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Abstract

Research on Alzheimer’s disease (AD) has shown white matter (WM) degeneration and
structural connectome disruptions measured by diffusion tensor imaging (DTI) as well as
increased reaction time intra-individual variability (RT IIV) on neurocognitive testing.
However, the relationship between these changes measured on these different modalities
remains unexplored. To explore possible relationships between these alterations, this study
used tractography to identify WM changes, as indexed by fractional anisotropy (FA) and
mean diffusivity (MD), followed by a graph theory-based analysis of the brain structural
connectome, and investigated the relationship between these graph theory metrics and RT
IV in 16 AD patients and 20 healthy elderly controls. Within AD patients, we identified WM
tracts with lower FA and higher MD mostly located in the cortical and subcortical temporal
lobes, such as the hippocampus subregions, compared to healthy elderly controls. We also
observed higher FA in the WM tracts within the thalamus as well as between the thalamus
and brainstem in AD patients. In the structural brain connectome of these patients, there
were regions with altered nodal strength, transitivity, and local efficiency relative to the
controls’ connectome. Conversely to many studies, we found increases in nodal efficiency
across multiple regions and higher global efficiency in AD patients compared to healthy
elderly controls. Finally, higher global efficiency was correlated with increased RT IIV on the
CRT task in AD patients. In AD, a positive relationship between transitivity in the left
cingulate cortex and RT IIV as well as between nodal efficiency in the left cortical temporal
lobe and mean RT on the CRT task were observed. On the other hand, lower transitivity in
the right thalamus and increased RT 11V, as well as lower transitivity and longer mean RT
were found on both the SRT and CRT tasks in AD patients. Our results may show evidence of
disruptions and compensatory mechanisms in WM tracts and network metrics in AD.
Together, these results revealed WM changes, topological alterations of the brain structural
connectome in AD and that these findings can be used in combination with IV to predict

cognitive decline or progression of AD.
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1. Introduction

Over the last century, the world’s population showed a greater proportion of older people
and, concurrently, an increased rate of age-related brain diseases such as dementia. In
2020, over 55 million people lived with dementia worldwide (Alzheimer’s Disease
International, 2020). This number is expected to triple to more than 152 million by 2050
(Alzheimer’s Association, 2021b). The highest increase in prevalence is predicted to be in
developing countries, such as North Africa, eastern sub-Saharan Africa and the Middle East
(Prince et al., 2015; World Health Organisation, 2015; Alzheimer’s Association, 2021b). The
bulk of the research on individuals with age-associated diseases that lead to dementia is
performed in high-income countries, even though more than 60% of these individuals
currently live in low- and middle-income countries (LAMICs) (Prince et al., 2015; World
Health Organisation, 2015) and this percentage is expected to rise to 71% by 2050
(Alzheimer’s Disease International, 2020). This increase is caused by both population growth

and ageing.

Research has found that only 20-50% of dementia cases in high-income countries have
received a formal diagnosis (Dementia statistics, 2021). Unfortunately, these numbers are
much greater in LAMICs. There is an indication that 90% of the dementia cases are
undiagnosed in one of these LAMICs, India (Dias and Patel, 2009; Dementia India Report
2010, 2010; Nulkar, Paralikar and Juvekar, 2019). If these figures are similar in other LAMICs,
this would mean that approximately three-quarters of people with dementia have not
received a formal diagnosis and thus have no access to care and treatment (Alzheimer’s
Disease International, 2020). One of the biggest problems is the costs that are associated
with this disease which puts a huge financial and social strain on the healthcare system,
patients as well as the caregivers, especially in LAMICs. In South Africa, which is one of the

LAMICs, very little research has been done on the prevalence or progression of dementia.

1.1 AD symptoms
Alzheimer’s disease (AD) is characterised as a progressive neurodegenerative disease that
primarily affects memory and, to varying degrees, other cognitive domains, with the
incidence increasing in the older population. AD is the most common type of dementia and

is also known as a “disconnection syndrome” (de LaCoste and White, 1993; Delbeuck, Van



Der Linden and Collette, 2003). AD has been observed to develop over 15 to 20 years before
clinical symptoms can be detected (Prince and Morris, 1999; Elias, Beiser and Wolf, 2000).
Symptoms occur as parts of the brain responsible for learning, thinking, and memory have
been damaged. Eventually, as the disease progresses, other parts of the brain that allow a
person to perform basic bodily functions, e.g., walking and swallowing, become affected as
well (Alzheimer’s Association, 2021b). Some of these clinical symptoms include cognitive
deficits such as memory impairment, executive dysfunction, impaired visuospatial and

language function deficits as well as behavioural disturbances (McKhann, 2012).

AD affects both the grey matter (GM), which is the functional part of the brain that
processes signals/information, and white matter (WM), i.e., the structural part of the brain
that transports the signals/information between the GM regions. Information in the form of
electric signals being fired within neuronal circuitry, which creates the cellular basis of
thoughts, sensations, movements, emotions, skills and memories, flows through these WM
connections and travel rapidly through the brain (Alzheimer’s Association, 2021a). One of
the brain changes of AD is believed to involve the abnormal accumulation of the
microscopic brain protein fragment, known as beta-amyloid (Alzheimer’s Association, 2017),
which is formed from the breakdown of a larger naturally occurring protein (O’Brien and
Wong, 2011). Beta-amyloid is a sticky compound that builds up and forms amyloid plaques
outside the neurons which disrupts neuron-to-neuron communication and ultimately kills
these brain cells (Alzheimer’s Association, 2017). Another brain change of AD occurs inside
the neurons and are known as tau tangles, which is the build-up of an abnormal form of the
tau protein (Alzheimer’s Association, 2021a). The function of the tau protein is to stabilise
the neuron’s internal skeleton (Alzheimer’s Association, 2021c). In healthy neurons, the
tube-like shape part of the internal skeleton, known as the microtubules, aids the
transportation of nutrients and other vital substances to different parts of the neuron that is
essential for the normal functioning, as well as the survival of the neuron (Alzheimer’s
Association, 2021c). In AD, abnormal chemical changes cause the tau proteins to separate
from the microtubules, causing the internal skeleton to disintegrate, and bond together to
other tau proteins and eventually forming tau tangles (Alzheimer’s Association, 2021c). The
accumulation of these tau tangles with the disintegrated internal skeleton of neurons leads

to the loss of neuronal function and ultimately apoptosis (Kinney et al., 2018). Microglia,



which are immune system cells in the brain that clean out toxic proteins and debris from
dead cells, are activated by amyloid plaques and tau tangles (Alzheimer’s Association,
2021a). When the microglia can’t keep up with all the toxic proteins and debris that need to
be cleared, chronic inflammation occurs (Alzheimer’s Association, 2021a). Accelerated
atrophy, which is caused by cell death and cell loss, is another brain change seen in AD
(Braak and Braak, 1991, 1995; Nir et al., 2013; Alzheimer’s Association, 2021a). However,
the temporal relationship between these changes remains unclear (Jack et al., 2013). Due to
the loss of neurons, WM volume is decreased as a result of both axonal loss and myelin

degeneration in neural fibre tracts (Hua et al., 2008; Braskie et al., 2011; Nir et al., 2013).

1.2 AD biomarkers

There is currently no effective treatment to stop or reverse the progression of AD. Thus, it is
important to establish a set of sensitive biomarkers that can detect structural, functional
and cognitive changes at the early stages of the disease before clinical symptoms are

present, as well as monitor the progression of the disease (Bachmann et al., 2018).

One method of measurement that may be able to help accomplish this goal and is being
utilised more and more in AD research, is intraindividual variability (11V) in cognitive
performance. Compared to traditional cognitive test scores, which are based on measures
on central tendency and only assesses the performance of an individual on a single measure
administered on a single occasion, IIV measures within-person trial-to-trial variation and
assesses fluctuations in the performance of an individual on a single task taken over
multiple occasions (Fiske and Rice, 1955; Hultsch, MacDonald and Dixon, 2002; MacDonald,
Nyberg and Backman, 2006). Specifically, IV measures within-person inconsistency in
performance and across time and can be looked across either longer periods, e.g., week-to-
week, or shorter periods, e.g., trial-to-trial (Halliday et al., 2018). IIV is most commonly
measured in terms of reaction time (RT) variability where an increase in RT variability is
associated with ageing (Bielak et al., 2014), declines in WM volume (Walhovd and Fjell,
2007; Lovdén et al., 2013), lower WM integrity (Fjell et al., 2011; Moy et al., 2011; Mella et
al., 2013; Halliday et al., 2019), greater severity of WM hyperintensities (Bunce et al., 2007;
Haynes et al., 2017), decrease in hippocampal volume (Bangen et al., 2019), and more rapid
cognitive decline in older adults (Hultsch and MacDonald, 2004; Lévdén et al., 2007; Bielak

et al., 2010; Grand, Stawski and MacDonald, 2016). Increases in RT variability have also been



found in AD individuals (Duchek et al., 2009; Jackson et al., 2012; Phillips et al., 2013;
Halliday et al., 2018). Currently, only one published study explored the association between

increased RT variability and WM changes in AD (Jackson et al., 2012).

Another method of measurement that offers insight into structural and functional
biomarkers is magnetic resonance imaging (MRI), specifically two MRI modalities: resting-
state functional MRI (rs-fMRI); diffusion-tensor-imaging (DTI). Rs-fMRI evaluates functional
connectivity (FC) by measuring the low-frequency Blood Oxygen Level Dependent (BOLD)
signal variations within and between brain networks when participants are at rest, i.e., not
performing a specific task. Regions are considered to be “functionally connected” if there is
a notable association between the BOLD signals in these regions, such as positive FC. DTI
can be used to map out and quantify the properties of WM connections, i.e., WM tracts,
between GM regions. This is known as DTl tractography. Tractography can be used to
observe whether there is damage to structural integrity, characterised as low fractional
anisotropy (FA) and high mean diffusivity (MD) (Tromp, 2016), that is associated with AD.
The consensus among numerous studies is that there are WM disruptions in AD individuals
(Bozzali et al., 2002; Naggara et al., 2006; Huang, Friedland and Auchus, 2007; Stahl et al.,
2007; Salat et al., 2009; Johnson et al., 2010; Jackson et al., 2012). Bartzokis et al. (2009)
suggest that AD could begin with compromised myelin. In AD, increased MD has been found
in WM regions (Bozzali et al., 2002; Naggara et al., 2006; Brueggen et al., 2019), indicating
tissue damage in those regions (Soares et al., 2013). MD increases in the basal forebrain
have also been associated with a higher risk for mild cognitive impairment (MCl) to convert
to AD (Brueggen et al., 2015). These studies have also reported a decrease in FA in these AD
individuals (Bozzali et al., 2002; Naggara et al., 2006; Brueggen et al., 2019), which reflects a
disrupted organisation of WM caused by axonal degeneration (Soares et al., 2013; Brueggen
et al., 2019). This impairment of WM networks can already be seen before significant

neurodegeneration is detectable (Bartzokis, 2011; Fischer et al., 2015).

Graph theory is a powerful mathematical technique that represents the brain as a complex
network of interrelated components, known as the connectome (Bullmore and Sporns,
2009). Graph theory provides a new set of outcomes to characterise a network in terms of
the topology of the connectome. Both structural and functional networks can be mapped

out and analysed by applying graph theoretical analyses to MRI data (Prescott et al., 2014).



The mathematical construct of a graph is used to represent a brain in terms of nodes and
edges, where nodes can be thought of as structural GM areas and the edges are the metrics
characterising WM connectivity to other regions as measured by DTI (Sporns, 2018). In
previous studies, network properties that have been observed to be affected in AD
individuals compared to healthy controls include lower global efficiency (Lo et al., 2010;
Kocagoncu et al., 2020), local efficiency (Reijmer et al., 2013), nodal efficiency (Lo et al.,
2010; Zajac et al., 2017), nodal strength (Veronese et al., 2019; Wu et al., 2019; Kuang et al.,
2020), nodal degree (Dai et al., 2019; Franciotti et al., 2019), transitivity (Pereira et al., 2016;
Mijalkov et al., 2017; Si et al., 2019) and both lower (Brier et al., 2014) as well as higher
modularity (Pereira et al., 2016; Mijalkov et al., 2017; Si et al., 2019). Thus, this technique

may also have the potential to identify early signs of AD.

1.3 Our project
This study is part of a larger research project on the longitudinal trajectory of cognitive
decline in AD taking place in Cape Town, South Africa (Christ, Combrinck and Thomas, 2018)
and is conducted by the Applied Cognitive Science and Experimental Neuropsychology Team
(ACSENT) Laboratory of the University of Cape Town’s (UCT) Department of Psychology. A
previous study on the same sample found decreased WM integrity in the right inferior
longitudinal fasciculus (R-ILF) and the body and the genu of the corpus callosum using voxel-
wise analysis of diffusion measures (Engelbrecht, in preparation). The study also observed
that increased 11V on RT tasks correlated with lower FA and axial diffusivity (AxD) in a cluster
in the R-ILF. Previous studies from the larger research project did not use full-probabilistic
DTI tractography nor investigate the structural connectome using graph theoretical
measures. The correlation between network measures and RT IV scores has also never
been explored in Alzheimer’s disease. In addition, no study has investigated group
differences in DTl measures and graph theoretical measures using a region-based analysis
(RBA) statistical approach. Based on this rationale, we investigated structural abnormalities
associated with AD using full-probabilistic DTI tractography as well as possible relationships

between graph theory measures and IIV scores in AD patients and healthy elderly controls.

By using a RBA statistical approach, this study aimed to investigate group differences
between AD patients and healthy elderly controls in DTI measures, such as FA, MD, AxD,

radial diffusivity (RD), etc. Secondly, we aimed to create structural connectome graphs from



full-probabilistic tractography DT images and analyse the group differences of the
connectome topology in each region by using graph theoretical metrics between patients
with AD and healthy elderly controls using RBA. Lastly, we aimed to analyse whether
connectivity and efficiency across the structural connectome are related to IV in the two
groups, bridging the gap between pathological processes and emerging clinical

manifestations.
We hypothesised that:

(1) AD patients will demonstrate decreased structural connectivity (lower FA, higher MD,
lower AxD, higher RD) in WM tracts in all parts of the brain, especially in the temporal lobe
such as the hippocampus, and in other limbic system structures including the cingulate
cortex.

(2) A topographical structure of the network of AD patients will be disrupted, with lower
brain network efficiency at both local and global levels compared to healthy elderly
controls. Graph theory metrics such as transitivity, efficiency (nodal, local, and global), nodal
strength and nodal degree will be lower while modularity will be higher, especially in the
temporal lobe and cingulate cortex, in AD patients compared to healthy elderly controls.
(3) Lower transitivity, efficiency (nodal, local, and global), nodal strength and nodal degree
in the cingulate cortex and temporal lobe, as well as higher modularity will be associated

with greater RT IV and greater mean RT in AD patients.

2. Background/Literature review

2.1 Intra-individual variability
In neurocognitive testing, IV is considered to be a marker for neurocognitive impairment
(Christ, Combrinck and Thomas, 2018). 1lV is believed to be extremely sensitive to even
slight changes in cognitive function and is thus suitable for detecting the beginning stages of

neurodegenerative diseases, such as AD (Kalin et al., 2014; Costa et al., 2019).

One method of capturing IIV involves using latency-based measures, which evaluates
inconsistency in performance on reaction time (RT) tasks. One of the advantages of RT IIV
measures is that they are able to detect more subtle individual performance differences
compared to traditional cognitive tests as they have larger ranges (Allaire and Marsiske,

2005). Other advantages would be that RT tasks contain multiple trials for one measure,



they are not as sensitive to the re-test effect (Allaire and Marsiske, 2005) and can measure
variation in performance over seconds, days, or weeks (micro-timescales). Micro-timescales
are less likely to be related to developmental changes and thus would reveal dynamic
within-person features, whereas performance variations over months and years (macro-

timescales) would be highly affected by development change and ageing (Ram et al., 2012).

RT variability can be measured on tasks such as the simple reaction time (SRT) task and the
choice reaction time (CRT) task. SRT requires the detection of a stimulus with a response
execution, whereas CRT requires more complex identification of the stimulus with an added
factor of selecting the appropriate response (Dykiert et al., 2012). Increased variability
during these tasks is suggested to be due to impairment of high-order cognitive processes,
e.g., executive and attentional control, and not considered as random noise or a product of
error variance (West et al., 2002; Bunce, Macdonald and Hultsch, 2004; Duchek et al., 2009;
Vasquez, Binns and Anderson, 2018). Hultsch, MacDonald and Dixon (2002) reported that
[IV had a negative relationship with cognitive performance on measures that involved

working memory, episodic memory, perceptual speed, and crystallized abilities.

RT IIV has been observed to be a marker of the central nervous system (CNS) function
(MacDonald, Hultsch and Dixon, 2003; Burton et al., 2006; Dykiert et al., 2012), where
increased RT IIV exhibits deterioration of the CNS. Interestingly, greater RT IIV has also been
seen in conditions that only transiently affected the function of the CNS, e.g., alcohol
consumption (Maruff et al., 2005). Thus, it would make sense that neurodegenerative
diseases affecting the CNS, such as AD, will show greater RT IIV. Literature has found that
the link between greater IIV and neurodegenerative diseases include executive dysfunction
(West et al., 2002) and disease-associated disruptions in neural networks and functional

connectivity (FC) seen in functional neuroimaging studies (Kelly et al., 2008).

An increase in RT variability have been observed to be associated with healthy ageing
(Bielak et al., 2014), with more rapid cognitive decline in older adults (Hultsch and
MacDonald, 2004; Lévdén et al., 2007; Bielak et al., 2010; Grand, Stawski and MacDonald,
2016). RT IV has also been found to have the ability to predict cognitive decline
(MacDonald, Hultsch and Dixon, 2003; Bielak et al., 2010) and the development from
healthy ageing to mild cognitive impairment (MCl) (Cherbuin, Sachdev and Anstey, 2010).

Even though RT IV has been found to increase with age in normal healthy ageing (Dykiert et



al., 2012), RT lIV is able to differentiate between healthy ageing and pathological decline
with higher RT IV in individuals with AD compared to healthy control groups (Hultsch et al.,
2000; Gorus et al., 2008). In another study that is part of the longitudinal study of our
sample, Christ, Thomas and Combrinck (2018) reported that in South Africa, individuals with
AD have higher 1V on both time- and accuracy-based tasks compared to healthy elderly
controls. Previous studies have found that 11V increased as task complexity increased
(Burton et al., 2006; Gorus, Raedt and Mets, 2006). This increase was greater in the AD
group compared to both the MCl group and healthy controls group (Hultsch et al., 2000;
Gorus et al., 2008).

2.2 Magnetic resonance imaging
Magnetic Resonance Imaging (MRI) has been an extremely powerful tool since its
development in the 1970s where it is able to provide information on the structure, function,
and physiological processes of the brain in vivo. The main principle of MRI measures the net
electromagnetic energy released by protons from hydrogen nuclei in water molecules in the

human body (Arora, 2018).

2.2.1 Basics of MRI
The MRI scanner contains radiofrequency (RF) coils, gradient coils, and a large, powerful
magnet. This magnet generates an external/static magnetic field, i.e., By, of high strength
(1.5T, 3T or higher), where 1T (Tesla) is a unit of magnetic flux. In the presence of B, in the z-
direction, i.e., the inferior-superior orientation of the participant, the protons’ spins will
align themselves in the direction parallel and anti-parallel to B,, the number of protons in
parallel and anti-parallel direction is different and this creates a nonzero net magnetisation
vector. Moreover, in the presence of B, the protons will start to precess about the axis of
the By. The rate at which the spins of the protons precess around By is known as the
Larmour frequency (resonance frequency) and can be calculated using the Larmour

equation:
wo =y By

Where w, is the precession frequency in MHz (megahertz), y is a constant that is specific to

each nucleus in MHz/T known as the gyromagnetic ratio, B, is the strength of the external



magnetic field in T. For hydrogen’s nuclei (a proton), the gyromagnetic ratio is 42.58 MHz/T.
And so, at B, = 1.5T, protons precess at 64 MHz and at B, = 3T they precess at 128 MHz.

The component of the magnetisation vector along the direction of B, is called longitudinal
magnetisation (Hashemi, Bradley and Lisanti, 2004; Arora, 2018). In order to generate an
MR signal, an RF pulse (B; ; also known as the excitation pulse) is generated by a transmit RF
coil. The pulse is usually applied perpendicular to B, and makes spins precess about the B;
direction in the rotating frame for as long as the pulse is on. As a result of B;, a transverse
component of the magnetisation vector is being produced (van Geuns et al., 1999; Sands
and Levitin, 2004). Once the RF pulse is turned off, the protons lose energy as they return to
equilibrium (i.e., predominantly aligned with B,). As spins precess, they release RF energy
which is measurable using a receive RF coil (van Geuns et al., 1999). Two independent time
constants of the decaying RF signal are measured: (1) T1 is the time it takes for the original
net magnetisation to regain at least 63% of the longitudinal magnetisation, (2) T2 is the time
it takes for at least 63% of the transverse magnetisation to be lost, i.e., time of the signal to

decay to 37% of the original signal (Figure 1).
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Figure 1: T1 recovery time and T2 decay time constants
(adapted from (McRobbie et al., 2006)).



Image contrast is created due to different signal intensities of different tissues, i.e.,
differences in T1 and T2 values and the proton density of the different tissues, which is the

concentration of hydrogen protons in the tissue (Wehrli and Kanal, 1987).

However, this signal mentioned above only contains information of the entire imaged part
of the body, with no spatial information (Arora, 2018). To resolve this, gradients are used to
produce a linear magnetic field non-uniformity along all three axes (Hashemi, Bradley and
Lisanti, 2004). To image a specific slice, an RF pulse of a specific frequency is selected to only
excite that specific slice while applying the slice-selection gradient in the direction of the B,
field, i.e., the z-axis (Sands and Levitin, 2004). After selecting a slice, a frequency-encoding
gradient is applied perpendicular to the slice-selection gradient, i.e., the x-axis (Sands and
Levitin, 2004). The frequency-encoding gradient affects the precession frequency of the
protons (Sands and Levitin, 2004). A phase-encoding gradient is applied perpendicular to
both the slice-selection and frequency-encoding gradient, i.e., the y-axis. It is used to induce
phase differences between protons that have different y coordinates (Sands and Levitin,
2004).

For completeness, we should note that most of MR sequences used in neuroimaging are
based on two types of sequences: a single-echo sequence, where the excitation RF pulse is
90° and an echo is generated by 180° RF pulse; a gradient-echo sequence, where the flip-
angle of the excitation RF pulse can be set to an arbitrary value, and the echo is generated

by a gradient.

Extrinsic parameters, i.e., repetition time (TR) and echo time (TE), can also be changed to
define an image contrast. TR is the time interval between two consecutive RF excitation
pulses. TE is the time interval between the transmitted RF pulse and the echo (a maximum
of the received signal) (Hashemi, Bradley and Lisanti, 2004). Images such as T1-weighted,

T2-weighted and proton density-weighted images can be formed by adjusting TR and TE.

2.2.2 Structural imaging and Alzheimer’s disease
In literature, there are two main pathopsychological hypotheses regarding WM damage in
AD that have been discussed. The first model is known as the Wallerian degeneration
model, where microstructural damage to WM has been found to occur secondary to

neuronal loss, i.e., GM atrophy, (Duan et al., 2006; Huang, Friedland and Auchus, 2007). The
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other model is known as the retrogenesis model of AD which states that axons with a
smaller axonal circumference that are last to myelinate are the first to degenerate as they
are more susceptible to damage as AD progresses (Reisberg et al., 1999, 2002; Stricker et

al., 2009; Bartzokis, 2011).

Structural MRI studies of AD showed the extensive loss of neurons and atrophy in GM
(Frisoni et al., 2002; Atiya et al., 2003; Chetelat and Baron, 2003; Thompson et al., 2003) as
well as WM volume reductions (Salat et al., 2009; Guo et al., 2010) in the brain. According to
the Braak staging system of AD, neurofibrillary degeneration is first observed in temporal
lobe structures; including the transentorhinal cortex, then spreads medially to the
entorhinal cortex and subsequently affects the amygdala and hippocampus (Atiya et al.,
2003; Du et al., 2004; Pennanen et al., 2004; Li et al., 2011; Chandra et al., 2019; Kulason et
al., 2020), before it extends to the rest of the neocortex as the disease progresses (Braak
and Braak, 1991; Atiya et al., 2003; Thompson et al., 2003; Pini et al., 2016). Atrophy also
occurs in other regions, including the parahippocampal, fusiform and medial temporal gyri
and temporal pole (Salat et al., 2009; Guo et al., 2010; Li et al., 2011). Similarly, AD has been
found to affect additional limbic structures, such as the cingulate gyrus and thalamus
(Thompson et al., 2003; De Jong et al., 2008; Guo et al., 2010). Damage was also then
extended to frontal and parietal brain areas, as well as the basal forebrain cholinergic
system, putamen, and brainstem later on in the disease (Sowell et al., 2003; De Jong et al.,

2008; Guo et al., 2010; Kilimann et al., 2014; J. H. Lee et al., 2015).

Whole-brain voxel-based morphometry (VBM) investigations (Frisoni et al., 2002; Hirata et
al., 2005) have also shown that atrophy in the medial and lateral temporal regions was more

pronounced compared to other regions (Serra et al., 2010).

2.2.3 Diffusion tensor imaging

Diffusion is a phenomenon resulting from the random motion of molecules from one spatial
location to other locations (Alexander et al., 2007). Diffusion-weighted imaging (DWI) uses
the differences in the magnitude of diffusion of water molecules within the brain to create
image contrast (Huisman, 2010). DWI adds a pulse sequence to the conventional spin-echo

sequence that includes a pair of large-gradient pulses, i.e., diffusion gradients, on both sides
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of the 180° refocusing RF pulse (Alexander et al., 2007; Huisman, 2010). The first gradient
pulse dephases the magnetisation across the voxels, i.e., gives molecules phase shifts,
whereas the second pulse rephases the magnetisation, i.e., cancels the acquired phase shift
by rephrasing stationary spins (Alexander et al., 2007; Huisman, 2010). If the molecules are
stationary, i.e., non-diffusing, the phases generated by the pair of gradient pulses will
completely cancel, the magnetisation will be uniform and thus, there will be no signal loss
(Alexander et al., 2007; Huisman, 2010). On the other hand, if there is a coherent flow in the
direction of the applied gradient, these moving spins will produce a net phase difference
causing signal attenuation, depending on the degree of diffusion (Mori and Zhang, 2006;
Alexander et al., 2007; Huisman, 2010). The higher the degree of diffusion, i.e., random

motion, the greater the MR signal loss, e.g., in cerebrospinal fluid.

The magnitude of diffusion is different in different types of matter and brain structures
(Huisman, 2010). In WM, water molecules diffuse more rapidly in the parallel direction to
the fibre orientation and are somewhat unrestricted (Alexander et al., 2007; Gold et al.,
2011; Behrman-Lay et al., 2015). On the other hand, water diffusion is greatly impeded and
hindered in the directions perpendicular to the fibres due to barriers inflicted by myelin
sheaths and axonal membranes (Alexander et al., 2007; Acosta-Cabronero et al., 2010; Gold
etal., 2011; Behrman-Lay et al., 2015). The diffusion in WM regions is generally more
anisotropic (graphically represented as an ellipsoid), whereas GM regions are less
anisotropic and cerebrospinal fluid is more isotropic (Alexander et al., 2007; Huisman, 2010;
Soares et al., 2013; Behrman-Lay et al., 2015). Since WM is highly anisotropic, water
diffusion in healthy WM is highly directional along the direction of the tissue fibre, thus if

diffusion is isotropic, this may be an indication of structural integrity loss.

In the context of WM, DTI measures the extracellular diffusion of water molecules to further
guantify the density of WM-insulated axonal bundles that connect different regions of the
brain. DTI through quantification of the WM microstructures, by extension, can be used to

study the structural network created by the brain’s WM.

The movement of molecules in each direction and the relationship between these directions
are represented as a 3 x 3 diffusion tensor (D) and its different components can be
calculated for each voxel by introducing diffusion gradients, as described above, for many

gradient directions repeatedly (Mori and Zhang, 2006).
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Because we assume that this diffusion tensor is symmetric, therefore it can be diagonalised,
and as a result three eigenvalues (A4, A,, A3) and three corresponding eigenvectors (g, €5,
€3) are calculated. These define the directions and apparent diffusivities along the axes of
principal diffusion (Alexander et al., 2007). Once diagonalised, the diffusion tensor can be
seen as a three-dimensional ellipsoid (Basser, Mattiello and LeBihan, 1994), where the
eigenvalues represent the ellipsoidal radii, i.e., the relative amount of diffusion in each

direction, and the eigenvectors signifying the directions of the principal axes (Figure 2)

(Basser, Mattiello and LeBihan, 1994; Alexander et al., 2007).

Figure 2: The diffusion tensor can be represented as an ellipsoid (adapted
from (Alexander et al., 2007)).

If the eigenvalues are approximately equal (e.g., A; = A, = A3), diffusion is classified as being
isotropic. If the eigenvalues are significantly different in size (e.g., A; >A, > A3), diffusion is
anisotropic. The first eigenvalue, A;, which is also known as axial diffusivity (AxD), reflects
the diffusion coefficient along the direction of maximal ‘apparent’ diffusion (Gold et al.,
2011; Daianu et al., 2016), i.e., overall displacement parallel to the axon. The second and
third eigenvalues (A,, A3) are the diffusion coefficients along the two perpendicular
directions and are in the plane orthogonal to the main diffusion (Figure 2) (Basser, Mattiello

and LeBihan, 1994; Gold et al., 2011).

