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ARTICLE INFO ABSTRACT

Keywords: Cardiovascular disease risk factors (CVD-RFs) are associated with decreased gray and white matter integrity and
Cardiovascular disease risk factors cognitive impairment in older adults. Less is known regarding the interplay between CVD-RFs, brain structural
Tract-based structural connectivity connectome integrity, and cognition. We examined whether CVD-RFs were associated with measures of tract-
g;;i?ﬁ?fory based structural connectivity in 94 non-demented/non-depressed older adults and if alterations in connectivity
Dementia mediated associations between CVD-RFs and cognition. Participants (age =68.2 years; 52.1% female; 46.8%
Black) underwent CVD-RF assessment, MRI, and cognitive evaluation. Framingham 10-year stroke risk (FSRP-10)
quantified CVD-RFs. Graph theory analysis integrated T1-derived gray matter regions of interest (ROIs; 23 a-priori
ROIs associated with CVD-RFs and dementia), and diffusion MRI-derived white matter tractography into con-
nectivity matrices analyzed for local efficiency and nodal strength. A principal component analysis resulted in
three rotated factor scores reflecting executive function (EF; FAS, Trail Making Test (TMT) B-A, Letter-Number
Sequencing, Matrix Reasoning); attention/information processing (AIP; TMT-A, TMT-Motor, Digit Symbol); and
memory (CVLT-II Trials 1-5 Total, Delayed Free Recall, Recognition Discriminability). Linear regressions between
FSRP-10 and connectome ROIs adjusting for word reading, intracranial volume, and white matter hyperintensities
revealed negative associations with nodal strength in eight ROIs (p-values<.05) and negative associations with
efficiency in two ROIs, and a positive association in one ROI (p-values<.05). There was mediation of bilateral
hippocampal strength on FSRP-10 and AIP, and left rostral middle frontal gyrus strength on FSRP-10 and AIP and
EF. Stroke risk plays differential roles in connectivity and cognition, suggesting the importance of multi-modal

neuroimaging biomarkers in understanding age-related CVD-RF burden and brain-behavior.
1. Introduction demonstrated that CVD-RFs are associated with both gray and white
matter brain structures associated with risk for and development of de-
With no curative therapies currently available for Alzheimer's disease mentia. For example, both hypertension (Beauchet et al., 2013; Firbank
(AD) or related dementias, attention has shifted to identifying modifiable et al.,, 2007; Wiseman et al., 2004) and Type 2 diabetes mellitus (DM;
risk factors, such as cardiovascular disease risk factors (CVD-RFs), that Roberts et al., 2014) have been associated with less whole brain volume
could delay or even prevent the onset of dementia. Prior work has and decreases in hippocampal volumes in otherwise healthy older adults.

Abbreviations: AIP, Attention and Information Processing Speed; ANTs, Advanced Normalization Tools; BCT, Brain Connectivity Toolbox; BET, Brain Extraction
Tool; CVD-RFs, Cardiovascular Disease Risk Factors; DM, Type 2 Diabetes Mellitus; FAS, Letter Fluency; FSRP-10, Framingham 10-Year Stroke Risk Profile; HAM-D,
Hamilton Depression Rating Scale; LH, Left Hemisphere; PCA, Principal Component Analysis; PVIQ, Predicted Verbal Intelligence Quotient; RH, Right Hemisphere;
ROIs, Regions of Interest; SMI, Subjective Memory Impairment; TMT, Trail Making Test; WTAR, Wechsler Test of Adult Reading.
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Additionally, lifespan studies examining a variety of CVD-RFs including
hypertension, DM, smoking, and obesity found relationships between
increased cardiovascular disease risk and decreased whole brain and
hippocampal volumes, as well as alterations in frontal and posterior re-
gions of the brain (Debette et al., 2011; Gonzales et al., 2017; Leritz et al.,
2011). Likewise, hypertension and DM are associated with increased
white matter hyperintensities (WMH), i.e., change of pallor in white
matter as seen on T2-FLAIR scans (Debette et al., 2011; Iadecola et al.,
2016; Meusel et al., 2014), as well as alterations in diffusion-tensor im-
aging (DTI) measures of white matter microstructural integrity (Gonzales
et al., 2017; Hoogenboom et al., 2014; Jacobs et al., 2013; Kennedy and
Raz, 2009; Wang et al., 2015). More specifically, hypertension, current
smoking, and DM were all associated with worse white matter integrity
in several white matter tracts including association and commissural
tracts (de Groot et al., 2015), as well as the uncinate fasciculus, inferior
and superior lateral fasciculi, and anterior thalamic radiation (McEvoy
et al., 2015). However, less is known regarding the interplay of CVD-RFs
with the structural integrity between gray matter regions (cortical and
subcortical), and their connecting white matter.

