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Abstract: Cerebral small vessel disease (SVD), including white matter hyperintensities (WMH), lacunes
and microbleeds, and brain atrophy, are related to cognitive impairment. However, these magnetic reso-
nance imaging (MRI) markers for SVD do not account for all the clinical variances observed in subjects
with SVD. Here, we investigated the relation between conventional MRI markers for SVD, network effi-
ciency and cognitive performance in 436 nondemented elderly with cerebral SVD. We computed a
weighted structural connectivity network from the diffusion tensor imaging and deterministic streamlin-
ing. We found that SVD-severity (indicated by higher WMH load, number of lacunes and microbleeds,
and lower total brain volume) was related to networks with lower density, connection strengths, and net-
work efficiency, and to lower scores on cognitive performance. In multiple regressions models, network
efficiency remained significantly associated with cognitive index and psychomotor speed, independent of
MRI markers for SVD and mediated the associations between these markers and cognition. This study
provides evidence that network (in)efficiency might drive the association between SVD and cognitive
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performance. This hightlights the importance of network analysis in our understanding of SVD-related
cognitive impairment in addition to conventional MRI markers for SVD and might provide an useful tool
as disease marker. Hum Brain Mapp 37:300–310, 2016. VC 2015 Wiley Periodicals, Inc.
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INTRODUCTION

Cerebral small vessel disease (SVD)-related brain lesions
include white matter hyperintensities (WMH), lacunes of pre-
sumed vascular origin, microbleeds, and brain atrophy [Pan-
toni, 2010; Wardlaw et al., 2013]. SVD is frequently observed
in elderly individuals [de Leeuw et al., 1999] and is an impor-
tant cause of cognitive and motor impairment [de Laat et al.,
2011; Prins et al., 2005]. Despite several studies using conven-
tional magnetic resonance imaging (MRI) and diffusion tensor
imaging (DTI) [Roman et al., 2002; Tuladhar et al., 2015a,b;
van Norden et al., 2012a], it is still incompletely understood
how SVD relates to these clinical symptoms. A presumed
mechanism is that SVD disrupts the structural connectivity
within a large-scale brain network, thereby impairing the
brain’s ability to integrate the neural processes efficiently.

Graph theory is a mathematical tool that allows for the analy-
sis and quantification of these large-scale brain networks [Bull-
more and Sporns, 2009] and their relationship with cognitive
function. Structural connectivity can be derived from imaging
techniques such as DTI followed by whole-brain tractography
[Gong et al., 2009; Shu et al., 2009; Verstraete et al., 2011; Zale-
sky et al., 2011]. In graph-theoretical framework, a structural
network consists of a set of nodes (brain regions) connected by
edges (white matter tracts). Recently, several studies showed
that the network efficiency is associated with cognition in vari-
ous diseases with white matter abnormalities [Lawrence et al.,
2014; Reijmer et al., 2013, 2015; Wen et al., 2011b]. However, it
is not yet clear, how network efficiency relates to the conven-
tional MRI markers for SVD markers (WMH, lacunes, micro-
bleeds, and brain atrophy) and to cognitive performance in
cognitively rather healthy participants with various degrees of
SVD, while taking these MRI markers for SVD into account.

We hypothesized that the SVD-severity, indicated by MRI
markers for SVD, is related to network efficiency, and on its
turn with cognitive performance, independent of these MRI
markers. To this end, we measured the degree of the struc-
tural connectivity using DTI and whole-brain tractography in
participants with SVD. Graph-theoretical analyses were then
conducted to examine the relation between MRI markers for
SVD, network efficiency, and cognitive performance from a
network perspective.

MATERIAL AND METHODS

Study Population

The study sample is part of the “Radboud University
Nijmegen Diffusion tensor and MRI Cohort” (RUN DMC)

study [van Norden et al., 2011], a prospective study that
was designed to investigate risk factors and cognitive,
motor, and mood consequences of functional and struc-
tural brain changes as assessed by MRI among elderly
with cerebral SVD. The primary study outcome of the lon-
gitudinal part of this study is the development of demen-
tia or parkinsonism.

Cerebral SVD is characterized on neuroimaging by
either WMH and/or lacunes of presumed vascular origin.
Symptoms of SVD can be acute, such as transient ischemic
attacks (TIAs) or lacunar syndromes, or subacute manifes-
tations, such as cognitive, motor and/or mood disturban-
ces [Roman et al., 2002]. Because the onset of cerebral SVD
is often insidious, clinically heterogeneous, and typically
with mild symptoms, it has been suggested that the selec-
tion of participants with cerebral SVD in clinical studies
should be based on these more consistent brain imaging
features [Erkinjuntti, 2002]. Consecutive patients referred
to the Department of Neurology between October 2002
and November 2006, were selected for participation.

