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ABSTRACT 

Objectives To investigate whether longitudinal structural network efficiency is associated with 

cognitive decline and whether baseline network efficiency predicts mortality in cerebral small vessel 

disease (SVD).  

Methods A prospective, single-center cohort consisting of 277 non-demented individuals with SVD 

was conducted. In 2011 and 2015, all participants were scanned with MRI and underwent 

neuropsychological assessment. We computed network properties using graph-theory from 

probabilistic tractography and calculated changes in psychomotor speed and overall cognitive index. 

Multiple linear regressions were performed, while adjusting for potential confounders. We divided the 

group into mild-to-moderate WMH and severe WMH group based on median split on WMH volume.  

Results The decline in global efficiency was significantly associated with a decline in psychomotor 

speed in the group with severe WMH (β=0.18, p=0.03) and a trend with change in cognitive index 

(β=0.14, p=0.068), which diminished after adjusting for imaging markers for SVD. Baseline global 

efficiency was associated with all-cause mortality (HR per decrease of 1 SD 0.43, 95% CI 0.23–0.80, p 

= 0.008, C-statistic 0.76). 

Conclusions Disruption of the network efficiency, a metric assessing the efficiency of network 

information transfer, plays an important role in explaining cognitive decline in SVD, which was however 

not independent of imaging markers of SVD. Furthermore, baseline network efficiency predicts risk of 

mortality in SVD that may reflect the global health status of the brain in SVD. This emphasises the 

importance of structural network analysis in the context of SVD research and the use of network 

measures as surrogate markers in research setting. 
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INTRODUCTION 

Cerebral small vessel disease (SVD) is a common finding on brain imaging in older adults and plays a 

pivotal role in the development of cognitive impairment. Imaging markers of SVD constitute white 

matter hyperintensities (WMH), lacunes of presumed vascular origin, microbleeds1 and impaired white 

matter microstructural integrity as assessed by diffusion tensor imaging (DTI).2 These markers are 

associated with cognitive decline,3,4 dementia3,5 and death,6 though the underlying mechanisms of how 

SVD affects these clinical outcomes remain incompletely understood.  

 

A potential hypothesis is that SVD disrupts white matter tracts and thereby affects the underlying 

structural connectivity within the large-scale brain network. Structural networks can be derived from 

diffusion tensor imaging (DTI) followed by tractography in which the white matter tracts are 

represented as the underlying connections between brain regions. In previous cross-sectional studies, 

measures of network disruption at the structural level were more strongly associated with cognitive 

performance at baseline7-9 and mediate at least in part the associations between the conventional MRI 

markers of SVD and cognitive impairment in SVD. As yet, little is known about the longitudinal change 

of structural network efficiency and its association with cognitive decline. 

 

In a recent large systemic review and meta-analysis, individual neuroimaging markers of SVD (i.e., 

WMH, lacunes and microbleeds) were associated with increased risk of mortality, showing the clinical 

significance of these markers.10 More importantly, the combined MRI markers of SVD may be more 

predictive of increased risk of mortality.11 As structural network efficiency have been shown to mediate 

the effects of these conventional markers of SVD on functional outcome, they may better capture the 

cumulative effects of these markers,9 and therefore be a stronger predictor of mortality. However, to 

date, it is not known whether this measure predicts functional status (mortality) in SVD participants. 

 

In this study, we had two objectives. First, we computed structural networks based on DTI data and 

deterministic tractography to prospectively investigate the change in organizational properties of 

these structural networks in SVD, and how this is associated with cognitive decline. Second, we tested 

whether baseline network efficiency is predictive for all-cause mortality. We hypothesise that change 

in network efficiency is associated with change in cognitive performance, independently of the 

conventional MRI markers of SVD and that baseline network efficiency is associated with an increased 

risk of mortality.  

 

Materials and methods 

Study population 
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The study is a part of Radboud University Nijmegen Diffusion tensor and Magnetic resonance Cohort 

(RUN DMC) study12 that prospectively investigates risk factors and clinical consequences of SVD. 