Thus, while great strides have been made in understanding the impact
of CVD-RFs in gray and white matter as they relate to cognition, a more
integrated approach to understanding the tract-based structural con-
nectivity between gray matter regions, subcortical structures, and con-
necting white matter is warranted (Iadecola, 2013). Initial work in this
area has focused on the relationship between CVD-RFs and functional,
rather than structural, connectivity. For example, a functional connec-
tivity analysis revealed that compared with controls, hypertensive older
adults had reduced frontal-parietal activity, which mediated the rela-
tionship between white matter integrity in the superior longitudinal
fasciculi and executive function (Li et al., 2015). Thus far, however, there
has been minimal work examining the structural connectivity of white
matter and gray matter as it relates to CVD-RFs.

Advances in image analytics through the application of graph theory
have made it possible to examine various structural connectivity indices
that combine gray matter volumes and diffusion-weighted measures of
white matter integrity (Rubinov and Sporns, 2010). These advanced
neuroimaging methods allow analysis of brain structure in a more inte-
grated form; for example, efficiency of local networks is determined by
the path length (a proxy for white matter tracts) across nodes (or gray
matter regions) within a region, and nodal strength of networks indicates
the sum of the weights of the paths connected to a node. The application
of these graph theory-based metrics to investigating the effect of
CVD-RFs on structural connectivity is critical as it could help target areas
vulnerable to cardiovascular dysfunction and signify biomarkers that
could be targeted in prevention studies against cognitive decline.

This project investigated the associations between CVD-RFs, tract-
based structural brain connectivity, and cognition. Not surprisingly given
the role CVD-RFs play in brain gray and white matter alterations, there is
a large literature outlining the effect of these same risk factors on
cognitive function (Iadecola et al., 2016; Lamar et al., 2015), particularly
in domains of executive function (Elias et al., 2004), processing speed
(Llewellyn et al., 2008), and to a lesser extent, memory (Gifford et al.,
2013). Thus, we focused on these cognitive domains in this
cross-sectional, community-based study of non-demented/non-depressed
older adults. We specifically examined whether CVD-RFs are associated
with structural connectivity in key brain regions associated with car-
diovascular health and AD (Beauchet et al., 2013; Boots et al., 2015;
Cardenas et al., 2012; Dickerson et al., 2009; Glodzik et al., 2012; Lamar
et al., 2012; Moulton et al., 2015; Pini et al., 2016) and if this connec-
tivity mediates the well-established link between CVD-RFs and cognition.
We hypothesized that higher CVD-RFs will be associated with lower local
efficiency, i.e., path length across nodes within a region, and lower nodal
strength, i.e., the sum of the weights of the paths connected to a node. We
further hypothesized that efficiency and nodal strength metrics will
mediate the relationship between cumulative CVD-RF burden and a
priori chosen cognitive domains of executive function, attention and
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information processing, and memory.
2. Material and methods
2.1. Participants

Participant data for this study came from a larger study of healthy
aging and CVD-RFs at the University of Illinois at Chicago (UIC)
Department of Psychiatry. The study was approved by the UIC Institu-
tional Review Board (IRB) and conducted in accordance with the
Declaration of Helsinki with written informed consent obtained from all
participants. This study has also been approved by the Rush University
Medical Center IRB with all requisite data use agreements in place prior
to data analysis. Research data is confidential given that we do not have
participant approval to share data with outside investigators; however,
all code relevant to this study is available upon request.

Interested individuals underwent a brief telephone screening to
determine initial study eligibility. At this screen, exclusion criteria con-
sisted of self-reported current or past history of neurological conditions
including AD or any other form of dementia or mild cognitive impair-
ment, Parkinson's disease or any other movement disorder, stroke, or
seizure disorder, current or past history of Axis I or II disorders (e.g.,
depression or bipolar disorder), a history of head injury or loss of con-
sciousness, a present or past history of substance abuse or dependence,
psychotropic medication use, or contraindications for magnetic reso-
nance imaging (MRI) including metallic implants. A self-reported history
of stable (e.g., diabetes) or remitted medical illness (e.g., cancer) was not
an exclusionary factor. Individuals were not eligible for this study if they
had received cognitive testing within the past year, or if they reported
current involvement in a study with cognitive testing.

Individuals who passed this initial screen were then scheduled for a
more intensive evaluation of inclusion and exclusion criteria. This eval-
uation consisted of affective and cognitive screens including the Struc-
tured Clinical Interview for DSM-IV-TR (SCID; First et al., 2002) and the
Mini Mental State Examination (MMSE; Folstein et al., 1975). These
screening measures were administered by a trained research assistant,
and were followed by a blinded evaluation by a psychiatrist, who
completed the 17-item Hamilton Depression Rating Scale (HAM-D;
Hamilton, 1960). Participants were also asked about subjective memory
impairment (SMI) during this time.

