics of the final sample are presented in Table 1.

Cognitive measures

Participants completed a cognitive battery of 12 neuropsy-
chological tests covering three domains: perceptual speed, 
executive function, and memory. Each domain included three 
computer-based tests of reaction time (RT), as described by 
Merenstein et al. (2023), and one test from the cognition 
section of the NIH Toolbox (Gershon et al., 2013). Tests 
for perceptual speed included (1) simple RT, pressing the 
space bar at the onset of a square; (2) choice RT for a left- or 
right-facing arrow; (3) choice RT for the displayed color of a 
non-color word; and (4) number correct in 85 s from the NIH 
Toolbox Pattern Comparison Test. Executive function tasks 
included (1) a digit-symbol coding task (Salthouse, 1992); 
(2) flanker task interference (incompatible RT divided by 
compatible RT); (3) Trails B minus Trails A (Reitan, 1992); 
and (4) the computed score on the NIH Toolbox Dimen-
sional Change Card Sort Test. Memory tasks included (1) 
the Wechsler Adult Intelligence Scale III (WAIS-III) logical 
memory subtest (Wechsler, 1997); (2) the California Verbal 
Learning Test delayed memory subtest (Delis et al., 2004); 
(3) a visual working memory task (Saults & Cowan, 2007); 
and (4) the computed score for the NIH Toolbox Picture 
Sequence Memory Test.

A factor-analytic approach was used to estimate gen-
eral domain-specific measures of perceptual speed, execu-
tive function, and memory (Hedden et al., 2012, 2016; 

Madden et al., 2017, 2020). From these estimates, a gen-
eral summary measure of fluid cognition was obtained by 
taking the first unrotated factor from the principal axis 
factor analysis, controlling for WAIS-III vocabulary and 
sex. Statistical analyses were conducted by using SAS 9.4 
(SAS Institute, Inc., Cary, NC) within the general linear 
model. Cognitive testing procedures and details regarding 
the factor analysis are provided in greater detail elsewhere 
(Madden et al., 2017, 2020). Secondary analyses indicated 
that, for these data, the individual cognitive domains of 
perceptual speed, executive function, and memory did not 
account for a significant portion of age-related variance, 
independently of their shared variance across the 12 tests. 
We therefore used an overall measure of general fluid cog-
nition (first factor of the 12 tests) as the primary cognitive 
variable in all primary analyses. In supplementary analy-
ses, we explored the relationship between age and WMH 
load with three individual measures selected from the NIH 
toolbox indexing the cognitive domains of executive func-
tion, memory, and perceptual speed as described above.

Table 1   Participant characteristics

Age was treated as a continuous measure in all analyses. Characteris-
tics of included participants (n = 68). MMSE = raw score on the Mini-
Mental State Exam (Folstein et al., 1975); Vocabulary = raw score on 
the vocabulary subtest of the Wechsler Adult Intelligence Scale III 
(Wechsler, 1997); BDI = total score on the Beck Depression Inven-
tory (Beck et al., 1961); Color Vision = score on Dvorine color plates 
(Dvorine, 1963); Visual Acuity = logarithm of the minimum angle of 
resolution (MAR) for the Freiburg Visual Acuity Test (Bach, 1996); 
Log MAR of 0 corresponds to Snellen 20/20, with negative values 
corresponding to better resolution. Thus, the positive correlation for 
acuity represents age-related decline in this measure. General Fluid 
Cognition = factor score for 12 reaction time and psychometric tests 
sampling the three cognitive domains of perceptual speed, execu-
tive function, and memory, with four tests per domain (see Cogni-
tive Measures). Perceptual Speed = factor score for reaction time and 
psychometric tests of perceptual speed. Executive Function = factor 
score for reaction time and psychometric tests of executive function. 
Memory = factor score for reaction time and psychometric tests of 
memory. Factor-score correlations with age are covaried for sex and 
WAIS vocabulary. *p < 0.05 (uncorrected), **p < 0.01 (uncorrected), 
***p < 0.001 (uncorrected)

M SD r with age

Education (years) 17.412 2.294 0.006
MMSE 29.588 0.604 0.004
Vocabulary 58.529 4.530  − 0.018
BDI 2.647 3.203 0.077
Color vision 13.875 0.476  − 0.252*
Visual acuity (log MAR)  − 0.009 0.085 0.355**
General fluid cognition† 0.0 0.969  − 0.859***
Perceptual speed† 0.0 0.947  − 0.808***
Executive function† 0.0 0.795  − 0.784***
Memory† 0.0 0.810  − 0.679***
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MRI data acquisition

Imaging data were collected on a 3T GE MR750 whole-
body 60 cm bore MRI scanner (GE Healthcare, Waukesha, 
WI) equipped with 50 mT/m gradients and a 200 T/m/s 
slew rate. The scanner possessed a 48-channel head coil 
that was used for radio frequency (RF) reception. Partici-
pants wore earplugs to reduce scanner noise, and foam 
pads were used to minimize head motion. Three-plane 
(straight axial/coronal/sagittal) localizer fast spin-echo 
images were acquired at the start of the scan to define 
the volume for data collection. Global field homogene-
ity was ensured using a semiautomated high-order shim-
ming program. Anatomical T1-weighted images included 
292 straight axial slices attained using a 3D fast inverse-
recovery-prepared spoiled gradient recalled (SPGR) 
sequence with repetition time (TR) = 2203.5 ms, echo time 
(TE) = 3.076 ms, inversion recovery time (TI) = 900 ms, 
field of view (FOV) = 240 mm × 240 mm, flip angle = 8°, 
voxel size = 0.47 × 0.47 × 0.5 mm, 512- × 512-mm acqui-
sition matrix, and a sensitivity encoding (SENSE) fac-
tor of 2, using the array spatial sensitivity encoding 
technique and extended dynamic range. T2-weighted 
DWI images were acquired with 232 contiguous slices 
with TR = 6300 ms, TE = 105 ms, FOV = 256 mm2, flip 
angle = 90, voxel size = 1 × 1 × 1.4 mm, 256 mm2 acquisi-
tion matrix, and a SENSE factor of 1. Slice orientation 
was axial oblique, parallel to the AC-PC plane. The DWI 
data consisted of 92 contiguous slices acquired along the 
AC-PC plane using dual-echo, spin-echo parallel EPI pulse 
sequence, with TR = 4894 ms, TE = 64.7 ms, FOV = 220 
mm2, flip angle = 90°, voxel size = 1.5 mm3, acquisition 
matrix size = 144 mm2, and SENSE acceleration factor 
of 1. The multishell DWI acquisition protocol collected 
90 diffusion-encoding directions, two b values (b-value 
1 = 1500 s/mm2; b-value 2 = 3000 s/mm2), and two high-
resolution nondiffusion-weighted b0 (0 s/mm2) shells. The 
scanning session also included one run of resting-state 
functional MRI, four runs of task-related functional MRI, 
and one run of susceptibility-weighted structural imaging 
that were not used in the current analyses and are thus not 
discussed here.

