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RESUME

Contexte: L’évaluation de I'atrophie de la moelle épiniere par ’analyse de sa morphologie
est pertinente pour comprendre diverses pathologies neurodégénératives, telles que la sclérose
en plaques. Un indicateur clé de cette dégénérescence est 'aire de la section transversale
de la moelle épiniere, mesurable via I'imagerie par résonance magnétique (IRM). Toutefois,
cette mesure possede une importante variabilité inter-individuelle, limitant son utilité comme
biomarqueur. Habituellement, I’aire de la section transversale est calculée en référence a un
niveau vertébral précis, facilitant ainsi les comparaisons temporelles et inter-individuelles.
Cependant, I'approximation des niveaux spinaux par les niveaux vertébraux n’est pas précise,
augmentant la variabilité des mesures d’aire de section transversale. Bien que d’autres points
de référence, tels que le sillon ponto-médullaire, aient été suggérés, ils n’ont jamais été utilisé

pour mesurer l'aire de la section transversale.

Objectif: Ce projet vise a élaborer une méthode automatique pour le calcul de laire de la
section transversale de la moelle épiniere en se référant au sillon ponto-médullaire. Plus pré-
cisément, nous développons un pipeline automatique permettant de déterminer 'aire de sec-
tion trasnversale a une distance spécifique du sillon ponto-médullaire, et évaluons 'efficacité
de cette nouvelle référence pour minimiser la variabilité inter-individuelle dans un vaste en-
semble d’images IRM de sujets sains. Ensuite, nous étudions la contribution de divers facteurs
confondants sur la variabilité de 'aire de la section transversale. Finalement, nous mesurons
I'impact de cette nouvelle référence sur la variabilité intra-individuelle, avec différentes posi-

tions du cou, sur des images IRM structurelles.

Méthodes: Tout d’abord, un pipeline automatique a été développé pour calculer l'aire de
la section transversale a une distance définie du sillon ponto-médullaire, calculée le long de
la ligne centrale de la moelle épiniere. Cette méthode a été appliquée sur un large échan-
tillon d’images IRM pondérée T1 de la base de données UK Biobank (n = 804). Nous
avons comparé l'aire de la section transversale obtenue avec celle calculée en se référant aux
niveaux vertébraux C2-C3, et exploré divers facteurs confondants afin d’établir un modele

de normalisation.

Ensuite, nous avons évalué la pertinence de 'aire de section transversale basée sur le sillon
ponto-médullaire dans un contexte d’étude longitudinale. Pour ce faire, nous avons acquis
des images pondérées T2 de haute résolution sur 10 adultes sains avec 3 différentes positions
du cou. Les niveaux spinaux ont été manuellement annotés en se basant sur les racines

nerveuses spinales. Nous avons comparé 'estimation de la position des niveaux spinaux en



utilisant le sillon ponto-médullaire vs les niveaux vertébraux. Ensuite, pour quantifier la
variabilité intra-individuelle, nous avons calculé 'aire de section transversale en utilisant 3

références: le sillon ponto-médullaire, les niveaux vertébraux et les niveaux spinaux.

Résultats: La variabilité inter-individuelle de 'aire de section transversale sur les images
du UK Biobank était de 10,09 % basée sur le sillon ponto-médullaire et de 9,96 % basée sur
les niveaux vertébraux C2-C3. Pour les deux références, le volume du thalamus, le volume
cérébral, le sexe et l'interaction entre le volume cérébral et le sexe contribuaient significative-
ment a la variabilité de ’aire de section transversale. La variabilité intra-individuelle de I'aire
de section transversale entre les positions du cou était de 3,99 + 2,96 % basée sur le sillon
ponto-médullaire vs 4,02 + 3,01 % basée sur les niveaux spinaux manuels vs 4,46 + 3,10 %
basée sur niveaux vertébraux, sans différence significative entre les méthodes. L’écart-type
de l'estimation de la position des niveaux spinaux était de 1,06 + 0,33 mm avec le sillon
ponto-médullaire par rapport a 1,40 + 0,26 mm avec les niveaux vertébraux, sans différence

significative.

Conclusions: Dans cette étude, nous avons développé un pipeline automatique pour cal-
culer 'aire de section transversale de la moelle épiniére en prenant comme référence le sillon
ponto-médullaire. Son utilisation n’a pas montré de différence de variabilité inter- et intra-
individuelle de I'aire de section transversale par rapport aux niveaux vertébraux. Utiliser
le sillon ponto-médullaire pourrait servir d’alternative aux niveaux vertébraux dans les cas
ou l'identification des vertebres est difficile, notamment pour des patients avec des fusions
vertébrales ou des malformations. Cependant, des recherches supplémentaires sont néces-
saires pour identifier fiablement et automatiquement les niveaux spinaux. Une telle méth-
dode pourrait étre bénéfique non seulement pour le calcul de l'aire de section transversale,
mais aussi pour les analyses de groupe en IRM fonctionnelle et pour la normalisation des

images vers un espace standard.
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ABSTRACT

Context: Analysing the shape of the spinal cord is relevant to assess atrophy in various
neurodegenerative diseases like multiple sclerosis. Typically, spinal cord cross-sectional area
(CSA), derived from magnetic resonance imaging (MRI), is computed as a measure of atrophy
and is a relevant biomarker. However, spinal cord CSA suffers from considerable inter-subject
variability limiting its use. CSA is typically computed in reference to a specific vertebral
level to infer the positions of the spinal levels and allowing comparison through time and
individuals. However, the vertebral levels do not provide a precise estimation of the spinal
levels, contributing to the observed CSA variability. Other references were proposed to bypass
the use of the vertebral levels like the pontomedullary junction (PMJ), but were never used

to compute CSA.

Objective: The main goal of this project is to develop an automatic pipeline to compute
CSA using the PMJ as a reference and to validate its relevance to reduce CSA variability.
More precisely, we develop an automatic pipeline to compute CSA using a new reference part
of the central nervous system, the PMJ, instead of the vertebral levels. We first investigate
the relevance of using the PMJ as a reference for CSA computation to reduce inter-subject
variability. To do so, we use a large dataset of healthy controls, and we examine additional
factors that contribute to CSA variability. Then, we explore the relevance of PMJ-based

CSA on intra-subject variability by varying neck positions.