Final inclusion criteria consisted of an absence of psychiatric symp-
toms based on the SCID, a score <8 on the HAM-D, an MMSE score >24,
as well as an absence of SMI. All study participants completed the Beck
Depression Inventory (BDI; Beck et al., 1996) as well as the Beck Anxiety
Inventory (BAL Beck and Steer, 1990) for a subjective measure of
depressive and anxiety symptomatology, respectively. In total, 121 in-
dividuals met final inclusion criteria for the overall study. Ten partici-
pants received their evaluations in Spanish and were excluded given that
not all aspects of the cognitive assessment outlined below were Eng-
lish/Spanish compatible. This left 111 potential participants for the
current study.

2.2. Study protocol

2.2.1. Cardiovascular disease risk factor (CVD-RF) assessment
Participants underwent a CVD-RF assessment with a registered nurse
in the Center for Clinical and Translational Science's Clinical Research
Center (CRC) at UIC. This evaluation consisted of a medical history and
physical examination, in addition to two seated blood pressure readings
separated by 5 min and an electrocardiogram. A 12-h fasting blood draw
for quantification of glucose, hemoglobin Alc, lipid profiles, and other
blood-based biomarkers was also performed. Given our interest in the
impact of CVD-RF burden on tract-based structural connectivity and
cognition, we chose to use a comprehensive measure of risk, namely the
Framingham Stroke Risk Profile (FSRP). The FSRP is a widely-used
measure of cardiovascular risk that has recently been revised from its
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PAL

original version (Wolf et al., 1991) to more accurately predict stroke risk
in diverse populations at time ‘t’ (Dufouil et al., 2017). The revised metric
incorporates age, sex, systolic blood pressure, anti-hypertensive therapy,
diabetes, smoking, cardiovascular disease, and atrial fibrillation which
we used to calculate 10-year risk of stroke, i.e., t=10 (FSRP-10; see
Dufouil et al, 2017, for calculation specifics). FSRP-10 was
log-transformed to normalize the FSRP-10 distribution.

2.2.2. Neuroimaging acquisition and processing

Participants underwent neuroimaging at UIC's Center for Magnetic
Resonance Research. Whole brain images were acquired on a GE MR 750
Discovery 3T scanner (General Electric Health Care, Waukesha, WI)
using an 8-channel head coil. Participants were positioned supine on the
scanner table, with earplugs to improve patient comfort and foam pads to
minimize head movement. Participants were instructed to remain still
throughout the scan. Sequences relevant for the current analyses
included high resolution three-dimensional T1-and T2-weighted images
and diffusion MRI. The T1-weighted images were acquired using a Brain
Volume (BRAVO) imaging sequence (field of view: FOV = 22 mm; voxel
size =0.42x0.42 x 1.5mm>; 120 contiguous axial slices; TR/
TE = 1200 ms/5.3 ms; flip angle = 13°) for quantification of gray matter
volumes. A set of multi-slice T2-weighted fluid-attenuated inversion re-
covery (FLAIR) images was acquired using a two-dimensional PROPEL-
LER sequence (FOV=22cm, voxel size=0.35x0.35 x 3.0 mms, 40
contiguous axial slices, TR/TI/TE =9500 ms/2500 ms/93.3 ms, flip
angle =142.35°) for collection of WMH. Diffusion MRI images were
acquired using 2-D spin-echo EPI sequence (FOV =20mm; voxel
size = 0.78x0.78 x 3.0 mm?; TR/TE = 5525/93.5 ms; flip angle =90°)
for measures of white matter integrity. Forty contiguous axial slices
aligned to the AC-PC line were collected in 32 gradient directions with
b= 1400 s/mm? and 6 baseline (bo) images.

Described in detail elsewhere (Boyle et al., 2016), quantification of
WMH first involved registering the T1-weighted BRAVO data for each
participant to the T2-weighted FLAIR data using affine registration
(FLIRT, FMRIB, University of Oxford, UK; Smith et al., 2004). Brains were
extracted from the co-registered BRAVO and FLAIR image volumes (BET,
FMRIB, University of Oxford, UK; Smith, 2002). WMHs were then
automatically segmented using a support vector machine classifier
considering both BRAVO and FLAIR information for each participant
(WMLS, SBIA, University of Pennsylvania; Zacharaki et al., 2008). WMH
volume was log-transformed to normalize the WMH distribution.

