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Brain Volume and Cortical Thickness in Type 2 Diabetes:
Software Implementation and Comparative Analysis
ISAC STARK

Department of Mathematical Sciences
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Abstract

This thesis aimed to investigate the effects of Type 2 Diabetes Mellitus (T2DM)
on brain volumetrics, specifically in terms of changes in cortical thickness and grey
matter volume. Using the surface based morphometry software FreeSurfer and Fast-
Surfer, a comparative analysis was conducted to evaluate the reliability, effective-
ness, and runtime of these software in assessing brain morphology in individuals
with T2DM compared to healthy controls.

MRI data from two datasets, OASIS and MIND, were processed and analysed, fo-
cusing on regions of interest included in the Desikan—Killiany—Tourville atlas using
both software. Intra-software reliability was assessed through three metrics, Pearson
Correlation Coefficient, Intraclass Correlation Coefficient, and Test-Retest Variabil-
ity. This was done to determine if both software are consistent in their estimates of
brain volumetrics. The inter-software reliability was assessed through the Intraclass
Correlation Coefficient. The inter-software reliability was performed to determine if
FastSurfer gives a similar result to FreeSurfer, which is more extensively validated.
Additionally, the runtime performance of FreeSurfer and FastSurfer was compared
to determine their efficiency.

The results demonstrated high intra-software reliability for both FreeSurfer and
FastSurfer in measuring brain volumes and cortical thickness. The two software
also demonstrated high inter-software reliability, demonstrating that FastSurfer has
a similar accuracy to FreeSurfer. FastSurfer also exhibited a significantly faster run-
time. All of this combined highlights FastSurfer’s potential for large-scale studies
and clinical applications. However, contrary to expectations based on prior litera-
ture, significant differences in brain volumes between the T2DM group and healthy
controls were not found.

In conclusion, while this study validates the use of FreeSurfer and FastSurfer for
neuroimaging analysis, it also highlights the complexity of detecting brain volume
changes associated with T2DM, pointing towards the necessity for further investiga-
tions. The improved runtime, as well as the high intra- and inter-software reliability
of FastSurfer suggests it as a preferable software for this purpose.

Keywords: FreeSurfer, FastSurfer, Surface Based Morphometry, Type 2 Diabetes
Mellitus, Alzheimer’s disease
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1

Introduction

Obesity is a medical condition defined as the accumulation of excessive body fat,
a condition closely related to other negative health conditions such as Type 2 Di-
abetes mellitus (T2DM) and cardiovascular diseases [2]. In turn, T2DM emerges
as a notable risk factor for the development of neurodegenerative disorders and de-
mentia later in life, yet the precise biological mechanisms that connects T2DM with
neurodegenerative disorders remain unknown [3]. Due to the increased prevalence
of both obesity and T2DM globally [4, 5], as well as a general increase in life ex-
pectancy, the prevalence of dementia disorders is expected to undergo a significant
increase in coming decades [6]. This underscores the importance of increasing our
understanding of how metabolic disorders contribute to neurodegeneration, and to
identify biomarkers that can be used in intervention trials that aim to slow down or
revert the disease progression.

Neurodegenerative disorders, such as Alzheimer’s Disease (AD), involves structural
changes in brain tissue [7], most notably cortical atrophy [8]. However, it remains
unknown if T2DM is associated with similar structural changes in the brain, a critical
consideration for assessing if a medication developed for, e.g., T2DM also influences
the probability of developing neurodegenerative disorders [9, 10].

In order to characterise the brain morphometry of living people, there exists vari-
ous methods utilising magnetic resonance imaging (MRI). One such method is that
of surface-based morphometry (SBM). Surface-based morphometry typically uses
high-resolution MRI with good contrast between white- and grey-matter to recon-
struct the surface of the brain. In a preprocessing step, the intensity of the image is
normalised and irrelevant tissue, such as the skull and eyes is removed [11]. After-
wards, the white matter is segmented and a white matter-surface is reconstructed.
By expanding the white matter-surface outwards, the pial surface is reconstructed.
The pial surface is the part where the cortex and the cerebrospinal fluid (CSF) meet.
Finally, anatomical measures such as the cortical thickness and surface area can be
calculated [12]. To account for inter-subject differences in anatomy when comparing
the derived anatomical measures, subjects are compared after inflating the recon-
structed surface measures to a unit sphere. The inflated surface is then mapped
back onto a template brain on which inter-subject differences can be compared.

One commonly used SBM software is FreeSurfer [13]. However, the estimated time
to reconstruct the cortex of a single subject in FreeSurfer is between 6 to 24 hours
depending on the computer. This makes the software unsuitable for large datasets
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without the proper infrastructure, such as access to a high-performance computing
cluster. A recently developed software called FastSurfer aims to solve this issue
by combining some of the methods included in FreeSurfer [13] with modern deep-
learning techniques [14]. FastSurer has been shown to reduce the time for cortical
reconstruction to less than one hour. However, the software is not as extensively
tested as FreeSurfer, and requires further testing before it can be used be used in
future drug intervention trials.

1.1 Aims

The objective of this master’s thesis is to assess whether anatomical differences
of the brain manifest in patients with T2DM and overweight individuals without a
T2DM diagnosis, in comparison to healthy subjects. This will be done by leveraging
MRI data obtained from Antaros Medical. Further, the thesis aims to validate and
compare two different software that estimate brain morphometric measurements.

1.2 Scope and Limitations

The assessment of the potential difference in brain anatomy of T2DM patients will be
limited to anatomical measures possible to derive from the surface-based morphom-
etry methods FreeSurfer and FastSurfer. Further, to assess whether the potential
difference even is reliable, the software will be validated in two ways. The first one
is to test if the software themselves are reliable. That is, do they produce consistent
anatomical estimates from input that in theory should produce identical estimates.
For this, the comparison will be limited to the four anatomical measurements cor-
tical thickness, grey matter volume, cortical surface area, and subcortical volumes.
The second way the software will be validated is to test if they can detect a known
difference in brain anatomy in a test dataset. This dataset will consist of patients
with a clinical AD diagnosis and healthy controls. The statistical testing performed,
both for assessing differences in AD patients and T2DM patients, will be limited to
cortical thickness, grey matter volume, and subcortical volume.

Previous studies have been done on the topic of volumetric changes of the brain be-
tween T2DM, obese, and healthy controls [9]. The volumetric assessments performed
in this thesis will therefore aim to replicate these previous findings in a new dataset.
In addition, volumetric assessments in this dataset will enable a cross-comparison
between structural changes and to metabolic changes, as metabolic imaging data
have been acquired with positron emission tomography in the same individuals,
thereby extending our understanding on how metabolic alterations in the periphery
translates to brain pathology. Lastly, one important aspect of this work is to inves-
tigate if FastSurfer is a viable option to FreeSurfer in terms of improved processing
time without disregarding sensitivity and reliability. Something that has not been
tested in this setting to the best of the author’s knowledge.
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Theory

In this chapter the necessary theoretical background to understand this project will
be presented. First, the necessary background to the anatomy of the brain and the
pathology of neurodegenerative diseases will be presented. Afterwards, the basics
of MRI and how these medical images can be used to estimate anatomical measures
of the brain will be explained. Lastly, the necessary statistics to evaluate the result
of the derived anatomic measures will be presented.

2.1 Anatomy of the Human Brain

The human brain is the bodily organ that is responsible for all human actions,
both voluntary and involuntary [15]. The brain is commonly divided into four
principle components: the brain steam, diencephalon, cerebrum, and the cerebellum.
Involuntary actions, such as respiration is commonly attributed to the brain steam.
Higher order functions on the other hand, such as memory and personality is usually
attributed the cerebrum [16]. For this work, the cerebrum and related structures,
such as the subcortical structures will be considered.

2.1.1 Anatomical Structure

In humans, the cerebrum is the largest part of the brain and accounts for approx-
imately 80% of its weight [17]. The cerebrum consists primarily of two types of
matter. The grey- and white matter. Grey matter is found in the outermost layer
of the cerebrum, the cerebral cortex, as well as in the so called basal ganglia. The
total space occupied by the brain, along with the surrounding structures that coexist
within this cranial cavity, is collectively referred to as the intracranial volume (ICV)

[18].

The cerebral cortex is only a few millimetres thick, on average, 2.5-3 mm [19].
During development the cerebral cortex is folded’, which allows for a much larger
surface area relative to the cranial volume. This is due to a process called gyrifica-
tion. The peaks of these folds are called gyri (sing. Gyrus) and the valleys are called
sulci (sing. Sulcus) [15]. Although the cortical thickness is quite consistent between
individuals, regardless of intracranial volume, features such as grey matter volume
and cortical surface area is highly correlated to the ICV [20]. Furthermore, both
cortical thickness and grey matter volume have shown to be negatively correlated
with age [21] and gender, with males generally having larger volumes of grey matter.

3



2. Theory

The white matter lies beneath the cerebral cortex [15]. This division between the
grey and white matter is based on cellular composition. The grey matter is mainly
composed of neuronal cell bodies [22], while the white matter is mainly composed
of myelinated axons which are extensions of the neuronal cell bodies. [23]. Myeli-
nated means that the axon is covered in a fatty material called myelin which helps
transmit electrical impulses [24].

Besides this structural division, the cerebrum is furthered split into different re-
gions. First, the cerebrum can be divided into two somewhat symmetrical halves
called the left and right hemisphere. The hemispheres are separated by the cerebral
fissure. The hemispheres are joined by a large white matter structure called the
corpus callosum. Furthermore, the hemispheres are commonly divided into differ-
ent ’lobes’. This division is usually made based on which cranial bone that covers
the cerebrum [15]. The four lobes named after their corresponding cranial bone
are the frontal, parietal, temporal and occipital lobes, see figure 2.1. Besides these
four lobes, there is the limbic lobe. The limbic lobe is a ring shaped grey matter
structure closest to the human 'midline’ of each hemisphere [25].

(a) Sagittal view of the brain (b) Sagittal view of the midline of
lobes the brain lobes

Figure 2.1: The figure displays the five lobes of the brain, each shown in a different
colour from two different viewpoints. The frontal lobe in blue, the temporal lobe in
green, the parietal lobe in yellow, the occipital lobe in red, and the limbic lobe in
purple. The limbic lobe is only visible in subfigure (b).

Another vital part of the anatomy of the brain are the broadly grouped subcorti-
cal structures. The subcortical structures include the hippocampus, amygdala, and
basal ganglia, among others. When discussing the human ability to remember, both
the hippocampus and amygdala are two very important structures. The hippocam-
pus has shown to be highly related to both human learning, but also the human
ability to remember [26]. The ventricular system, although not considered a sub-
cortical structure, is another component located beneath and around the cerebral
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cortex [27]. This system consists of a series of interconnected cavities within the
brain that are filled with cerebrospinal fluid (CSF). CSF is also found surrounding
the outside of the brain.

2.1.2 Pathology of Neurodegenerative Diseases

Neurodegenerative diseases includes a wide range of disease conditions that share the
common characteristic of gradual loss of neuronal cell bodies. There exists multiple
ways to classify neurodegenerative diseases, for example, based on the presence of
abnormal protein aggregation, called proteinopathy [28]. Arguably, one of the most
well-known, and also one of the most commonly occurring of these neurodegenera-
tive diseases is Alzheimer’s disease (AD) [29].

Clinically, AD is characterised by progressive loss of memory and a general cognitive
decline [30]. While not unique for AD, common characteristics on the macroscopic
scale are various degrees of regional cortical atrophy and enlargement of the lateral
ventricles [30, 31]. Cortical atrophy often occurs in, but is not limited to, regions in
the temporal, parietal and frontal lobe [31]. One specific region of the temporal lobe
that is of interest in AD is the entorhinal cortex, which often is the first region of the
brain to show signs of atrophy [32]. Atrophy is also prominent in subcortical struc-
tures. Most notably atrophy appears in the amygdala [33] and the hippocampus [34].

Seeing as cortical atrophy and ventricle enlargement is not unique for AD. AD
is instead defined on the microscopic scale by the presence of amyloid plaques and
neurofibrillary tangles (NFTs) [28]. Amyloid plaques are aggregates of the protein
amyloid-$ (Af) that have formed within the brain, and are believed to cause in-
flammation in the brain which in the long term affects the brain cells [35, 36]. AS
are peptide chains consisting of around 40~ amino acids. The neurofibrillary tan-
gles form when a different protein called tau protein form lumps in a neuron cell
[37]. With progressing accumulation of NFTs; the host neuron cell eventually dies,
leading to increased atrophy. Both of these pathologies have been showed to occur
more often in people carrying the genetic variant APOE ¢4 [38, 39].

2.1.3 Relation to Type 2 Diabetes Mellitus

It has been shown that having T2DM increases the risk of getting AD later in life [40,
41]. These two conditions are theorised to be linked by various genetic and environ-
mental factors. However, there exists multiple probable theories as to how exactly
[42]. One possible mechanism is that the hyperinsulinemia (Increased insulin levels
in the blood stream) caused by T2DM decreases the body’s ability to remove accu-
mulating amyloid plaques. Further, the same hyperinsulinemia may also promote
the formation of neurofibrillary tangles [43]. There also exists evidence the same
underlying reasons, namely increased amyloid plaques and increased neurofibrillary
tangles are instead caused by insulin resistance in the brain [44].
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2.2 Magnetic Resonance Imaging

One method to detect and characterise the volumetric changes in the brain caused
by neurodegenerative disease is through magnetic resonance imaging (MRI). MRI
is a non-invasive medical imaging technique utilising strong magnets. In short, con-
ventional MRI works by aligning the hydrogen atoms in the body with the magnetic
field produced by the magnet. The atoms are then excited via an induced radiofre-
quency pulse. When the atoms return to equilibrium after excitation a signal can
be read which is then used to produce an image. Depending on how these pulses
are applied, such as the time between the pulses and how the resulting signal is
read out, different tissue contrasts can be achieved [45]. When using MRI to detect
structural changes in the brain, it is common to use so called T1-weighted MRI
[46, 47], as it provides good contrast between the white and grey matter, as well as
the CSF. Clinically, MRI scans are commonly viewed as a collection of individual
'slices" as illustrated in the Figure 2.2. This is referred to as a tomographic image.
These slices can be viewed from different anatomical planes. There are three prin-
cipal anatomical planes: sagittal, which divides the body into left and right halves;
coronal, which divides the body into front and back sections; and transversal, which
divides the body from top to bottom. An example of an MRI scan showcasing these
three principal views can be seen in Figure 2.3.
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Figure 2.2: Illustration of multiple slices from an MRI viewed coronally.

An example MRI showcasing the three principal views can be seen in figure 2.3 below.
In practice, the magnetic field used in MRI is not perfectly homogeneous, which can
lead to artefacts in the resulting images. This inhomogeneity can occur due to
various reasons [48]. One reason is that certain parts of the body will naturally be
located farther away from the centre of the magnetic coil, where the magnetic field
is weaker. Additionally, different bodily tissues may have varying susceptibilities to
the magnetic field, contributing to the inhomogeneity. The artefacts introduced by
the MRI inhomogeneity often give rise to smooth and low-signal artefacts sometimes
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(a) Sagittal view (b) Coronal view (c) Transversal view

Figure 2.3: Figure showing single slices of an MRI along the three principal
anatomical planes: (a) Sagittal, (b) coronal and (c) transversal

rererred to as bias fields [49]. Bias fields can introduce challenges when attempting
to process the MRI images digitally, if the intensity information of the MRI is used
in the processing. However, there are algorithms developed to correct for these
artefacts [49].

2.3 Brain Atlases

The aforementioned way of partitioning the brain into lobes and hemisphere is a
quite rough approach, and typically not sufficiently detailed when comparing struc-
tural changes in the brain across individuals [50]. To address individual differences
more accurately brain atlases can be created and used. A brain atlas is a tem-
plate that, for example, specifies the boundaries between various brain structures
in a standard space. This template can then be used to compare volumes and
thicknesses of various brain structures across individuals. The initial brain atlases,
including the well-known Brodmann areas [51], were developed based on the study
of cellular structures observed in histological samples. Today, a plethora of brain
atlases exists, designed in different ways and for different applications [52].

2.3.1 Desikan—Killiany—Tourville Atlas

One such atlas is the Desikan—Killiany—Tourville (DKT) atlas [53]. The DKT atlas is
based on a previously developed atlas commonly referred to as the Desikan-Killiany
(DK) atlas [54]. The DKT atlas was constructed using MRI data from 101 healthy
individuals. The protocol used to label the cortical regions realises on information
about the depth and curvature of the sulci. By mapping the brain to a common
atlas like the DKT atlas it becomes easier to compare cortical regions between in-
dividuals, regardless of minor differences in regional anatomy.

In total, the DKT atlas contains 31 cortical regions of interests for each hemisphere.
The full list of the cortical regions in the DKT atlas can be found in Table A.1 in
Appendix A.1.
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2.3.2 MNI305 Atlas

An other type of atlas is the MNI305 atlas. It is different from the DKT atlas in
the sense that instead of dividing the cortex into different regions of interests, the
MNI305 serves as a kind of coordinate system. The MNI305 was created by register-
ing the brain MRI scans from 305 individuals to a template [55]. Image registration
is when one image is transformed, or mapped onto another via a set of allowed op-
erations so they occupy the same space after the transformation. The 305 registered
scans were then averaged to create a template to which new scans can be registered.

By registering to the MNI305 atlas, we get a common space in which the same parts
of the human brain from different individuals have roughly the same coordinates.

2.4 Surface Based Morphometry

Surface based morphometry (SBM) is a widely used class of methods in neuroimag-
ing that estimates brain morphometric values from T1-weighted MRI of the brain.
These methods have found a wide range of applications within research into neu-
rological conditions such as Alzheimer’s disease, autism spectrum disorders, and
schizophrenia, among others.[56-59]. In short, SBMs work by reconstructing a mesh
of the white matter surface of the brain as well as the ’pial’ surface, which is defined
as the border between the grey matter and the CSF. These two surfaces then serve
as the basis for calculating various morphometric features, such as cortical thickness
and curvature, amongst others.

2.4.1 FreeSurfer

One common SBM software is FreeSurfer. FreeSurfer provides a complete pipeline
for analysing structural MRI, meaning that it handles everything from preprocessing
to calculating the morphometric features of interest. An overview of the FreeSurfer
pipeline can be seen in Figure 2.4.

In total, the runtime of the entire pipeline can take up to several hours for a single
subject, depending on the computer used in the processing.

2.4.1.1 Surface Reconstruction

In FreeSurfer, the mesh construction of the white and pial surface is done in seven
steps. Using a T1-weighted MRI as input, the first step is to register the MRI to
the MNI305 atlas. The coordinates of certain anatomical structures in the MNI305
atlas serves as basis for many of the later calculations [60]. As outlined in section
2.3.2, the MNI305 atlas serves as a coordinate system. This is used to generate ini-
tial 'seed points’ as to where some cerebral structures are located. The registration
of the input to the MNI305 space is done via an affine transformation. An affine
transformation allows for a wide range of operations such as shear, translation, ro-
tation and scaling [61].
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Figure 2.4: Schematic overview of the complete FreeSurfer surface reconstruction
pipeline as outlined in Section 2.4.1.1, and the cortical labelling as outlined in Section
2.4.1.2

The second step in the FreeSurfer pipeline is to attempt to correct for the arte-
facts that can arise due to the magnetic field inhomogeneity mentioned in Section
2.2. The algorithm used to correct for the bias field can be read in full in the
original paper by Dale, Fischl and Sereno [60]. In short, it utilises the fact that
the input is a T1-weighted MRI brain scan, in which white matter should have the
highest intensity (brightest colour). This, combined with the fact that white matter
neighbouring each other should in theory have equal or at least similar intensities,
is used to construct the bias field correction. By dividing the intensities in the MRI
with the estimated bias field correction should ideally remove the artefacts. During
the bias field correction, the intensities of the MRI is normalised to be in the range
[0, 255].