Participants were included if they had WMH and/or lacunar infarcts on MRI. Baseline data collection 

occurred in 2006, with two follow-ups occurring in 2011 and 2015. Due to a scanner upgrade between 

baseline and first follow-up, we only included participants with data from both 2011 and 2015. Of the 

503 participants enrolled at baseline in 2006, 104 were lost to follow-up, deceased, or refused to 

participate in the follow-up assessment, 99 were excluded due to issues with the acquisition or 

processing of the MRI data or not having participated in the follow-up MRI assessment, and 23 

individuals were excluded who developed dementia during the study period. This brought the final 

sample used in our study to 277. For the longitudinal analyses, we excluded an additional 50 

participants, because patients were deceased at third follow-up or no follow-up MRI assessment could 

be performed (Figure 1). The study received ethical approval from the Medical Ethics Committee 

Arnhem-Nijmegen, and all participants signed an informed consent form. 

 

Standard protocol approvals, registrations, and patient consents 

All participants signed an informed consent form. The Medical Review Ethics Committee region 

Arnhem-Nijmegen approved the study (ID: 2005/256). 

 

Cognitive assessment 

Extensive neuropsychological evaluation included among others the Mini-Mental State Examination, 

Rey Auditory Verbal Learning Test (RAVLT),13 Rey Complex Figure Task (RCFT),14 Paper-Pencil Memory 

Scanning Task (PPMST),15 an adapted version of the Stroop Color-Word Test,16 Symbol Digit 

Substitution Task (SDST),16 verbal fluency16 and Verbal Series Attention Test (VSAT).17,18 To account for 

possible learning effects, parallel versions have been used, where possible. Raw scores of all time-

points were transformed into z-scores based on the mean and standard deviation (SD) of the baseline 

study population. We calculated Speed–Accuracy Trade-Off (SAT) scores where possible.18,19 Cognitive 

decline over time was calculated for each participant individually, by subtracting baseline scores from 

the follow-up scores. In this study we focused on global cognitive function (cognitive index) and 

psychomotor speed, as these test scores showed the strongest associations with network efficiency8,9 

and are a major deficit in SVD. For the overall cognitive index, we calculated the mean of the z-scores 

of all tests from the neuropsychological test battery. Psychomotor speed was calculated as the mean 

of the z-scores of the PPMST, the reading and color naming tasks of the Stroop Test, and the SDST. 

 

MRI acquisition 
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MR images were acquired on a Siemens Magnetom Avanto 1.5-Tesla MRI. The protocol included a T1-

weighted 3D MPRAGE sequence (repetition time (TR) = 2250 ms, echo time (TE) = 2.95 ms, inversion 

time (TI) = 850 ms, flip angle = 15°, voxel size = 1.0 mm isotropic), a FLAIR sequence (TR = 14240 ms, 

TE = 89 ms, TI = 2200 ms, voxel size = 1.2 × 1.0 × 2.5 mm, interslice gap = 0.5 mm) and a DTI sequence 

(TR = 10200 ms, TE = 95 ms, voxel size = 2.5 mm isotropic; 7 scans with b = 0 s/mm², 61 scans with b =  

900 s/mm²). Full acquisition details have been described previously.12,20 Patients were carefully 

instructed to remain still on the scanner.  

 

T1 images processing 

Raw T1 images were corrected for the bias field using the N4 algorithm,21 then processed by Freesurfer 

6.0 (surfer.nmr.mgh.harvard.edu/) after lesion filling. Freesurfer is a software suite that automatically 

carries out processing and analysis of MR images, including skull stripping, segmentation, and cortical 

parcellation.22 After cross-sectional processing, T1 images were further processed using FreeSurfer's 

longitudinal stream. This involved the creation of an unbiased within-participant template image 

followed by re-processing of the cross-sectional T1w images using common information from the 

template. This approach increases the reliability of individual segmentations.23 

 

Radiological markers of SVD 

WMH volumes were segmented using a semiautomatic method24 and visually inspected for 

misclassification by one trained rater, blinded for clinical data. These volumes were normalised to 

intracranial volume, which was calculated by summing the grey matter, white matter, and 

cerebrospinal fluid volumes obtained from the Freesurfer output.  We have divided the group into 

mild-to-moderate WMH group and severe WMH group using a median split based on the WMH-load. 