Microstructural changes in WM, such as healthy physiological changes, disease and tissue

injury may alter the magnitude of the eigenvalues. Therefore, the diffusion tensor is a
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sensitive marker to illustrate both healthy and unhealthy tissue microstructure (Alexander

et al., 2007).

Diffusion within each voxel can be described by four scalar parameters that are derived
from the eigenvalues of the diffusion tensor. These scalar parameters are known as
fractional anisotropy (FA), mean diffusivity (MD), axial diffusivity (AxD) and radial diffusivity
(RD) (O’Donnell and Westin, 2011).

Fractional anisotropy (FA) is a normalised standard deviation of the eigenvalues and reflects
the total degree of water diffusion along the tissue fibre, i.e., to what extent diffusion is
anisotropic (Hagmann et al., 2006; Dietrich et al., 2010; O’Donnell and Westin, 2011). FA is
represented as a scalar value between 0 and 1, where 0 describes the diffusion as being
isotropic and 1 represents diffusion as anisotropic, i.e., diffusion is only along one axis and is
fully hindered along the perpendicular directions (Soares et al., 2013). This DTl measure is
commonly used as an index of overall WM microstructural integrity (Pierpaoli and Basser,

1996).

FA is calculated as:

J(Al MD)2+(A, - MD)2+ (A3 - MD)?
Aq +A22+A3

Where MD = A; + A,+ A3 / 3. Higher FA values suggest more intact and dense packing of
axons, which would mean higher restriction on diffusion and lower intercellular space
(Hoeft et al., 2007) as well as increased myelination (Alexander et al., 2011), while lower FA
values indicate the change or loss of WM integrity due to demyelination of axonal structures

(Rose, Janke and Chalk, 2008; Nir et al., 2013; Soares et al., 2013).

Mean diffusivity (MD) is another DTI metric that quantifies the total diffusion rate, within a
voxel independent of diffusion direction (Gao et al., 2011; Nir et al., 2013; Barrio-Arranz et
al., 2015; Behrman-Lay et al., 2015; Daianu et al., 2016).
MD is defined as an average of the three eigenvalues:

A+ A+ A

- 3
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Increased MD is possibly due to WM injury such as the loss/damage of neurons, e.g.,
damage to myelin sheaths on axons and dendrites (Phillips et al., 2016), which are normal

barriers to diffusion.

Both FA and MD are sensitive to age-related changes in WM (Behrman-Lay et al., 2015).
Healthy WM is related to relatively high FA (usually > 0.2) and lower MD values (Mori and
Zhang, 2006) (Figure 3).

Radial diffusivity (RD) captures the average diffusivity transverse to axonal fibres, i.e.,
overall displacement perpendicular to the axon. It is derived by calculating the average of

the two eigenvalues, A, and A;:

At A3
2

RD

While RD indicates transverse diffusion, axial diffusivity (AxD), i.e., the largest eigenvalue
(A;), represents diffusion parallel to axonal fibres (Nir et al., 2013). When RD is disrupted, it
appears to be an indication of demyelination (Alexander et al., 2007; Klawiter et al., 2011;
Nir et al., 2013), whereas AxD may be a more specific marker for axonal damage/loss
(Alexander et al., 2007; Phillips et al., 2016). However, some studies have found an absence
of myelin and axonal damage with an increase in RD and no change in AxD (Song et al.,
2002), while others have reported both increases in RD and decreases in AxD which may

suggest fibre reorganisation (Dubois et al., 2008).

15



0.0010 A

0.0008

0.0006

Probability

0.0004

0.0002

0.0000 4

* WM
e GM
¢ CSF

00 01 02 03 04 05 06 07 D8 D8

FA

10

0.005

0.004

Probability
8

0.002

0.001

0.000 4

s WM
¢ GM
e CSF

00 05 10 15 20 25 30 35

21 mm?s

40

Probability

Probability

0.005 4

0.004

0.003 4

0.002

0.001

0.000 -

WM
* GM
* CSF

40

0.005 A

0.004 4

0.003 4

0.002 A

0.001 A

0.000 -

00 05 10 15 20 25 30 35
MD (mm%s)

. WM

+ GM

s CSF

60 05 10 15 20 25 30 35

(32+33)2  mm%s

40

Figure 3: Histograms of FA, MD, AxD and RD in healthy white matter (WM), grey matter (GM) and
cerebrospinal fluid (CSF) (adapted from (Alexander et al., 2007)).

2.2.2.2 DTl and AD

DTI measures are good detectors of WM integrity alterations at a microscopic level in both

healthy and diseased older individuals (Behrman-Lay et al., 2015).

A vast number of previous DTI studies have observed lower FA in AD patients compared to

control participants in all four lobes in the brain, i.e., frontal lobe (Choi et al., 2005; Gao et

al., 2011; Liu et al., 2011; Chandra et al., 2019), temporal lobe (Chandra et al., 2019), such as

the medial (Gao et al., 2011) and left temporal lobe (Damoiseaux et al., 2009; Serra et al.,

2010), parietal lobe (Sugihara et al., 2004; Rose, Janke and Chalk, 2008) as well as occipital

lobe (Chandra et al., 2019). Specifically, lower FA has been seen in the corpus callosum

(Stricker et al., 2009; Serra et al., 2010; Gao et al., 2011; Liu et al., 2011), thalamus (Rose,

Janke and Chalk, 2008; Damoiseaux et al., 2009; Serra et al., 2010), cingulum (Damoiseaux

et al., 2009; Stricker et al., 2009; Liu et al., 2011; Chandra et al., 2019), parahippocampus

(Stricker et al., 2009; Liu et al., 2011), fornix (Serra et al., 2010; Liu et al., 2011), brainstem

(Liu et al., 2011) as well as the superior lateral/longitudinal fasciculus and uncinate

fasciculus (Damoiseaux et al., 2009; Liu et al., 2011; Chandra et al., 2019). In addition,

numerous studies have reported that there is a relationship between greater cognitive
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impairment and lower anisotropy in some of these regions (Stricker et al., 2009; Guo et al.,
2010; Liu et al., 2011; Nir et al., 2013). Xie et al. (2006) used DTl and VBM to examine FA and
volumetric abnormalities in AD compared to controls. They found that the reduction in FA
was evident in WM regions, and was observed to be close in location to GM regions that
showed cortical volume reductions, such as the bilateral medial temporal structures, in the
AD group compared to controls. This is consistent with other MRI studies investigating WM
and GM volumes (Guo et al., 2010). Higher FA was also observed in motor associated brain
areas, including the corticospinal tract (Teipel et al., 2007, 2014; Douaud et al., 2011) and
cerebellum (Teipel et al., 2014). Conversely, some studies did not find any regions with a

change in FA in the AD group compared to healthy controls (Stahl et al., 2007).

Studies have reported significantly elevated MD within several regions when comparing AD
participants to healthy controls. AD patients had higher MD measures within parietal,
medial temporal, frontal lobe regions, specifically the hippocampus, amygdala, temporal
gyrus, the entorhinal cortex, anterior and posterior regions of the cingulate gyrus
(bilaterally), medial frontal gyrus, parahippocampal gyrus and anterior thalamic radiations
(bilaterally) (Rose, Janke and Chalk, 2008; Serra et al., 2010). A meta-analysis of 41 case-
control DTl studies found increases in MD globally, i.e., in the frontal, parietal, occipital and
temporal lobes including the hippocampus, in the AD group with increases absent in the
frontal and occipital regions in the MCI group (Sexton et al., 2011). Conversely, Serra et al.
(2010) only found higher MD, specifically in the bilateral anterior thalamic radiations, in the
anterior part of the inferior longitudinal fasciculus and the hippocampal part of the left

cingulum, in the AD group compared to the healthy controls, but not in the MCI group.

An increase in AxD in both normal ageing and AD (Acosta-Cabronero et al., 2010; Sullivan,
Rohlfing and Pfefferbaum, 2010; Agosta et al., 2011; Nir et al., 2013) has been reported.
Additionally, an elevated AxD associated with clinical impairment (Nir et al., 2013) was
found. Gao et al. (2011) compared a group of healthy older individuals as well as a group of
participants with AD to a group of healthy young adults in six fibre bundles. These fibre
bundles included commissural, posterior and anterior fibre bundles in the genu and
splenium of the corpus callosum, bilateral corticospinal tract in the posterior internal
capsule, and an area close to the anterior limb of the internal capsule and external capsule.

They found that the healthy older individuals showed higher RD values in the anterior
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bundles and the right posterior internal capsule, while the AD group showed higher RD and

AxD in all six fibre bundles that they investigated compared to the healthy young adult
group.

By observing all four measures, AD patients presented significantly lower FA and higher MD
across all lobes in the brain when compared to healthy controls (Mito et al., 2018),
specifically in the medial temporal lobe (Xie et al., 2006; Zhang et al., 2007; Stebbins and
Murphy, 2009). Regions that showed both increases in MD and decreases in FA could
suggest changes in microstructural integrity associated with tissue atrophy and increased
diffusion in the brain (Sen and Basser, 2005; Gold et al., 2011). In addition, FA and MD
abnormalities have been found to be associated with memory and executive dysfunction in
AD (Sjobeck et al., 2010; Hirni et al., 2013). Studies have found lower FA and higher MD in
AD in regions such as the fornix and the cingulum bundle (Zhang et al., 2007; Mielke et al.,

2009; Qiu et al., 2010).

WM neuropathology regularly causes FA to decrease, which may be due to the increase in
RD and reduced AxD, or both (Alexander et al., 2007). Nir et al. (2013) revealed higher mean
MD, AxD and RD values in AD patients compared to healthy controls. Other longitudinal
studies replicated these findings (Nowrangi et al., 2013; Firbank et al., 2016). Conversely,
Kitamura et al. (2013) investigated individuals with mild AD over a period of 18 months and
reported decreases in FA and increases in RD, but no changes in MD or AxD. Another study
that was part of this study’s longitudinal project (Engelbrecht, in preparation) detected
group differences in the right inferior longitudinal fasciculus (R-ILF) with AD patients having

lower FA and RD values compared to controls.

2.3 Graph Theory

In graph theory, a network comprises nodes and edges between them (Figure 4A). In the
context of neuroimaging, nodes represent regions of interest (ROls) obtained from
anatomical or functional atlases, while edges represent the structural or functional
associations between the nodes (Dai and He, 2014). Both structural and functional networks
can be mapped out and analysed by applying graph theoretical analyses to MRI data
(Prescott et al., 2014). Structural associations can be either cortical thickness or volume
between the ROIs in structural imaging or properties of WM tracts in diffusion MRI (Dai and

He, 2014). The functional associations are the temporal correlations measured in
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electroencephalograph (EEG), magnetoencephalography (MEG) or resting-state functional

MRI (rs-fMRI) (Dai and He, 2014).

2.3.1 Graph theoretical measures of interest
The topology of brain networks can be investigated by using graph theory metrics that
assess integration and segregation (Rubinov and Sporns, 2010). Segregation is defined by
partitioning a network into groups of regions, i.e. modules, which form the structural part of
a brain to perform a function, and is quantified using measures such as transitivity, local
efficiency and modularity (Watts and Strogatz, 1998; Newman and Girvan, 2004; Prescott et
al., 2014; Pereira et al., 2018). Transitivity measures the overall probability that neighbours
of a node are also connected to each other (Mears and Pollard, 2016). It can be calculated
by dividing the observed number of closed triplets by the maximum possible number of
closed triplets (Mijalkov et al., 2017) (Figure 4H). Higher transitivity indicates stronger
segregation of the network (Luo, Greene and Constable, 2021), i.e., which may affect the
brain’s ability to undergo specialised computations. A decrease in transitivity may represent
transitory myelin damage (Kocevar, Gabriel Stamile et al., 2016). Modularity is the presence
of closely interconnected groups of regions known as modules. High modularity represents
strong connectivity of nodes within a module and sparsely connected between modules
(Newman and Girvan, 2004; Brier et al., 2014; Pereira et al., 2018) (Figure 4G). Local
efficiency describes how efficiently information is transferred between a node and its
immediate neighbours (Lee et al., 2019) (Figure 4E) and measures the fault tolerance of the
network, which represents the exchange of information when the node of interest is
removed (Ma et al., 2018). Decreased local efficiency is a consequence of the loss of short-
range connections between the neighbourhood regions (Sun et al., 2019). High segregation
is an indication of high complexity in a network thus, a decrease in segregation can be a sign

that the network has a more random topologic organisation (Prescott et al., 2014).

Integration is defined as the capacity of the network to be interconnected and the ability of
brain networks to combine information from different brain regions at a rapid speed, this
includes measures such as global efficiency (Watts and Strogatz, 1998; Latora and Marchiori,
2001; Pereira et al., 2018). Global efficiency is calculated by averaging the efficiency for all

node pairs (Tuladhar et al., 2016) and shows how well information is transmitted across the
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entire network (Bullmore and Sporns, 2009; Rubinov and Sporns, 2010; Contrerass et al.,

2020) (Figure 4D).

Other graph theory measures include nodal efficiency, nodal degree, and nodal strength.

Nodal efficiency measures how efficiently information is exchanged between a node and all

other nodes in a network (Figure 4F). A node that has low nodal efficiency indicates lower

information flow and may be inefficiently connected to other nodes in the network and vice

versa (Kim et al., 2014). The degree of a node is the total number of edges, i.e., connections,

that is connected to the node (Mears and Pollard, 2016) (Figure 4C). Even with regional

A
Node Edge

Nodal h
odal Strengt Nodal Degree

Vel ik

high high

D Global Efficiency E Local Efficiency

low high

Nodal Efficiency

low moderate high

Transitivity
Modularity

No. of
possible
triplets
(t1)

Transitivity
(to/t1)

No. of
existing
triplets
(t0)

0

4

0.25

0.5

0.75

olalo|oc|e
Alw|n|e

RSN

Figure 4: Graph theoretical measures. Red circle shows the node of interest and
orange lines show the edges of interest.
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brain atrophy, an increase in the nodal degree suggests more robust connectivity. Nodal
strength is given by the sum of the edge weights linked to a node, i.e., higher nodal strength

means stronger connectivity (Mijalkov et al., 2017; Kim and Min, 2020) (Figure 4B).

2.3.2 Structural and functional connectome and Alzheimer’s disease
The brain’s structural and functional connectome shows disrupted topological organisation
in patients with mild cognitive impairment (MCI) (Wang et al., 2013; Filippi et al., 2018; Sun
et al., 2019) and in cognitively healthy patients with amyloid deposition and
neurodegeneration (Pereira et al., 2018). This disruption is more severe in patients who
progress to AD, particularly in the regions that form part of the default-mode network
(DMN) (Wang et al., 2013; Sun et al., 2019), which is a set of brain regions characterised by
increased neural activity during rest and deactivation during goal-orientated tasks in healthy
subjects (Raichle et al., 2002; Buckner, Andrews-Hanna and Schacter, 2008). Progressive
degeneration is associated with the breakdown of anatomical connections, most affecting
connections to the left hippocampus (Filippi et al., 2018), a region that is found to decline

early in AD.

Previous studies have reported that patients with amnestic mild cognitive impairment
(aMCl) who were at high risk of converting to AD showed lower global and local efficiency
(Shu et al., 2012; Fischer et al., 2015; X. N. Wang et al., 2016; Zhao et al., 2017; Sun et al.,
2019) compared to controls. This decrease in global efficiency indicates a disruption in long-
distance connections or a loss of ability to effectively transmit information to distant regions
in the brain (X. N. Wang et al., 2016; Pereira et al., 2018), and may be linked to the
degeneration of WM fibre bundles used to transfer information (Lo et al., 2010; Dai et al.,
2019). In a study using resting-state magnetoencephalography, Lopez-Sanz et al. (2017)
observed a decrease in transitivity and an increase in modularity in the MCI group. These
changes in graph-theoretical measures suggest that structural and functional impairment of

brain regions may be already measurable at the preclinical stage of AD.

Similar results have been found in patients with AD compared to controls using a number of
different imaging modalities. Franciotti et al. (2019) showed that AD patients had a
reduction in the number of edges, i.e., decrease in nodal degree, as well as a loss of local
and global efficiency in a resting-state EEG study. They also found a reduction in the

strength of information transfer among occipital and parieto-temporal areas (Franciotti et
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al., 2019). Similarly, Kocagoncu et al. (2020) also found decreases in both global and local
efficiency with increase in Tau burden using both electro-magnetoencephalography and
positron emission tomography (PET) scanning. In another PET study, the hippocampus and
inferior parietal cortex presented with the highest increase in nodal strength in the AD

group compared to controls (Veronese et al., 2019).

There were mixed results when studying the functional brain networks using resting-state
fMRI. Zhao et al. (2012) reported lower global efficiency and higher local efficiency,
conversely, Supekar et al. (2008) found no differences in global efficiency and lower local
efficiency in AD compared to controls. These disrupted brain regions were mainly found in
the DMN, in the temporal lobe and the subcortical structures in AD (Zhao et al., 2012). In a
sMRI study that studied both MCI and AD patients observed that AD individuals had
significant nodal degree increases in the right insula, left medial orbitofrontal, bilateral
posterior cingulate gyri, and rostral anterior cingulate as well as decreases in right inferior
parietal gyri, the left middle temporal and right precentral compared to controls (Mijalkov
et al., 2017). Some of these regions that presented with changes in the number of edges
belong to the structural regions that correspond to regions found in the DMN of the
functional connectome, including the anterior cingulate and posterior cingulate gyri as well
as the medial orbitofrontal (Mijalkov et al., 2017). Local efficiency increases were found in
the left entorhinal cortex and bilateral temporal pole as well as decreases in several regions
in the frontal, temporal and parietal lobes (Mijalkov et al., 2017). The authors also found
decreased transitivity with increased modularity in both the MCl and AD groups (Mijalkov et
al., 2017). Similar results on transitivity and modularity have been found in another sMRI
study (Pereira et al., 2016). Conversely, in a rs-fMRI study, Brier et al. (2014) reported a

decrease in modularity with advancing clinical status.

In DTI AD studies, impairment of network properties has been found in AD which suggests
that structural connectivity is altered by WM degeneration in these individuals (Lo et al.,
2010). These network properties include lower global efficiency (Lo et al., 2010; Wu et al.,
2019; Kuang et al., 2020), local efficiency (Reijmer et al., 2013), nodal degree (Dai et al.,
2019), nodal strength (Wu et al., 2019; Kuang et al., 2020), nodal efficiency (Lo et al., 2010;
Zajac et al., 2017), transitivity (Pereira et al., 2016; Mijalkov et al., 2017; Si et al., 2019) and

both lower (Brier et al., 2014) as well as higher modularity (Pereira et al., 2016; Mijalkov et

22



al., 2017; Si et al., 2019) in AD relative to controls. Daianu et al. (2015) observed significantly
lower strength of connections between nodes in AD patients compared to controls in 13
brain regions, including the bilateral precuneus, bilateral parahippocampal regions, left
rostral middle frontal lobe, left rostral anterior cingulate gyrus, left middle temporal lobe,
bilateral fusiform, left lingual, bilateral isthmus of the cingulate gyri and the right superior
parietal lobe. Compared to controls, the AD group revealed lower nodal degree in the right
middle frontal gyrus, insula, and middle temporal gyrus (Dai et al., 2019). Nodal efficiency
has also been found to be lower in AD individuals compared to controls in the left thalamus
(Zajac et al., 2017) as well as the right frontal lobe and right temporal regions (Lo et al.,
2010). Lo et al. (2010) also found that WM networks of the AD group had no changes in local

efficiency, but showed decreases in global efficiency.

2.4 Relationship between imaging and [IV
Several studies have looked at the relationship between IV and different imaging measures
in healthy individuals over a broad age range. In sMRI studies, Walhovd and Fjell (2007)
proposed that there is a negative correlation between RT IIV and WM volume. Using T2-
weighted MRI, Bunce et al. (2007) investigated the relationship between WM
hyperintensities and cognitive performance in 469 healthy adults aged 60 to 64 years and
observed only frontal lobe WM hyperintensities to be associated with RT lIV. This is
consistent with another study that observed patients with frontal lobe lesions and found
that patients with lesions in the dorsolateral prefrontal cortex and/or in the superior medial
frontal cortex, in particular, showed the highest variability (Stuss et al., 2003). In fMRI
studies, a study consisting of 42 subjects with age range between 18 to 46 years, found a
positive correlation between measures of response variability and activation in the right
thalamic, inferior parietal, inferior frontal and bilateral middle frontal regions (Bellgrove,
Hester and Garavan, 2004). These regions form part of a distributed neural network known
to be involved in sustained attention and inhibitory processing (Bellgrove, Hester and
Garavan, 2004). Conversely, MacDonald et al. (2008) observed that decreasing IV was
associated with increased activation in the inferior parietal cortex, as well as better

recognition and shorter latencies.

Previous studies that have looked at the relationship between DTl measures and IV

reported that higher 11V, which suggests less effective behavioural and attentional control
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that may be due to inefficient neural and network activation (Rabbitt et al., 2001), is
associated with a decrease in FA (Moy et al., 2011; Mella et al., 2013), as well as an increase
in radial diffusivity (RD) (Moy et al., 2011; Mella et al., 2013) and MD (Moy et al., 2011,
Grydeland et al., 2013; Halliday et al., 2019) in WM fibre tracts. Moy et al. (2011) also found
that the association between WM changes and age-related RT IIV increases involved most of
the interhemispheric and intrahemispheric corticocortical connections. Conversely, another
DTI study has found that higher values of FA were associated with higher average RT and
greater variability with the opposite outcome for MD, specifically in the frontal regions

(Booth et al., 2019).

A limited amount of literature has investigated the relationship between IIV and different
imaging measures in MCl and AD individuals. In a study of 451 MCI participants and 285
healthy controls between the age of 55 and 90, Bangen et al. (2019) found that there was a
significant negative relationship between 11V and entorhinal cortical thickness, but not with
hippocampal volume in the MCI group. In addition, the authors also examined whether IIV
would predict longitudinal change in hippocampal volume and entorhinal cortical thickness
over a 24-month follow-up period. They observed that there was an association between
higher 1V and greater reduction in entorhinal cortex thickness over time in both groups, but
only found a significant association between higher 11V and hippocampal volume over time

in the MCI group.

As mentioned in previous sections, the only published work that looked at the relationship
between IV and WM integrity in AD individuals found that there was a negative relationship
between RT IV and WM volume (Jackson et al., 2012). These WM regions include the
posterior cingulate, precuneus, superior frontal gyrus, as well as the ventral and dorsolateral
prefrontal cortex volumes (Jackson et al., 2012), some of which form part of the default-
mode network (DMN), which has been found to be implicated in both AD and IIV (Greicius
et al., 2004; Kelly et al., 2008). Another study, which is a substudy of a larger research
project from which our sample is drawn from, extended these findings and observed an
association between IV on simple and choice RT tasks and micro-structural WM changes, as
indexed by DTI (Engelbrecht, in preparation). One of the main findings from this study was a
negative relationship between RT IIV and AxD, but not RD, in the right inferior longitudinal

fasciculus (R-ILF) (Engelbrecht, in preparation). This may suggest that changes in [IV may be
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caused by disruptions in the integrity of the axonal structure and not in myelin (Engelbrecht,

in preparation).

The only study to date that looked at the relationship between graph theory measures and
[IV was a resting-state functional connectivity MRI (rs-fMRI) study where the authors found
that modularity and small-worldness both predicted intra-individual variation in memory

capacity (Stevens et al., 2012). To our knowledge, no study has investigated the association

between IIV and graph-theoretical properties using DTI full-probabilistic tractography in AD.

3. Methodology

3.1 Design and setting
This study examined (1) white matter (WM) changes and graph theoretical measures in
patients diagnosed with possible or probable Alzheimer’s disease (AD) compared to healthy
elderly controls and (2) the association between these WM structural connectome
properties and intra-individual variability (1IV) on neurocognitive tests between the two
groups. The sample is from a larger research project on the longitudinal trajectory of
cognitive decline in AD that took place in Cape Town, South Africa (Christ, Combrinck and
Thomas, 2018) and was conducted by the Applied Cognitive Science and Experimental
Neuropsychology Team (ACSENT) Laboratory of the University of Cape Town’s (UCT)
Department of Psychology. The parent study made use of a measurement-burst design to
measure IV (Fiske and Rice, 1955; Nesselroade, 1991), where the same task is taken
multiple times and over multiple time-frames. Over 12 months, each participant goes
through three intervals of serial testing (T1, T2, and T3). Within each interval, there are
three testing sessions and each of these sessions are further divided into two blocks that
consist of 30 trials within each block (Figure 5). The cognitive tests were taken in a private
room in the Geriatric Unit at Groote Schuur Hospital (GSH) in Cape Town, or in the
participant’s home. Furthermore, magnetic resonance imaging (MRI) scans were also
acquired of each participant sometime over the 12 months at the Cape University Body

Imaging Centre (CUBIC) in GSH.

This study used the reaction time (RT) outcome data of two different RT tasks, simple and
choice RT task, from the parent study’s neuropsychological test battery and is only from one

test interval. For each participant, the six blocks (180 trials) of each RT task were utilised to
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compute the net IV (Figure 5). The interval chosen for each participant (either T1, T2 or T3)
were selected according to the interval that was derived closest to the MRI scan date of that

participant.
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Figure 5: Measurement-burst design of parent study. Flowchart of how reaction time data was collected and
how the net intra-individual variability for each participant was calculated.



3.2 Participants
Eligibility criteria: The eligibility criteria in this study were identical to the criteria in the
parent study. Only participants who (1) were 55 years of age or older, (2) had an accessible
medical health history available, (3) were capable of speaking, reading, and writing in
English and (4) had a family member or caretaker who was available to follow up on recent

changes in cognitive function were included in the study.

Participants were excluded if they were (1) diagnosed with HIV/AIDS, uncontrolled diabetes
mellitus, uncontrolled hypertension or any other medical condition that could affect their
cognitive function, (2) any current or past psychiatric illnesses, (3) had any major
neurological disorder such as Parkinson’s disease, or a history of a significant
cerebrovascular accident or traumatic brain injury within the last two years, (4) current
alcohol or drug abuse, or were a heavy smoker (more than 20 cigarettes a day), (5) had a
Geriatric Depression Scale (GDS) (Yesavage et al., 1982) score greater than 15 out of 30, or
(6) scored less than 12 on the Mini-Mental State Examination (MMSE) (Folstein, Folstein and
McHugh, 1975). These criteria were applied based on results from previous studies on
cognitive performance in both healthy controls and AD (Grant, Contoreggi and London,
2000; Arvanitakis et al., 2004; Swan and Lessov-Schlaggar, 2007; Gorelick et al., 2011; Van
Den Kommer et al., 2013; Bernardin, Maheut-Bosser and Paille, 2014; Jokinen et al., 2015).

Healthy elderly controls: Control participants (n = 26; 20 women; mean age = 70.31) were
volunteers who were notified about the study through informal information sessions at old
age homes, seniors’ clubs and retirement villages or flyers handed out at these
establishments in and around Cape Town, South Africa. Some control individuals were the

healthy relatives of the clinical participants.

AD patients: The clinical participants (n = 26; 17 women; mean age = 75.42) were recruited
into the parent study from the Memory Clinic in GSH (government-funded hospital) if they
met the NINCDS-ADRDA criteria (McKhann et al., 1984) for mild-to-moderate stage of
possible or probable AD. Health professionals, such as a neurologist and a
neuropsychologist, who work at the Memory Clinic, monitored the recruitment of these

clinical participants.

28



The Memory Clinic, which is managed by UCT’s Division of Geriatric Medicine and the
Albertina and Walter Sisulu Institute of Ageing in Africa, consists of patients that were
referred from primary healthcare institutions in and around Cape Town (Kalula et al., 2010)
if the patients were presumed to have age-related memory disorders. One of the staff
members at the Memory Clinic approached potential clinical participants and presented the

study’s information to them.

All clinical participants met the (1) Diagnostic and Statistical Manual — Fourth Edition (DSM-
IV; American Psychiatric Association, 2013) diagnostic criteria for AD and (2) were all

classified to be of mild-to-moderate severity on the Clinical Dementia Rating (CDR) scale.

For the current study, the participants were not categorised by disease severity and were

evaluated as one group.

Study protocols and procedures were approved by the Human Research Ethics Committee
of UCT’s Faculty of Health Sciences. Procedures followed the guidelines published in the

Declaration of Helsinki (World Medical Association, 2013).
3.3 Procedure

The data were from five sessions. The first session was for screening, which was followed by
three neurocognitive test sessions within a week or less (but no more than 30 days later)
and the fifth session as the imaging session. The three test sessions took place over a two-
week period and the sessions were identical to one another. Only the test order was varied,
to control for order effects. Since the interval for each participant were selected according
to the interval that was derived closest to the MRI scan date of that participant for this
study, the MR images were either not more than 7 months before the participants’ first test
session or after the participants’ third test session depending on which interval was

closest to the MRI scan (Table 1). See Supplementary Table 1 to see chosen interval and test

order for each participant.
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Table 1: Examples of how an interval for each participant was selected.

