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Objective To investigate a possible predictive value of structural connectivity measures in patients

with clinical Alzheimer’s Disease (AD) and their progression of cognitive functioning.

Methods 45 clinical AD patients from the Radboud NILVAD cohort substudy underwent
structural and diffusion MRI, as well as longitudinal cognitive testing. Via diffusion tensor
tractography white matter pathways were reconstructed and whole-brain networks of each
individual patient were built. Relations between network measures and cognitive functioning

progression were analysed.

Results No relation between progression and baseline network measures was found. However,
baseline cognitive functioning and network measures did show a significant correlation, with

patients with lower network measures showing higher levels of cognitive disfunction.

Conclusion Our results suggest that network measures do not predict cognitive functioning over
time. They do support the idea that structural connectivity measures could act as a biomarker in

AD, still supporting a link between WM integrity and cognition.
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1. Introduction
1.1 Alzheimer’s Disease

Alzheimer’s Disease (AD) is a severe, progressive, and currently incurable brain disease.
AD can only definitively be diagnosed after an autopsy or biopsy, through histopathologic
evidence of plaques and/or tangles present in the brain tissue. However, a clinical diagnosis of
probable AD can take place without invasive techniques. In order to diagnose a patient with clinical
AD certain aspects must be present: a clinical and neuropsychological examination establishes
dementia, progressive cognitive decline, two or more areas of cognition are impaired, onset was
between age 40 to 90, and there is an absence of other diseases capable of producing a dementia
syndrome (NINCDS-ADRDA Alzheimer’s Criteria, 2011). The cognitive area most commonly
affected is episodic memory, of which the decline is often one of the earliest symptoms family
members notice. However, it is important to reiterate that for a diagnosis at least two areas of
cognition will have to show decline. Next to this, some forms of memory, such as implicit memory,
can remain relatively unaffected until later stages of the disease. Other areas affected can include
language (aphasia), motor skills (apraxia), perception (agnosia), executive functions (e.g. planning),

or orientation.

AD is highly prevalent and has become more so over the past ten years. Worldwide, around
50 million people have dementia, with 10 million new cases each year (WHO, 2019). AD is the
most common form of dementia, accounting for 60-70% of dementia cases. AD is currently the
main cause of loss of independency in elderly. We expect that with an increasing group of elderly,
due to a higher life expectancy and population ageing, the total amount of people with AD will
grow significantly (WHO, 2019). With a growth in cases, we expect an increase of societal impact.
As AD does not only affect the patient, but also indirectly influences friends, caregivers, and family,

the social costs of the disease are relatively high (Reitz et al., 2011).

The effects of AD are highly heterogenous; patients differ largely in life expectancy (3-9
years), symptoms, and affected brain regions (see for example Cohen-Mansfield, 2000; Folstein,
1989; Komarova & Thalhauser, 2011). This large variability in disease manifestation increases the
difficulty of researching the cause or a cure as there is no straightforward impairment to target (e.g.
Cummings, 2000). Being able to accurately diagnose a subject with AD with a distinction of the
most likely subtype it might be, can increase quality of treatment or patient care (Haaksma, 2018).
Recent studies have created models to predict the trajectory of progression in AD based on several
predictors, including comorbidity and age (Haaksma, 2018; Leoetsakos, 2015). However, it

remains unclear what the underlying neuropathologic cause of this heterogeneity in AD
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progression could be. Importantly, research into the causes of this heterogeneity might expose

interesting targets for treatments or cures.

Inabroader sense, AD can be divided into three possible phases: preclinical, mild cognitive
impairment (MCI), and clinical AD (Albert et al., 2011). In the initial preclinical phase, pathology
accumulates in the brain, but clinical symptoms (memory loss, speech impairment, motoric
challenges, or sleep disturbances) are yet to be seen (Price et al., 2009). This stage can be diagnosed
through the use of positron emission tomography (PET) imaging of amyloid or having the
patient’s cerebral spinal fluid (CSF) analysed (Fagan & Holtzman, 2010; Jack et al., 2013). The
preclinical phase can be subdivided into three steps; 1) presence of abnormal amyloid, 2) presence
of abnormal amyloid and neurodegeneration, and 3) the onset of mild cognitive deficits, which
could eventually reach the qualifications for clinical AD. Interestingly, cognitively normal elderly
with presence of abnormal amyloid (step one of the preclinical phase) already showed decreased
functional connectivity compared to elderly without abnormal amyloid (Drzezga et al. 2011;
Hedden et al., 2009; Sheline et al., 2010). This is a cautious indication that neural connectivity
could be a pathway through which AD manifests. However, since not all individuals with abnormal
amyloid eventually develop clinical AD, the hypothesis that amyloid could be a cause in general,

let alone through dysconnectivity, still faces criticism (e.g. Drachman, 2014).