Methods: First, we developed an automatic pipeline to compute spinal cord CSA at a
specified distance from the PMJ, measured along the spinal cord centerline using arc-length.
The method was applied to T1-weighted MRI images from a subset of the UK Biobank
database (n = 804). PMJ-based CSA was compared to CSA computed at the C2-C3 vertebral
levels. We explored other confounding factors contributing to CSA variability and developed

a normalization model.

Second, we evaluated the relevance of PMJ-based CSA in a longitudinal context. To do so,
we acquired high resolution T2-weighted MRI images on 10 healthy adult volunteers with
3 neck positions. The spinal levels were manually labeled using the spinal nerve rootlets.
We estimated their position using the PMJ vs. vertebral levels. We also computed CSA
using 3 different references — the PMJ, vertebral levels, spinal levels — to assess intra-subject

variability.

Results: In images from the UK Biobank, spinal cord CSA inter-subject variability was 10.09
% for PMJ-based CSA compared to 9.96 % for CSA at C2-C3 vertebral levels. Regression



vii

analysis revealed that thalamus volume, brain volume, sex, and the interaction between brain
volume and sex significantly contributed to CSA variability for both references. Intra-subject
variability across neck positions was 3.99 £ 2.96 % for PMJ-based CSA, 4.02 &+ 3.01 % for
manual spinal-based CSA, and 4.46 + 3.10 % for vertebral-based CSA, with no significant
differences observed. The estimated position of the spinal segment across neck position had
a standard deviation of 1.06 + 0.33 mm using the PMJ compared to 1.40 £ 0.26 mm using

the vertebral levels. However, statistical analysis showed no significant difference.

Conclusions: In this study, we developed an automatic pipeline to compute spinal cord
CSA at a specified distance from the PMJ. This approach did not show any significant
differences in terms of inter- and intra-subject variability compared to CSA measurements
based on vertebral levels. Using the PMJ to measure spinal cord CSA could serve as a
valuable alternative to the vertebral levels in cases where identifying the vertebrae is more
challenging, such as in patients with spinal fusions or malformations. Further research is
needed to develop other automatic and reliable spinal segment identification methods. This
holds potential not only for CSA computation but also for broader applications such as

functional MRI group-level analysis and image spatial normalization.
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CHAPTER 1 INTRODUCTION

Various neurodegenerative diseases, such as multiple sclerosis (MS), manifest through a series
of distinct pathological changes, such as the degeneration of myelin, neurons, and axons, lead-
ing to the atrophy of the spinal cord. [1-3]. MS is a leading cause of non-traumatic disability
in young adults and affects about 90 000 Canadians (2020) [4,5]. Magnetic resonance imag-
ing (MRI) provides a reliable and non-invasive technique for visualizing soft tissues, such as
the spinal cord. From MRI, quantitative measurements like spinal cord cross-sectional area
(CSA) can be derived. Specifically, CSA of the upper cervical spinal cord holds significant
value for the prognosis and monitoring of MS. There is a notable correlation between spinal
cord atrophy and clinical outcomes, particularly the severity of disability and the progression

of the disease [6,7].

1.1 Problematic

Changes in spinal cord CSA typically occur at a very slow rate, approximately 2 % per year,
making it challenging to detect minor variations during the early stages of the disease and
over brief periods of time. Furthermore, the utility of spinal cord CSA measurements is
currently limited by considerable variability observed among healthy individuals, with differ-
ences reported to be between 7.5 % and 10 % [8-12]. Research efforts have elucidated that
certain demographic factors, notably sex, significantly contribute to this observed variabil-
ity [9,10,13]. Moreover, factors related to MRI acquisition protocols, MRI contrast, MRI
vendor, and segmentation methods, further contribute to CSA variability [13-15].

To compare CSA measurements across time and individuals, it is important to determine
the location of the measurements and to use a common referential. Typically, CSA is com-
puted using the vertebral levels as a reference, such as C2-C3 vertebral levels. However, the
vertebral levels do not precisely align with the spinal levels, leading to potential inaccuracies
in identifying the positions of the spinal segments, thus contributing to CSA variability [16].
Additionally, head flexion and extension were shown to vary the correspondence between
vertebral and spinal levels. Although labeling the spinal nerve rootlets to identify the spinal
levels could offer a more accurate approach, this method is limited by the requirement for

high-resolution MRI scans and an expert-rater.

Previous studies have introduced other anatomical references to bypass the use of the verte-

bral levels, such as the pontomedullary junction (PMJ) [16-18] or the conus medullaris [19].



However, these alternatives references have never been used for CSA measurement.

Overall, reducing CSA variability is important to increase sensitivity of CSA as a biomarker,

and to decrease the required sample size for detecting atrophy in cross-sectional studies [20].

1.2 Research Objectives

The main objective of this project is to evaluate the impact of using the PMJ as an anatomical

reference for spinal cord CSA measurements on CSA variability.

Hypothesis: The PMJ, as part of the central nervous system, will provide more precise

estimations of the spinal levels than the traditional vertebral level reference.

The specific objectives of this study include:

e (O1): Develop an automatic pipeline for computing CSA in MRI images using the

PMJ as a reference.

— (H1.1): The automatic measurement of arc-length distance from the PMJ will
yield a more accurate estimation of spinal levels than the vertebral levels for CSA

computation.

e (02): Assess the impact of using the PMJ as a reference for CSA computation in

comparison to the vertebral levels on CSA inter-subject variability.

— (H2.1): The anatomical reference of vertebral levels contributes to inter-subject

variability in CSA measurements.

— (H2.2): Using the PMJ as a reference for CSA measurements is expected to

reduce CSA inter-subject variability compared to the vertebral levels.

e (03): Quantify the impact of using the PMJ as a reference for CSA measurements on
CSA intra-subject variability across different neck positions compared to the vertebral

levels and manual spinal segments.