The chosen interval for this
specific participant

Participant MRI scan TI1, TI1, TI1, Tl 2, Tl 2, Tl 2, TI3, TI3, TI 3,
date Sess. 1 Sess. 2 Sess. 3 Sess. 1 Sess. 2 Sess. 3 Sess. 1 Sess. 2 Sess. 3

Participant 1 2016/06/ | 2015/03/ | 2015/03/ | 2015/03/ | 2015/09/ | 2015/10/ | 2015/10/ | 2016/05/ | 2016/05/ | 2016/06/
07 13 23 27 23 07 14 24 31 07

The chosen interval for this
specific participant

Participant2 | 2017/01/ | 2016/09/ | 2016/09/ | 2016/09/ | 2017/03/ | 2017/03/ | 2017/04/ | 2017/10/ | 2017/11/ | 2017/11/
17 06 14 22 16 24 03 25 02 08

Key: Tl, Time Interval; Sess., Session

Screening: Before the screening, all participants signed consent forms, with all clinical
participants signing with a guardian, caregiver, or relative present. Screening was carried
out depending on the participant’s preference, either in a private research room in the
Geriatric Unit at GSH or at the participant’s home. The scores of each screening measure
(listed under section 3.4.1) for each participant were then calculated and checked against

the eligibility criteria.

Testing: The testing phase began within 30 days of the screening phase (Figure 6). Testing
was carried out depending on the participant’s preference, either in a private research room
in the Geriatric Unit at GSH or at the participant’s home. Reaction time data, namely the
simple reaction time (SRT) and choice reaction time (CRT) task, was collected during the
three testing sessions of each interval, i.e., three sessions each for the SRT and CRT task.
Each of the three test sessions took place 7 days apart, over the course of 2 weeks (Figure
6). Two SRT and two CRT blocks were administered in each of the three sessions, i.e., a total
of six blocks for the SRT task and six blocks for the CRT task in each interval. Each of these
blocks consisted of 30 trials, i.e., 60 trials in each session (Figure 5). Therefore, this study

comprised of 180 trials of SRT data and 180 trials of CRT data for each participant (Figure 5).

Neuroimaging: All scans were conducted at CUBIC, GSH. Written informed consent, as well
as an MRI compatibility checklist, was obtained from all participants upon arrival at the
scanning centre. Imaging study protocols were undertaken with the approval of the Human

Research Ethics Committee of UCT.
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Figure 6: Timeline of the procedure - screening, testing, and imaging sessions.

3.4 Measures

3.4.1 Screening measures

The screening process, which included (1) taking a clinical history, (2) the Geriatric
Depression Scale (GDS) (Yesavage et al., 1982), (3) the MMSE (Folstein, Folstein and
McHugh, 1975), and (4) the Cambridge Examination for Mental Disorders of the Elderly-
Revised edition (CAMCOG-R) (Huppert et al., 1995), ensured that the previously described

eligibility criteria were met.

Geriatric Depression Scale (GDS): The Geriatric Depression Scale is used to identify
symptoms of depression in older adults (Yesavage et al., 1982). It is a 30-item questionnaire
consisting of yes or no questions where participants answer according to how they felt over

the past week (Yesavage et al., 1982). A score between (1) 0-9 is considered normal, (2) 10-
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19 indicates mild depression and (3) 20-30 is considered as severe depression (Yesavage et
al., 1982). The GDS can be used on healthy older adults, older adults with mild-to-moderate
cognitive impairments (Yesavage et al., 1982) as well as medically ill older adults and has

been used successfully in a South African setting (Dorsey, Rodriquez and Brathwaite, 2002).

Mini-Mental State Examination (MMSE): The Mini-Mental State Exam is a questionnaire
consisting of 30 points that is widely used to measure cognitive impairment among the
elderly (Folstein, Folstein and McHugh, 1975). This examination has the ability to test for
orientation, memory, language, attention, and visual-spatial skills (Folstein, Folstein and
McHugh, 1975). If an individual obtains a score between 24-30, they are considered to
have no cognitive impairment, a score between 19-23 is classified as mild cognitive
impairment, a score between 10-18 is classified as moderate cognitive impairment and
less than 9 is considered to be severe cognitive impairment (Folstein, Folstein and
McHugh, 1975). The MMSE has been used successfully in the South African setting
(Ramlall et al., 2013; James et al., 2015; Adam, Godlwana and Maleka, 2016; Christ,
Combrinck and Thomas, 2018).

The Cambridge Examination for Mental Disorders of the Elderly- Revised edition
(CAMCOG-R): The CAMCOG-R is a standardised instrument that is part of the Cambridge
Examination for Mental Disorders of the Elderly — Revised (Huppert et al., 1995). It is used as
a cognitive screening tool for early diagnosis of dementia in the elderly (Leeds et al., 2001)
as well as for the assessment of cognitive function. This measure consists of 67 items and
evaluates language, attention, orientation, perception, praxis, calculation, memory, and
abstract thinking. This study uses a version that has been adapted for the South African

population (James et al., 2015).
3.4.2 1V testing measures

Neurocognitive testing consisted of a 12-test cognitive battery that included a range of
reaction time (RT)- and accuracy-based tasks. The current study used two RT tasks from that
battery that are part of the Cambridge Neuropsychological Test Automated Battery
(CANTAB) (Fray, Robbins and Sahakian, 1996) to measure performance variability. These

CANTAB tests were administered on a Windows 8.1 touchscreen device with a press pad.

32



The CANTAB is a computerised neuropsychological test battery and is widely used and

reviewed in the literature (Lowe and Rabbitt, 1998; Egerhazi et al., 2007).

Reaction time (RT) is defined as the time between the appearance of a stimulus and the
participant’s response to that stimulus. The first is a simple reaction time (SRT) task, where
the participant is required to hold down a press pad while monitoring for the presence of a
yellow dot inside a white circle on a computer screen. Once the yellow dot appears, the
participant must, as soon as possible, release the press pad and select the white circle on
the screen (Figure 7a). The yellow dot, i.e., the stimulus, would appear on the screen for
250ms and the participant needs to respond to the yellow dot in 5s before the next trial
would begin, with an inter-stimulus delay of between 750 and 2250ms. The second is a
choice reaction time (CRT) task, which works similarly to the SRT task, except instead of only
one white circle, there are five white circles where the yellow dot may appear and the
participant is required to select the one out of the five white circles in which the yellow dot
appeared (Figure 7b). Both tasks had a 10-trial practice phase before the actual test phase.
Participants could move on to the testing phase if they achieve 90% accuracy for the first
practice phase, however, if they fail the first phase, they can attempt a second practice
phase. Thereafter, the participants would progress to the testing phase irrespective of the
result, i.e., whether a pass or fail. The testing phase for both SRT and CRT tasks consisted of
30 trials, which took about 5 minutes to complete. Two SRT blocks and two CRT blocks were
administered for each session, i.e., 60 trials in each session. Therefore, this study comprised
of 180 trials of SRT data and 180 trials of CRT data for each participant (Figure 5). These RT
tasks can assess motor and mental response speeds, as well as measure response accuracy,

impulsivity, movement time and reaction time (Cambridge Cognition).
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Figure 7a: Cambridge Neuropsychological Test Automated Battery — Simple reaction time task.
Figure 7b: Cambridge Neuropsychological Test Automated Battery — Choice reaction time task.

3.4.3 Structural and DTl imaging

This study’s DTl data were acquired from the parent study’s MRI data. A 3 Tesla Skyra MRI
scanner (Siemens, Erlangen, Germany) was used to image participants at the Cape
Universities Body Imaging Centre (CUBIC) at the University of Cape Town. Structural T1-
weighted (T1w) images were acquired using a multi-echo magnetisation prepared rapid
gradient echo (MEMPRAGE) sequence (van der Kouwe et al., 2008) (voxel size =1.0 x 1.0 x
1.0 mm3, FOV =224 x 224 x 176 mm3, TR = 2530 ms, Tl = 1100 ms, TEs =
1.69/3.54/5.39/7.24 ms, flip angle = 7°) and two diffusion-weighted (DW) sets with opposite
phase encodings (here, anterior-posterior and posterior-anterior, AP-PA) using a spin-echo
sequence (voxel size =2.0 x 2.0 x 2.0 mm?3, FOV = 244 x 244 x 148 mm?3, TR/TE = 9800/92
ms, 30 non-collinear gradient directions with DW factor b = 1000 s mm~2, and five non-

DW b =0s mm2 (bo) acquisitions).

Structural and DW images were pre-processed using the Analysis of Functional Neuroimages
(AFNI) toolbox (Cox, 1996), and software packages namely Freesurfer (Freesurfer, v6.0.1)

and the Tolerably Obsessive Registration and Tensor Optimization Indolent Software
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Ensemble (TORTOISE, v3.1.4) (Pierpaoli and Walker, 2010). The processing pipeline included

the following steps (Figure 9):

a. Conversion of raw DICOM (structural and DW) images to NIfTI format using the

dcm2niix_afni tool;
b. Skullstripping and GM segmentation of structural dataset;

c. Tlwimages that were acquired during scanning were converted to T2-weighted (T2w)-

like anatomical images using AFNI’s fat_proc_imit2w_from_t1w function;

d. All the diffusion-weighted images went through manual visual inspection and the

distorted volumes were discarded;

e. DWI artefacts, e.g., motion, EPI distortion and eddy current distortion correction, were
corrected by applying TORTOISE’s DIFFPREP function using each participant’s T2w

anatomical image;

f. TORTOISE’s DRBUDDI function was used for the correction of DWI distortion as well as
co-registration and merging of the remaining anterior-posterior (AP) and posterior-

anterior (PA) DW volumes, to form a final DW set of volumes;

g. Diffusion parameters and tensors, including all 3 eigenvectors (L1, L2, and L3) and 3 of
their eigenvalues (V1, V2, V3), FA, MD, AxD and RD, were estimated using AFNI’s

fat_proc_dwi_to_dt function;

h. Before tractography, the data of each participant was flipped in the z-direction, i.e.,

gradient flipping.

i. Structural images (T1w) and the corresponding parcellations were warped to DW

space and co-registered to the DW images;

j-  Full-probabilistic DTI tractography was performed with AFNI’s Functional And
Tractographic Connectivity Analysis Toolbox (FATCAT) (Taylor and Saad, 2013) using

GM seeds identified in step b (More details in Tractography section).

Note to step b.: In this step, GM regions were identified through parcellation using the
Connectome Mapper (CMP) 3 (v3.0.0-RC4), which is part of the Connectome Mapping
Toolkit (CMTK) and is an open-source MRI processing pipeline that utilises raw T1-weighted,

T2-weighted, diffusion or blood oxygen level-dependent (BOLD) data to map structural and
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functional connectivity matrices (Daducci et al., 2012). This software includes a tool, known
as the Multi-Scale Brain Parcellator, that uses a 5-scale brain grey matter parcellation
(Cammoun et al., 2012), and is obtained from the Desikan-Killiany atlas (Desikan et al.,
2006), with added on new structures to create the final parcellation at each scale. These
new structures include 4 sub-structures of the brainstem (Iglesias, Van Leemput, et al.,
2015), the thalamus subdivided into 7 nuclei (Najdenovska et al., 2018) and the
hippocampus sectioned into 12 segments (Iglesias, Augustinack, et al., 2015). For this study,
we chose the Lausanne 2018 scale 1 (Daducci et al., 2012) which consists of 126 regions of
interest (ROI) (Supplementary Table 2). Therefore, the brain of each participant was
parcellated into 126 ROIs of the Lausanne 2018 scale 1 segmentation and an individual 126

x 126 structural connectivity matrix was built for each of these participants.

For the purpose of graph-theoretical analysis, the GM regions produced at this step were
interpreted as graph nodes and at the same time were used as seeds in full-probabilistic DTI

tractography to characterise the WM tracts - or graph edges - connecting the nodes.

Note to step c.: DW volumes that were distorted because of motion and signal drop-out

caused by EPI field distortion were removed from both AP and PA data sets.

Note to step d.: Participants were eligible for further processing if they had more than 15
diffusion volumes, i.e., not less than 50% of the DWI volumes and had at least one bo

volume.

Note to step f.: DIFFPREP had to be done before DRBUDDI as DRBUDDI uses DIFFPREP’s

output to perform motion and eddy current distortion as well as EPI distortions.

Note to step g.: The three eigenvectors are not completely orthogonal to each other and
thus uncertainty and errors arise. Therefore, a file that contained data about the uncertainty
of the DT parameters were also part of the output at this step created by the 3dDWUncert.
The 3dDWUncert function calculates the bias and standard deviation (SD) using V2 and V3

as the reference as well as the bias and SD of FA.

Note to step h.: Sometimes, there may be a systematic sign change in the recorded gradient
components when gradients are stored in DICOMs. This is a problem as a single component

of each gradient will appear to have its sign flipped in the output file.

36



¢

o NI
3

DWIs processed using TORTOISE v3.1.4 seem to require the signs of gradient components to

be flipped in the z-directions before tractography. This sign change does not influence scalar

parameters due to the symmetry properties of the diffusion tensor. However, this sign

change will cause the eigenvectors to rotate, which is greatly evident in tractography (Taylor

et al., 2015) (Figure 8).
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Figure 8: Sets of whole-brain tractographic reconstruction. Set of data, from the left, which has been
properly flipped, and the next three sets in need of each potential kind of flip, i.e., x, y, and z (adapted

from (Taylor et al., 2015)).
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a. Conversion of raw DICOMs to NIfTls j. Full-probabilistic DTI tractography
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Figure 9: Image processing pipeline.

3.4.3.3 Tractography
Tractography is a technique used to estimate properties of WM tracts connecting pairs of
seeds in a set of GM regions in the brain. DTl reveals WM tracts through 3-dimensional fibre
tracking. Firstly, a certain number of seed points in a voxel is selected (Descoteaux, Deriche
and Anwander, 2007). Subsequently, from the estimated diffusion tensors, paths taken by
nerve fibres that connect functionally associated regions can be modelled using the principal

axis of diffusion (axonal diffusivity) in each voxel, forming tracts. This allows for an in-vivo
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reconstruction of the fibre bundles (Christidi et al., 2016). From voxel to voxel, tracts will
propagate according to the axonal diffusivity direction in each voxel. Propagation persists
until one of the tracking threshold parameters is reached, i.e., the tract possibly does not pass
through that specific voxel. The tracking threshold parameters in this study included: (1) a
turning angle > 60° so that the propagation of the tract does not make a U-turn, (2) A
minimum of 0.2 for FA as to only include WM in the analysis (Mori and Van Zijl, 2002) and not
e.g., grey matter (GM) or cerebrospinal fluid (CSF) (Feldman et al., 2010) and (3) tract length
< 20mm to ensure that the propagated WM bundle is a tract.

In this project, full-probabilistic tractography was performed using AFNI’s FATCAT (Taylor and
Saad, 2013), which uses repeated iterations of whole-brain tracking to estimate the
probability of structural WM connections between all pairs of seed regions. FATCAT uses the
algorithm called “fibre assessment by continuous tracking including diagonals (FACTID)”. The
command 3dTrackID estimates the locations of WM associated with the seeds and is able to
run in three different modes, namely deterministic, mini-probabilistic and full-probabilistic.
When tracts cross within a voxel and consequently the AxD direction does not signify the
initial tract that was tracked, problems may arise (Feldman et al., 2010). Full-probabilistic,
which is what was used in this study to perform whole-brain tractography on the parcellated
brain, considers all possible directions of a tract to prevent this problem (Descoteaux, Deriche
and Anwander, 2007). After the seed point is chosen in the voxel, a random angle and
direction are then selected for the tract to propagate while taking into consideration the
uncertainty of that direction. The 3dDWUncert function is used before 3dTrackID to produce
an uncertainty information file and is utilised as the input for 3dTrackID to estimate the
uncertainty in diffusion tensor eigenvectors and the tensor fitted data for each participant.
The function 3dTracklD uses each participant’s own diffusion data and uses repeated
iterations of whole-brain tracking to estimate where the location of WM pathways, i.e., WM
mask, most likely are between ROIs (Taylor et al., 2012; Freedberg et al., 2021). The tract
propagates voxel to voxel until the tracking threshold parameters are reached. The tract then
stops propagating and a different random angle and direction are selected also starting from
the same initial seed point. As a result, a thousand iterations of tracts could possibly
propagate from one single seed point. A group-level WM mask was generated by co-

registering FA maps of each participant.
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3dTrackID generates a “*.grid’ file output that contains 126 x 126 matrices of output
statistics for each participant. This file output includes the means and SD of parameter
guantities (such as FA, MD, AxD, RD and BL) as well as the number (NT) and volume of tracts
(PV) of tractographic connections between all pairs of nodes, i.e., GM ROIs (Taylor et al.,
2012; Freedberg et al., 2021). Other measures from this output file include fNT, fNV and NV.
Please refer to the Supplementary material (Page 136 and 137 as well as Supplementary
Table 5, 6, 7 and 8) for more information and results on these other DTl measures. This
resulted in a single value for FA, MD, AxD, RD, BL, NT, PV, fNT, fNV and NV for each viable
pathway for each participant. For each DTl measure, tracts were considered outliers using

the criteria Q_ — 1.5 (IQR) < DTI parameter value < Q;; + 1.5 (IQR) and were removed.

Mini-probabilistic tractography (Taylor et al., 2015) is a combination of deterministic and
full-probabilistic tractography as it is comprised of multiple seed points per voxel with fewer
iterations. For the analyses in this study, we used the full-probabilistic tractography’s output
for our statistical analyses and mini-probabilistic tractography for presentation as the
output from full-tractography cannot be visualised. Figure 10 shows an example of whole-

brain tractography results in a randomly selected control participant.

=== Superior-
Inferior

Left-Right

=== Anterior-
Posterior

Figure 10: Whole-brain tractography. The different colours represent the direction of the
white matter tracts: red = transverse tracts; green = anterioroposterior tracts; blue:

craniocaudal fibres. 40



After tractography, we found that 110 regions had tracts that were common among all the
participants, so for the rest of the analyses after tractography, 110 nodes/ROIls were used,

i.e., 16 regions were excluded from the original 126 ROls.

ROIs were identified, extracted and imported into R (v3.6.2). A graph-theoretical framework
was applied to analyse the local and global topological features, such as global, local and
nodal efficiency, nodal strength, transitivity, modularity, and nodal degree, of structural

networks in AD patients and healthy elderly controls.

We calculated graph metrics using the igraph (v3.6.2) and brainGraph brain network
analysis packages in R. The nodes of the graph were identified using the CMP parcellation
scheme and the graphs’ edges were identified through full-probabilistic tractography in

FATCAT.

In our analyses, we used the measures from the output of tractography as the anatomical
pairwise connectivity between nodes. Pairwise fNT values were used to generate a

110 x 110 adjacency matrix (110 regions identified after tractography), where the
dimensions of this matrix were obtained from the 110 ROIs of the 126 ROIs from the
Lausanne 2018 scale 1 segmentation, for each participant. fNT is defined as the probabilistic
number of tracts between the nodes divided by the total number of probabilistic tracts in
the whole brain (Tinaz et al., 2017). The graphs generated are weighted graphs. Figure 11
shows a flowchart of the imaging data processing.

For each graph theoretical measure, regions were considered outliers using the criteria
Q, — 1.5 (IQR) < graph theoretical measure < Q + 1.5 (IQR). For global efficiency and
modularity, participants were considered outliers using the criteria Q_— 1.5 (IQR) < graph
theoretical measure < Q; + 1.5 (IQR) and were removed. Outliers were removed if they

were found to be influential.
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3.5 Statistical analyses

All 11V scores statistical analyses were conducted in SPSS (v28.0) and all imaging statistical

analyses were performed in R (v3.6.2).
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3.5.1 1IV data preparation

We followed the filtering approach described by Hultsch and colleagues (2000, 2002, 2008).
The RT data were filtered by removing outliers in the data because extremely slow or fast
responses caused by, for example, interruption, fast guesses, or temporary distraction, may

represent inaccurate performance and incorrect results.

Responses were considered as outliers and were removed if they were either (1) less than
the lower limit of 150 milliseconds (ms) or (2) greater than an upper limit of 3 standard
deviations (SD) above the mean of each testing block, calculated separately for the AD
patients and healthy elderly controls. This limit criterion is consistent with other RT IV
studies (Hultsch et al., 2000; Bielak et al., 2010; Garrett, MacDonald and Craik, 2012). The
lower limit is set based on the finding from a study by Thorpe, Fize and Marlot (1996),
where they reported that the average adult takes about 150 ms to assess visual stimuli and
respond. Thus, any responses below 150 ms were considered to have not gone through any

decision-making processes.

Values that were identified as outliers and missing data, due to invalid responses, were filled
in using a regression-based multiple imputations method (Lachaud and Renaud, 2011) in
SPSS. This method allows for the uncertainty of the missing data by generating multiple
different duplicates of the dataset, with the missing values replaced by imputed values, and
combines the results obtained from each of these datasets (Huque et al., 2018). Multiple
imputations can present conservative estimates of performance variability (Hultsch,
MacDonald and Dixon, 2002) whereas, if directly substituting the outliers and missing values
with the mean values of the block, unavoidably reduce variability and lead to bias. In this
study, we selected the “Mersenne Twister” random generator and set the starting point at
2 000 000. Only the trials from its specific block were used as predictors for each block of
both tasks. SPSS then ran five imputations and the average value was calculated across the
five imputations for each of the outliers and missing values. The missing values are then

substituted by the average values that were calculated.
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In this study, we drew on the work by Hultsch et al. (2000, 2002, 2008). To capture 11V
scores, we first needed to remove systematic effects, such as time-on-task effects (e.g., test
order, RT trials, etc.) and group effects (e.g., group status, age, education, etc.) from the RT
data. Raw SDs is associated with mean RT, thus systematic effects may arise as there is a
strong negative relationship between mean RTs and SDs (Hale et al., 1988; Hultsch et al.,
2008). Therefore, it is crucial to partial out any factors that may have an impact on the mean
RT performance before computing intra-individual standard deviation (iSD), i.e., the

variance that can be explained by within-person variability alone.

To partial out these effects, a mixed-effect random intercept model was run on each of the
SRT and CRT datasets with either SRT or CRT latency as the outcome variable. A random
intercept model is able to fit one trendline/intercept for each participant, i.e., repeated
measures of each individual, instead of only one trendline for all data like in a general linear
model, and thus improves the fit to data. Main effects were added to one model: (1)
interval, blocks, trials, and test order to determine the impact of time-on-task effects and (2)
monthly household income, group status, age, years of education and sex to determine the
influence of group effects. These were added as fixed effects in the models to test whether
any of the time-on-task variables (trials, blocks, sessions, test-order) or group variables
(monthly household income, group status, age, years of education, sex) had an effect on the

dependent variable, i.e., reaction time.

Yij = Boj + ByjX1ij + B2jXai; + B3jXsij + BajXyij + BsjXsi; + BgjXeij + ByjX7i; +
B8jX8ij + B9jX9ij + uoj + el'j

Where Y;; = Reaction time (Simple or Choice) for the j-th individual in the i-th group, By; =
Intercept, B,,; = Coefficients, Xy;; = Trials, X5;; = Blocks, X3;; = Sessions, X,;; = Test Order,
Xsij = Monthly Household Income, X¢;; = Group, X7;; = Age in years, Xg;; = Education in
years, Xo;j = Sex, uy; = Random effect term for intercept B ;, e;; = Error term

In this study, we identified group, interval, sessions, and blocks as fixed effects that
contributed significantly to SRT latency in the first mixed-effects random intercept model.
The second mixed-effects random intercept model identified sex, group, test order, interval,

trials, sessions and blocks as fixed effects that significantly contributed to CRT latency.
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We then added all these significant fixed effects identified by the two models as predictors
together in one random slope model for each of the SRT and CRT datasets. This model was a
maximum effects model where we exhausted all the variables and their high order
interactions with one another. A random slope model has one intercept for each individual
and varies according to the slope of each individual. The slope is the degree by which the
data correlates, i.e., degree by which the predictor correlates with the outcome. In this way,
it not only predicts but also allows to vary according to the strength of the prediction, thus

adding a greater level of sensitivity.

In this study, the random slopes model included a random term for trials to allow each
subject's intercept to vary its slope across trials as we were interested in explaining all the
systematic variance, i.e., the effect of the mean, that could account for RT performance over
time, i.e., the performance across trials. This represents the change over time for each
individual. In order to add a random term to a variable, that variable must be added as a

fixed effect in order to add a random term to it.
SRT:
YU = BO] + BleIij + szXzij + BBjXBij + B4-jX4-ij + B5jX5ij + uoj + ulelij + el'j

Where Y;; = Simple reaction time for the j-th individual in the i-th group, By; = Intercept, B,,;
= Coefficients, X;;; = Trials, X;; = Interval, X3;; = Sessions, X,;; = Blocks, Xs5;; = Group, u; =
Random effect term for intercept By, u;; = Random term to the coefficient of Xy;, €;; =
Error term

CRT:

Yij = Boj + ByjX1ij + B2jXai; + B3jXsi + ByjXyij + BsjXsi; + BgjXeij + ByjX7i5 +

uoj + ulell-j + el-j

Where Y;; = Choice reaction time for the j-th individual in the i-th group, B; = Intercept, B,,;
= Coefficients, X;;; = Trials, X5;; = Sex, X3;; = Group, X,;; = Test Order, X5;; = Interval, X¢;; =

Sessions, X;; = Blocks, uy; = Random effect term for intercept By, u;; = Random term to
the coefficient of Xy;;, e;; = Error term

The residuals, which are the unexplained variance in the dataset, from these analyses were
then captured and transformed into standardised scores, i.e., z-scores. Subsequently, these
z-scores were transformed into t-scores with the equation: T-scores = (Z-scores x 10) + 50. It

is convention in IV research to convert the residuals to t-scores in order to standardise the
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data, which allows for cross-study comparisons of 11V scores. This method is consistent with
other IIV studies (Hultsch et al., 2000; Hultsch, MacDonald and Dixon, 2002). As a final step,
the SD was calculated across the t-scores (n = 180) of each participant for the two tasks. This

was determined as the overall iSD for each participant for each task.
3.5.2 Inferential statistical analysis

All inferential statistical analyses were done in R (v3.6.2).

Differences between groups in demographic variables (e.g., years of education, age) and
cognitive performance (neuropsychological scores: CAMCOG-R and MMSE scores, 11V scores:
iSD SRT and CRT values as well as mean SRT and CRT values) were analysed using a two-
sample t-test if the continuous numerical data were normally distributed or the Mann-
Whitney U test if the continuous numerical were not normally distributed. Sex and monthly
household income data were observed with the Chi-squared test. These analyses were done

in R (v3.6.2).

To evaluate differences between groups for DTI measures and in graph metrics,
comparisons were performed using the Bayesian multilevel (BML) modelling applied to a
Region-Based Analysis (RBA) (Chen et al., 2019) in AFNI. With this integrative approach, data
from all 110 ROIs (110 regions identified after tractography) were included simultaneously
in a single multilevel model and the effects of interest were evaluated (Lima Portugal et al.,
2020). The null hypothesis significance testing (NHST) framework has gained increased
scepticism over the years, specifically, the threshold of 0.05 has become a debatable topic
with some researchers believing that the threshold is not strict enough (Benjamin et al.,
2018) or for the use of p-values to be discarded completely (McShane et al., 2019). The BML
framework looks at the probability of the effect being positive or negative. In other words, it
does not consider a binary threshold, i.e., either “significant” or “not significant”, but rather
in a graded fashion, to assess statistical evidence (Chen et al., 2020). This method estimates
the probability of the research hypothesis (H) with the given data, P(H|data). BML
summarises effect inference through its entire probability density distribution, called the

posterior density distribution (Chen et al., 2020). This distribution is associated with
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P(6|data), where 8 is the parameter being estimated. Such a probability can be calculated

by using Bayes’ rule (Kruschke, 2010).

The output of RBA gives the posterior distribution which quantifies a value known as
posterior probability (P+), which is essentially the area under the curve, and also the
probability of the effect being positive. For example, for P(6 >0 | data), P+ is the area under
the curve above 0 (Limbachia et al., 2021). We could also look at the posterior distribution
with “tail probabilities” (Figure 12), which represents two-sided 90% and 95% uncertainty
intervals. If the P+ values are closer to 1, the effect of interest, such as the means and the
difference in means, is > 0 and conversely, P+ values closer to 0 shows the negative effect
(Limbachia et al., 2021). Thus, if the P+ values equal 0.01, the probability of the effect being
positive is only 0.01 with the probability of the effect being negative is 0.99 (Limbachia et
al., 2021).

NHST: Aull|disttibution

density

|
-3 -2 -1 0 1 2 3 -0.1
tog value

Figure 12: Different probability definitions and focus between the conventional
and Bayesian frameworks (adapted from (Chen et al., 2020)).