Lacunar infarcts were manually rated on the T1 and FLAIR images and microbleeds on the T2-weighted 

MRI scans by two trained raters who were blind to the clinical data following consensus criteria.20 

 

DTI analysis 

Using a local principal component analysis filter,25 the raw diffusion data were denoised using in-

house developed and matlab-based software, which were then corrected for head movement, 

cardiac motion and eddy currents using the PATCH algorithm.26 Susceptibility distortions were 

unwarped by normalising the images to the T1 images in the phase-encoding direction using SPM12. 

FSL was then used to extract brain tissue and calculate the diffusion tensor.27 Next, the diffusion 

parameters (fractional anisotropy) were fed into TBSS pipeline.28  After performing this pipeline, data 
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were then fed into the voxel-wise cross-subject statistics. Furthermore, we have calculated the mean 

fractional anisotropy and mean diffusivity within the skeleton for each participants.  

 

Probabilistic tractography 

Single-fibre white matter response functions were estimated on the skull stripped DWI images using a 

previously described algorithm29 implemented in MRtrix3 (mrtrix.org/). These response functions were 

then used for single-shell single-tissue constrained spherical deconvolution30, which estimated fibre 

orientation distributions (FOD) from the b = 900 s/mm2 shell using lmax = 6. The resulting FOD image 

was used for anatomically constrained tractography,31 which uses anatomical priors to improve 

tractography results. This required masks of the cortical and subcortical grey matter, white matter, 

and cerebrospinal fluid (CSF), as well as a lesion mask to delineate areas where no anatomical priors 

should be applied. This lesion mask was defined as WMH in our study. The first four masks were 

obtained from the longitudinal Freesurfer segmentations. WMH segmentations for each participant 

were brought to Freesurfer space by applying a rigid body transformation calculated by registering the 

FLAIR images to the corresponding T1w images. Areas of WMH were then subtracted from the 

Freesurfer-estimated white matter mask to produce a mask of normal-appearing white matter 

(NAWM). The resulting grey matter, NAWM, CSF, and WMH masks were registered to the b0 image 

using an inverse boundary-based registration transformation with nearest neighbour interpolation. 

Probabilistic streamlines were seeded at the white matter-grey matter boundary and computed using 

the iFOD2 algorithm in MRtrix3. Tracking was constrained to be as similar to the deterministic 

approach used in our paper, with step size = 0.5 mm, minimum length = 20 mm, turning angle = 40°, 

and FOD amplitude cutoff = 0.1. Backtracking was enabled to re-computed streamlines if poor 

structural terminations were encountered. Tractography continued until 106 valid streamlines were 

generated, standardizing the total number of streamlines for each participant. 

 

White matter network construction 

Network nodes were defined using the Desikan-Killiany atlas,32 which divides the cortex into sulcal and 

gryal-based ROIs. This was automatically completed thorough the Freesurfer pipeline. The resulting 

cortical atlas ROIs were combined with Freesurfer's segmentation of subcortical structures, resulting 

in a total of 82 nodes (41 per hemisphere). A weighted edge (connection) was constructed, where 

weights were defined based on the product of number of streamlines and the mean of fractional 

anisotropy of each connection. Prior to analysis, we thresholded the matrices by the group threshold 

of 90% (e.g. a connection was retained when this connection was present in at least 90% of 

participants) to eliminate the false positive connections. This resulted in an undirected weighted 82x82 

matrix for each participant. 
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Network analysis  

The brain connectivity toolbox (http://www.brain-connectivity-toolbox.net/) was used to compute 

graph-theoretical measures. We calculated the following network measures: density, total network 

strength and global efficiency. Global efficiency is the average inverse shortest path length in the 

network and reflects the extent to which information communication is globally integrated in the 

network. In this study, we particularly focus on global efficiency, as this measure has been previously 

shown to correlate with cognitive performance, especially processing speed, and conversion to 

dementia.9,33 

Statistical analyses 

Group differences between the participants with mild-to-moderate WMH and those with severe WMH 

at follow-up assessment were calculated with an independent T-test for nominal variables with age 

and follow-up duration as covariates, Chi-square test for categorical variables, and the Mann-Whitney-