White matter hyperintensity classification 
and subcortical volume estimation

Global WMH volumes (i.e., including both pvWMH and 
dWMH) were calculated with the unidentified bright 
object (UBO) detector (Jiang et al., 2018a, 2018b), a fully 
automated machine-learning toolbox. High-resolution 
T1-weighted images were used to facilitate detection of 
WMHs. T1-weighted images were segmented into gray 
matter, white matter, and CSF tissue-types and registered 

to one of three age-specific templates: < 55 (used for par-
ticipants 18–55), 56–75 (used for participants 60–75), and 
70–80 years of age (used for participants aged ≥ 75 years) 
(Jiang et  al., 2018a, 2018b) using diffeomorphic ana-
tomical registration through exponentiated lie (DARTEL) 
space (Ashburner, 2007). In DARTEL space, nonbrain 
tissue was removed from the T1-weighted and FLAIR 
images before construction of gray matter, white mat-
ter, and CSF tissue probability maps using FMRIB’s 
automated segmentation tool (FAST) (Zhang et  al., 
2001). T2-weighted FLAIR images were coregistered to 
T1-weighted images. K-nearest neighbors (k-NN) cluster-
ing, a supervised machine-learning algorithm, was then 
used to classify white matter voxels that appear hyper-
intense on T2-weighted FLAIR images and hypointense 
on T1-weighted images (for a stepwise description of all 
pre- and post-processing steps; see Jiang et. al., 2018). A 
default setting of 12 mm from the lateral ventricles was 
used to further delineate periventricular from deep WMHs 
(Jiang et al., 2018a, 2018b). The probability, k, of classify-
ing voxels as WMH in reference to the provided training 
dataset was set at the recommended default k = 0.7 and 
k = 0.5. Multiple thresholds were assessed to ensure effects 
were not driven by the selected threshold. To assess detec-
tion of sparse punctate lesions in our normative sample, 
we also calculated WMHs at k = 0.5. To capture the total 
effects of WMH load on structural brain network topol-
ogy and communication capacity, we focused on global 
WMH for all primary analyses. However, we also esti-
mated and summarized pvWMH and dWMH separately 
(see Statistical Analyses). WMH load was further deline-
ated by arterial and tract-specific derivations to test our 
hypothesis that the relationship between increased WMHs 
and decreased connectivity of structural brain networks 
involves the disruption of subcortical-cortical pathways 
(see Supplementary Material and Fig. S1). As described 
by Jiang et al., (2018a, 2018b), the UBO toolbox applies 
both arterial and tract-specific masks to every individual’s 
whole-brain WMH map in DARTEL space. Arterial ter-
ritories were manually delineated on a single human brain 
imaged with computed tomography and MRI as described 
by Wen and Sachdev (2004; see Supplementary Methods 
for additional details).

DWI processing

We processed the DWI data with MRtrix3 (Tournier et al., 
2019), first resampling to an isotropic voxel size of 1 mm3, 
using the MRtrix3 mrgrid function. We then de-noised with 
MRtrix3 by using the function dwidenoise and preprocessed 
using the MRtrix3 dwifslpreproc function. Head motion, 
eddy currents, and susceptibility-induced distortions were 
corrected with FSL’s EDDY tool. Outlier estimation and 
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replacement were specified via the -repol option, and off-
resonance field distortions were corrected by applying FSL 
TOPUP (Andersson et al., 2003). Quality control reports 
were generated for all participants by specifying the FSL 
eddy_quad option (Bastiani et al., 2019). Total head motion 
estimates represent the average voxelwise displacement 
(mm) across volumes and are a summary of rotational and 
translational movement around the x, y, and z axes. Abso-
lute motion estimates (M = 0.475 mm; SD = 0.099) were 
calculated with respect to a reference frame (average b0 
image). Relative, or framewise motion estimates (M = 0.147; 
SD = 0.048), were calculated based on volume-to-volume 
movement. All motion estimates were well below those 
reported by Bastiani & colleagues (2019). The DWI bias-
field correction and intensity normalization were completed 
with the MRtrix3 functions dwibiascorrect and mtnormal-
ise respectively. Next, tissue-specific response functions for 
white matter, gray matter, and cerebrospinal fluid (CSF) 
were estimated via the dwi2response command and were 
used to generate fiber orientation distribution (FOD) maps. 
The FOD maps were constructed via the dwi2fod com-
mand by using multishell multitissue constrained spheri-
cal deconvolution using the mmst_csd algorithm (Tournier 
et al., 2012). Anatomically constrained tractography (ACT) 
was adopted to define the interface between white matter 
and gray matter. To generate the gray matter/white matter 
boundary used for seeding of streamlines, we registered the 
high-resolution anatomical T1 image to diffusion space for 
each individual and segmented the image into five tissue 
types: cortical gray matter, subcortical gray matter, white 
matter, CSF, and pathological tissue.

Structural white matter connectivity  Following seg-
mentation, we used probabilistic tractography to generate 
streamlines via the tckgen command. The -act and -backtrack 
options were specified to anatomically constrain the extent 
of streamline propagation and ensure proper termination of 
streamlines in the gray matter/white matter interface. This 
ensures the biological plausibility of generated streamlines 
across individuals. For each participant, 10 million stream-
lines were generated and iteratively filtered by a factor 
of 10 (Tournier et al., 2019) to 1 million streamlines via 
spherical-deconvolution informed filtering of tractograms 
(SIFT) in MRtrix3 (Smith et al., 2013), via the tcksift com-
mand. SIFT identifies false-positive streamlines that do not 
match the underlying white-matter anatomy via minimiza-
tion of a cost function based on the FOD (Yeh et al., 2016). 
Structural connectomes were generated from the filtered 
streamlines via the tck2connectome command. Specifically, 
we defined 274 regions of interest (ROIs) by using the mul-
timodal human Brainnetome atlas comprising 210 corti-
cal, 36 subcortical, and 28 cerebellar regions (https://​atlas.​
brain​netome.​org/​bnatl​as.​html) (Fan et al., 2016; Sang et al., 

2012). Regions were registered to a standard template in 
MNI space via FSL’s FLIRT (FMRIB's linear image reg-
istration tool) (Smith et al., 2001) and then mapped to an 
individual participant's native space. Because of incomplete 
coverage, cerebellar regions were excluded, leaving a total 
of 246 cortical and subcortical ROIs. Symmetrical 246 × 246 
structural connectivity matrices (weighted; undirected) were 
constructed whereby each cell of the matrix represented the 
total number of streamlines propagating through a pair of 
ROIs. Only cells containing three or more streamlines were 
retained for analyses, and cells with fewer than three stream-
lines were set to zero. Finally, structural connectivity matri-
ces were corrected to account for variation in ROI volumes 
by specifying the -scale_invnodevol option for the MRtrix3 
tck2connectome command (Hagmann et al., 2008).

In addition to the subcortex and cerebellum, regions of 
the Brainnetome atlas are labeled by anatomical location and 
grouped into frontal, temporal, parietal, insular, limbic, and 
occipital lobes. The limbic lobe, as defined by the Brain-
netome atlas, consists solely of regions within the cingulate 
gyrus. In addition to anatomical location, we assigned each 
of the cortical regions in the Brainnetome atlas to one of 
seven functionally defined intrinsic networks (Yeo et al., 
2011): the Default Mode (DMN), Dorsal Attention (DAN), 
Frontoparietal (FPN), Limbic (LN), Somatomotor (SMN), 
Ventral Attention (VAN), and Visual (VIS) networks. Using 
this parcellation, we also assigned subcortical nodes to an 
eighth (SUB) network.