Figure 12 above (Chen et al., 2020) shows the difference between the NHST and the
Bayesian framework. For the NHST (left curve), the green or yellow tails symbolises a two-
sided significance level of 0.05 or 0.1. If a t,o value falls in one of these tails, one may say
that there is strong evidence for the effect. For the Bayesian framework (right curve), the
blue line represents the “zero effect” so to the right of this blue line is anything above 0, i.e.,
the effect is positive. Anything to the left of this blue line is less than 0, i.e., the effect is
negative. As we can see in this diagram (Figure 12), the area under the curve to the right of
the blue line is much bigger (about 99%), meaning that the P+ value is probably about 0.99.
On the other hand, if the P+ value is equal to 0.01, the probability of the effect being

positive is only 0.01 with the probability of the effect being negative is 0.99 (the blue line
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would then be on the other side). There are some differences between the two densities in
Figure 12 above: (1) The x-axes are not the same, (2) due to the assumption of a standard
curve, the shape of the null distribution under NHST is smooth and regular, whereas the
shape of the posterior distribution under the Bayesian framework is irregular from the
random samples through Markov chain Monte Carlo simulations and (3) the posterior
density of the Bayesian framework provides more information such as the shape, spread

and skewness compared to the confidence interval presented by NHST.

One of the advantages of this approach is that correction for multiple comparisons is not
required as only one model is employed and data regarding the effect in one region is
shared across all the regions (technically via “partial pooling”) through the assumption that
there is a normal distribution of ROI contributions (Lima Portugal et al., 2020; Limbachia et
al., 2021). Posteriors of the effects for every region can be plotted individually (Lima
Portugal et al., 2020; Limbachia et al., 2021). The Bayesian multilevel model produces an
output that consists of only one overall posterior that is generated as a joint distribution in
high-dimensional parameter space, where the dimensionality is the number of parameters
in the model (Chen et al., 2020). Conversely, for the standard testing approach, correction
for multiple comparisons is required as the effect in each region is assessed independently
from other regions, i.e., no data is shared between the regions (Lima Portugal et al., 2020;

Limbachia et al., 2021).

The effects of sex, age, years of education and monthly household income were adjusted for
all these analyses. Age and years of education were entered as covariates due to significant
group differences in our sample, and sex and household income were included because of
results reported by previous studies (Kidron et al., 1997; Karp et al., 2004; Carter et al.,
2012; Sattler et al., 2012; Andrew and Tierney, 2018; Cavedo et al., 2018; Deckers et al.,
2019). Age and years of education were standardised. For the RBA analyses, P+ values that
were between 0.025 and 0.05 or between 0.95 and 0.975 were considered to have strong
evidence supporting group differences. Very strong evidence supporting group differences

were represented by P+ values that were smaller than 0.025 or larger than 0.975.

We also had an additional general linear model that included all the above covariates as well

as the interactions between these variables and group, i.e., group: sex, group: age, group:
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education, group: household income, to see whether there were any significant interactions

to include in the final model.

Y = Bo+ B1X1 + B2Xy + B3X5 + PaXy + BsXs + BeX1 Xy + B7X1 X5 + B X1Xy +
,39X1X5 + &€

Where Y = DTl measure, 3, = Intercept, [5,, = Coefficients, X; = Group, X, = Age in years
(standardised), X5 = Sex, X, = Education in years (standardised), X = Monthly Household

Income, € = Error term

Refer to Supplementary material Section A for RBA scripts of final models for DTI measures

and graph theory measures.

A multiple regression model was used to investigate whether group predicted global
efficiency and modularity while controlling for sex, age, years of education and monthly

household income. Results were considered statistically significant if p < 0.05.
Y = Bo+ B1X1 + B2Xy + BaXz + BuXy + BsXs + €

Where Y = Global Efficiency/Modularity, S, = Intercept, 3,, = Coefficients, X; = Group, X, =
Age in years (standardised), X5 = Sex, X, = Education in years (standardised), X5 = Monthly

Household Income, € = Error term

We then investigated the relationship between network metrics and RT IIV, i.e., iSD, in both
groups separately. Lastly, we investigated the relationship between network metrics and
mean RT of the two tasks in both groups separately. Multiple regression models controlling
for the effects of sex, age, years of education and monthly household income were

conducted. Results were considered statistically significant if p < 0.05.
Y = Bo+ BiX1 + BoXy + B3X3 + PaXy + PsXs + €

Where Y = Graph theory measure, X; = iSD or mean reaction time (For both SRT and CRT),
X, = Age in years (standardised), X5 = Sex, X, = Education in years (standardised), X¢ =

Monthly Household Income
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4. Results

Sample characteristics

The final statistical analyses consisted of data from 20 (14 women) healthy elderly controls

and 16 (12 women) AD patients (Table 2). Six healthy elderly controls were excluded as:

(a) Segmentation failed for 5 individuals’ structural images;

(b) 1 individual withdrew from the study before the imaging session.
Ten AD patients were excluded as:

(a) Segmentation failed for 5 individuals’ structural images;

(b) 2 individuals had less than 15 diffusion volumes, i.e., less than 50% of the diffusion-
weighted imaging (DWI) volumes, or did not have bgvolumes due to motion
artefacts;

(c) 1individual had incomplete diffusion tensor imaging (DTI) acquisitions;

(d) 1 individual did not meet the eligibility criteria described above in section 5.2;

(e) 1 individual’s tractography was of poor quality.

Analyses revealed no significant between-group differences in monthly household income,
sex distribution and current depressive symptomatology (GDS). However, there were
significant differences between the two groups in terms of age, where the patients were on
average 2 years older than controls, and years of education, with the controls having
completed more years of formal schooling. The controls also scored significantly higher in
both CAMCOG-R outcome measures as well as the MMSE (Table 2).

Table 2: Comparison of demographic and general cognitive functioning data between the two groups of the study
sample.

Variable Group

Healthy elderly

Mild-to-moderate

All controls stage of possible or p-value
probable clinical AD?

Sample size (N) 36 20 16
Sex (F:M) 26:10 14:6 12:4 1
Age (years)®
Median (IQR) 72.44 (69.02; 78.42)  70.13 (66.98;76.31)  76.06 (72.59; 79.84) 0.02*
Education (years)©
Median (IQR) 10 (8; 14) 12 (10; 14) 8.5(8; 10.25) 0.01%*
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Household Income (%)¢

Level 1 0(0) 0(0) 0(0)

Level 2 1(2.78) 1(5) 0(0)

Level 3 4(11.11) 3(15) 1(6.25) 0.19
Level 4 11 (30.56) 3 (15) 8 (50)

Level 5 7 (19.44) 4 (20) 3(18.75)

Level 6 13 (36.11) 9 (45) 4 (25)

GDS*

Median (IQR) 5(2.5;7) 5.5(1.75; 8) 5(3;6) 0.61
CAMCOG-R Total Score®

Median (IQR) 86 (69; 93.5) 93 (90; 96.25) 68 (56.5; 72) < 0.001%**
CAMCOG-R Memory

Composite® < 0.001***
Median (IQR) 21 (10; 22) 22 (21; 24.25) 8 (6; 10.5)

MMSE*

Median (IQR) 27 (22; 29) 29 (27.75; 29.25) 21 (19.5; 24.5) < 0.001***

Key: AD, Alzheimer’s Disease; IQR, Interquartile Range; GDS, Geriatric Depression Scale; CAMCOG-R, Cambridge Cognitive Examination
for Mental Disorders of the Elderly-Revised; MMSE, Mini-Mental State Examination

Note: Numbers in parentheses represent the interquartile range when the median is presented and represent the percentage when
quantity is presented.

2Diagnosed according to the NINCDS-ADRDA criteria (McKhann et al., 1984).

bAll participants were over the age of 55 years.

‘Highest level of education attained.

9Monthly household income, categorised on a 1-6 scale, where 1 = ZAR 0 —499, 2 = ZAR 500 — 999, 3 = ZAR 1000 — 2499, 4 = ZAR 2500 —
5499, 5 = ZAR 5500 — 9999 and 6 = ZAR 10000+.

¢Missing data for 1 AD participant.
P-values represent group difference between healthy controls and AD patients, where p <0.05, **p < 0.01, ***p < 0.001.

4.1 Between-group differences in RT [IV and mean RT

Table 3: Comparison of RT IIV and mean RT data between the two groups of the study sample.

Group 95% Confidence interval
Mild-to-moderate
Variable Healthy eld_erly stage of possible or t p Lower Upper
controls (N=20)  , 5pable clinical AD?
(N = 16)

isp®
SRT 8.78 (1.61) 11.03 (2.34) -3.42 0.002** -3.60 -0.92
CRT 9.08 (1.28) 10.82 (2.06) -3.11 0.004** -2.88 -0.60
Mean RT¢
SRT 318.08 (33.37) 346.78 (53.93) -1.96 0.06 -58.45 1.05
CRT 349.12 (32.71) 384.32 (53.85) -2.60 0.01** -66.31 -8.10
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Key: AD, Alzheimer’s Disease; SRT, Simple Reaction Time task; CRT, Choice Reaction Time task; iSD, Intra-individual Standard Deviation;
RT, Reaction Time.

Note: Means with standard deviations in parentheses are presented.

2Diagnosed according to the NINCDS-ADRDA criteria (McKhann et al., 1984).

biSD represents RT IIV.

“The mean reaction time is measured by averaging reaction time scores across 180 trials of task performance.
bMeasured in milliseconds.

*p <0.05, **p <0.01, ***p <0.001

There were significant between-group differences on both SRT and CRT tasks when it came
to RT IIV, i.e., iSD. In both tasks, the AD patients presented with significantly higher RT 1IV
(Table 3).

For mean RT, there was only a significant between-group difference on the CRT task, and not
on the SRT task. However, in both tasks, the average response time of the AD patients was

slower than that of the controls (Table 3).

4.2 Between-group differences in DTI measures
After tractography, we found that 110 regions had tracts that were common among all the
participants, so for the rest of the analyses, 110 nodes/ROls were used, i.e., 16 regions were

excluded from the original 126 ROIs (Figure 13).

Figure 13: 110 ROIs included as seeds for DTI tractography and
graph analysis. Different colours represent different seeds.

Refer to Supplementary Figure 1 to find common connections across all participants in the

sample with a total of 110 regions and 301 connections.

In the general linear model that included sex, age, years of education and monthly household

income as covariates as well as the interactions between these variables and group, i.e., group:

52




sex, group: age, group: education, group: household income, we found that there were no

statistically significant interactions after correcting for multiple comparisons. Thus, in the final

model, we only included sex, age, years of education and monthly household income as

covariates and did not include any interactions.

Table 4: Abbreviations with full names of the regions of interest and location of these regions.

Abbreviation Full name Location
lat-OF Lateral Orbitofrontal Cortex Cortical Frontal Lobe
ParsOrbitalis Pars Orbitalis Cortical Frontal Lobe
med-OF Medial Orbitofrontal Cortex Cortical Frontal Lobe
ParsTriangularis Pars Triangularis Cortical Frontal Lobe
ParsOpercularis Pars Opercularis Cortical Frontal Lobe
ros-mid-F Rostral Middle Frontal Gyrus Cortical Frontal Lobe
sup-F Superior Frontal Gyrus Cortical Frontal Lobe
caud-mid-F Caudal Middle Frontal Gyrus Cortical Frontal Lobe
Precentral Precentral Gyrus Cortical Frontal Lobe
Paracentral Paracentral Lobule Cortical Frontal Lobe
ros-ant-Cing Rostral Anterior Cingulate Cortex Cortical Cingulate Cortex
caud-ant-Cing Caudal Anterior Cingulate Cortex Cortical Cingulate Cortex
pos-Cing Posterior Cingulate Cortex Cortical Cingulate Cortex
isthmus-Cing Isthmus of the Cingulate Gyrus Cortical Cingulate Cortex
Postcentral Postcentral Gyrus Cortical Parietal Lobe
Supramarginal Supramarginal Gyrus Cortical Parietal Lobe
sup-P Superior Parietal Lobule Cortical Parietal Lobe
inf-P Inferior Parietal Lobule Cortical Parietal Lobe
Precuneus Precuneus Cortex Cortical Parietal Lobe
Cuneus Cuneus Cortex Cortical Occipital Lobe
Pericalcarine Pericalcarine Cortex Cortical Occipital Lobe
lat-Occ Lateral Occipital Gyrus Cortical Occipital Lobe
Lingual Lingual Gyrus Cortical Occipital Lobe
Fusiform Fusiform Gyrus Cortical Temporal Lobe
Parahippo Parahippocampal Gyrus Cortical Temporal Lobe
Entorhinal Entorhinal Cortex Cortical Temporal Lobe
Tpole Temporal Pole Cortical Temporal Lobe
inf-T Inferior Temporal Gyrus Cortical Temporal Lobe
mid-T Middle Temporal Gyrus Cortical Temporal Lobe
banks-sup-Tsulcus Banks of the Superior Temporal Sulcus Cortical Temporal Lobe
sup-T Superior Temporal Gyrus Cortical Temporal Lobe
trans-T Transverse Temporal Gyrus Cortical Temporal Lobe
Insula Insula Insula
Pulvinar Pulvinar Subcortical Thalamus
ant Anterior Thalamus Subcortical Thalamus
med-dors Mediodorsal Thalamus Subcortical Thalamus
vent-lat-dors Ventral Latero-Dorsal Nucleus Thalamus Subcortical Thalamus
cent-lat-lat-pos-med-Pulvinar Cent'ral Lateral-Lateral Posterior-Medial Subcortical Thalamus
Pulvinar
vent-ant Ventral Anterior Thalamus Subcortical Thalamus
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vent-lat-vent

Ventral Latero-Ventral Thalamus

Subcortical Thalamus

Caudate Caudate Nucleus Subcortical Basal Ganglia
Pu Putamen Subcortical Basal Ganglia
Pal Pallidum Subcortical Basal Ganglia
Acc-area Nucleus Accumbens Area Subcortical Basal Ganglia
Amygdala Amygdala Subcortical Temporal Lobe
Hippo Hippocampus Subcortical Temporal Lobe

Hippo-Presubiculum

Hippocampus Presubiculum

Subcortical Hippocampus Subregions
(Subcortical Temporal Lobe)

Hippo-Subiculum

Hippocampus Subiculum

Subcortical Hippocampus Subregions
(Subcortical Temporal Lobe)

Hippo-CAl

Hippocampus CA1

Subcortical Hippocampus Subregions
(Subcortical Temporal Lobe)

Hippo-MolecularLayerHP

Hippocampus Molecular Layer HP Dentate
Gyrus

Subcortical Hippocampus Subregions
(Subcortical Temporal Lobe)

Hippo-Tail

Hippocampus Tail

Subcortical Hippocampus Subregions
(Subcortical Temporal Lobe)

vent-DC

Ventral Diencephalon

Ventral Diencephalon

Hypothalamus

Hypothalamus

Hypothalamus (Diencephalon)

Brain-Stem-Midbrain

Brainstem Midbrain

Brainstem

Brain-Stem-Pons Brainstem Pons Brainstem
Brain-Stem-Medulla Brainstem Medulla Brainstem
Brain-Stem-SCP Brainstem SCP Brainstem
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4.2.1FA
Figure 14 shows connections with either very low or very high P+ values, i.e., strong to very
strong evidence of group differences in FA, where low P+ means Controls > AD and high P+
means Controls < AD. Figures 15, 16, 17 and 18 show the corresponding AxD and RD group

differences for these connections. Refer to Supplementary Table 3 for these results in table

form.

LH - Subcortical Temporal Lobe

P+
RH - Cortical Temporal Lobe Controls > AD: >0 & < 0.025 (Very strong evidence)

‘./\- >0.025 & < 0.05 (Strong evidence)

LH — Subcortical Hippocampus Subregions

L-’A1

Controls < AD: >0.95 & < 0.975 (Strong evidence)
> 0.975 & < 1 (Very strong evidence)

LH - Subcortical Thalamus

R-v‘ent
@

R-c«‘nt-lat-laGed-Pulvinar

R-Hlp;‘culum

R"’A1 RH - Subcortical Hippocampus Subregions
L.‘al

i . Bralns’dbraln
L- po

WY,

LH - Cortical Temporal Lobe Brainstem
Figure 14: Connections that have either very low or very high P+ values for FA. Blue lines represent
low P+ (Controls > AD), red lines represent high P+ (Controls < AD) in FA. Line thickness indicates
strength of inter-regional relationships.

L-cent-lat-la’ed-Pulvinar

RH — Subcortical Thalamus
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AD compared to controls JFA, -AxD, -RD

)

|
Cortical Temporal Lobe to Subcortical Hippocampus Subregions Subcortical Thalamus to Subcortical Thalamus
R-Parahippo <> R-Hippo-Subiculum R-cent-lat-lat-pos-med-Pulvinar < R-vent-lat-vent
Subcortical Hippocampus Subregions to Subcortical Hippocampus Subregions L-ant ¢ L-cent-lat-lat-pos-med-Pulvinar
R-Hippo-Subiculum <> R-Hippo-CA1 Subcortical Temporal Lobe to Subcortical Hippocampus Subregions
L-Hippo <> L-Hippo-CAl

Figure 15: Connections that show lower FA with similar AxD and RD in AD patients
compared to healthy elderly controls.

AD compared to controls JFA, -AxD, T'RD

Cortical Temporal Lobe to Cortical Temporal Lobe

L-Parahippo < L-Entorhinal

Figure 16: Connections that show lower FA with similar AxD and higher RD in AD patients
compared to healthy elderly controls.




AD compared to controls MFA, -AxD, -RD

Subcortical Thalamus to Subcortical Thalamus Subcortical Thalamus to Brainstem
L-Pulvinar €< L-vent-lat-vent R-Pulvinar ¢ Brain-Stem-Midbrain

Figure 17: Connections that show higher FA with similar AxD and RD in AD patients
compared to healthy elderly controls.

AD compared to controls

L-Pulvinar €< Brain-Stem-Midbrain

L-cent-lat-lat-pos-med-Pulvinar <= Brain-Stem-Midbrain

Figure 18: Connections that show higher FA as well as higher AxD and similar RD in AD patients
compared to healthy elderly controls.




4.2.2 MD
Figure 19 shows either very low or very high P+ values, i.e., strong to very strong evidence of
group differences in MD, where low P+ means Controls > AD and high P+ means Controls <
AD. Figures 20, 21 and 22 show the corresponding AxD and RD group differences for these

connections. Refer to Supplementary Table 4 for these results in table form.

RH - Cortical Cingulate Cortex
P+

Controls > AD: >0.95 & < 0.975 (Strong evidence)
{ >0.975 & < 1 (Very strong evidence)

- —

R-is ing R- al
. . . RH - Cortical Temporal Lobe
LH — Subcortical Hippocampus Subregions
( L-Hipp:‘iculum R-Go

LH - Subcortical Temporal Lobe

-
@ @

e

RH - Subcortical Temporal Lobe
L‘I R-Hippx‘iculum
LH - Cortical Occipital Lobe
{

LH - Cortical Cingulate Cortex

RH - Subcortical Hippocampus Subregions

Figure 19: Connections that showed very high P+ values for MID. Red lines represents high P+
(Controls < AD) in MD. Line thickness indicates strength of inter-regional relationships.
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AD compared to controls MMD, TMAxD, -RD

Cortical Cingulate Cortex to Cortical Occipital Lobe

L-isthmus-Cing <> L-Lingual

Figure 20: Connections that show higher MD as well as higher AxD with similar RD in AD patients
compared to healthy elderly controls.

AD compared to controls MMD, -AxD, TNRD

Cortical Temporal Lobe to Subcortical Temporal Lobe Cortical Temporal Lobe to Subcortical Hippocampus Subregions

R-Entorhinal <> R-Hippo R-Parahippo ¢ R-Hippo-Presubiculum

Subcortical Temporal Lobe to Subcortical Hippocampus Subregions  Subcortical Hippocampus Subregions to Subcortical Hippocampus Subregions
R-Hippo <= R-Hippo-Presubiculum R-Hippo-Presubiculum <> R-Hippo-Subiculum

L-Hippo ¢ L-Hippo-Presubiculum

Figure 21: Connections that show higher MD with similar AxD and higher RD in AD patients
compared to healthy elderly controls.




AD compared to controls MMD, -AxD, -RD

L

R-isthmus-Cing €< R-Parahippo

Figure 22: Connections that show higher MD with similar AxD and RD in AD patients
compared to healthy elderly controls.

4.3 Between-group differences in graph theory measures
Nodal degree and modularity showed no statistically significant between-group differences.
Refer to Supplementary Figure 2, Supplementary Figure 3 and Supplementary Table 9 for
these network measure graphs and data. Table 5 show regions that had either very low or
very high P+ values, i.e., strong to very strong evidence showing group differences where
low P+ means Controls > AD and high P+ means Controls < AD for nodal strength,
transitivity, nodal efficiency, and local efficiency. Figures 23, 24, 25, 26, 27, 28 and 29 show
results in the brain of the AD patients compared to the healthy elderly controls. Multiple
regression showed higher global efficiency in AD patients than in healthy elderly controls
(Table 6 and Figure 30).

Table 5: Regions with either very low or very high P+ values, where low P+ means Controls > AD and high P+
means Controls < AD, for each graph theory measure.

Region Mean (SD) P+ Quantile intervals
2.5% 5% 50% 95% 97.5%
Local Efficiency
Cortical Parietal Lobe
R-Precuneus -2737.66 (858.09) <0.01** -4349.53 -4085.97 -2775.81 -1232.80 -926.01
L-Postcentral 7836.87 (3059.98) 0.98** 575.32 1892.96 8343.83 11650.24 12163.26

Cortical Temporal Lobe

R-Entorhinal -5588.76 (1533.79) <0.01** -8413.25 -7934.37 -5727.52 -2891.95 -2458.78
R-sup-T 1613.8 (533.26) >0.99** 502.99 708.76 1633.75 2452.98 2618.98
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L-Fusiform 2485.16 (910.07) >0.99** 633.67 976.87 2505.18 3917.75 4210.98
L-Entorhinal -2985.84 (1262.91) <0.01** -5313.64 -5010.34 -3007.02 -850.97 -459.03
Subcortical Temporal Lobe

R-Hippo 10836.94 (5892.08) >0.99** 4619.41 5391.69 9162.50 26017.22 28849.52
Subcortical Hippocampus Subregions

R-Hippo-

Presubiculum -11045.26 (3198.65)  <0.01**  -16267.79 -15277.52  -11862.25 -5219.31 -4723.26
R-Hippo-

Subiculum 46053.6 (5057.21) >0.99** 24180.51 39131.84 46966.32 50395.09 51902.22
R-Hippo-CAl -11092.51 (3294.13) <0.01** -16919.34 -15626.45 -11870.46 -5231.73 -4771.22
Ventral Diencephalon

L-vent-DC 3302.14 (1082.69) >0.99** 1003.01 1480.19 3352.90 4871.70 5312.03
Nodal Efficiency

Cortical Occipital Lobe

R-lat-Occ 717.76 (392.92) 0.97 -11.36 108.11 700.99 1397.07 1552.27
Cortical Temporal Lobe

R-Fusiform 1026.82 (653.41) 0.96 -165.67 32.00 997.99 2102.89 2436.59
L-Fusiform 4953.51 (1237.33) >0.99** 2149.36 2620.42 5115.14 6718.56 6979.16
R-Parahippo 10697.51 (1762.24) >0.99** 7498.33 8543.63 10842.67 12781.80 13294.58
L-Tpole 1769.95 (752.91) >0.99** 254.29 458.89 1804.14 2957.78 3187.74
L-mid-T 2341.62 (862.23) >0.99** 678.71 904.60 2354.19 3734.66 4018.32
Subcortical Temporal Lobe

R-Hippo 2124.58 (1035.06) >0.99** 414.31 645.85 1990.55 4001.49 4419.86
L-Hippo 3528.08 (1451.21) 0.98** 195.36 732.90 3716.57 5582.70 5919.48
Subcortical Hippocampus Subregions

R-Hippo-

Subiculum 2370.68 (1161.47) >0.99** 438.97 732.46 2255.62 4372.94 4906.57
R-Hippo-

MolecularLayer 1869.97 (1341.68) 0.97 -64.58 158.07 1595.66 4481.10 5140.21
HP

L-Hippo-CAl 508.64 (398.28) 0.95 -73.80 -0.73 441.07 1282.03 1549.75
Subcortical Thalamus

L-vent-lat-vent 892.36 (551.76) 0.96 -104.89 54.82 859.66 1821.23 2051.49
Subcortical Basal Ganglia

L-Acc-area 552.97 (349.75) 0.97 -33.78 45.19 515.65 1179.33 1318.03
Nodal Strength

Cortical Cingulate Cortex

R-pos-Cing 9.85x 10 (6.02 x 10*) 0.97 -1.28 x 107 1.36x10*  9.10x10*  2.10x10°3 2.42 x 107
L-pos-Cing 1.32x 1073 (7.05 x 10%) 0.96 -1.42 x 10™ 1.34 x 10 1.34x 1073 2.43x 103 2.65x 103

Subcortical Thalamus
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R-med-dors -1.93x 10 (9.10 x 10%) 0.03 -3.49 x 1073 -3.27x10°  -2.01x10% -3.22x10" 9.22 x 10°
R-cent-lat-lat-

pos-med- -1.68x 103 (7.48x 10%)  0.02** -3.04 x 1073 -2.81x10°  -1.72x10%  -3.57x10™ -6.61x 107
Pulvinar

R-vent-lat-vent  -1.43 x 104(8.27 x 10) 0.04 -3.24x 107 -279%x10°%  -1.39x10%  -1.34x10* 1.18 x 10
L-Pulvinar -1.94x 103 (7.94x10%)  <0.01** -3.58 x 1073 -3.30x10°  -1.88x10%  -7.18x10* -5.09 x 10
L-vent-lat-dors  -1.66x 103 (7.16 x 10?%)  0.02** -3.01x 103 -2.77x10°  -1.69x10%  -3.83x10* -1.27 x 10
L-vent-lat-vent -4.44 x10%(1.02x 103)  <0.01** -6.74 % 103 -6.28x10°  -435x10% -2.96x10° -2.68x 107
Subcortical Basal Ganglia

R-Pal -2.73x 103 (9.52x 10%)  <0.01** -4.60 x 1073 -431x10° -2.71x10% -1.18x10° -8.53 x 10
Hypothalamus (Diencephalon)

R- -3 -3 -4 -4 -3 -3 -3
Hypothalamus 1.88 x 10 (1.05 x 10°?%) 0.97 -1.10x 10 2.36x 10 1.87 x 10 3.57x10 4.12x10
Cortical Frontal Lobe

L-Precentral 1.58 x 103 (5.08 x 10*)  >0.99** 6.28 x 10 7.94 x 10 1.57 x 1073 2.42x103 2.64x 103
Cortical Parietal Lobe

L-Postcentral 1.53x 103 (4.36 x 10%)  >0.99** 6.37 x 10 7.96 x 10 1.54x 103 2.23x10° 2.35x10°
L-inf-P 8.80x10% (3.89x 10%)  0.99** 1.02 x 10* 2.44 x 10 8.85x 10 1.52x 103 1.65 x 1073
Cortical Temporal Lobe

L-mid-T 9.91 x 10 (5.00 x 10%) 0.98** 2.88x 107 1.64x 10 9.91 x 10 1.81x 103 1.96 x 1073
L-sup-T 1.2 x 103(4.96 x 10™%) >0.99** 3.15x 10* 4.48 x 10 1.16 x 10°3 2.06 x 103 2.31x 103
Insula

L-Insula 1.16 x 102 (6.32 x 10%) 0.97 -5.75 x 10 1.24 x 10 117 x 103 2.19x 103 2.37 x103
Subcortical Temporal Lobe

L-Hippo -1.03x 103 (4.10x 10%)  0.01** -1.82x 103 -1.69x10°  -1.04x10° -3.39x10™ -1.98 x 10
Ventral Diencephalon

L-vent-DC -432x103(1.56x 103)  <0.01** -7.26 x 103 -6.65x10°  -4.40x10%  -1.45x1073 -9.14 x 10™
Brain Stem

E;ﬁg’smm' 572x10°%(1.78x107%)  >0.99**  3.04x10%  3.49x10°  544x10°  9.98x10°  1.08x 102
BMrZLnL;ﬁ;em' -2.64x10° (8.23x10)  <0.01**  -436x10°  -3.99x10° -263x10° -1.37x10°  -1.09x107
Brain-Stem-SCP  -1.56 x 107 (9.61x 10%) 0.03 -3.53x 103 -3.27x10%  -1.46x10% -1.50x 10" 5.00 x 10°
Transitivity

Cortical Temporal Lobe

R-Fusiform 1.46 x 1072 (9.29 x 10%) 0.96 -2.23x 103 7.12 x 10* 1.39 x 1072 3.07 x 1072 3.34x 107
R-Entorhinal 1.25x 1072 (5.76 x 107%) 0.98** 1.07 x 1073 3.08x 1073 1.28 x 1072 2.13x 1072 2.29x 107
R-inf-T 247 x10% (5.54x103%)  >0.99** 1.30 x 1072 1.62 x 107 2.49 x 1072 3.29 x 102 3.49x 10
L-Tpole 4.78 10 (6.78 x 10)  >0.99** 2.89 x 10°? 3.40 x 102 4.87 x 102 5.66 x 1072 5.80 x 10
L-inf-T 8.99x 103 (3.91x10%)  0.98** 8.91x 10° 2.00x 103 9.35x 103 1.47 x 10 1.58 x 102
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L-sup-T -1.22x 107 (6.16 x 107%) 0.03 -2.38 x 102 -220x 102 -1.24x10%  -1.87x 103 4.48 x 107
Subcortical Thalamus

R-vent-lat-dors 1.59x 1072 (6.50 x 103)  0.99** 2.91x 103 4.80x 107 1.66 x 102 2.55 x 1072 2.69 x 102
R-vent-ant 2.29 x 102 (1.07 x 102) 0.99%* 3.56 x 103 6.88 x 103 2.28 x 1072 3.90 x 1072 4.15 x 10
L-ant -1.09 x 102 (5.70 x 10°%) 0.04 -2.07 x 102 -1.94x102?  -1.14x10%  -8.65x10* 1.23x 1073
L-vent-ant -6.09 x 10 (3.60 x 10°%) 0.05 1.29 x 1072 -1.19x10? -6.21x10%  -4.45x10° 1.25x 1073
Subcortical Basal Ganglia

R-Caudate -3.22x 107 (6.94x 103)  <0.01** -4.26 x 102 -4.13x102  -333x10%  -1.92x 102 -1.65 x 10
R-Pu -2.12x107 (6.83x103)  0.01** -3.05 x 1072 -294x10%  -229x10%  -6.88x 103 -3.22x10°
L-Pu -1.41 x 102 (7.73x103)  0.01** -3.03x 102 -2.86x102  -1.27x10%?  -3.25x 103 -1.26 x 1073
Cortical Frontal Lobe

L-sup-F 1.76 x 1072 (6.76 x 10°%) 0.98%** 3.37x 10* 5.47 x 1073 1.82 x 1072 2.72x 1072 2.93x 107
L-Paracentral 1.58 x 10 (7.82 x 103) 0.96 -1.88 x 103 1.60 x 1073 1.67 x 10 2.65 x 102 2.90 x 10
Cortical Cingulate Cortex

L-caud-ant-Cing  -6.19 x 10 (3.29 x 10°®) 0.04 -1.24 x 102 -1.13x 102  -6.32x10% -579x10™ 5.38 x 10
L-pos-Cing -9.42 x 10 (5.80 x 1073) 0.05 -2.11x 102 -1.91x102  -939x10%  1.32x10% 1.79 x 1073
Cortical Parietal Lobe

L-Supramarginal  1.03 x 102 (4.56 x 1073) 0.99** 2.04x 103 3.43x 103 9.86 x 10°° 1.84 x 1072 2.08 x 10
L-inf-P -219x10%(9.35x10%)  0.01** -3.65 x 1072 3.49x10%  -229x10%  -4.60x 1073 -2.22x10°
Hypothalamus (Diencephalon)

L-Hypothalamus  -1.10x 10 (5.72x 103)  0.02** -2.23x 102 -2.05x102  -1.09x10% -1.94x103 -3.65 x 10

Key: SD, Standard Deviation; R, Right; L, Left

Note: Data presented are group difference means with standard deviations in parentheses.
*Strong evidence, **Very strong evidence

P+ < 0.05: Controls > AD, P+ > 0.95: Controls < AD
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Figure 23: Regions that show lower nodal strength in AD patients compared to
healthy elderly controls.
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Figure 24: Regions that show higher nodal strength in AD patients compared to
healthy elderly controls.