To explore this idea further we look at the white matter (WM) in the brain, as WM is widely
believed to be a key component in neural connectivity (Fields, 2008). Next to this, research into
the WM-AD relation has been conducted extensively over the years (see for example Gouw et al.,
2008; Scheltens et al., 1992; Sui & Rajapakse, 2018). Scheltens et al. (1992) show evidence for a
possible link between WM hyperintensities (WMH) and the onset of AD, where patients with
senile onset AD had significantly higher WMH scores, but no difference in cortical atrophy levels
itself. With the use of quantitative MRI techniques, Goww et al. (2008) show evidence for a
difference in WMH between AD and non-demented eldetly, as well as being able to reflect severity
of the neuropathological changes present. Furthermore, Sui & Rajapakse (2018) show that
different WM impairment factors have distinct effects on cognitive decline, associations with
executive function differ with associations with memory decline. Considering these relations, it is

interesting to look at AD in light of a disconnection syndrome.
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1.2 Disconnection Syndrome

Disconnection syndrome is a general term for neurological symptoms caused by damage
to WM in the cerebrum (Kaufman, 2007). The belief that higher functions could be the result of
associative models, where integration of multiple areas is necessary in contrast to functions being
specifically localized at a certain brain region, arose in the 19th century (Catani, 2008; Wernicke,
1874). These models suggest that higher functions, such as the naming of objects or recalling
memories, are dependent on the integration of information gathered through different sources
and thus different brain regions. In order for these higher functions to be present, the regions
involved must communicate with each other. Wernicke (1874) was one of the first to spot an
example of a neurological disorder resulting from communication problems between areas. He
discussed this in his aforementioned dissertation, where he suggests that a disconnection of the
sensory speech area from the motor area due to lesions could lead to conduction aphasia (Spreen,
1995; Wernicke, 1874).

Nowadays it is widely accepted that higher functions are not tied to a single cortical area,
but rather related to cortical networks distributed throughout the whole brain. White matter axonal
pathways are shown to be important communication pathways within the brain, relaying
information between regions (Butt, Fern, and Matute, 2014). Cortical networks often include brain
regions remote from each other, connected by long-range association nerve bundles in the white
matter (Geschwind, 1965). Geschwind (1965) furthermore explains disconnection syndromes
specifically as a result of lesions in the association cortex, as well as theorizing that disconnection
syndromes specifically cause higher function deficits, supporting the idea that higher functions
result from an integration between regions. Brain damage can therefore arise not only from lesions
in the grey matter brain areas, but also from damage specific to these white matter tracts (Mesulam,
2005). This type of damage is thought to cause neurological symptoms as the integrity of white
matter tracts that facilitate inter-region communication is impaired, causing a disconnection

between regions.

1.3 AD as a disconnection syndrome

Delbeuck, Collete, and van der Linden (2007) showcase that several fields, including
neuroimaging and neuropsychological studies, find evidence consistent with disconnection as an
aspect of AD. Initially, disconnectivity could only be examined via autopsy, which limits the
understanding of its possible role AD progression. New techniques (e.g. diffusion tensor imaging
(DTI)) allow us to circumvent this limitation. With current imaging techniques, including DTI-

based tractography, it is possible to visualize and quantify the white matter association pathways
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between brain regions which provides the opportunity to research disconnection syndromes more
in-depth (Molko et al., 2002; Jones, 2008). It is now possible to inspect structural connectivity
within living participants, creating the opportunity to follow changes to the connectivity over time
and between healthy and affected individuals.

Data obtained by studies into (neurodegenerative) disorders and network connectivity
suggests that network disruption could be a disease marker and in progressive diseases develop
alongside disease severity (Brier et al., 2012; van der Holst et al., 2019; Lawrence et al., 2018;
Tuladhar et al., 2016; Zhou et al., 2008; Zhang et al., 2009). Brier et al. (2012) find functional
connectivity disruptions in the DMN, but also in the executive control-, and sensori-motor
networks in early stages of AD. In later stages, AD disrupts functional connectivity in the whole
brain, supporting the idea disruption also develops progressively. One possible interpretation is
that AD severity follows the brain’s ability to internally communicate efficiently. Therefore,
changes in neural connectivity could be related to the cognitive decline as observed in AD.

Interest and support for AD as a disconnection syndrome has thus grown over the years
(Brier et al., 2012; Delbeuck, 2003; Stam et al., 2006). Still, the progressive aspect of AD makes it
difficult to categorize when regions are really considered disconnected, if they are at all. The initial
model of the disconnection disease considers disconnection as an event in which a lesion renders
neural communication needed to cognitively function impossible. However, in progressive
disorders such a distinguished event is either difficult or impossible to pinpoint. In these cases
disconnection is partial and increases in severity over time. If there is a lesion severing the white
matter tracts between regions, they will logically experience difficulty communicating (e.g. by
having to find another pathway) or will lose this ability altogether. However, this is not the only
aspect of neural communication that can be affected. There are instances in which the
communication pathways are present, but altered. Friston & Frith (1995) show that schizophrenia
can also arise due to an abnormal integration between areas based on their synaptic efficacy. Brier
et al. (2014) hypothesize that neural disconnection between regions can happen gradually, and
partial disconnections can (already) cause higher function deficits. This gives rise to different
interpretations of what exactly entails a disconnection syndrome. Considering neurodegenerative
diseases, the disconnection syndrome is not as straightforward as in the eatlier examples by for
example Wemicke (1874).

