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Abstract: Mounting evidence indicates that serum cholesterol and other risk factors for cardiovascular
disease intensify normative trajectories of age-related cognitive decline. However, the neural mecha-
nisms by which this occurs remain largely unknown. To understand the impact of cholesterol on
brain networks, we applied graph theory to resting-state fMRI in a large sample of early- to mid-life
Veterans (N =206, Mean,g. = 32). A network emerged (centered on the banks of the superior temporal
sulcus) that evidenced age-related decoupling (i.e., decreased network connectivity with age), but
only in participants with clinically-elevated total cholesterol (>180 mg/dL). Crucially, decoupling in
this network corresponded to greater day-to-day disability and mediated age-related declines in
psychomotor speed. Finally, examination of network organization revealed a pattern of age-related
dedifferentiation for the banks of the superior temporal sulcus, again present only with higher choles-
terol. More specifically, age was related to decreasing within-module communication (indexed by
Within-Module Degree Z-Score) and increasing between-module communication (indexed by Participa-
tion Coefficient), but only in participants with clinically-elevated cholesterol. Follow-up analyses indi-
cated that all findings were driven by low-density lipoprotein (LDL) levels, rather than high-density
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lipoprotein (HDL) or triglycerides, which is interesting as LDL levels have been linked to increased
risk for cardiovascular disease, whereas HDL levels appear inversely related to such disease. These
findings provide novel insight into the deleterious effects of cholesterol on brain health and suggest
that cholesterol accelerates the impact of age on neural trajectories by disrupting connectivity in cir-
cuits implicated in integrative processes and behavioral control. Hum Brain Mapp 38:3249-3261, 2017.
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INTRODUCTION

Aging across the lifespan is associated with well-described
trajectories of cognitive and neural alterations [Park and
Reuter-Lorenz, 2009]. Cognitive abilities such as psychomotor
speed, working memory, and inhibitory control tend to
increase steadily during childhood, plateau during early
adulthood, then decline at a relatively steady rate [Craik and
Bialystok, 2006]. These cognitive changes are accompanied by
significant shifts in both brain structure and functional orga-
nization. For example, late life is associated with reductions
in both gray and white matter volume [Raz et al., 2005], along
with weaker functional connectivity within certain networks
(e.g., default-mode network, [Damoiseaux et al.,, 2008]).
Evidence also points toward a pattern of late-life dedifferenti-
ation in neural networks, whereby weaker coupling is
observed within certain network modules (sets of highly inter-
connected brain regions; e.g., default mode, salience) and
stronger coupling is found between such modules [Ferreira
and Busatto 2013; Geerligs et al., 2014; Goh, 2011]. Combined
with evidence of greater inter-correlation among cognitive
abilities in older adults, this pattern of findings suggests that
late-life individuals experience greater difficulty selectively
recruiting specific neural circuits and related cognitive abili-
ties [Cabeza et al., 2002].

Mounting evidence indicates that metabolic factors,
particularly those related to cardiovascular disease, inten-
sify this normative pattern of age-related cognitive decline.
For example, higher total serum (blood) cholesterol (TC) in
mid-life predicts worse late-life cognitive capacity [Solomon
et al., 2009]. Interestingly, late-life cognitive function is not
related to concurrent TC levels (only mid-life TC), sugges-
ting that the impact of TC on age-related neural trajecto-
ries occurs during middle age [van Vliet et al., 2009].
Other key risk factors for cardiovascular disease, including
hypertension, obesity, and diabetes mellitus, have also
been linked to age-related cognitive decline [see Morra
et al, 2013, for review]. In addition, growing evidence
suggests that extreme, chronic stress exposure is an envi-
ronmental risk factor that potentiates accelerated aging
[Wolf et al., 2016] and links cardio-metabolic pathologies
with neurocognitive decline [Wolf et al, 2016]. Thus,
stress-related psychiatric conditions, such as posttraumatic
stress disorder (PTSD) may accelerate age-related changes

in neural functioning, particularly in highly traumatized
groups. Military Veterans are at particularly high risk for
both cardiovascular disease [Hoerster et al.,, 2012] and
extreme stress exposure and chronic PTSD from warzone
trauma, and consequently may be particularly vulnerable
to premature age-related neural decline related to cardio-
vascular disease [Miller and Sadeh, 2014].

Despite accumulating evidence that cardiovascular dis-
ease risk factors impact age-related cognitive decline, the
specific neural mechanisms by which these processes occur
remains largely unknown. Emerging structural research in
mid- to late-life individuals indicates that TC has a wide-
spread influence on both gray and white matter integrity.
For example, TC has been linked to reduced integrity of sev-
eral white matter tracts, including longitudinal frontotempo-
ral fibers [Williams et al., 2013]. Although these findings
provide insight into the structural correlates of TC, there
remains a dearth of research on the impact of TC on func-
tional brain networks (i.e., communication between regions).
Given that networks are a fundamental unit of brain organi-
zation [Bressler, 1995; McIntosh, 1999], an in-depth charac-
terization of connectivity patterns is a crucially important
step in elucidating the precise neural mechanisms by which
TC may intensify age-related cognitive decline. Thus, the
focus of the present investigation is to characterize how the
interplay between TC and age impacts functional brain
networks.