After correcting for the bias field, the third step in the FreeSurfer pipeline is to
remove the skull so that only brain tissue remains. This process is accomplished by
constructing a mesh of an ellipsoid and then updating the coordinate vector x; of
the nodes within the mesh according to

The term Fg in Equation (2.1) represents a smoothness force that incorporates the
prior knowledge that the inner surface of the skull is a relatively smooth surface.
The second force applied to the deformation of the ellipsoid is F,;. This represents
a MRI-based force that deforms the ellipsoid towards areas of low intensity values.
As previously mentioned, white matter correspond to high intensity values in T1-
weighted MRI, while CSF have low intensity values. The force Fj; thus repels the
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ellipsoid away from the brain. After these two forces have been iteratively applied
to the mesh, everything outside the boundary of the mesh is removed. Ideally, this
removes everything except the brain.

The fourth step is to use the skull-stripped brain to classify the tissue as either
white matter or non white matter. This is done by using the normalised intensity
information from the bias field correction and the output of the skull-stripping, Ij.
The range on intensities in which we can find the different types of brain matter,
white or grey are treated as fixed parameters. The lowest and highest expected
intensity of the white matter is defined as WM__LOW = 90, WM__HIGH = 140 and
the highest expected intensity of the grey matter is defined GREY_ HIGH = 100.
Parts of the classification will be ambiguous as there is an overlap between the dis-
tribution of white- and grey matter. The first step in this process is to do a rough
classification based solely on these expected intensities according to

. (2.2)
0, otherwise.

1) = {1, Io(x) € [WM_LOW, WM_ HIGH]

After the brain has been segmented into white matter and non-white matter the
next step is to refine the estimate. This is done by creating three different sets of
voxels that are ambiguous. A voxel can either be ambiguous due to it existing in
the overlap between the expected white and grey matter intensities. It can also be
ambiguous if it’s classification is different from more than 20% of it’s neighbours.
Finally, it can be ambiguous if more than 60% of voxels lying in a plane minimising
intensity variance have a different classification.

If a voxel exists in all three of these sets, the initial classification, [;(x) is inverted
for these voxels. This constitutes the final classification of white matter.

The next two steps in the FreeSurfer is to divide the classified white matter from
the previous steps into two hemispheres and then make sure that these two hemi-
spheres constitute two fully connected regions. The division of the hemispheres is
accomplished by utilising information obtained from the initial registration to the
MNI305 atlas. The coordinates corresponding to the corpus callosum and the pons,
a part of the brainstem, serve as an initial approximation for determining how to
partition the white matter into the two hemispheres.

The final step in the FreeSurfer surface reconstruction pipeline is to use the newly
created connected hemisphere volumes to construct the pial surface that was men-
tioned in section 2.4. This is done by first creating a discrete surface from the
hemispherical volumes. This discretised surface consists of a triangular mesh. The
triangular mesh is then refined by using the intensity difference between the white
matter and grey matter. This refinement gives us the final white matter surface.
Finally, this newly created surface is pushed outwards, guided by the intensity gra-
dient were the grey matter meets the CSF. This gives us the pial surface.

The minimum distances between a vertex in the white matter surface and the pial
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surface gives us the cortical thickness.

2.4.1.2 Cortical and Subcortical Labelling

The white matter and pial surfaces constructed by FreeSurfer serves as the basis
for mapping the anatomical measures to an atlas, such as the DK'T atlas mentioned
in section 2.3.1. When the cortical surface is mapped to an atlas, this is called
parcellation. However, the subcortical structures of the brain can also be mapped,
and then it is called segmentation.

These two types of labelling uses the same algorithm, with minor differences [62,
63]. The first step of the labelling process is to register to a common coordinate
system as intermediate. For the subcortical labelling the bias field corrected MRI is
registered to previously mentioned MNI305 atlas is used. However, for the cortical
parcellation the recreated surfaces are registered to a sphere. As the process to
register to the MNI305 atlas has been brought up in section 2.4.1.1, this will focus
on the spherical registration.

The spherical registration used by FreeSurfer to label the brain uses the information
obtained from cortical reconstruction in section 2.4.1.1. As outlined in section 2.1.1,
the cerebral cortex consists of peaks (gyri) and valleys (sulci). The topological in-
formation about these anatomical structures, such as their convexity is used for the
spherical registration. More precise, the registration is done by minimising the total
differences between the convexity of a specific subject, C' compared to the average
convexity of a set of subjects C' [64].

After the registration to the common space, the labelling is done via a Bayesian
algorithm. This is done by using two different kind of prior information. The first
prior uses the information obtained from the spherical registration to the atlas and
encodes the probability that each region of interest in the atlas exists at a given
vertex. The second prior makes use of the regions of interests spatial relation to
each other. That is, a vertex can only belong to a region of interest that makes
sense anatomically given all the neighbouring vertices’ region of interest [63].

2.4.2 FastSurfer

Another surface based morphometry software is FastSurfer which aims to replicate
results from the FreeSurfer pipeline, with reduced runtime. FastSurfer is a hybrid
method, combining traditional image analysis methods, as used in FreeSurfer, with
modern deep learning methods [65]. The FastSurfer pipeline uses many of the same
functions as developed by Fischl in FreeSurfer [60]. However, two primary novel
methods are attributed to the reduced runtime and they will be covered in brief in
this section. The full details of the method developed by Henschel et al can found
in their original paper [65]. The first novel method compared to the FreeSurfer
pipeline is the use of a convolutional neural network (CNN) to achieve the brain seg-
mentation. In practice, the FastSurfer-CNN consists of independent CNNs trained
separately on the three anatomical views sagittal, coronal and transversal.

11
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The segmentation of brain tissue created by the CNN also removes the need for
the iterative skull-stripping algorithm in the third step of the FreeSurfer pipeline.
This is due to the fact that the accurate segmentation created by the CNN is used
as the basis for the skull-stripping.

The second novel method introduced in FastSurfer is the use of a method called
spectral embedding to perform the spherical registration used in the cortical la-
belling, see section 2.4.1.2. The full details of the inner workings spectral embedding
is beyond the scope of this thesis, but the essence of the process is that it once again
removes something that is an iterative process in FreeSurfer and replaces it with a
single step.

2.5 Similarity Metrics

In an ideal scenario, when an individual undergoes multiple MRI scans within a short
timeframe, the morphometric measurements estimated from these scans should yield
identical or near-identical results. The underlying assumption is that the individ-
ual’s anatomical structures, such as brain regions, remain unchanged between the
scans. In reality, this is rarely the case. The cause of this can vary [66]. For example,
the head tilt of the patient while in the scanner, the type of scanner as well as the
type of coil used can have an impact on the end result. There also exists random
noise in the scans [67]. Thus, when comparing different methods for deriving mor-
phometric measures reliability is of utmost importance.

To assess the reliability of the different SBM software within themselves, a com-
mon approach is to re-scan the same patient twice and compare the output. This
kind of reliability testing is usually called "test-retest" reliability. The variance in
these repeated measurements will then reflect the uncertainty of a single measure-
ment, and is a useful metric when assessing if a software is resistant to noise and
consistent in the measurements it reports.

Test-rest reliability can also be used to determine if two or more different raters
are consistent between each other [68].
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Methods

In this chapter, the methodology employed in this thesis is outlined. The study
utilised two datasets - one from an open access neuroimaging project called OA-
SIS [1], and one propriety dataset called MIND provided through the courtesy of
Antaros Medical [69]. Both datasets contain MRI scans of in-vivo human brains.
The specific details regarding the acquisition of the MRI data and the demographic
characteristics of the sample is provided in Section 3.1. Additionally, the analytical
workflow used to process the data is presented, outlining the step-by-step procedures
in Section 3.2. Finally, the statistical methods leveraged to analyse the reliability
of the data and test the hypotheses that T2DM has a significant impact on brain
atrophy are described in Sections 3.4 and 3.5.

3.1 Data Used

The specific details of the two aforementioned datasets are provided in this section.

3.1.1 OASIS

The Open Access Series of Imaging Studies (OASIS) is an open access project con-
taining multiple T1-weighted brain MRI datasets. For this thesis the OASIS dataset
was used. The OASIS dataset is a cross-sectional collection of brain MRI scans
from right-handed individuals of various ages, including both men and women. The
dataset comprises a total of 416 unique subjects. Among these, 100 individuals
have been diagnosed with varying degrees of dementia, ranging from very mild to
moderate. The diagnosis of dementia was determined using the Clinical Dementia
Rating (CDR) protocol [70]. Additionally, 20 young, non-demented patients were
scanned twice for test-retest purposes.

The OASIS MRI scans used were acquired using a 1.5T Siemens scanner with a
voxel size of 1 x 1 x 1.25 mm?.

Due to time constraints processing all patients was not feasible. Therefore, a subset
of the OASIS data was carefully selected to include all patients suffering from mild
to moderate dementia, as well as healthy controls spanning all age groups. Further-
more, all of the test-retest scans were also included in the processed subset.

The purpose of using the OASIS dataset was two fold. The first was to test whether
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the FreeSurfer and FastSurfer software could detect differences in brain morphome-
try between healthy controls (HC) and demented patients, as a fairly large difference
is expected between patients with AD and HC. This was done to verify that the
software implementations work as expected.The second purpose was to evaluate the
reliability of the two software programs within themselves. For this purpose, the 20
patients who underwent repeated scans were used.

The demographic details of the processed subset are presented in table 3.1. In
total, the dataset included 136 MRI scans, of which 20 were test-retest scans.

Table 3.1: Demographic of the processed subjects from the OASIS dataset

Without Dementia With Dementia
Age Group  Total patients Patients Male Female Patients Male Female
<20 4 4 1 3 0 0 0
20s 37 37 14 23 0 0 0
30s 5 ) 4 1 0 0 0
40s 8 8 2 6 0 0 0
50s 5 ) 1 4 0 0 0
60s 12 9 1 8 3 0 3
70s 24 8 4 4 16 6 10
80s 19 9 4 5 10 4 6
90s 2 1 1 0 1 0 1
Total 116 86 32 54 30 10 20
3.1.2 MIND

MIND is a cross-sectional dataset proprietary to Antaros Medical, containing T1-
weighted brain MRI scans from both lean and overweight non-diabetic patients as
well as patients with T2DM. In total, the dataset consists of 38 individuals aged
between 50 and 67. All of the scans were acquired on a 3T Siemens PET/MR
scanner, with a voxel size of 0.5 x 0.5 x 1 mm?>. The demographics of the patients in
the MIND dataset, including disease status, can be seen in Table 3.2. All patients
proceeded with a follow-up scan within 28 days. In this work, the follow-up scan
was used for the purpose of reliability-testing the software. Thus, there were 76
MRI scans in total.

Table 3.2: Demographic of the processed subjects from the MIND data

Lean Non-Diabetic Overweight Non-Diabetic Type 2 Diabetes
Age Group  Total patients Patients Male Female Patients Male Female Patients Male Female
50s 25 10 3 7 10 2 8 5 4 1
60s 13 5 1 4 3 1 2 5 3 2
Total 38 15 4 11 13 3 10 10 7 3

The MIND dataset included an array of other measurements in addition to the MRI
acquisitions. This include for instance blood based biomarkers reflecting glucose
control (e.g., plasma insulin and HbAlc) and systemic insulin resistance (HOMA-
IR), CSF biomarkers reflecting amyloid and Tau deposition in the brain, and PET
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measurements of radiolabelled glucose and fatty acid analogues, that reflect uptake
of these substrates in the brain. Detailed analysis of the MR images will thus add the
volumetric status in these subjects to this already rich dataset, which will allow for
future detailed analyses that links together metabolic disturbances to brain function.

3.2 Data Processing

The initial step in the processing involved handling the input data. For the OASIS
dataset, the input was an average of the 3-4 intra-session scans. The average scan
used was created using the FreeSurfer function mri-robust-template. This cre-
ates an unbiased intra-subject template that is used in the following analysis [71].
This method has been demonstrated to increase reliability in test-retest data [71].
In contrast, for the MIND dataset, the native scan was used as the input due to
the fact that the image-acquisition protocol was different, and only one scan was
available.

Both datasets were processed on a computer running Ubuntu 18.04.5 LTS. The
machine ran on a Intel Xeon W-2133 CPU @ 3.60GHz CPU as well as a Nvidia
GeForce RTX 2080 TI GPU. For FreeSurfer, all samples were processed using ver-
sion 7.4.1 and for FastSurfer version 2.2.0 was used. The type of machine used in
the processing as well as the software version used has been shown to impact the
end results [72, 73].

Even on modern machines, the full FreeSurfer pipeline, denoted recon-all, can
take up to 20 hours [74]. To address this, a simple semaphore function was de-
veloped as a Bash shell script to enable parallel processing of multiple subjects for
both FreeSurfer and FastSurfer. The shell script allows up to eight subjects to be
processed in parallel, significantly reducing the overall computation time. The same
semaphore function was used for the FastSurfer when processing in parallel as well.

By default, the FreeSurfer recon-all pipeline resamples the input MRI to a voxel
size of 1 x 1 x 1 mm?, regardless if the input is natively of a higher resolution. How-
ever, FastSurfer allows for processing resolutions between 0.7 — 1 mm?®. However,
due to memory issues during the bias field correction step caused by the high res-
olution of the MIND data, and as to make comparison between the software more
fair the flag -vox-size 1 was used. This settings in FastSurfer resamples the MRI
toa 1 x 1 x 1 mm? voxel size, same as in the FreeSurfer recon-all pipeline.

For FreeSurfer, the entire processing pipeline was executed in parallel on the CPU.
For FastSurfer however, the cortical segmentation step was run sequentially on the
GPU to avoid potential memory issues due to only one GPU being available. All
the later steps in FastSurfer were then also processed in parallel and on the CPU.

In the surface reconstruction process outlined in section 2.4.1.1, FreeSurfer (and

FastSurfer) separates the brain into two hemispheres. Consequently, all measure-
ments, including the average cortical thickness per region of interest in the atlas,
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are divided into hemispheric values. This hemispheric division applies to a subset
of subcortical structures as well. To prevent further fragmentation of the already
limited dataset, which would result in separate datasets for each hemisphere, the
average of all regions of interest spanning both hemispheres was calculated per sub-
ject and scan. It is worth mentioning that there is evidence that atrophy due to AD
may be asymmetric [75, 76], but this was subsequently not investigated in this thesis.

All calculated cortical anatomical measurements were labelled to the DKT atlas.
The full list of the cortical regions in the DKT atlas can be found in Table A.1 in
Appendix A.1. All subcortical regions included in the analysis can be found in A.2
in Appendix A.1.

The calculated average measurements were used in all further analysis, including
the similarity metrics and the statistical testing.

3.3 Quality Assurance

Due to lack of domain knowledge and time constraints, it was impractical to man-
ually evaluate the quality of all 272 brain scans included in this thesis. However, a
recent study suggests that manually correcting the boundaries between white mat-
ter and grey matter does not significantly improve the overall accuracy of cortical
thickness, volume and surface area [77].

Due to this, only a small subset of the scans underwent visual inspection to en-
sure the segmentation process yielded reasonable results.

3.4 Similarity metrics

To compare how reliable FreeSurfer and FastSurfer are, three different metrics for
similarity were implemented: Pearson Correlation Coefficient, Intraclass Correlation
Coefficient and average variability. The output of FreeSurfer and FastSurfer, as well
as the reliability testing was done in Python version 3.12.1.

3.4.1 Pearson Correlation Coefficient

The Pearson Correlation Coefficient (PCC) is a statistical measure that quantifies
the degree of linear relationship between two sets of data [78]. The PCC between a
set X and Y, denoted as px y, is defined by the following formula:

pPXYy = ———— (3.1)

where cov(X,Y) is the covariance of the two sets X and Y, and oy, oy are their
respective standard deviations. The PCC ranges from -1 to 1, where a positive
PCC indicates a positive linear relationship, meaning that an increase in one data
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set corresponds to an increase in the other. A negative PCC indicates a negative lin-
ear relationship, meaning that an increase in one data set corresponds to a decrease
in the other. A PCC of 0 suggests no linear relationship between the two sets of data.

In the context of reliability testing, the ideal case would be for the PCC to be equal
to 1. This would indicate that the measurements derived from the first scan are
identical to the measurements derived from the second scan, demonstrating perfect
intra-software reliability.

3.4.2 Intraclass Correlation Coefficient

Another common method to quantify reliability in the field of clinical statistics the
so called “Intraclass correlation coefficient” (ICC) [79]. There exists multiple ways
to calculate ICC, depending on what is being tested. For this thesis, two different
ICC methods were used. The first one was used to test for intra-software reliability
and the second was used to test for inter-software reliability.

In a test-retest setting it is recommended to use the ICC(2,k) measure [68]. This
measure is suitable to use when trying for intra-rater reliability, that is, we want to
measure the consistency of our rater. The rater in this case are the two software,
FreeSurfer and FastSurfer. In this thesis the question is how well the software, either
FreeSurfer or FastSurfer, replicate results that should be identical.

The ICC(2,k) is defined [68] as

MSr — MSg

ICC(2,k) = MSp, + MSc—MSg

(3.2)

where MSg represents the mean square of the rows, which captures the variability
between subjects. This could, for instance, reflect the differences in cortical thickness
within the same region across different individuals. MSE denotes the mean square
of the errors, capturing the variability between two measurements that should ide-
ally be identical under perfect conditions. Lastly, MS¢s stands for the mean square
of the columns, reflecting the variability that different raters (in this case, the two
different scans) may show systematic differences. For example, it is possible that
one scan may overestimate anatomical measures due to some induced error, leading
to a systematic bias.

The second form of ICC used was ICC(3,1). This was used to test for inter-software
reliability, i.e., quantify how similar the results from two different raters are. In
this case, the 'raters’ are the two different software used, FreeSurfer and FastSurfer.
This was mainly used to determine if FreeSurfer and FastSurfer differ widely in the
anatomical measures they estimate. As FreeSurfer is a very commonly used software
in structural MRI, and FastSurfer is not as extensively validated, it is of interest
that they are reasonably similar. The ICC(3,1) is defined [68] as
MSr — MSg

1CC3,1) = 3o e (3.3)
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Where MSg, MSE are the same mean squares used in Equation (3.2) and k is the
amount of raters, which for this case is equal to two.

According to [68] the reliability reported by the ICC can be categorised into four
different ranges, less than 0.50, between 0.50 and 0.75, between 0.75 and 0.90 and
above 0.90. These ranges correspond to poor, moderate, good and exceptional reli-
ability respectively.

3.4.3 Test-retest Variability

The final similarity metric that will be used is the test-retest variability (TRV)
metric [80]. The TRV is defined as the absolute average of two samples, divided
by their common mean expressed as a percentage. In this case however, we will be
using the average TRV. The only difference in this case is that we sum the TRV
over all regions of interest, and divide by the number of samples as follows

1 XX - Y

TRV = — Z —
N = (Xz;Yz)

x 100. (3.4)
In the equation above X; and Y; are paired anatomical measurements from the test-
retest scans on one specific region of interest.