Inclusion criteria were (a) age between 50 and 85 years,
and (b) cerebral SVD on neuroimaging (presence of WMH
and/or lacunes). The aforementioned acute or subacute
clinical symptoms of SVD were assessed by standardized
assessment. Patients who were eligible because of lacunar
syndrome were included only >6 months after the event
to avoid acute effects on the outcomes. Exclusion criteria
were (a) dementia, (b) parkinson(ism), (c) intracranial
hemorrhage, (d) life expectancy< 6 months, (e) intracranial
space occupying lesion, (f) (psychiatric) disease interfering
with cognitive or motor testing, (g) recent or current use
of acetylcholine-esterase inhibitors, neuroleptic agents, L-
dopa, or dopa-agonist/antagonists, (h) non-SVD-related
WMH mimics (e.g., multiple sclerosis), (i) prominent vis-
ual or hearing impairment, (j) language barrier and (k)
MRI contraindications or known claustrophobia.

Participants were selected for participation in the study
by a three-step approach. After reviewing the medical his-
tory, 1,004 individuals were invited by letter. Of those
1,004, 727 were eligible after contact by telephone phone
and 525 agreed to participate. In 22 subjects, exclusion cri-
teria were found during their visit to our research centre
(14 with unexpected claustrophobia, one died before MRI
scanning, one was diagnosed with multiple sclerosis, in
one there was a language barrier, one subject fulfilled the
criteria for Parkinson’s disease, and four met the dementia
criteria), yielding a response of 71.3% (503/705) for the
original cohort of the study. These 503 individuals had

r Structural Network and Cognition r

r 301 r



symptoms of TIA or lacunar syndrome (n 5 219), cognitive
disturbances (n 5 245), motor disturbances (n 5 97), depres-
sive symptoms (n 5 100), or a combination thereof. For this
study, 67 participants were excluded due to territorial
infarcts, inadequate quality of the MRI images, or failure
of the DTI pipeline. More detailed information about the
recruitment of the study sample can be found in our study
protocol [van Norden et al., 2011]. All participants gave
written informed consent according to the Declaration of
Helsinki. The medical ethics committee region Arnhem–
Nijmegen approved the study.

Cognitive Function

All participants underwent an extensive neuropsycho-
logical assessment, which included the Mini Mental State
Examination (MMSE), Rey auditory verbal learning test
(RAVLT), Rey’s complex figure test, paper–pencil memory
scanning task, Stroop test, verbal series attention test, and
symbol–digit substitution task. Detailed information can
be found in the reference [van Norden et al., 2011]. The
raw test scores were transformed to z-scores and themati-
cally similar test were used to calculate cognitive perform-
ance: Global cognitive function was evaluated by MMSE
and cognitive index. Cognitive index is a compound score
that includes the mean of the z-scores of the one-letter sub-
task of the paper–pencil memory scanning task, the mean
of the reading subtask of the Stroop test, the mean of the
symbol–digit substitution task and the mean of the added
score on the three learning trials and the delayed recall of
the RAVLT [de Groot et al., 2000]. Verbal memory was
calculated as the mean of the added score on the three
learning trials and the delayed recall of the RAVLT. Visuo-
spatial memory is a compound score of the mean of the
immediate recall trial and the delayed recall trial of the
Rey’s complex figure test. Psychomotor speed was calcu-
lated as the mean of the z-scores of the one-letter subtask
of the paper–pencil memory scanning task, the reading
subtask of the Stroop test, and the symbol–digit substitu-
tion task. Fluency was calculated as the mean of both
verbal fluency tasks. Concept shifting was calculated as
the z-score of the third subtask of the Stroop, the inference
task. Attention is a compound score of the total time of
the verbal series attention test. The test scores of shifting,
psychomotor speed, and attention test were inverted, such
that higher scores reflect higher performance.