Recent advances in graph theory and related methods
allow for brain networks to be assayed at a level of complexi-
ty not previously possible [Atluri et al., 2013; Turk-Browne,
2013]. Graph theory tools can identify disturbances in clusters
of network connections and elucidate key organizational
properties of the global network, sub-networks, and the func-
tion of nodes (brain regions) within local and global networks
[Rubinov and Sporns, 2010]. Categories of graph properties
include: Centrality—the extent to which a particular
node facilitates network intercommunication, and Functional
Integration—how well a network combines information across
distributed regions [Rubinov and Sporns, 2010]. Thus,
examining graph properties can help to delineate the complex
mechanisms by which TC may alter network structure and,
in turn, intensify age-related cognitive decline.

To address these critical questions, we applied graph
theory to resting-state functional magnetic resonance imag-
ing (fMRI) in a large sample (N = 206) of early- to mid-life
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Veterans with trauma exposure (age range =19-62,
mean = 32). Although any of the cardiovascular disease
risk factors mentioned above may prove informative for
understanding the impact of cardiovascular disease on
age-related neural changes, the present work focused
specifically on TC for several reasons. First, hypertension
is potentially problematic for the study of functional
networks, because blood pressure directly impacts the
blood-oxygenation-level dependent response [Kalisch
et al., 2001], and thus hypertension-related network differ-
ences are more likely to be due to uninteresting methodo-
logical variance. Second, the pathway by which obesity
(and related constructs such as body-mass index) impacts
cardiovascular disease is thought to involve factors such
as elevated cholesterol and hypertension [Van Gaal et al.,
2006]. As such, cholesterol appears closer in the causal
pathway to cardiovascular disease than obesity. Third, the
incidence of diabetes in this sample is 1%, as expected
given the age range of our sample. We focused on total
cholesterol (TC) rather than constituent factors (i.e., low-
density lipoprotein [LDL], high-density lipoprotein [HDL],
triglycerides), because it remains unknown which, if any,
of these constituent factors are particularly impactful on
neural networks. Thus, our primary analyses examined TC,
and we conducted subsidiary analyses to identify which of
constituent factors were driving the observed effects.

We focused on the early- to mid-life (as opposed to late-
life) age range, given that higher TC and other forms of
vascular risk in this period are associated with adverse
events in later life, such as increased vulnerability for cog-
nitive decline [van Vliet et al., 2009]. Thus, neural evidence
of premature aging may be evident earlier than the cogni-
tive declines observed in later life. We also performed
exploratory analyses testing whether PTSD exacerbates the
impact of TC and age on brain networks and cognitive
health, which was possible given that our sample con-
sisted of Veterans with large variation in stress-related
pathology. Finally, to further characterize observed differ-
ences in network properties, we examined the relationship
between network findings and an index of day-to-day
functional disability, along with several measures of neu-
ropsychological function.

MATERIALS AND METHODS
Participants

Veterans of Operations Enduring Freedom, Iraqi
Freedom, and New Dawn were recruited via outreach at
military-associated events. Study exclusion criteria were:
history of neurologic illness or seizure disorders unrelated
to head injury, current diagnosis of schizophrenia, bipolar,
or other psychotic disorder, severe depression or anxiety,
current active homicidal and/or suicidal ideation with
intent, cognitive disorder due to a general medical condition
other than traumatic brain injury (TBI), and psychological

diagnosis that would interfere with accurate data collection.
Data was collected from 221 participants, and data for 15
participants were excluded from analyses due to: missing
TC (n=3), susceptibility artifact (n=4), motion >3 mm
(n=28). The final sample size was 206 (9.7% female, mean
age=2323, SD=87; 69% White, 10% Black/African
American, 16% Hispanic/Latino, 1% American Indian, 3%
Asian). Ninety-five percent of the sample had one or more
deployments (1 deployment = 64%, 2 =26%, >2 = 5%) and
the remainder were pre-deployed. All research was
conducted with the understanding and written consent of
each participant.

Assessment
Cholesterol

TC (mean=1822, SD=36.3), HDL (mean=47.38,
SD =12.4), LDL (mean=112.7, SD=32.3), and triglycer-
ides (mean =133.0, SD = 98.3) were assessed via a fasting
blood panel (Quest Diagnostics). Triglyceride level for one
participant was found to be an extreme outlier and was
reigned in to the 2.5 standard deviation level. Reliability
information for cholesterol measures was not available for
the present data, in particular. However, Quest Diagnos-
tics participates in the College of American Pathologists
proficiency testing program, and the results of this testing
indicates very high reliability. For example, coefficients of
variation (lower values indicate higher reliability) for January
2016 for the laboratory where the present testing was com-
pleted were: TC=1.4%, HDL=2.5%, and triglycerides =
1.9%. Thus, these data indicate that cholesterol measurement
via the methods used herein are highly stable and reliable.

Figure 1 displays a histogram of age, plotted separately
for low and high TC (as determined by a median split). The
TC median was 180 mg/dL, and values above this point are
indicative of clinically elevated TC levels [Stamler et al.,
1986].

Posttraumatic stress disorder

Current PTSD diagnosis was assessed via the Clinician
Administered PTSD Scale [Blake et al., 1995], a semi-structured
clinical interview (51.5% of the sample met criteria).