AD compared to controls
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Figure 25: Regions that show lower transitivity in AD patients compared to

AD compared to controls
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Figure 26: Regions that show higher transitivity in AD patients compared to

healthy elderly controls.




AD compared to controls “MNodal Efficiency
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R-Fusiform L-vent-lat-vent R-Hippo-Subiculum
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L-Tpole Subcortical Temporal Lobe

L-mid-T R-Hippo

Cortical Occipital Lobe L-Hippo

R-lat-Occ

Figure 27: Regions that show higher nodal efficiency in AD patients compared to
healthy elderly controls.
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Figure 28: Regions that show lower local efficiency in AD patients compared to
healthy elderly controls.
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Figure 29: Regions that show higher local efficiency in AD patients compared to healthy
elderly controls.

Table 6: Multiple linear regression analysis results with global efficiency as the dependent variable.

Effect Coefficient Estimate ¢ 95% Confidence p
(Standard Error) Interval

Intercept 10228.70 (2807.30) 2.64 4434.79; 16022.65 < 0.001***
Group?®
Controls (reference) (reference) (reference)
AD 7296.60 (2472.90) 2.95 2192.83; 12400.40 0.007**
Sex®
Female (reference) (reference) (reference)
Male -5755.70 (2939.00) -1.96 -11821.47; 310.16 0.06
Age in years® 189.10 (1234.00) 0.15 -2357.65; 2735.92 0.88
Education in years® 265.70 (1425.30) 0.19 -2675.92; 3207.34 0.85
Monthly Household Income®
Level 2 -8332.20(7032.50) -1.19 -22846.58; 6182.18 0.25
Level 3 -5869.00 (4227.20) -1.39 -14593.43; 2855.48 0.18
Level 4 (reference) (reference) (reference)
Level 5 -212.90 (3449.50) -0.06 -7332.32; 6906.55 0.95
Level 6 -1063.00 (3100.70) -0.34 -7462.54; 5336.51 0.73
Key: AD, Alzheimer’s Disease
2Group is represented as 1 dummy variable with “Controls” serving as the reference group.
bSex is represented as 1 dummy variable with “Female” serving as the reference group.
“Variable was standardised.
9Monthly Household Income is represented as 4 dummy variables with “Level 4” serving as the reference group.
*p <0.05, **p <0.01, ***p < 0.001
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Figure 30: Box-and-whiskers plots showing global efficiency in each group. Points represent
the global efficiency of each individual in each group.

4.4 Relationship between graph theory metrics and IV
We investigated the relationship between network metrics and RT IV for nodes that had
significant group differences in network metrics identified in section 4.3 above. Multiple
regression models were performed separately for the controls and the AD patients,

controlling for sex, age, years of education and monthly household income.

SRT iSD was negatively associated with transitivity of the left anterior cingulate cortex (L-
ant) (B =-0.01, SE< 0.01, p = 0.02) (Figure 31A) in the controls, but not in the AD patients.
SRT iSD was negatively associated with transitivity of the right ventral latero-dorsal nucleus
thalamus (R-vent-lat-dors) (B = -0.01, SE < 0.01, p = 0.02) (Figure 31B) in the AD patients, but

not in the controls.

CRT iSD was positively associated with nodal efficiency of the left ventral latero-ventral
thalamus (L-vent-lat-vent) (B = 18580.94, SE = 7621.00, p = 0.03) (Figure 31C) as well as
negatively associated with nodal efficiency of the left nucleus accumbens area (L-Acc-area)
(B=-774.01, SE =342.90, p = 0.05) (Figure 31D) and nodal strength of the right mediodorsal
thalamus (R-med-dors) (B < -0.01, SE < 0.01, p = 0.02) (Figure 31E) in the controls, but not in

the AD patients.
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CRT iSD was positively associated with transitivity of the left posterior cingulate cortex (L-
pos-Cing) (B < 0.01, SE < 0.01, p = 0.05) (Figure 31F) and global efficiency (B = 2558.10, SE =
984.70, p = 0.04) (Figure 31G) in the AD patients, but not in the controls.

Neither SRT iSD nor CRT iSD showed an association with local efficiency in any region.
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Figure 31: Scatterplots showing the relationship between graph theory measures (nodal 72
strength, nodal efficiency, transitivity, and global efficiency) and RT IV (SRT iSD and CRT iSD).
Regression line was calculated after controlling for all covariates (sex, age, years of education,

and monthly household income).
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Transitivity

Finally, we investigated the relationship between mean RT of the two tasks and graph

theory measures.

Mean SRT latency was negatively associated with transitivity of the left temporal pole (L-

Tpole) (B <-0.01, SE < 0.01, p = 0.05) (Figure 32A) in the controls, but not in the AD patients.
In the AD patients, but not in the controls, mean SRT latency was negatively associated with
transitivity of the right ventral latero-dorsal nucleus thalamus (R-vent-lat-dors) (B <-0.01, SE

<0.01, p = 0.02) (Figure 32B).

Mean CRT latency was negatively associated with transitivity of the left temporal pole (L-
Tpole) (B <-0.01, SE <0.01, p = 0.04) (Figure 32C) and positively associated with transitivity
of the left caudal anterior cingulate cortex (L-caud-ant-Cing) (B < 0.01, SE < 0.01, p = 0.04)
(Figure 32D) in the controls, but not in the AD patients. Mean CRT latency was negatively
associated with transitivity of the right ventral latero-dorsal nucleus thalamus (R-vent-lat-
dors) (B <-0.01, SE<0.01, p =0.01) (Figure 32E) and positively associated with nodal
efficiency of the left fusiform gyrus (L-Fusiform) (B = 651.63, SE = 264.50, p = 0.04) (Figure

32F) in the AD patients, but not in the controls.

Neither mean SRT latency nor mean CRT latency showed an association with nodal strength
and local efficiency in any region. There was also no relationship between global efficiency

and mean RT on either task.
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Figure 32: Scatterplots showing the relationship between graph theory measures (nodal efficiency
and transitivity) and mean RT (SRT and CRT). Regression line was calculated after controlling for all
covariates (sex, age, years of education, and monthly household income).

5. Discussion

Using diffusion MRI tractography, the present study sought to determine whether there are

alterations in WM structural connectivity and the connectome in AD patients relative to

healthy elderly controls and whether these changes contribute to intra-individual variability

(IIV) on reaction time (RT) tasks.
The following were the main findings of this study:

HV: 11V on both simple and choice RT tasks was significantly higher in the AD patients

compared to healthy elderly controls (Table 3). The AD patients also had significantly longer

mean RT latencies than healthy elderly controls in the CRT task, but not in the SRT task
(Table 3).
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DTI measures: In AD patients, white matter (WM) tracts with lower FA compared to healthy
elderly controls were predominately located in the bilateral cortical temporal lobes, left
subcortical temporal lobe and bilateral subcortical hippocampus subregions (Figure 14, 15
and 16). AD patients had higher FA than controls in WM tracts from the thalamus bilaterally
to the brainstem (Figure 14, 17 and 18). Certain WM tracts within the thalamus had higher
FA in controls than in AD patients (Figure 15), whereas others had lower FA in controls

(Figure 17).

AD patients had higher MD in WM tracts in the bilateral cingulate cortex, left cortical
occipital lobe, bilateral subcortical temporal lobes, bilateral subcortical hippocampus
subregions, and right cortical temporal lobe (Figure 19, 20, 21 and 22). WM tracts with
lower FA and higher MD in AD patients were part of the right cortical temporal lobe, left

subcortical temporal lobe, and bilateral hippocampus subregions (Figure 15 and 21).

Graph theory metrics: Interestingly, compared to healthy elderly controls, the AD patients
had higher nodal efficiency across multiple regions (Table 5 and Figure 27), as well as higher
global efficiency (Figure 30 and Table 6). There were group differences in graph theory
measures in the cortical frontal, cortical parietal, cortical occipital, cortical and subcortical
temporal lobes, as well as cortical cingulate cortex, subcortical thalamus, insula, subcortical
basal ganglia, subcortical hippocampus subregions and brainstem (Table 5). Some nodes had
lower, and some had higher nodal strength, transitivity and local efficiency in the AD
patients compared to healthy elderly controls (Table 5, 23, 24, 25, 26, 28 and 29). There
were no group differences in nodal degree and modularity (Supplementary Figure 2, 3 and

Supplementary Table 9).

Relationship between graph theory metrics and IIV: In AD patients, global efficiency was
positively correlated with RT IV on the CRT task (Figure 31G). Transitivity in the left
cingulate cortex and nodal efficiency in the left cortical temporal lobe were also positively
correlated with RT IV and mean RT on the CRT task in AD patients (Figure 31F and 32F). On
the other hand, negative relationships between transitivity in the right thalamus and RT IIV
as well as between transitivity and mean RT were found on both the SRT and CRT tasks in

AD (Figure 31B, 32B and 32E).
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5.1 RT IV and mean RT latencies in AD

Although we found no significant group differences in mean RT latency on the SRT task,
previous studies have found that mean RT on SRT tasks was significantly longer in the
patient group compared to controls (Sano et al., 1995; Hultsch et al., 2000; Anstey et al.,
2007). One possible reason for these conflicting findings could be that the patient group in
the Hultsch et al. (2000) and Anstey et al. (2007) studies did not only contain individuals
with AD but instead consisted of individuals diagnosed with a broader range of cognitive
deficits, whereas this current study only contained patients with mild-to-moderate AD. The
presence of a warning signal before the target stimulus may have benefited the healthy
elderly controls (Sano et al., 1995) and may explain why these studies making use of
warning signals found significant group differences in the SRT task (Sano et al., 1995;
Hultsch et al., 2000). A warning signal may have caused unconscious preparedness and thus

improved performance on SRT tasks.

We did, however, observe significant group differences in mean latency on the CRT task
(Table 3). Both SRT and CRT tasks require a component of psychomotor speed, while CRT
tasks need an additional choice decision and visuospatial attention component (Levinoff,
Saumier and Chertkow, 2005; Tuch et al., 2005). The results from this current study may
suggest that our AD patients did not have impairment in psychomotor speed and thus
performed similarly to the controls on the SRT task, unlike patient groups from the previous
studies (Sano et al., 1995; Hultsch et al., 2000; Anstey et al., 2007). However, this
performance was not maintained with the increased demands of the CRT task as brain
mechanisms needed to perform CRT tasks may be impaired in AD patients. These would
include brain regions responsible for decision-making and visuospatial attention, such as the
prefrontal and frontoparietal cortex (Guo et al., 2013; Somers and Sheremata, 2014). Longer
latency responses may be due to an inability to sustain attention, which has been found to
be affected in AD (Gorus et al., 2008). Similarly, Pate et al. (1992) found that RT was slowed
in the AD group compared to controls only on the CRT task, whereas Hultsch et al. (2000)

and Anstey et al. (2007) found significant group differences in both tasks.

Although there were no significant group differences in mean RT latency on the SRT task,

when observing RT 11V, AD patients had significantly higher iSD than controls on the same
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task (Table 3). These results may suggest that RT 1V has the ability to detect slight changes
in cognitive function when mean RT was unable to. When it comes to RT IlV, our results are
consistent with other studies where higher variability has been observed in AD compared to
controls on both SRT and CRT tasks (Hultsch et al., 2000; Gorus et al., 2008; Duchek et al.,
2010; Kalin et al., 2014; Halliday et al., 2018).

These studies also reported that IIV increased with task complexity, with this increase being
greatest in the AD group (Hultsch et al., 2000; Gorus et al., 2008). By contrast, our findings
showed that only the healthy elderly controls, but not the AD patients, had higher IIV on the
CRT task compared to the SRT task (Table 3), i.e., lIV is only higher in more complex tasks in
cognitively healthy individuals. A possibility for this could be that brain mechanisms involved
in upholding constant performance are intensely impaired, thus causing AD patients to
perform similarly on both tasks in spite of the increase in complexity. Similar results were
previously reported in a substudy (DTI voxel-wise analysis) of the parent study done on the

same cohort (Engelbrecht, in preparation).

5.2 Higher integration and altered segregation in AD
Overall, this study found regions with altered nodal strength, transitivity, and local efficiency
with higher global efficiency and nodal efficiency in AD relative to healthy elderly controls.
This suggests that there are both integration and segregation alterations in AD. The higher
nodal strength, transitivity, nodal, local, and global efficiency in AD patients are likely
compensatory mechanisms to maintain neuronal activity despite structural abnormalities.
The higher global efficiency is an indication of greater network-wide interconnectivity
(Rubinov and Sporns, 2010) and may indicate that atrophy in various brain regions of our AD
patients resulted in the relatively unaffected regions requiring greater connectivity to work
efficiently. Higher global efficiency may reflect an intrinsic alteration in brain wiring
patterns. Since optimal brain function requires a balance between local segregation and
global integration (Lord et al., 2017), the observed combination of higher global efficiency
(integration) and lower local efficiency across multiple nodes (segregation) in AD patients

suggests an interruption in this balance and thus a more random network topology.

Most studies have found lower global efficiency in the WM networks of AD patients relative

to controls (Lo et al., 2010; T. Wang et al., 2016; Zajac et al., 2017). However, there are a
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few studies in line with our results. In a recent rs-fMRI study, Contreras et al. (2020)
observed higher global efficiency in functional networks of the AD individuals. The authors
commented that even though the functional network of the AD patients had a higher mean
global efficiency value relative to the controls across all ROIs (whole-brain network level),
the number of ROIs with greater nodal efficiency! was less than that of the controls. By
contrast, we observed higher nodal efficiency in AD across many regions, although local
efficiency also tended to be lower, especially in the cortical temporal lobe and hippocampus
subregions. In another rs-fMRI study, Supekar et al. (2008) found higher global connectivity
in AD depending on the frequency band investigated. Interestingly, Wright et al. (2021)
observed that their AD patients also presented with higher global efficiency than the control
group, however, these were calculated through cognitive networks, in which cognitive tests
were the nodes, and statistical inter-nodal significance represented the edges of the

network.

We found the same number of modules in AD patients and healthy elderly controls, i.e., no
group differences in modularity (Supplementary Figure 2, 3 and Supplementary Table 9).
However, regions in the modules and connections between these regions differed between
the AD patients and healthy elderly controls (Supplementary Figure 2). This indicates that
AD patients may undergo reorganisation of structural networks, which is interpreted as
effects of brain plasticity (delEtoile and Adeli, 2017). Previous studies have reported
modular organisation with lower modularity in the functional network of AD patients
compared to healthy controls (Brier et al., 2014; Dai et al., 2019), whereas other studies
observed higher functional and structural networks modularity in the AD patients (Pereira et
al., 2016; Mijalkov et al., 2017; Si et al., 2019). We also did not find group differences in
nodal degree, whereas Dai et al. (2019) observed lower nodal degree in both structural and

functional connectomes in AD patients compared to controls.

! Contreras et al. (2020) described global efficiency for each node (ROI level), i.e., nodal global
efficiency, as well as global efficiency across all the ROls (whole-brain level), which corresponds to

nodal efficiency and global efficiency in our study.
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5.3 Alterations in WM tracts and the corresponding nodes in AD

Nodes in the cortical occipital, cortical temporal, and subcortical temporal lobes, subcortical
hippocampus subregions, cortical cingulate cortex, subcortical thalamus, and brainstem,
showed alterations in graph theory measures as well as alterations in DTl measures in the
corresponding tracts. We present a discussion of the DTl and graph theory findings focused

on the implicated WM connections and the corresponding nodes.

5.3.1 Cortical temporal, subcortical temporal lobes, and subcortical

hippocampus subregions (temporal lobe)

Temporal lobe regions, such as the entorhinal cortex, may be the very first and most
severely affected by AD (Braak and Braak, 1991). In this study, four of the nine WM tracts
that were identified to have group differences in FA, namely WM between the left
parahippocampal gyrus (L-Parahippo) and the left entorhinal cortex (L-Entorhinal), WM
between the right parahippocampal gyrus (R-Parahippo) and the right hippocampus
subiculum (R-Hippo-Subiculum), WM between the left hippocampus (L-Hippo) and the left
hippocampus CA1 (L-Hippo-CA1), as well as WM between the right hippocampus
subiculum (R-Hippo-Subiculum) and the right hippocampus CA1 (R-Hippo-CA1), presented
lower FA with no change in MD in the AD patients (Figure 14, 15 and 16). Kitamura et al.
(2013) investigated individuals with mild AD over a period of 18 months and similarly
reported lower FA and higher RD, but no changes in MD or AxD. Lower FA values found in
these regions may indicate the change or loss of WM integrity due to demyelination of
axonal structures (Rose, Janke and Chalk, 2008; Nir et al., 2013; Soares et al., 2013). A vast
number of previous DTl studies have observed lower FA in AD patients compared to control
participants in the temporal lobe (Damoiseaux et al., 2009; Serra et al., 2010; Gao et al.,
2011; Chandra et al., 2019), including the parahippocampal gyrus (Stricker et al., 2009; Salat
et al., 2010; Liu et al., 2011) and hippocampus (Hong et al., 2013).

Furthermore, WM regions that had reduced FA in the AD group have been observed to be
close in location to GM regions showing cortical volume reductions, such as the bilateral
medial temporal structures (Xie et al., 2006). Prior studies have noted changes including the

accumulation of neurofibrillary tangles and amyloid-beta plaques as well as neuronal loss in
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the medial temporal lobe, including the hippocampus CA1 and subiculum subregions and
entorhinal cortex, as well as overall hippocampal atrophy in the early stages of AD (Monte,
1989; Braak and Braak, 1991; Arriagada et al., 1992; Price et al., 2001; Machulda et al.,
2009). Given the critical role of the temporal lobe in information storage and memory
retrieval (Squire, Stark and Clark, 2004), these observations may be related to impaired
memory function of AD and MCI patients. This is further supported by fMRI studies, where
decreased medial temporal lobe activation has been found in mild-to-moderate dementia
patients when they attempted to learn new information (Rombouts et al., 2000; Machulda

et al., 2009).

The five other WM tracts, specifically WM between the left hippocampus (L-Hippo) and the
left hippocampus presubiculum (L-Hippo-Presubiculum), WM between the right
hippocampus (R-Hippo) and the right hippocampus presubiculum (R-Hippo-Presubiculum),
WM between the right parahippocampal gyrus (R-Parahippo) and the right hippocampus
presubiculum (R-Hippo-Presubiculum), WM between the right entorhinal cortex (R-
Entorhinal) and the right hippocampus (R-Hippo), as well as WM between the right
hippocampus presubiculum (R-Hippo-Presubiculum) and the right hippocampus subiculum
(R-Hippo-Subiculum), displayed with higher MD with no change in FA in the AD patients
(Figure 19 and 21). Interestingly, most tracts with higher MD in this study are in the right
hemisphere. MD is associated with structural organisation, with lower values indicating
well-organised structure, for example, denser axonal packing. We also found higher RD in
these tracts, and since MD is the linear summation of AxD and RD, significant increases of
either AxD or RD causes higher MD. Higher MD is possibly due to WM injury, such as the loss
or damage to myelin sheaths on axons and dendrites (Phillips et al., 2016) which are normal
barriers to diffusion. Similar to these findings, previous studies have also observed higher
MD within the medial temporal lobe, specifically the hippocampus, amygdala, temporal
gyrus, the entorhinal cortex and parahippocampal gyrus in AD patients (Rose, Janke and

Chalk, 2008; Serra et al., 2010; Hong et al., 2013).

WM tracts in the cortical temporal lobe, subcortical temporal lobe and subcortical
hippocampus subregions showed no group differences in AxD, which may mean an absence
of axonal damage (Alexander et al., 2007; Phillips et al., 2016), however, most tracts

presented higher RD in AD patients pointing to regional myelin damage, reduced
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myelination or myelin loss (Alexander et al., 2007). It is, therefore, reasonable to speculate
that the lower FA and higher MD found was driven mainly by RD, similarly to the
observation made by Stricker et al. (2009). Supporting this, previous animal studies in triple-
transgenic AD mice showed indications of myelin disruptions in the entorhinal cortex and
hippocampus even prior to beta-amyloid plaques and neurofibrillary tangles formation
(Desai et al., 2009). When controlling for T2 intensity, Salat et al. (2010) also observed that
regionally overlapping changes in FA and MD (lower FA, higher MD and RD) was greatest in

the medial temporal lobe.

Areas in the brain that are the last to myelinate, such as the hippocampus and entorhinal
cortex, are also the first to degenerate in AD (Braak and Braak, 1991; Reisberg et al., 1999,
2002; Stricker et al., 2009; Bartzokis, 2011). These regions are mainly in the temporal lobe,
both cortical and subcortical, and are most vulnerable to the pathological changes seen in
AD (Atiya et al., 2003; Du et al., 2004; Pennanen et al., 2004; Salat et al., 2009; Guo et al.,
2010; Li et al., 2011; Chandra et al., 2019; Kulason et al., 2020). This concurs with whole-
brain voxel-based morphometry (VBM) investigations (Frisoni et al., 2002; Hirata et al.,
2005), where atrophy in the medial and lateral temporal regions has been found to be more
pronounced compared to other regions (Serra et al., 2010), and PET imaging studies, where
hypometabolism in the temporal lobes has been observed (Herholz et al., 2002; Langbaum

et al., 2009).

The following regions had group differences in both DTl measures and graph theoretical
measures in the temporal lobe: the entorhinal cortex bilaterally (R-Entorhinal, L-
Entorhinal), the right parahippocampal gyrus (R-Parahippo), the hippocampus bilaterally
(R-Hippo, L-Hippo), the right hippocampus subiculum (R-Hippo-Subiculum), the right
hippocampus presubiculum (R-Hippo-Presubiculum) and the hippocampus CA1 bilaterally
(R-Hippo-CA1, L-Hippo-CA1). Results found in the parahippocampal gyrus will be discussed

in section 5.3.2.2 below.
Compared to controls, AD patients showed:

1) Higher transitivity in the right entorhinal cortex (Table 5 and Figure 26).
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2) Lower local efficiency in the entorhinal cortex bilaterally, the right hippocampus
CA1 and the right hippocampus presubiculum, as well as higher local efficiency in
the right hippocampus subiculum and the right hippocampus (Table 5, Figure 28
and 29).

3) Higher nodal efficiency in the right parahippocampal gyrus, the hippocampus
bilaterally, the right hippocampus subiculum and the left hippocampus CA1 (Table
5, Figure 27).

4) Lower nodal strength in the left hippocampus (Table 5 and Figure 23).

We observed lower local efficiency and nodal strength, mainly in the hippocampus.
Conversely, in a PET imaging study, Veronese et al. (2019) reported that the highest increase
in terms of strength was found in the hippocampus. Lower nodal strength may suggest
weaker connectivity and reduced WM integrity, specifically in the hippocampus. Since DTI
results in the hippocampus WM tracts included both lower FA and higher MD in the AD
patients, degeneration of fibre bundles used for information transmission in the
hippocampus is likely present. This may indicate abnormal connections between the

temporal lobes.

The lower local efficiency observed may suggest structural disruptions of short-range
connections within regions involved in memory function, mostly in and around the
hippocampus, and may be related to impairment in functional segregation in episodic
memory. Previous sMRI studies similarly found lower local efficiency in the hippocampus,
but simultaneously found higher local efficiency in the left entorhinal cortex (Mijalkov et al.,

2017), where we observed lower local efficiency.

In line with these observations, reduced local efficiency in aMCl patients that converted to
AD compared to controls has been reported in the temporal cortices, namely the left
superior temporal gyrus, right temporal pole, and bilateral hippocampus (Sun et al., 2019).
Furthermore, Filippi et al. (2018) investigated alterations in structural and functional
connectivity as well as changes in the structural and functional connectome along the AD
continuum. They identified structural connectivity disruptions, i.e., lower FA and higher MD
(which we also observed in this study), with decreased FC as well as lower nodal strength

and local efficiency in the hippocampal, medial and lateral temporal nodes bilaterally in AD.
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However, we also found higher local efficiency and higher nodal efficiency in some parts of
the hippocampus, e.g., the right hippocampus subiculum, in AD patients. This could be due
to the brain network losing some of its long-distance connections to these parts of the
hippocampus resulting in a relative increase in the number of connections to a node’s
immediate neighbours, thus leading to the formation of new paths for communication.
Increase in local connections could lead to a more segregated pattern of connectivity and is
an indication of abnormal network function. Sheng et al. (2021) proposed that regional
brain compensation may start from the medial temporal lobe, as they reported more
elevated nodal properties with increased AD progression. Rs-fMRI studies reported reduced
connectivity within the medial temporal lobe in AD patients (Filippi et al., 2018), whereas
MCI patients showed increased connectivity (Das et al., 2013; Berron et al., 2020). It is,
therefore, possible that the current analyses detected higher local efficiency and higher
nodal efficiency because our observations may be more influenced by the AD patients at the
earlier stage of the disease, i.e., mild AD. Contrary to our results, Zajac et al. (2017)
observed lower nodal efficiency in the left hippocampus and the left entorhinal cortex in AD

patients relative to controls.

We observed varying local efficiency and higher nodal efficiency in the CA1 and subiculum
hippocampal subregions: areas that show accumulation of neurofibrillary tangles and
amyloid-beta plaques and neuronal loss in the early stages of AD (Monte, 1989; Arriagada et
al., 1992; Price et al., 2001). Due to these pathological changes and atrophy in the
hippocampus, these regions may increase connectivity with their neighbouring nodes to

maintain certain functions.

We also observed higher transitivity in the right entorhinal cortex in AD patients compared
to healthy elderly controls. This finding may suggest that the entorhinal cortex is so severely
damaged in AD, as reported in previous studies (Braak and Braak, 1991; Reisberg et al.,
1999, 2002; Stricker et al., 2009; Bartzokis, 2011), that the neighbouring nodes connect to

each other to maintain function.
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Some regions in the temporal lobe showed group differences in graph theory measures but

no differences in DTl measures. These regions showed:

1) Higher nodal efficiency in the right hippocampus molecular layer HP (R-Hippo-
MolecularLayerHP), the left middle temporal gyrus (L-mid-T), the bilateral fusiform
gyrus (R-Fusiform, L-Fusiform) and the left temporal pole (L-Tpole) (Table 5 and
Figure 27).

2) Higher nodal strength in the left middle temporal gyrus (L-mid-T) and the left
superior temporal gyrus (L-sup-T) (Table 5 and Figure 24).

3) Lower transitivity in the left superior temporal gyrus (L-sup-T), as well as higher
transitivity in the right fusiform gyrus (R-Fusiform), the bilateral inferior temporal
gyrus (R-inf-T, L-inf-T) and the left temporal pole (L-Tpole) (Table 5, Figure 25 and
26).