Structural connectivity networks were created using a pipeline that
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Fig. 1. Gray matter regions of interest asso-
ciated with both cardiovascular risk factors
and dementia. Colors do not necessarily
delineate specific brain regions, as some
colors were used more than once in identi-
fying regions of interest. ACC =accumbens

area; AMYG =amygdala; CAC = caudal
anterior cingulate; CAU = caudate;
CMF =caudal middle frontal gyrus;

ENT = entorhinal cortex; HIPP = hippocam-
pus; IC=isthmus cingulate; IPA = inferior
parietal cortex; ITG =inferior temporal
gyrus; MTG =middle temporal gyrus;
PAL = pallidum; PC = posterior cingulate;
PO = pars orbitalis; POP = pars opercularis;
PREC = precuneus; PT =pars triangularis;
PUT =putamen; RAC=rostral  anterior
cingulate; RMF =rostral middle frontal
gyrus; SF = superior frontal gyrus; SPA = su-
perior parietal cortex; SUP = supramarginal
gyrus.

integrates a series of image processing and analysis techniques. First, T1-
weighted images were used to generate label maps for volumetric seg-
mentation using FreeSurfer 6.0 software (https://surfer.nmr.mgh.harvar
d.edu/; Dale et al., 1999; Fischl et al., 1999). Each label map was
composed of 82 different gray matter regions of interest (ROI) using the
Destrieux atlas (Desikan et al., 2006; Destrieux et al., 2010; Fischl et al.,
2004). Intracranial volume (ICV) was also derived from FreeSurfer. Next,
for computation of probabilistic tractography (see Zhan et al., 2015 for a
more comprehensive description), diffusion MRI images were corrected
for eddy current distortions and head motion using the FSL (https://fsl.
fmrib.ox.ac.uk/fsl/; Jenkinson et al., 2012; Smith et al., 2004; Wool-
rich et al., 2009) eddy-correct tool (Andersson and Sotiropoulos, 2016)
and the non-brain tissue was removed using FSL Brain Extraction Tool
(BET; Smith, 2002). The gradient table was also corrected accordingly.
Diffusion tensors at each voxel were then estimated using the FSL dtifit
tool for calculation of three principal eigenvectors, and three eigen-
values, as well as fractional anisotropy (FA). Then, images were elasti-
cally registered to T1l-weighted scans using an inverse consistent
registration algorithm with a mutual information cost function via
Advanced Normalization Tools (ANTs; http://stnava.github.io/ANTs/;
Avants et al., 2014), see Leow et al. (2007) and Zhan et al. (2015). In
preparation for probabilistic tractography, we applied the FSL Bayesian
Estimation of Diffusion Parameters Obtained using Sampling Techniques
for modeling crossing fibers (Bedpostx; Behrens et al., 2007). This pro-
cess uses Markov Chain Monte Carlo sampling to “build up distributions
on diffusion parameters at each voxel” (https://fsl.fmrib.ox.ac.uk/fsl/);
we modeled up to three fibers per voxel.

For construction of connectivity matrices, FSL Probtrackx (Behrens
et al., 2003, 2007) was run on individual seed voxels with FA > 0.2.
Probtrackx repeatedly samples from the distributions of voxel-wise
principal diffusion directions calculated from Bedpostx, each time
computing probabilistic streamlines. Based on the provided data, this
builds a distribution on the likely tract location and path in the matrix.
One thousand iterations were run to ensure convergence of the Markov
chains. Finally, the matrix was formed by detecting the number of fibers
connecting ROI pairs determined from Probtrackx. The matrix is sym-
metric and has no self-connections (Zhan et al., 2013). Matrices were
normalized by adjusting for the volume of individual ROIs. See Zhan and
colleagues (Zhan et al., 2015) for additional information. Resulting
weighted and undirected matrices were then analyzed in Brain Connec-
tivity Toolbox (BCT; Rubinov and Sporns, 2010) as outlined below.
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2.2.3. Neuroimaging analyses

In graph theory, a network is a set of ‘nodes’ or brain regions with
‘edges’ or connections between them, i.e., white matter tracts. For this
study, we were interested in measures of local efficiency — a measure of
the average inverse path length across nodes for a given region — and
nodal strength — the sum of the weights of the paths connected to a node
(Rubinov and Sporns, 2010). Each of these measures were extracted for
analysis using BCT. Given that CVD-RFs as well as AD are known to
negatively affect frontal, parietal, hippocampal, and other regions of the
brain, we targeted specific ROIs (see Fig. 1) known to be affected by both
CVD-RF burden as well as AD, including the superior frontal gyrus,
inferior frontal gyrus (pars opercularis, pars triangularis, pars orbitalis),
rostral and caudal middle frontal gyrus, caudal and rostral anterior,
posterior, and isthmus cingulate cortex, entorhinal cortex, supramarginal
gyrus, middle and inferior temporal gyrus, hippocampus, amygdala, su-
perior and inferior parietal cortex, the basal ganglia (caudate, putamen,
pallidum, and accumbens), and precuneus (Beauchet et al., 2013; Boots
et al., 2015; Cardenas et al., 2012; Dickerson et al., 2009; Glodzik et al.,
2012; Lamar et al., 2012; Moulton et al., 2015; Pini et al., 2016). Mea-
sures of the right and left hemisphere were analyzed separately.