Structural network topology and graph theoretical 
metrics

Graph theoretical metrics that summarize structural brain 
network organization were computed from each individu-
al’s weighted structural connectivity matrix. Specifically, 
we computed density, clustering coefficient, modularity, 
and communicability. Density quantifies the degree of con-
nectedness for a given graph and is quantified by relating 
the number of edges to the total possible edges. Clustering 
coefficient measures the degree of connectedness between 
neighboring nodes by calculating the probability that two 
neighbors of a node are themselves connected. Modular-
ity represents the degree to which a system or network can 
be partitioned into distinct modules, or networks, with high 
interconnectedness within each module. Finally, communi-
cability quantifies the total number of paths, direct or indi-
rect, that can be traversed by a random walker between any 
pair of regions. Together, these metrics assess aspects of 
general network structure and information transfer. Each 
metric is formally defined, along with their corresponding 
equations, in the Supplementary Methods.

https://atlas.brainnetome.org/bnatlas.html
https://atlas.brainnetome.org/bnatlas.html
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Statistical analyses

Linear relationships between age, fluid cognition, 
and WMHs

Pearson’s correlations were conducted between age, fluid 
cognition, and WMHs (global WMH, pvWMH, and dWMH) 
using the corr function in R (R Core Team, 2019). Power 
analyses (Faul et al., 2007) indicated that with 68 partici-
pants, a Pearson correlation r value of 0.35 (a medium 
effect-size) would be detected as significant at alpha = 0.05 
(two-tailed), with a power of 0.84. Correlations between age, 
fluid cognition, and WMHs on arterial and tract-based lev-
els are described in Supplementary Results. Additionally, a 
partial correlation between global WMH and fluid cognition 
was conducted controlling for age. Because the age-related 
increase in WMH volume is nonlinear, typically increasing 
more at later ages, WMH estimates were log-transformed 
before all analyses, consistent with prior work (Madden 
et al., 2017; Raz et al., 2005, 2012). Correlations were cor-
rected for multiple comparisons using the false discovery 
rate (FDR) (Benjamini & Hochberg, 1995).

To ensure that findings could not be attributed to motion 
or data quality, in supplementary analyses, we assessed rela-
tionships between age, fluid cognition, and global WMHs 
with quality control metrics estimated during DWI preproc-
essing, including (1) average absolute motion; (2) average 
relative motion; (3) number of framewise outliers; (4) aver-
age contrast-to-noise ratio; (5) total susceptibility distor-
tion; and (6) total eddy current-induced distortion (Bastiani 
et al., 2019; see Quality Control Analyses in Supplementary 
Results).

Prediction analysis

Partial Least Squares Regression (PLSR) is a data-driven 
technique designed to reduce high-dimensional datasets 
into a set of orthogonal components (e.g., factors) that best 
predict a given outcome or set of outcomes. Prediction is 
operationalized as a model-based approach to predicting an 
outcome or set of outcomes in a subset of unseen test data 
from parameters generated within a larger training dataset 
using cross-validation(Gabrieli et al., 2015; Rudolph et al., 
2017, 2018) as described further below. In these analyses, 
we used PLSR to maximize the covariance between a set of 
predictors (x; the structural connectome) and (y; age, fluid 
cognition, and global WMH) via singular-value decomposi-
tion (Abdi & Williams, 2013; Krishnan et al., 2011). X is an 
n x m matrix where n is the set of observations (i.e., partici-
pants) and m is the full set of unique structural connections. 

The X term thus represents a high-dimensional matrix of 
correlated data that is to be decomposed with respect to one 
or more primary variables of interest (Y).Y is an n x p matrix 
where p is each variable of interest (i.e., age, fluid cognition, 
global WMH). With PLSR, no causality is implied. Partial 
Least Squares Regression thus provides an unbiased means 
to assess the relationship among the complex patterns of an 
individual’s structural connectome and age, fluid cognition, 
and global WMH, in a single unified model without sub-
stantial loss of information or need to impose directionality 
(e.g., (X ⇔ Y) (McIntosh & Lobaugh, 2004). Crucially, by 
including multiple outcome variables, it is thus possible to 
assess the relationship between the structural connectome 
and a target outcome (e.g., global WMH) while considering 
additional variables of interest (e.g., age and fluid cogni-
tion), and, to decompose predictions for each outcome inde-
pendently. Partial Least Squares Regression models were 
assessed at both WMH classification thresholds (e.g., k = 0.5 
and k = 0.7).

Whole‑brain prediction

The optimal number of orthogonal components from 
PLSR models were selected via fivefold cross-validation. 
Therefore, we split our dataset into five independent sets, 
constructed prediction models from the training data (four 
independent sets), and subsequently tested the models on 
the held-out set of observations (the test set). This process 
was repeated five times, with each set held out once. The 
optimal number of components was chosen as that which 
maximally explained the covariance between age, global 
WMH, and fluid cognition (cross-validated percent of vari-
ance explained; CV-PCTVAR) while minimizing the cross-
validated mean-squared error of prediction (CV-MSEP) 
across each fold. Baseline mean-squared error prior to 
model fitting is provided for comparison (baseline MSE). 
Partial Least Squares Regression analyses were conducted 
in Matlab (The MathWorks, Inc., Natick, MA) using the 
plsregress function with the number of folds set to (k) = 5. 
The importance of a given connection was represented by 
its beta-weight, which signifies the average contribution 
of a connection in predicting the covariance between age, 
fluid cognition, and global WMH (Krishnan et al., 2011; 
Rudolph et al., 2018) obtained via cross-validation. The 
unique variance explained for a given outcome is defined 
by separately comparing the actual or true (y) vs. predicted 
(y-hat) values for age, fluid cognition, and global WMH. To 
assess the overall importance of an ROI, the beta-weights 
for each connection were summed by their absolute value 
(Rudolph et al., 2017, 2018).
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Subnetwork prediction

Partial Least Squares Regression models were next gener-
ated by restricting connections to within the SUB network 
(i.e., between pairs of subcortical regions) or between the 
SUB network and regions falling into one of seven cortical 
networks (Yeo et al., 2011). Random resampling was used to 
assess the relative significance of each model compared with 
random chance (Feczko et al., 2018; Rudolph et al., 2018). 
Specifically, PLSR models were constructed using an 80/20 
train/test split over 5000 iterations to generate a distribu-
tion of model performance. On each of the 5000 iterations, 
the sample was randomly divided into a training set (80%) 
and a test set (20%) to build and evaluate models respec-
tively. For each randomly selected data set, fivefold cross-
validation was applied to determine an unbiased number of 
optimal components. In addition, on each iteration, the set 
of target variables (age, fluid cognition, global WMH) were 
permuted to generate a random null distribution of model 
performance. Effect size estimates of model significance 
were obtained by comparing the degree of overlap between 
the true and empirically generated random null distributions 
using the Kolmogorov–Smirnov (KS) and Cohen’s d statis-
tics. As others have noted, p-values are not an appropriate 
estimate of model significance in this context as p-values 
decrease monotonically with the number of permutations 
(Combrisson & Jerbi, 2015; Rudolph et al., 2018). In addi-
tion to the resampling-based estimates of effect size, we 
report (1) the median percent of variance explained with 
their associated confidence intervals, and (2) the average 
linear association between the observed and predicted values 
of age, fluid cognition, and global WMH. The latter values 
were estimated using Pearson’s correlation coefficient (r).