To further investigate the link between disconnection and progression of cognitive decline
in AD, it is interesting to perform a longitudinal study with AD patients. As neurodegeneration is
a known component of AD, it might prove fruitful to look at the change in structural connectivity

over time, as deteriorating neurons will lead to an absolute lower structural connectivity. Previous
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studies have already shown lower fractional anisotropy (FA) in AD patients compared to healthy
controls (e.g. Clerx, 2012). Through the use of DTI imaging white matter trajectories can be
estimated for each individual brain (e.g. Alexander et al., 2007; van der Holst et al., 2018).
Compared to healthy controls, MCI and AD patients show widespread decline in connectivity in
the brain (Daiana et al., 2013; Filippi & Agosta, 2011). Tucholka et al. (2018) compare the structural
connectivity between control, preclinical, MCI, and clinical AD groups. They were able to identify
differences in WM between the subsequent stages of disease, independent from grey matter
atrophy. This underlines the involvement of WM in the development of AD. In order to build on
this notion, we look if there are noticeable differences between individuals within the same disease
stage (clinical). We explore whether these differences indicate cognitive differences. Furthermore,
we explore if differences between structural connectivity can be linked to cognitive decline over
time.

First, we hypothesize that, even within a group of patients in the same clinical stage,
structural connectivity differences will indicate differences in cognitive abilities of the patient. WM
seems to be highly sensitivity throughout the AD continuum, already appearing in the preclinical
stage (Tucholka et al.,, 2018). We therefore believe that WM differences can also differentiate
between severities in the clinical stage. Second, we hypothesize that the trajectory of AD
progression can be linked to the connectivity level within the brain. We suggest that, when neurons
degenerate between areas and connectivity is lost (even partially), this will have a significant effect
on disease progression. Last, we hypothesize that we can relatively reliably predict the patient’s
cognitive decline trajectory, based on their DTI data. Earlier research detected structural
connectivity showed promise as a predictor of AD conversion in groups of MCI and small vessel
disease (SVD) patients (Lawrence et al., 2018; Tuladhar et al., 2016). Building on this, we believe
structural connectivity might also proof fruitful as a predictor for fast or slow cognitive decline in

AD (Ye etal., 2019).

2. Methods
2.1 Participants

Our data is drawn from the pre-planned Radboud NILVAD; the Cohort cerebral blood flow
substudy. The NILVAD trial is a multicentre, randomized, double-blind, placebo-controlled study
of Nilvadipine versus placebo in patients with clinical AD. The detailed protocols of this study
have been published before (Lawlor et al., 2014; Meulenbroek et al., 2016). Subjects are eligible for
this study if they have a diagnosis of probable mild-to-moderate AD supported by biomarkers
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based on the 2011 NINCDS-ADRDA) criteria. They must be at least 50 years of age and have a
Mini Mental State Examination (MMSE) score between 12 and 25, indicating cognitive
impairment. In the more recent 2018 NIA-AA (National Institute on Aging — Alzheimer’s
Association) Research Framework, participants would be characterized as ‘Alzheimer’s clinical
syndrome’ (Jack et al., 2018). Participants were recruited both from the memory clinic at the

RadboudUMC (Nijmegen), as well as the clinic Rijnstate (Arnhem).

Baseline data collection occurred between June 2013 and March 2015, during which 63
subjects were included in the NILVAD study. 58 of these participants participated in the cerebral
blood flow substudy. The current study focuses on individuals that have diffusion MRI data
available for baseline and participate in at least one follow-up cognitive test in order to enable a
disease progression rate calculation. After the exclusion of patients with missing data points,
excessive head motion (>3SD), and visual quality control throughout data processing, the final
sample for this study is 45 subjects. Demographical and clinical measures for our sample are
reported in table 1. For the patients with dementia, written consent was obtained from the patients
as well as their caregivers. The original study falls under approval by the Medical Ethics Committee
(CMO Arnhem-Nijmegen) and was conducted in accordance with the Declaration of Helsinki and

Good Clinical Practice.