The TRV is used to give an intuitive feel for how much a specific region of in-
terest can vary on average. Ideally, a TRV of zero, or close to zero is preferable as
this means the software evaluates the anatomical measures similarly between the
scans.

3.5 Statistical Testing

In this section, the methodology employed to investigate potential volumetric differ-
ences between patients with Type 2 Diabetes Mellitus (T2DM) and healthy controls
(HC) will be presented. The statistical testing was divided into three parts. Firstly,
the data acquired from processing the MRI scans with FreeSurfer and FastSurfer
underwent preprocessing. Subsequently, the multiple comparison problem was ad-
dressed by applying two distinct approaches, one tailored for the OASIS dataset
and another for the MIND dataset. Finally, a linear model was utilised to deter-
mine if the diagnosis (AD for the OASIS dataset and T2DM for the MIND dataset)
was a significant factor contributing to the observed differences in three anatomical
measurements, cortical thickness, grey matter volume and subcortical volume.

3.5.1 Correction for Intracranial Volume

As outlined in section 2.1.1, the ICV is highly correlated with total grey matter vol-
ume and cortical surface area. Due to this, it is common in volumetric brain studies
to adjust the regional volumes with the ICV. This can be done in various ways, the
simplest being to divide the regional volume with the ICV to get the percentage of
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the cranium that each volume occupies.

For this work, a method called the residual method was used [81]. It adjusts each
regional volume for each subject according to the following formula

Vadii = Viaw,i — BICV; — ICV). (3.5)

In equation 3.5, V,q;; represents the adjusted volume of a specific region in a spe-
cific subject. V4., denotes the unadjusted volume of the same region in the same
subject. The term [ is the regression coefficient derived from linearly regressing
the volume of a specific region of interest within the control group with the ICV.
This allows for the determination of the specific linear relationship between that
particular region and the ICV in a healthy population. Furthermore, ICV; denotes
the ICV of subject 4, while ICV represents the average ICV within the control group.

The point of using only the control group as the basis of the linear regression co-
efficient 3 is to control for the association commonly found between ICV and the
volumetric measure. That is, when comparing cross-sectional datasets we assume
that the volumetric measure is effected by something other than the ICV, such as a
neurodegenerative disorder.

3.5.2 Analysis of Covariance

To determine whether or not the disease status (AD for the OASIS dataset and
T2DM for the MIND dataset) had a significant impact on cortical thickness and
grey matter volume, an ”Analysis of Covariance” (ANCOVA) model was used. AN-
COVA is a useful technique when evaluating if the mean of a dependent variable
differ between two or more categorical groups after correcting for independent co-
variates that may affect the dependent variable [82]. That is, ANCOVA tries to
remove the effect of the covariates so the statistical effect of the categorical variable
can be studied more clearly.

As outlined by Section 2.1.1, anatomical measurements such as cortical thickness
and grey matter volume are influenced by the age and gender of the subject. As
such, these were included as covariates. For both of the datasets, the model fitted
was

{CT,GMV,SCV } g5 ~ Age + Gender + Diagnosis, (3.6)

where CT, GMV , and SC'V represent the adjusted values of cortical thickness, grey
matter volume, and subcortical structure volume, respectively. The categorical vari-
able “Diagnosis” in Equation (3.6) varies depending on the dataset analysed. For
the OASIS dataset, there are two categorical groups: AD and non-AD, as shown
in Table 3.1. However, for the MIND dataset, there are three categories: lean,
overweight, and T2DM, as indicated in Table 3.2. Although the overweight patient
group was not of primary interest for this work, they were included in the ANCOVA
model to provide additional data on how age and gender impact the anatomical
measures.
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In practice, a linear model was fitted for each region of interest according to equa-
tion 3.6 using the Python module statsmodel. The OLS function from the module
statsmodel fits a linear model to the given data using ordinary least squares and
returns the regression coefficients, their corresponding p-values, and other relevant
information.

3.5.3 Bonferroni Correction

As mentioned in section 3.5, two forms of statistical correction were employed in
this work. The first one involved the use of the Bonferroni correction [83], a method
of statistical correction commonly utilised when performing multiple statistical tests
to reduce the risk of spurious significance when the tests are independent of each
other. Given the DKT atlas used in this thesis contained a large number of regions
of interests (31), there existed a relatively high probability of at least one region of
interest exhibiting significance due to pure chance. To reduce this likelihood, the
desired significance level is divided by the number of tests being performed. That
is, we reject the null hypothesis Hy for the i-th test, T;, if the p-value of the outcome
is less than a/n, where « represents the commonly used critical value of 0.05, and
n is equal to the number of regions of interest being tested simultaneously.

P(T; passes | Hy) < %. (3.7)

The p-value used here is the one calculated for the diagnosis from the linear model
in Equation (3.6). The DKT atlas contains 31 regions of interest, and there are 22
non-zero subcortical structures. Consequently, n is either 31 or 22, depending on
whether the cortical or subcortical structures are being tested.

It’s worth mentioning that the anatomical measurements in the DK'T atlas most
definitely are dependant on each other, and not independent since they come from
the same individual. This in turn runs the risk of over-correcting the statistical
significance. However, since it’s of interest to determine if regions most severely
effected by AD is also effected by T2DM it is still a useful method for correction in
this case.

3.5.4 A Priori Region Selection

Due to the MIND dataset being a small dataset and that the volumetric differences
are assumed to be quite small as none of the patients have a clinical neurodegentra-
tive disease diagnosis, the regions of interests were picked a priori.

What this means is that only regions that showed significant morphometric dif-
ferences between AD and HC patients in the OASIS dataset, after the Bonferroni
correction, were checked for significance in the MIND data. This method is rec-
ommended to use when analysing cross-sectional MRI data [84] and serves two
purposes. The first is in an attempt to handle the multiple comparison problem,
and the second is that we are only interested in morphometric changes due to the
apparent connection between AD and T2DM.
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Results

In this chapter, the results of this thesis will be presented. The first part of the result
will focus on the performance, both in terms of runtime and reliability of FreeSurfer
and FastSurfer. The second part of the results will first present the results related
to the determination of which regions of interests were the most impacted by AD-
related atrophy and if any of the same regions are effected by T2DM.

4.1 Software Comparison

The study compared two software tools, FreeSurfer and FastSurfer, based on three
different metrics. The first metric evaluated the computational time required to pro-
cess a T1-weighted MRI scan, which indicates the efficiency and processing speed
of each software. The second metric assessed the reliability of the software, which
was determined by the similarity measures presented in section 3.4, providing in-
sights into the consistency and accuracy of the results generated by each tool. The
third and final metric focused on the ability of the two software to detect the same
morphometric signals, a crucial measure in determining whether the tools produce
consistent and comparable results in terms of identifying relevant anatomical fea-
tures.

4.1.1 Runtime

Table 4.1 presents the average runtime per subject, as well as the total runtime per
software and dataset. The total runtime is defined as the sum of time taken to
process all subjects individually. It is worth noting that the actual total runtime
is lower for both software packages, as the subjects were processed in parallel as
outlined in Section 3.2. However, due to user error, some subjects had to be manually
rerun. This meant that some batches contained less than 8 subjects at a time. To
enable comparison that ignores user error, the total run time and average run per
subject is presented.
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Table 4.1: Average and total runtime per software and dataset. The table shows
the results for the two software FreeSurfer and FastSurfer per dataset.

Average runtime

Software Dataset Number of subjects per subject Total run time
FastSurfer MIND, Scan 1 38 02:02 hours 3 days 05:45
MIND, Scan 2 38 01:48 hours 2 days 20:24

OASIS 136 02:08 hours 12 days 04:05

FreeSurfer MIND, Scan 1 38 06:48 hours 10 days 18:45
MIND, Scan 2 38 06:46 hours 10 days 17:19

OASIS 136 07:06 hours 40 days 07:13

4.1.2 Intra-software Reliability

In the following section, the results from the three different similarity metrics:
Pearson correlation coefficient, intraclass correlation coeffiecient, and variability,
described in Section 3.4 are presented for both datasets used. All the ICC cal-
culations use the ICC(2, k) metric, per equation (3.2). Three different anatomical
measures were used to determine the similarity metrics: average cortical thickness,
grey matter volume, and cortical surface area. They were calculated for each region
of interest defined in the Desikan-Killiany-Tourville (DKT) atlas, using estimates
from both the FreeSurfer and FastSurfer software separately.

In Figures 4.1 and 4.5 we can see the results from the PCC calculated between
the first and second MRI scans from the OASIS dataset. Generally, the PCC is high
for both software and both datasets, with both averages being above 0.90. Further-
more, the PCC values for the cortical thickness is generally lower than that of the
grey matter volume and cortical surface area. The same trend can be seen in the
ICC similarity metric, shown in Figures 4.2 and 4.6. In Figures 4.3 and 4.7, the
TRV is presented. For both software and datasets, the average variability is around
2%. Finally, all three of the similarity metrics for the subcortical volumes can be
seen in Figures 4.4 and 4.8.
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Figure 4.1: The test-retest reliability, quantified by the Pearson correlation co-
efficient (PCC), between the first and second MRI scans from the OASIS dataset.
Three different anatomical measures are shown: average cortical thickness, grey mat-
ter volume, and cortical surface area. The PCC was calculated for each region of
interest defined in the Desikan-Killiany-Tourville (DKT) atlas, using estimates from
both the FreeSurfer and FastSurfer software separately. The solid lines represent
the PCC values, while the transparent bands indicate the 95% confidence intervals
around each PCC estimate. Details on specific values can be found in Tables B.1,
B.2, B.3, B4, B.5 and B.6.
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Figure 4.2: The test-retest reliability, quantified by the Intraclass correlation co-
efficient (ICC), between the first and second MRI scans from the OASIS dataset.
Three different anatomical measures are shown: average cortical thickness, grey
matter volume, and cortical surface area. The ICC was calculated for each region of
interest defined in the Desikan-Killiany-Tourville (DKT) atlas, using estimates from
both the FreeSurfer and FastSurfer software separately. The solid lines represent
the ICC values, while the transparent bands indicate the 95% confidence intervals
around each ICC estimate.
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Figure 4.3: The Test-retest variability (TRV), between the first and second MRI
scans from the OASIS dataset. Three different anatomical measures are shown:
average cortical thickness, grey matter volume, and cortical surface area. The TRV
was calculated for each region of interest defined in the Desikan-Killiany-Tourville
(DKT) atlas, using estimates from both the FreeSurfer and FastSurfer software
separately. The solid lines represent the TRV values, while the transparent bands
indicate the 95% confidence intervals around each TRV estimate. Details on specific
values can be found in Tables B.1, B.2, B.3, B.4, B.5 and B.6.
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Similarity Metrics for Subcortical Regions, OASIS
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Figure 4.4: The test-retest reliability, quantified by the PCC, ICC and TRV, be-
tween the first and second MRI scans from the OASIS dataset for subcortical volume
measurements. The plot at the top shows the PCC, the middle one the ICC and the
bottom one the TRV. The metrics were calculated for all non-zero subcortical vol-
umes, using estimates from both the FreeSurfer and FastSurfer software separately.
The solid lines represent the calculated values, while the transparent bands indicate
the 95% confidence intervals around each estimate. Details on specific values can

be found in Tables B.7 and B.8&.
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PCC, MIND
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Figure 4.5: The test-retest reliability, quantified by the Pearson correlation co-
efficient (PCC), between the first and second MRI scans from the MIND dataset.
Three different anatomical measures are shown: average cortical thickness, grey mat-
ter volume, and cortical surface area. The PCC was calculated for each region of
interest defined in the Desikan-Killiany-Tourville (DKT) atlas, using estimates from
both the FreeSurfer and FastSurfer software separately. The solid lines represent
the PCC values, while the transparent bands indicate the 95% confidence intervals
around each PCC estimate. Details on specific values can be found in Tables B.9,
B.10, B.11, B.12, B.13 and B.14.
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Figure 4.6: The test-retest reliability, quantified by the Intraclass correlation co-
efficient (ICC), between the first and second MRI scans from the MIND dataset.
Three different anatomical measures are shown: average cortical thickness, grey
matter volume, and cortical surface area. The ICC was calculated for each region of
interest defined in the Desikan-Killiany-Tourville (DKT) atlas, using estimates from
both the FreeSurfer and FastSurfer software separately. The solid lines represent
the ICC values, while the transparent bands indicate the 95% confidence intervals
around each ICC estimate. Details on specific values can be found in Tables B.9,
B.10, B.11, B.12, B.13 and B.14.
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Variability, OASIS
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Figure 4.7: The Test-retest variability (TRV), between the first and second MRI
scans from the MIND dataset. Three different anatomical measures are shown:
average cortical thickness, grey matter volume, and cortical surface area. The TRV
was calculated for each region of interest defined in the Desikan-Killiany-Tourville
(DKT) atlas, using estimates from both the FreeSurfer and FastSurfer software
separately. The solid lines represent the TRV values, while the transparent bands
indicate the 95% confidence intervals around each TRV estimate. Details on specific
values can be found in Tables B.9, B.10, B.11, B.12, B.13 and B.14.
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Similarity Metrics for Subcortical Regions, MIND
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Figure 4.8: The test-retest reliability, quantified by the PCC, ICC and TRV, be-
tween the first and second MRI scans from the MIND dataset for subcortical volume
measurements. The plot at the top shows the PCC, the middle one the ICC and the
bottom one the TRV. The metrics were calculated for all non-zero subcortical vol-
umes, using estimates from both the FreeSurfer and FastSurfer software separately.
The solid lines represent the calculated values, while the transparent bands indicate
the 95% confidence intervals around each estimate. Details on specific values can

be found in Tables B.15 and B.16.
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4.1.3 Inter-software Reliability

Here, the results from the inter-software reliability testing is presented. The ICC
used to determine the inter-software reliability is the ICC(3, 1) from Equation (3.3).
The inter-software reliability was used to determine if FastSurfer and FreeSurfer
differ in their estimates of anatomical measurements. The same three different
anatomical measures as in the intra-software testing were used, namely average cor-
tical thickness, grey matter volume, and cortical surface area. The calculations were
performed separately for the two sets of scans available in the both datasets.

In Figures 4.9 and 4.10 the ICC can be seen for the OASIS dataset and the MIND
dataset, respectively. For all three of the anatomical measurements and both scans,
the average ICC is close to 0.93 with a few outlier regions.
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1CC(3,1), OASIS
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Figure 4.9: The inter-rater reliability, quantified by the ICC(3,1) metric, between
the the two software FreeSurfer and FastSurfer using the OASIS dataset. Three
different anatomical measures are shown: average cortical thickness, grey matter
volume, and cortical surface area. The calculations were performed separately for
the two sets of scans available in the dataset. The solid lines represent the calculated
values, while the transparent bands indicate the 95% confidence intervals around
each estimate.

32



4. Results

1CC(3,1), MIND
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Figure 4.10: The inter-rater reliability, quantified by the ICC(3,1) metric, between
the the two software FreeSurfer and FastSurfer using the MIND dataset. Three
different anatomical measures are shown: average cortical thickness, grey matter
volume, and cortical surface area. The calculations were performed separately for
the two sets of scans available in the dataset. The solid lines represent the calculated
values, while the transparent bands indicate the 95% confidence intervals around
each estimate.
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4.1.4 Visual Inspection

Here, an example of the difference between FreeSurfer and FastSurfer is presented
by a single slice from a single subject in the MIND dataset.

Figure 4.11: One slice of the cortical reconstruction in a subject from the MIND
dataset. The colour of the lines determines the software used, with FreeSurfer
represented in red and and FastSurfer in green. The figure also contains a zoomed
in part of the right hemisphere of a part of the temporal lobe.

4.2 Assessment of Brain Volumetric Changes in
Type 2 Diabetes

In this section, the results used to assess whether or not there exists morphometric
changes in the patients with T2DM compared to the healthy controls are presented.
This result is divided in to two parts. First, the results from the a priori region
of interest selection are presented. Lastly, the results from the statistical difference
between T2DM patients and the HC will be presented.
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4.2.1 A Priori Region Selection

In this section, the most significantly impacted regions of interest in the DKT atlas
from OASIS dataset will be presented. The significance was determined by fitting
a linear model as outlined by Section 3.5 and the statistical correction was per-
formed by dividing the significance with the number of regions. The regions had
to be significant in both FreeSurfer and FastSurfer to be included. The significant
regions in terms of average cortical thickness can be seen in Figure 4.12; the regions
significantly effected in terms of grey matter volume can be seen in Figure 4.13 and
finally, the most severely effected subcortical regions are presented in Figure 4.14.

Significant ROIs, Cortical Thickness, OASIS

Software
M p-value-FreeSurfer
B p-value-FastSurfer

P-value

Figure 4.12: Regions of interest in the OASIS dataset where Alzheimer’s disease
diagnosis was identified as a statistically significant factor in both FreeSurfer and
FastSurfer contributing to reduced cortical thickness at the significance level of p <
%. This was based on a linear regression model that included age, gender, and
Alzheimer’s disease diagnosis as covariates.

35



4. Results

Significant ROIs, Grey Matter Volume, OASIS

Software
M p-value-FreeSurfer
M p-value-FastSurfer

ROI

entorhinal

‘”fe”°'*emp°ra'=

middletemporal=

Q// QI//\ be Q//b ?//b Q//(o Q//OJ 0/6) Q//D‘ Q/DK Q//D‘ Q//n) 2//0) Q//A) 2//'1/ Qz/q,
F  FFFE FFEFEFEFFFEFE EF S
A N I AN S O S S I PN A P

P-value

Figure 4.13: Regions of interest in the OASIS dataset where Alzheimer’s disease
diagnosis was identified as a statistically significant factor in both FreeSurfer and
FastSurfer contributing to reduced grey matter volume at the significance level of
p < 05%. This was based on a linear regression model that included age, gender,

and Alzheimer’s disease diagnosis as covariates.
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Figure 4.14: Regions of interest in the OASIS dataset where Alzheimer’s dis-
ease diagnosis was identified as a statistically significant factor in both FreeSurfer
and FastSurfer contributing to altered subcortical volume at the significance level
of p < %. This was based on a linear regression model that included age, gen-
der, and Alzheimer’s disease diagnosis as covariates. Both the amygdala and the
hippocampus exhibited negative coefficients, indicating atrophy. Conversely, the in-
ferior lateral ventricle displayed a positive coefficient, suggesting an enlargement in

its volume.
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4.2.2 Statistical Difference Between T2DM and HC

In Table 4.2, the results from the statistical testing between the T2DM and HC
patients from the MIND dataset is presented. All regions that were significant when
comparing the cortical thickness, grey matter volume and subcortical volumes will
be presented.

Table 4.2: Table presenting the regions in the DKT atlas that were significant in
the MIND dataset at the 0.05 level as well the anatomical measure it was significant
for.

Anatomical Measurement Region of interest P-value
Cortical Thickness Transverse temporal gyrus 0.0077
Middle frontal gyrus, Rostral  0.0304
Grey Matter Volume Cingulate, Rostral anterior 0.0037
Cingulate, Isthmus 0.0285
Cingulate, Caudal anterior 0.0325
Inferior temporal gyrus 0.0464
Subcortical Volume Thalamus 0.0442
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Discussion

This chapter present interpretations of the key findings reported in the chapter 4.
The discussion is structured into five sections, each corresponding to a subsection
of the results. In addition to discussing the implications of the current study, this
chapter will explore potentials for future research questions. Both in terms of differ-
ent methodological approaches that could be employed to further validate or extend
the present findings. Secondly, it will consider the potential benefits of incorporating
different datasets.