Other Measurements

Age, gender, education [Hochstenbach et al., 1998], and
depressive symptoms were considered as potential con-
founders. Depressive symptoms were assessed using Center
of Epidemiological Studies on Depression scale (CES-D).
Hypertension was defined as systolic blood pressure
�140 mm Hg or diastolic blood pressure� 90 mm Hg and/
or use of antihypertensive drugs. Blood pressures were meas-

ured three times in supine position after 5 min rest. Diabetes
and hypercholesterolemia were considered to be present if
the participant was taking antidiabetic or lipid-lowering
drugs for high cholesterol. Body mass index (BMI) was
calculated as weight divided by height (in m) squared. The
smoking status was obtained through standardized question-
naires, which was checked during the interview (Table I).

MRI Acquisition

Magnetic resonance imaging was performed on a 1.5 T
Siemens Magneton Sonata scanner (Siemens Medical Solu-
tions, Erlangen, Germany), which included T1 3-D magnet-
ization-prepared rapid gradient-echo (MPRAGE) imaging
(time repetition [TR] 5 2.25 s, time echo [TE] 5 3.68 ms,
inversion time [TI] 5 850 ms, flip angle [FA] 5 158,

TABLE I. Baseline characteristics of 436 subjects

Characteristics

Demographic characteristics
Age, years (SD) 65.2 (8.8)
Female (%) 199 (45.6)
Education, score (range) 5 (1–7)
CES-D scale, score (SD) 11.2 (9.5)
MMSE, score (range) 29 (27–30)

Vascular risk factors
Hypertension, number (%) 316 (72.5)
Diabetes mellitus, number (%) 302 (69.3)
Use of lipid-lowering drugs, number (%) 191 (43.8)
BMI, kg/m2 (SD) 27.1 (4.2)
Smoking status
Never, number (%) 134 (30.7)
Former, number (%) 236 (54.1)
Current, number (%) 66 (15.1)

Neuroimaging characteristics
Total brain volume, ml (SD) 1097.8 (120.8)
WM volume, ml (SD) 467.1 (65.8)
WMH volume, ml (range) 6.4 (3.3; 16.7)
Lacune(s) (%) 97 (22.3)
Microbleed(s) (%) 67 (15.4)
Mean FA (SD) 0.40 (0.03)
Mean MD, mm2 � s21 3 1023 (SD) 0.0009 (0.0001)

Network properties
Density (SD) 0.12 (0.009)
Network strength (SD) 0.07 (0.016)
Global efficiency (SD) 0.004 (0.001)
Local efficiency (SD) 0.004 (0.001)
Normalized global efficiency (SD) 0.91 (0.04)
Normalized local efficiency) (SD) 3.20 (0.59)

Values represent mean (standard deviation), median (range), or
presence (%). Education: 1 being less than primary school and 7
reflecting an academic degree. CES-D: Center of Epidemiologic
Studies on Depression. Lacune(s) or microbleed(s) represent num-
ber (percentage) of patients with one of more lacunes or micro-
bleeds on MRI.
MMSE: Mini-Mental State Examination. WM: white matter.
WMH: white matter hyperintensities.
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voxelsize 1.0 3 1.0 3 1.0 mm), a Fluid-Attenuated Inver-
sion Recovery (FLAIR) sequence (TR 5 9.00 s, TE 5 84 ms,
TI 5 2.20 s, voxelsize 1.0 3 1.2 3 5.0 mm, plus an interslice
gap of 1 mm), T2*-weighted gradient echo sequences
(TR 5 800 ms, TE 5 26 ms, voxelsize 1.3 3 1.0 3 6.0 mm,
and interslice gap 1 mm) and a DTI sequence
(TR 5 10.10 s, TE 5 93 ms, voxelsize 2.5 3 2.5 3 2.5 mm,
four unweighted scans, 30 diffusion weighted scans with
b-value of 900 s mm2). All participants were scanned on
the same scanner.