Functional disability

Functional disability within the past 30 days was
assessed via the World Health Organization Disability
Assessment Schedule II (WHODAS) [World Health
Organization, 2001]. We summed two subscales to create
one measure of disability. The first measured the number
of days in which the participant was “totally unable to
carry out...usual activities or work,” and the second
measured the number of days in which the participant
had to “cut back or reduce...usual activities” (excluding
days in which participants were “totally unable”).
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Figure I.

Histogram of age separated by low and high total cholesterol.
The height of each column reflects the number of participants
whose age falls between in range denoted by the corresponding
label on the x-axis, plotted separately for low and high total
cholesterol (TC). Low TC participants had TC < 180 mg/dL and
are represented by striped bars, whereas high TC participants
had TC > 180 mg/dL and are represented by solid black bars.

Traumatic brain injury

TBI was examined as a covariate in analyses and was
assessed via the Boston Assessment of TBI-Lifetime [Fortier
et al., 2013], a semi-structured clinical interview.

MRI Acquisition and First Level Processing
Acquisition

Participants were instructed to remain still with eyes
open while 2 EPI runs (voxel size=3 X 3 X 3.75 mm,
TR = 3,000 ms, TE = 30 ms, scan time per run = 360 s, grid-
=64 X 64, # of slices =38) were acquired on a Siemens 3T
TIM Trio. Full brain coverage was achieved with the
exception of cerebellum, which was thus not examined.
Two MPRAGESs (voxel size=1 X 1 X 1.2 mm, T1 = 1,000
ms, TR=2,530 s, TE=3.32 ms, grid =240 X 256, # of
slices = 160) were acquired and averaged to create a single
high contrast-to-noise image.

FreeSurfer processing

Individualized cortical parcellations and subcortical seg-
mentations were created via FreeSurfer [Fischl et al., 2002].
Cortical surface models were manually checked slice-
by-slice and edited for accuracy. The Desikan/Killany
parcellation was used (34 regions per hemisphere), along
with subcortical segmentation (7 regions per hemisphere).
Frontal pole was excluded due to frequent susceptibility

artifact. Node maps were transformed from each partici-
pant’s anatomical space to functional space via a 6 dof
(i.e., rigid body) affine registration implemented by FSL’s
FLIRT.

Preprocessing of resting state fMRI

Data were preprocessed using the Graph Theory GLM
(GTG) toolbox version 0.42 [Spielberg et al., 2015] (www.
nitrc.org/projects/metalab_gtg; RRID: SCR_014075). Data
were motion corrected, detrended (linear and quadratic),
bandpass filtered (retaining 0.1-0.10 Hz), and the mean glob-
al, ventricular, and white matter signals were partialled out,
along with estimated motion parameters. Timeseries for Free-
Surfer nodes were extracted by calculating mean signal across
node for each time point, for each EPI run. Timeseries for the
EPI runs were concatenated after mean-centering each times-
eries within run, and an 80 X 80 Pearson correlation matrix
created for each participant. The top panel of Figure 2 dis-
plays the mean connectivity matrix across all participants,
organized by functional module (see below for description of
modules and the procedures used to derive these modules).
The bottom panel of Figure 2 displays a histogram of connec-
tivity values across all nodes and participants, along with the
distributions for each participant divided by older/younger
participants with higher /lower TC.

To insure that our choice of particular preprocessing
stream did not drive findings, preprocessing was repeated
with other options: (i) slice-timing correction, (ii) partialling
of the square, autocorrelation, and first derivative of motion
parameters, (iii) partialling the first derivative of global,
ventricular, and white matter signals, (iv) determination on
a participant-specific basis whether partialling of global signal
was necessary (via the Global Negative Index), (v) motion
scrubbing. Connectivity matrices remained extremely similar
(correlations > 0.97), indicating that present findings were not
specific to our choice of preprocessing stream.

Identification of Age/Cholesterol/
PTSD-Related Network Connections

To identify network connections that varied with age,
TC, and/or PTSD, connectivity matrices were entered as
dependent variables into the Network Based Statistic
(NBS) toolbox [Zalesky et al., 2010]. The first model con-
tained age, TC, and PTSD diagnosis as predictors, the 2-
way interactions were added in a second model, and the
3-way interaction was added in a third model. In NBS, the
regression model is first tested for each individual link,
following which a t-threshold is applied (t<3.25 in the
present study) to remove unassociated links. Next, clusters
of supra-threshold links (i.e., sets of links that share a
node with at least one of the other links in the cluster) are
located, and the corrected significance of each cluster is
computed based on the number of links in that cluster. In
particular, a corrected P-value is calculated by comparing
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Figure 2.

Mean connectivity matrix and histograms of connectivity val-
ues across all participants. Top panel: Each row/column
reflects one node, and each cell reflects the mean connectiv-
ity (Pearson correlation) across all participants between the
row and column nodes. The black lines delineate the four
modules. Bottom panel: The black histogram reflects con-
nectivity values across all nodes and participants. The height
of each column reflects the number of correlations whose
value falls between * 0.04 of the corresponding label on the
x-axis (e.g., the height of the column above 0.08 reflects the
number of correlations between 0.04 and 0.12). The four

the observed size against a null distribution of maximal
supra-threshold cluster sizes created via a non-parametric
permutation approach (5,000 randomizations in the pre-
sent study). This leaves an overall corrected o < 0.05.