2.2 Clinical measurements

At initial recruitment patients performed a Mini-Mental State Examination (MMSE; Folstein,
Folstein, and McHugh, 1975). In order to measure cognitive function changes over time, patients
participate in up to four 12-item Alzheimer’s Disease Assessment Scale-Cognitive Subscale 12
(ADAS-Cog-12) tests, a validated measure of cognitive dysfunction in AD (Kueper et al., 2018).
Scores can range up to 80, with higher scores indicating higher levels of cognitive dysfunction.
Raw ADAS-Cog-12 scores are used in this analysis. The set timepoints for these measurements

were at baseline, and after 13, 52, and 78 weeks.

2.3 Data acquisition and pre-processing

MRI data was acquired on a 3T Trio MRI (Siemens, Germany). Participants were scanned at
baseline, and after six and eighteen months. Only baseline scans are included in this study as the
aim is to see if baseline MRI markers can be predictive of cognitive functioning and if MRI markers

could be indicative of cognitive differences between patients. For registration and segmentation
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of brain structures, a 3-dimensional T1-weighted rapid gradient-echo (MPRAGE) imaging was
petformed (TR/TE = 2300/4.71 ms, flipangle 12°, voxel size 1.0 x 1.0 x 1.0 mm, FOV = 256
mm). Next to this, a Diffusion Tensor Imaging (DTI) was included (4 values 0 and 1000 s/mm?2,
TR/TE = 7400/85 ms, number of encoding directions = 64, FOV = 240 mm, interleaved slice

acquisition, and voxel size = 2.0 x 2.0 x 2.0 mm).

To minimize movement during acquisition all participants receive feedback when they
move too much. During pre-processing, brain tissue is extracted from the scan via FSL’s build-in
brain extraction tool (BET). The diffusion weighted images are denoised with a local principal
component analysis filter (Majnén et al., 2013) and preprocessed via an in-house developed
Patching ArTefacts from Cardiac and Head motion (PATCH) algorithm to correct for residual
eddy cutrents and for artefacts from head and/or cardiac motion (Zwiers, 2010). The diffusion-
weighted images are realigned with the unweighted diffusion image with SPM12. All diffusion MRI
scans are visually inspected to assess the quality of the data. When data quality is insufficient, the
subject is excluded (n=2). Diffusion tensor imaging (DTI) calculations are performed using
DTIFIT from FSL’s FMRIB's Diffusion Toolbox (FDT). This is specifically built for the analysis
of diffusion weighted imaging. DTIFIT estimates a diffusion tensor model in each voxel, as well
as the basic DTT parameters, fractional anisotropy (FA), mean diffusivity (MD), axonal diffusivity
(AD), and radial diffusivity (RD). In-house software is then used to perform whole-brain
deterministic diffusion tensor tractography in each subject’s native diffusion space (Lawes et al.,
2008). This process resulted in a 3D tractography image for each subject, showing probable white

matter tracts in the subject’s diffusion space (figure 1).

Figure 1 An example from one patient in the NILVAD study of the resulting image obtained through whole-brain

deterministic diffusion tensor tractography.
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2.4 Network construction

A network is built up by a number of nodes that are connected via edges. In brain
networks, nodes are usually defined as distinctive grey matter regions, and edges are defined as the
white matter tracts that connect the different regions (Sporns, 2013). The protocol followed for
network construction has been published before, and a visualization of this pipeline can be seen
in figure 2 (van Dorst et al., 2019; Li et al., 2013; Tuladhar et al., 2016). In order to create brain
networks for each participant, we define the nodes by segmenting brain regions by the automated
anatomical labelling (AAL) template (Tzourio-Mazoyer et al., 2002). This segmentation results in
90 grey matter regions defined in the AAL, 45 in each hemisphere of the brain. The cerebellar
regions are excluded as the tractography used in this study cannot propetrly trace connection within

this region.

DTldata AAL template in MN| space 1 image

Fibers
Slie ¥

Weighted matnx Brain network

Figure 2! visual flowchart depicting structural network construction using DTT and tractography. 1) each individuals

b0 image is registered to their T1 image (rT1) and transformed to MNI space. 2) the inverted linked transformation
matrices from (1) transform AAL template to diffusion space. 3) fibers are reconstructed through deterministic

tractography. 4) defined nodes (AAL) and edges (WM fibres) are combined into a matrix (Li et al., 2013).

In order to define both nodes and edges in the same space, the AAL segmentation should
be defined in the diffusion space as this is where we obtain our fibres (edges). Via FSL #oo/s (Smith

et al., 2004) the T1 images of all patients are nonlinearly registered to the Montreal Neurological

! Image taken from (Li et al., 2013) to clatify procedure. Eventual matrix in our study used average FA values, which
is not the case in this image’s matrix. We do not believe this hinders the clarification with the image.
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Institute (MNI) 152 template. Each patient’s unweighted diffusion image (b0) is registered to their
T1 space, and the transformation matrix from this registration is derived using FLIRT, the brain
linear image registration tool. By inverting and linking the resulting transformation matrices, they
can be applied to the AAL template in order to bring it to each subject’s b0 space. All registrations
are inspected visually for errors, if errors remain after retrying, the participant is excluded from the

study (n=2).