5.1 Software Comparison

Here, the results used to compare FreeSurfer to FastSurfer will be presented. The
two software will be compared in terms of runtime, intra-software reliability and
finally inter-software reliability.

5.1.1 Runtime

The results displayed in table 4.1 shows that processing the MR scan with FastSurfer
provides a remarkable performance advantage over FreeSurfer. When using the
semaphore Bash shell script outlined in section 3.2, FastSurfer finishes the equivalent
full pipeline on the same dataset in less than a third of the time compared to
FreeSurfer. It is important to note that the average runtime per subject and the
total runtime presented in table 4.1 does not account for the parallel processing of
multiple subjects. The actual time required to process the data is roughly one-eighth
of the values shown in table 4.1 for both FreeSurfer and FastSurfer. However, due
to the necessity of re-running certain subjects as a result of user error, the results
were presented in their current format.

5.1.2 Intra-software Reliability

The primary objective of the intra-software reliability assessment was to deter-
mine the consistency of anatomical measurements estimated by the two software,
FreeSurfer and FastSurfer, when comparing test-retest scans. The results show that,
on average, both software have high correlation coefficients, both for Pearson’s and
intraclass. They also produce a relatively low average test-retest variability for the
regions of interest in the DKT atlas. This pattern held true for both datasets and
most regions. The cortical anatomical measurements demonstrate excellent reliabil-
ity in terms of PCC and ICC. According to the grading ranges mentioned in Section
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3.4, these measurements all fall into the excellent reliability category, with values
above 0.90. However, there is one exception to this trend. FreeSurfer’s estimates
of the average cortical thickness had a slightly lower PCC value of around 0.85 for
both datasets, placing it just outside the "excellent" reliability range.

One surprising finding was that FastSurfer generally outperformed FreeSurfer, demon-
strating higher correlation coefficients and lower test-retest variability. This perfor-
mance advantage was particularly evident in measurements with a larger range, such
as the average cortical thickness.

However, there were certain regions where FastSurfer exhibited worse performance
compared to FreeSurfer across both datasets. Examples of such regions include the
medial orbitofrontal gyrus (medialoribtofrontal) and all the subcortical regions of
interest related to the corpus callosum, except for the posterior corpus callosum, see
Figures 4.4 and 4.8.

One notable result was that both FreeSurfer and FastSurfer exhibited poor per-
formance when measuring the entorhinal cortex region. This observation is partic-
ularly concerning, as the entorhinal cortex is often one of the earliest brain regions
to be affected by atrophy in Alzheimer’s disease (AD), as mentioned in section 2.1.2.

Overall, FreeSurfer and FastSurfer exhibited marginally superior performance across
all metrics when evaluated on the OASIS dataset. This enhanced performance can
likely be attributed to the fact that the input data for the OASIS dataset consisted
of an average of 3-4 intra-session scans. As discussed in Section 3.2, averaging mul-
tiple scans from the same session has been demonstrated to improve the reliability
and accuracy of the results.

5.1.3 Inter-software Reliability

The purpose of the inter-software reliability test was to determine if the FastSurfer
pipeline is generally able to recreate estimates obtained with FreeSurfer. Although
the ground truth of the anatomical measurements in vivo are unknown, FreeSurfer
is a widely used and accepted software in structural MRI, and thus, by measuring
how similar measurements estimated by FastSurfer are to measurements estimated
by FreeSurfer we get an idea if FastSurfer is a viable alternative.

From Figure 4.9 and Figure 4.10, we can see that almost all regions of interest
in the DKT atlas have a high intraclass correlation coefficient. Most regions of in-
terest have a coefficient around 0.9. Which regions that perform worse vary, some
within the same dataset, depending on if the ICC was calculated for the first or
the second scan. Overall, the inter-software reliability follow the same pattern as
the intra-software ICC. For example, the enthorhinal cortex has lower ICC for all
three measurements in the OASIS dataset, and worse for the grey matter volume
and cortical surface area for the MIND dataset.
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Regardless, considering that most of the regions fall into the category of excellent
reliability, this indicates that FastSurfer is a viable option to FreeSurfer.

5.1.4 Visual Inspection

The visual inspection presented in Figure 4.11 shows that not only is the cortical
reconstruction created by the white matter and pial surface quite good for this sub-
ject, it also shows that FreeSurfer and FastSurfer seem to give a similar result. In
Figure 4.11, the red line shows the cortical reconstruction as created by FreeSurfer
and the green line shows the same but for FastSurfer. When only one colour is
visible it means that the two software are more or less identical.

The zoomed part of Figure 4.11 shows a close up inspection of a part of the right tem-
poral lobe. Here, a relatively large difference between the segmentation of FreeSurfer
and FastSurfer can be seen. The specific structure where the segmentation differs
corresponds to the entorhinal cortex. This result is consistent with results from
both the intra- and inter-software reliability tests performed, which indicated that
this cortical region is difficult to estimate. Although the results presented in Section
4.1.4 only shows one slice from one subject, the shown slice serves as illustration for
the rather abstract result presented in Sections 4.1.2 and 4.1.3.

5.2 Assessment of Brain Volumetric Changes in
Type 2 Diabetes

Firstly, to determine in which regions to look for cortical atrophy in the MIND
dataset, an a priori approach was adopted as outlined by Section 3.5.4. The re-
sults presented in Figures 4.12, 4.13 and 4.14 show that there were five cortical and
three subcortical regions that were significant at the 0.05/31 and 0.05/22 level, re-
spectively, when adjusted for ICV, age and gender in the OASIS dataset. For the
cerebral cortex these were the parahippocampal gyrus, the superior, inferior and
middle temporal gyrus as well as the enthorinal cortex. The subcortical regions
that were significant with the same adjustments were the inferior lateral ventricle,
the hippocampus and the amygdala.

These results agree with the literature. As mentioned in Section 2.1.2, the most
commonly and severely affected regions of the brain due to AD related atrophy are
the same ones we find in Figures 4.12, 4.13 and 4.14. As we expect these regions
to show the most signs of atrophy in patients with AD, this also gives credence to
FreeSurfer and FastSurfer as functional software as they are able to detect these
changes.

Comparing Table 4.2 to Figures 4.12, 4.13, and 4.14, we can see that the only
region in the MIND data that showed a significant effect at the 0.05 level, and also
had a significant group-effect in the OASIS dataset, was the inferior temporal gyrus
in regards to grey matter volume.
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From literature, we expect to find larger differences in cerebral anatomy. Specif-
ically in the hippocampus [85, 86]. We also expect to find it in the medial temporal
lobe, with regions such as the entorhinal cortex showing the earliest signs of atrophy
in AD patients.

One probable theory as to why a larger difference could not be detected is that
the dataset used is rather small, only containing 10 subjects with T2DM and 15
HC. The initial atrophy in emerging neurodegeneration may not strictly adhere to
a predefined spatial pattern. As such, it is possible that several of these patients
has brain atrophy in different brain structures (or even in different hemispheres).
Although the sample size included here did not allow us to detect any consistent
changes across the brain, it is possible that there were indeed volumetric changes,
but different subjects exhibited changes in different brain regions. This would effec-
tively prevent us from detecting any volumetric changes in this small dataset. Of
note, the primary reason for the small sample size is that the MIND-study was not
primarily an MRI-study. MIND included PET imaging with two different radiotrac-
ers, and as PET imaging comes with radiation exposure, small sample sizes are often
unavoidable. Nevertheless, another possible reason for why we did not detect any
atrophy among T2DM group is that only participants that were cognitively unaf-
fected were included in the MIND study. Having an Mini-Mental State Examination
(MMSE) above or equal to 27 was an inclusion criteria in the MIND-study, which
in essence mean that participants had no cognitive decline. It is therefore possible
that the included T2DM subjects had no observable volumetric changes at the time
of MR acquisition.
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Conclusion

This thesis aimed to assess the potential differences in brain volumetrics between
individuals with Type 2 Diabetes Mellitus and healthy controls using the two soft-
ware FreeSurfer and FastSurfer. Despite previous literature indicating significant
brain atrophy in T2DM patients, our findings did not reveal substantial differences
in brain morphometry when comparing the two groups. Only one region, the inferior
temporal gyrus, showed significant signs of atrophy.

The two software used, FreeSurfer and FastSurfer, demonstrated excellent intra-
software reliability, with high values of Pearson’s correlation coefficient and intra-
class correlation coefficient. The two software also showed high inter-software relia-
bility. This demonstrates that FastSurfer, which is not as extensively validated as
FreeSurfer, can replicate the same results. This was of great importance to assess if
FastSurfer is a valid alternative to FreeSurfer.

Furthermore, the regions of interest detected by both software as the most severely
affected in the OASIS dataset correspond well with known literature on Alzheimer’s
disease-driven atrophy.

6.1 Future Work

The lack of detected differences between the T2DM patients and the healthy con-
trols, when previous studies have detected it indicated the need for further studies
in the field.

One potential improvement that could be implemented with the current dataset
is the use of a higher resolution atlas, which contains more but smaller regions of
interest. It is possible that the expected atrophy due to T2DM is more localised and
does not significantly impact the average across the entire region in the DKT atlas
used in the study. Alternatively, a vertex-to-vertex comparison could be employed,
effectively serving as an extremely high-resolution atlas.

Another interesting future prospect the use of a longitudinal dataset instead of

a cross-sectional dataset, as in this thesis. A longitudinal dataset would involve
studying multiple patients over time, enabling individual assessment of anatomical
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differences within the same time period. This approach would eliminate the need
to correct for age, gender, and intracranial volume, as each patient would serve as
their own baseline. As outlined in Section 2.1.1, age is negatively correlated with
cortical thickness and grey matter volume, and it would be interesting to see if this
decline is accelerated in patients with T2DM.

Furthermore, a longitudinal dataset would make it much easier to analyse anatom-
ical differences, even if the atrophy is asymmetric.

If a larger dataset were acquired, and a clear difference in brain volumetrics could

be established, the biomarker data from the MIND dataset would enable further
research into understanding the metabolic factors driving brain atrophy.
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Appendix

The Appendix contains the full table of all the ROIs in the DKT atlas.

A.1 Table of all cortical regions in the DKT atlas

Table A.1: Cortical regions in the DKT atlas [53] and their corresponding name
in the output of FreeSurfer & FastSurfer.

Lobe Cortical region Output name
Temporal lobe Entorhinal cortex entorhinal
Parahippocampal gyrus parahippocampal
Fusiform gyrus fusiform
Superior temporal gyrus superiortemporal
Middle temporal gyrus middletemporal
Inferior temporal gyrus inferiortemporal
Transverse temporal gyrus transversetemporal
Frontal lobe Superior frontal superiorfrontal
Middle frontal gyrus, Rostral rostralmiddlefrontal
Middle frontal gyrus, Caudal caudalmiddlefrontal
Inferior frontal gyrus, Pars opercularis  parsopercularis
Inferior frontal gyrus, Pars triangularis parstriangularis
Inferior frontal gyrus, Pars orbitalis parsorbitalis
Orbitofrontal gyrus, Lateral lateralorbitofrontal
Orbitofrontal gyrus, Medial medialorbitofrontal
Precentral gyrus precentral
Paracentral lobule paracentral
Parietal lobe  Postcentral gyrus postcentral
Supramarginal gyrus supramarginal
Superior parietal lobule superiorparietal
Inferior parietal lobule inferiorparietal
Precuneus precuneus
Occipital lobe  Lingual gyrus lingual
Pericalcarine cortex pericalcarine
Cuneus cortex cuneus
Lateral occipital cortex lateraloccipital

Limbic lobe

Cingulate, Rostral anterior
Cingulate, Caudal anterior
Cingulate, Posterior
Cingulate, Isthmus

Insula

rostralanteriorcingulate
caudalanteriorcingulate
posteriorcingulate
isthmuscingulate

insula
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Table A.2: All subcortical regions included in the analysis and their corresponding

name in the output of FreeSurfer & FastSurfer.

IT

Subcortical region

Output name

3rd-Ventricle

4th-Ventricle

Nucleus accumbens
Amygdala

Brain stem

Corpus callosum, anterior
Corpus callosum, central
Corpus callosum, mid anterior
Corpus callosum, mid posterior
Corpus callosum, posterior
Cerebrospinal fluid
Caudate nucleus
Cerebellum, cortex
Cerebellum, white matter
Hippocampus

Lateral ventricle, inferior
Lateral ventricle

Globus pallidus

Putamen

Thalamus

Ventral diencephalon
Choroid plexus

3rd-Ventricle
4th-Ventricle
Accumbens-area
Amygdala
Brain-Stem

CC Anterior
CC__Central

CC Mid Anterior
CC_Mid Posterior
CC Posterior

CSF

Caudate
Cerebellum-Cortex
Cerebellum-White-Matter
Hippocampus
Inf-Lat-Vent
Lateral-Ventricle
Pallidum

Putamen
Thalamus
VentralDC
choroid-plexus




Appendix

Appendix B contains all the data from the intra-software reliability testing. There
is one table for each software and measurement (average cortical thickness, average
grey matter volume, and surface area).

B.1 Intra-software reliability

Table B.1: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average cortical thickness measure-
ments obtained from FreeSurfer using the OASIS dataset.

Region of interest PCC LL  UL| ICC LL  UL| TRV LL UL
caudalanteriorcingulate 0.8140 0.5806 0.9238 | 0.8864 0.7100 0.9500 | 1.8658 1.1603 2.5712
caudalmiddlefrontal 0.7519 0.4636 0.8962 | 0.8607 0.6500 0.9400 | 1.9419 1.3190 2.5647
cuneus 0.9494 0.8742 0.9801 | 0.9732 0.9300 0.9900 | 1.4559 0.9131 1.9987
entorhinal 0.9006 0.7615 0.9604 | 0.9453 0.8600 0.9800 | 2.8328 1.5318 4.1337
fusiform 0.8170 0.5864 0.9250 | 0.8894 0.7200 0.9600 | 1.7245 1.0774 2.3715
inferiorparietal 0.9111 0.7852 0.9647 | 0.9525 0.8800 0.9800 | 1.1181 0.7171 1.5192
inferiortemporal 0.8627 0.6796 0.9446 | 0.9159 0.7900 0.9700 | 1.8422 1.1160 2.5685
insula 0.8383 0.6291 0.9342 | 0.8982 0.7300 0.9600 | 2.0895 1.3653 2.8137
isthmuscingulate 0.9364 0.8433 0.9749 | 0.9655 0.9100 0.9900 | 1.8607 1.2978 2.4235
lateraloccipital 0.9342 0.8383 0.9741 | 0.9658 0.9200 0.9900 | 1.1610 0.7491 1.5730
lateralorbitofrontal 0.8471 0.6472 0.9380 | 0.9176 0.7900 0.9700 | 1.7757 1.0680 2.4834
lingual 0.8378 0.6281 0.9340 | 0.9133 0.7800 0.9700 | 1.8963 1.2267 2.5659
medialorbitofrontal 0.8674 0.6896 0.9466 | 0.9207 0.8000 0.9700 | 2.3177 1.4729 3.1624
middletemporal 0.8184 0.5893 0.9257 | 0.8919 0.7300 0.9600 | 1.6171 1.0267 2.2075
paracentral 0.8634 0.6812 0.9449 | 0.9295 0.8200 0.9700 | 2.0040 1.4735 2.5346
parahippocampal 0.8622 0.6786 0.9444 | 0.9276 0.8200 0.9700 | 2.9905 2.0157 3.9654
parsopercularis 0.8261 0.6046 0.9290 | 0.8992 0.7500 0.9600 | 1.6032 1.0808 2.1256
parsorbitalis 0.8676 0.6900 0.9467 | 0.9324 0.8300 0.9700 | 2.0885 1.4435 2.7335
parstriangularis 0.8138 0.5802 0.9237 | 0.9001 0.7500 0.9600 | 1.7465 1.1541 2.3388
pericalcarine 0.8329 0.6183 0.9320 | 0.9103 0.7800 0.9600 | 3.0256 1.9996 4.0516
postcentral 0.9291 0.8263 0.9720 | 0.9612 0.9000 0.9800 | 1.4863 0.8588 2.1137
posteriorcingulate 0.6774 0.3354 0.8616 | 0.8090 0.5100 0.9200 | 2.3584 1.4884 3.2284
precentral 0.7723 0.5011 0.9054 | 0.8666 0.6600 0.9500 | 1.6904 0.6209 2.7600
precuneus 0.9160 0.7962 0.9667 | 0.9545 0.8900 0.9800 | 1.3360 0.8595 1.8126
rostralanteriorcingulate 0.7214 0.4096 0.8823 | 0.7986 0.4700 0.9200 | 3.2399 1.8746 4.6052
rostralmiddlefrontal 0.8849 0.7272 0.9539 | 0.9331 0.8300 0.9700 | 1.7597 1.1310 2.3884
superiorfrontal 0.8266 0.6055 0.9292 | 0.9052 0.7600 0.9600 | 1.8882 1.2135 2.5629
superiorparietal 0.9086 0.7795 0.9637 | 0.9536 0.8800 0.9800 | 1.5526 1.0177 2.0874
superiortemporal 0.8282 0.6088 0.9299 | 0.8856 0.7200 0.9500 | 1.6014 1.0647 2.1382
supramarginal 0.9238 0.8140 0.9698 | 0.9605 0.9000 0.9800 | 1.1790 0.7809 1.5771
transversetemporal 0.8886 0.7352 0.9554 | 0.9423 0.8600 0.9800 | 2.3261 1.5878 3.0644

ITT
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Table B.2: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average grey matter volume mea-
surements obtained from FreeSurfer using the OASIS dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9619 0.9043 0.9851 | 0.9776 0.9400 0.9900 | 2.8786 1.7125 4.0448
caudalmiddlefrontal 0.9510 0.8779 0.9808 | 0.9725 0.9300 0.9900 | 3.0514 1.5192 4.5836
cuneus 0.9849 0.9614 0.9941 | 0.9914 0.9800 1.0000 | 2.4386 1.6837 3.1935
entorhinal 0.7836 0.5221 0.9104 | 0.8790 0.6900 0.9500 | 5.1561 3.4441 6.8681
fusiform 0.9745 0.9353 0.9901 | 0.9858 0.9600 0.9900 | 2.3487 1.5321 3.1654
inferiorparietal 0.9773 0.9423 0.9912 | 0.9890 0.9700 1.0000 | 2.0633 1.2526 2.8740
inferiortemporal 0.9642 0.9100 0.9860 | 0.9820 0.9600 0.9900 | 2.6785 1.9272 3.4298
insula 0.9872 0.9672 0.9950 | 0.9914 0.9700 1.0000 | 1.7371 1.1120 2.3623
isthmuscingulate 0.9636 0.9084 0.9858 | 0.9807 0.9500 0.9900 | 2.7958 1.8023 3.7893
lateraloccipital 0.9837 0.9584 0.9937 | 0.9914 0.9800 1.0000 | 1.7936 1.1804 2.4069
lateralorbitofrontal 0.9495 0.8744 0.9802 | 0.9746 0.9400 0.9900 | 2.5701 1.6036 3.5366
lingual 0.9887 0.9709 0.9956 | 0.9928 0.9800 1.0000 | 2.3252 1.3814 3.2690
medialorbitofrontal 0.9649 0.9115 0.9863 | 0.9782 0.9400 0.9900 | 3.1565 2.1567 4.1563
middletemporal 0.9766 0.9405 0.9909 | 0.9868 0.9700 0.9900 | 2.2876 1.6738 2.9013
paracentral 0.9733 0.9323 0.9896 | 0.9867 0.9700 0.9900 | 2.2830 1.6552 2.9107
parahippocampal 0.8821 0.7209 0.9527 | 0.9263 0.8000 0.9700 | 3.5798 2.3562 4.8034
parsopercularis 0.9891 0.9720 0.9958 | 0.9933 0.9800 1.0000 | 2.0110 1.4625 2.5595
parsorbitalis 0.9638 0.9089 0.9858 | 0.9825 0.9600 0.9900 | 2.3031 1.3399 3.2663
parstriangularis 0.9779 0.9437 0.9914 | 0.9886 0.9700 1.0000 | 2.6896 1.9104 3.4687
pericalcarine 0.9790 0.9467 0.9919 | 0.9874 0.9600 1.0000 | 3.2568 2.1647 4.3490
postcentral 0.9835 0.9578 0.9936 | 0.9912 0.9800 1.0000 | 1.5845 1.0968 2.0723
posteriorcingulate 0.9677 0.9184 0.9874 | 0.9843 0.9600 0.9900 | 2.4203 1.6302 3.2104
precentral 0.9848 0.9613 0.9941 | 0.9919 0.9800 1.0000 | 1.3186 0.8443 1.7928
precuneus 0.9620 0.9046 0.9852 | 0.9815 0.9500 0.9900 | 1.9471 1.0272 2.8671
rostralanteriorcingulate  0.9722  0.9297 0.9892 | 0.9834 0.9600 0.9900 | 3.2226 1.2643 5.1809
rostralmiddlefrontal 0.9791 0.9468 0.9919 | 0.9888 0.9700 1.0000 | 2.3628 1.7525 2.9731
superiorfrontal 0.9603 0.9004 0.9845 | 0.9805 0.9500 0.9900 | 2.2659 1.5512 2.9806
superiorparietal 0.8535 0.6604 0.9407 | 0.9219 0.8100 0.9700 | 3.2641 0.4960 6.0323
superiortemporal 0.9867 0.9659 0.9948 | 0.9933 0.9800 1.0000 | 1.5459 1.1178 1.9741
supramarginal 0.9756 0.9381 0.9905 | 0.9870 0.9700 0.9900 | 2.1260 0.9357 3.3164
transversetemporal 0.9788 0.9461 0.9918 | 0.9878 0.9700 1.0000 | 2.9499 2.1851 3.7146

IV
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Table B.3: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average surface area measurements
obtained from FreeSurfer using the OASIS dataset.