— (H3.1): Using the PMJ as a reference will increase the reproducibility of CSA
measurements across different neck positions within individuals, in contrast to

vertebral levels.



1.3 Thesis Outline

The chapters of this thesis are organized as follows. Chapter 2 presents a literature review
exploring various factors contributing to CSA variability, Chapter3 presents the chosen
methodology, Chapter 4 presents the article on the normalization of CSA using the PMJ
as a reference to reduce inter-subject variability, Chapter 5 presents an article exploring
the relevance of the PMJ as a reference for CSA measurements in the context of varying
neck positions. Chapter 6 presents a global discussion of results, and Chapter 7 discusses

future steps and concludes.



CHAPTER 2 LITERATURE REVIEW

2.1 Spine and Spinal Cord Anatomy

2.1.1 Spinal Cord and Nerve Rootlets

The spinal cord is an organized cylindrical structure located in the spinal canal and part of
the central nervous system. It elongates from the medulla oblongata through the foramen
magnum at the base of the skull [21]. Figure 2.1 provides a visual representation of the

spinal cord, nerve rootlets, and vertebrae.

The spinal cord is organized in 31 spinal segments: 8 cervical, 12 thoracic, 5 lumbar, 5
sacral and 1 coccygeal segments [21]. These spinal segments correspond specifically with the
topology of motor efference and sensory afference. For each spinal cord segment, a pair of
spinal nerves, consisting of dorsal and ventral rootlets, emerge from the spinal cord and exit
through the intervertebral foramina (Figure 2.1). Ventral nerve rootlets, carrying motor
neuron axons, exit the spinal cord via the anterolateral sulcus. Dorsal nerve rootlets, carrying
sensory neuron axons, emerge from the posterolateral sulcus [22]. Interestingly, the presence
of the C1 dorsal nerve rootlets varies among individuals [23,24]. A spinal cord segment
is defined by the entry points of the nerve rootlets, ranging from the most rostral to the
most caudal rootlets of that level, as illustrated in Figure 2.2. At the C2 cervical level,
the nerve rootlets emerge almost perpendicularly from the spinal cord and angle downward
progressively in lower segments [25]. Additionally, at lower levels, the rootlets tend to overlap

with one another, further complicating the identification of specific spinal levels.

The spinal cord is composed mainly of two different tissue types: white matter (WM) and
gray matter (GM). Unlike in the brain, the spinal cord’s WM is located at the periphery,
with GM centrally positioned in a "butterfly" shape. WM is mainly composed of ascending
and descending myelinated axons and GM is mainly composed of neuron cell bodies. In the

GM, we can distinguish ventral and dorsal horns [4].

The spinal cord is surrounded by the pia mater, the arachnoid mater, and the dura mater. It
is also protected by the vertebral column. For flexibility, the column is divided into 7 cervical,
12 thoracic and 5 lumbar bony segments. On average, in adults, the spinal cord terminates
at vertebral levels L1-1.2, although the caudal termination of the spinal cord relative to the

vertebrae varies among individuals [22,26,27].

There is a correspondence between vertebral and spinal segments: spinal nerves of each spinal
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segment enter the intervertebral foramina adjacent to the caudal end of each vertebral body
as illustrated in Figure 2.2. The position of a spinal segment is typically estimated using
its rostral vertebral body [28]. For example, in Figure 2.2, the spinal level C4 is rostral to
the C4 vertebral body.

However, significant inter-subject variability exists in the relative positioning between ver-
tebral and spinal segments [16]. To address this limitation, several normalization strategies
were introduced. Frostell et al. introduced a normalization strategy that defines the rela-
tive positioning of spinal and vertebral segments using the distance from the C3 vertebral
level to the C3 spinal level and the end of the spinal cord [29]. Other landmarks, such as
the PMJ [16-18] and the conus medullaris [19], are also used to estimate spinal segment
positions. In cervical spinal cord MRI, the PMJ would be a preferable reference because of
its proximity to the cervical area. Additionally, the PMJ is easy to identify (Figure 2.2)
and can be automatically labeled on MRI images using the Spinal Cord Toolbox (SCT)’s
sct_detect_pmj function [30,31].

Another important consideration is the movement of the spinal cord relative to the vertebral
column. Bilston & Thibault demonstrated that, during neck extension, the C3 spinal segment
shifts caudally by 5 mm, in contrast to a 2 mm shift at the C5 level [32]. Additionally, it
was observed that the spinal cord elongates and its CSA reduces when the neck is flexed, as

opposed to a neutral neck position. [33].

Nerve
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traversing
through
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Figure 2.2 T2w image and illustration of spinal cord, vertebrae, nerve rootlets, and PMJ.
(A) illustrate the spinal segment C3 delimited from the rostral-caudal nerve rootlets.

Figure adapted from [16].



2.1.2 Spinal Cord Morphometry

The shape and size of the spinal cord varies along the superior-inferior axis. Notably, there
is a visible increase in spinal cord CSA at the cervical (C4-C5) and lumbar (L3) enlarge-
ments [8,27,29,34-37]. Figure 2.3 displays CSA measurements across the entire spinal cord
from 50 healthy volunteers. In Figure 2.3, the locations of the cervical and lumbar enlarge-
ments, where CSA is higher, are noticeable. Compared to the cervical enlargement, there
is significant variation in the positioning of the lumbar enlargement relative to the vertebral

levels among individuals. [27].

Furthermore, the spinal cord does not have a perfect cylindrical shape throughout its length.
It transitions from a circular shape at C1-C2 to an elliptical shape around C4-C5, and

reverting to a more circular shape at lower levels, as shown in Figure 2.4 [21].
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Figure 2.3 CSA measures across vertebral levels.

Figure adapted from [27].



Figure 2.4 Cross section of the spinal cord in the PAM50 T1w MRI template for various
spinal levels.