Network analysis

To complement the high-dimensional PLSR analyses, we 
also tested for linear associations between each of the struc-
tural graph metrics of interest (global density, global clus-
tering coefficient, modularity, and global communicability) 
and age, fluid cognition, and global WMH, using Pearson’s 
correlations, FDR-corrected for multiple comparisons (Ben-
jamini & Hochberg, 1995).

Mediation analysis

We conducted mediation analyses to assess whether global 
and regional WMHs mediated the relationship between 
age and fluid cognition. Specifically, we were interested in 
assessing whether age and WMH load had relatively inde-
pendent influences on fluid cognition within the present 
data set. Statistical mediation was performed in R (R Core 
Team, 2019) according to the PROCESS framework (Hayes 

& Rockwood, 2017) using the bruceR package (Bao, 2021). 
Parameter estimates and 95% bootstrapped confidence inter-
vals were obtained using 10,000 bootstrapped samples. 
Mediation effects were deemed significant if the obtained 
95% confidence intervals for a given model excluded zero 
(Hayes & Rockwood, 2017; Madden et al., 2020, 2014a). 
In each mediation model, age was considered the predictor 
and fluid cognition was the outcome. One model included 
whole-brain WMH as a mediator. A second model included 
four canonical WM tracts as parallel mediators: the uncinate, 
forceps major, cingulate bundle (CING1), and the anterior 
thalamic radiations (ATR). These tracts contain the major-
ity of connections identified in the PLSR models as impor-
tant for predicting the joint relationship between age, global 
WMH, and fluid cognition. Because multiple mediators are 
covaried for each other, this latter model tests whether one 
or more regions have a mediating effect that is independent 
of the other regions.

Post‑hoc cognitive domain and test‑specific 
sensitivity analyses

As discussed in the introduction, WMHs have been associated 
with domain-specific cognitive functions across different lev-
els of analysis. The 12-test neurocognitive battery that we used 
to construct the latent construct of fluid cognition (NIH Tool-
box) is comprised of tests that equally represent the domains 
of executive function, perceptual speed, and memory. While 
these three specific cognitive domains are correlated in our 
data set (r = 0.846, 0.604, and 0.557) between executive func-
tion and perceptual speed, executive function and memory, 
and perceptual speed and memory respectively), investigating 
potential differences across the different tests comprising the 
neurocognitive battery (NIH Toolbox) battery may be informa-
tive. Thus, in supplementary analyses (Figs. S2 and S3 in Sup-
plementary Material), linear regression and PLSR models as 
described above examined relationships between age, cogni-
tion, and WMHs using performance on (1) the Dimensional 
Change Card Sorting Test (indexing executive function), (2) 
the Pattern Comparison Test speed score (indexing perceptual 
speed), and (3) the Picture Sequence Memory Test (indexing 
memory) from the NIH toolbox (see Methods) in three sepa-
rate sets of analyses.

Results

Linear relationships between age, fluid cognition, 
and WMHs

Age was significantly positively associated with global 
WMH, pvWMH, and dWMH load (r = 0.42–0.69, all p-
FDR ≤ 0.001; Fig. 1a; Table 2). Average WMH probability 
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maps (k = 0.7) are shown in Fig. 1b. Age was significantly 
negatively associated with fluid cognition (r =  − 0.859, 
p < 0.0001). Fluid cognition was significantly negatively 
associated with global WMH, pvWMH, and dWMH load 
(r =  − 0.47 to 0.68, all p-FDR ≤ 0.001). Global WMH, 
pvWMH, and dWMH were significantly correlated with 
one another (r = 0.641–0.998, all p-FDR < 0.001). When 
including age as a covariate in a partial correlation 
between global WMH and fluid cognition, the relation-
ship between global WMH and fluid cognition remained 

significant at the default threshold of k = 0.7, but not at 
a threshold of k = 0.5 (k = 0.7: r =  − 0.273, p = 0.025; 
k = 0.5: r =  − 0.071, p = 0.563). Additionally, significant 
associations were found between age, fluid cognition, and 
both arterial and tract-based WMHs (Table S1).

In terms of WMH distribution, arterial WMH load was 
maximal in the bilateral middle cerebral artery and associ-
ated lenticulostriate branches, followed by the medial lentic-
ulostriate branches of the anterior artery (Fig. 1c; Fig. S1a). 
White matter tract WMH load was maximal in the anterior 

Fig. 1   Global, regional, arterial, and white matter tract-based 
WMH quantification. a) There were significant linear associa-
tions between age and global WMH (green; triangles), pvWMH 
(blue; squares), and dWMH (red; circles). b) Average WMH maps 
are shown for the sample of 68 individuals (stratified by age for 
visualization purposes only). c) Log-transformed WMH load for 
arterial WMH. d) Log-transformed WMH load for white matter 
tracts. Results are presented using the default classification thresh-
old (k = .7; see Table 2; see Supplementary Results and Table S1 for 
arterial and tract-based results). L = left; R = right; Arterial regions: 

AAC = anterior artery callosal; AAH = anterior artery hemisphere; 
MAH = middle artery hemisphere; AAML = anterior artery medial 
lenticulostriate; MALL = middle artery—lateral lenticulostri-
ate; PATMP = posterior artery thalamic and midbrain perforators; 
PAH = posterior artery hemisphere; PAC = posterior artery callosal. 
White Matter Tracts: ATR = anterior thalamic radiations; SLF = supe-
rior longitudinal fasciculus; IFOF = inferior frontal-occipital fascicu-
lus; CST = corticospinal tract; ILF = inferior longitudinal fasciculus; 
CING1 = cingulate bundle 1; CING2 = cingulate bundle 2; Uncinate, 
uncinate fasciculus
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thalamic radiations (ATR), followed by the inferior fronto-
occipital fasciculus (IFOF), superior longitudinal fasciculus 
(SLF), and corticospinal tract (CST) (Fig. 1d; Fig. S1b; see 
Supplementary Results for additional details).

Finally, a set of analyses were conducted to ensure that 
results were not due to head motion or quality of the data. 
No significant associations were found between DWI QC 
metrics and age or fluid cognition (Table S2) or WMH load 
(Table S3).