Region of interest pPCC LL  UL| ICC LL  UL| TRV LL UL
caudalanteriorcingulate 0.9586 0.8963 0.9838 | 0.9787 0.9500 0.9900 | 2.4799  1.4567 3.5031
caudalmiddlefrontal 0.9475 0.8695 0.9794 | 0.9691 0.9200 0.9900 | 1.8773  0.1660 3.5886
cuneus 0.9939 0.9842 0.9976 | 0.9964 0.9900 1.0000 | 1.3182 0.8580 1.7784
entorhinal 0.9314 0.8318 0.9729 | 0.9653 0.9100 0.9900 | 3.7733  2.7189 4.8276
fusiform 0.9902 0.9749 0.9962 | 0.9953 0.9900 1.0000 | 1.0401 0.5618 1.5184
inferiorparietal 0.9851 0.9619 0.9942 | 0.9924 0.9800 1.0000 | 1.2874 0.6334 1.9414
inferiortemporal 0.9830 0.9566 0.9934 | 0.9899 0.9700 1.0000 | 1.5127 0.8366 2.1889
insula 0.9788 0.9461 0.9918 | 0.9891 0.9700 1.0000 | 1.5105 0.9768 2.0443
isthmuscingulate 0.9864 0.9652 0.9947 | 0.9934 0.9800 1.0000 | 1.6896 1.1201 2.2591
lateraloccipital 0.9813 0.9524 0.9927 | 0.9910 0.9800 1.0000 | 1.2805 0.7189 1.8421
lateralorbitofrontal 0.9499 0.8753 0.9803 | 0.9748 0.9400 0.9900 | 2.1273 1.1673 3.0873
lingual 0.9944 0.9857 0.9978 | 0.9973 0.9900 1.0000 | 1.1419 0.7608 1.5230
medialorbitofrontal 0.9621 0.9047 0.9852 | 0.9780 0.9400 0.9900 | 2.5775 1.6304 3.5246
middletemporal 0.9912 09774 0.9966 | 0.9955 0.9900 1.0000 | 1.1675 0.7877 1.5473
paracentral 0.9841 0.9594 0.9938 | 0.9900 0.9800 1.0000 | 1.4697 0.8728 2.0667
parahippocampal 0.8445 0.6418 0.9369 | 0.9126 0.7800 0.9700 | 2.7918 1.0778 4.5058
parsopercularis 0.9909 0.9767 0.9965 | 0.9953 0.9900 1.0000 | 1.4870 1.0898 1.8842
parsorbitalis 0.9658 0.9138 0.9866 | 0.9830 0.9600 0.9900 | 1.6729 1.0753 2.2706
parstriangularis 0.9921 0.9797 0.9969 | 0.9960 0.9900 1.0000 | 1.5446 1.0386 2.0505
pericalcarine 0.9928 0.9815 0.9972 | 0.9952 0.9900 1.0000 | 1.6599 1.1194 2.2004
postcentral 0.9897 0.9735 0.9960 | 0.9948 0.9900 1.0000 | 0.7850 0.3841 1.1860
posteriorcingulate 0.9910 0.9770 0.9965 | 0.9956 0.9900 1.0000 | 1.2575 0.8895 1.6256
precentral 0.9222 0.8104 0.9692 | 0.9541 0.8900 0.9800 | 1.2274 -0.1185 2.5734
precuneus 0.9870 0.9668 0.9950 | 0.9909 0.9800 1.0000 | 1.1735 0.4541 1.8929
rostralanteriorcingulate 0.9324 0.8341 0.9733 | 0.9662 0.9100 0.9900 | 3.8036  2.7145 4.8928
rostralmiddlefrontal 0.9934 0.9831 0.9975 | 0.9967 0.9900 1.0000 | 1.0477 0.6962 1.3992
superiorfrontal 0.9821 0.9543 0.9930 | 0.9904 0.9800 1.0000 | 0.7627 0.1844 1.3411
superiorparietal 0.8934 0.7457 0.9574 | 0.9427 0.8600 0.9800 | 1.9978 -0.4531 4.4486
superiortemporal 0.9922 0.9799 0.9970 | 0.9953 0.9900 1.0000 | 0.9864 0.5645 1.4082
supramarginal 0.9855 0.9630 0.9944 | 0.9909 0.9800 1.0000 | 1.7017 0.8266 2.5769
transversetemporal 0.9843 0.9599 0.9939 | 0.9913 0.9800 1.0000 | 2.0263 1.3929 2.6596
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Table B.4: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average cortical thickness measure-
ments obtained from FastSurfer using the OASIS dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9293 0.8268 0.9721 | 0.9636 0.9100 0.9900 | 1.2188 0.7414 1.6961
caudalmiddlefrontal 0.8883 0.7345 0.9553 | 0.9363 0.8400 0.9700 | 1.1688 0.7463 1.5913
cuneus 0.9820 0.9541 0.9930 | 0.9898 0.9700 1.0000 | 0.9648 0.7094 1.2202
entorhinal 0.9256 0.8182 0.9706 | 0.9602 0.9000 0.9800 | 2.0434 1.3691 2.7178
fusiform 0.8704 0.6959 0.9478 | 0.9337 0.8300 0.9700 | 1.2143 0.7656 1.6629
inferiorparietal 0.9602 0.9002 0.9844 | 0.9806 0.9500 0.9900 | 0.7429 0.4824 1.0035
inferiortemporal 0.9344 0.8387 0.9741 | 0.9595 0.9000 0.9800 | 1.2623 0.9139 1.6107
insula 0.9498 0.8750 0.9803 | 0.9644 0.8600 0.9900 | 1.3355 0.8910 1.7801
isthmuscingulate 0.9647 0.9111 0.9862 | 0.9736 0.8900 0.9900 | 1.7342 1.2869 2.1816
lateraloccipital 0.9596 0.8988 0.9842 | 0.9789 0.9500 0.9900 | 0.8757 0.5079 1.2435
lateralorbitofrontal 0.8612 0.6765 0.9440 | 0.9279 0.8200 0.9700 | 1.4738 0.9357 2.0118
lingual 0.9733 0.9324 0.9896 | 0.9841 0.9600 0.9900 | 0.9316 0.6744 1.1888
medialorbitofrontal 0.8512 0.6556 0.9397 | 0.9226 0.8000 0.9700 | 1.6027 0.7849 2.4204
middletemporal 0.9405 0.8531 0.9766 | 0.9705 0.9300 0.9900 | 0.8139 0.5177 1.1100
paracentral 0.9330 0.8354 0.9736 | 0.9665 0.9200 0.9900 | 1.2257 0.8540 1.5974
parahippocampal 0.9371 0.8450 0.9752 | 0.9622 0.9000 0.9900 | 1.8611 1.1416 2.5805
parsopercularis 0.8762 0.7083 0.9503 | 0.9319 0.8300 0.9700 | 1.1167 0.7043 1.5291
parsorbitalis 0.9361 0.8426 0.9748 | 0.9648 0.9100 0.9900 | 1.3435 0.8451 1.8419
parstriangularis 0.9343 0.8384 0.9741 | 0.9648 0.9100 0.9900 | 0.9562 0.6068 1.3055
pericalcarine 0.9300 0.8285 0.9724 | 0.9628 0.9100 0.9900 | 2.2103 1.4817 2.9388
postcentral 0.9787 0.9458 0.9917 | 0.9893 0.9700 1.0000 | 0.8793 0.6527 1.1060
posteriorcingulate 0.8366 0.6257 0.9335 | 0.9150 0.7800 0.9700 | 1.6375 1.0575 2.2174
precentral 0.9702 0.9247 0.9884 | 0.9852 0.9600 0.9900 | 0.7869 0.5891 0.9846
precuneus 0.9707 0.9258 0.9886 | 0.9854 0.9600 0.9900 | 0.7599 0.4962 1.0235
rostralanteriorcingulate 0.8087 0.5703 0.9215 | 0.8515 0.6100 0.9400 | 2.3852 1.2855 3.4849
rostralmiddlefrontal 0.9479 0.8704 0.9795 | 0.9738 0.9300 0.9900 | 1.0147 0.7240 1.3054
superiorfrontal 0.9335 0.8364 0.9737 | 0.9666 0.9200 0.9900 | 1.1558 0.8338 1.4777
superiorparietal 0.9726 0.9306 0.9893 | 0.9866 0.9700 0.9900 | 0.8397 0.5594 1.1199
superiortemporal 0.9218 0.8096 0.9690 | 0.9568 0.8900 0.9800 | 0.9947 0.7118 1.2775
supramarginal 0.9703 0.9250 0.9884 | 0.9853 0.9600 0.9900 | 0.7570 0.5017 1.0122
transversetemporal 0.9485 0.8720 0.9798 | 0.9739 0.9300 0.9900 | 1.6626 1.2049 2.1204
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Table B.5: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average grey matter volume mea-
surements obtained from FastSurfer using the OASIS dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9670 0.9167 0.9871 | 0.9821 0.9600 0.9900 | 2.8421 1.8738 3.8103
caudalmiddlefrontal 0.9674 0.9179 0.9873 | 0.9833 0.9600 0.9900 | 2.5577 1.3762 3.7392
cuneus 0.9950 0.9872 0.9981 | 0.9969 0.9900 1.0000 | 1.3098 0.7468 1.8728
entorhinal 0.9175 0.7997 0.9673 | 0.9547 0.8900 0.9800 | 3.8192 2.8237 4.8147
fusiform 0.9867 0.9658 0.9948 | 0.9935 0.9800 1.0000 | 1.6920 1.1456 2.2384
inferiorparietal 0.9789 0.9462 0.9918 | 0.9891 0.9700 1.0000 | 1.9709 1.1460 2.7957
inferiortemporal 0.9928 0.9814 0.9972 | 0.9952 0.9900 1.0000 | 1.3353 0.8701 1.8005
insula 0.9913 0.9777 0.9966 | 0.9925 0.9600 1.0000 | 1.6725 0.9882 2.3569
isthmuscingulate 0.9848 0.9612 0.9941 | 0.9916 0.9800 1.0000 | 1.6096 0.9230 2.2961
lateraloccipital 0.9901 0.9746 0.9962 | 0.9950 0.9900 1.0000 | 1.4141 0.9321 1.8962
lateralorbitofrontal 0.9719 0.9288 0.9890 | 0.9848 0.9600 0.9900 | 1.8640 1.1735 2.5545
lingual 0.9945 0.9859 0.9979 | 0.9956 0.9900 1.0000 | 1.7180 1.0990 2.3370
medialorbitofrontal 0.9768 0.9411 0.9910 | 0.9881 0.9700 1.0000 | 2.0479 1.1461 2.9498
middletemporal 0.9933 0.9828 0.9974 | 0.9968 0.9900 1.0000 | 1.1136 0.6684 1.5589
paracentral 0.9840 0.9591 0.9938 | 0.9918 0.9800 1.0000 | 1.8489 1.4152 2.2826
parahippocampal 0.9388 0.8489 0.9759 | 0.9677 0.9200 0.9900 | 2.5328 1.5130 3.5526
parsopercularis 0.9773 0.9423 0.9912 | 0.9891 0.9700 1.0000 | 2.0404 1.1538 2.9270
parsorbitalis 0.9854 0.9626 0.9943 | 0.9925 0.9800 1.0000 | 1.7059 1.0083 2.4036
parstriangularis 0.9919 0.9792 0.9969 | 0.9957 0.9900 1.0000 | 1.9568 1.2545 2.6591
pericalcarine 0.9820 0.9541 0.9930 | 0.9910 0.9800 1.0000 | 2.5065 1.6067 3.4063
postcentral 0.9776 0.9430 0.9913 | 0.9874 0.9700 1.0000 | 1.6245 1.0970 2.1519
posteriorcingulate 0.9850 0.9616 0.9942 | 0.9920 0.9800 1.0000 | 1.9933 1.4249 2.5618
precentral 0.9910 0.9769 0.9965 | 0.9954 0.9900 1.0000 | 1.0094 0.6783 1.3405
precuneus 0.9889 0.9714 0.9957 | 0.9938 0.9800 1.0000 | 1.5560 1.0585 2.0535
rostralanteriorcingulate 0.9656 0.9133 0.9866 | 0.9776 0.9300 0.9900 | 3.5319 1.7559 5.3079
rostralmiddlefrontal 0.9898 0.9737 0.9960 | 0.9924 0.9800 1.0000 | 1.5908 0.9551 2.2266
superiorfrontal 0.9849 0.9615 0.9942 | 0.9926 0.9800 1.0000 | 1.2182 0.7719 1.6646
superiorparietal 0.9855 0.9630 0.9944 | 0.9929 0.9800 1.0000 | 1.5119 0.8808 2.1431
superiortemporal 0.9857 0.9634 0.9944 | 0.9927 0.9800 1.0000 | 1.3197 0.8260 1.8133
supramarginal 0.9929 0.9817 0.9972 | 0.9963 0.9900 1.0000 | 1.2606 0.8588 1.6623
transversetemporal 0.9816 0.9531 0.9928 | 0.9902 0.9800 1.0000 | 2.7751 1.7609 3.7893
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Table B.6: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average surface area measurements
obtained from FastSurfer using the OASIS dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9827 0.9559 0.9933 | 0.9909 0.9800 1.0000 | 1.6543 1.0568 2.2518
caudalmiddlefrontal 0.9727 0.9309 0.9894 | 0.9855 0.9600 0.9900 | 2.2824 1.2611 3.3036
cuneus 0.9916 0.9784 0.9967 | 0.9960 0.9900 1.0000 | 1.3727 0.8181 1.9273
entorhinal 0.9537 0.8843 0.9818 | 0.9743 0.9300 0.9900 | 2.5746 1.4997 3.6496
fusiform 0.9945 0.9859 0.9979 | 0.9970 0.9900 1.0000 | 0.9867 0.6673 1.3062
inferiorparietal 0.9825 0.9554 0.9932 | 0.9913 0.9800 1.0000 | 1.6057 0.9552 2.2562
inferiortemporal 0.9948 0.9866 0.9980 | 0.9973 0.9900 1.0000 | 0.9744 0.6788 1.2699
insula 0.9946 0.9860 0.9979 | 0.9973 0.9900 1.0000 | 0.7766 0.4657 1.0875
isthmuscingulate 0.9864 0.9651 0.9947 | 0.9929 0.9800 1.0000 | 1.6997 0.9585 2.4408
lateraloccipital 0.9857 0.9635 0.9945 | 0.9921 0.9800 1.0000 | 1.3704 0.8247 1.9160
lateralorbitofrontal 0.9640 0.9094 0.9859 | 0.9809 0.9500 0.9900 | 1.7256 0.8365 2.6148
lingual 0.9940 0.9846 0.9977 | 0.9966 0.9900 1.0000 | 1.1172 0.6815 1.5529
medialorbitofrontal 0.9682 0.9198 0.9876 | 0.9837 0.9600 0.9900 | 1.9599 1.1168 2.8030
middletemporal 0.9950 0.9872 0.9981 | 0.9973 0.9900 1.0000 | 0.9028 0.5897 1.2160
paracentral 0.9809 0.9513 0.9926 | 0.9906 0.9800 1.0000 | 1.5319 1.0034 2.0603
parahippocampal 0.9715 0.9278 0.9889 | 0.9846 0.9600 0.9900 | 1.7550 1.1768 2.3331
parsopercularis 0.9851 0.9620 0.9942 | 0.9927 0.9800 1.0000 | 1.5513 0.8655 2.2370
parsorbitalis 0.9819 0.9537 0.9930 | 0.9901 0.9800 1.0000 | 1.5570 0.9168 2.1971
parstriangularis 0.9965 0.9910 0.9986 | 0.9980 0.9900 1.0000 | 1.2927 0.8523 1.7331
pericalcarine 0.9873 0.9675 0.9951 | 0.9939 0.9800 1.0000 | 1.7976 1.3176 2.2776
postcentral 0.9862 0.9647 0.9946 | 0.9911 0.9800 1.0000 | 1.0209 0.5581 1.4837
posteriorcingulate 0.9903 0.9751 0.9962 | 0.9951 0.9900 1.0000 | 1.2943 0.8442 1.7445
precentral 0.9936 0.9835 0.9975 | 0.9965 0.9900 1.0000 | 0.7480 0.5166 0.9793
precuneus 0.9947 0.9864 0.9980 | 0.9971 0.9900 1.0000 | 1.1196 0.7919 1.4473
rostralanteriorcingulate 0.9723 0.9298 0.9892 | 0.9837 0.9600 0.9900 | 2.1259 1.0414 3.2104
rostralmiddlefrontal 0.9935 0.9834 0.9975 | 0.9961 0.9900 1.0000 | 1.1840 0.8207 1.5473
superiorfrontal 0.9960 0.9896 0.9984 | 0.9979 0.9900 1.0000 | 0.4935 0.2601 0.7268
superiorparietal 0.9950 0.9872 0.9981 | 0.9972 0.9900 1.0000 | 1.0297 0.6691 1.3904
superiortemporal 0.9941 0.9848 0.9977 | 0.9967 0.9900 1.0000 | 0.8688 0.5786 1.1589
supramarginal 0.9966 0.9913 0.9987 | 0.9983 1.0000 1.0000 | 0.7432 0.4661 1.0204
transversetemporal 0.9846 0.9605 0.9940 | 0.9910 0.9800 1.0000 | 2.2633 1.4017 3.1249
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Table B.7: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the volumetric measurements of the
subcortical structures obtained from FreeSurfer using the OASIS dataset.