2.2 Imaging the Spinal Cord with MRI

MRI is a non-invasive technique that can image soft tissues. Its resolution allows for the imag-
ing of small structures such as the spinal cord. Imaging the spinal cord with MRI consists of
exposing the human body to a high static magnetic field (B0) and exciting hydrogen protons
with radiofrequencies. These protons emit radiofrequency signals, enabling the construction
of a detailed map of hydrogen proton distribution across various tissues. MRI distinguishes
between tissues based on two types of relaxation processes: longitudinal (T1) and transverse

(T2), each providing unique tissue signatures [38].

In this project, we concentrate on T1-weighted (T1w) and T2-weighted (T2w) image contrast
which are typically the structural images acquired for standard MRI assessments. In T1lw
images, the spinal cord appears bright, whereas the surrounding cerebrospinal fluid (CSF)
is darker due to its long T1 relaxation time. In T2w images, the contrast is reversed, with
the spinal cord appearing darker than the CSF due to the CSF’s long T2 relaxation time [4].
Specific MRI sequences can be used to obtain structural images of the spinal cord for CSA
computation. Common MRI sequences for obtaining structural images include T2w fast spin
echo and Tlw MPRAGE (magnetization-prepared rapid gradient echo), the later includes
an inversion pulse to nullify signal in the CSF [12,39].

In high resolution T2w MRI scans (e.g., 0.8 mm isotropic), spinal nerve rootlets can be
visualized as hypo-intense region in contrast to the CSF (Figure 2.2). Alternative MRI
sequences, including dual-echo steady-state [40] and multi-echo gradient-echo [41], can also
be used for visualizing spinal nerve rootlets. Despite advancements in imaging techniques,
clearly visualizing nerve rootlets remains challenging due to their small size and the angles at
which they intersect the CSF in all 3 dimensions [25,42]. Isotropic acquisitions, which provide

uniform resolution in all three dimensions, facilitate the visualization of these structures.

Imaging the spinal cord is challenging due to its small size and proximity to structures like
vertebrae, intervertebral discs, and the lungs, each with different magnetic susceptibilities
that can cause magnetic field inhomogeneities. This can result in signal loss and image dis-
tortions. Movements from surrounding tissues, including those caused by respiration, heart-
beats, swallowing, tongue motion, and CSF flow, can introduce motion and susceptibility

variations, leading to signal blurring and ghosting [4, 43].

In structural brain MRI, the upper cervical spinal cord is often captured within the field of
view. However, since it is located at the extremity of the field of view, it is often affected
by distortions caused by gradient non-linearity. Such distortions can significantly affect the

accuracy of spinal cord morphometric measures from the cervical region, as shown in Figure
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2.5 [44]. Typically, gradient non-linearities are corrected either using a vendor implemented

algorithm, fitted phantom data, or using the gradient coefficients from the scanner model [44].

2.3 Cross-sectional Area (CSA)

Spinal cord cross sectional area is a relevant biomarker for the prognosis and monitoring of
various neurodegenerative diseases, including MS [45], as well as traumatic and non-traumatic
spinal injury [3,46,47]. In the context of MS, there is a significant association between spinal
cord atrophy and both clinical disability and disease progression [6,7]. Moreover, in cases of
degenerative cervical myelopathy, CSA measurements at the compression site demonstrated

substantial diagnostic value, correlating closely with clinical impairments [48].

2.3.1 Computing CSA with MRI

Spinal cord CSA is typically derived from MRI structural images by segmenting the spinal
cord. A variety of automatic and semi-automatic segmentation techniques were developed,

using strategies based on intensity, surface, image features, and deep learning [49].

The accuracy of CSA measurements is constrained by the axial resolution of MRI images.
To counteract partial volume effects, CSA is commonly averaged over several slices. Addi-
tionally, to account for the spinal cord’s curvature, angle correction may be applied to CSA

measurements, ensuring they are computed orthogonally to the spinal cord’s centerline.

For consistency and comparability across different subjects and over time, CSA measurements
are aligned with vertebral levels [13,50]. For instance, in monitoring atrophy in MS, CSA
is usually averaged across the C2-C3 vertebral levels [39]. Vertebral serve as proxies for
determining spinal segment positions, as they are easily identifiable on MRI structural images.
Several methods exist to automatically label the vertebrae in MRI images [51-57], including
sct_label_vertebrae function [51] in SCT [30]. Figure 2.6 illustrates how to compute
CSA, averaged across C2-C3 vertebral levels, using spinal cord segmentation and vertebral
labels.

Spinal cord CSA can be derived from T1w or T2w structural MRI scans. Parameters such
as image resolution directly impact the precision of CSA measures. Given the small size and
curvature of the spinal cord, a 3D scan with an isotropic resolution (~ 1 mm) is preferred
for deriving shape metrics. It also provides high signal to noise ratio [4,12]. Anisotropic
axial scans with thicker slices provide less precision in both CSA measurements, and in the

labeling of vertebral levels.
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A. Raw T1w image from UK Biobank B. With Gradient non-linearity correction

Figure 2.5 Example of an image affected by gradient non-linearity distortion (A) and the
same image after correction (B). Notice the bottom part of the image, where the integrity of
the spinal cord shape is recovered in the corrected image.

C2-C3

Figure 2.6 Spinal cord CSA measurement at C2-C3 vertebral levels.
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Additionally, various image artifacts can degrade image quality, thereby affecting the reli-
ability of CSA measurements. Movements such as patient swallowing can lead to ghosting
artifacts at upper cervical levels, compromising the clarity of the spinal cord’s boundaries.
This may reduce the accuracy of both the segmentation and the subsequent CSA measure-

ments.

2.3.2 Sources of CSA variability

CSA among healthy individuals faces considerable inter-subject variability. The coefficient
of variation (COV) is typically reported as an indicator of variability and is calculated as
the standard deviation (STD) divided by the mean, multiplied by 100 %, as showed in the

following equation:

STD

mean

CoV =

- 100% (2.1)

Cohen-Adad et al. [12] reported a COV of 7.8 % for CSA at the C2-C3 vertebral levels
among 267 healthy adults. Similar studies by Papinutto et al. [9], Yiannakas et al. [11], and
Solstrand Dahlberg et al. [10] reported COVs of 9.47 %, 9.81 %, and 7.87 %, respectively,
underscoring the variability within this measurement. Furthermore, Valosek et al. [8] showed

an increase in CSA COV at lower vertebral levels.