Prediction analyses

Whole‑brain prediction

Fivefold cross-validated PLSR using all available structural 
connections achieved an average model accuracy of approx-
imately 99%. Five components maximized the amount of 
variance explained (k = 0.7: CV-PCTVAR = 98.15; k = 0.5: 
CV-PCTVAR = 98.30) and minimized the mean-squared 
prediction error in the held-out test set across folds (k = 0.7: 
CV-MSEP = 125.49; baseline MSE = 328.26; k = 0.5: CV-
MSEP = 124.91; baseline MSE = 321.390). All connections 
contributed to model performance (Fig. 2a). The top con-
nections that predicted the joint association between age, 
WMH, and fluid cognition were distributed across each 
of the major lobes, although they were most prominent 
between pairs of subcortical regions and between subcorti-
cal regions and the frontal and parietal lobes (Fig. 2b). To 
aid with interpretation, we summarized the importance of 
features at the ROI level. The top-ranked regions primarily 
consisted of subcortical regions, including the basal ganglia 
(e.g., bilateral caudate and putamen) and the thalamus (ros-
tro-temporal and caudal-temporal), as well as the cingulate 
gyrus (Fig. 2; Table 3). Table 3 contains feature importance 
weights (sum of absolute beta weights) summarized at the 
level of individual regions for the top 10% (n = 25) ROIs. 
Prediction weights (e.g., absolute beta weights for each con-
nection) were identical regardless of classification threshold 
(r = 1.0, when comparing models with WMH load estimated 

at k = 0.7 or k = 0.5), and when assessing the unique variance 
explained for each outcome variable (age, global WMH, and 
fluid cognition) separately. Specifically, prediction weights 
were near-perfectly correlated when comparing age with 
WMH (r = 0.9987), age with fluid cognition (r =  − 0.9998), 
and WMH with fluid cognition (r =  − 0.9977) respectively. 
Model-derived r-squared values for age, WMH, and fluid 
cognition were 0.993, 0.699, and 0.862 respectively.

Subnetwork prediction

In addition to the whole-brain prediction model, we com-
pared the relative significance of subcortical-subcortical 
and subcortical-cortical models to a random null distribu-
tion using random resampling. All models performed sig-
nificantly better than chance (all fdr-corrected KS p-val-
ues < 0.001; Minimum Cohen’s d = 1.15). Of the network 
models assessed, model performance was most variable in 
the subcortical-to-dorsal attention and subcortical-to-visual 
networks with lower bounds below zero (Table 4).

Top-ranked models included connections among pairs 
of subcortical regions (SUB-to-SUB; Cohen’s d = 2.41) and 
between subcortical regions and cortical networks contain-
ing frontal and parietal regions (Fig. 3), specifically sub-
cortical-to-default mode network (SUB-to-DMN; Cohen’s 
d = 2.79; Figs. 3a–c) and subcortical-to-frontoparietal net-
work (SUB-to-FPN; Cohen’s d = 2.42; Figs. 3d–f). This was 
consistent across WMH classification thresholds (default 
WMH classification threshold k = 0.7 reported above). Find-
ings were not specific to the choice of functional or anatomi-
cal parcellation (see Supplementary Materials; Table S4).

Network analyses

Age was negatively associated with global density (p-
FDR < 0.001) and global communicability (p-FDR = 0.002), 
and positively associated with global clustering coefficient 
(p-FDR = 0.025) and modularity (p-FDR =  < 0.001). Fluid 
cognition was positively associated with global density 

Table 2   Regional WMH load and correlations with age and fluid cognition

Summary statistics highlight WMH load and linear associations between age, fluid cognition, and WMHs. Global and pvWMHs were more 
strongly positively associated with age and negatively associated with fluid cognition than dWMHs. Total represents the sum of raw values 
before log transformation. Values are sorted by total load (k = .7). All log-transformed WMH volumes (mm3) were significantly associated with 
age. M = mean; SD = standard deviation; cog = fluid cognition; FDR = false discovery rate

k = .5 k = .7

Regional Total M SD rage p-FDR rcog p-FDR Total M SD rage p-FDR rcog p-FDR

Global
WMH

127,000 6.82 1.03 0.69  < .001  − 0.62  < .001 97,500 6.11 1.40 0.68  < .001  − 0.68  < .001

pvWMH 100,000 6.49 1.13 0.69  < .001  − 0.62  < .001 79,100 5.89 1.39 0.65  < .001  − 0.67  < .001
dWMH 22,300 4.71 1.69 0.42 .001  − 0.47 .001 16,900 3.52 2.30 0.62  < .001  − 0.62 .001
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and global communicability, and negatively associated 
with modularity (all p-FDR < 0.001). As with age, WMHs 
were also negatively associated with global density (p-
FDR < 0.001) and global communicability (p-FDR = 0.009), 
and positively associated with modularity (p-FDR < 0.001). 
Fluid cognition and global WMHs were not significantly 
associated with global clustering coefficient (Table 5). Sig-
nificant associations were observed between age, fluid cog-
nition, and WMHs with modularity for modules defined both 
using a data-driven consensus clustering approach and when 
defined a priori using the Yeo-7 functional network parcel-
lation (all p-FDR < 0.001) (Table 5).

No models associating global WMH with whole-brain 
graph theoretical measures survived correction for age and 
fluid cognition (p > 0.05; Table 6). Importantly, age is a 
defining characteristic of our sample; alterations in struc-
tural white matter network organization and WMH load 
are greater in older adults. Thus, we conducted additional 
exploratory follow-up analyses assessing relationships 
between WMH load and structural brain network organi-
zation in a subset of middle and older-aged participants 
(> 45 years), an age range during which WMHs are more 
prominent. Results using this subset of subjects suggest 
that higher modularity (e.g., greater segregation) of struc-
tural brain networks is moderately associated with greater 

WMH load in older adults (r2 = 0.12; p = 0.049; see Sup-
plementary Material, including Fig. S2).

Mediation analysis

Global WMH load significantly mediated the relationship 
between age and fluid cognition (ß =  − 0.006 (0.003), 
z-value = 2.017, p = 0.11; 95% CI = [− 0.013, − 0.001]). 
However, this was a global rather than regional effect. 
With the regional WMH values included as parallel media-
tors, none of them emerged as a significant mediator inde-
pendent of the others (Table 7).

Exploratory post‑hoc cognitive domain 
and test‑specific sensitivity analyses

As with fluid cognition, we observed a consistent nega-
tive relationship between both age and global WMH with 
cognitive domain-specific factor scores (executive func-
tion: r =  − 0.80; perceptual speed: r =  − 0.81; memory: 
r =  − 0.64; all p < 0.001), as well as with performance on 
each of the three individual task metrics from the NIH Tool-
box (NIH Toolbox Dimensional Change Card Sort Test: 
r =  − 0.66 and r =  − 0.58; NIH Toolbox Pattern Comparison 

Fig. 2   Predicting age, fluid cognition, and global WMH from the 
whole-brain structural connectome. Predictive features from the 
whole-brain PLSR model are presented. a) Prediction weights (e.g., 
absolute beta weights) for all structural connections are shown in 
matrix form (symmetrical matrix; 246 × 246 regions). Each cell rep-
resents a connection between a pair of ROIs. Brighter colors repre-
sent connections weighted more heavily in the prediction model. The 
overall importance of an ROI (sum of prediction weights across a 
row in the matrix) is shown in the bar plot at the top of the matrix. 
Colored bars below the matrix represent anatomical labels provided 
by the Brainnetome atlas (F = Frontal (red); T = Temporal (purple); 