2.2.4. Cognition

Participants underwent a comprehensive neuropsychological evalu-
ation administered by trained research assistants supervised by a licensed
clinical neuropsychologist. For this project, we focused on cognitive tests
specifically associated with domains implicated in cardiovascular disease
risk (DeRight et al., 2015). Principal Component Analysis (PCA) with
Varimax Rotation was utilized to statistically group cognitive tests, with
factor loadings >0.6 per rotated component included in resulting com-
posite scores. In order to compute each composite score, relevant test
scores were recoded such that “better” scores were higher (i.e., multi-
plied reversed variables by —1), and z-scores were computed for each
cognitive variable. Finally, z-scores for the tests within each cognitive
domain were averaged for all participants for a final composite measure
of each cognitive domain of interest. The resultant cognitive domains,
and their relevant tests, are as follows: Executive Function — Trail Making
Test B minus A (Army Individual Test Battery, 1944), Letter Fluency
(Benton and Hamsher, 1976), Letter Number Sequencing (Wechsler,
1997), and Matrix Reasoning (Wechsler, 1997); Attention and Information
Processing — Trail Making Test A, Trail Making Test Motor (Army Indi-
vidual Test Battery, 1944), and Digit Symbol Coding (Wechsler, 1997);
Memory — California Verbal Learning Test —II (CVLT-II) Total Learning
Trials 1-5, Delayed Free Recall, and Recognition Discriminability (Delis
et al., 2000). Predicted verbal IQ (pVIQ) from the Wechsler Test of Adult
Reading (Wechsler, 2001) was used as a measure of educational quality,
as this is considered a more accurate means of assessing educational
attainment rather than years of education in racially/ethnically diverse
samples of older adults (Manly et al., 2002).

2.3. Statistical analyses

All analyses were conducted in SPSS Version 24, with p <.05 for
significance. Multivariate linear regression was used to evaluate the as-
sociations between FSRP-10 and connectivity measures of local effi-
ciency and nodal strength in key ROIs as listed in section 2.2.3.
Covariates in this model included ICV, WMH (log-transformed), and
educational quality as measured by pVIQ from the WTAR. Of note, age
and sex were not included as covariates as they are adjusted for within
the FSRP-10 calculation. Given we were testing pre-specified hypotheses,
we did not correct for multiple comparisons as doing so may have
decreased our power to detect true associations and increased the false
negative rate (Rothman, 1990).

Mediation analysis examined whether brain connectivity in signifi-
cant ROIs mediated the relationship between FSRP-10 and cognition
using the PROCESS Macro for SPSS (Hayes, 2018). Specifically, simple
mediation models (i.e., PROCESS Macro Model 4, seed = 100618) tested
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Table 1
Participant demographic information for full sample (n = 94).

Characteristic Mean + SD (Range)”
Age, years 68.16 + 6.70 (60-89)
Female, % 52.1
Race/Ethnicity, %

Non-Latinx White 45.7

Non-Latinx Black 46.8

Latinx 7.4
Right Handedness, % 90.4

Degree Years of Education
HAM-D Total (n = 82)

15.49 4+ 2.67 (10-22)
1.13+£1.45 (0-7)

BDI Total 2.98 +3.17 (0-26)
BAI Total (n=93) 2.4942.92 (0-11)
MMSE Total 28.72 +1.42 (25-30)

Latinx = Gender-neutral term for individuals with self-identified Hispanic/
Latin ethnicity; HAM-D = Hamilton Depression Rating Scale; BDI = Beck
Depression Inventory; BAI Beck Anxiety Inventory; MMSE = Mini
Mental State Examination.

# Values are Mean + SD (Range) unless otherwise stated.

Table 2
Framingham Stroke Risk Profile component breakdown for full sample.
FSRP Discrete Variables Present Absent
Smoking 8.5% 91.5%
Cardiovascular disease 3.2% 96.8%
Atrial fibrillation 1.1% 98.9%
Age 65+ 36.2% 63.8%
Diabetes mellitus, if age <65 0.0% 100.0%
Diabetes mellitus, if age 65+ 10.6% 89.4%
Hypertension medication 42.6% 57.4%
FSRP Continuous Variables Men Women
Age, years 66.62 (6.29) 69.57 (6.82)

Systolic blood pressure, mmHg 136.78 (17.51) 136.89 (15.88)

FSRP = Framingham Stroke Risk Profile, mmHg = millimeter of mercury.

the direct effect of FSRP-10 on connectivity metrics (path a), the direct
effect of connectivity metrics on cognition (path b), the direct effect of
FSRP-10 on cognition (path ¢’), and the indirect effect of FSRP-10 on
cognition via connectivity metrics (path ab), our effect of interest. The
indirect effect was tested based on 5000 bootstrap iterations utilizing a
95% confidence interval (CI), with CI's not including zero indicating
significance of the indirect effect. All models included ICV, WMH, and
educational quality as covariates.