U test for non-parametric values. To test whether severe WMH group had lower fractional anisotropy 

compared to mild-to-moderate WMH group, we performed voxel-wise analyses by applying 

permutation-based statistical interference tool for non-parametric approach, with number of 

permutation tests set to 5000.34 Next, we applied threshold-free cluster enhancement with a p-value< 

0.05, corrected for multiple comparisons.35 To examine which connections are disconnecting over time 

and which are related to cognitive decline, we have performed regional network analyses using the 

Network Based Statistic toolbox (nitrc.org/projects/nbs). Edges were significant at t > 3.1, and 

component sizes determined using cluster extent. Multiple comparisons were controlled using the 

NBS, and data was permuted 5000 times. Multiple linear regression analyses were performed adjusted 

for potential confounders (age, sex, education and baseline cognitive performance) to assess the 

relation between changes in cognitive performance and global efficiency. Since adjusting for the time 

to follow-up did not alter the results, we did not include this variable in the model. Cumulative 

mortality was estimated using Kaplan-Meier analysis. Differences between the mild-to-moderate and 

severe WMH groups were investigated using log-rank test. To investigate whether MRI measures were 

associated with all-cause mortality, Cox proportional regression analyses were used to obtain hazard 

ratios (HR) for each MRI measure (baseline global efficiency, WMH and brain volume, lacunes and 

microbleeds), adjusted for age. Sex and education were excluded from the model because they were 

not significantly associated with all-cause mortality and baseline.  

 
Data availability 

The dataset used in this study are available from the corresponding author on request. 

http://www.brain-connectivity-toolbox.net/
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RESULTS 

Baseline demographic and neuroimaging characteristics and change over time are presented in Table 

1 and Table 2 for the 277 participants included at the first follow-up in 2011. Mean age at baseline was 

68.0 years (SD 8.0) and 56% were men. 227 out of 277 participants completed MR and clinical 

assessments at second follow-up that were available for subsequent analyses. Mean follow-up 

duration was 3.4 years (SD 0.2) and follow-up duration was similar in both WMH severity groups. A 

decline in processing speed was observed across the whole group (average z-score difference between 

two time points -0.29 (SD 0.43)) and in both WMH severity group (Table 1). Severe WMH group had 

significantly lower FA in the corpus callosum, mainly genu of the corpus callosum and frontal lobe, 

compared to mild-to-moderate WMH group at baseline (p<0.05, FWE-corrected for multiple 

comparisons; Figure 2).  

 

Progression of radiological markers of SVD 

WMH volume significantly increased (median 1.4 ml, interquartile range 0.5 – 3.1 ml) over the 3.4 

years, which was mainly explained by an increase in the severe WMH group (median 3.3 ml, 

interquartile range 1.7 – 6.6 ml). 23 incident lacunes and 25 microbleeds developed during the follow-

up period, with significantly higher number of incident lacunes in the severe WMH group compared to 

the mild-to-moderate WMH group. Mean MD significantly increased over time across the whole group 

(mean increase 5.7 x 10-6), mild-to-moderate WMH group (mean increase 3.2 x 10-6) and severe WMH 

group (mean increase 8.6 x 10-6). Brain volume decreased significantly across the whole group (mean 

decrease 17.4ml, SD 12 ml). The decrease in brain volume was however not statistically different 

between the WMH groups. 

 

Longitudinal changes in structural networks 

Global efficiency was not significantly decreased for the whole group (p=0.21) and mild-to-moderate 

WMH group (p=0.79; Table 1). A significant decrease of global efficiency was observed for the severe 

group (-1.6 (6.6); p=0.01). A significant decrease of network density were observed for the whole 

group, the severe WMH group and mild-to-moderate WMH group (all p<0.001). Although no 

significant decrease of global efficiency was found in the mild-to-moderate group, these changes of 

network measures did not significantly differ between the WMH severity groups. A significant change 

was found for network strength for the whole group (p<0.001), for the severe WMH group (p<0.001) 

and mild-to-moderate group (p=0.04). Decrease in global efficiency was associated with an increase in 

WMH volume (r=-0.15, p=0.02), whereas changes in global efficiency were not significantly related to 
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brain atrophy (r=0.05, p=0.47), incident lacunes (r=-0.01, p=0.83) and incident microbleeds (r=0.03, 

p=0.69). Regional analyses using NBS did not reveal significant clusters of connections that are 

disconnection over time.  