P = Parietal (green); I = Insular (pink); L = Limbic (black); O = Occip-
ital (blue); S = Subcortical (yellow). b) The top 1% of connections 
are plotted for visualization purposes. Connections are displayed as 
edges between regions arranged by lobe according to the anatomical 
labels provided by the Brainnetome atlas (b, left). The same connec-
tions are displayed on a standard brain surface (b, right). Lines rep-
resent connections between brain regions and are scaled by their pre-
diction weights. ROIs are depicted as spheres and are scaled by the 
sum of their absolute beta weights. Connections and ROIs are colored 
according to the Brainnetome atlas labels
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Table 3   Feature weights

Feature weights for the top 10% of ROIs. ROIs are ranked by the sum of their feature weights

Weight Lobe Brainnetome region Hemisphere

27.32 Subcortical dCa, dorsal caudate Right
25.44 Subcortical dCa, dorsal caudate Left
17.14 Subcortical dlPu, dorsolateral putamen Right
16.20 Subcortical GP, globus pallidus Right
15.22 Subcortical GP, globus pallidus Left
15.16 Subcortical dlPu, dorsolateral putamen Left
13.42 Subcortical NAC, nucleus accumbens Left
12.95 Insular vId/vIg, ventral dysgranular and granular insula Right
12.90 Limbic A24rv, rostroventral area 24 Right
12.75 Subcortical cHipp, caudal hippocampus Right
12.52 Subcortical vmPu, ventromedial putamen Left
12.44 Subcortical vCa, ventral caudate Left
11.96 Subcortical NAC, nucleus accumbens Right
11.94 Limbic A24rv, rostroventral area 24 Left
11.42 Frontal A4t, area 4(trunk region) Right
11.31 Subcortical rHipp, rostral hippocampus Right
11.12 Parietal dmPOS, dorsomedial parietooccipital sulcus(PEr) Right
10.96 Subcortical vmPu, ventromedial putamen Right
10.88 Frontal A12/47o, orbital area 12/47 Left
10.71 Subcortical rTtha, rostral temporal thalamus Left
10.69 Frontal A1/2/3ll, area1/2/3 (lower limb region) Right
10.64 Temporal A20rv, rostroventral area 20 Left
10.51 Frontal A44op, opercular area 44 Right
10.29 Subcortical rTtha, rostral temporal thalamus Right
10.27 Frontal A6cvl, caudal ventrolateral area 6 Left

Table 4   Subnetwork prediction results comparing subcortical-subcortical and subcortical-cortical prediction models to random chance

Note. Effect size estimates and prediction statistics are presented for the PLSR models using (a) structural connections between subcor-
tical regions (subcortical-subcortical), or (b) connections between subcortical regions and the 7 cortical networks as defined by Yeo & col-
leagues (2011). Results are sorted by the Kolmogorov–Smirnov (KS) and Cohen’s d (c) statistics. KS = Kolmogorov–Smirnov; d = Cohen’s d; 
Med = median; PI-L = Lower bound of 95% prediction interval; PI-H = upper bound of 95% prediction interval; SUB = subcortical network; 
DMN = default mode network; SMN = somatomotor network; DAN = dorsal attention network; FP = frontoparietal network; LIM = limbic net-
work; VAN = ventral attention network; VIS = visual network

a. Subcortical-
Subcortical

k = .5 k = .7

KS d Med PI-L PI-H KS d Med PI-L PI-H

SUB-SUB 0.90 2.41 0.58 0.18 0.80 0.90 2.46 0.59 0.19 0.80
b. Subcortical-
Cortical

KS d Med PI-L PI-H KS d Med PI-L PI-H

SUB-DMN 0.94 2.79 0.51 0.10 0.76 0.94 2.79 0.51 0.08 0.76
SUB-FPN 0.90 2.42 0.62 0.28 0.80 0.91 2.52 0.62 0.28 0.80
SUB-VAN 0.87 2.21 0.50 0.10 0.75 0.86 2.19 0.50 0.11 0.75
SUB-DAN 0.84 2.07 0.49  − 0.03 0.75 0.83 2.02 0.48  − 0.04 0.76
SUB-LIMBIC 0.83 2.05 0.60 0.14 0.81 0.83 1.99 0.60 0.15 0.81
SUB-SMN 0.74 1.64 0.57 0.11 0.81 0.75 1.63 0.56 0.11 0.80
SUB-VIS 0.62 1.15 0.35  − 0.17 0.70 0.62 1.18 0.36  − 0.17 0.70
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Test speed score: r =  − 0.66 and r =  − 0.36); NIH Toolbox 
Picture Sequence Memory Test: r =  − 0.78 and r =  − 0.52; 
all p < 0.001; Fig. S3). Next, we conducted separate pre-
dictive models for each of the three individual NIH Tool-
box task metrics assessing the joint association between 
age, WMHs, and cognitive performance (NIH Toolbox 
Dimensional Change Card Sort Test, NIH Toolbox Pattern 

Comparison Test speed score, and NIH Toolbox Picture 
Sequence Memory Test; Fig. S4). These models performed 
similarly to the models using a single measure of overall 
fluid cognition with respect to the amount of explained vari-
ance in each model and the distributed set of structural con-
nections and regions most important for the predictions (see 
Supplementary Material for details).

Fig. 3   Subnetwork prediction results comparing top-ranked 
subcortical-cortical prediction models to chance. Random resa-
mpling was used to assess the relative significance of subcortical-
default mode network and subcortical-frontoparietal network models 
compared to a random null distribution (see Table  4 for results of 
other network pairs). a) Map of the default mode and frontopari-
etal networks are presented on a standard brain surface. b) Top 1% 
of subcortical-cortical network connections and their corresponding 
regions are depicted for visualization purposes. Lines represent con-
nections between brain regions and are scaled by their prediction 

weights. ROIs are depicted as spheres and are scaled by the sum of 
their absolute beta weights. ROIs are colored by the cortical network. 
c) Depiction of model performance. For a given model, distributions 
represent the degree of correlation between the actual and predicted 
outcomes (covariation of age, fluid intelligence, and WMH load) in 
either the true (colored by network) or random (gray) models over 
5000 iterations of the random resampling procedure. Cohen’s d effect 
size measures the distance between the true and random distributions. 
SUB = subcortical network (yellow); DMN = Default mode network 
(red); FPN = frontoparietal network (orange)

Table 5   Whole-brain graph theoretical measures and their relationship with age, fluid cognition, and global WMH load

Note. Correlations between graph theoretical metrics of interest and age, fluid cognition, and global WMH load. Modularity was estimated using 
8 a priori modules (7 cortical and 1 subcortical). Consensus modularity was estimated using data-driven module assignments at different values 
of gamma (see Methods). k = WMH classification threshold; M = mean; SD = standard deviation; FDR = false discovery rate