Edges are defined by reconstructing WM fibres in the whole brain via FACT
streamlining for deterministic tractography. A threshold was set for the edges to eliminate false-
positives. This method has been used in other tractography-based network analysis studies (e.g.
van Dorst et al., 2019; Tuladhar et al., 2016). Two nodes are connected if the end- and start point
of such a streamline lie within that combination of regions. As pinpointing directionality of the
WM tracts is not possible in diffusion data, each streamline connection between two regions of
interest, is counted as a connection for both the #-b and b-2 node combinations. Connection values
used in this study are based on the average mean fractional anisotropy value of WM tracts between
node-pairs. To correct for different brain sizes and/or AAL regions, connection strength was also

normalized by taking the average of these volumes.

This pipeline thus results in a weighted undirected 90x90 connectivity matrix for each
subject. Each element of this matrix represents a normalized number of tractography-

reconstructed streamline measures connecting two grey matter regions as defined by the AAL.

2.5 Graph theoretical analysis

We use the Brain Connectivity Toolbox to compute graph theoretical network measures (Bullmore
& Sporns, 2009; Rubinov & Sporns, 2010). Generally, higher values indicate a better network
value. It is important to note, however, that this is only the case up to a certain point, and
interpreting values is not always as straightforward as they can strongly influence each other.

Calculated network measures include:

Density, which is defined as the total number of edges in a network divided by the possible

number of edges. This is considered a simple estimator of the physical cost of a certain network.

Strength, defined as the mean sum of all weighted edges for every node, and thus including

the weights of connections in an overall measure.
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Global efficiency, defined as the average inverse of the shortest path length, which, in turn, is
defined as the minimum number of weighted connections between two regions in a network
(Latora & Marchiori, 2001). This is related to how well connected the brain is as a whole. A short
average path length indicates that each node can reach other nodes through only a few edges
(Sporns, 2010). It makes use of inverse path length as this ensures that nodes that are not
connected at all, and thus have an infinite shortest path length, do not account for any value in the

total measure.

Local efficiency, defined as the average of the global efficiency computed on first-degree

neighbours of each node. This is related to how well-connected local clusters of brain regions are.

Modularity, defined as a statistic that captures a quantifiable degree to which the network
may be subdivided into clearly delineated groups. These groups maximize the number of within-
group edges, while at the same time minimizing the between-group edges, which is thought to be

an optimal community structure.

Node degree, defined as the average amount of edges connected to a node, which is

considered one of the elementary measures in graph theory.

Cluster coefficient, defined as the average fraction of triangles around a node. It is a measure
of the degree to which nodes in a graph cluster together (Watts & Strogatz, 1998). If neighbours
of anode are also directly connected to each other they are considered a cluster. Complex networks
usually have a higher cluster coefficient as compared to random networks. The average clustering
coefficient of a network is considered a measure of the network’s segregation, which is the degree

to which the network is organized into local specialized regions (Bullmore et al., 2009).

2.6 Statistical Analysis

We use R (3.6.1) for all statistical analysis. Normality is evaluated using the Shapiro-Wilk test,
which shows normality is not met in ADAS scores. Correlations are thus evaluated by using
Kendall tau, as compared to Pearson’s correlation if normality is met. Linear mixed effects models
(LMM) are composed with the /ze4 package (v1.1-11) to assess the associations for progression in
ADAS-Cog-12 scores with whole brain network measures at baseline (appendix A) Bates et al.,
2015). This is done to evaluate the predictive value of the network measures on the cognitive
decline over time. Next to this, LMM’s are used because they can account for within-person
correlations over time, missing data, and variation in time between measures (Long, 2011). This is

the case in this study due to subjects not completing all four ADAS-Cog-12 tests, and varying time
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intervals between the consecutive cognitive assessments. All test assessments, including those at

baseline are taken into account.

Network measures are used as predictors in the models, where the ADAS-Cog-12 tests are
the outcome variable. The effect of each network measure is tested separately. The model includes
fixed effects for the respective connectivity measure, time, interaction between these two, and
covariates. Furthermore, all models include a random intercept and slope, which inclusion
improved the models significantly. Covariates used are age at baseline, sex, education, and
normalized brain volumes. Subjects were included as a random effect to account for dependency

of data.

Lastly, the models are run on group levels to compare more general outcomes more
generally. These include the treatment (nilvadipine) vs. control group, as previous studies did find
a difference in cerebral blood flow measures between these groups which could influence results
(De Jong et al., 2019). Secondly, we compare the 15 subjects with the fastest decline to the 15
subjects with the most stable cognitive score. This distinction is made based on the individual
regression lines obtained through the LMM (appendix B). The comparison is done to account for
the possibility that the effect might be too small, or the sample has a too large variance to measure
on the individual level. If a correlation is present at group level it would still be interesting to

investigate it as a possible pathological pathway for treatment or cure research.