 

Association between change in diffusion parameters and cognitive decline 

Change of mean FA was significantly associated with change in psychomotor speed (β=0.15, p=0.001), 

and to the lesser extent to change in cognitive index (β=0.10, p=0.03), adjusted for potential 

confounders, while change of mean MD was significantly associated with change in cognitive index 

(β=-0.13, p=0.006) and to the lesser extent with change of psychomotor speed (β=-0.13, p=0.02). 

 

Associations between global efficiency and cognition 

Association between baseline global efficiency and cognitive decline 

First, we investigated the association between global efficiency at baseline and decline in processing 

speed. Baseline global efficiency was not associated with a decline in processing speed or cognitive 

index (β=0.07, p=0.221; β=0.03, p=0.538, respectively).  

 

Association between change in global efficiency and cognitive decline 

Second, we tested whether a decline in global efficiency was associated with a decline in processing 

speed in the whole group. The decline in global efficiency was not significantly related to a decline in 

processing speed across the whole group (β=0.05, p=0.34). Given the differential association between 

the mild-to-moderate and severe WMH group, we investigated this relationship further by 

subgrouping our sample based on SVD severity, using a median split based on the WMH-load. The 

decline in global efficiency was not associated with a decline in psychomotor speed in the mild-to-

moderate group (β=-0.04, p=0.62), but the decline in global efficiency was significantly associated with 

a decline in psychomotor speed in the group with severe WMH (β=0.18, p=0.03) (Figure 3). After 

adjustment for the conventional MRI markers for SVD, this association diminished and was not 

significant (β=0.12, p=0.13). We reran the analyses using robust regression to account for the outliers 

that showed similar results (data not shown).  

Changes in global efficiency were not significantly associated with changes in cognitive index in the 

whole group and mild-to-moderate group. There was a trend in the association between changes in 

global efficiency and changes in cognitive index (β=0.14, p=0.068), which diminished after adjustment 

for imaging markers for SVD. Sensitivity analysis in participants without lacunes showed that changes 

in global efficiency were not significantly associated with cognitive index in the whole group or mild-

to-moderate WMH group. In the severe WMH group, changes in global efficiency was significantly 
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associated with changes in cognitive index (β=0.18, p=0.045), which remained significant after 

adjusting for imaging marker for SVD. 

As the actual decline may be larger due to learning effects, we have subdivided the group based on 

the median split of cognitive decline (based on psychomotor speed). These analyses revealed that 

changes in global efficiency were not significantly related to changes in cognitive decline in both 

groups. 

 

Global efficiency as predictor for mortality 

15 participants died during the follow-up period (5.4%). Figure 4 shows the cumulative mortality 

between low and high global efficiency, showing higher mortality in participants with low global 

efficiency (log-rank test p=0.02). In the Cox regression model adjusted for age, baseline global 

efficiency was significantly associated with all-cause mortality (HR per decrease of 1 SD 0.43, 95% CI 

0.23–0.80, p = 0.008, C-statistic 0.76). Presence of lacunes (HR 3.51, 95% CI 1.24–9.88, p = 0.018, C-

statistic 0.76) at baseline was also associated with all-cause mortality, while baseline WMH, presence 

of microbleeds and brain volumes did not predict all-cause mortality. In the multivariate model 

including baseline global efficiency and presence of lacunes, only baseline global efficiency remained 

significantly associated with all-cause mortality. Similarly, accounting for cardiovascular risk factors, 

such as hypertension, hypercholesterolemia, diabetes, smoking and BMI, did not alter the results; 

baseline global efficiency was associated with increased mortality. Furthermore, the results remained 

similar when generating sensitivity models restricted to participants without lacunes or microbleeds.  