MRI Markers for SVD

Two trained raters blinded to the clinical information
manually segmented WMH, and the number of lacunes
and microbleeds were assessed. WMH was defined as
white matter hyper-intensities on FLAIR images without
prominent hypointensity on the T1-weighted images (Fig.
1) [van Norden et al., 2011; Wardlaw et al., 2013]. The
interrater variability in a random sample of 10% revealed
an intraclass correlation coefficient of 0.99. Lacunes were
defined as hypointense areas> 2 and� 15mm on FLAIR
and T1, ruling out enlarged perivascular spaces (�2 mm,
except around the anterior commissure, where perivascu-
lar spaces can be large) and infraputaminal pseudolacunes
[Wardlaw et al., 2013]. Microbleeds are defined as small,
homogeneous, round focal areas of very low signal inten-
sity on T2*-weighted images of <10 mm in diameter
[Cordonnier et al., 2006; Vernooij et al., 2008b]. There were
good intra- and inter-rater variabilities with weighted
kappa of 0.87 and 0.95, respectively, for the presence of
lacunes, and 0.85 and 0.86 for the presence of microbleeds,
calculated in 10% of the scans. Automated segmentation
on T1 images was performed using Statistical Parametric
Mapping (SPM5) to obtain gray matter, white matter, and
cerebrospinal fluid probability maps. These maps were
binarized and summed to supply total volumes. Total
brain volume (the sum of gray matter and white matter
volume) and WMH volume were normalized to the total
intracranial volume to adjust for head size. Finally, we cal-
culated the mean fractional anisotropy and mean diffusiv-
ity within the white matter. The b0-images were used to
compute the coregistration parameters to the skull-
stripped T1-image1 using Functional MRI of the Brain lin-
ear image registration tool (FLIRT), which were applied to
all diffusion-weighted images. All images were visually
checked for segmentation, coregistration, and normaliza-
tion errors, and no inaccuracies or errors were found. The
mean fractional anisotropy and mean diffusivity were then
calculated within the white matter.

Network Nodes (Brain Regions)

Brain regions were demarcated by the automated ana-
tomical labeling (AAL) template [Tzourio-Mazoyer et al.,
2002], which resulted in 45 regions for each hemisphere.

Cerebellar regions were excluded, because the tractogra-
phy technique used in this study is unsuitable for tracing
cerebellar connections. Using the FSL 5.0.5 tools [Smith
et al., 2004], the skull-stripped T1 images were nonlinearly
registered to Montreal Neurological Institute (MNI) 152
template using Functional MRI of the Brain nonlinear
registration tool (FNIRT). Next, the transformation matrix
was derived from the registration of b0-images to T1 sub-
ject space using FLIRT. These transformations were then
used to register the AAL image to each subject’s diffusion
image space.

Network Edges (White Matter Connections)

The inhouse developed algorithm named “PATCH” was
used on the raw diffusion data to correct for cardiac and
head motion artifacts and eddy currents [Zwiers, 2010]. Dif-
fusion Toolkit (www.trackvis.org) was used to calculate the
diffusion tensor and fractional anisotropy. To generate the
fiber tracks of the entire brain for each subject, fiber assign-
ment by continuous tracking (FACT) was used by Diffusion
Toolkit. The tracking algorithm started at the center of the
voxels with fractional anisotropy >0.2 and ended when the
fiber tracks left the brain mask, encountered voxels with frac-
tional anisotropy <0.2 or when the turning angle exceeded
608. Two regions were considered connected if the endpoints
of the reconstructed streamline lay within both regions. For
each subject, a weighted edge was constructed by multiply-
ing the mean fractional anisotropy for each reconstructed
streamline and the number of reconstructed streamlines con-
necting two regions [Lo et al., 2010]. The number of recon-
structed streamlines may reflect the white matter structure
and has been commonly used as weighting of edges in
graph-theoretical studies. Fractional anisotropy may reflect
the microstructural integrity of the white matter. If two
edges have similar number of reconstructed streamlines, the

Figure 1.

Probability map of WMH. Probability distribution of WMH in

red, color-coded in percent (color bar), thresholded from 5% to

50%. These images are projected onto spatially normalized

(Montreal Neurological Institute stereotactic space). R 5 right.

WMH were predominately located in the frontal periventricular

regions. [Color figure can be viewed in the online issue, which

is available at wileyonlinelibrary.com.]
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weights of the edges might still differ when fractional anisot-
ropy is considered—though the contribution of fractional
anisotropy to weighting might be relatively small. The
weighting of an edge was further normalized by the average
of the AAL volumes to correct for the different sizes of the
AAL regions and different brain sizes [Brown et al., 2011].
This resulted in an undirected weighted 90 3 90 matrix for
each subject.