Variations in CSA measurements were also observed across different MRI vendors [12, 14].
Notably, Cohen-Adad et al. [12] highlighted significant differences of CSA between MRI
scanner from GE, Siemens, and Philips, particularly on T1w images from a study involving a
single subject scanned across 19 sites. Casserly et al. [39], in a systematic review, pointed out
the wide range of imaging protocols and contrasts used in MS atrophy research, further con-
tributing to CSA variability. To foster standardization and ensure consistent image quality
across research sites, the Spine Generic acquisition protocol was introduced [13], incorporat-
ing isotropic structural sequences: a T2w scan with 0.8 mm isotropic resolution and a T1w

scan with 1 mm isotropic resolution.

Various imaging factors were shown to increase CSA intra-subject variability, including mo-
tion in the neck region (e.g., due to swallowing or head tilting), the presence of mouth metal
implants, or the neck position (e.g., extreme lordosis makes it harder to acquire slices per-
pendicular to the spinal cord axis, inducing excessive partial volume effect), [15]. Moreover,
certain MRI sequences, like gradient echo (GRE) sequences, are more sensitive to motion,

making them more susceptible to CSA variability in comparison to spin-echo sequences [12].
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The choice of segmentation method also plays a critical role in the accuracy of CSA measure-
ments. Chien et al. [15] showed that CSA values obtained using the semi-automatic method
from JIM (http://www.xinapse.com/Manual/cord intro.html) were consistently higher than

those derived using the automatic segmentation tool sct_deepseg_sc provided in SCT [58].

Furthermore, CSA is known to vary across MRI contrasts [12,59]. Specifically, CSA mea-
surments derived from T2w images are generally larger than those derived from Tlw im-
ages [12,60]. This discrepancy is attributed to the contrast-dependent nature of segmentation
methods, as the delineation between the CSF and the spinal cord can appear differently in

various contrasts, thereby influencing CSA measures [61].

While factors such as MRI vendor, image contrast, and segmentation method can be con-
trolled within single-center studies, other confounding factors still play a role in inter-subject
CSA variability.

Demographic factors, for example, were shown to significantly influence CSA measurements.
Higher values were consistently observed in males compared to females across various studies
[8-10, 34, 62-65].

The relationship between age and the spinal cord’s CSA is less clear compared to that for
sex. Although some research indicates a decline in CSA with advancing age (9,62, 65-68],
this effect was not significant. Papinutto et al. [9] observed an increase of CSA until the age
of 45, followed by a decrease. Additionally, Terao et al. [69] reported a decline of small fiber

density associated with age, particularly in cervical and lumbar segments.

Regarding height, weight and body mass index (BMI), some studies identified moderate
correlations with CSA [9,65]. However, other studies did not find any significant correlations

between these factors and CSA measurements [9, 10, 70].

Significant correlations were identified between the size of the spinal canal and spinal cord
CSA measurements [9,71]. However, the inclusion of spinal canal metrics in studies remains

limited, primarily due to the absence of reliable automated techniques for segmenting the

CSF.

Moreover, metrics derived from brain imaging demonstrated substantial correlations with
spinal cord CSA. Notably, the volume of brain WM is significantly associated with CSA,
whereas GM volume shows a weak correlation, and no significant relationship was observed
between brain CSF volume and CSA [62,66,72]. Additionally, research by Soltrand Dahlberg
et al. [10] highlighted a significant correlation between thalamus volume and cervical spinal
cord CSA.


http://www.xinapse.com/Manual/cord_intro.html
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2.3.3 Normalization Methods

To mitigate the impact of the various factors influencing CSA measures discussed previously,
researchers can implement several normalization strategies. These include the proportional

or residual methods, which are commonly applied in the normalization of cerebral volumes

[70,73].

The proportional method calculates normalized CSA values by dividing each subject’s CSA
by a chosen normalization factor, as illustrated in equation 2.2. This approach does not
require any group correction. However, it does not account for the variability of the normal-
ization factor, potentially leading to increased variability in the normalized CSA values [70].
Additionally, this method may introduce systematic and random errors associated with the

normalization factor into the calculated results.

CSA
A = T 2.2
CS e Xmeas ( )

Alternatively, the regression-based residual method uses a linear regression model to adjust
CSA values by accounting for various factors and their average group values. This method
offers a more comprehensive normalization approach, by simultaneously considering multi-
ple factors. Unlike the proportional method, the residual normalization method does not
incorporate the variability of the normalization factor and its systematic bias. However, its

application requires a group dataset.

The regression-based residual normalization aims to remove the relationships between CSA

and selected normalization factors, as demonstrated in the following equation: [9, 70]:

C(8147107"771 - CSAmeas +Cl : (Xl,mean_Xl,meas)+02 : (XQ,mean_XQ,meas)+- . ~+Cn' (Xn,mean _Xn,meas)
(2.3)

is the adjusted CSA, CSA,,cqs is the measured CSA of a given subject, ¢;

is the slope between CSA and the corresponding factor, X; meqn is the mean of this factor in

Where CSA!...
the population and X ,,eqs is the measured value of that factor for a given subject. Multiple

factors can be included.

Several studies proposed normalization strategies for spinal cord upper cervical CSA [9, 66,
71,74-76]. Among these, some studies identified spinal cord length as a useful strategy for
normalizing spinal cord volume [74,75]. Previous research has primarily used as normalization

factors sex, spinal cord length, brain WM volume, spinal canal area, intracranial volume
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(ICV), and age [7,9,66,71,76]. Some studies used ICV instead of brain volume, as brain
volume can vary with certain pathology such as MS [71]. Brain/skull metrics and sex are

important factors to consider for normalizing CSA.
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CHAPTER 3 METHODS

This chapter presents an overview of the selected method and the role of each article to

achieve the objectives presented in Chapter 1.