3. Results
3.1 Demographics

Table 1 presents the demographic and clinical parameters. We included 45 subjects with a mean
age of 74 (£06) and 28 (61%) are women. Follow up happened after 13, 52, and 78 weeks. Figure
3 shows a visual representation of the cognitive decline of subjects over time. Median number of
ADAS tests within participants is 4, with a minimum of 2 and a maximum of 4. Annual change in

ADAS is estimated at 5.53 points per year, which is a significant increase over time (p < .0001)
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Figure 3 Longitudinal patient ADAS scores. Each (coloured) line represents an individual within the sample. The

black line is the regression curve calculated using linear mixed effect models, adjusted for age, sex, education and brain

volume. The changes over time (in years) were significant for ADAS-Cog-12 (3=0.11, SD=0.02, p<0.0001).

Table 1

Denographic and clinical characteristics of the sample at baseline

n=45 Mean (SD)
Age 73.61 (5.89)
Sex (female) 61% n=28
MMSE 20.54 (3.08)
ADAS-Cog-12 31.93 (9.16)
Annual AADAS 5.89 (0.95)

Connectivity measures

Brain volume (mL)? 982.7 103

White matter volume (mL)? 508.3 56.9

Density 0.06 (0.01)
Strength 2.33 (0.47)
Node degree 5.36 0.99)
Global efficiency 0.15 (0.02)
Local efficiency 0.18 (0.03)
Cluster coefficient 0.13 (0.02)
Modularity 0.52 0.04)

2) Normalized to head size
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As mentioned, we also divide the group based on drug treatment as well as slope. No
significant differences at baseline are found between the treatment and control group, which could
be because the intervention’s influence on ADAS-Score-12 tests over time is too small. In table 2
the main characteristics in slow and fast decline groups at baseline are shown. As the groups are
divided based on their decline, the significant difference between annual change in ADAS-Cog-12
score is in line with expectations. The only other measure that significantly differs between groups
is normalized white matter volume, with the slow decline group having a smaller volume. This is
against what we would expect, as we would hypothesize a faster decline could be correlated with
higher atrophy at baseline (Sluimer et al., 2008). Here the indication is that patients with a lower
WM volume, but similar cognition level, are more likely to remain in the slow decline group.
Perhaps other abilities of their white matter structure, such as synaptic functioning, has a higher
efficiency because of the lower volume to start with. In order to explain this result properly,
however, specific research into this area should take place. It might be an accidental finding due
to low sample size. No other significant differences can be found between the groups at baseline,
which could indicate that the network measures we calculated are unable to distinguish between

progression rates. This will be explored more in-depth in the LMM.

Table 2
Demographic and clinical characteristics differences between groups (slope)
Slow (n=15) Fast (n=15)

Mean (SD) Mean (SD) p-value difference
Age 75.4 (5.41) 72.2 (5.83) 0.13
Sex (female) 80% n=12 53% n=8 0.13
MMSE 21.33 (3.39) 19.73 (3.49) 0.21
ADAS-Cog-12 30.73 (11.30) 34.33 (8.20) 0.33
Annual AADAS 0.19 (1.84) 11.91 (5.35 <0.01**
Imaging & network measures
Brain volume (mL) 944.4 (83.0) 1004.6 (114.3) 0.06
White matter volume (mL) 484.47 (47.5) 528.7 (58.7) <0.05*
Density 0.06 (0.01) 0.06 (0.01) 0.07
Strength 2.14 (0.43) 2.46 (0.59) 0.11
Node degree 4.97 (0.86) 5.69 (1.23) 0.07
Global efficiency 0.14 (0.02) 0.15 (0.03) 0.18
Local efficiency 0.17 (0.03) 0.18 (0.04) 0.23
Cluster coefficient 0.12 0.02) 0.13 0.02) 0.36
Modularity 0.53 0.04 0.51 (0.05) 0.22

Note: ¥* p=0.001, ** p<0.01, *p<0.05. a) Normalized to head size
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3.2 Baseline

Individual baseline correlations, controlled for age, sex, and education, are shown in table 3. At
baseline the ADAS-Cog-12 score correlates with the MMSE scores, as expected, as both are
considered measures of cognitive function. The inverse relation also makes sense, as in the MMSE
test a lower score indicates worse functioning, whereas in the ADAS-Cog-12 test higher scores

indicate worse cognitive functioning.

Table 3

Respective coefficients of the correlation between baseline cognitive tests and network measures. Correlations were corrected
Sfor sex;, age, education, and brain volume. Reported coefficient

MMSE:  Density  Strength GE LE Modularity ~ Node CC
Degree
ADAS -2.247 -1.46b -1.55b -1.45b =257 -0.62 -l40b 311
0.23) 0.84 0.82) (0.82) 0.82) 0.84) 0.84) (0.82)

Note: *** p=0.001, ** p<0.01, *p<0.05. a) not standardized, b) trend (0.05<p<0.1). GE=Global efficiency,
LE=Local efficiency, CC=Cluster coefficient. SD between parenthesis.