Graph-Theory Analysis

Graph-theoretical network measures were computed
using the Brain Connectivity Toolbox [Rubinov and
Sporns, 2010]. Basic network measures include density and
network strength. Density is defined as the total number
of edges in a network observed divided by the possible
number of edges. Node strength represents the sum of
weighted edges to the node. Next, we calculated global
and local efficiency. Efficiency between two regions is
expressed as the inverse of the shortest path length
between two regions. The shortest path length refers to the
minimum number of weighted connection between two
regions. Global efficiency of the network is defined as the
average of efficiency for all node pairs. The local efficiency
for each node is the global efficiency of all direct neighbors
of that node. The global efficiency reflects the extent to
which information communication is globally integrated in
the network, whereas the local efficiency measures the seg-
regation and specialization within a network. Since global
efficiency and local efficiency are highly correlated and
global efficiency shows strong relationship with cognition
[Lawrence et al., 2014; Reijmer et al., 2015], global effi-
ciency was used for subsequent analysis. Networks with
lower global efficiency are regarded as less efficient net-
works, compared to networks with higher global effi-
ciency. The nodal efficiency is the mean of the inverse of
the shortest path length between the node and all other
nodes in the network. Nodal efficiency reflects the extent
of the participation of a region in the whole network by
quantifying the connections from one brain region to all
other regions [Achard and Bullmore, 2007]. Furthermore,
we investigated whether the structural networks showed
small-world architecture. Small-world network is charac-
terized by high level of integration and segregation [Bas-
sett and Bullmore, 2006; Griffa et al., 2013; Watts and
Strogatz, 1998]. The properties of small-world can be char-
acterized by comparing the global and local efficiency of
the structural network to an equivalent random network
with same degree distribution. A network shows small-
world topology when the global efficiency is similar to or
lower than the one of a random network and local effi-
ciency higher than the one of a random network. For this,
we computed normalized global and local efficiency,
which is defined as the global and local efficiency of the
structural network divided by the values obtained from
100 randomly rewired null-model networks.

Statistical Analyses

The baseline characteristics are displayed as mean 6 stan-
dard deviation for normal distributed data, and median and
interquartile ranges for the skewed distributed data. Nor-
malized WMH volume was log-transformed to obtain nor-
mal distribution. We performed multiple linear regression
analyses to examine the relationships between MRI markers
for SVD (WMH, number of lacunes and microbleeds, and
normalized total brain volume volume) and cognitive func-
tions, adjusted for potential confounders (age, gender, edu-
cation, and depressive symptoms). Pearson’s correlation
coefficients were calculated for the relationships between
MRI markers for SVD and network measures, and
Bonferroni-correction was used for multiple comparison
corrections. Multiple linear regression analyses were con-
ducted to investigate the relation between the global effi-
ciency and cognitive performance, while controlling for
potential confounders. Additional adjustments for WMH,
number of lacunes and microbleeds, total brain volume, and
mean diffusivity of the white matter were performed to test
whether these associations were independent of these MRI
markers for SVD. The relation between global efficiency and
vascular risk factors was evaluated, while adjusting for
potential confounders and other vascular risk factors. Fur-
thermore, we conducted a path analysis to test whether
global efficiency mediated the relationships between MRI
markers for SVD and cognition using the Lavaan package in
R (http://www.r-project.org) adjusted for potential con-
founders. To investigate the relationships between nodal
efficiency and cognitive performance, Pearson’s partial cor-
relation analyses were computed while adjusting for poten-
tial confounders and MRI markers for SVD. False-discovery
rate (FDR) procedure was then applied with a q-value of
0.05 for multiple comparison corrections. An analysis of
multicollinearity showed that variance inflation factors were
low in all multiple regression models (<3, with scores >5
considered as presence of high multicollinearity).

RESULTS

Characteristics

Baseline characteristics and structural network proper-
ties of the study population (n 5 436) are shown in Table I.
Mean age was 65.2 years (SD 5 8.8) and 199 (45.6%) were
female. Structural network of the study population exhib-
its a small-world topology, in which the normalized global
efficiency< 1 and normalized local efficiency >1 (Table I).

MRI Markers for SVD and Cognition

Higher WMH load, number of microbleeds, and mean
diffusivity of the white matter were associated with lower
scores on cognitive index (b 5 20.09, P 5 0.04; b 5 20.11,
P 5 0.002; b 5 20.14, P 5 0.002, respectively) and psycho-
motor speed (b 5 20.11, P 5 0.009; b 5 20.09, P 5 0.02;
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b 5 20.18, P< 0.001, respectively), while higher total brain
volume was associated with higher scores on cognitive
index (b 5 0.10, P 5 0.04) and psychomotor speed
(b 5 0.11, P 5 0.02), adjusting for age, gender, education,
and depressive symptoms (Table II, model 1). A weak
nonsignificant relation was found between number of
lacunes and cognitive performance (b 5 20.07, P 5 0.08).