3. Results
3.1. Participant characteristics

Of the 111 potential participants for this study, 2 did not complete the
entire behavioral protocol, 9 did not complete neuroimaging, 3 did not
pass our MRI quality assurance procedures pertaining to the sequences
needed for this study, and 3 had incidental findings; this brought our
final analytic sample to 94. These 94 participants were, on average, 68
years of age, with approximately 15 years of education. Women
comprised just over half of the sample, and nearly half of participants
self-identified as Black. MMSE, HAM-D, and other screening measures of
cognition and affect were all in the normal range, demonstrating the non-
demented, non-depressed nature of this sample (see Table 1).

The majority of participants were not deemed to have most CVD-RFs
included in the FSRP (i.e., smoking, cardiovascular disease, atrial fibril-
lation; see Table 2). They were, however, taking medication for hyper-
tension (43%), and averaged 137 mmHg systolic blood pressure, meeting
current criteria for hypertension (Whelton et al., 2018). Overall, the
probability of stroke in the next 10 years for both women and men in this
sample was 6%; this is consistent with average 10-year stroke risk
probability found by Dufouil et al. (2017).
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Table 3

The relationship between stroke risk and local nodal strength or efficiency while
adjusting for educational quality and intracranial volume in a cross-sectional
sample of older adults.

Region of Interest Mean B (SE) t-value p- partial
(SD) value  1?
Efficiency”
Hippocampus (LH) 1.690 -.329 —2.009 .048 .043
(.489) (.164)
Pars Opercularis (RH) 1.757 -.538 —2.042 .044 .045
(.812) (.264)
Supramarginal Gyrus 1.235 .366 2.840 .006 .083
(RH) (.400) (.129)
Nodal Strength
Amygdala (LH) .069 -.014 —2.007 .048 .043
(.020) (.007)
Hippocampus (LH) 172 -.056 —3.517 .001 122
(.053) (.016)
Hippocampus (RH) .249 -.085 —2.873  .005 .085
(.093) (.029)
Pars Triangularis (RH) .058 -.013 -2.137  .035 .049
(.018) (.006)
Rostral Middle Frontal .198 -.046 —2.475  .015 .064
Gyrus (LH) (.055) (.018)
Rostral Middle Frontal 197 -.050 —-2.991  .004 .091
Gyrus (RH) (.051) (.017)
Thalamus (LH) 161 -.031 -2.199  .030 .052
(.042) (.014)
Thalamus (RH) 191 -.037 —2.133 .036 .049
(.051) (.017)

LH = left hemisphere; RH = right hemisphere.
 Efficiency variables were multiplied by a factor of 1000 for ease of inter-
pretation of beta values.

3.2. Association between cardiovascular risk and structural connectivity

Linear regressions adjusted for ICV, WMH, and educational quality
revealed significant associations between FSRP-10 and local efficiency
within 3 of the 23 a priori ROIs, i.e., the left hippocampus, right pars
opercularis, and right supramarginal gyrus (all p-values <.05). Higher
10-year stroke risk was associated with lower local efficiency with the
exception of the right supramarginal gyrus, where higher 10-year stroke
risk was associated with higher local efficiency (see Table 3 and Fig. 2).
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Additionally, linear regressions adjusted for ICV, WMH, and educational
quality indicated associations between FSRP-10 and local nodal strength
in 8 of the 23 a priori ROIs, i.e., the left and right rostral middle frontal
gyrus, left and right hippocampus, left and right thalamus, right pars
triangularis, and left amygdala (all p-values <.05). In all associations,
higher 10-year stroke risk was associated with lower nodal strength (see
Table 3 and Fig. 2).

Due to the hypertensive nature of the sample, we were interested to
see whether hypertension variables within the FSRP-10 were driving the
aforementioned results. Thus, we re-ran the above analyses while only
including the demographic and hypertension portions of the equation,
i.e., age, sex, hypertension medication, and systolic blood pressure
related variables. For local efficiency, results indicated that the right
supramarginal gyrus retained significance (p = .012) while the right pars
opercularis and left hippocampus did not (p's>0.054). For nodal
strength, all results remained significant (p's < 0.050) with the exception
of the right pars triangularis, right thalamus, and left amygdala
(p's > 0.082).