small images on the right reflect the distributions of connec-
tivity values for older participants with higher cholesterol
(image with orange lines), older participants with lower cho-
lesterol (blue lines), younger participants with higher choles-
terol (purple lines), and younger participants with lower
cholesterol (red lines) (older/younger determined via median
split, higher/lower cholesterol split at 180 mg/dL). For each
of the four image, each line reflects the distribution (across
nodes) for a single participant, and the vertical green line
marks the 0 bin. [Color figure can be viewed at wileyonline-
library.com]

All models contained TBI and ethnicity nuisance covari-
ates. To decompose significant interactions, the sample
was divided at the median of the moderator, and regres-
sions computed in each group.
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Relationship to Functional Disability and
Cognitive Function

To determine the impact of connectivity differences on
day-to-day functioning and cognitive processes, mean con-
nectivity in significant networks was correlated with a mea-
sure of functional disability in the last 30 days (WHODAS)
and neuropsychological indices assaying four domains
of cognitive functioning: psychomotor speed, inhibition/
switching, working memory, and episodic memory. The
relationship between neuropsychological indices/ WHODAS
and age/TC/PTSD were also examined.

We examined four domains of cognitive functioning:
psychomotor speed, inhibition/switching, working memory,
and episodic memory. Psychomotor speed was assessed
using average reaction time for correct responses on the
Simple Reaction Time (SRT) task of the Cambridge Neuro-
psychological Test Automated Battery [Sahakian and Owen,
1992]. Inhibition/switching were measured using the Inhibi-
tion and Inhibition/Switching subtests from the Delis-Kaplan
Executive Function System Color-Word Interference Test
[Delis et al., 2001]. Specifically, performance on each subt-
est was measured as the sum of the total time and error
standard scores. Working memory was assessed using
the total standard score of the Digit Span subtest of the
Wechsler Adult Intelligence Scale, Fourth Edition
[Wechsler, 2008], and episodic memory was measured
using delayed free recall on the California Verbal
Learning Test — second Edition [Delis et al., 2000]. False
discovery rate [Benjamini and Yekutieli, 2010] was used
to correct (across tests) for multiple comparisons, and
corrected P-values are in brackets.

Mediation Analyses

For all neuropsychological indices significantly related
to both age/TC/PTSD and an extracted network, we
tested whether network connectivity mediated the rela-
tionship between age/TC/PTSD and neuropsychological
performance. Analyses were computed using the PRO-
CESS macro (PROCESS model 4) [Hayes, 2013] in SPSS
v20 with bias-corrected bootstrapped confidence intervals
(CI). For networks related to interactions, moderated medi-
ation analyses were carried out (PROCESS model 7, see
top of Fig. 5 for an example of this type of model).

Identification of Age/Cholesterol/
PTSD-Related Graph Theory Properties

To identify graph theory properties that varied with
age, TC, PTSD, and/or their interactions, graph properties
were computed and tested as dependent variables in
robust regressions in the GTG toolbox [Spielberg et al.,
2015] (www.nitrc.org/projects/metalab_gtg). The GTG
toolbox computes properties for each participant using the
Brain Connectivity Toolbox [Rubinov and Sporns, 2010].

Before graph properties were computed, each participant’s
connectivity matrix was thresholded to include only posi-
tive weights and normalized via division by the median
positive (excluding zeros) weight for each matrix. Normal-
ization was performed to remove bias due to individual
differences in overall network weight.

Three graph properties were examined, one indexing
Functional Integration (Global Efficiency) and two indexing
Centrality (Participation Coefficient, Within-Module Degree
Z-Score). Global Efficiency assays the efficiency of global
network communication. Specifically, Global Efficiency is
the mean of the (inverse) shortest paths between all nodes
(i.e., the extent to which nodes are connected to each other
through the fewest possible number of nodes). Participa-
tion Coefficient assays the diversity of between-module
communication (i.e., the extent to which a node is con-
nected to other modules, relative to its overall connectivi-
ty). Within-Module Degree Z-Score assays within-module
communication (i.e., the extent to which a node is con-
nected to other nodes within its own module). Formally
defined, modules are sets of regions having more within-
than between-module coupling. Modularity was computed
on the mean (across sample) network using the Louvain
algorithm followed by the Kernighan-Lin fine-tuning algo-
rithm. The Louvain algorithm is a greedy optimization
method that attempts to maximize Q modularity, which is
the sum of the within-module connectivities minus what
would be expected by chance. In the Louvain algorithm,
each node is first assigned to its own module, after which
a node is randomly selected and the change in modularity
due to moving that node to each neighboring node’s com-
munity is calculated. The move with the maximum change
is made, and this is repeated for all nodes until no
increase can be achieved. Next, a new network is created
wherein each module (i.e., set of nodes) becomes a node
and the links between these new nodes are the sum of the
links for each of the component nodes, and the process
begins anew using the new network. This loop is applied
until no further increase can be made, and the final
“nodes” reflect the modules. Thus, the number of modules
is derived from the data rather than defined a priori. This
module assignment is then passed to a variant of the
Kernighan-Lin algorithm, also a greedy optimization meth-
od, which performs fine-tuning using a similar procedure.
Given that the selection of nodes is random, this method
is not determinant. Thus, this entire process is (indepen-
dently) repeated 10,000 times, and the partition with the
highest ultimate modularity is chosen.