 

DISCUSSION 

In this prospective study, we demonstrate that the global efficiency of the structural networks, which 

is related to the progression of SVD, decreases over time. Moreover, these longitudinal changes in 

network efficiency are associated with a decline in processing speed in the group with severe WMH 

and with decline in cognitive index in participants without lacunes. Change in global efficiency, a metric 

assessing the efficiency of network information transfer, was however not significantly associated with 

change in psychomotor speed, after adjusting for conventional MRI markers of SVD. Baseline global 

efficiency predict all-cause mortality over a 3.5-year observation period in SVD patients, independent 

of cardiovascular risk factors.  

 

Emerging evidence suggests that SVD is characterised by white matter network disruption that may 

play a pivotal role in the development of cognitive impairment and dementia.36 Previous studies have 

shown that the degree of disruption of network efficiency is associated with the conventional MRI 
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markers of SVD.8,9 Moreover, the associations between conventional markers of SVD or total burden 

of SVD and cognition are partly mediated through global efficiency.8,9,37 Here, we demonstrated 

significant deterioration of the structural networks in SVD, characterised by reduced global efficiency 

and network density over the 3.5-year interval. During this time-interval a concomitant increase of 

WMH volume was observed, suggesting that the progression of SVD is associated with disruption of 

white matter network efficiency. Using NBS, we were not able to find significant cluster of connections 

that are disconnecting over time. This might suggest that the disconnection at regional level are 

minimal, which can only be observed when performing whole-brain analysis. Importantly, the 

disruption of network efficiency is associated with decline in processing speed in the group with severe 

WMH, though this association is diminished after adjusting for the conventional MRI markers of SVD. 

This suggest that the network efficiency based on the tractography technique employed in our study 

does not solely explain the cognitive decline in the whole population.  

 

The trajectories of cognitive (dys)function over time vary considerably across individual participants. 

Some show a stable performance on cognitive tests or even improvements over time, while others 

perform substantially worse at follow-up. One possible explanation for this observation is that the 

impact of SVD on the brain depends on the extent to which it causes large-scale disruption in the 

efficient wiring of the white matter network. In other words, if the cumulative burden of damage, or 

strategically located damage, caused by the conventional MRI markers of SVD does not reach a critical 

threshold that is enough to cause network disruption, it will not result in subsequent cognitive 

decline.33,37 Structural networks are robust to random perturbation (e.g., removal of random nodes or 

edge), whereas removal of targeted centrally located nodes or edges have greater impact on the 

efficiency of the network.38,39 This might explain why incident lacunes do not significantly alter the 

network efficiency, because they probably do not reach a critical threshold of damage. Additional 

analyses showed that global efficiency in the participants with lacunar infarcts was not significantly 

decreased over time. The different cognitive trajectories also explain why baseline network efficiency 

(or other neuroimaging markers18) is not associated with change in cognitive functions.  

 

Here, we included patients with a wide spectrum of SVD burden, thus allowing us to investigate the 

differential associations of global efficiency on cognitive decline at different stages of SVD burden. At 

baseline, participants with severe WMH had lower microstructural integrity (indicated by lower 

fractional anisotropy) in corpus callosum and frontal white matter compared to participants with mild-

to-moderate WMH. Importantly, cognitive decline was related to a decrease in global efficiency, which 

was more pronounced in the more severe SVD group, although both groups showed a significant 

decline in cognitive functioning. An explanation for this observation is that the underlying (vascular) 
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damage of the white matter in the severe SVD group contributes more to cognitive decline than in the 

mild-to-moderate SVD group. Any additional deleterious effects of SVD are likely to have a greater 

impact on structural network integrity and, consequently, on cognitive outcomes. In contrast, other 

factors than the underlying white matter damage might play a more significant role in cognitive decline 

in mild-to-moderate SVD, for instance effects related to normal ageing. This aligns with studies 

showing stronger associations between network disruption and cognitive functioning in the more 

severely affected SVD patients than in less affected participants with SVD.9 

 