MRI Markers for SVD, Vascular Risk Factors,

and Network Measures

Higher WMH load, number of lacunes and microbleeds,
and mean diffusivity of the white matter were associated
with lower density, network strength, global and local effi-
ciency, while higher total brain volume and mean frac-
tional anisotropy of the white matter were associated with
higher network measures (P< 0.05 Bonferroni-corrected;
Table III). The strongest association was found between
global efficiency and mean diffusivity (r 5 20.72,
P< 0.001), followed by WMH (r 5 20.62, P< 0.001), mean
fractional anisotropy (r 5 0.57, P< 0.001), total brain vol-
ume (r 5 0.55, P< 0.001), number of lacunes (r 5 20.32,
P< 0.001), and number of microbleeds (r 5 20.25,
P< 0.001). Participants with hypertension exhibited lower
global efficiency as compared to participants without
hypertension (P< 0.001), while current and former smok-
ers tended to show lower global efficiency compared to
never smokers (P< 0.04, uncorrected). No relation was
found between hypercholesterolemia, BMI, and diabetes.

Network Efficiency and Cognition

Network efficiency was associated with cognitive index
(global efficiency: b 5 0.19, P< 0.001; local efficiency:
b 5 0.17, P< 0.001), psychomotor speed (global efficiency:
b 5 0.21, P< 0.001; local efficiency: b 5 0.19, P< 0.001),
verbal memory (global efficiency: b 5 0.13, P 5 0.011; local
efficiency: b 5 0.11, P 5 0.029), and shifting (global effi-
ciency: b 5 0.19, P< 0.001; local efficiency: b 5 0.16,
P< 0.001), while controlling for age, gender, education,
and depressive symptoms. Network efficiency was not
related to visuospatial memory, fluency, and attention. For
further analyses, we focused on cognitive index and psy-
chomotor speed, which is one of most common manifesta-
tions of SVD and showed the strongest associations with
network efficiency.

Regional Efficiency and Cognition

Figure 2 shows nodes with significant positive associa-
tions between nodal efficiency and cognitive index and
psychomotor speed, adjusted for age, gender, education,
depressive symptoms, and MRI markers for SVD (includ-
ing mean diffusivity of the white matter; P< 0.05, FDR-
corrected). Nodes with the strongest associations with cog-
nitive index and psychomotor speed were located in
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frontal, parietal, and occipital regions with standardized
beta’s ranging between 0.09 and 0.14 (Supporting Informa-
tion Table 1). There were no nodes showing significant
negative associations between nodal efficiency and cogni-
tive performance.

Relation Between MRI Markers for SVD,

Network Efficiency, and Cognition

Higher global efficiency was related to higher scores on
cognitive index and psychomotor speed (P< 0.05, Bonfer-

roni-corrected), after adjusting for the MRI markers for SVD

(Table II, model 2; Fig. 3). In contrast, the variance explained

by WMH, number of microbleeds, total brain volume, and

mean diffusivity of the white matter was reduced, and these

MRI markers were no longer significant, except for a weak

relation between number of microbleeds and cognitive index

(b 5 20.08, P 5 0.03, uncorrected). The relation between

global efficiency and cognition remained independent after

controlling for density and vascular risk factors. Path models

suggest that WMH, number of microbleeds, total brain vol-

ume, and mean diffusivity of the white matter was indirectly

Figure 2.

The relation between nodal efficiency and cognitive performance. Nodes with positive associa-

tions between nodal efficiency and cognitive index (A) and psychomotor speed (B), independent

of age, gender, education, depressive symptoms, WMH, number of lacunes and microbleeds, total

brain volume, and mean diffusivity are indicated in green (P< 0.05, FDR-corrected). [Color figure

can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

TABLE III. Relation between network measures and markers for SVD

WMH Lacunes Microbleeds TBV
Mean

FA
Mean
MD

Density 20.59 20.31 20.25 0.47 0.55 20.64
Network strength 20.60 20.30 20.23 0.58 0.57 20.74
Global efficiency 20.62 20.32 20.25 0.55 0.57 20.72
Local efficiency 20.58 20.28 20.19 0.56 0.56 20.71

Data are Pearson’s correlations. All correlations are significant (P< 0.05, Bonferroni-corrected). Density of a network is defined as the
number of connections in a network divided by the total possible connections within the network. Number of lacunes and microbleeds
were used for calculating Pearson’s correlations. Network strength refers to the average node strength in a network.
WMH, white matter hyperintensities; TBV, total brain volume; FA, fractional anisotropy; MD, mean diffusivity.
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related to cognitive index (indirect effects: b 5 20.12,

P< 0.001; b 5 20.14, P< 0.001; b 5 0.10, P< 0.001; b 5 20.11,

P< 0.001, respectively) and psychomotor speed (indirect

effects: b 5 20.12, P< 0.001; b 5 20.16, P< 0.001; b 5 0.11,

P< 0.001; b 5 20.11, P< 0.001, respectively) via global effi-

ciency. Only the direct effect of number of microbleeds on

cognitive index was significant (b 5 20.04, P 5 0.024).