Module membership: module 1 (red nodes in Figs. 3
and 4) = caudate, putamen, pallidum, thalamus. Module 2
(green nodes) = amygdala, hippocampus, nucleus accum-
bens, medial orbitofrontal cortex, lateral orbitofrontal cor-
tex, inferior frontal gyrus pars orbitalis, rostral anterior
cingulate cortex, entorhinal cortex, middle temporal gyrus,
inferior temporal gyrus (ITG), temporal pole. Module 3
(yellow nodes) =insula, superior frontal gyrus, rostral
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Figure 3.

Networks in which connectivity strength is negatively related to
age. Representation of the two significant networks in which
connectivity strength was negatively related to age. Correction
for multiple comparison (across connections) was carried out
via permutation-based cluster correction. Circle/sphere color
reflects module. The module represented by red nodes consists
of striatal and thalamic nodes; the module represented by green
nodes consists of subcortical and inferior frontal and temporal
nodes, along with subcortical nodes; the module represented by
yellow nodes consists largely of superior frontal, temporal, and
parietal nodes; the modules represented by the blue nodes con-
sists of occipital and posterior parietal and temporal nodes (see

middle frontal gyrus, caudal middle frontal gyrus, inferior
frontal gyrus pars opercularis, inferior frontal gyrus pars
triangularis, caudal anterior cingulate cortex, posterior cin-
gulate cortex, banks of the superior temporal sulcus, supe-
rior temporal gyrus, transverse temporal gyrus, precentral
gyrus, postcentral gyrus, paracentral lobule, supramarginal
gyrus. Module 4 (blue nodes) =isthmus of the cingulate,
fusiform gyrus, parahippocampus, precuneus, superior
parietal lobule, inferior parietal lobule, cuneus, lateral
occipital cortex, lingual gyrus, pericalcarine cortex.
Importantly for the present work, Participation Coeffi-
cient and Within-Module Degree Z-Score can be used to
assess (age-related) network dedifferentiation (i.e., weaker
Within-Module Degree Z-score and stronger Participation
Coefficient). Node-specific properties were examined only
for the node with the highest number of differential con-
nections in the equivalent NBS analysis. Properties were
entered as dependent variables in robust regressions in the
GTG toolbox. Predictor models were the same as NBS
analyses. However, relationships were tested only for the

text for specific membership). Stick/ball figures created using
Kamada-Kawai spring embedder algorithm. R = right; L = left;
ACC = anterior cingulate cortex; MFG = middle frontal gyrus;
ITG = inferior temporal gyrus; SPL = superior parietal lobule.
For both A and B, the six 3d brain images at the top of each
panel show (clockwise from top left) an axial view from superior
to the brain, a coronal view from anterior to the brain, a sagittal
view from left of the brain, a sagittal view from right of the
brain, a coronal view from posterior to the brain, and an axial
view from inferior to the brain. [Color figure can be viewed at
wileyonlinelibrary.com]

predictor that was significant in the equivalent NBS analy-
sis. Significance was determined via permutation tests
(5,000 repetitions). False discovery rate was used to correct
(across properties) for multiple comparisons, and adjusted
P-values are in brackets. Significant interactions were
decomposed as described above.

Analyses to Rule out Confounds

Although TBI and ethnicity were included as nuisance
covariates in all NBS and GTG analyses, it remains possi-
ble that findings were driven by other potential confound-
ing factors. To rule this out, analyses were rerun with
additional nuisance covariates: gender, education, current/
past DSM-IV Axis I diagnoses (assessed via the Structured
Clinical Interview for the DSM-IV), alcohol use (assessed
via Lifetime Drinking History [Skinner and Sheu, 1982]
and the Short Michigan Alcohol Screening Test [Selzer
et al., 1975]), body mass index, weight, blood pressure,
cardiometabolic syndrome, diabetes mellitus, cigarette use,
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current prescription medication use, and average and max-
imum estimated motion. Medication categories tested
were: antihypertensive (used by 8% of the sample), choles-
terol (4%), diabetes (0.4%), antidepressant (19%), antiepi-
leptic (6%), sedative/hypnotic (5%), and pain (23%).
Importantly, all analyses remained significant when parti-
alling out variance associated with these measures.

RESULTS

For all analyses, only significant findings are reported. At
the bivariate level, PTSD was not correlated with TC
(r=—0.01, P=0.90) or age (r = —0.13, P = 0.06). TC was corre-
lated with age, albeit relatively weakly (r = 0.28, P < 0.01).
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Identification of Age/TC/PTSD-Related Networks

Increased age was associated with weaker connectivity
in two networks, one of which was largely subcortical (13
nodes, 20 links, corrected P < 0.01, AR*=0.24, Fig. 3A) and
the other temporoparietal (12 nodes, 12 links, corrected
P=0.01, AR>=0.13, Fig. 3B). Mean connectivity in the sub-
cortical network evidenced a significant negative relation-
ship with psychomotor speed (SRT; r= —0.22, P<0.01
[corrected P =0.01]), indicating that weaker network con-
nectivity is associated with slower psychomotor speed.