Global WMH

Age Fluid cognition k = .5 k = .7
Measure M SD r p-FDR R p-FDR R p-FDR r p-FDR

Global density 0.33 (0.08)  − 0.56  < .0001 0.44  < .000  − 0.40 .001  − 0.38 .002
Global clustering coefficient 0.01 (0.00) 0.28 .025  − 0.19 .125 0.11 0.367 0.12 0.328
Global modularity 0.45 (0.02) 0.57  < .0001  − 0.53  < .0001 0.49  < .0001 0.49  < .0001
Consensus modularity
  Gamma = 1 0.60 (0.02) 0.61  < 0.001  − 0.52  < .0001 0.50  < .0001 0.50  < .001
  Gamma = 1.25 0.56 (0.02) 0.61 .0001  − 0.53  < .0001 0.52  < .0001 0.52  < .0001
  Gamma = 1.5 0.53 (0.02) 0.58  < .0001  − 0.61  < .0001 0.61  < .0001 0.60  < .0001

Global Communicability 0.18 (0.10)  − 0.36 .002 0.31 .010  − 0.32 .009  − 0.31 .011
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Discussion

The current study combined predictive modeling and net-
work-based analyses to assess how WMHs are associated 
with age, fluid cognition, and distributed white matter con-
nectivity patterns. Across multiple levels of analysis, we 
consistently observed that the association between WMHs 
and altered structural connectivity involved distributed con-
nections between subcortical regions and cortical networks 
critical for fluid cognition.

Consistent with prior work, WMHs were greater in older 
compared to younger adults and exhibited a strong nega-
tive association with fluid cognition (Bennett & Madden, 
2014; Madden et al., 2017; Murray et al., 2010; Raz et al., 
2012). Extending prior work, we next showed that WMH 
load was associated with widespread differences in struc-
tural connectivity and network topology. Specifically, whole-
brain predictive modeling accurately estimated the joint 
association between whole-brain structural connectivity 
and age, fluid cognition, and WMH load. Although connec-
tions that were the most predictive were widely distributed, 

subcortical-subcortical and subcortical-cortical connections 
were most prominent. When focusing on individual connec-
tions, those among pairs of subcortical regions and between 
subcortical regions and regions of the default mode and 
frontoparietal networks were the most predictive, especially 
those between the basal ganglia and prefrontal cortex, and 
between the thalamus and hippocampus with the temporal 
cortex. Using a whole-brain model that included all struc-
tural connections may have been biased toward identifying 
short-range connections as most predictive given the sparsity 
of structural connectivity matrices. Thus, we additionally 
assessed the relative importance of connectivity of the entire 
subcortical network with itself and with the seven predefined 
cortical networks (Yeo et al., 2011). As expected, all subnet-
work prediction models were significant compared with ran-
dom null models. Subnetwork prediction models that were 
most predictive of the joint relationship between age, fluid 
cognition, and global WMHs involved connections within 
the subcortical network (SUB-to-SUB) and between the sub-
cortical network and the default mode (SUB-to-DMN) and 
frontoparietal (SUB-to-FPN) networks (Fig. 3).

Table 6   Associations between whole-brain graph theoretical measures and global WMH before and after controlling for age and fluid cognition

Standard linear regression models assessed associations between global WMH (x) and graph theoretical metrics (y) before (Unadjusted) and 
after (Adjusted) controlling for age and fluid cognition. r represents the zero-order correlation. A significant b-weight indicates that the beta-
weight and semi-partial correlation are also significant. b represents unstandardized regression weights and is equivalent to the unadjusted r. 
beta indicates the standardized regression weights. LL and UL indicate the lower and upper limits of a confidence interval, respectively. *p < .05; 
**p < .01. Significant coefficients are in bold

Model outcome (y) Unadjusted Adjusted

b [95% CI] beta [95% CI] R2 b [95% CI] beta [95% CI] R2

Global density  − 0.02** [− 0.03, − 0.01]  − 0.38 [− 0.61, − 0.15] .144** 0 [− 0.02, 0.01]  − 0.06 [− 0.34, 0.22] .323**
Global clustering coefficient 0 [− 0.00, 0.00] 0.12 [− 0.12, 0.37] .014 0 [− 0.00, 0.00]  − 0.07 [− 0.40, 0.25] .088**
Global modularity 0.01** [0.00, 0.01] 0.49 [0.28, 0.71] .241** 0 [− 0.00, 0.01] 0.2 [− 0.07, 0.48] .353**
Consensus modularity
  Gamma = 1 0.01** [0.00, 0.01] 0.5 [0.29, 0.71] .250** 0 [− 0.00, 0.01] 0.2 [− 0.07, 0.46] .393**
  Gamma = 1.25 0.01** [0.00, 0.01] 0.52 [0.31, 0.73] .270** 0 [− 0.00, 0.01] 0.22 [− 0.04, 0.48] .400**
  Gamma = 1.5 0.01** [0.01, 0.01] 0.6 [0.40, 0.80] .360** 0 [− 0.00, 0.01] 0.28 [0.04, 0.53] .488**

Global communicability  − 0.02** [− 0.04, − 0.01]  − 0.31 [− 0.55, − 0.08] .096** 0 [− 0.03, 0.01]  − 0.14 [− 0.46, 0.17] .143**

Table 7   Parallel mediation results

Model and variables Effect SE z-value p Lower CI Upper CI

Direct effect
Age  − 0.036 0.005  − 6.626  < .001  − 0.047  − 0.026
Indirect effects
Uncinate  − 0.006 0.005  − 1.131 .258  − 0.014 0.005
Forceps major  − 0.004 0.003  − 1.115 .265  − 0.010 0.003
Cingulate bundle 1  − 0.003 0.002  − 1.350 .177  − 0.007 0.001
Anterior thalamic radiations 0.001 0.004 0.230 .818  − 0.008 0.010
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Further extending prior work, we showed that WMHs 
overlapped with all arterial zones (see Supplementary 
Results). As hypothesized, however, WMHs were most 
abundant in arterial zones demarcating the middle cerebral 
artery and associated lenticulostriate branches that sup-
ply subcortical regions. Likewise, WMHs overlapped with 
all major white matter tracts represented within the JHU 
white matter atlas (Horn & Blankenburg, 2016). However, 
WMH load was greatest in the anterior thalamic radiations 
and forceps minor, and highly concentrated in the superior 
and inferior-occipital longitudinal fasciculi, as well as in the 
cortico-spinal tracts. Each of these tracts has previously been 
associated with and thus providing a potential explanation 
for the relationship between WMH load and fluid cognition 
(Acharya et al., 2019; Biesbroek et al., 2013, 2017; Kievit 
et al., 2016). Furthermore, the anterior thalamic radiations 
support cortico-striatal-thalamic circuits and pathways con-
necting the thalamus with the anterior cingulate and prefron-
tal cortices (Biesbroek et al., 2013, 2017). These connec-
tions encompass parallel and integrative pathways between 
the cortex and basal ganglia (Draganski et al., 2008), as 
well as provide support for the hypothesis that WMHs are 
diffusely associated with structural connectivity and brain 
network organization underlying fluid cognition.