4) Higher local efficiency in the right superior temporal gyrus (R-sup-T) and the left
fusiform gyrus (L-Fusiform) (Table 5 and Figure 29).

Although we found elevated nodal efficiency in AD in widespread regions of the temporal
lobe and hippocampus, Lo et al. (2010), investigating the topological organisation of
structural cortical networks in AD using DTI tractography, reported lower nodal efficiency,
mainly in the frontal regions, with only one region in the temporal lobe: the temporal pole.
Another study by Wang et al. (2016) also found lower nodal efficiency in the right middle
temporal pole and right fusiform gyrus in the temporal lobe. The discrepancies in findings
could be due to methodological differences, as we used full-probabilistic tractography to
construct the WM networks whereas Lo et al. (2010) used streamline tractography and thus

did not study subcortical regions, such as the hippocampus.

Interestingly, the higher nodal strength, nodal efficiency, local efficiency, and transitivity in
AD patients are mostly seen in the cortical temporal lobe regions. These increases could
reflect a compensatory mechanism where the number of local connections to the cortical
temporal lobe increases in order to compensate for the loss of connections between distant
areas. In a structural imaging study, Mijalkov et al. (2017) observed higher local efficiency in

the temporal lobe, specifically in the bilateral temporal pole and left entorhinal cortex.
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However, although we found lower local efficiency in the left as well as the right entorhinal
cortex in AD, we found higher transitivity and nodal efficiency but no difference in local
efficiency in the temporal pole. Mijalkov et al. (2017) also found lower local efficiency in the

bilateral inferior temporal lobe, whereas we found higher transitivity in this region.

5.3.2 Cortical cingulate cortex, cortical occipital, and cortical temporal

lobes

The current results observed higher MD with no change in FA and RD in WM tracts between
the cortical cingulate cortex, cortical occipital and cortical temporal lobes, specifically WM
between the right isthmus of the cingulate gyrus (R-isthmus-Cing) and the right
parahippocampal gyrus (R-Parahippo), as well as WM between the left isthmus of the
cingulate gyrus (L-isthmus-Cing) and the left lingual gyrus (L-Lingual), in the AD patients
compared to healthy elderly controls (Figure 19, 20 and 22). This may indicate increased
fibre degeneration, possibly from axonal membrane disruption or myelin loss in these tracts.
These results are consistent with another DTI tractography study that consisted of 25 AD
patients, 19 aMCl patients and 15 healthy controls, where Pievani et al. (2010) found
significant WM damage in aMCl and AD in the limbic pathways, such as the cingulum and
fornix, as well as the major cortico-cortical WM tracts. They reported significantly higher MD
in the cingulum, without FA, AxD and RD changes. These MD changes in the WM of the
cingulum have also been found to be located next to areas of macroscopic GM atrophy,
including the hippocampus (Serra et al., 2010), which are regions that have been found to
be implicated in AD individuals (Atiya et al., 2003; Du et al., 2004; Pennanen et al., 2004; Li
et al., 2011; Chandra et al., 2019; Kulason et al., 2020). Another study found more
widespread changes in MD than FA, with higher MD in the ventromedial frontal, occipital,
temporal, precuneus and cingulum regions (Salat et al., 2010). Similarly, lower MD has also
been observed in the parahippocampal gyrus (Zhang et al., 2007; Rose, Janke and Chalk,
2008; Salat et al., 2010; Serra et al., 2010). In contrast to the current findings, Ryan et al.
(2013) found reduced MD and AxD in the right cingulum in pre-symptomatic patients

affected by a familial AD gene variant.
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While we did not detect FA changes in the WM tracts mentioned above, other studies have
reported lower FA in the cingulum of AD (Xie et al., 2005; Zhang et al., 2007, 2013;
Damoiseaux et al., 2009; Stricker et al., 2009; Liu et al., 2011; S.-H. Lee et al., 2015; Chandra
et al., 2019), such as the isthmus of the cingulum, with higher RD (Zhang et al., 2013; S.-H.
Lee et al., 2015) and AxD (S.-H. Lee et al., 2015). Lower FA has also been observed in the
parahippocampus (Zhang et al., 2007; Stricker et al., 2009; Salat et al., 2010; Liu et al., 2011)
and lingual gyrus in the occipital lobe (lbrahim et al., 2009).

We also found higher AxD in the WM from the left isthmus of the cingulate cortex to the left
lingual gyrus (Figure 20), with no change in AxD between the right isthmus of the cingulate
cortex and parahippocampal gyrus (Figure 22). However, a shorter average length (BL) of
the latter was also detected (Supplementary Table 7). The higher MD and the lower BL may
suggest that these tracts, due to WM injury or atrophy, such as the loss or damage of
neurons, have caused the average length of that bundle to be shorter in AD patients. This is
a reasonable speculation as atrophy is known to occur in the parahippocampus (Salat et al.,
2009; Guo et al., 2010; Wang et al., 2012) and limbic structures, such as the cingulate gyrus
(Thompson et al., 2003; De Jong et al., 2008; Mcevoy et al., 2009; Guo et al., 2010), in AD.
Structurally, the WM tracts mentioned above are connected to each other. The isthmus of
the cingulate cortex connects inferiorly with the parahippocampal gyrus, and the front of the
lingual gyrus continues on the surface of the temporal lobe and joins the parahippocampal
gyrus (Murphy, 2017; Jumah and Dossani., 2021). In a structural imaging study, Yang et al.
(2019) observed significant reductions in cortical thickness in the left isthmus of the
cingulate cortex, left lingual gyrus as well as the right parahippocampal gyrus in the AD
patients compared to controls, with these three regions also significantly reduced when
comparing patients with AD to patients with aMCl. In rs-fMRI studies, the posterior/isthmus
cingulate cortex presented reduced FC during the preclinical and clinical AD stages (Buckner

et al., 2005, 2009).

Salat et al. (2010) also found higher AxD in the lateral occipital/lingual gyrus, periventricular,
and callosal regions. Some studies have also reported higher AxD in both normal ageing and
AD (Acosta-Cabronero et al., 2010; Sullivan, Rohlfing and Pfefferbaum, 2010; Agosta et al.,
2011; Bosch et al., 2012; Nir et al., 2013) while others have noted very little to no change in

AxD with age (Lebel et al., 2008). Additionally, an elevated AxD associated with clinical
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impairment (Nir et al., 2013) was found. Acosta-Cabronero et al. (2012) studied 21 very
mild, 22 mild AD patients with 26 controls and proposed that early MD increases are paired
with an increase in AxD. RD and FA, on the other hand, showed more pronounced changes
as disease severity increased, while AxD remained relatively stable. They proposed that MD
alternations seen in more severe disease stages may be affected by the higher RD.
Therefore, our MD findings may indicate that WM tracts between the cingulate cortex and
occipital lobe are one of the firsts to be affected in AD, while WM tracts between the
cingulate cortex to temporal lobe are only implicated later on as disease progresses. This
contradicts the findings of previous studies where the temporal lobe has been found to be
first affected in AD (Atiya et al., 2003; Du et al., 2004; Pennanen et al., 2004; Li et al., 2011,
Chandra et al., 2019; Kulason et al., 2020). Consistent with our findings, Huang et al. (2013)
also reported increased MD with increased AxD in projection tracts, however, they found
that these features were most pronounced in regions less affected in AD. Another
speculation is that this change in AxD is due to inflammation and microglial activation in AD

and may represent something more than just axonal loss.

Notably, studies have found higher AxD and RD in combination with MD in AD patients
compared to healthy controls (Nir et al., 2013; Nowrangi et al., 2013; Firbank et al., 2016)
bilaterally in the WM of the caudal cingulum bundle, caudal corpus callosum,
parahippocampal gyrus, caudal temporal and parietal regions, where temporal pole, rostral
corpus callosum, prefrontal WM and caudal occipital lobe were spared (Acosta-Cabronero

et al., 2010).

With respect to graph theoretical measures in the cortical cingulate cortex, cortical occipital,
and cortical temporal lobes, we only found one region that also had higher MD in AD
patients in these locations: the right parahippocampus gyrus (R-Parahippo). Our results
showed higher nodal efficiency in the right parahippocampus gyrus in AD patients
compared to healthy elderly controls. Interestingly, this region had the biggest difference in
mean nodal efficiency between the two groups of all the regions. This is consistent with
observations in a recent study, where the authors investigated differences in network
properties as well as the relationship between these network properties, impaired

cognition, and pathological biomarkers between 34 healthy controls, 70 MCl and 40 AD
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patients. They reported higher nodal properties in the medial temporal lobe, specifically the
right parahippocampal gyrus and right amygdala, with increased AD progression (Sheng et
al., 2021). The authors proposed that this could be due to the reorganisation/compensatory
mechanisms of structural networks and thus show high resilience to network integrity
damages in AD patients, which has also been seen in MCl individuals in other studies (Liu et
al., 2020). Conversely, Wang et al. (2016) found lower nodal efficiency in the right
parahippocampal gyrus. In addition, Zhao et al. (2017) reported significant correlations
between lower nodal efficiency and impaired memory performance in the bilateral

parahippocampal gyrus of aMCI patients, but not controls.

Some regions in the cingulate cortex, cortical occipital and cortical temporal lobes showed
group differences in graph theory measures but no differences in DTI measures. When

comparing AD patients to healthy elderly controls, we found that AD patients had:

1) Higher nodal efficiency in the right lateral occipital gyrus (R-lat-Occ) (Table 5 and
Figure 27).

2) Higher nodal strength in the bilateral posterior cingulate cortex (R-pos-Cing, L-pos-
Cing) (Table 5 and Figure 24).

3) Lower transitivity in the left posterior cingulate cortex (L-pos-Cing) and the left

caudal anterior cingulate cortex (L-caud-ant-Cing) (Table 5 and Figure 25).

These results are surprising as a node with high nodal efficiency and strength indicates
higher information flow and may be efficiently connected to other nodes in the network
(Kim et al., 2014), i.e., more robust connectivity (Mijalkov et al., 2017; Kim and Min, 2020).
One of the major areas responsible for visual object processing includes the lateral occipital
gyrus (Nagy, Greenlee and Kovacs, 2012). As mentioned above, these results of this
enhanced variation may indicate a compensatory mechanism to maintain a high level of
visual object processing despite the pathological process. Our findings involving the occipital
lobe corresponds to the same region, i.e., the lateral occipital cortex, that has been reported
to show a faster rate of atrophy with increased impairment in AD patients compared to

controls (McDonald et al., 2009). In contrast to our findings, Wang et al. (2016) observed
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reduced nodal efficiency in the bilateral superior occipital gyri, the right middle occipital

gyrus, right inferior occipital gyrus and bilateral cuneus.

We also observed lower transitivity, specifically in the left anterior and posterior cingulate
cortex. Lower transitivity may represent transitory myelin damage (Kocevar, Gabriel Stamile
et al., 2016), suggesting that these regions are poorly connected to their neighbouring areas
and that their neighbouring areas are also poorly connected to each other. Although we did
not find any MD changes in these particular tracts, they are all situated very close to regions
where we found higher MD. However, Zhang et al. (2007) observed both lower FA and
higher MD in the posterior cingulate cortex with FA reductions extending to the splenium of
the corpus callosum in AD. This could indicate that the WM and GM are affected around the
posterior cingulate cortex, i.e., neighbouring nodes. Current findings include both higher
nodal strength and lower transitivity in the posterior cingulate cortex. However, the lower

transitivity is only seen in the left hemisphere.

Thompson et al. (2003) observed that GM loss tends to occur faster in the left hemisphere
than the right as time progresses, with most significant impairments in the temporal,
parietal and occipital lobes as well as the cingulate cortices with the frontal lobe being
relatively spared earlier in AD. Our observations of higher nodal strength in the left
hemisphere suggest that the connections between the posterior cingulate cortex to the
neighbouring nodes are stronger in AD patients. However, there is a lower probability that
these neighbour nodes are also connected to each other, i.e., lower transitivity. Hence,
there may be a lot of information being transmitted to and from the posterior cingulate
cortex, but because there is no change in nodal efficiency or local efficiency, this
information is not transferred efficiently. In addition, the lower transitivity in the posterior
cingulate cortex may indicate that although a lot of information is transferred from this
region to its neighbouring regions because these regions aren’t connected, the information

transfer stops around the posterior cingulate cortex.

The posterior cingulate cortex is believed to be involved in self-referential thought and
episodic memory (Raichle, 2015), and thus we propose that the right hemisphere posterior
cingulate cortex may show a compensatory mechanism to at least partially keep up with
episodic memory and self-referential thought. This hyperconnectivity may result in early

disease states (Hillary et al., 2015). We speculate that the cingulate cortex is severely
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affected in our AD patients as both the anterior and posterior cingulate cortex has reduced
transitivity, which indicates weak segregation in the cingulate cortex and that its regions are
not well connected to each other. Catheline et al. (2008) examined the cingulum tract and

observed both the anterior and posterior regions to have disruptions in AD.

We did not find any group differences in nodal degree. On the other hand, other studies
have observed that AD patients showed changes in the number of connections in regions
that are part of the DMN, such as the anterior cingulate and posterior cingulate gyri,
compared to controls or patients with MCI (Mijalkov et al., 2017). A possible reason why we
did not find differences in nodal degree in these regions could be that these regions had the
same amount of connections to the surrounding regions, but that neighbouring regions are
not connected to each other. Neighbouring regions around the anterior and posterior
cingulate cortex include the retrosplenial cortex and corpus callosum, which we did not
investigate, but have been found to be implicated in AD in previous studies (Acosta-
Cabronero et al., 2010; Tan et al., 2013). There is consistent evidence that the cingulate
cortex is one of the earliest sites affected by AD where atrophy rates are among the greatest
(Thompson et al., 2003; Buckner et al., 2005; De Jong et al., 2008; Mcevoy et al., 2009; Guo
et al., 2010; Zhao et al., 2019).

5.3.3 Subcortical thalamus and brainstem

Prior structural imaging studies observed AD to affect limbic structures, such as the
thalamus (De Jong et al., 2008; Guo et al., 2010; Zarei et al., 2010). Most previous studies
have found thalamic abnormalities to occur secondary to entorhinal cortex alterations,
although this idea has been challenged in recent years (Aggleton et al., 2016). A recent
study that assessed GM volume using VBM analysis in a large cohort of individuals showed
that at the start of cognitive decline, GM loss was observed in the bilateral ventrolateral
regions of the thalamus (Van De Mortel, Thomas and Van Wingen, 2021). However, with
disease progression, the GM loss seemed more prominent in areas such as the hippocampus
and parahippocampal gyrus, while the magnitude of GM loss of the thalamus does not
further progress (Van De Mortel, Thomas and Van Wingen, 2021). There is some evidence

that the thalamus, specifically the anterodorsal thalamic nucleus, undergoes neurofibrillary
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changes at the same time as the hippocampus, which have been found to be affected in the

early stage of the disease (Braak and Braak, 1991).

The thalamus is involved in attention and episodic memory functioning, which have been
seen to be implicated in AD (Gorus et al., 2008). It possesses an abundant number of
connections to medial temporal structures, which are well recognised to be responsible for
memory. In the current study, all WM tracts found to have AD-related alterations in the
thalamus and brainstem showed either higher or lower FA with no change in MD. Lower FA
was observed in WM tracts between regions within the thalamus, particularly WM between
the right central lateral-lateral posterior-medial pulvinar (R-cent-lat-lat-pos-med-Pulvinar)
and the right ventral latero-ventral thalamus (R-vent-lat-vent), as well as WM between the
left anterior thalamus (L-ant) and the left central lateral-lateral posterior-medial pulvinar
(L-cent-lat-lat-pos-med-Pulvinar) in AD patients (Figure 14 and 15). These results concur
with previous DTl studies in AD (Rose, Janke and Chalk, 2008; Damoiseaux et al., 2009; Serra
et al., 2010).

The WM tract between the right central lateral-lateral posterior-medial pulvinar and right
ventral latero-ventral thalamus also presented with a lower number of tracts (NT)
(Supplementary Table 6). A lower number of tracts could be the reason for lower FA, as
lower FA values indicate the loss of WM integrity. Similarly, Van De Mortel, Thomas and Van
Wingen (2021) reported the largest volume reductions occurred around the pulvinar in the

posterior thalamus, a structure involved in visual information processing.

Interestingly, current findings presented higher FA in the WM between the left central
lateral-lateral posterior-medial pulvinar (L-cent-lat-lat-pos-med-Pulvinar) and the
brainstem midbrain (Brain-Stem-Midbrain), WM between the left pulvinar (L-Pulvinar) and
the brainstem midbrain (Brain-Stem-Midbrain), WM between the right pulvinar (R-
Pulvinar) and the brainstem midbrain (Brain-Stem-Midbrain), as well as WM between the
left pulvinar (L-Pulvinar) and the left ventral latero-ventral thalamus (L-vent-lat-vent) in
AD patients compared to healthy elderly controls (Figure 14, 17 and 18). A previous study
investigated subjects with pre-symptomatic and symptomatic carriers of an autosomal
dominant gene variant predisposing them to AD and found that at the pre-symptomatic
stage, individuals displayed reduced volumes of the left thalamus and bilateral caudate as

well as higher FA of bilateral thalamus and left caudate compared to controls (Ryan et al.,
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2013). FA did not differ from controls at the symptomatic stage, but MD was higher (Ryan et
al., 2013). The high FA in the WM tracts between the thalamus and brainstem observed in
the current study may therefore be driven by the mild AD patients in our study. We propose
that FA first appears to increase with GM loss in the thalamus during the very early stages of
the disease. The marked anisotropy of the thalamus and brainstem may be due to their
compartmentalised cytoarchitectural organisation as well as large numbers of WM fibres
passing through these locations. This is further supported by our finding of higher AxD,
number of voxels (NV) and physical volume of the tracts (PV) (Supplementary Table 6). As
these tracts did not display RD group differences, demyelination would not explain the FA
differences observed between AD patients and healthy elderly controls. Mole et al. (2016)
proposed that higher FA observed in motor tracts in Parkinson’s disease may reflect
compensatory reorganisation of neural circuits, indicating adaptive or extended
neuroplasticity. This may also explain our findings of high FA in WM tracts between the
thalamus and brainstem in AD. In contrast to our findings, Liu et al. (2011) observed lower
FA in both MCI and AD patients compared to controls in WM tracts of the brainstem using

voxel-based analysis and ROI-based analysis.

It has been postulated that since the brainstem is connected with several cortical structures
and is responsible for numerous autonomic, behavioural and cognitive functions, it may be
involved in the progression of AD (J. H. Lee et al., 2015). Neuropathological studies suggest
that tau pathology occurs earliest in the brainstem before cortical changes (Grinberg et al.,
2009; Simic et al., 2009; Braak et al., 2011), with the largest amount of amyloid deposited in
the midbrain compared to other parts of the brainstem (Brilliant et al., 1992). Structural
imaging studies reported that the AD group exhibited smaller volumes of the midbrain,
whole brainstem (J. H. Lee et al., 2015; Dutt et al., 2020), locus coeruleus and pons (Dutt et
al., 2020) relative to healthy controls. In addition, Dutt et al. (2020) observed smaller
midbrain volumes in the elderly controls who later developed AD relative to those who did
not progress to AD, suggesting that these volumes are predictive of AD progression. These
observed pathological changes and structural alterations in earlier stage AD attracted
interest towards the brainstem, bringing about new studies on the region and

rethinking/testing old hypotheses.
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The following regions showed group differences in both DTl measures and graph theory
measures: the right central lateral-lateral posterior-medial pulvinar (R-cent-lat-lat-pos-
med-Pulvinar), the ventral latero-ventral thalamus bilaterally (R-vent-lat-vent, L-vent-lat-

vent), the left pulvinar (L-Pulvinar) and the left anterior thalamus (L-ant).
In these regions, compared to controls, AD patients presented with:

1) Lower nodal strength in the right central lateral-lateral posterior-medial pulvinar,
the ventral latero-ventral thalamus bilaterally and the left pulvinar (Table 5 and
Figure 23).

2) Higher nodal efficiency in the left ventral latero-ventral thalamus (Table 5 and
Figure 27).

3) Lower transitivity in the left anterior thalamus (Table 5 and Figure 25).

The lower nodal strength, i.e., weaker connectivity, in the thalamus suggests damage to
WM integrity, which may result in longer pathways to connect different regions in the brain.
Our current findings identified higher nodal efficiency in AD in the left subsection of the
thalamus, i.e., the left ventral latero-ventral thalamus. Similarly, a recent rs-fMRI study
found higher nodal efficiency in the thalamus in AD patients compared to healthy controls
(Ng et al., 2021). Another study investigating network efficiency of functional brain
networks in primary insomnia patients reported higher nodal efficiency in regions mainly
belonging to the DMN and emotional circuits, such as the thalamus (Ma et al., 2018). This
may somewhat explain our results as sleep changes and insomnia are common in AD
(Dauvilliers, 2007). Conversely, nodal efficiency in the left thalamus has been found to be
lower in AD individuals compared to controls (Zajac et al., 2017). Anatomically, the
hippocampus connects directly to the anterior thalamus through the fornix and to the
pulvinar through the temporopulvinar tract. Since the current study found altered local
efficiency, higher nodal efficiency, and lower nodal strength in the hippocampus, we
propose that these WM and GM between the hippocampus and thalamus may also be
affected. Thus, the lower nodal strength in these subregions of the thalamus may indicate
lower connectivity within the thalamus as well as between the hippocampus and the
thalamus and its neighbouring regions, such as the fornix (we did not investigate the fornix).

The lower transitivity may indicate that regions neighbouring the thalamus are so impaired
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that they are not connected to each other. This is supported by a rs-fMRI study, where the
authors found decreased FC between the thalamus and multiple other brain regions in the

early stages of AD (Wang et al., 2011).

Other regions that only showed graph theory group differences in the thalamus and

brainstem included:

1) Lower nodal strength in the right mediodorsal thalamus (R-med-dors), the left
ventral latero-dorsal nucleus thalamus (L-vent-lat-dors), the brainstem medulla
(Brain-Stem-Medulla), the brainstem SCP (Brain-Stem-SCP) as well as higher nodal
strength in the brainstem pons (Brain-Stem-Pons) (Table 5, Figure 23 and 24).

2) Higher transitivity in the right ventral latero-dorsal nucleus thalamus (R-vent-lat-
dors), the right ventral anterior thalamus (R-vent-ant), as well as lower transitivity

in the left ventral anterior thalamus (L-vent-ant) (Table 5, Figure 25 and 26).

There are minimal studies using graph theory to investigate the brainstem in AD. Our study
found altered nodal strength in the brainstem subregions of AD patients, suggesting

topological disruptions, which needs to be further investigated in future studies.

5.3.4 Cortical frontal lobe

Frontal lobe regions are responsible for attention, memory, language, and executive
function (Chayer and Freedman, 2001). Although we did not find DTI alterations in the
frontal lobe, we observed higher nodal strength in the left precentral gyrus (L-Precentral) as
well as higher transitivity in the left superior frontal gyrus (L-sup-F) and the left paracentral
lobule (L-Paracentral) (Table 5, Figure 24 and 26) in the AD patients compared to healthy
elderly controls. Similarly, Weiler et al. (2018) observed that it was mostly frontal regions

that showed increased functional network local efficiency in aMCI patients.

The ability of AD patients to perform memory tasks was related to how well their brains
could recruit additional prefrontal areas during the task, suggesting that this may be an
adaptive response to functional loss and the degenerative disease process (Grady et al.,
2003). Moreover, Sheng et al. (2021) observed that compensation at a whole-brain network

level gradually spreads from the frontal lobe to the rest of the cortex as AD progresses. In
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line with these observations, Behfar et al. (2020) classified both the right and left precentral
gyri, as well as the right middle frontal gyrus as compensatory ROIs as they identified a more
robust nodal connectivity, despite atrophy in these regions, in MCl patients. The authors
proposed that these compensatory ROIs play an essential part in recruiting additional
cognitive resources to achieve a normal level of cognition in MCI patients. As frontal regions
are only affected in later stages of the disease (Braak and Braak, 1991), the increase in nodal
strength and transitivity we observed reflects that frontal regions are working extra hard

and act as compensatory ROIs for the rest of the nodes in the network.

5.3.5 Cortical parietal lobe

Although we did not find DTl alterations, we found the following changes in graph network

measures in the parietal lobe in the AD patients compared to healthy elderly controls:

1) Higher nodal strength in the left inferior parietal cortex (L-inf-P) and the left postcentral

gyrus (L-Postcentral) (Table 5 and Figure 24).

2) Lower transitivity in the left inferior parietal cortex (L-inf-P) as well as higher transitivity

in the left supramarginal gyrus (L-Supramarginal) (Table 5, Figure 25 and 26).

3) Higher local efficiency in the left postcentral gyrus (L-Postcentral) as well as lower local

efficiency in the right precuneus cortex (R-Precuneus) (Table 5, Figure 28 and 29).

The lower transitivity and local efficiency found in the parietal regions may be attributed to
the WM degeneration, indicating disrupted connections between these cortical regions.
These regions, namely the precuneus and inferior parietal cortex, are part of the DMN
(Raichle et al., 2002), which is a network that contains regions implicated in AD in both
structural and functional studies (Baron et al., 2001; Buckner et al., 2005; Karas et al., 2007;
Sorg, Riedl and Muhlau, 2007; Zhao et al., 2012; Wang et al., 2013; Sun et al., 2019).
Previous studies reported abnormal FC of the precuneus in AD (Buckner et al., 2005, 2009),
and this altered connectivity has been associated with worse episodic memory in preclinical

and clinical AD stages (Bai et al., 2012).

Our study found higher nodal strength in some parietal lobe regions, namely the left inferior

parietal cortex and left postcentral gyrus. Similarly, in a PET study, Veronese et al. (2019)
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found that AD patients showed higher nodal strength compared to controls in the inferior
parietal cortex, which showed the greatest group difference in strength. Furthermore,
Behfar et al. (2020) observed that regions that they considered to be compensatory ROls,
e.g., regions in the precentral gyrus and superior parietal lobe, demonstrated an increase in
connectivity with other ROls, such as the postcentral gyrus. This suggests that nodes in the
parietal lobe may work together with frontal lobe nodes to compensate for the loss of

connections elsewhere in the brain.

5.3.6 Cortical insula

Although we did not find DTI alterations in the insula, the AD patients in our sample showed
higher nodal strength in the left insula (L-Insula) compared to healthy elderly controls
(Table 5 and Figure 24). Lin et al. (2017) proposed that in the very early stage of AD, the left
insula and inferior frontal gyrus may be essential for the maintenance of memory
performance with AD-related pathology. Thus, higher nodal strength in the left insula may

be necessary to maintain memory performance in the early stages in our AD patients.

5.3.7 Subcortical basal ganglia

Our findings included lower nodal strength in the right pallidum (R-Pal), lower transitivity in
the putamen bilaterally (R-Pu, L-Pu) and the right caudate nucleus (R-Caudate), as well as
higher nodal efficiency in the left nucleus accumbens area (L-Acc-area) in the AD patients
compared to the controls (Table 5, Figure 23, 25 and 27). We found lower transitivity in
regions of the basal ganglia where previous studies have observed regional atrophy in AD
patients at baseline, namely the bilateral putamen and the right caudate nucleus (Cho et al.,
2014) as well as the left nucleus accumbens area (Nie et al., 2017). These regions have also
been found to have a reduction in local efficiency in aMCl patients (Sun et al., 2019),
however, we found only lower transitivity. Although we did not find any DTI alterations in
the basal ganglia, studies have reported MD increases in the basal forebrain to be
associated with a higher risk for mild cognitive impairment (MCI) to convert to AD

(Brueggen et al., 2015).
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5.4 Relationship between graph theory metrics and 11V
We found a positive relationship between global efficiency and RT IIV on the CRT task in AD
patients. With every unit increase in RT lIV on the CRT task, there is an average expected
2558.10 unit increase in global efficiency in AD. This means that the greater the variability in
RT, the greater the global efficiency in the AD patients (Figure 31F). This suggests that even
with greater global efficiency, connected regions are not connected in the right way to
function properly, i.e., disconnection between brain regions with coordinated activity and
connection between brain regions that are more isolated or do not form part of a network.
In other words, there may be an unsuccessful attempt to compensate or interference from
other networks that contributes to poor performance on these tasks. Conversely, previous
studies found that higher global efficiency correlated with better scores on different
neuropsychological tests in AD patients and aMCl converters (Lo et al., 2010; Sun et al.,

2019).