Previous studies have shown that conventional MRI markers of SVD, such as WMH, are associated with 

an increased risk of mortality.3,10,40 Here we extend these findings by demonstrating that network 

efficiency is significantly associated with mortality, while conventional markers of SVD are not or only 

weakly associated with mortality. The latter is possibly due to the relatively low statistical power (with 

a limited number of deaths at the follow-up of our study). This suggests that the disruption of structural 

network efficiency is not only an important marker for cognitive decline33,41 or dementia,9,33 but also 

for increased risk of mortality. As the participants died before second MR scanning could be 

performed, we are unable to examine whether changes in global efficiency was association with an 

increased risk of mortality. The underlying mechanism is not fully understood, but a possible 

explanation could be that the disruption of network efficiency could serve as intermediate marker for 

the underlying vascular damage. Previous studies have shown that global efficiency was strongly 

related to the conventional MRI markers of SVD.8,42 This suggests that global efficiency can be used as 

an useful marker for the underlying vascular damage in SVD.37 Structural network measures may be 

able to capture the burden of SVD more accurately than conventional markers of SVD and are 

associated with vascular risk factors.9 Another explanation may be that structural network disruption 

reflects, in part, ongoing neurodegeneration.43 Neurodegenerative processes, such as Alzheimer 

pathology, are also characterized by alterations in organizational properties of structural networks.44 

Previous studies have shown that brain atrophy (as a marker for neurodegenerative process) also 

predicts mortality.6  

 

Limitations 

Due to a scanner upgrade between 2006 and 2011, we were only able to use the follow-up data from 

2011 and 2015, resulting in a substantial reduction of the sample size. This is unfortunate, but hard to 

avoid in long-running prospective studies. The reduced sample size also limited the statistical power 

for the mortality analysis, as fewer patients were monitored who deceased during follow-up. This 

restricted our analysis to all-cause mortality and we were not able to perform subgroup-analysis based 

on the cause of mortality. Also, as same cognitive tests have been administered during follow-up, 
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learning effects may have occurred, especially cognitive tests with a memory-component. To account 

for possible learning effects, parallel versions have been used, where possible. If any, we think that the 

learning effects would have underestimated the degree of decline of cognitive function in our study.  

Another limitation is that control data on this scanner or cognitive data on cognition is not available. 

Furthermore, we have acquired single-shell DTI on 1.5 Tesla scanner with relatively low resolution 

images. Despite the sophisticated probabilistic tractography applied in this study, DTI tractography can 

be confounded by regions of crossing fibers, partial volume effects and insufficient signal/noise ratio, 

thus limiting the interpretation of the results. Future studies are therefore warranted to replicate our 

results by performing improved tractography techniques on newer diffusion protocols (higher angular 

and spatial resolution, modelling the effects of WMH on fibre orientation, multiple b-shells and/or 

higher field strength).45 It is also important to note that network analysis is not yet available for the 

large studies as this type of analysis is relatively new, requires specific imaging sequences and analysis. 

Future large studies should be conducted that might be able to address this in time.  

 

CONCLUSION 

This study provides further evidence that SVD causes cognitive decline through a disruption of white 

matter network efficiency, especially in participants with severe SVD. However, the association 

between change in global efficiency and change in psychomotor speed was not significant after 

adjusting for conventional MRI markers for SVD, suggesting that the network efficiency based on the 

tractography technique used in our study does not solely explain cognitive decline in this population. 

Moreover, baseline global efficiency predicts the risk of mortality, which may reflect the vital health 

status of individuals. This emphasises the importance of structural network analysis in context of SVD 

research and the use of network measures as surrogate markers in research settings, though more 

research is needed. 
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Table 1. Baseline and neuroimaging characteristics of the whole population and of the population with complete 

followup 
Data represent mean ± SD, n of participants (%) or median (interquartile range).  

Abbreviations: MMSE = Mini Mental State Examination. N = number. WMH = White matter hyperintensities.  