3.1 Objective 1: Develop a PMJ-based Approach for CSA Computation

To overcome limitations associated with the use of a vertebral reference, we propose using
the PMJ as a reference for spinal cord CSA measurements. The CSA is computed using an
arc-length distance from the PMJ following the spinal cord centerline. The first objective
of this Master thesis is to propose an automatic method to compute spinal cord CSA from
a distance from the PMJ. In the paper entitled Automatic measure and normalization of
spinal cord CSA using the pontomedullary junction presented in Chapter 4, we propose an
automatic method to enhance PMJ automatic labeling and to compute CSA from a distance
from the PMJ. The method is available through the open-source Software SCT. We apply
the method on a subset of the UK Biobank dataset (n = 804) and compare CSA results with
CSA computed at C2-C3 vertebral levels.

3.2 Objective 2: Quantify Inter-subject Variability of PMJ-based CSA

The second objective of this thesis is to quantify inter-subject variability of CSA when using
the PMJ as a reference. In Chapter 4, we explore various demographic and anatomical
factors contributing to spinal cord CSA variability and develop a normalization method on
a subset of the UK Biobank. We compare the inter-subject variability and normalization
methods for both PMJ-based CSA and vertebral-based CSA at C2-C3.

3.3 Objective 3: Quantify Intra-subject Variability of PMJ-based CSA

The third objective of the thesis is to quantify intra-subject variability of PMJ-based CSA. To
do so, in the article Pontomedullary junction as a reference for spinal cord CSA: validation
across neck positions (Chapter 5), we compute PMJ-based CSA on images with varying
neck positions where the correspondence between spinal and vertebral levels is hypothesised
to vary. We acquire high resolution T2w scans on 10 healthy volunteers with 3 different neck
positions (flexion, neutral and extension). We compare CSA intra-subject variability across

neck positions using the PMJ, intervertebral discs and spinal segments (manually labeled).
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We also estimate the spinal segments positions using the PMJ vs. inter vertebral discs and

assess the variability across neck positions.

3.4 Scientific Publications

From this work, two papers were published. The paper Automatic measure and normalization
of spinal cord cross-sectional area using the pontomedullary junction was published in 2022
in Frontiers in Neuroimaging. The paper Pontomedullary junction as a reference for spinal
cord cross-sectional area: validation across neck positions was published in 2023 in Scientific

Reports.
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CHAPTER 4 ARTICLE 1: AUTOMATIC MEASURE AND
NORMALIZATION OF SPINAL CORD CROSS-SECTIONAL AREA USING
THE PONTOMEDULLARY JUNCTION

Published the 2nd of November 2022 in Frontiers in Neuroimaging, 1:1031253. doi: 10.3389/fn-
img.2022.1031253

Title: Automatic measure and normalization of spinal cord cross-sectional area using the

pontomedullary junction.
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Abstract

Spinal cord CSA is a relevant biomarker to assess spinal cord atrophy in neurodegenerative
diseases. However, the considerable inter-subject variability among healthy participants cur-
rently limits its usage. Previous studies explored factors contributing to the variability, yet
the normalization models required manual intervention and used vertebral levels as a refer-
ence, which is an imprecise prediction of the spinal levels. In this study we implemented a
method to measure CSA automatically from a spatial reference based on the central nervous
system (the PMJ), we investigated factors to explain variability, and developed normalization

strategies on a large cohort (N = 804).

Following automatic spinal cord segmentation, vertebral labeling and PMJ labeling, the
spinal cord CSA was computed on T1w MRI scans from the UK Biobank database. The
CSA was computed using two methods. For the first method, the CSA was computed at
the level of the C2-C3 vertebral disc. For the second method, the CSA was computed at
64 mm caudally from the PMJ, this distance corresponding to the average distance between
the PMJ and the C2-C3 disc across all participants. The effect of various demographic and
anatomical factors was explored, and a stepwise regression found significant predictors; the

coefficients of the best fit model were used to normalize CSA.
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CSA measured at C2-C3 disc and using the PMJ differed significantly (paired t-test, p-value
= 0.0002). The best normalization model included thalamus, brain volume, sex and the
interaction between brain volume and sex. The COV went down for PMJ CSA from 10.09
% (without normalization) to 8.59 %, a reduction of 14.85 %. For CSA at C2-C3, it went
down from 9.96 % to 8.42 %, a reduction of 15.13 %.

This study introduces an end-to-end automatic pipeline to measure and normalize cord CSA
from a neurological reference. This approach requires further validation to assess atrophy
in longitudinal studies. The inter-subject variability of CSA can be partly accounted for by

demographics and anatomical factors.

Keywords: Spinal cord, MRI, Normalization, Inter-subject variability, Biomarker.

4.1 Introduction

Various neurodegenerative diseases such as MS are associated with spinal cord atrophy, which
is caused by demyelination, neuronal and/or axonal loss [1,77]. New techniques have now
become available through recent advancement in MRI and are relevant to assess spinal cord
atrophy [50].

Spinal cord atrophy at the upper cervical levels can be defined within its CSA [1,6]. The use
of this metric is yet still limited due to considerable inter-subject variability. Finding factors
that contribute to the observed variability is important to improve the spinal cord CSA’s

sensitivity and specificity.

Various studies have explored the correlation between spinal cord CSA and demographic,
anatomical and biological factors. Sex was a relevant factor to explain spinal cord CSA
variability, with females having significantly smaller spinal cord CSA than males [9, 10, 62].
While the majority of studies have reported this significant effect, Fradet et al. [78] found it
to be an irrelevant factor and Papinutto et al. [66] did observe the trend, but no statistical
difference was found. However, the absence of a statistical difference could be explained by

the relatively small sample size (30 participants).

Regarding the effect of age, a decrease of spinal cord CSA was previously reported [9,62,66—
68]. However, the effect was not significant [9,62,66]. This trend is accentuated for older
populations, but the effect of age is still small [62]. An increase of spinal cord CSA values
followed by a decrease at 45 years old was also reported, but the effect was not significant [9].
The effect of age on spinal cord CSA needs further investigation, small sample size and narrow

range of age are limiting factors to assess the effect of age on spinal cord CSA.