When the age X TC interaction was examined, we dis-
covered a network (24 nodes, 31 links, corrected P <0.01,
AR?=0.18, Fig. 4) centered on the banks of the right supe-
rior temporal sulcus in which participants with relatively
higher TC evidenced age-related decoupling. To decom-
pose this significant interaction, the sample was divided at
the TC median, and regressions computed in each group.
These analyses revealed that age was a significant predic-
tor of decoupling in the high (P <0.01) but not the low TC
group. Across all participants, mean connectivity in this
network evidenced a significant negative relationship with
disability (WHODAS; r=-0.19, P<0.01 [corrected P =
0.01]), with decoupling in this network predicting greater
real-world functional impairment. Mean connectivity also
evidenced a negative relationship with psychomotor
speed (SRT; r=—0.20, P <0.01 [corrected P =0.01]) and a
positive relationship with inhibition/switching (r = 0.20,

Figure 4.

Total cholesterol moderating the association between age and
network coupling. Representation of the significant network asso-
ciated with the interactive effect of age and total cholesterol. Spe-
cifically, connectivity strength in this network was negatively
associated with age in participants with higher levels of cholesterol,
whereas a positive relationship was found for participants with
lower cholesterol levels. Correction for multiple comparisons
(across connections) was carried out via permutation-based clus-
ter correction. Circle/sphere color reflects module. The module
represented by green nodes consists of subcortical and inferior
frontal and temporal nodes; the module represented by yellow
nodes consists largely of superior frontal, temporal, and parietal
nodes; the modules represented by the blue nodes consists of
occipital and posterior parietal and temporal nodes (see text for
specific membership). TC = total cholesterol; R = right; L = left;
ACC/PCC = anterior/posterior cingulate cortex; SFG/MFG/IFG =
superior/middle/inferior frontal gyrus; STG/MTG/ITG = superior/
middle/inferior temporal gyrus; bSTS = banks of the superior tem-
poral sulcus; IPL = inferior parietal lobule. The six 3d brain images
in panel A show (clockwise from top left) an axial view from
superior to the brain, a coronal view from anterior to the brain, a
sagittal view from left of the brain, a sagittal view from right of the
brain, a coronal view from posterior to the brain, and an axial view
from inferior to the brain. Panel C visualizes the relationship
between age and connection strength for high and low total
cholesterol based on median split (180 mg/dL). [Color figure can
be viewed at wileyonlinelibrary.com]
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Figure 5.

Network connectivity mediating relationship between age and
psychomotor speed differentially by cholesterol level. The top
panel depicts the overall (moderated mediation) model. The
bottom left and right panels decompose the age X total choles-
terol interaction by depicting the mediation aspect of the model
at high and low levels of total cholesterol, respectively (as deter-
mined via a total cholesterol median split at 180 mg/dL). Thus,
the bottom two panels reflect splitting of the top model by total
cholesterol levels. The indirect effect was significant for high
(bottom left) but not low (bottom right) TC. Numbers repre-
sent regression beta values. BRAIN NETWORK = mean connec-
tion strength for the network associated with the age X TC
interaction; SRT = simple reaction time (indexing psychomotor
speed); c = direct path of age to SRT without the brain network
variable in the model; ¢’ =direct path of age to SRT with the net-
work variable in the model; * = P < 0.05; **= P < 0.01.

P <0.01 [corrected P = 0.01]), both of which indicate that
weaker network connectivity is associated with worse task
performance.

To determine which components of TC accounted for
the age X TC interaction, regressions were computed
substituting HDL, LDL, or triglycerides for TC. LDL sig-
nificantly interacted with TC to predict mean connectivity
(P<0.01), whereas HDL and triglycerides did not. To
determine whether findings were being driven solely by
relatively older participants, all analyses were repeated
after excluding participants older than 40 (n =39, leaving
n=167 for analysis). Importantly, all analyses remained
significant in this subsample.

No significant main or interactive effects emerged for
PTSD diagnosis, and no main effects emerged for TC.

Network Connectivity as a Mediator of
Age-Related Decline in Psychomotor Speed

Given that increasing age was also directly related to
slower psychomotor speed in our sample (r =0.25, P <0.01
[corrected P < 0.01]), we assessed whether mean connectiv-
ity in the largely subcortical age-related network mediated

this relationship (for parameter scaling reasons, all varia-
bles were z-scored for these analyses). Mean connectivity
in this network was found to be a significant mediator of
the relationship between age and psychomotor speed
(indirect effect = 0.06, 95% CI =[0.01, 0.13]).

For the network related to the age X TC interaction, we
conducted moderated mediation (see top panel of Fig. 5),
with age as the independent variable, mean network con-
nectivity as the mediator, TC as the moderator of the
age—network connectivity relationship, and psychomotor
speed as the dependent variable. Moderated mediation
was significant (MM index =0.06, 95% CI=1[0.01, 0.12]).
To decompose this effect, we examined mediation sepa-
rately in high and low TC groups, based on median split
(>180 mg/dL). The indirect effect of age on slower psy-
chomotor speed via network decoupling was significant in
the high (indirect effect f =0.09, 95% CI =[0.02, 0.21], bot-
tom left of Fig. 5) but not low (= —0.01, 95% CI =[-0.07,
0.02], bottom right of Fig. 5) TC group.

To determine whether findings were being driven solely
by relatively older participants, all analyses were repeated
after excluding participants older than 40. Importantly, all
analyses remained significant in this subsample.