The predictive analyses provided an account of how 
WMHs, which are increased in older adults and associated 
with poorer fluid cognition, relate to patterns of structural 
connectivity. To assess associations between WMHs and sum-
mary estimates indexing structural brain network topology, 
we next calculated several graph-theoretical metrics. Global 
WMHs were negatively associated with global density and 
global communicability and positively associated with modu-
larity (all p-FDR < 0.001). The positive association between 
global WMH and modularity was observed regardless of 
whether modules were defined within sample or using a priori 
networks. Previous work has shown that structural brain net-
works reorganize by becoming increasingly segregated with 
age, such that connections are constrained to a greater extent 
by proximity (Coelho et al., 2021; Madden et al., 2020; Wig, 
2017). Our findings suggest that WMHs may serve as one 
mechanism contributing to the age-related segregation of 
structural brain networks by disrupting subcortical-cortical 
communication. Furthermore, communicability is a measure 
of information transfer via direct and indirect pathways and is 
one of several metrics used to quantify redundancy, a marker 
of reserve in brain networks (Langella et al., 2021a, 2021b; 
Langella et al., 2021a, 2021b; Mišić et al., 2015; Sadiq et al., 
2021; Tononi et al., 1999). Although modularity was the only 
metric associated with WMH load in middle and older-aged 
adults, negative associations between communicability and 
both age and WMHs may indicate that altered structural con-
nectivity in aging involves a loss of redundancy, and thus 
reserve, in structural brain networks.

Altered subcortical-cortical connectivity is likely to play 
a major role in the loss of redundancy, as subcortical tha-
lamic nuclei are key drivers of cortical functional activation 
patterns and intrinsic neural oscillations that support fluid 
cognitive abilities (Bickford, 2015; Fan et al., 2005; Sher-
man & Guillery, 2002; Shine, 2019; Varela, 2014). The basal 
ganglia (caudate, putamen, globus pallidus), hippocampus, 
and thalamus possess high levels of interconnectivity and 
are intricately connected with the cortex (Oldham & Fornito, 
2019). At the network level, highly integrated subcortical 
and cortical regions (i.e., hubs) facilitate efficient whole-
brain communication patterns (Collin et al., 2014; Greene 
et al., 2020; Griffa  et al., 2018; Kim et al., 2016) to support 
flexible and adaptive network reconfigurations underlying 
higher-order cognitive functioning (Cole et al., 2013; Hearne 
et al., 2017). Importantly, this suggests that WMHs are one 
potential mechanism that may contribute to global disruption 
of structural brain connectivity and network organization. 
This idea is consistent with prior literature suggesting that 
the impact of WMHs may not be constrained to the specific 
white matter pathways on which they fall (DeCarli et al., 
1995; Langen et al., 2018; Liu et al., 2021; Madden et al., 
2017; Wen & Sachdev, 2004).

Finally, in mediation analyses (Hayes & Rockwood, 
2017) with age as the predictor and fluid cognition as the 
outcome we found that global, but not regional, WMH 
load mediated the relationship between age and fluid cog-
nition (Busby et al., 2023) and that greater WMH load was 
associated with higher global modularity in older, but not 
younger adults (see Supplementary Results). Thus, these 
analyses suggest that while WMH load does have a spe-
cific influence on the age-cognition relationship, this influ-
ence occurs at the level of the whole brain rather than at 
specific tracts. Given our sample size, we were powered to 
detect moderate-to-large indirect mediation effects often 
seen in aging studies comprising both younger and older 
adults. Because blood pressure and other diagnostic meas-
ures were not collected in this sample, we cannot address 
the impact of cardiovascular or other related factors on 
age-related differences in WMH deposition. Additional 
research is needed to assess how both the abundance and 
spatial distribution of WMHs interact with additional risk 
factors implicated in age-related cognitive decline, par-
ticularly as they emerge in middle age. Understanding how 
underlying vascular pathology and metabolic dysfunction 
in particular contribute to age and WMH-related discon-
nection of white matter networks may help better catego-
rize impairment in both general and specific cognitive 
domains at the level of an individual.

In the present study, we took several steps to ensure the 
robustness of our findings. Results could not be attributed 
to individual differences in image quality, motion artifacts, 
or choice of WMH segmentation threshold. We additionally 
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quantified global, arterial, and tract-based WMH load, to 
provide a comprehensive account of WMH deposition seen 
in our healthy aging cohort. Regardless, findings must be 
interpreted within the context of the study's limitations. First, 
owing to incomplete MRI coverage, we excluded the cerebel-
lum from analyses. Several subcortical regions, including the 
basal ganglia and thalamus, form extensive loops with the 
cerebellum (Leisman et al., 2014). With that said, WMHs are 
sparse in the brain stem and cerebellar cortices, and thus the 
direct impact of WMHs on cortical-cerebellar pathways may 
be limited (Wen & Sachdev, 2004), but this remains to be 
tested. Second, given the high degree of age-related variability 
in regional, arterial, and tract-based WMH estimates, it may 
be advantageous in future work to model the spatial distribu-
tion of WMHs at the voxel or cluster level. Likewise, future 
work can incorporate nodal estimates of network topology to 
better understand how individual regions that are impacted by 
WMHs contribute to local and global dysfunction. Second, 
to assess the generalizability of these data, the use of larger 
and more representative samples and independent external 
validation sets would be valuable. Because these data are 
cross-sectional, converging evidence from longitudinal data 
also would be helpful, although both longitudinal and cross-
sectional designs have limitations (Salthouse & Nesselroade, 
2002; Salthouse, 2011a). Third, in supplementary analyses we 
showed that age and WMHs were negatively associated with 
each of the domain-specific cognitive factors of executive 
function, processing speed, and memory, as well as with indi-
vidual test scores on the NIH Toolbox Dimensional Change 
Card Sort Test, NIH Toolbox Pattern Comparison Test speed 
score, and the NIH Toolbox Picture Sequence Memory Test. 
Factor scores used to derive our measure of fluid cognition 
and associations between individual cognitive assessments 
were highly collinear (see Supplementary Results). Thus, we 
were not able to fully disentangle the relationship between 
WMHs and specific components of cognition. As discussed 
within the introduction, however, WMHs have been asso-
ciated with impaired cognitive processing across general 
domains of attention, executive functioning, and memory in 
older adults. Likewise, prior work assessing WMH-related 
structural disconnection and its impact on cognition in older 
adults also have reported poorer cognitive functioning in the 
domains of cognitive control and executive functioning (Lan-
gen et al., 2018) and memory retrieval (Jaywant et al., 2022).

In summary, we found that WMHs were more prominent 
in middle and older-aged adults and were associated with 
compromised connectivity patterns between subcortical and 
cortical regions and with poorer fluid cognition. To provide 
a thorough account of how WMHs are related to age, white 
matter connectivity, network communication capacity, 
and fluid cognition, we combined regional- and network-
level estimates of structural white matter connectivity with 

graph-theoretical metrics that summarize network topol-
ogy. Across multiple levels of analysis, and combining 
hypothesis- and data-driven methodologies, we showed 
that altered structural connectivity and greater segregation 
of structural networks that were related to increased WMHs 
in older adults were centered on subcortical-subcortical and 
subcortical-cortical connections, particularly of the default 
mode and frontoparietal networks. Building from this work, 
future studies can examine how various biomarkers, includ-
ing WMHs, influence individual trajectories of age-related 
cognitive decline, as well as identify individuals at a greater 
risk for developing dementia.
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