The measurement scales of the ADAS-Cog-12 and network scores are vastly different.
Therefore, to make interpretation more comprehensive, we normalize the network measures to a
mean of 0 and a standard deviation (SD) of 1. The ADAS-Cog-12 score at baseline is negatively
correlated with local efficiency and the cluster coefficient which are both segregation measures.
This indicates that if these network measure increase by one SD the ADAS-Cog-12 score will, on
average, decrease by stated coefficients. In other words, patients with higher network measures,
function better cognitively, which is in line with expectations. Density, strength, global efficiency,
and node degree are not significantly correlated to cognitive functioning but did show a trend in

the same direction as the segregation measures.

White matter volume is correlated with density, strength, node degree, and global efficiency
at baseline (p<0.05). As these measures are based on the availability of connections within the
whole brain, this is as expected. Local efficiency, modularity, cluster coefficient, are average
measures of more distinct values, which could explain the non-correlation with whole brain white
matter volume. These values are not directly influenced by the amount of connections and could
thus change relatively dependent from white matter volume. It is important to note however, that
this is only true to a certain extent and eventually with more drastic white matter volume decrease,
these values are expected to be influenced as well. This is because in order to maintain clusters or
modules, a certain minimum of connections will still need to be present. Perhaps in patients with

more extreme atrophy, this relation is found.
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3.3 Predictive value (Linear Mixed Models)

Table 4 presents the outcome of the LMM’s used to investigate the association between baseline
connectivity measures and ADAS-Cog-12 score over time. Including a random intercept and slope
is chosen as this improved the model significantly. None of the connectivity measures models yield
a significant result (p > 0.1). Therefore, none of the measures show a significant relation with

ADAS-Cog-12 score progression.

When comparing groups (instead of individual slopes) over time, neither the nilvadipine

vs. placebo or slow vs. fast groups show a significant result (p>0.05).

Table 4
LMM results, respective coefficients for the interaction between network measures and time. Controlled for age, sex, education,
and brain volume.

Network measure coefficient SD p
Density 1.68 1.67 0.32
Strength 0.04 0.04 0.34
Node degree 0.02 0.02 0.32
Cluster coefficient 0.37 0.96 0.71
Global efficiency 0.77 0.78 0.33
Local efficiency 0.38 0.59 0.53
Modularity -0.7 0.45 0.13

4. Discussion

We do not find a significant relation between brain network measures and the progression
of cognitive functioning scores as measured by the ADAS-Cog-12. This is the case neither for the
relation on an individual level, nor the nilvad- and slope-group levels. However, cross-sectionally
at baseline there is a significant relation between cognitive function scores and network measures,

especially average local efficiency and cluster coefficient.

There are several ways to interpret these results. Firstly, white matter integrity based on
FA measures has been previously identified as a possible biomarker for AD (Nir et al., 2013; Rocca
et al., 2018; Tucholka et al, 2018). These studies focus more on comparing AD to MCI and healthy
controls, or using the biomarkers to predict conversion from MCI to AD. Our study found a
correlation between baseline network measures and cognitive scores which is in line with their

results, and supports the idea of using network measures as biomarkers for AD. As we specifically
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found segregation measures such as local efficiency and cluster coefficient to be of interest, it
might be worth to compare these more specified measures between control, MCI, and AD groups,

as compared to within one group of AD.

Furthermore, our results could support the idea that white matter integrity loss runs parallel
to cognitive functioning in AD. This could mean that damage to the white matter network has an
immediate effect and most likely does not have a delayed component affecting consequent loss of
cognitive function. This contrasts with the expectation that there would be a delayed component
present, as WM measures in MCI and SVD groups could predict which patients would most likely
convert to AD eventually. A possible explanation could be that there are different processes at
work that cause WM loss, and the initial process present in MCI has a delayed effect, but this
delayed effect is lost after conversion to AD. As the network measures do not indicate how
integrity is lost, it would be interesting to investigate what could drive this immediate effect of
white matter integrity loss. Possible contenders are amyloid deposits in the brain impairing the
white matter tracts or vascular comorbidity influencing the white matter structure. Similarly, future
research could investigate if there might be a different drive behind the loss in MCI compared to
AD.

Secondly, we made use of whole-brain network measures, which could have influenced
the results in several ways. First, whereas these values represent the whole network and might run
parallel to disease manifestation, it might be the case that when specifically looking at network
measures for regions of interest in AD they have a greater effect in which a possible predictive
component could be found. Loss of integrity in one region contributes only a relatively small
amount of integrity loss overall. Integrity loss in a specific region of interest in AD might have a
large effect on disease manifestation and predict the decline of the individual. However, this loss
is relatively small when investigating whole-brain white matter integrity. This regional
differentiation is an interesting angle to pursue in relation to these specific network measures. It
must be stated however, that whereas the idea that this effect would be stronger seems logical,
there is no indication that in this instance the integrity loss does have a delayed effect and would
have predictive value. It could very well be a stronger biomarker, but still no predictor of the

decline rate.