It was recently postulated that episodic memory impairment in AD is not only affected by
damages in the medial temporal lobe but also impacted by a dysfunctional integrated
network (Nestor, Fryer and Hodges, 2006; Rose, Janke and Chalk, 2008). The implicated
network regions included the thalamus, posterior cingulate and the medial temporal lobe, in
all of which we found significant relationships between graph theory measures and RT IIV in

AD.
5.4.1 Cortical temporal lobe

The temporal pole has been found to be activated during ambiguous decision-making (Guo
et al., 2013) and visual processing (Herlin, Navarro and Dupont, 2021), which are
components needed for the performance of the CRT task. In the controls, this study found
negative relationships between transitivity in the left temporal pole (L-Tpole) and mean RT
on both the SRT and CRT tasks (Figure 32A and 32C). This may indicate that the temporal
pole and its adjacent areas in the temporal lobe may be needed to perform well on the SRT
and CRT tasks. Similarly, previous studies have reported that IIV correlated negatively with
WM volumes in the prefrontal, temporal and parietal fibre tracts in healthy males between

ages 19 and 49 (Ullén et al., 2008).
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In the AD patients, our results included a positive relationship between nodal efficiency in
the left fusiform gyrus (L-Fusiform) and mean RT on the CRT task (Figure 32F), indicating
that increased nodal efficiency leads to decreased performance. In a recent study, Sheng et
al. (2021) reported higher nodal efficiency in the right parahippocampal gyrus and the right
amygdala, with worse neuropsychological performance, including visuospatial tasks, in AD
patients. Visuospatial processing is required for the performance of CRT tasks, so their
results, together with ours, suggest that structural connectome alterations do not
necessarily reflect brain function. Other fMRI studies have shown increased activity in the
fusiform gyrus during both resting-state and cognitive tasks in MCl patients (Bokde et al.,

2006; He et al., 2007).
5.4.2 Cortical cingulate cortex

The positive cingulate cortex is highly connected, both structurally and functionally, and is
extremely metabolically active. It is part of the DMN, a set of brain regions characterised by
increased neural activity during rest and deactivation during goal-orientated tasks in healthy
subjects (Raichle et al., 2002; Buckner, Andrews-Hanna and Schacter, 2008). However, other
evidence suggests that the posterior cingulate cortex plays a pivotal role in regulating the
focus of attention and executive control (Leech and Sharp, 2014) with increased DMN
activity when attention is internally directed, such as episodic memory retrieval (Spreng,
2012) or self-referential processing (Buckner, Andrews-Hanna and Schacter, 2008). The
cingulate cortex is also responsible for psychomotor speed processing (Hwang et al., 2016),

which in addition to attention control, is also needed for the performance on the RT tasks.

Our study found a positive association between transitivity in the left posterior cingulate
cortex (L-pos-Cing) and RT IV on the CRT task in AD patients (Figure 31F). Weissman et al.
(2006) proposed that a failure to suppress DMN activity was associated with attentional
lapses, which have been seen to be associated with an increase in IV and longer response
times during a selective attention task (Kelly et al., 2008). Similarly, other studies have found
that failure to deactivate the posterior cingulate cortex in both healthy and diseased groups
as cognitive load increases is associated with inefficient cognitive function (Sonuga-Barke

and Castellanosa, 2007; Greicius, 2008; Bonnelle et al., 2011).
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A possible explanation for the positive association between transitivity and RT IIV observed
in the posterior cingulate cortex is that denser local connectivity results in AD patients
failing to deactivate this region, with interference from mind-wandering or other task-

unrelated thoughts across the trials leading to an increase in RT IIV.

In healthy adults, a positive relationship between working memory accuracy and the
strength of FC between the anterior medial prefrontal cortex and posterior cingulate cortex
has been shown (Hampson et al., 2006). This connection is considered a longer-range
connection and thus, could explain that in our AD patients, in order for them to maintain
working memory, they needed to increase transitivity, i.e., the number of local connections

between neighbouring nodes.

The anterior cingulate cortex is known to be responsible for error detection and monitoring
of emotional responses (Carter et al., 1998; Bush, Luu and Posner, 2000). In this current
study, we found a positive relationship between transitivity in the left caudal anterior
cingulate cortex (L-caud-ant-Cing) and mean RT on the CRT task in the controls (Figure 32D).
Increased activation of the anterior cingulate cortex is linked to error detection, emotional
distress associated with the error and anticipatory anxiety (Bush, Luu and Posner, 2000;
Botvinick, Cohen and Carter, 2004; Straube et al., 2009). This suggests that higher
transitivity found in this region in controls with longer mean RT could be due to the controls
being conscious of how quickly they should respond, together with the anxiety to react
quickly but because of this, perform worse, i.e., denser anterior cingulate cortex
connectivity leads to heightened performance anxiety and slower response times in the

controls.
5.4.3 Subcortical thalamus

In this study, we found that there was a negative association between transitivity in the left
anterior thalamus (L-ant) and RT /IV on the SRT task, a negative association between nodal
strength in the right mediodorsal thalamus (R-med-dors) and RT /IV on the CRT task, as well
as a positive relationship between the nodal efficiency in the left ventral latero-ventral
thalamus (L-vent-lat-vent) and RT /IV on the CRT task in the controls (Figure 31A, 31C and
31E).
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There is strong evidence that deficits in executive control cause higher IIV on cognitive tasks
(Bellgrove, Hester and Garavan, 2004). Executive control is known to recruit regions of the
prefrontal cortex. Regions within the medial thalamus, such as the mediodorsal nucleus, the
nucleus reuniens, and the anterior thalamic nuclei, have been found to support prefrontal
cortex function (Aggleton et al., 2016). This could be why we see thalamus connectivity
affecting 11V and executive control. Other functions of the thalamus include generating
attention and declarative memory functioning (Werf et al., 2003; Bourbon-Teles et al.,

2014).

In healthy individuals, higher 1IV on an executive control task was associated with increased
functional activation in the bilateral middle frontal areas, as well as the right inferior parietal
and thalamic regions, which form part of a network associated with inhibitory and
attentional control (Bellgrove, Hester and Garavan, 2004). The thalamus is involved in
psychomotor processing speed (Hwang et al., 2016). Decreased volume of the thalamus
with age has been demonstrated between 21 to 82 years, which correlated with worse
performance on cognitive speed tests (Van Der Werf et al., 2001). Since both SRT and CRT
tasks require psychomotor speed, this may explain why we see a negative association

between the left anterior thalamus transitivity and RT IIV on the SRT task.

Schmitt et al. (2017) showed in mice that the mediodorsal thalamus amplifies local cortical
connectivity, i.e., signalling strength, to sustain attentional control, revealing the flexibility
of the mammalian brain to make complex decisions. Thus, it makes sense that we observed
a negative relationship between nodal strength in the right mediodorsal thalamus and RT 11V
on the CRT task in the controls, as the CRT task needs an additional decision-making

component.

Interestingly, we also found lower FA and lower nodal efficiency in the left ventral latero-
ventral thalamus in the controls compared to AD patients. This region of the thalamus is
known to be responsible for motor control. Taken together with the positive relationship of
nodal efficiency with RT IV, these results could suggest that lower nodal efficiency and
lower FA in this region of the thalamus may instead cause problems in executive function in

our sample.

In the AD patients, there were negative relationships between transitivity in the right
ventral latero-dorsal nucleus thalamus (R-vent-lat-dors) and RT /IV and mean RT on the SRT
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task, as well as mean RT on the CRT task (Figure 31B, 32B and 32E). This subsection of the
thalamus has been found to be responsible for spatial learning and memory (Bezdudnaya
and Keller, 2009). Previous studies have explored the pattern of thalamic degeneration in
AD using both DTl and sMRI and identified regional thalamic atrophy, observing that
affected regions were mainly connected to the hippocampus, temporal cortex and
prefrontal cortex (Zarei et al., 2010). Degeneration of middle frontal gyrus connectivity with
the thalamus bilaterally contributes to dysfunction of attention, working memory and
executive function in early MCl patients (Cai et al., 2015). These are functions that play a
role in both SRT and CRT tasks. Thus, the loss of connections between this subregion of the
thalamus and regions such as the temporal cortex and frontal lobe, i.e., decreased

transitivity, may cause worse performance.

Interestingly, we found higher transitivity in AD patients compared to healthy controls, but a
negative relationship between transitivity and RT IV and mean RT in these patients. This
suggests that this is a compensatory adaptation to preserve performance and that
individuals with less well-developed compensatory thalamus connections, i.e., lower

transitivity, show greater RT IIV as well as longer mean RT on the SRT and CRT tasks.
5.4.4 Subcortical basal ganglia

We observed a negative relationship between nodal efficiency in the left nucleus
accumbens area (L-Acc-area) and RT /IV on the CRT task in the controls (Figure 31D). The
primary role of the nucleus accumbens is to receive information from limbic regions and
cortical brain regions, such as the prefrontal cortex, and send the information to motor-
related structures. It is thus responsible for goal-directed behaviours, such as learning and
decision-making (West, Moschak and Carelli, 2018). Therefore, higher nodal efficiency in the
nucleus accumbens appears to facilitate the decision-making component needed for the

CRT task.

6. Limitations and future work

This study had a few limitations. Firstly, our AD patients varied from mild-to-moderate
stages of the disease, making it challenging to elucidate and distinguish the changes we
observed. Secondly, the AD patients in this study were older than the controls; thus, it is

unclear whether our results were completely affected by AD or also by age-related changes.
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Thirdly, graph theory-based approaches are still under development and evolving. Some of
the graph metrics may artificially introduce some extent of uncertainty and arbitrariness as
they involved a dichotomisation step. Therefore, their reliability and informativeness
require further investigation. Lastly, our results are limited by the small sample size
(Number of controls = 20, number of AD = 16), thus more evidence is needed to show that
these findings can be inferred to a population. Due to the small sample size, the study is
underpowered and could possibly be the reason why we also could not detect interaction

effects in the models.

Future work could group the AD patients according to disease severity and investigate
structural connectivity using DTl in conjunction with global and local volume alterations due
to atrophy, or FC using rs-fMRI in our study sample, to see whether the
alterations/disruptions in structural connectivity coincide with changes in FC and volume.
The integration of different modalities (e.g., DTl and rs-fMRI) could allow us to explore how

the alterations of anatomical networks are associated with changes in functional networks.

7. Summary and conclusions

To our knowledge, our study is the only study that has investigated DTI measures and graph
measures using RBA methods in application to Alzheimer’s disease. Our findings showed
mixed results with evidence of compensatory mechanisms in WM tracts and network
metrics in AD patients. Our results demonstrated alterations in both DTI measures and
graph theory measures in both hemispheres, mainly in the bilateral temporal, occipital
lobes, thalamus, cingulate cortex, and brainstem. This may be due to our sample consisting
of mild-to-moderate stage of possible or probable AD patients; our results thus show effects
in the brain during the earlier stages of AD. This is consistent with other studies that suggest
AD pathology spreads from the limbic/paralimbic areas to other brain regions (Mesulam,
2000; Thompson et al., 2003). The current findings present some evidence that the
thalamus and brainstem may be affected early in the disease, however, we will need
histopathology to support this. One of the strengths of this study was the ability to provide
insight into multiple nuclei/subregions of the thalamus, which not many studies have done
before in AD. Therefore, there was a higher likelihood of detecting AD-related alterations
nuclei if they were present in this smaller subset of the thalamic nuclei, as post-mortem

studies have indicated (Braak and Braak, 1991).
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In conclusion, as hypothesised in our first hypothesis, we found structural connectivity
disruptions (lower FA, higher MD) in WM tracts mostly located in the cortical and
subcortical temporal lobes, including the bilateral hippocampus subregions, in AD patients
compared to healthy controls. However, we also observed altered FA within the WM tracts
of the thalamus as well as higher FA between the thalamus and brainstem in AD patients. In
addition, we found either no changes or higher AxD and RD in these WM tracts. Higher MD
in WM tracts between the cingulate cortex and occipital lobe were also observed in AD

patients.

Interestingly, contrary to our second hypothesis, this study detected higher nodal efficiency
across multiple regions as well as higher global efficiency in AD patients. There were some
nodes with lower and some with higher nodal strength, transitivity and local efficiency in
the AD patients compared to healthy elderly controls except for modularity and nodal

degree, where we found no group differences.

Finally, although we hypothesised that lower global efficiency would be associated with
greater RT IV and greater mean RT in AD patients in our third hypothesis, we observed that
higher global efficiency was associated with increased RT IIV on the CRT task. We also
hypothesised that lower transitivity and nodal efficiency in the cingulate cortex and
temporal lobe would be associated with greater RT IV and greater mean RT in AD patients.
However, we found a positive relationship between transitivity in the left cingulate cortex
and RT IIV as well as between nodal efficiency in the left cortical temporal lobe and mean RT
on the CRT task in AD. In the right thalamus, we observed a correlation between lower
transitivity and increased RT IIV as well as lower transitivity and longer mean RT, in both

tasks in AD.

Our results may show evidence of disruptions and compensatory mechanisms in the WM

tracts as well as the structural connectome of AD patients.

Possible reasons for inconsistent findings between previous studies and ours may be due to
the differences in disease stages of the AD patients, different methodological and statistical
approaches, as well as different imaging modalities. Furthermore, node definition by
different parcellation schemes may also produce different brain network properties. For
example, using 78 regions of the automated anatomical labelling (AAL) template (Lo et al.,
2010) versus 126 regions of the Lausanne 2018 scale 1 segmentation used in this study
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(Daducci et al., 2012). Another possible reason for the discrepancies in findings may be due
to the difference in covariates that were included in the models, e.g., linear regression with
sex and age as covariates (Lo et al., 2010) compared to RBA with sex, age, years of education

and monthly household income as confounders used in this study.

This study sheds some light on structural connectivity and connectome alterations in AD and
that these results may be used in combination with 11V to predict cognitive decline or

progression of AD.
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Supplementary material

Section A

RBA script for DTI measures

#1/bin/bash

#adjust the path and file name
input_path=/home/stephanie/rba/RBA_AllCovariates
cd Sinput_path

#MVM file contains columns of data containing subjects, region of interest, response
variable (Y) and explanatory variables. All subjects’ connections in a grid file and connections
are picked if connection is present in all subjects (intersect).

MVM_file = intersect_scalel_cmp_MVM_000_v3_MVMtbl.txt
MVM=Sinput_path/SMVM _file

HEHHHEHE
Var="FA'

#Var stands for variable and is the DTl measure of interest, such as FA, MD, AxD, RD, BL, fNT,
fNV, NT, NV or PV.

grep -n ${Var} SMVM file | awk -F ":" {print $2} >a
sed -e 's/FA//g'a>b

#Edit the above with variable of interest, such as FA, MD, AxD, RD, BL, fNT, fNV, NT, NV or
PV.

sed-i'/s/d'b
awk '{S1=S1}1'b>c
catc | awk -F'[]' {print S1" "$2" "$3" "S4" "S5" "S6" "S7} > S{Var} MVM.txt

echo -e "subject group sex age education household_income region ${Varj\n$(cat
Sinput_path/${Var}_MVM.txt)" > Sinput_path/${Var} MVM.txt

MVM _var=Sinput_path/S${Var} MVM.txt
output=${Var} out
#rm Soutput.*

#-ridgePlot show ridge plots of the posterior distribution among the regions for each effect
of interest specified through -EOI. In this script, the two numbers 8 and 6 specifies the figure
window size with 8 inches wide and 6 inches high.

#-prefix: specify output file names.
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#-Subj: Specifies the column name that is selected as the measuring unit variable.
#-ROI: Specifies the column name that is selected as the region variable.

#-Y: Specifies the column names selected as the response variable.

#-chains: Specifies the number of Markov chains.

#-WCP is a speed up runtime feature that can adopted through within-chain parallelisation
if a computer is equipped with as many CPUs as a factor 4 (e.g., 8, 16, 24, ...). For example,
this script has 8 CPUs per chain.

#-iterations: Number of iterations per Markov chain.

#-model: Specifics the effects associated with explanatory variables.
#-cVars: List of categorical variables

#-qVars: Lists numerical variables.

#-EQI: Effects of interest in the output.

#-MD: Missing data in input.

#-distROI: Distribution of ROls.

#-distSubj: Distribution of subjects.

#-distY: Distribution of response variable. If the data are skewed or have outliers, use
Student’s t-distribution (‘student’).

#-dataTable: List the data structure in a table of long format (cf. wide format) in R with a
header as the first line.

time RBA -ridgePlot 8 6 -prefix Soutput -Subj subject -ROI region -Y S{Var}\

-chains 16 -WCP 8 -iterations 6000 -model
'1+Group+Sex+Age+Education+Household_Income' \

-cVars 'Group,Sex,Household_Income' -gVars 'Age,Education' -EOI
'Intercept,Group,Sex,Age,Education,Household_Income' -MD \

-StanPath /home/jankiemm/.cmdstanr/cmdstan-2.26.1 -distROI 'student' -distSubj
'student' -distY 'student' \

-dataTable SMVM_var

RBA script for graph theory measure
#!/bin/bash

#adjust the path and file name
input_path=/home/stephanie/rba/Graph_Theory
cd Sinput_path
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#MVM file contains columns of data containing subjects, region of interest, response
variable (Y) and explanatory variables. All subjects’ connections in a grid file and connections
are picked if connection is present in all subjects (intersect).

MVM_file=intersect_scalel_cmp_MVM_000_v3_MVMtbl.txt
MVM=Sinput_path/SMVM _file

HHHHH AT
Var='nodal_efficiency"

#Var stands for variable and is the graph measure of interest, such as nodal efficiency, local
efficiency, nodal strength or transitivity.

MVM_var=Sinput_path/RBA_S${Var}_matrix.txt
output=RBA_S{Var} out
#rm Soutput.*

#-ridgePlot show ridge plots of the posterior distribution among the regions for each effect
of interest specified through -EOI. In this script, the two numbers 8 and 6 specifies the figure
window size with 8 inches wide and 6 inches high.

#-prefix: specify output file names.

#-Subj: Specifies the column name that is selected as the measuring unit variable.
#-ROI: Specifies the column name that is selected as the region variable.

#-Y: Specifies the column names selected as the response variable.

#-chains: specifies the number of Markov chains.

#-WCP is a speed up runtime feature that can adopted through within-chain parallelisation
if a computer is equipped with as many CPUs as a factor 4 (e.g., 8, 16, 24, ...). For example,
this script has 8 CPUs per chain.

#-iterations: Number of iterations per Markov chain.

#-model: Specifics the effects associated with explanatory variables.
#-cVars: List of categorical variables

#-qVars: Lists numerical variables.

#-EOI: Effects of interest in the output.

#-MD: Missing data in input.

#-distROI: Distribution of ROIs.

#-distSubj: Distribution of subjects.

#-distY: Distribution of response variable. If the data are skewed or have outliers, use
Student’s t-distribution (‘student’).
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#-dataTable: List the data structure in a table of long format (cf. wide format) in R with a
header as the first line.

time RBA -ridgePlot 8 6 -prefix Soutput -Subj subject -ROI region -Y $S{Var}_matrix_df\

-chains 16 -WCP 8 -iterations 6000 -model
'"1+Group+Sex+Age+Education+Household_Income' \

-qVars ' Age,Education’ -cVars 'Group,Sex,Household_Income' -EOI
'Intercept,Group,Sex,Age,Education,Household_Income' -MD \

-StanPath /home/jankiemm/.cmdstanr/cmdstan-2.26.1 -distROI 'student' -distSubj
'student' -distY 'student' \

-dataTable SMVM_var

Section B

Supplementary Table 1: Chosen interval, corresponding sessions, and test order for each participant.

Participant ID Chosen Sessions Test order
interval
Controls
AS001 T3 7,8,9 2 3 1
AX001 T1 1,2,3 2 3 1
BHOO1 T2 4,5,6 2 3 1
CG001 T2 4,5,6 2 1 3
DEOO1 T1 1,2,3 2 1 3
Dz001 T2 4,5,6 1 2 3
EE002 T3 7,8,9 1 3 2
ELOO1 T2 4,5,6 3 2 1
FS001 T2 4,5,6 3 2 1
HEOO1 T3 7,8,9 2 1 3
JHOO1 T2 4,5,6 1 2 3
JS002 T3 7,8,9 2 3 1
JS003 T3 7,8,9 1 2 3
NS001 T3 7,8,9 1 2 3
PDO0O1 T3 7,8,9 3 2 1
PLOO1 T3 7,8,9 2 1 3
RFO01 T1 1,2,3 1 2 3
SS001 T2 4,5,6 1 2 3
TY0O1 T3 7,8,9 2 1 3
YMO001 T2 4,5,6 2 3 1
AD
AS002 T2 4,5,6 1 2 3
AY001 T3 7,8,9 1 2 3
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CA001 T2 4,5,6 3 2 1
CNOO3 T2 4,5,6 2 3 1
CT001 T2 4,5,6 3 1 2
EEOO3 T1 1,2,3 1 3 2
ESO01 T3 7,8,9 3 1 2
FYO01 T3 7,8,9 2 1 3
GB001 T3 7,8,9 2 3 1
HZ001 T1 1,2,3 1 2 3
JAOO1 T2 4,5,6 3 2 1
JYO01 T3 7,8,9 1 2 3
MAO001 T3 7,8,9 3 1 2
MKO002 T1 1,2,3 1 2 3
MRO01 T3 7,8,9 1 3 2
RA001 T3 7,8,9 3 1 2
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301 connections

LH — Cortical

Regions @
@

®
&

LH — Subcortical LH-
(Thalamic Nuclei) ~ Subcortical

Left Insula
Left Temporal Lobe
Left Occipital Lobe
Left Parietal Lobe
Left Cingulate Cortex

®
o]
<

RH -
LH e Subcortical
Subcortical isuin (Hippocamal
Stem | Subfields)
(Hippocamal FfH —Ventral
Subfields) J Diencephalon,  sybcortical
4 Hypothalamus
LH — Ventral
Diencephalon,
Hvpothalamus
Left Frontal Lobe Left Diencephalon
Left Thalamus 18] Left Diencephalon
Left Temporal Lobe Brain Stem
Left Basal Ganglia Nuclei . Right Diencephalon
Left Hippocampus O Right Diencephalon

RH -

&
®
Q@
©

f‘

3

~

RH — Subcortical

(Thalamic
Nuclei)

Right Hippocampus
Right Basal Ganglia Nuclei

Right Temporal Lobe
Right Thalamus
Right Frontal Lobe

RH — Cortical

Right Cingulate Cortex

Right Parietal Lobe

Right Occipital Lobe

Right Temporal Lobe
Right Insula

Supplementary Figure 1: Common connections (301) across all participants in the sample after tractography. RH,

Right Hemisphere; LH, Left Hemisphere
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Supplementary Table 2: 126 grey matter regions from the Connectome Mapper (scale 1).

Right Hemisphere — Subcortical Structures Left Hemisphere — Subcortical Structures

Right Hemisphere — Cortical Structures Left Hemisphere — Cortical Structures

(Thalamic Nuclei) (Thalamic Nuclei)
1. Right Lateral Orbitofrontal Cortex 35. Right Pulvinar 62. Left Lateral Orbitofrontal Cortex 96. Left Pulvinar
2. Right Pars Orbitalis 36. Right Anterior Thalamus 63. Left Pars Orbitalis 97. Left Anterior Thalamus
3. Right Frontal Pole 37. Right Mediodorsal Thalamus 64. Left Frontal Pole 98. Left Mediodorsal Thalamus
4. Right Medial Orbitofrontal Cortex 38. Right Ventral Latero-Dorsal Nucleus Thalamus | 65. Left Medial Orbitofrontal Cortex 99. Left Ventral Latero-Dorsal Thalamus

39. Right Central Lateral-Lateral Posterior-Medial | g¢ 100. Left Central Lateral-Lateral Posterior-Medial

5. Right Pars Triangularis . Left Pars Triangularis

Pulvinar Pulvinar

6. Right Pars Opercularis 40. Right Ventral Anterior Thalamus 67. Left Pars Opercularis 101. Left Ventral Anterior Thalamus

7. Right Rostral Middle Frontal Gyrus 41. Right Ventral Latero-Ventral Thalamus 68. Left Rostral Middle Frontal Gyrus 102. Left Ventral Latero-Ventral Thalamus

8. Right Superior Frontal Gyrus Right Hemisphere — Subcortical Structures 69. Left Superior Frontal Gyrus Left Hemisphere — Subcortical Structures

9. Right Caudal Middle Frontal Gyrus 42. Right Caudate Nucleus 70. Left Caudal Middle Frontal Gyrus 103. Left Caudate Nucleus

10. Right Precentral Gyrus 43. Right Putamen 71. Left Precentral Gyrus 104. Left Putamen

11. Right Paracentral Lobule 44. Right Pallidum 72. Left Paracentral Lobule 105. Left Pallidum

12. Right Rostral Anterior Cingulate Cortex | 45. Right Nucleus Accumbens area 73. Left Rostral Anterior Cingulate Cortex 106. Left Nucleus Accumbens area

13. Right Caudal Anterior Cingulate Cortex | 46. Right Amygdala 74. Left Caudal Anterior Cingulate Cortex 107. Left Amygdala

14. Right Posterior Cingulate Cortex 47. Right Hippocampus 75. Left Posterior Cingulate Cortex 108. Left Hippocampus

15. Right Isthmus Cingulate Cortex Right Hemisphere — Subcortical Structures 76. Left Isthmus Cingulate Cortex Left Hemisphere — Subcortical Structures
(Hippocampal Subfields) (Hippocampal Subfields)

16. Right Postcentral Gyrus 48. Right Hippocampus: Parasubiculum 77. Left Postcentral Gyrus 109. Left Hippocampus: Parasubiculum

17. Right Supramarginal Gyrus 49. Right Hippocampus: Presubiculum 78. Left Supramarginal Gyrus 110. Left Hippocampus: Presubiculum

18. Right Superior Parietal Lobule 50. Right Hippocampus: Subiculum 79. Left Superior Parietal Lobule 111. Left Hippocampus: Subiculum

19. Right Inferior Parietal Lobule 51. Right Hippocampus: CAl 80. Left Inferior Parietal Lobule 112. Left Hippocampus: CA1

20. Right Precuneus Cortex 52. Right Hippocampus: CA3 81. Left Precuneus Cortex 113. Left Hippocampus: CA3

21. Right Cuneus Cortex 53. Right Hippocampus: CA4 82. Left Cuneus Cortex 114. Left Hippocampus: CA4

22. Right Pericalcarine Cortex 54. Right Hippocampus: GCDG 83. Left Pericalcarine Cortex 115. Left Hippocampus: GCDG
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23.
24.

25.

26.
27.

28.
29.
30.
31.

Right Lateral Occipital Gyrus
Right Lingual Gyrus

Right Fusiform Gyrus

Right Parahippocampal Gyrus
Right Entorhinal Cortex

Right Temporal Pole
Right Inferior Temporal Gyrus
Right Middle Temporal Gyrus

Right Banks of the Superior Temporal

Sulcus (Bankssts)

32.

33.
34.

Right Superior Temporal Gyrus

Right Transverse Temporal Gyrus

Right Insula

55. Right Hippocampus
56. Right Hippocampus

57. Right Hippocampus
Dentate Gyrus

58. Right Hippocampus
59. Right Hippocampus

: HATA
: Fimbria

: Molecular-Layer HP

: Hippocampal Fissure
: Tail

Right Hemisphere — Ventral Diencephalon

60. Right Ventral Diencephalon

Right Hemisphere - Hypothalamus

61. Right Hypothalamus

84.
85.

86.

87.
88.

89.
90.
91.
92.

Left Lateral Occipital Gyrus
Left Lingual Gyrus

Left Fusiform Gyrus

Left Parahippocampal Gyrus

Left Entorhinal Cortex

Left Temporal Pole

Left Inferior Temporal Gyrus
Left Middle Temporal Gyrus

Left Banks of the Superior Temporal

Sulcus (Bankssts)

93.

94.
95.

Left Superior Temporal Gyrus

Left Transverse Temporal Gyrus

Left Insula

116. Left Hippocampus
117. Left Hippocampus

118. Left Hippocampus
Dentate Gyrus

119. Left Hippocampus
120. Left Hippocampus

: HATA
: Fimbria

: Molecular-Layer HP

: Hippocampal Fissure
: Tail

Left Hemisphere — Ventral Diencephalon

121. Left Ventral Diencephalon

Left Hemisphere - Hypothalamus

122. Left Hypothalamus

Brainstem Structures

123. Brainstem Midbra

124. Brainstem Pons

in

125. Brainstem Medulla

126. Brainstem SCP
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Supplementary Table 3: Connections with either very low or very high P+ values, where low P+ means Controls > AD and high P+ means Controls < AD, of FA with their

corresponding values of AxD and RD for that connection.