DISCUSSION

We demonstrated that participants with greater SVD-
severity, indicated by MRI markers for SVD, had networks
with lower global efficiency and lower scores on cognitive
performance. More importantly, lower global efficiency
was associated with lower scores on cognitive performance
independent of MRI markers for SVD and mediated the
associations between MRI markers for SVD and cognition.
These results highlight the importance of network analysis,
which may provide insight on better understanding of the
cognitive impairment in participants in SVD, additional to
conventional MRI markers.

Several methodological issues should be addressed. The
FACT streamlining algorithm has several limitations, such
as failure in reconstructing white matter tracks in a com-
plex white matter architecture [Mori and van Zijl, 2002]
and identifying long distance fibers due to noise, esti-
mated fit of diffusion tensor and partial volume effect
[Zalesky and Fornito, 2009]. Nonetheless, this streamlining
algorithm is a powerful and computational inexpensive
method and is a robust method for identifying major
white matter tracks, giving results that are in close agree-
ment with the known anatomy [Mori and van Zijl, 2002].

Another issue is the parcellation of the brain regions that
might influence the network properties. We used the AAL
atlas that consists of unequal-sized brain regions to parcel
the brain regions for network construction. We tried to
overcome this limitation by correcting for the different
sizes of brain regions. Defining the brain regions remains
challenging and alternative strategies have been used,
such as high-resolution parcellation scheme, random parti-
tioning into equal-sized regions, and strategies using ana-
tomical borders [Sporns, 2014]. The extent to which
different parcellation strategies might improve the results
remains, however, unclear [Sporns, 2014]. Although the
structural network showed small-world topology, indicat-
ing that the networks were reliably constructed, future
studies should include more sophisticated tractography
techniques and other parcellation schemes to verify these
findings. Finally, because of the cross-sectional nature of
this study, no causal inferences, or directionality can be
made. The RUN DMC study is a prospective study and
the follow-up is currently underway.

The strengths of this single-center study include its large
sample size, the extensive assessment of cognitive func-
tions performed by two-trained investigators and a cogni-
tively rather healthy study population that covers the
whole spectrum of SVD. This study has a reasonably high
external validity for individuals aged between 50 and 85
years with sporadic SVD on neuroimaging, though the
findings cannot be generalized to individuals with other
causes of SVD, to more severe SVD-patients, or to healthy
individuals older than 50 years.

Using graph-theoretical measures, we showed that net-
work efficiency was associated with cognitive performance
in nondemented participants with various degrees of SVD.

Figure 3.

The relation between global efficiency and cognition. Scatterplots showing the association

between global efficiency (adjusted for age, gender, education, depressive symptoms, WMH,

number of lacunes and microbleeds, total brain volume, and mean diffusivity) and cognitive per-

formances (z-scores).
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Emerging evidence suggest that network integrity is
important for cognitive performance in several conditions
with white matter abnormalities [Lawrence et al., 2014;
Reijmer et al., 2013, 2015; Wen et al., 2011a,b]. Cognitive
functioning is dependent on neural processes segregated
across functionally distinct cortical regions rather than on
a single region. Besides the effects of focal damage by
SVD on a single region, the cumulative effects of the spa-
tially distributed SVD-related lesions may also affect the
integration of information communication (or the effi-
ciency) between the brain regions, which might lead to
cognitive impairment. Currently, it is unclear whether
processing speed deficit is a resultant of localized damage
[Duering et al., 2013, 2014] or global dysfunction of the
brain [Penke et al., 2010; Wen et al., 2011b]. Here, the
widespread involvement of brain regions with reduced
efficiency might be interpreted to imply that cognitive
index and processing speed are related to connectivity of
multiple brain regions rather than localized brain regions
and thus might be considered as a global function of the
brain. The link between network efficiency and cognitive
performance in participants with SVD might indicate a
role for network (in)efficiency in SVD-related cognitive
deficits.