Region of interest PCC LL  UL| ICC LL  UL| TRV LL UL
3rd-Ventricle 0.9738 0.9336 0.9898 | 0.9744 0.9100 0.9900 | 5.6505 4.1851  7.1158
4th-Ventricle 0.9933 0.9826 0.9974 | 0.9967 0.9900 1.0000 | 3.3860 1.9802  4.7917
Accumbens-area 0.9139  0.7915 0.9658 | 0.9556 0.8900 0.9800 | 5.9462 3.8375  8.0548
Amygdala 0.9367 0.8440 0.9751 | 0.9674 0.9200 0.9900 | 3.2670 1.5580  4.9760
Brain-Stem 0.9792  0.9470 0.9919 | 0.9898 0.9700 1.0000 | 1.5070 0.7666  2.2474
CC_ Anterior 0.9728 0.9311 0.9894 | 0.9796 0.9500 0.9900 | 3.2427 19787  4.5068
CC_Central 0.9689 0.9216 0.9879 | 0.9835 0.9600 0.9900 | 4.4135 2.8028  6.0243
CC_Mid_ Anterior 0.9939  0.9844 0.9977 | 0.9966 0.9900 1.0000 | 2.1366 1.3847  2.8886
CC_Mid_ Posterior 0.9860 0.9641 0.9946 | 0.9933 0.9800 1.0000 | 3.0986 2.1990  3.9982
CC_ Posterior 0.9929 0.9818 0.9973 | 0.9964 0.9900 1.0000 | 1.4611 1.0179  1.9044
CSF 0.9359 0.8422 0.9747 | 0.9672 0.9200 0.9900 | 5.7543 3.4358  8.0727
Caudate 0.9919  0.9791 0.9969 | 0.9959 0.9900 1.0000 | 1.4093 0.8704  1.9482
Cerebellum-Cortex 0.9970 0.9922 0.9988 | 0.9983 1.0000 1.0000 | 0.7493 0.4778  1.0207
Cerebellum-White-Matter 0.9700 0.9243  0.9883 | 0.9822 0.9500 0.9900 | 2.1695 1.2635  3.0754
Hippocampus 0.7643 0.4863 0.9018 | 0.8704 0.6700 0.9500 | 2.7392 0.3286  5.1498
Inf-Lat-Vent 0.9664 0.9153 0.9869 | 0.9825 0.9600 0.9900 | 8.4860 5.4526 11.5193
Lateral-Ventricle 0.9989  0.9970 0.9996 | 0.9993 1.0000 1.0000 | 3.1882 2.1070  4.2693
Pallidum 0.9497 0.8749 0.9803 | 0.9715 0.9300 0.9900 | 2.7745 14699  4.0791
Putamen 0.9850 0.9618 0.9942 | 0.9924 0.9800 1.0000 | 1.5116 0.9594  2.0638
Thalamus 0.8823 0.7214 0.9528 | 0.9379 0.8400 0.9800 | 3.7375 2.3469  5.1280
VentralDC 0.9034 0.7679 0.9615 | 0.9482 0.8700 0.9800 | 3.0724 1.8800  4.2648
choroid-plexus 0.8926 0.7438 0.9571 | 0.9458 0.8600 0.9800 | 8.4710 5.1714 11.7705

Table B.8: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the volumetric measurements of the
subcortical structures obtained from FastSurfer using the OASIS dataset.

Region of interest PCC LL UL ‘ ICC LL UL ‘ TRV LL UL
3rd-Ventricle 0.9856 0.9633 0.9944 | 0.9919 0.9800 1.0000 | 3.1667 2.3230  4.0105
4th-Ventricle 0.9980 0.9949 0.9992 | 0.9987 1.0000 1.0000 | 1.8822 1.1318 2.6326
Accumbens-area 0.9822 0.9546 0.9931 | 0.9914 0.9800 1.0000 | 1.9248 1.0801  2.7695
Amygdala 0.9837 0.9582 0.9937 | 0.9902 0.9800 1.0000 | 1.6713 0.8586  2.4840
Brain-Stem 0.9931 0.9822 0.9973 | 0.9967 0.9900 1.0000 | 0.9765 0.5932  1.3597
CC__Anterior 0.9363 0.8431 0.9749 | 0.9684 0.9200 0.9900 | 4.3718 2.6100 6.1337
CC_ Central 0.7642 0.4860 0.9017 | 0.8632 0.6600 0.9500 | 11.1569 5.5794 16.7345
CC_Mid_ Anterior 0.9555 0.8888 0.9826 | 0.9775 0.9400 0.9900 | 4.0336 1.3624  6.7048
CC_Mid_ Posterior 0.9592 0.8976 0.9840 | 0.9799 0.9500 0.9900 | 4.9354 2.9973  6.8735
CC_ Posterior 0.9954 0.9881 0.9982 | 0.9978 0.9900 1.0000 | 1.0791 0.6869 1.4713
CSF 0.9839 0.9588 0.9937 | 0.9919 0.9800 1.0000 | 2.3378 1.4092  3.2663
Caudate 0.9986 0.9965 0.9995 | 0.9993 1.0000 1.0000 | 0.5636 0.3823  0.7449
Cerebellum-Cortex 0.9987 0.9966 0.9995 | 0.9993 1.0000 1.0000 | 0.4216 0.2274  0.6157
Cerebellum-White-Matter 0.9953 0.9880 0.9982 | 0.9971 0.9900 1.0000 | 1.0508 0.7698  1.3319
Hippocampus 0.9946 0.9860 0.9979 | 0.9973 0.9900 1.0000 | 0.7075 0.4733  0.9417
Inf-Lat-Vent 0.9902 0.9749 0.9962 | 0.9952 0.9900 1.0000 | 4.8936 3.1322  6.6551
Lateral-Ventricle 0.9992 0.9980 0.9997 | 0.9996 1.0000 1.0000 | 2.6689 1.6526  3.6852
Pallidum 0.9935 0.9832 0.9975 | 0.9965 0.9900 1.0000 | 1.1979 0.8340  1.5619
Putamen 0.9925 0.9807 0.9971 | 0.9961 0.9900 1.0000 | 0.8507 0.4201  1.2813
Thalamus 0.9921 0.9798 0.9970 | 0.9962 0.9900 1.0000 | 0.8800 0.5165 1.2434
VentralDC 0.9933 0.9828 0.9974 | 0.9968 0.9900 1.0000 | 0.8779 0.6346 1.1212
choroid-plexus 0.9901 0.9747 0.9962 | 0.9924 0.9800 1.0000 | 3.1486 2.1071  4.1902
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Table B.9: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average cortical thickness measure-
ments obtained from FreeSurfer using the MIND dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9037 0.8213 0.9492 | 0.9486 0.9000 0.9700 | 1.8431 1.3083 2.3778
caudalmiddlefrontal 0.8058 0.6548 0.8949 | 0.8731 0.7600 0.9300 | 1.7650 0.9272 2.6028
cuneus 0.7991 0.6439 0.8911 | 0.8900 0.7900 0.9400 | 2.7726 1.9879 3.5573
entorhinal 0.8847 0.7878 0.9389 | 0.9398 0.8800 0.9700 | 4.2283 3.2460 5.2106
fusiform 0.8960 0.8077 0.9450 | 0.9402 0.8900 0.9700 | 1.4971 1.0624 1.9318
inferiorparietal 0.8448 0.7194 0.9169 | 0.9125 0.8300 0.9500 | 1.7515 1.1980 2.3049
inferiortemporal 0.8581 0.7420 0.9242 | 0.9196 0.8500 0.9600 | 1.9029 1.3795 2.4263
insula 0.8844 0.7873 0.9387 | 0.9388 0.8800 0.9700 | 1.4932 1.1004 1.8860
isthmuscingulate 0.8964 0.8084 0.9452 | 0.9443 0.8900 0.9700 | 2.2346 1.7270 2.7422
lateraloccipital 0.8544 0.7356 0.9222 | 0.9194 0.8500 0.9600 | 1.9341 1.4206 2.4476
lateralorbitofrontal 0.7523 0.5696 0.8642 | 0.8539 0.7200 0.9200 | 1.9874 1.5579 2.4169
lingual 0.7459 0.5596 0.8604 | 0.8551 0.7200 0.9200 | 3.1667 2.2001 4.1332
medialorbitofrontal 0.8247 0.6858 0.9056 | 0.8457 0.6600 0.9200 | 2.1617 1.5642 2.7592
middletemporal 0.8766 0.7737 0.9344 | 0.9347 0.8700 0.9700 | 1.4498 0.9505 1.9491
paracentral 0.8292 0.6933 0.9081 | 0.9003 0.8100 0.9500 | 1.9103 1.2956 2.5249
parahippocampal 0.9382 0.8834 0.9676 | 0.9650 0.9300 0.9800 | 2.1829 1.5162 2.8496
parsopercularis 0.8925 0.8015 0.9431 | 0.9381 0.8800 0.9700 | 1.4559 1.1002 1.8116
parsorbitalis 0.8615 0.7477 0.9261 | 0.9198 0.8500 0.9600 | 2.0225 1.2287 2.8163
parstriangularis 0.8490 0.7265 0.9192 | 0.9173 0.8400 0.9600 | 1.6785 1.2576 2.0995
pericalcarine 0.8325 0.6988 0.9100 | 0.9094 0.8300 0.9500 | 4.5034 3.0712 5.9355
postcentral 0.8176 0.6741 0.9016 | 0.8888 0.7900 0.9400 | 1.9816 1.2443 2.7188
posteriorcingulate 0.8786 0.7772 0.9355 | 0.9327 0.8700 0.9600 | 2.0206 1.4525 2.5887
precentral 0.8691 0.7608 0.9303 | 0.9250 0.8600 0.9600 | 2.0906 1.3156 2.8657
precuneus 0.8575 0.7410 0.9239 | 0.9205 0.8500 0.9600 | 1.1807 0.7202 1.6412
rostralanteriorcingulate 0.8817 0.7826 0.9372 | 0.9367 0.8800 0.9700 | 2.1045 1.5208 2.6882
rostralmiddlefrontal 0.8053 0.6540 0.8947 | 0.8862 0.7800 0.9400 | 1.4928 1.0507 1.9350
superiorfrontal 0.7910 0.6308 0.8865 | 0.8654 0.7400 0.9300 | 1.5128 0.9454 2.0803
superiorparietal 0.8866 0.7912 0.9399 | 0.9407 0.8900 0.9700 | 1.3261 0.9256 1.7265
superiortemporal 0.8170 0.6731 0.9013 | 0.8967 0.8000 0.9500 | 1.7729 1.1794 2.3664
supramarginal 0.8061 0.6553 0.8951 | 0.8950 0.8000 0.9500 | 1.7492 1.1250 2.3735
transversetemporal 0.8358 0.7043 0.9119 | 0.9127 0.8300 0.9500 | 2.5920 1.8823 3.3017
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Table B.10: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average grey matter volume mea-
surements obtained from FreeSurfer using the MIND dataset.

Region of interest PCC LL  UL| ICC LL  UL| TRV LL UL
caudalanteriorcingulate 0.9639 0.9311 0.9812 | 0.9820 0.9700 0.9900 | 3.1166 2.3175  3.9158
caudalmiddlefrontal 0.9147 0.8408 0.9551 | 0.9528 0.9100 0.9800 | 3.0403 0.7380  5.3427
cuneus 0.9662 0.9354 0.9824 | 0.9832 0.9700 0.9900 | 2.8827 2.0902  3.6752
entorhinal 0.8259 0.6877 0.9063 | 0.9048 0.8200 0.9500 | 8.6549 6.1522 11.1576
fusiform 0.9674 0.9377 0.9831 | 0.9822 0.9700 0.9900 | 2.7667 2.1441  3.3893
inferiorparietal 0.9585 0.9211 0.9784 | 0.9787 0.9600 0.9900 | 2.4108 1.2458  3.5759
inferiortemporal 0.9189 0.8484 0.9573 | 0.9563 0.9200 0.9800 | 3.3822 2.3852  4.3791
insula 0.9859 0.9728 0.9927 | 0.9930 0.9900 1.0000 | 1.2150 0.9243  1.5057
isthmuscingulate 0.9780 0.9577 0.9886 | 0.9881 0.9800 0.9900 | 2.3923 1.7952  2.9894
lateraloccipital 0.9868 0.9746 0.9932 | 0.9931 0.9900 1.0000 | 1.7877 1.3065 2.2689
lateralorbitofrontal 0.9617 0.9271 0.9801 | 0.9790 0.9600 0.9900 | 2.2436 1.5439  2.9434
lingual 0.9620 0.9276 0.9802 | 0.9811 0.9600 0.9900 | 2.8899 2.0745  3.7054
medialorbitofrontal 0.9644 0.9320 0.9815 | 0.9800 0.9600 0.9900 | 2.6099 1.9976  3.2222
middletemporal 0.9669 0.9368 0.9828 | 0.9828 0.9700 0.9900 | 2.1541 1.3095  2.9987
paracentral 0.8837 0.7861 0.9383 | 0.9369 0.8800 0.9700 | 3.5054 1.5643  5.4464
parahippocampal 0.9064 0.8260 0.9506 | 0.9502 0.9000 0.9700 | 3.6751 2.4917  4.8584
parsopercularis 0.8485 0.7256 0.9189 | 0.9130 0.8300 0.9500 | 3.2290 0.8231  5.6348
parsorbitalis 0.9123 0.8366 0.9538 | 0.9537 0.9100 0.9800 | 3.4123 2.2648  4.5598
parstriangularis 0.8123 0.6653 0.8986 | 0.8924 0.7900 0.9400 | 4.3106 1.4117  7.2095
pericalcarine 0.9332 0.8743 0.9650 | 0.9660 0.9300 0.9800 | 4.7621 3.2425  6.2818
postcentral 0.9056 0.8247 0.9502 | 0.9491 0.9000 0.9700 | 2.4940 1.0117  3.9763
posteriorcingulate 0.9435 0.8932 0.9705 | 0.9712 0.9400 0.9900 | 2.5016 1.4535  3.5496
precentral 0.8699 0.7623 0.9308 | 0.9256 0.8600 0.9600 | 2.7133 0.7207  4.7060
precuneus 0.9498 0.9048 0.9738 | 0.9728 0.9500 0.9900 | 1.9778 0.8558  3.0998
rostralanteriorcingulate 0.9557 0.9159 0.9769 | 0.9775 0.9600 0.9900 | 3.5222 2.5980  4.4465
rostralmiddlefrontal 0.8754 0.7717 0.9338 | 0.9280 0.8600 0.9600 | 3.2792 1.0692  5.4893
superiorfrontal 0.9507 0.9065 0.9743 | 0.9751 0.9500 0.9900 | 2.0281 1.0130  3.0433
superiorparietal 0.8423 0.7152 0.9155 | 0.9096 0.8300 0.9500 | 3.6906 0.9163  6.4650
superiortemporal 0.9475 0.9007 0.9726 | 0.9732 0.9500 0.9900 | 2.5777 1.9136  3.2417
supramarginal 0.8866 0.7911 0.9399 | 0.9403 0.8900 0.9700 | 3.0678 0.9058  5.2297
transversetemporal 0.9752 0.9524 0.9871 | 0.9875 0.9800 0.9900 | 3.1595 2.3209  3.9980
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Table B.11: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average surface area measurements
obtained from FreeSurfer using the MIND dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9634 0.9302 0.9810 | 0.9813 0.9600 0.9900 | 2.6359 1.7958 3.4760
caudalmiddlefrontal 0.9625 0.9285 0.9805 | 0.9806 0.9600 0.9900 | 2.5811 1.6599 3.5023
cuneus 0.9812 0.9639 0.9903 | 0.9906 0.9800 1.0000 | 1.7822 1.2943 2.2701
entorhinal 0.8460 0.7214 0.9175 | 0.9156 0.8400 0.9600 | 7.2050 4.6991 9.7109
fusiform 0.9781 0.9580 0.9887 | 0.9889 0.9800 0.9900 | 2.0375 1.5817 2.4932
inferiorparietal 0.9411 0.8889 0.9692 | 0.9656 0.9300 0.9800 | 2.8182 1.5549 4.0814
inferiortemporal 0.9478 0.9011 0.9727 | 0.9730 0.9500 0.9900 | 2.6548 1.8213 3.4883
insula 0.9802 0.9620 0.9898 | 0.9900 0.9800 0.9900 | 1.2538 0.9089 1.5986
isthmuscingulate 0.9767 0.9554 0.9879 | 0.9879 0.9800 0.9900 | 2.4601 1.9084 3.0118
lateraloccipital 0.9819 0.9652 0.9906 | 0.9901 0.9800 0.9900 | 2.0049 1.3727 2.6371
lateralorbitofrontal 0.9457 0.8974 0.9717 | 0.9667 0.9200 0.9800 | 2.9397 2.1368 3.7427
lingual 0.9760 0.9540 0.9876 | 0.9880 0.9800 0.9900 | 2.0285 1.4360 2.6210
medialorbitofrontal 0.9405 0.8878 0.9689 | 0.9676 0.9400 0.9800 | 3.2464 2.4394 4.0533
middletemporal 0.9795 0.9607 0.9894 | 0.9887 0.9800 0.9900 | 1.8050 1.3177 2.2922
paracentral 0.9016 0.8176 0.9480 | 0.9470 0.9000 0.9700 | 2.6467 1.0991 4.1943
parahippocampal 0.9084 0.8296 0.9517 | 0.9528 0.9100 0.9800 | 2.7895 1.9779 3.6011
parsopercularis 0.7526 0.5701 0.8643 | 0.8482 0.7100 0.9200 | 3.1986 0.5072 5.8900
parsorbitalis 0.9119 0.8359 0.9536 | 0.9542 0.9100 0.9800 | 3.1892 2.1186 4.2597
parstriangularis 0.7809 0.6146 0.8807 | 0.8660 0.7400 0.9300 | 4.2860 1.1555 7.4165
pericalcarine 0.9744 0.9510 0.9867 | 0.9869 0.9700 0.9900 | 2.4633 1.8685 3.0582
postcentral 0.8337 0.7008 0.9107 | 0.9013 0.8100 0.9500 | 3.1199 1.1640 5.0758
posteriorcingulate 0.9757 0.9534 0.9874 | 0.9879 0.9800 0.9900 | 2.0404 1.3997 2.6811
precentral 0.8855 0.7892 0.9393 | 0.9343 0.8700 0.9700 | 2.6949 1.3704 4.0194
precuneus 0.9721 0.9465 0.9855 | 0.9855 0.9700 0.9900 | 1.5246 0.7128 2.3363
rostralanteriorcingulate 0.9708 0.9441 0.9848 | 0.9837 0.9700 0.9900 | 3.1178 2.3224 3.9133
rostralmiddlefrontal 0.8562 0.7387 0.9232 | 0.9037 0.8100 0.9500 | 3.6004 1.1709 6.0300
superiorfrontal 0.9335 0.8749 0.9651 | 0.9602 0.9200 0.9800 | 2.1051 1.0120 3.1983
superiorparietal 0.8257 0.6875 0.9062 | 0.8963 0.8000 0.9500 | 3.2724 0.7540 5.7908
superiortemporal 0.9725 0.9473 0.9857 | 0.9858 0.9700 0.9900 | 1.7468 1.2881 2.2054
supramarginal 0.8736 0.7686 0.9328 | 0.9293 0.8600 0.9600 | 3.6128 1.6856 5.5399
transversetemporal 0.9653 0.9338 0.9820 | 0.9825 0.9700 0.9900 | 3.1297 2.4477 3.8116
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Table B.12: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average cortical thickness measure-
ments obtained from FastSurfer using the MIND dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9349 0.8774 0.9659 | 0.9667 0.9400 0.9800 | 1.5557 1.2068 1.9045
caudalmiddlefrontal 0.9309 0.8702 0.9638 | 0.9573 0.9200 0.9800 | 1.1371 0.8185 1.4557
cuneus 0.8849 0.7882 0.9390 | 0.9397 0.8800 0.9700 | 1.9244 1.4189 2.4299
entorhinal 0.9291 0.8670 0.9628 | 0.9567 0.9100 0.9800 | 3.2177 2.4629 3.9725
fusiform 0.9099 0.8322 0.9525 | 0.9436 0.8900 0.9700 | 1.3984 0.8796 1.9172
inferiorparietal 0.8771 0.7747 0.9347 | 0.9338 0.8700 0.9700 | 1.3692 0.8738 1.8646
inferiortemporal 0.8764 0.7735 0.9343 | 0.9352 0.8800 0.9700 | 1.7230 1.3206 2.1253
insula 0.8900 0.7971 0.9417 | 0.9371 0.8800 0.9700 | 1.3975 0.9243 1.8708
isthmuscingulate 0.9034 0.8208 0.9490 | 0.9492 0.9000 0.9700 | 1.9793 1.5388 2.4199
lateraloccipital 0.8869 0.7917 0.9401 | 0.9407 0.8900 0.9700 | 1.5772 1.0685 2.0860
lateralorbitofrontal 0.7957 0.6383 0.8892 | 0.8790 0.7700 0.9400 | 1.5800 1.1864 1.9735
lingual 0.9027 0.8195 0.9486 | 0.9488 0.9000 0.9700 | 2.2227 1.7405 2.7050
medialorbitofrontal 0.6814 0.4624 0.8220 | 0.7729 0.5600 0.8800 | 2.4020 1.7433 3.0607
middletemporal 0.9373 0.8818 0.9672 | 0.9683 0.9400 0.9800 | 1.1721 0.8794 1.4647
paracentral 0.9040 0.8218 0.9493 | 0.9472 0.9000 0.9700 | 1.3001 0.8898 1.7103
parahippocampal 0.9461 0.8980 0.9718 | 0.9642 0.9300 0.9800 | 2.2629 1.5131 3.0128
parsopercularis 0.9289 0.8666 0.9627 | 0.9612 0.9300 0.9800 | 1.0649 0.7736 1.3561
parsorbitalis 0.9238 0.8573 0.9600 | 0.9592 0.9200 0.9800 | 1.4434 1.0868 1.8000
parstriangularis 0.9302 0.8689 0.9634 | 0.9629 0.9300 0.9800 | 1.1216 0.8547 1.3886
pericalcarine 0.9287 0.8662 0.9626 | 0.9623 0.9300 0.9800 | 3.6591 2.9067 4.4116
postcentral 0.8846 0.7876 0.9388 | 0.9356 0.8800 0.9700 | 1.5663 1.0356 2.0970
posteriorcingulate 0.9458 0.8974 0.9717 | 0.9697 0.9400 0.9800 | 1.3268 0.9678 1.6859
precentral 0.9319 0.8720 0.9643 | 0.9637 0.9300 0.9800 | 1.4205 1.0387 1.8023
precuneus 0.9089 0.8305 0.9520 | 0.9520 0.9100 0.9800 | 1.0030 0.6484 1.3576
rostralanteriorcingulate 0.9050 0.8237 0.9499 | 0.9498 0.9000 0.9700 | 1.8040 1.3435 2.2646
rostralmiddlefrontal 0.8843 0.7871 0.9386 | 0.9338 0.8700 0.9700 | 1.2617 0.9684 1.5551
superiorfrontal 0.9407 0.8881 0.9690 | 0.9668 0.9400 0.9800 | 0.7612 0.5398 0.9827
superiorparietal 0.8898 0.7967 0.9416 | 0.9428 0.8900 0.9700 | 1.2207 0.7790 1.6625
superiortemporal 0.8640 0.7520 0.9275 | 0.9208 0.8400 0.9600 | 1.4919 0.9507 2.0331
supramarginal 0.8693 0.7611 0.9304 | 0.9309 0.8700 0.9600 | 1.4116 0.9300 1.8932
transversetemporal 0.8932 0.8027 0.9435 | 0.9443 0.8900 0.9700 | 2.2809 1.7592 2.8026