3.3. Mediation of structural connectivity on cardiovascular risk and
cognition

Mediation analyses adjusting for ICV, WMH, and educational quality
tested the indirect effect (i.e., path ab) of significant structural connec-
tivity ROIs on the relationship between FSRP-10 and cognitive domains
of memory, executive function, and attention/information processing.
While mediation analyses of local efficiency yielded no significant find-
ings, mediation of nodal strength on the FSRP-10 and cognition rela-
tionship was observed. Specifically, results revealed significant
mediation of nodal strength in the left (indirect effect (ab): B
(SE) =—.174 (0.108); 95% CI=[-0.423 to —0.001]) and right hippo-
campus (indirect effect (ab): p (SE) = —0.186 (0.105); 95% CI = [-0.423
to —0.020]) on the relationship between FSRP-10 and attention/infor-
mation processing such that greater FSRP-10 was associated with lower
strength in the hippocampus, which was in turn associated with poorer
attention/information processing (see Fig. 3 and Supplementary
Table S1). Results also revealed significant mediation of nodal strength in
the left rostral middle frontal gyrus on the relationship between FSRP-10
and attention/information processing (indirect effect (ab): p

Fig. 2. Greater levels of CVD-RFS are associated with efficiency (orange) in the left hippocampus, right pars opercularis, right supramarginal gyrus, and nodal strength
(red) in the left amygdala, bilateral hippocampus, right pars triangularis, bilateral rostral middle frontal gyrus, and bilateral thalamus.
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Attention/Information

Processing

Fig. 3. Strength in the left (A) and right (B) hippocampus mediates the relationship between Framingham 10-year stroke risk and attention and information pro-
cessing such that greater stroke risk associates with decreased strength, which in turn is associated with poorer performance on measures of attention and infor-

mation processing.

(SE) = —0.146 (0.089); 95% CI=[-0.352 to —0.010]) and executive
function (indirect effect (ab): p (SE) = —0.101 (0.062); 95% CI = [-0.241
to —0.001]). Again, results indicated that greater FSRP-10 was associated
with lower strength in the left rostral middle frontal gyrus, which in turn
was associated with poorer attention/information processing and exec-
utive function (see Fig. 4 and Supplementary Table S2). Given that these
ROIs remained significant in the hypertension-only analyses above, we
did not re-run these analyses with a reduced FSRP-10 equation.

4. Discussion

This study addresses the understudied relationship between CVD-RFs,
cognition, and structural integrity of gray matter regions (cortical and
subcortical) and their connecting white matter tracts. Our results indicate
that CVD-RFs differentially impact the efficiency and nodal strength of
the tract-based structural connectome within AD-associated regions.
Specifically, higher 10-year stroke risk was associated with lower effi-
ciency in the left hippocampus and right pars opercularis, and higher
efficiency in the right supramarginal gyrus. Higher 10-year stroke risk
was also associated with lower nodal strength in bilateral rostral middle
frontal gyri, bilateral hippocampi, the thalamus bilaterally, right pars
triangularis, and left amygdala. Additionally, nodal strength of both the
left and right hippocampus mediated the association between FSRP-10
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and attention and information processing, while nodal strength in the
left rostral middle frontal gyrus mediated the association between FSRP-
10 and attention and information processing, as well as executive func-
tion. Together, these findings suggest that CVD-RFs differentially impact
efficiency and nodal strength of specific AD-related brain regions, which,
in turn, are differentially related to specific cognitive domains in non-
demented/non-depressed older adults.

While determining the underlying mechanisms for our differential
results associating CVD-RFs and tract-based structural connectomics is
beyond the scope of this cross-sectional study, existing literature points to
several factors that may impact efficiency and nodal strength in affected
regions. In addition to the role that CVD-RFs play in cortical gray matter
thinning of our identified ROIs (Beauchet et al., 2013; Friedman et al.,
2014; Leritz et al., 2011), associations between CVD-RF burden and nodal
strength may also be due, in part, to the fact that white matter tracts
permeating the identified regions are damaged, resulting in a breakdown
in information transfer to associated gray matter regions. This damage
may be caused by poor vasculature related to alterations in blood pressure
(Leritz et al., 2011) and/or insulin receptor expression and inflammation
related to diabetic symptomatology (Moulton et al., 2015). Of note and
contrary to our hypothesis, the right supramarginal gyrus showed greater
efficiency with higher CVD-RF burden; however, increases in local effi-
ciency have been shown to occur in aging, likely due to compensation for
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Fig. 4. Strength in the left rostral middle frontal gyrus mediates the relationship between Framingham 10-year stroke risk and attention and information processing
(A) and executive function (B) such that greater stroke risk associates with decreased strength, which in turn is associated with poorer performance on measures of

attention and information processing and executive function.

other altered brain regions (Barulli and Stern, 2013; Deslauriers et al.,
2017). Ultimately, the underlying mechanisms for our results cannot be
determined in this cross-sectional study, thus, longitudinal work is needed
to more fully understand the interplay of efficiency and nodal strength as it
relates to CVD-RF burden and cognition in aging.