As for height and body weight, no significant effect on spinal cord CSA was found according
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to recent studies [9,10,66]. The effect of height may be driven by sex differences [9]. BMI was
also tested as a normalization strategy for spinal cord volume, but results were inconclusive

as inter-subject variability was increased [70]. In another study, no correlation was found
with BMI by [10].

Strong correlation between brain metrics and spinal cord CSA were reported in prior studies
[9,10,62,66]. WM volume significantly explains upper cervical area variability as opposed to
CSF volume, which was not significant according to [62]. In addition, brain volume correlated
strongly with spinal cord CSA as for intracranial volume [10,66]. Papinutto et al. [9] also
found this effect with Vscale (scaling factor for head size normalization) and considered
it as the most promising factor for normalization strategies. Intracranial volume was also
considered for normalization of spinal cord volume but had limited utility since it generally
diminished the ability to detect clinical-radiological correlations [74,75]. Since spinal cord
CSA is a useful metric to assess spinal cord atrophy and brain volume changes have also been
associated with those pathologies, intracranial volume would be a better factor to consider for
normalization strategies [71]. A strong correlation was also found between thalamus volume
and spinal cord CSA by [10]. Axial canal area was also a significant factor and promising for
normalization strategies but has not been explored yet by many [9,71]. A notable difficulty

for computing the axial canal area is the ability to properly segment it.

Only a few of the previous cited works have explored normalization strategies for spinal cord
CSA. spinal cord length was a relevant factor for spinal cord volume normalization compared
to intracranial volume [74,75]. Mean spinal cord volume in healthy participants was also
used to normalize spinal cord volume of patients with MS [76]. Regarding spinal cord CSA,
age, intracranial volume, and sagittal vertebral area were the most promising independent
variables found by [66], but the method was based on 30 participants only. Another model
later including Vscale, axial canal product (product of maximum axial anterior-posterior
and lateral diameters of the cervical spinal cord) based on 129 participants significantly
reduced spinal cord CSA variability [9]. Brain WM volume, sex and spinal canal area formed
a relevant normalization strategy. Total intracranial volume can also replace brain WM
volume for subjects with diseases affecting WM. The main limitation here was the relatively
small number of participants (N = 61) [71]. As we can observe, brain/skull metrics and sex
are important factors to consider in a possible normalization method. Also, the mentioned
normalization methods are only reported in the related papers; they are not easily reusable

to integrate directly within analysis pipelines.

In addition to the biological-derived normalization strategy, previous studies have reported

a variability in CSA measures associated with the MRI acquisition parameters, and segmen-
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tation method [12,14,15,59].

The majority of the studies regarding spinal cord CSA use vertebral levels as an anatomical
reference [39,50]. However, inferring the position of the spinal segments using vertebral levels
is imprecise, adding variability to CSA measures [16]. Inferring neuroanatomic positions with
vertebral bodies doesn’t consider neck flexion and extension. In addition, because of the
intrinsic intersubject variability, the vertebral bodies only give a rough approximation of the
spinal segments [16]. Segmental nerve rootlets would provide a proper identification of the
spinal segments, it is however difficult to identify and requires high resolution T2w scans and
an expert rater to identify them. A few studies have attempted to bypass the vertebral-based
limitation using the distance from an anatomical landmark, such as the PMJ [16-18], and the
conus medullaris [19]. However, these methods require manual intervention limiting large-
scale applications. In addition, the PMJ was not used in the context of measuring spinal
cord CSA [16-19]. For cervical cord measures, the PMJ is a more appropriate landmark due
to its proximity to the cervical spinal cord, hence limiting the required field of view in MRI
scans, compared to conus medullaris which could be more appropriate for lumbar spinal cord

measures.

While spinal cord CSA variability across participants was shown to be associated with mul-
tiple demographic, anatomical and biological factors [9,10,66,71], no previous studies have
addressed the variability associated with limitation of vertebral based spinal cord CSA mea-

surement in the search for a normalization method of spinal cord CSA at a large scale.

In this study we quantify the contribution of various factors on the inter-subject variability
in cervical spinal cord CSA measurements. We notably introduce a method to replace the
commonly used vertebral-based referencial system [50] by an anatomical reference from the
central nervous system to overcome the imprecise prediction of the spinal segments. More
precisely, we (1) establish a fully-automatic MRI data processing pipeline to compute spinal
cord CSA, (2) process MRI data from a subset (N = 804) of the UK Biobank database, (3)
introduce a method to automatically use the PMJ as a referential system to measure spinal
cord CSA, (4) develop a statistical model and normalization method for spinal cord CSA

measurements.

4.2 Material and methods

4.2.1 Demography

1,000 participants (48 to 80 years old, 56.3 % female) were selected from the UK Biobank

database. Not knowing the effect size we were after, we could not base this number on any
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reliable power analysis. Hence, the number of participants was selected as a compromise be-
tween the statistical power we wanted to achieve in comparison with the previously-published
studies addressing similar scientific questions (typically < 300 participants) and the time re-
quired to manually validate each step of the processing pipeline (visual inspection, manual
correction of spinal cord segmentation and/or PMJ labeling and/or vertebral labeling). Par-
ticipants with a history of neurological diseases were excluded from the study. Fields from
the UK Biobank dataset included in the category Nervous system disorders' were used to

identify these participants. This brought the number of participants from 1,000 to 972.

4.2.2 Image acquisition

Data used for this study were unprocessed NIfTT T1w structural scans from the UK Biobank
Brain Imaging dataset [79]. Images were acquired in four different assessment centers on a
Siemens Skyra 3T running VD13A SP4 with a standard Siemens 32-channel receive head
coil. T1lw structural scan has a field of view of 208 x256x256 with an isotropic resolution of
1 mm?®. The superior-inferior field of view of 256 mm typically covers down to C3 vertebral
level, which is relevant for the present study as spinal cord CSA was measured around the C2-
C3 vertebral level. The UK Biobank data includes preprocessed data (corrected for gradient
non-linearity and masked), however we could not use these data because the spinal cord
was masked out. We therefore used the unprocessed T1w images as input of the processing

pipeline described in the next section.