Age/TC/PTSD Associations With
Graph Theory Properties

Age was negatively related to Global Efficiency (P < 0.01
[corrected P =0.02], AR*=0.03), indicating that relatively
older (i.e., middle age) participants had less efficient over-
all communication in the global network. Age was also
negatively related to Participation Coefficient for both left
caudate (P = 0.03 [corrected P = 0.03], AR*> = 0.02) and right
ITG (P=0.01 [corrected P =0.02], AR*>=0.04), indicating
that these regions interact with fewer modules in middle
age participants. Finally, age was negatively related to
Within-Module Degree Z-Score for left caudate (P =0.01
[corrected P =0.02], AR® = 0.03), indicating that this region
had weaker connections with nodes within its module in
middle age participants.

The interaction between age and TC predicted Participa-
tion Coefficient (P <0.01 [corrected P=0.01], AR*=0.06)
and Within-Module Degree Z-Score (P <0.01 [corrected
P=0.01], AR*=0.05) for the banks of the right superior
temporal sulcus. Follow-up analyses revealed that age was
positively related to Participation Coefficient in the high
TC group (P =0.03) and was not a significant predictor at
lower TC. Follow-up analyses also indicated that age relat-
ed negatively to Within-Module Degree Z-Score in high
TC and positively in low TC, although this was not signifi-
cant in either group, indicating that the interaction was
driven by the relative differences in slope across TC levels.
Thus, age-related network dedifferentiation (i.e., higher
Participation Coefficient and lower Within-Module Degree
Z-Score with age) was found for participants with higher
TC.
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To determine which components of TC accounted the
age X TC interaction, regressions were computed
substituting HDL, LDL, or triglycerides for TC. Only LDL
significantly interacted with age to predict graph proper-
ties for the banks of the right superior temporal sulcus
(Participation Coefficient P =0.01, Within-Module Degree
Z-Score P<0.01). To determine whether findings were
being driven solely by relatively older participants, all
analyses were repeated after excluding participants older
than 40. The relationships between age and Global Effi-
ciency and caudate Within-Module Degree Z-Score, along
with the interaction of age and TC predicting Participation
Coefficient for the banks of the right superior temporal
sulcus, remained significant in this subsample. Additional-
ly, the age X TC interaction predicting Within-Module
Degree Z-Score for the banks of the right superior tempo-
ral sulcus was marginally significant (P = 0.08), suggesting
that the failure to find significance in this subsample is
simply due to the reduction in power (i.e., removal of 19%
of the sample). The relationships between age and Partici-
pation Coefficient for caudate and ITG were not significant
in this subsample, although the direction of effects
remained consistent. These failures to remain significant
may be due to the reduction in power and/or that these
effects are more applicable to older participants.

DISCUSSION

Does TC intensify age-related declines in functional
brain networks and related cognitive function? In the pre-
sent study, we provide preliminary evidence that this does
occur. First, we found a network centered on the banks of
the right superior temporal sulcus that evidenced age-
related decoupling, but only in participants with clinically
elevated (>180 mg/dL) TC levels (Fig. 4). Decoupling in
this network was also associated with slower psychomotor
speed and worse inhibition/switching (but not working or
episodic memory), indicating that weaker connectivity in
this network is associated with worse cognitive efficiency
and control. Furthermore, network decoupling mediated
age-related declines in psychomotor speed, but again only
in high TC participants (Fig. 5). Consistent with these find-
ings, network decoupling also corresponded to greater
day-to-day disability, demonstrating the translational
implications of this network for real-world functioning.

Second, we found that TC modulated the impact of age
on two graph theory properties of the banks of the right
superior temporal sulcus, each of which assays a different
aspect of network organization. In particular, age was
related to higher Participation Coefficient and lower Within-
Module Degree Z-Score, but only in high TC participants.

Participation Coefficient indexes the extent to which a
brain region interacts with different network modules (i.e.,
the diversity of between-module communication). In other
words, a high Participation Coefficient indicates that a
node functions as a hub for communicating with other

modules. Within-Module Degree Z-Score assays the extent
to which a region is connected to nodes within its own
module. In other words, a high Within-Module Degree Z-
Score indicates that a node functions as a hub for facilitat-
ing communication between nodes in a module. This pat-
tern of findings is consistent with age-related
dedifferentiation in higher TC participants in the network
surrounding the banks of the right superior temporal sul-
cus. Specifically, for participants with high TC, age was
related to decreasing within-module and increasing between-
module communication for the banks of the right superior
temporal sulcus, whereas this was not the case for low TC
participants.

The banks of the right superior temporal sulcus encom-
pass the posterior portion of superior temporal sulcus and
makes up part of temporoparietal junction (along with
inferior parietal lobule). Temporoparietal junction is recip-
rocally connected with prefrontal and temporal cortices
and receives input from an array of regions, including
thalamus and perceptual regions [Decety and Lamm,
2007]. As such, temporoparietal junction is thought to play
a key role in the integration of low-level information into
more complex representations [Decety and Lamm, 2007].
Right temporoparietal junction, in particular, is also
reliably recruited during bottom-up (stimulus-driven)
attention [Corbetta et al., 2008]. Thus, the age-related
dedifferentiation (in the banks of the right superior tempo-
ral sulcus) we observed in high TC may lead to inappro-
priate interruption of ongoing processing by stimulus-level
information. More broadly, the network in which TC and
age interacted to predict connectivity (Fig. 4) includes
(temporal and parietal) association and (frontal) executive
regions that show strong anatomical connectivity to the
banks of the right superior temporal sulcus/temporoparie-
tal junction. Thus, in the presence of higher TC, age may
be associated with disruption in the integration of lower-
level stimulus information into goal-directed behavior
(instantiated in executive and motor regions). This hypoth-
esis is consistent with our finding that decoupling in this
network mediated the relationship between age and psy-
chomotor speed (for high TC participants). Interestingly,
although this is a relatively young cohort, the banks of the
right superior temporal sulcus are highly vulnerable to
neuronal changes in Alzheimer’s disease [Gomez-Isla
et al., 1997; Killiany et al., 2000] and the nature of the link
between cholesterol and the development of Alzheimer’s
disease remains unclear [Ricciarelli et al., 2012]. Although
highly speculative, present findings may reflect a piece of
the mechanism by which higher TC levels may increase
risk for Alzheimer’s disease, at least in some individuals.