Region1l Region2 FA AxD RD
Mean P+ Quantile Intervals Mean P+ Quantile Intervals Mean P+ Quantile Intervals
(SD) (SD) (SD)
25 5y 50% 95% 97 25 5y 50% 95% 97 25 5y  50% 95% 975
% 3 % % % %
Cortical Temporal Lobe to Cortical Temporal Lobe
-1.46 x 1072 302 276 146 -182 670 164x107 -1.16 6.88 166 3.96 438 1.87x107 462 505 186 3.86 4.29
- H - i *
L-Parahippo  L-Entorhinal (5 4y, 193) 0.03 x x x x x  (1.40x10?) 0.88 x x x x x  (1.20x10?) 0.35 x x x x x
10 102 10 10%® 10" 102 10® 102 10?107 10° 10* 10?2 102 107
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Parahi R-Hippo- -1.35 x 107 0.05 300 272 135 283 212 157x107 0.88 1.09 627 158 372 414 1.64x10? 0.92 668 270 161 362 4.01
-rarahippo Subiculum (8.14x107%) ' x x X x x (1.33x107?) : X x X X x (1.18 x 107?) ’ x x x x x
10 102 102 10*  10° 102 10°% 102 102 102 103 103 102 10%  10%
Subcortical Thalamus to Subcortical Thalamus
R-cent-lat- R-vent-lat- -1.41x 107 0.05 312 2.8 140 442 287 149x107 0gg 128 815 148 379 432 1.20 x 107 0.86 9.99 634 119 3.06 3.45
lat-pos-med- vent (8.68 x 1073) ' x x x x x (1.41x107?) ' x x x x x (1.13 x107?) ’ x x X X X
Pulvinar 1072 102 107 10° 103 102 10°® 107 107 107 103 103 102 107 107
L-vent-lat- 3.27 x 102 701 116 327 539 577 206x107 143 908 195 535 609 6.68x10° 154 115 654 252 291
- i * %
L-Pulvinar vent (1.28 x 10?) 0.99 x X x x X (1.91x10?) 0.87 x x x x x (1.12x107?) 0.73 x x x x x
107 1072 10 10 10 102 10°® 10 10 10 10 10 10® 107 107
. L-cent-lat-lat-  -1.27 x 102 0.05 2.83 257 127 309 267 133x107 0gs 121 797 132 349 394 1.61x 107 0.92 589 235 160 352 3.88
-ant pos-med- (7.94x 10%) ' x x x x x (1.31x 102) : x x x x x (1.14 x 10?) ’ x x x x x
Pulvinar 1072 1072 10 10* 10° 102 10°® 10 10 10 107 107 102 10 107
Subcortical Thalamus to Brainstem
RPuli Brain-Stem- 1.41 x 107 o5+ 312 289 138 293 324 1.77 x 107 0go %06 438 177 407 456 4.00x 103 0.6 1.81 145 381 231 269
-rulvinar Midbrain (8.99 x 10%) : x x x x x (1.39x 10?) : x x x x x (1.15x 10?) : x x x x x
1073 10* 10 10 10 10®  10® 10 10 10 10 10 10® 107 107
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) Brain-Stem- 1.59 x 107 146 125 156 3.19 3.53 3.44x107 298 750 332 652 7.4 592x10° 161 127 591 245 284
L-Pulvinar o 3 0.96 2 0.99 2 0.70
Midbrain (9.28 x 10) x x x x x (1.75x 10™) ok x x x x x (1.13x107) x x x x x
1073 1073 10 10 10 10®  10® 10 10 10 10 10 10® 107 107
L-cent-lat-lat-  Brain-Stem- 1.50 x 107 0.96 228 575 147 310 346 3.37x107 099 369 805 329 622 693 6.14x 10° 071 161 123 601 250 2.88
pos-med- Midbrain (9.28 x 10%) : x x x x x (1.67x 102) s x x x x x (1.14x 10?) : x x x x x
Pulvinar 1073 10* 10 10 10 10®  10® 10 10 10 10 10 10® 107 107
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
) ) -1.41 x 107 307 279 140 71 191 3.74x10° 389 297 540 315 365 9.80x10° 159 114 9.84 307 3.45
L-Hippo L-Hippo-CAL (g 55x103)  0.04 x x x x x  (1.90x 10?) 062 x x x x  (127x10?) 0.79 x x x x x
102 102 102 10* 10° 102 102  10® 10?107 102 102 10® 10?2 107
Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- ) -1.43 x 1072 301 272 143 109 152 1.82x107 871 437 180 415 468 150x107 791 3.8 150 338 3581
Subiculum R-Hippo-CA1 (7.95 x 107%) 0.04 x x x x x (1.40 x 102) 091 X x x x x (1.16 x 102 0.90 x x x x x
102 102 102 10° 10° 10°  10® 102 10?107 10°  10® 10?2 102 107

Key: SD, Standard Deviation; FA, Fractional Anisotropy; AxD, Axial Diffusivity; RD, Radial Diffusivity; R, Right; L, Left
Note: Data presented are group difference means with standard deviations in parentheses.

*Strong evidence, **Very strong evidence

P+ <0.05: Controls > AD, P+ > 0.95: Controls < AD
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Supplementary Table 4: Connections with either very low or very high P+ values of MD, where low P+ means Controls > AD and high P+ means Controls < AD, with their

corresponding P+ values of AxD and RD for that connection.

Region1l Region2 MD AxD RD
Mean P+ Quantile Intervals Mean P+ Quantile Intervals Mean P+ Quantile Intervals
(SD) (SD) (SD)
25 5% 50% 95% 97.5 25 5% 50% 95% 97.5 25 5% 50% 95% 97.5
% % % % % %
Cortical Cingulate Cortex to Cortical Occipital Lobe
Liisthmus- . 1.88 % 102 - 296 679 186 380 418 575,102 o6 320 144 263 584 663 1.28 x 102 . 9.07 -542 126 313 354
. -Lingua 2 . X X X X X 22 . X X X X X -2 . X X X X X
Cin 1.14x 10 1.75 x 10 1.13x 10
¢ ( ) 10°  10* 102 107 10° ( ) 10®  10® 102 107 102 ( ) 10° 10® 102 107 10°
Cortical Cingulate Cortex to Cortical Temporal Lobe
R-isthmus- 1.75 x 10-2 3.00 3.12 1.74 3.52 3.86 1.65 x 10’2 -9.53 -5.29 1.65 3.80 4.24 1.73 x 10'2 5.33 -1.68 1.71 3.70 4.10
Cing R-Parahippo (1.06 x 107?) 0.95* X x X X x (1.32 x 107?) 0.90 X X x x x (1.18 x 107?) 0.93 x x x x x
10®  10* 102 10 107 10°  10® 10?2 102 10° 10* 10® 102 10° 107
Cortical Temporal Lobe to Subcortical Temporal Lobe
oo 1.75 x 102 - 3.00 312 174 352 386 1.65 x 102 ogo 953 529 165 380 424 73,107 0oz 533 Le8 171 370 490
-Entorhina -AIppo 1.06 x 1072 B X X X X X (1.32 x 10_2) . X X X X X (1.18 10.2) : X X X X X
( ) 10®  10* 102 10 107 10°  10® 10?2 102 10° 10* 10® 102 10° 107
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
_ R-Hippo- 227 % 10 . -7.59 343 218 421 464 4714102 -1.02 588 172 401 445 377,102 381 7% 313 565 g5
R-Parahippo Presubiculum  (1.18 x 10?) 0.97 x : x»3 x»2 x»2 ><_2 (1.40 x 107?) 0.89 ><_2 ><_3 x-z x-z x-z (1.48 x 107?) 0.99 ><-3 )<_3 x_z x_z x
10° 10 10 10 10 10 10 10 10 10 10 10 10 10 102
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- 1.72 % 102 362 2.8 171 350 385 1.49 x 102 115 724 148 374 417 515x102 224 134 214 427 470
. ) g g 0.87 g 0.96*
R-Hippo Presubiculum  (1.07 x 10 2) 0.95* 1’5_3 134 1’8_2 1’8_2 13_2 (1.37 x 10 2) 1’(‘)_2 1’(‘)_3 1’5_2 1’5_2 1;_2 (1.26 x 10 2) 1;_3 1;_3 1;_2 1;_2 1;_2
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L-Hippo- 2.14 x 102 -1.16 231 2.08 4.25 4.69 1.90 x 1072 -1.17  -6.52 1.88 4.46 4.94 2.73 x 1072 4.45 4.13 2.68 5.21

5.72

L-Hippo . 2 0.97* X X X X X 2 0.89 X X X X X 2 0.97* X X X X X
Presubiculum 1.23x 10 1.55x 10 1.47 x 10
( ) 10 10® 10?2 10?107 ( ) 102 10® 10?2 102 107 ( ) 10*  10® 102 10?2 107
Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- R-Hippo- 1.91x 102 230 137 188 372 413 1.91x 102 815 -4.08 189 428 4.82 110 x 102 120 797 109 3.05 3.40
Presubiculum  Subiculum (1.10x 10?) 0.96* x x x x x (1.43 x 10?) 091 x x x x x (1.17 x 10?) 0.97* x x % % %
10°  10® 102 107 107 10 10®° 102 107 102 102 10® 102 107 102

Key: SD, Standard Deviation; MD, Mean Diffusivity; AxD, Axial Diffusivity; RD, Radial Diffusivity; R, Right; L, Left
Note: Data presented are group difference means with standard deviations in parentheses.

*Strong evidence, **Very strong evidence

P+ < 0.05: Controls > AD, P+ > 0.95: Controls < AD

Other DTl measures

In the current analyses, we also looked at other measures listed below with a description of each:

(1) Number of tracks in that white matter region-of-interest (WM-ROI) (NT) — The number of fibres/tracks/streamlines extracted within a
particular bundle. Gao et al. (2011) reported less NT from the genu of the corpus callosum in the healthy controls group compared to
the AD group.

(2) Fractional number of tracks in that WM-ROI (fNT) — Fractional number of tracks in a particular WM-ROI, defined as NT divided by the
total number of tracts found.

(3) BL— Average length, in mm, of the fibre tracts in each bundle and calculated as

1
BL= ZBL,
i

Where N is the number of fibre tracts in each bundle and BL, is the length of the i-th track (Barrio-Arranz et al., 2015).
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Significant changes in BL have been discovered in older adults (Baker et al., 2014; Behrman-Lay et al., 2015). Behram-Lay et al. (2015)
reported that a decrease in BL across numerous lobes in healthy older individuals was associated with lower cognitive performance in both

executive and cognitive processing speed tests.
(4) Physical volume of tracts (PV) — The total volume, in mm3, of each bundle is measured as:
PV =N x V/
Where |V/| is volume’s voxel size and N is the number of voxels occupied by the fibres in the bundle (Barrio-Arranz et al., 2015).

(5) Number of voxels in that WM-ROI (NV)

(6) Fractional volume of tracks compared to masked total volume (fNV)

Woo et al. (2020) characterised diffusion measures, e.g., volume, average length, FA, MD, AxD and RD, of 18 tracts. They reported that
volumes had a positive relationship with MD and RD in all tracts, while the average length of tracts had a negative relationship with MD and

RD.

Supplementary Table 5 and Supplementary Table 6 below shows group difference means with standard deviations, P+ values as well as
guantile intervals of BL, fNT, fNV, NT, NV and PV corresponding to the FA connections identified in Figure 14 and Supplementary Table 3 (FA
connections with either very low or very high P+ values, where low P+ means Controls > AD and high P+ means Controls < AD). Supplementary
Table 7 and Supplementary Table 8 below shows group difference means with standard deviations, P+ values as well as quantile intervals of BL,
fNT, fNV, NT, NV and PV corresponding to the MD connections identified in Figure 19 and Supplementary Table 4 (MD connections with either

very low or very high P+ values, where low P+ means Controls > AD and high P+ means Controls < AD).
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Supplementary Table 5: FA connections identified with either very low or high P+ values with their corresponding values of BL, fNT and fNV for each connection.

Region 1 Region 2 BL fNT fNV
Mean P+ Quantile Intervals Mean (SD) P+ Quantile Intervals Mean P+ Quantile Intervals
(SD) (SD)
2.5 5% 50% 95% 97.5 25 5% 50% 95% 97.5 2.5 5% 50% 95% 97.5
% % % % % %
Cortical Temporal Lobe to Cortical Temporal Lobe
1.15x10° 133 104 656 144 181 4 470 409 140 116 163
L-Parahippo L-Entorhinal -0.31(0.63) 029 -1.55 -132 -032 0.77 1.02 (7.62x 10°%) 0.54 X % < < N -11:13 X11§4 0.18 x x x x x
X
10* 10* 10® 10* 10* (L. ) 10* 10* 10* 10* 10"
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
) i’ 523 432 361 536 637 5 416 357 842 190 248
R-Parahippo R-Hippo- -0.50(0.69) 022 -191 -161 -048 058 0.83 4.08x10 0.55 y 8.40x10° 39
Subicul (2.94 x 10°) x x X X (1.68x 10 X x x x x
ubiculum : -5 -5 -6 -5 -5 : -4 -4 -5 -4 -4
10 10 10 10 10 10 10 10 10 10
Subcortical Thalamus to Subcortical Thalamus
5 263 224 752 311 538 4 457 397 119 151 214
Rcent-lat-lat- g yentlatvent  -0.28(0.65) 033 -160 -136 -026 075 095  o32x10 0.13 1.20x10° o3
pos-med- (8.09 x 10°) x x . . X, (1.67x10%) x x x x x
Pulvinar 10* 10 10 10 10° 10* 10* 10* 10* 10"
i 5 376 326 463 307 378  _ 5 405 348 528 293 374
L-Pulvinar Lventlatvent  -0.41(0.60) 024 -166 -1.42 -040 054 074 2.99x10 0.42 419x10° o9
1.97 x 10" x x x x X 1.97 x 10" x x x x X
(1. ) -4 -4 -5 -4 -4 (1. ) -4 -4 -5 -4 -4
10 10 10 10 10 10 10 10 10 10
i s 6.81 555 545 463 581  _ 4 480 422 140 114 162
L-ant L-cent-lat-lat- .0.61(0.78) 020 210 -1.84 -0.64 073 1.04 522> 10 0.43 146x10° g
pos-med- (3.15x10°%) " " * * “s  (164x107) . " " e e
Pulvinar 10° 10° 10° 10° 10 10° 10° 10° 10° 10
Subcortical Thalamus to Brainstem
) i 5 114 936 209 349 470 3 882 476 180 371 4.05
R-Pulvinar Brain-Stem- 038(097) 027 -193 -167 -051 136 213 240> 10 0.27 1733107 (99 ) y y
Midb (4.01x 10%) % % % % X (1.24x 10%) % x
ldbrain . -4 -5 -5 -5 5 : -4 -4 -3 -3 -3
10 10 10 10 10 10 10 10 10 10
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) 4 490 447 260 845 522 3 159 140 167 278 297
L-Pulvinar Brain-Stem- -1.01(0.95) 012 -295 -253 -1.00 049 o0gg  >53x10 0.01%% ) y ) y 160x10° 096 % N ) y N
Midbrain (1.11x 10™) 4 4 4 s s (7.85x10™) 4 . 3 3 3
10*  10* 10 10°  10° 10*  10* 10° 10%® 10°
' i 5 105 873 1.8 349 461 4 278 116 946 215 236
L-cent-lat-lat-  Brain-Stem- 1.04(099) 011 -326 -2.82 093 036 0.6 2.09x 10 0.29 y y y ) y 966 x10 g9 7 N N 5 N
pos-med- Midbrain (3.73x107) 4 5 5 = < (6.87 x10™) 4 . . 3 3
Pulvinar 10* 10 10 10 10 10*  10* 10 10%® 10°
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
9.63x10° 729 608 929 401 512  -1.56 x10% 509 446 153 123 174
L-Hippo L-Hippo-CA1 0.05(0.66) 053 -126 -1.03 005 112 135 (3.10%10%) 0.38 N N N N « 175x10%) 018 y N N N y
. X .
10°® 10° 10° 10°  10° 10* 10* 10* 10" 10"

Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)

RHiboo.- 107x10° 598 495 101 477 587  -905x10° 429 375 892 196 256
op R-Hippo-CA1 001(0.68) 050 -129 -1.08 000 114 1.0 : a 0.49 y y y y y 4 029 y y Ny y

Subiculum (3.01x107) 5 5 6 5 5 (1.74%107) 4 4 5 4 4
10 10 10 10 10 10° 10° 10 10° 10°

Key: SD, Standard Deviation; BL, average length in mm; fNT, Fractional number of tracks in that white matter region-of-interest (WM-ROI); fNV, Fractional volume of tracks compared to masked total
volume; R, Right; L, Left

Note: Data presented are group difference means with standard deviations in parentheses.

*Strong evidence, **Very strong evidence

P+ <0.05: Controls > AD, P+ > 0.95: Controls < AD
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Supplementary Table 6: FA connections identified with either very low or high P+ values with their corresponding values of NT, NV and PV for each connection.

Region Region
g g NT NV PV
1 2
Mean . Mean . .
P+ Quantile Intervals P+ Quantile Intervals Mean (SD) P+ Quantile Intervals
(SD) (SD)
2.5 5% 50% 95% 97.5 2.5% 5% 50% 95% 97.5% 25 5% 50% 95% 97.5
% % % %
Cortical Temporal Lobe to Cortical Temporal Lobe
L- L- -3.33x10° -1.0 -88 340 250 422  -99.62 - - i} . Ny
: : : . - 823. 742, 333, 448 123
Parahippo Entorhinal (3.49 x 10*%) 0.15 x10° x10° x x x (70.21) 0.07 24096 21745 98.24 12.86 3680 (;:fjg) 007 11 00 93 3 07
10* 10* 10* '
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R- R-Hippo- 1.49x 10 315 262 205 272 3.26 -50.24 A ) -167.10 644. 572. 168.  240.  323.
Parahippo  Subiculum  (162x10%) %0 x x  x10'  x x (71.49) 024 18996 167.58  -50.87 6760  93.47 (247.30) 025 & 42 90 8 95
10* 10* 10* 10*
Subcortical Thalamus to Subcortical Thalamus
R-cent-lat- 3 } 3 i R R - - -
lat-pos- Ruentlat:  L06X100 oy, 200 187 101 386 273 T340 000 19151 a3 ages 7163 21807 0as  740. 655 243 151 239,
med- vent (4.67 x 10%) . x x x x x (72.62) : ) ) o : ’ (248.03) ’ 04 94 57 27 06
5 5 5 4 4
Pulvinar 10 10 10 10 10
) L-vent-lat- -1.06 x 10° 241 218 107 130 3.63 -39.89 ) ) -134.60 - - -
L-Pulvinar vent (7.05 x 104) 0.07 x < < N « (85.25) 0.30 195.31 168.93 -44.14 106.16 143.63 (292.51) 0.30 666. 590. 147. 365. 491.
10° 10° 10° 10* 10* 38 77 33 81 07
L-cent-lat- " ) ) ) - - -
-1.15x 10 4.61 3.96 1.15 1.64 2.19 -105.62 -356.32 - - -
. lat-pos-
L-ant ;egf’s (1.72 x 10%) 0.24 x x x x x (71.93) 007 25111 22430 10494  9.80 31.84 (247.80) 0.07  g8e1. 772 348. 425 112
4 4 4 4 4 63 15 43 6 82
Pulvinar 10 10 10 10 10

Subcortical Thalamus to Brainstem
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Brain-Stem-  -2.51x 10* 6.64 5.74 2.40 4.24 9.95 714.03 1277.1 1375.7 2433.89

_Pulvi . 288. 243. 2500 4405 4774
R-Pulvinar oo (1.93 x 10%) 0.08 y . ) . y (357.41) 097 5637  92.66  728.66 Z A (1248.64) 0.96 o o 0 - A
4 4 4 3 3 : : .
10 10 10 10 10
Brain-Stem-  -1.55x 10° , . . . . 455.08 . 1563.55 § -
L-Pulvinar o 4 0.02** 325 294 149 337 127 0.95 109.69  -12.10 463.54 891.11 967.68 0.95 337. 364 1596 3055 3322
Midbrain (7.89 x 10%) x x x x x (274.40) (932.79) 4 9 07 - 11
5 5 5 4 4 . . .
10 10 10 10 10
L-cent-lat- . - - - B B R -
oS- Brain-Stem-  -1.53x 10 _ 477 14 1.4 2. 238.28
lat-pos ST f 0.20 >-56 6 9 06 0.79 23862 182.81 23850 677.54 768.94  810.02(920.10)  0.78 815.  632. 821. 2318 2612
med- Midbrain (1.94 x 10%) x x x x x (268.89) 27 24 49 03 02
4 4 4 4 4 : :
pulvinar 10 10 10 10 10
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
L-Hippo- -8.42x 103 4.1 ) 4 1. 2.4 -79.76 X . -270.11 i} N .
L-Hippo PP 4 0.29 8 3% 84 8 > 0.14 229.31 20332 -79.56  40.87 66.09 0.14 776.  692.  266.  140.  226.
CAl (1.65x 10 x x x x x (74.54) (254.32) 75 12 67 96 60
4 4 3 4 4
10 10 10 10 10
Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- R-Hippo- -3.85 x 102 320 267 555 259 3.15 -42.87 3 - -145.29 6 § iy N
B 55. 567. 149. 278.  357.
Subiculum CA1 (1.61 x 10%) 0.49 x x x 10? x x (74.65) 028 188.09  165.49 43.54 80.85 105.90 (255.07) 028
20 36 83 74 30
10* 10* 10* 10*

Key: SD, Standard Deviation; NT, Number of tracks in that WM-ROI; NV, Number of voxels in that WM-ROI; PV, Physical volume of tracts; R, Right; L, Left

Note: Data presented are group difference means with standard deviations in parentheses.
*Strong evidence, **Very strong evidence
P+ < 0.05: Controls > AD, P+ > 0.95: Controls < AD
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Supplementary Table 7: MD connections identified with either very low or high P+ values with their corresponding values of BL, fNT and fNV for each connection.

Region1l Region2 BL fNT fNV
Mean P+ Quantile Intervals Mean P+ Quantile Intervals Mean P+ Quantile Intervals
(SD) (SD) (SD)
2.5 5% 50% 95% 97.5 2.5 5% 50% 95% 97.5 25 5% 50% 95% 97.5
% % % % % %
Cortical Cingulate Cortex to Cortical Occipital Lobe
L-isthmus- ‘ 0.19 6.12x 10° 494 406 527 563 680  -3.50x107 339 -289 738 311 383
Cing L-Lingual (0.69) 060 109 088 015 138 166 ;5,0 0.58 y y . y y (183 x 10) 0.48 y y y y 5
10° 10° 10° 10° 10° 10* 10* 10°* 10 10
Cortical Cingulate Cortex to Cortical Temporal Lobe
R-isthmus- _ s 885 729 150 338 438 4 461 -394 -124 141 197
Cing R-Parahippo -1.99 003+ 464 -410 -188 -028 004 -1.68x10 0.31 N : y : . -1.27 x 10 021 y y N ) y
(1.18) (3.31x107) 5 5 5 5 s (166x107) 4 4 4 " 4
10 10 10 10 10 10 10 10 10 10
Cortical Temporal Lobe to Subcortical Temporal Lobe
_ , -1.42 -4.63x10° 155 133 405 196 3.04  -162x10" 513 -452 -1.60 107 1.60
R-Entorhinal R-Hippo (0.93) 0.05 -3.46 -3.05 -1.36  0.01 0.30 (4.67 x 10%) 0.15 < N N N N (1.70 x 10°%) 0.17 N x M x N
10* 10* 10° 10° 10° 10* 10* 10* 10* 10"
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
_ R-Hippo- -1.06 -3.46x10° 615 521 344 458 551  -8.68x10° 420 -368 873 1.98 2.9
R-Parahippo  pregupicuum ~ (0.93) 008 345 284 091 015 038 595,409 045 x x x x x  (73x10) 030 x x x ox x
10° 10° 10® 10°  10° 10* 10* 10° 10* 10"
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
. R-Hippo- 0.22 -5.22x10° 626 520 492 413 514  -9.19x10° 420 -361 932 182 241
R-Hippo Presubiculum  (0.68) 063  -108 -08 020 135 159 ;g5410%) 043 x x x x x  (1.66x10%) 0.23 x x X x x
10° 10° 10® 10° 10° 10* 10* 10° 10* 10"
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_ L-Hippo- 0.26 -7.46x 10° 6.68 560 747 404 507  -9.89x10° -423 371 990 178 230
L-Hippo Presubiculum (0.66) 065 096 -0.76 024 139 167 (2.98 x 107) 040 x x x x X (1.66 x 10%) 027 x x x x x
10° 10° 10% 10° 10° 10* 10* 10° 10* 10"
Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- R-Hippo- 0.44 -1.66 x 10° 5.8 482 183 459 564 -7.00x 10°® 409 -351 719 216 278
Presubiculum  Subiculum (0.72) 073 -0.85 -0.66 040 168 1.9 (2.86x107°) 048 x x x x x (1.74 x 10%) 034 x x x x x
10° 10° 10® 10° 10° 10* 10* 10° 10* 10*

Key: SD, Standard Deviation; BL, average length in mm; fNT, Fractional number of tracks in that white matter region-of-interest (WM-ROI); fNV, Fractional volume of tracks compared to masked total

volume; R, Right; L, Left

Note: Data presented are group difference means with standard deviations in parentheses.

*Strong evidence, **Very strong evidence
P+ < 0.05: Controls > AD, P+ > 0.95: Controls < AD

Supplementary Table 8: MD connections identified with either very low or high P+ values with their corresponding values of NT, NV and PV for each connection.

Region 1 Region 2 NT NV PV
Mean . Mean . Mean .
P+ Quantile Intervals P+ Quantile Intervals P+ Quantile Intervals
(SD) (SD) (SD)
25 5% 50% 95% 97.5 2.5% 5% 50% 95%  97.5% 25 5% 50% 95% 97.5
% % % %
Cortical Cingulate Cortex to Cortical Occipital Lobe
-3.89x 10° ) } ) ) . -26.64 . - -91.43 § ; X
L-isthmus-Cing L-Lingual 4 0.39 33 288 412 224 28 034 169.03 144.82 -29.32  102.44 134,59 035 592. 512, 998 357. 457
(1.57 x 10%) x x x x x (76.23) (265.72) 97 64 3 47 52
10* 10* 10 10* 10*
Cortical Cingulate Cortex to Cortical Temporal Lobe
R-isthmus-Cing R-Parahippo -1.77 x 10* 015 563 485 167 993 155 -80.12 012 22251 197.26 -8031 3504 5931 -27099 43 7[;8 67'0 2(;8 123, 201
(180 10) * * * x - (70.65) (242.18) 70 s8 45 20 51
10* 10* 10* 10° 10*
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Cortical Temporal Lobe to Subcortical Temporal Lobe

) ) -3.89x 10" 9.71 852 355 3.77 144 -100.87 - - - -343.22 851. 763. 338. 540  119.
R-Entorhinal R-Hippo (2.48x10% 003 x x x x x (7265 998 24770 22114 10000 1579 3966  (249.30) 9008 o3 87 82 4 02
10* 10* 10* 10° 10°
Cortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Parahi R-Hippo- -3.32x10° 347 2.88 359 227 285 -41.56 - - -140.76 0.28 633. 556. 142. 283.  368.
-raranippo Presubiculum  (1.59x10%)  0.41 x x x x x (73.69) 028 18551 161.06 -41.93 7959  103.48  (253.80) : 41 84 80 9% 52
10* 10* 10° 10* 10*
Subcortical Temporal Lobe to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
i . : - -54.08 - . - - -
) R-Hippo- -1.77 x 10° 490 438 177 875 141 -181.49 668. 583.  181.  223.  297.
R-Hippo Presubiculum  (L60x10%) 013 y y y y 3 (71.52) 022 19278 17039 5439 6362 8514  ),.hg 023 ) 16 . 00 3
10* 10* 10* 10° 10*
L-Hippo- -1.69 x 10 4. 4, 1.67 9. 1.4 -54.68 . - -182.13 Ny § .
L-Hippo P Ppo 4 0.14 8 3 6 9.30 8 0.22 195.44 17159 -55.09  63.47 88.27 680.  591.  182.  223. 304
resubiculum (1.61 x 10%) x x x x x (71.91) (248.78) 0.23 28 69 34 2 85
10* 10* 10* 10° 10*
Subcortical Hippocampus Subregions (Subcortical Temporal Lobe) to Subcortical Hippocampus Subregions (Subcortical Temporal Lobe)
R-Hippo- R-Hippo- -4.49 x 10° 356 3.04 467 215 272 -35.03 . . -118.99 619. 541. 118. 301.  383.
Presubiculum Subiculum (1sgx10% 038 - y Ny y y (7a17) 031 17852 15396 3572 8842 11299 5o, 032 56 20 70 P

10* 10* 103 10* 10*

Key: SD, Standard Deviation; NT, Number of tracks in that WM-ROI; NV, Number of voxels in that WM-ROI; PV, Physical volume of tracts; R, Right; L, Left

Note: Data presented are group difference means with standard deviations in parentheses.
*Strong evidence, **Very strong evidence
P+ < 0.05: Controls > AD, P+ > 0.95: Controls < AD
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Supplementary Figure 2: Both controls and AD had the same number of clusters.
Modularity showed no significant between-group differences.
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Supplementary Table 9: Multiple linear regression analysis with modularity as the dependent variable.

Coefficient Estimate

Effect (standard Error) t 95% Confidence Interval p
Intercept 0.56 (0.01) 52.81 0.54; 0.58 < 0.001***
Group?
Controls (reference) (reference) (reference)
AD -0.01 (0.01) -1.01 -0.03; 0.01 0.32
Sex®
Female (reference) (reference) (reference)
Male 0.02 (0.01) 1.99 0.0003; 0.04 0.06
Age in years® -0.005 (0.005) -1.13 -0.01; 0.004 0.27
Education in years® -0.002 (0.005) -0.36 -0.01; 0.008 0.72
Monthly Household Income*
Level 2 0.05 (0.03) 2.02 0.002; 0.11 0.05
Level 3 0.02 (0.02) 1.42 -0.01; 0.06 0.17
Level 4 (reference) (reference) (reference)
Level 5 -0.001 (0.01) -0.08 -0.03; 0.02 0.94
Level 6 0.004 (0.01) 0.34 -0.02; 0.03 0.73

Key: AD, Alzheimer’s Disease

aGroup is represented as 1 dummy variable with “Controls” serving as the reference group.
bSex is represented as 1 dummy variable with “Female” serving as the reference group.
“Variable was standardised.

*p <0.05, **p < 0.01, ***p < 0.001

9Monthly Household Income is represented as 4 dummy variables with “Level 4” serving as the reference group.
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Supplementary Figure 3: Box-and-whiskers plots showing modularity in each group. Points represent the modularity of each
individual in each group.
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