XIIT



B. Appendix

Table B.13: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average grey matter volume mea-
surements obtained from FastSurfer using the MIND dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9810 0.9634 0.9901 | 0.9906 0.9800 1.0000 | 2.2326 1.5843 2.8810
caudalmiddlefrontal 0.9921 0.9848 0.9959 | 0.9960 0.9900 1.0000 | 1.8351 1.4134 2.2568
cuneus 0.9828 0.9670 0.9911 | 0.9910 0.9800 1.0000 | 2.1767 1.6127 2.7406
entorhinal 0.8622 0.7490 0.9265 | 0.9187 0.8400 0.9600 | 6.1515 4.6172 7.6858
fusiform 0.9862 0.9734 0.9929 | 0.9930 0.9900 1.0000 | 1.5201 0.9658 2.0744
inferiorparietal 0.9907 0.9820 0.9952 | 0.9953 0.9900 1.0000 | 1.4614 1.0554 1.8673
inferiortemporal 0.9362 0.8799 0.9666 | 0.9672 0.9400 0.9800 | 2.5463 1.6552 3.4373
insula 0.9906 0.9819 0.9952 | 0.9951 0.9900 1.0000 | 1.0062 0.7120 1.3004
isthmuscingulate 0.9864 0.9738 0.9930 | 0.9932 0.9900 1.0000 | 1.9605 1.4825 2.4384
lateraloccipital 0.9878 0.9765 0.9937 | 0.9937 0.9900 1.0000 | 1.6126 1.0331 2.1920
lateralorbitofrontal 0.9607 0.9252 0.9796 | 0.9803 0.9600 0.9900 | 2.1786 1.6581 2.6991
lingual 0.9851 0.9713 0.9923 | 0.9926 0.9900 1.0000 | 1.8569 1.3511 2.3628
medialorbitofrontal 0.9784 0.9585 0.9888 | 0.9892 0.9800 0.9900 | 1.8302 1.3522 2.3083
middletemporal 0.9864 0.9737 0.9929 | 0.9931 0.9900 1.0000 | 1.5123 1.1162 1.9083
paracentral 0.9875 0.9759 0.9935 | 0.9935 0.9900 1.0000 | 1.7162 1.3210 2.1114
parahippocampal 0.9727 0.9477 0.9858 | 0.9864 0.9700 0.9900 | 1.9769 1.2471 2.7068
parsopercularis 0.9841 0.9694 0.9918 | 0.9920 0.9800 1.0000 | 1.9389 1.2310 2.6468
parsorbitalis 0.9176 0.8461 0.9566 | 0.9543 0.9100 0.9800 | 3.4411 1.9176 4.9645
parstriangularis 0.9954 0.9911 0.9976 | 0.9976 1.0000 1.0000 | 1.5390 1.1828 1.8952
pericalcarine 0.9676 0.9380 0.9831 | 0.9832 0.9700 0.9900 | 4.1214 3.2044 5.0384
postcentral 0.9901 0.9809 0.9949 | 0.9950 0.9900 1.0000 | 1.3121 0.9533 1.6710
posteriorcingulate 0.9887 0.9782 0.9941 | 0.9939 0.9900 1.0000 | 1.4775 1.0378 1.9171
precentral 0.9910 0.9826 0.9953 | 0.9954 0.9900 1.0000 | 1.2789 0.9188 1.6389
precuneus 0.9937 0.9878 0.9967 | 0.9968 0.9900 1.0000 | 1.0952 0.7754 1.4150
rostralanteriorcingulate 0.9802 0.9619 0.9897 | 0.9901 0.9800 0.9900 | 2.2634 1.6103 2.9165
rostralmiddlefrontal 0.9912 0.9829 0.9954 | 0.9956 0.9900 1.0000 | 1.6103 1.1605 2.0600
superiorfrontal 0.9896 0.9799 0.9946 | 0.9946 0.9900 1.0000 | 1.1072 0.6901 1.5244
superiorparietal 0.9919 0.9843 0.9958 | 0.9960 0.9900 1.0000 | 1.3938 0.9242 1.8634
superiortemporal 0.9581 0.9203 0.9782 | 0.9764 0.9500 0.9900 | 2.3971 1.7267 3.0676
supramarginal 0.9897 0.9801 0.9947 | 0.9949 0.9900 1.0000 | 1.4021 0.9629 1.8412
transversetemporal 0.9854 0.9718 0.9924 | 0.9910 0.9800 1.0000 | 2.9519 2.2242 3.6797
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Table B.14: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the average surface area measurements
obtained from FastSurfer using the MIND dataset.

Region of interest PCC LL UL | ICC LL UL | TRV LL UL
caudalanteriorcingulate  0.9813 0.9641 0.9903 | 0.9908 0.9800 1.0000 | 2.2410 1.7011 2.7809
caudalmiddlefrontal 0.9919 0.9844 0.9958 | 0.9959 0.9900 1.0000 | 1.5376 1.0939 1.9813
cuneus 0.9869 0.9747 0.9932 | 0.9935 0.9900 1.0000 | 1.6576 1.2755 2.0397
entorhinal 0.8416 0.7140 0.9151 | 0.9152 0.8400 0.9600 | 5.6972 4.0796 7.3148
fusiform 0.9776 0.9571 0.9884 | 0.9888 0.9800 0.9900 | 1.9323 1.4191 2.4455
inferiorparietal 0.9709 0.9444 0.9849 | 0.9842 0.9700 0.9900 | 2.2662 1.4220 3.1103
inferiortemporal 0.9479 0.9013 0.9728 | 0.9711 0.9400 0.9800 | 2.5488 1.8092 3.2884
insula 0.9852 0.9715 0.9923 | 0.9925 0.9900 1.0000 | 1.1361 0.8406 1.4316
isthmuscingulate 0.9850 0.9712 0.9923 | 0.9926 0.9900 1.0000 | 1.8295 1.3588 2.3002
lateraloccipital 0.9875 0.9759 0.9935 | 0.9934 0.9900 1.0000 | 1.6665 1.2267 2.1063
lateralorbitofrontal 0.9212 0.8525 0.9586 | 0.9575 0.9200 0.9800 | 3.0491 2.2020 3.8963
lingual 0.9808 0.9631 0.9901 | 0.9904 0.9800 1.0000 | 1.9558 1.4753 2.4363
medialorbitofrontal 0.8587 0.7430 0.9246 | 0.9252 0.8600 0.9600 | 4.3113 2.9191 5.7034
middletemporal 0.9843 0.9698 0.9919 | 0.9918 0.9800 1.0000 | 1.3783 0.9146 1.8421
paracentral 0.9745 0.9511 0.9868 | 0.9869 0.9800 0.9900 | 1.7698 1.1767 2.3629
parahippocampal 0.9498 0.9049 0.9738 | 0.9747 0.9500 0.9900 | 2.3012 1.8073 2.7950
parsopercularis 0.9728 0.9479 0.9859 | 0.9863 0.9700 0.9900 | 2.3178 1.6622 2.9734
parsorbitalis 0.9076 0.8281 0.9513 | 0.9498 0.9000 0.9700 | 3.2676 1.8917 4.6434
parstriangularis 0.9894 0.9796 0.9945 | 0.9948 0.9900 1.0000 | 2.2041 1.6551 2.7531
pericalcarine 0.9877 0.9763 0.9936 | 0.9937 0.9900 1.0000 | 1.8106 1.3031 2.3182
postcentral 0.9616 0.9268 0.9800 | 0.9803 0.9600 0.9900 | 2.0569 1.4280 2.6859
posteriorcingulate 0.9861 0.9733 0.9928 | 0.9926 0.9900 1.0000 | 1.7920 1.2691 2.3148
precentral 0.9828 0.9670 0.9911 | 0.9914 0.9800 1.0000 | 1.7942 1.3679 2.2205
precuneus 0.9960 0.9922 0.9979 | 0.9980 1.0000 1.0000 | 0.9803 0.7701 1.1905
rostralanteriorcingulate  0.9830 0.9673 0.9912 | 0.9915 0.9800 1.0000 | 2.3818 1.8118 2.9519
rostralmiddlefrontal 0.9856 0.9723 0.9926 | 0.9919 0.9800 1.0000 | 1.9613 1.3958 2.5269
superiorfrontal 0.9906 0.9818 0.9951 | 0.9953 0.9900 1.0000 | 1.1421 0.7620 1.5222
superiorparietal 0.9922 0.9849 0.9960 | 0.9961 0.9900 1.0000 | 1.1568 0.7630 1.5507
superiortemporal 0.9769 0.9556 0.9880 | 0.9886 0.9800 0.9900 | 1.5585 1.0690 2.0480
supramarginal 0.9711 0.9447 0.9850 | 0.9857 0.9700 0.9900 | 2.2101 1.5726 2.8477
transversetemporal 0.9678 0.9385 0.9833 | 0.9816 0.9600 0.9900 | 2.9449 2.0907 3.7991
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Table B.15: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the volumetric measurements of the
subcortical structures obtained from FreeSurfer using the MIND dataset.

Region of interest PCC LL UL ‘ ICC LL UL ‘ TRV LL UL
3rd-Ventricle 0.9914 0.9835 0.9956 | 0.9958 0.9900 1.0000 | 4.5151 3.3618  5.6683
4th-Ventricle 0.9539 0.9125 0.9760 | 0.9768 0.9600 0.9900 | 6.1504 4.3674  7.9334
Accumbens-area 0.8255 0.6871 0.9060 | 0.9033 0.8200 0.9500 | 7.5717 5.8680  9.2755
Amygdala 0.8439 0.7179 0.9164 | 0.9109 0.8300 0.9500 | 4.1040 2.9509  5.2571
Brain-Stem 0.9572 0.9186 0.9777 | 0.9787 0.9600 0.9900 | 2.2434 1.6371  2.8496
CC__Anterior 0.9692 0.9412 0.9840 | 0.9842 0.9700 0.9900 | 3.0632 2.1594  3.9669
CC__Central 0.9488 0.9030 0.9733 | 0.9726 0.9500 0.9900 | 4.9035 3.2178  6.5892
CC_Mid_ Anterior 0.9290 0.8667 0.9627 | 0.9617 0.9300 0.9800 | 4.8691 2.9074  6.8308
CC__Mid_ Posterior 0.9572 0.9186 0.9777 | 0.9780 0.9600 0.9900 | 4.3955 3.3482  5.4427
CC_ Posterior 0.9877 0.9764 0.9937 | 0.9939 0.9900 1.0000 | 2.0514 1.5782  2.5246
CSF 0.9284 0.8656 0.9624 | 0.9548 0.9100 0.9800 | 6.1980 4.4342  7.9618
Caudate 0.9811 0.9637 0.9902 | 0.9904 0.9800 1.0000 | 2.0785 1.5039  2.6531
Cerebellum-Cortex 0.9839 0.9690 0.9917 | 0.9918 0.9800 1.0000 | 1.2929 0.9678 1.6179
Cerebellum-White-Matter 0.8400 0.7113 0.9142 | 0.9142 0.8400 0.9600 | 6.4795 4.8103  8.1488
Hippocampus 0.9685 0.9398 0.9837 | 0.9839 0.9700 0.9900 | 1.6345 1.1714  2.0977
Inf-Lat-Vent 0.9699 0.9425 0.9844 | 0.9842 0.9700 0.9900 | 11.0185 7.7874 14.2497
Lateral-Ventricle 0.9994 0.9988 0.9997 | 0.9997 1.0000 1.0000 | 1.6146 1.2185 2.0108
Pallidum 0.8757 0.7723 0.9340 | 0.9348 0.8700 0.9700 | 4.1859 3.0595 5.3122
Putamen 0.9607 0.9251 0.9795 | 0.9793 0.9600 0.9900 | 1.9751 1.4271  2.5230
Thalamus 0.9508 0.9067 0.9743 | 0.9748 0.9500 0.9900 | 2.5692 2.0249  3.1136
VentralDC 0.9332 0.8743 0.9650 | 0.9657 0.9300 0.9800 | 2.8464 2.2677  3.4252
choroid-plexus 0.9237 0.8572 0.9599 | 0.9612 0.9300 0.9800 | 10.2222 7.4924 12.9520

Table B.16: The PCC, ICC and variability, as well as the upper- (UL) and lower
limit (LL) of the 95% confidence interval for the volumetric measurements of the
subcortical structures obtained from FastSurfer using the MIND dataset.

Region of interest pPCC LL  UL| ICC LL  UL| TRV LL UL
3rd-Ventricle 0.9977 0.9955 0.9988 | 0.9989 1.0000 1.0000 | 2.2635 1.8386  2.6885
4th-Ventricle 0.9933 0.9871 0.9966 | 0.9965 0.9900 1.0000 | 2.7597  1.9599  3.5596
Accumbens-area 0.9703 0.9432 0.9846 | 0.9847 0.9700 0.9900 | 2.8127 22493  3.3761
Amygdala 0.9612 0.9261 0.9798 | 0.9792 0.9600 0.9900 | 1.9272 14186  2.4359
Brain-Stem 0.9915 0.9836 0.9956 | 0.9958 0.9900 1.0000 | 1.0549  0.7957  1.3141
CC_ Anterior 0.9352  0.8780 0.9661 | 0.9651 0.9300 0.9800 | 5.3972  3.9759  6.8184
CC_Central 0.7460 0.5599 0.8605 | 0.8563 0.7200 0.9300 | 17.7700 13.0688 22.4712
CC_Mid_ Anterior 0.8337 0.7007 0.9106 | 0.9113 0.8300 0.9500 | 7.4165 29721 11.8610
CC_Mid_ Posterior 0.9317 0.8716 0.9642 | 0.9621 0.9300 0.9800 | 6.7041  4.6305 &.7777
CC_ Posterior 0.9916 0.9837 0.9957 | 0.9957 0.9900 1.0000 | 1.7031  1.2493  2.1568
CSF 0.9936 0.9876 0.9967 | 0.9966 0.9900 1.0000 | 2.1421  1.6862  2.5980
Caudate 0.9971 0.9944 0.9985 | 0.9983 1.0000 1.0000 | 0.9695 0.7217  1.2173
Cerebellum-Cortex 0.9910 0.9827 0.9954 | 0.9955 0.9900 1.0000 | 1.0165  0.7747  1.2582
Cerebellum-White-Matter 0.9884 0.9776  0.9940 | 0.9940 0.9900 1.0000 | 1.4988  1.1003  1.8974
Hippocampus 0.9900 0.9806 0.9948 | 0.9946 0.9900 1.0000 | 0.9371  0.6733  1.2008
Inf-Lat-Vent 0.9869 0.9748 0.9932 | 0.9933 0.9900 1.0000 | 6.1944 24763  9.9124
Lateral-Ventricle 0.9996 0.9991 0.9998 | 0.9998 1.0000 1.0000 | 1.5611  1.1441  1.9782
Pallidum 0.9795 0.9606 0.9894 | 0.9892 0.9800 0.9900 | 1.7584  1.3887  2.1281
Putamen 0.9915 0.9835 0.9956 | 0.9956 0.9900 1.0000 | 0.9473  0.7001  1.1944
Thalamus 0.9872  0.9753 0.9934 | 0.9934 0.9900 1.0000 | 1.2918  0.9607  1.6230
VentralDC 0.9869 0.9747 0.9932 | 0.9923 0.9800 1.0000 | 0.9961  0.6746  1.3176
choroid-plexus 0.9869 0.9747 0.9932 | 0.9933 0.9900 1.0000 | 4.5467 3.2196  5.8739
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C.1 Inter-software reliability

Table C.1: Table presenting the ICC(3,1) as well as the upper- (UL) and lower limit
(LL) of the 95% confidence interval for the three different anatomical measurements:
cortical thickness (CT), grey matter volume (GMV), and surface area (SA), for the
inter-software reliability testing of the first scan from the OASIS dataset.