Similarly, it could be the case that by focusing on separate network values such as the
cluster coefficient, the measures on itself are not strong enough to have predictive value. Earlier
found predictive values of WM integrity for conversion to AD are found in studies that focus

more on fractional anisotropy (FA) and mean diffusivity (MD) and not the specific network
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measures we calculate. For future research, it could be interesting to focus on combination of
network measures, for example including a balanced measure in which both integration and

segregation take part.

Interestingly, the cross-sectionally significant values are local efficiency and cluster
coefficient, which are both considered measures of segregation (Bullmore and Sporns, 2009; Lo et
al., 2010). We find that people scoring higher on the cognitive dysfunction scale, had a lower local
efficiency and cluster coefficient value. This indicates that with lower segregation values, cognitive
functioning often is lower. A lower value in local efficiency and cluster coefficients most likely
reflects a smaller amount of short-range connections between neighbouring structures (Bullmore
& Sporns, 2009; Daianu et al, 2013). This could be in line with earlier findings as for example Brier
et al. (2014) shows correlations between functional segregation measures, whereas no correlation
is found with functional integration measures. However, to investigate this more extensively,
longitudinal change in network measures would need to be looked at, as compared to the cross-

sectional baseline values we used.

Important, as can be seen in table 3, the effect sizes compared with the average values of
network measures (table 1) are relatively large, however, the standard errors are even larger. This
could be an indication that due to a lot of variation in the sample the found effects lose their
meaning. Therefore, it could be interesting to perform a similar analysis on a larger sample as this
will lower the standard error and give rise to more precise results. Secondly, this could be an
indication that the within person variability of whole-brain network measures makes it difficult to
use these measures as prognostic values. To account for this, it would be interesting to look not at
pure network measures between individuals, but at change or relative change in network measures
over time. This would result in more comparable measures. In the future it could be seen if this

change over a short amount of time (e.g. 3 months) could indicate following decline patterns.

A limitation that should be mentioned is the reproducibility of in vivo structural networks
(Wedeen et al., 2008). The noisy nature of diffusion data is further increased in the tractography
method, especially tracking longer possible fibres. Next to this each voxel only gets one estimated
diffusion tensor, which makes voxels in which fibres cross each other ambiguous (Bates et al.,
2015). It could therefore be that over time, when methods to measure in vivo connectivity improve
even more, the results of the relations between this connectivity and AD can be significantly

extended.

A final interesting point is the fact that we find strong correlations between WM volume

and several network measures, as well as a significant difference in WM volume between slow and
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fast decline, albeit in the opposite direction as expected. These results combined did show promise
for a significant difference between network measures and slow or fast decline, however, this was
not the case. This again could be due to the large variability in the sample as the difference in WM

volume was based on group level and not individual level.

5. Conclusion

Our results do not indicate that specific structural connectivity measures at the whole-
brain level have predictive value for the progression of cognitive decline in patients with clinical
AD. However, we do illustrate the biomarker ability of individual structural connectivity measures
in this group. This supports the belief that white matter tract integrity plays a role in the
development of AD but does not indicate a predictive value for cognitive decline later in the
disease. This could indicate that structural connectivity loss is a result of a yet to be identified

process (partially) causing cognitive function loss in AD.

We furthermore suggest several options for future research into structural connectivity
measures; their relation to amyloid deposits or vascular comorbidity and a specification from

whole-brain to regional connectivity measures.

Opverall, the increasing prevalence and social costs combined of AD, combined with its
incredibly high toll of patients, warrant AD to be high up the research agenda. In that context, our
findings are valuable; on the one hand increasing knowledge in to the WM-AD relationship may
in the future allow more accurate and earlier diagnostics — which is highly valuable. At the same
time, we conclude that it may be prudent to look elsewhere for more accurate predictors of disease

progression.
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APPENDIX A

Linear mixed effect model(s):

ADAS-Cog-12 = Network measure*Time + Age at baseline + Education + Sex + (Time | Subject)

\ J ) \ J
| | |

Outcome variable Measure of interest Covariates

\ J\ J
| |

Fixed effects Random effects

Noftes:

- Network measure gets substituted with each measure of interest

- Network measure*Time gives values of the interaction as well as the individual variables

S

- (Time|Subject) denotes the random slope and intercept included in the model, this is the

random effects part of the formula
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APPENDIX B

Individual slopes per patient as identified through LMM, ordered by slope steepness. Based on

this table a subdivision between the 15 fastest declining patients and the 15 most stable patients

was made.
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