  

 
N = 277 N = 227  

(complete follow-up) 

Age, yr (SD) 68.0 (8.0) 67.0 (7.6) 

Sex, men (%) 155 (56) 127 (56) 

Education, median (range) 5 (5-6) 5 (5-6) 

MMSE, median (range) 29 (28-30) 29 (28-30) 

Vascular risk factors   

   Hypertension, n (%) 219 (79) 172 (76) 

   Diabetes, n (%) 35 (13) 25 (11) 

   Smokers, n (%) 38 (14) 30 (13) 

   Hypercholesterolemia, n (%)  121 (44) 94 (41) 

   Body mass index, mg/kg2, mean (SD) 27.8 (4.7) 27.7 (4.2) 

Neuroimaging   

   WMH, ml, median (range) 2.9 (1.3 – 8.1) 2.5 (1.1 – 6.4) 

   Lacunes, n (%) 65 (23.5) 46 (20.3) 

   Microbleeds, n (%)  53 (19.1) 32 (14.1) 

   Total brain volume, ml (SD) 1073 (104) 1086 (104) 

   Mean diffusivity, (SD) 8.2 x 10-4 (3.9 x 10-5) 8.2 x 10-4 (3.7 x 10-5) 

   Network density, (SD) 0.52 (0.02) 0.53 (0.01) 

   Network strength, (SD) 75.8 (6.2) 76.3 (5.8) 

   Global efficiency, (SD) 142.1 (16.2) 144.3 (14.5) 
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Table 2. Cognitive and neuroimaging changes over time 

Data represent mean ± SD, n of incident lacunes or microbleeds at follow-up or median (IQR).  

Abbreviations: WMH = White matter hyperintensities.  
^Significant change from baseline based on independent T-test (p<0.05) 
^Significant change from baseline based on Chi-square test (p<0.05) 

*Significant difference between the groups (p<0.05) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 
 

Whole group 

N = 227  

Follow-up 

Mild-to-moderate WMH 

N = 124 

 

Severe WMH 

N = 103 

Psychomotor speed, z-score (SD) -0.29^ (0.4) -0.32^  (0.4) -0.25^  (0.5) 

Cognitive index, z-score (SD) -0.24^ (0.4) -0.26^ (0.4) -0.22^ (0.4) 

Neuroimaging    

   WMH, ml, median (range) 1.4^* (0.5 – 3.1) 0.7 (0.2 - 1.4) 3.3^ (1.7 – 6.6) 

   Lacunes, incident  23+*  5+  18+  

   Microbleeds, incident  25+  9+  16+  

   Total brain volume, ml (SD) -17.4^ (12) -17.3^ (11) -17.5^ (14) 

   Mean diffusivity, (SD) 5.7^ x 10-6 (0.1 x 10-5) 3.2^ x 10-6 (9.8 x 10-6) 8.6^ x 10-6 (1.3 x 10-5) 

   Network density, (SD) -4.4^ x 10-3 (1.2 x 10-2) -4.1^ x 10-4 (1.3 x 10-2) -4.7^ x 10-3 (1.2 x 10-2) 

   Network strength, (SD) 1.2^ (3.2) 1.5^ (3.2) 0.67^ (3.2) 

   Global efficiency, (SD) -0.6 (7.5) 0.2 (8.1) -1.6^ (6.6) 
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Legends to the figures 

 

Figure 1. Flowchart study-population at baseline and follow-up. Due to a scanner upgrade between 2006 and 

2011, we were only able to include the study population from 2011 and 2015.  

 

 

Figure 2. Voxel-wise analysis of the difference in fractional anisotropy between participants with mild-to-

moderate and severe WMH, adjusted for age, sex, education and conventional markers of SVD, performed with 

a 2-sample t-test, thresholded at p<0.05 and corrected for multiple comparisons. The statistical maps are 

superimposed onto the spatially normalized (Montreal Neurological Institute stereotactic space) T1 map. 

 

 

Figure 3. Longitudinal associations between global efficiency and psychomotor speed. No association was found 

between change in global efficiency and change in psychomotor speed in the mild-to-moderate WMH group (N 

= 124), whereas in the severe WMH group decline in global efficiency was significantly related to decline in 

psychomotor speed, adjusted for age, sex, education and baseline psychomotor speed. Negative values 

represent decline in scores over time.   

 

Figure 4. Cumulative mortality was estimated using Kaplan-Meier analysis and the difference between the low 

and high global efficiency was estimated with the log-rank test. Higher mortality was observed in participants 

with low global efficiency compared to high global efficiency (log-rank test p=0.02) 
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