Given the hypertensive nature of our sample, it was important to
assess whether our results were driven by this particular CVD-RF. Indeed,
results remained unchanged for several ROIs when utilizing a reduced,
hypertension-specific equation that accounted for age and sex. These
findings indicate that hypertension is a driving factor of nodal strength
and efficiency connectivity patterns in several brain regions, consistent
with literature investigating hypertension and individual gray and white
matter regions (Beauchet et al., 2013; Kennedy and Raz, 2009). This is
important to mention given the high prevalence of hypertension not only
in our sample, but in the aging population more generally (Fryar et al.,
2017). However, not all ROIs retained their significance when investi-
gating hypertension specifically, implying that other CVD-RFs, such as
diabetes and smoking, are likely contributing to the associations between
CVD-RF burden and connectivity in other brain regions. Thus, a
comprehensive evaluation of CVD-RF burden remains appropriate in
relation to understanding cognition and brain aging.

Evidence for mediations of nodal strength, but not efficiency, on the
relationship between CVD-RF burden and cognition suggest it is the path
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weights and not the path length that is associated with greater CVD-RF
burden and subsequently alterations in cognition. Given our 23 ROISs,
this appeared most relevant for bilateral hippocampi nodal strength and
attention and information processing, as well as left rostral middle frontal
gyrus nodal strength and attention and information processing and ex-
ecutive function. These findings integrate prior work in older adults
reporting one-to-one relationships between hippocampal volume and
CVD-RFs (Beauchet et al., 2013), nodal strength (Zhu et al., 2012), and
attention (Aly and Turk-Browne, 2017) and information processing
speed (O'Shea et al., 2016; Papp et al., 2014). They also extend previous
findings showing relationships between greater CVD-RFs and less volume
in the middle frontal gyrus (Leritz et al., 2011) and middle frontal gyrus
neurodegeneration in aging (Samson and Barnes, 2013) that is associated
with both attention (Japee et al., 2015) and executive dysfunction (Yuan
and Raz, 2014). Taken together, disruption of the nodal strength of the
hippocampus and rostral middle frontal gyrus may be caused by
CVD-RFs’ injurious effects on white matter near these regions, which
slows communication throughout structural networks associated with
attention and information processing and executive function (Aly and
Turk-Browne, 2017; Samson and Barnes, 2013).

Strengths of this study include the use of tract-based structural con-
nectomics to better understand the interplay between gray matter re-
gions (cortical and subcortical) and their connecting white matter tracts
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as it relates to CVD-RF and AD-related regions of interest. We utilized
probabilistic tractography to allow for better delineation of crossing fi-
bers in the brain, and ultimately a more accurate depiction of white
matter tracts in regions with dense fiber connections (Zhan et al., 2015).
Adjustment for WMH volumes in our analyses also strengthens our re-
sults, given the impact WMH can have on both structural connectivity
and cognition (Langen et al., 2018). Additionally, this study utilized the
most recent version of the FSRP (Dufouil et al., 2017), allowing for a
more nuanced understanding of CVD-RFs and their combined influence
on structural connectivity and cognition. Further, this work involved a
racially and ethnically diverse cohort of non-demented/non-depressed
older adults. Due to the cross-sectional nature of this study, however,
we are unable to determine the direction of the relationships reported.
Although we found associations with CVD-RFs and attention and infor-
mation processing and executive function, we did not see similar re-
lationships with memory as previously outlined in the literature using
gray or white matter metrics. Nevertheless, our tract-based structural
connectome findings provide not only better understanding of the
interplay between gray matter regions (cortical and subcortical) and their
connecting white matter as it relates to CVD-RF burden and brain aging,
but also new insight into potential brain-mediated pathways by which
CVD-RFs affect cognition.

5. Conclusions

Our work highlights the usefulness of tract-based structural con-
nectomics to provide insight into the associations between CVD-RFs and
brain-behavior relationships. Additionally, this work shows that there
are detectable alterations in brain connectivity that associate with subtle
alterations in cognitive function in the presence of CVD-RFs in non-
demented/non-depressed older adults. If replicated and explored longi-
tudinally, early detection of altered brain-behavior relationships in the
context of CVD-RFs could point toward biomarkers that may be useful
targets in prevention studies against cognitive decline and AD. At a
minimum, our results provide support for the fact that CVD-RFs interact
with brain and cognitive health in the absence of gross cognitive
impairment or dementia at preclinical time points during which in-
terventions may still be possible against pathological aging including AD.
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