Region of interest ICC LL UL ICC LL UL ICC LL UL
CT GMV SA

caudalanteriorcingulate  0.9641 0.9100 0.9900 | 0.9211 0.8100 0.9700 | 0.9233 0.8200 0.9700
caudalmiddlefrontal 0.9444 0.8700 0.9800 | 0.9499 0.8800 0.9800 | 0.9487 0.8800 0.9800
cuneus 0.9637 0.9100 0.9900 | 0.9503 0.8800 0.9800 | 0.9529 0.8900 0.9800
entorhinal 0.7694 0.5000 0.9000 | 0.7081 0.4000 0.8700 | 0.7739 0.5100 0.9000
fusiform 0.9108 0.7900 0.9600 | 0.9233 0.8200 0.9700 | 0.9250 0.8200 0.9700
inferiorparietal 0.9265 0.8200 0.9700 | 0.9504 0.8800 0.9800 | 0.9553 0.8900 0.9800
inferiortemporal 0.9115 0.7900 0.9600 | 0.9497 0.8800 0.9800 | 0.9309 0.8300 0.9700
insula 0.9398 0.8500 0.9800 | 0.9903 0.9800 1.0000 | 0.9881 0.9700 1.0000
isthmuscingulate 0.9554 0.8900 0.9800 | 0.9300 0.8300 0.9700 | 0.9538 0.8900 0.9800
lateraloccipital 0.9468 0.8700 0.9800 | 0.9581 0.9000 0.9800 | 0.9373 0.8500 0.9700
lateralorbitofrontal 0.9144 0.8000 0.9700 | 0.9673 0.9200 0.9900 | 0.9552 0.8900 0.9800
lingual 0.9236 0.8200 0.9700 | 0.9845 0.9600 0.9900 | 0.9693 0.9200 0.9900
medialorbitofrontal 0.8842 0.7300 0.9500 | 0.9569 0.8900 0.9800 | 0.9140 0.8000 0.9700
middletemporal 0.9539 0.8900 0.9800 | 0.9673 0.9200 0.9900 | 0.9703 0.9300 0.9900
paracentral 0.9679 0.9200 0.9900 | 0.9661 0.9200 0.9900 | 0.9716 0.9300 0.9900
parahippocampal 0.9817 0.9500 0.9900 | 0.7528 0.4700 0.8900 | 0.7412 0.4500 0.8900
parsopercularis 0.9144 0.8000 0.9700 | 0.9696 0.9200 0.9900 | 0.9719 0.9300 0.9900
parsorbitalis 0.9312 0.8300 0.9700 | 0.8917 0.7500 0.9600 | 0.8384 0.6400 0.9300
parstriangularis 0.8880 0.7400 0.9500 | 0.9488 0.8800 0.9800 | 0.9424 0.8600 0.9800
pericalcarine 0.9543 0.8900 0.9800 | 0.9784 0.9500 0.9900 | 0.9625 0.9100 0.9800
postcentral 0.9823 0.9600 0.9900 | 0.9695 0.9200 0.9900 | 0.9626 0.9100 0.9900
posteriorcingulate 0.9582 0.9000 0.9800 | 0.9620 0.9100 0.9800 | 0.9464 0.8700 0.9800
precentral 0.9677 0.9200 0.9900 | 0.9422 0.8600 0.9800 | 0.9219 0.8100 0.9700
precuneus 0.9672 0.9200 0.9900 | 0.9844 0.9600 0.9900 | 0.9912 0.9800 1.0000
rostralanteriorcingulate  0.9345 0.8400 0.9700 | 0.9280 0.8300 0.9700 | 0.8816 0.7300 0.9500
rostralmiddlefrontal 0.9483 0.8700 0.9800 | 0.9719 0.9300 0.9900 | 0.9725 0.9300 0.9900
superiorfrontal 0.9498 0.8800 0.9800 | 0.9819 0.9500 0.9900 | 0.9860 0.9700 0.9900
superiorparietal 0.9706 0.9300 0.9900 | 0.9827 0.9600 0.9900 | 0.9836 0.9600 0.9900
superiortemporal 0.9720 0.9300 0.9900 | 0.9650 0.9100 0.9900 | 0.9692 0.9200 0.9900
supramarginal 0.9712 0.9300 0.9900 | 0.9222 0.8100 0.9700 | 0.9076 0.7800 0.9600
transversetemporal 0.9125 0.7900 0.9600 | 0.8846 0.7300 0.9500 | 0.8080 0.5800 0.9200
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C. Appendix

Table C.2: Table presenting the ICC(3,1) as well as the upper- (UL) and lower limit
(LL) of the 95% confidence interval for the three different anatomical measurements:
cortical thickness (CT), grey matter volume (GMV), and surface area (SA), for the
inter-software reliability testing of the second scan from the OASIS dataset.

Region of interest ICC LL UL ICC LL UL 1CC LL UL
CT GMV SA

caudalanteriorcingulate 0.8871 0.7400 0.9500 | 0.9306 0.8300 0.9700 | 0.9271 0.8300 0.9700
caudalmiddlefrontal 0.9358 0.8500 0.9700 | 0.8384 0.6400 0.9300 | 0.8231 0.6100 0.9300
cuneus 0.9718 0.9300 0.9900 | 0.9286 0.8300 0.9700 | 0.9338 0.8400 0.9700
entorhinal 0.8694 0.7000 0.9500 | 0.6602 0.3200 0.8500 | 0.8360 0.6300 0.9300
fusiform 0.8875 0.7400 0.9500 | 0.9250 0.8200 0.9700 | 0.9131 0.7900 0.9600
inferiorparietal 0.9263 0.8200 0.9700 | 0.9424 0.8600 0.9800 | 0.9477 0.8700 0.9800
inferiortemporal 0.9277 0.8300 0.9700 | 0.9524 0.8800 0.9800 | 0.9242 0.8200 0.9700
insula 0.9465 0.8700 0.9800 | 0.9902 0.9800 1.0000 | 0.9820 0.9600 0.9900
isthmuscingulate 0.9468 0.8700 0.9800 | 0.9226 0.8200 0.9700 | 0.9458 0.8700 0.9800
lateraloccipital 0.9591 0.9000 0.9800 | 0.9603 0.9000 0.9800 | 0.9518 0.8800 0.9800
lateralorbitofrontal 0.8511 0.6600 0.9400 | 0.9743 0.9400 0.9900 | 0.9513 0.8800 0.9800
lingual 0.9618 0.9100 0.9800 | 0.9803 0.9500 0.9900 | 0.9743 0.9400 0.9900
medialorbitofrontal 0.8514 0.6600 0.9400 | 0.9485 0.8700 0.9800 | 0.9048 0.7800 0.9600
middletemporal 0.9204 0.8100 0.9700 | 0.9694 0.9200 0.9900 | 0.9623 0.9100 0.9800
paracentral 0.9503 0.8800 0.9800 | 0.9583 0.9000 0.9800 | 0.9622 0.9100 0.9800
parahippocampal 0.9380 0.8500 0.9700 | 0.8837 0.7300 0.9500 | 0.9082 0.7800 0.9600
parsopercularis 0.9528 0.8800 0.9800 | 0.9462 0.8700 0.9800 | 0.9510 0.8800 0.9800
parsorbitalis 0.9182 0.8100 0.9700 | 0.8697 0.7000 0.9500 | 0.8092 0.5800 0.9200
parstriangularis 0.9190 0.8100 0.9700 | 0.9594 0.9000 0.9800 | 0.9488 0.8800 0.9800
pericalcarine 0.9609 0.9000 0.9800 | 0.9768 0.9400 0.9900 | 0.9682 0.9200 0.9900
postcentral 0.9152 0.8000 0.9700 | 0.9744 0.9400 0.9900 | 0.9666 0.9200 0.9900
posteriorcingulate 0.9062 0.7800 0.9600 | 0.9639 0.9100 0.9900 | 0.9577 0.9000 0.9800
precentral 0.8559 0.6700 0.9400 | 0.9448 0.8700 0.9800 | 0.8451 0.6500 0.9400
precuneus 0.9392 0.8500 0.9800 | 0.9673 0.9200 0.9900 | 0.9693 0.9200 0.9900
rostralanteriorcingulate 0.8327 0.6300 0.9300 | 0.9428 0.8600 0.9800 | 0.9260 0.8200 0.9700
rostralmiddlefrontal 0.9327 0.8400 0.9700 | 0.9687 0.9200 0.9900 | 0.9490 0.8300 0.9800
superiorfrontal 0.9152 0.8000 0.9700 | 0.9533 0.8900 0.9800 | 0.9505 0.8800 0.9800
superiorparietal 0.9534 0.8900 0.9800 | 0.9175 0.8000 0.9700 | 0.9094 0.7900 0.9600
superiortemporal 0.9263 0.8200 0.9700 | 0.9589 0.9000 0.9800 | 0.9620 0.9100 0.9800
supramarginal 0.9343 0.8400 0.9700 | 0.9471 0.8700 0.9800 | 0.9317 0.8400 0.9700
transversetemporal 0.9319 0.8400 0.9700 | 0.8899 0.7400 0.9500 | 0.8534 0.6700 0.9400
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C. Appendix

Table C.3: Table presenting the ICC(3,1) as well as the upper- (UL) and lower limit
(LL) of the 95% confidence interval for the three different anatomical measurements
cortical thickness (CT), grey matter volume (GMV), and surface area (SA), for the
inter-software reliability testing of the first scan from the MIND dataset.

Region of interest ICC LL UL ICC LL UL 1CC LL UL
CT GMV SA

caudalanteriorcingulate  0.9299 0.8700 0.9600 | 0.9265 0.8600 0.9600 | 0.9449 0.9000 0.9700
caudalmiddlefrontal 0.9010 0.8200 0.9500 | 0.7807 0.6200 0.8800 | 0.7735 0.6100 0.8800
cuneus 0.9231 0.8600 0.9600 | 0.9609 0.9300 0.9800 | 0.9740 0.9500 0.9900
entorhinal 0.9363 0.8800 0.9700 | 0.7649 0.5900 0.8700 | 0.7912 0.6300 0.8900
fusiform 0.9315 0.8700 0.9600 | 0.9337 0.8800 0.9600 | 0.9187 0.8500 0.9600
inferiorparietal 0.9576 0.9200 0.9800 | 0.9362 0.8800 0.9700 | 0.9308 0.8700 0.9600
inferiortemporal 0.9085 0.8300 0.9500 | 0.9018 0.8200 0.9500 | 0.9276 0.8700 0.9600
insula 0.9274 0.8600 0.9600 | 0.9826 0.9700 0.9900 | 0.9827 0.9700 0.9900
isthmuscingulate 0.9182 0.8500 0.9600 | 0.9188 0.8500 0.9600 | 0.9178 0.8500 0.9600
lateraloccipital 0.9452 0.9000 0.9700 | 0.9633 0.9300 0.9800 | 0.9493 0.9000 0.9700
lateralorbitofrontal 0.8455 0.7200 0.9200 | 0.9396 0.8900 0.9700 | 0.9395 0.8900 0.9700
lingual 0.8965 0.8100 0.9400 | 0.9490 0.9000 0.9700 | 0.9758 0.9500 0.9900
medialorbitofrontal 0.7398 0.5500 0.8600 | 0.9504 0.9100 0.9700 | 0.9225 0.8600 0.9600
middletemporal 0.9618 0.9300 0.9800 | 0.9531 0.9100 0.9800 | 0.9464 0.9000 0.9700
paracentral 0.9220 0.8600 0.9600 | 0.8456 0.7200 0.9200 | 0.8199 0.6800 0.9000
parahippocampal 0.9812 0.9600 0.9900 | 0.9361 0.8800 0.9700 | 0.9189 0.8500 0.9600
parsopercularis 0.9380 0.8800 0.9700 | 0.7528 0.5700 0.8600 | 0.6488 0.4200 0.8000
parsorbitalis 0.8524 0.7300 0.9200 | 0.7880 0.6300 0.8800 | 0.8422 0.7200 0.9100
parstriangularis 0.9056 0.8300 0.9500 | 0.7799 0.6200 0.8800 | 0.7580 0.5800 0.8700
pericalcarine 0.9195 0.8500 0.9600 | 0.9592 0.9200 0.9800 | 0.9529 0.9100 0.9800
postcentral 0.8325 0.7000 0.9100 | 0.8512 0.7300 0.9200 | 0.6819 0.4700 0.8200
posteriorcingulate 0.9466 0.9000 0.9700 | 0.9250 0.8600 0.9600 | 0.9518 0.9100 0.9700
precentral 0.8569 0.7400 0.9200 | 0.8705 0.7600 0.9300 | 0.8245 0.6900 0.9000
precuneus 0.9213 0.8500 0.9600 | 0.9386 0.8900 0.9700 | 0.9345 0.8300 0.9700
rostralanteriorcingulate  0.9103 0.8300 0.9500 | 0.9097 0.8300 0.9500 | 0.9405 0.8900 0.9700
rostralmiddlefrontal 0.8692 0.7600 0.9300 | 0.8470 0.7300 0.9200 | 0.8581 0.7400 0.9200
superiorfrontal 0.9232 0.8600 0.9600 | 0.9201 0.8500 0.9600 | 0.8982 0.8100 0.9500
superiorparietal 0.9597 0.9200 0.9800 | 0.7917 0.6300 0.8900 | 0.7454 0.5600 0.8600
superiortemporal 0.9674 0.9400 0.9800 | 0.9782 0.9600 0.9900 | 0.9779 0.9600 0.9900
supramarginal 0.9493 0.9000 0.9700 | 0.9122 0.8400 0.9500 | 0.8818 0.7800 0.9400
transversetemporal 0.9269 0.8600 0.9600 | 0.9632 0.9300 0.9800 | 0.9356 0.8300 0.9700
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C. Appendix

Table C.4: Table presenting the ICC(3,1) as well as the upper- (UL) and lower limit
(LL) of the 95% confidence interval for the three different anatomical measurements:
cortical thickness (CT), grey matter volume (GMV), and surface area (SA), for the
inter-software reliability testing of the second scan from the MIND dataset.

Region of interest ICC LL UL ICC LL UL 1CC LL UL
CT GMV SA

caudalanteriorcingulate 0.9266 0.8600 0.9600 | 0.8816 0.7800 0.9400 | 0.8975 0.8100 0.9500
caudalmiddlefrontal 0.9357 0.8800 0.9700 | 0.8140 0.6700 0.9000 | 0.7769 0.6100 0.8800
cuneus 0.9386 0.8900 0.9700 | 0.9600 0.9200 0.9800 | 0.9637 0.9300 0.9800
entorhinal 0.9333 0.8800 0.9600 | 0.7544 0.5800 0.8600 | 0.8291 0.7000 0.9100
fusiform 0.9191 0.8500 0.9600 | 0.9243 0.8600 0.9600 | 0.9129 0.8400 0.9500
inferiorparietal 0.9363 0.8800 0.9700 | 0.9590 0.9200 0.9800 | 0.9537 0.9100 0.9800
inferiortemporal 0.9243 0.8600 0.9600 | 0.8997 0.8200 0.9500 | 0.9212 0.8500 0.9600
insula 0.9516 0.9100 0.9700 | 0.9870 0.9800 0.9900 | 0.9846 0.9700 0.9900
isthmuscingulate 0.9158 0.8400 0.9600 | 0.9376 0.8800 0.9700 | 0.9381 0.8800 0.9700
lateraloccipital 0.9255 0.8600 0.9600 | 0.9600 0.9200 0.9800 | 0.9286 0.8700 0.9600
lateralorbitofrontal 0.8685 0.7600 0.9300 | 0.9440 0.8900 0.9700 | 0.9361 0.8800 0.9700
lingual 0.8985 0.8100 0.9500 | 0.9651 0.9300 0.9800 | 0.9603 0.9300 0.9800
medialorbitofrontal 0.8069 0.6600 0.8900 | 0.9268 0.8600 0.9600 | 0.9275 0.8700 0.9600
middletemporal 0.9395 0.8900 0.9700 | 0.9627 0.9300 0.9800 | 0.9480 0.9000 0.9700
paracentral 0.9020 0.8200 0.9500 | 0.9101 0.8300 0.9500 | 0.9242 0.8600 0.9600
parahippocampal 0.9663 0.9400 0.9800 | 0.9405 0.8900 0.9700 | 0.8960 0.8100 0.9400
parsopercularis 0.8956 0.8100 0.9400 | 0.8826 0.7900 0.9400 | 0.8597 0.7500 0.9200
parsorbitalis 0.9320 0.8700 0.9600 | 0.8437 0.7200 0.9200 | 0.8112 0.6700 0.9000
parstriangularis 0.8880 0.8000 0.9400 | 0.9384 0.8800 0.9700 | 0.9559 0.9200 0.9800
pericalcarine 0.9264 0.8600 0.9600 | 0.9475 0.9000 0.9700 | 0.9650 0.9300 0.9800
postcentral 0.8716 0.7700 0.9300 | 0.9570 0.9200 0.9800 | 0.9283 0.8700 0.9600
posteriorcingulate 0.9521 0.9100 0.9700 | 0.9363 0.8800 0.9700 | 0.9560 0.9200 0.9800
precentral 0.8535 0.7400 0.9200 | 0.9622 0.9300 0.9800 | 0.9204 0.8500 0.9600
precuneus 0.9388 0.8900 0.9700 | 0.9583 0.9200 0.9800 | 0.9567 0.9200 0.9800
rostralanteriorcingulate  0.9319 0.8700 0.9600 | 0.9340 0.8800 0.9700 | 0.9539 0.9100 0.9800
rostralmiddlefrontal 0.8364 0.7100 0.9100 | 0.9365 0.8800 0.9700 | 0.9543 0.9100 0.9800
superiorfrontal 0.9101 0.8300 0.9500 | 0.9606 0.9300 0.9800 | 0.9492 0.9000 0.9700
superiorparietal 0.9711 0.9500 0.9800 | 0.8657 0.7600 0.9300 | 0.8553 0.7400 0.9200
superiortemporal 0.9537 0.9100 0.9800 | 0.9592 0.9200 0.9800 | 0.9640 0.9300 0.9800
supramarginal 0.9379 0.8800 0.9700 | 0.9199 0.8500 0.9600 | 0.8824 0.7900 0.9400
transversetemporal 0.9455 0.9000 0.9700 | 0.9541 0.9100 0.9800 | 0.9236 0.8600 0.9600
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