Follow-up analyses indicated that our findings were
driven by LDL levels, rather than by HDL or triglyceride
levels. LDL transports lipids (fats) extracellularly and is
associated with increased risk for cardiovascular disease
(e.g., atherosclerosis), whereas HDL is inversely associated
with cardiovascular disease [Manninen et al., 1992].
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Importantly, brain and serum (blood) cholesterol are inde-
pendently regulated, and serum cholesterol does not
appear to cross the blood-brain barrier (although, brain
cholesterol is excreted into the blood) [Dietschy, 2009].
Thus, serum TC likely has an indirect impact on neural
function, potentially via neurovascular changes. Alterna-
tively, serum TC may serve as an indirect proxy for brain
cholesterol levels linked by metabolic processes general to
central and peripheral regulation. Further research using
measures more closely related to brain cholesterol is need-
ed to determine potential mechanisms of action.

Age also evidenced several independent effects on brain
networks in this sample. Specifically, age was related to
decoupling in two networks, one largely subcortical (Fig.
3A) and one temporoparietal (Fig. 3B). Decoupling in the
subcortical network predicted slower psychomotor speed,
and network decoupling mediated the relationship
between age and psychomotor speed (across all partici-
pants), highlighting the behavioral importance of this net-
work. The subcortical regions central to this network (e.g.,
caudate, putamen) are crucial for direct regulation of
motor cortex, and thus behavior. These regions integrate
an array of neural signals via dopaminergic inputs from
substantia nigra and glutamatergic inputs from cingulate
and dorsal regions of prefrontal cortex [Haber, 2014].
Therefore, our finding that network decoupling mediated
the relationship between age and psychomotor speed may
reflect a disruption in this control circuit. Age was also
associated with less efficient communication across the
entire brain (Global Efficiency), along with lower left cau-
date between- and within-module communication (Partici-
pation Coefficient, Within-Module Degree Z-Score,
although these findings did not remain significant when
excluding participants over 40). Thus, overall connectivity
for this region appears to be reduced as age increases,
rather than evidencing age-related dedifferentiation as
found for the banks of the right superior temporal sulcus.

Interestingly, no effects (main or interaction with age
and/or TC) were found for PTSD diagnosis. This may be
due to the complex relationship between stress, TC, and
cognitive health in the aging process, which may not be
reflected in differential brain network topology. Regard-
less, research examining the effects of stress exposure on
physical health and neural network functioning over the
life course will be important for explaining the elevated
rates of neurodegenerative disorders in samples with
chronic stress exposure [Yaffe et al., 2010].

Strengths and Limitations

The present work benefited from a number of strengths,
including a large sample size, extensive characterization of
medical and clinical phenomenon, and the use of analysis
methods that assay network function at a high level of
complexity. As with any study, some limitations must be
considered. For example, as mentioned above, it is

possible that serum TC influenced brain circuitry via its
impact on neurovascular function (e.g., atherosclerosis).
Given that the fMRI signal is dependent on blood flow,
present findings may reflect overall vascular differences
(i.e., reduced blood flow) rather than connectivity per se.
However, vascular reduction would likely have a more
widespread impact than the relatively small network
observed herein, which makes up less than 1% of the
potential connections. Thus, it is unlikely that our findings
are primarily driven by overall vascular reduction. How-
ever, future research that corrects for overall vascular
response (e.g., via measurement of hypercapnia) is needed
before firm conclusions can be drawn. In addition, it is
possible that the use of a Veteran sample influenced pre-
sent findings. Future studies in civilian cohorts are needed
to assess the generalizability of the present work.

Although not a limitation, per se, it is important to note
that the present work focused on functional networks,
which do not map directly onto anatomical (white matter)
connections. Thus, observed differences in connectivity
may not be directly anatomically mediated (via white mat-
ter). Future work should conduct similar network analyses
on white matter networks (via diffusion-weighted imag-
ing) to determine what aspects of present findings are
reflected anatomically.

Despite these limitations, present work provides novel
preliminary evidence that TC intensifies age-related brain
network decoupling that, in turn, impacts cognitive func-
tion. Given the relatively young age of the sample, it is
noteworthy that we observed age-related decline in net-
work connectivity that was associated with real-world
functional impairment. Present findings provide novel
insight into the deleterious effects of cholesterol on brain
health in early to midlife and suggest that cholesterol
accelerates the impact of age on neural trajectories by dis-
rupting network connectivity in regions implicated in inte-
grative processes and behavioral control.
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