In our study, participants with greater disease severity,
indicated by MRI markers for SVD, showed lower global
efficiency, as well as more cognitive deficits. SVD-related
damage to the white matter is believed to cause cognitive
deficits, though the conventional MRI markers do not
explain all the clinical variance in SVD. The relationships
between these markers and cognition are generally weak
or inconsistent between the studies [Kloppenborg et al.,
2014; Reijmer et al., 2015; van Norden et al., 2012b].
Another important factor is the reduced white matter
integrity, both within and outside WMH (i.e., normal
appearing white matter) in participants with SVD [de Laat
et al., 2011; Tuladhar et al., 2015b; Vernooij et al., 2008a].
The observed relations between global efficiency and vas-
cular risk factors (hypertension and to a lesser extent
smoking status) are in agreement with previous studies,
which showed that these factors are related to white mat-
ter damage [de Groot et al., 2014; Gons et al., 2010, 2011;
Staals et al., 2014]. The observed relation between network
efficiency and MRI markers for SVD and vascular risk fac-
tors suggests that reduced network efficiency might be the
resultant of the white matter damage. SVD has a detrimen-
tal effect on the multiple white matter tracts by means of
direct and indirect damage, which can be ascribed to
demyelination, reduction in axonal number, and density
and/or gliosis [de Laat et al., 2011; Pantoni and Garcia,
1997; Thomalla et al., 2004]. These processes can influence
the “connection strength” and hereby the network effi-
ciency. Nonetheless, network efficiency was strongly asso-
ciated with cognition, independent of MRI markers for
SVD (including traditional MRI markers for SVD and DTI
parameters), density of the network, and vascular risk fac-

tors, and furthermore, mediated the associations between
MRI markers for SVD and cognition, suggesting that these
markers might act in causing cognitive impairment
through network disruption.

Our results corroborate studies showing that the vascu-
lar damage (indicated by conventional MRI markers for
SVD) might be related to neurological dysfunction via
reduced structural network efficiency [Lawrence et al.,
2014; Reijmer et al., 2015], albeit, in a smaller sample size,
using different analysis technique and different SVD popu-
lation. Here, we included MRI characteristics of SVD, con-
sisting of WMH, lacunes, microbleeds, total brain volume,
and mean diffusivity of the white matter, and performed
multivariable analyses for global and regional network
measures, while taking these MRI markers for SVD into
account. Network efficiency was the strongest predictor
for psychomotor speed and cognitive index, while micro-
bleeds were the only MRI markers for SVD that remained
independently associated with cognitive index. The effect
sizes were relatively small with standardized beta’s< 0.2
compared to other studies in which standardized beta’s
ranging between 0.2 and 0.4 in patients with cerebral SVD
have been reported [Lawrence et al., 2014; Reijmer et al.,
2013]. The selection procedure of this study (inclusion of
the whole spectrum of the SVD patients and wider range
of age (varying between 50 and 85 years) can result in an
aging population where multiple risk factors for one single
disease are present, thereby possibly limiting each individ-
ual (relative) contribution to the disease. Also, the RUN
DMC study consists of a cognitively rather healthy popu-
lation and patients with severe cognitive impairment were
excluded from the study. This might underestimate the
effects of network measures in more severe SVD-related
cognitive impairment. We hypothesize that the network
measures might be of more importance in later stages of
SVD with increasing SVD-related lesions. Nevertheless, the
consistency between the studies suggests the reliability of
the whole-brain tractography approach and structural net-
work analysis in SVD, however, further systematic and
validation studies are needed. Together, these findings
strengthen the importance of graph-theoretical network
analysis, which could serve as an additional tool to the
conventional MRI markers for SVD [Reijmer et al., 2013,
2015] to investigate cognitive impairment in participants
with SVD.

CONCLUSION

This study shows an important role for the network
analysis in our understanding of cerebral SVD-related cog-
nitive deficits, in addition to the conventional MRI
markers for SVD. Network analysis has the potential to
serve as a disease marker [Lawrence et al., 2014], however,
future—preferably prospective—studies are needed to con-
firm this notion. An interesting future question to explore
is whether structural network efficiency has predictive
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value in identifying patients who are at risk for further
cognitive decline and/or dementia. As this study only
explores the structural network, it would be intriguing in
future studies to examine the interaction between struc-
tural and functional brain networks by applying, for exam-
ple, data fusion approach. Also, longitudinal studies are
important, as they may help us to understand how dam-
age to network connectivity progresses over time and how
this can affect cognition.
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