4.2.3 Data processing

Data processing pipeline is based on spine-generic v2.6 pipeline? [12] and SCT v5.4% [30].

The processing pipeline and its documentation are both available on GitHub?.

Figure 4.1 presents an overview of the processing pipeline. First, all images were reori-
ented to right-inferior-posterior orientation. Since spinal cord CSA is computed using T1w
brain images and spinal cord is in the periphery of the images’ field of view, gradient non-
linearity distortions have a considerable effect on CSA measures, depending on participant
positioning [44]. Gradient non-linearity correction was applied by the UK Biobank after
brain extraction and was therefore not possible for us to use since the cervical spine is the

subject of investigation in this study. Thus, correction for gradient non-linearities was applied

thttps://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=2406

Zhttps://github.com/spine-generic/spine-generic/releases /tag/v2.6

3https://github.com /neuropoly/spinalcordtoolbox /releases/tag/5.4

4https://github.com /sct-pipeline/ukbiobank-spinalcord-csa/tree/v1.1#cord-csa-on-uk-biobank-brain-
mri-database


https://biobank.ndph.ox.ac.uk/showcase/label.cgi?id=2406
https://github.com/spine-generic/spine-generic/releases/tag/v2.6
https://github.com/neuropoly/spinalcordtoolbox/releases/tag/5.4
https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/tree/v1.1#cord-csa-on-uk-biobank-brain-mri-database
https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/tree/v1.1#cord-csa-on-uk-biobank-brain-mri-database
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to the unprocessed images using gradunwrap from the HCP project [80] and the coefficient
file for the Siemens Skyra 3T gradient system. Then, the spinal cord was segmented auto-
matically using SCT’s sct_deepseg_sc [58]. spinal cord CSA was computed using SCT’s

sct_process_segmentation with two different methods further explained below.

SC CSA
METHOD “C2-C3”

VERTEBRAL
SEGMENTATION LABELING

DAfA - GRADIENT
CORRECTION

PMJ DETECTION CENTERLINE SC GA
METHOD “PMJ”

Figure 4.1 Overview of the processing pipeline. Correction for gradient non-linearities was
applied on the T1w image and spinal cord was segmented automatically. Vertebral levels
were identified and spinal cord CSA was computed at C2-C3 levels. The PMJ was labeled
and the centerline was extracted to compute spinal cord CSA from the PMJ

CSA based on distance from neurological reference: pontomedullary junction

To overcome the limitation of spinal cord segment prediction with vertebral bodies, spinal
cord CSA was measured from a distance of a neurological reference; we chose the PMJ [16,17].
First, the PMJ was identified using SCT’S sct_detect_pmj. Briefly, a 2D support vector
machine trained with histogram of oriented gradient features (HOG+SVM 2D classifier) was
run on the mid-sagittal slice to detect the PMJ [31]. However, the mid-sagittal slice does
not necessarily correspond to the anatomical medial plane if the participant’s head is slightly
tilted in the scanner for example. We used a sliding window centered on the first estimated
PMJ coordinate based on the mid-sagittal plane and computed cross-correlation within the
window and its mirror image in the right-left orientation. We assumed that the maximum
cross-correlation corresponds to the right-left symmetry slice. The HOG+SVM 2D classifier

was run again on the updated medial plane. Since the spinal cord curvature associated with
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cervical lordosis varies across individuals, the distance from the PMJ was computed along the
spinal cord centerline following the arc-length. spinal cord segmentation normally doesn’t go
as high as the PMJ. The PMJ coordinate was then added to the spinal cord segmentation
prior to extracting the spinal cord centerline. Linear interpolation and smoothing were used
to extract the spinal cord centerline. spinal cord CSA was computed at the mean distance
between the C2-C3 disc and the PMJ across all participants, which corresponds to 64 mm.
spinal cord CSA was computed along the spinal cord centerline and then averaged on a 20

mm extent as presented in Figure 4.2.

Figure 4.2 a) spinal cord centerline from PMJ. The spinal cord centerline was extracted from
spinal cord segmentation and the PMJ label using linear interpolation and smoothing. The
distance from PMJ is measured along the centerline following the arc-length. b) Extent mask
to average spinal cord CSA. At 64 mm from PMJ, CSA was computed slice-wise, corrected
for angulation and averaged within a 20 mm extent. The extent mask is centered at 64 mm
from PMJ.

CSA based on C2-C3 vertebral levels

The second and more commonly used method to compute the spinal cord CSA was to use
C2-C3 vertebral levels as an anatomical reference for spinal segments [39,50]. We proceeded
to vertebral labeling using sct_label_vertebrae [51]. spinal cord CSA was then averaged
across C2-C3.
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4.2.4 Quality control

After running a first pass of the automatic analysis pipeline, we inspected results of the
spinal cord segmentations and of the PMJ and vertebral labeling using SC'T’s quality report
(sct_qc). For more details about the procedure, see: https://github.com/sct-pipeline/ukbiobank-
spinalcord-csa/blob/master/README.md#quality-control . Segmentation and labeling er-
rors typically occurred if there were important artifacts in the image, such as ghosting caused
by poor shimming and/or participant motion (e.g.: swallowing, head tilting). PMJ and ver-
tebral labeling errors also sometimes happened if the field of view was improperly positioned
(e.g.: excessive rotation about the right-left axis). If images were too artefacted to produce re-
liable morphometric measures (see examples at https://github.com/sct-pipeline/ukbiobank-
spinalcord-csa/issues/61), these images were excluded from the statistical analysis. This
brought the number of participants from 972 to 826. For less severe artifacts, manual cor-
rections were done on the segmentation and/or labeling. Making these corrections ensured
that the derived CSA measures are reliable. Segmentations were corrected using ITK-SNAP
by adding or removing voxels when appropriate. To correct vertebral labeling, we manually
labeled the posterior tip of the intervertebral discs C1-C2, C2-C3 and C3-C4 using SCT’s
sct_label utils. A similar approach was done for the PMJ. All manual corrections were
added to the dataset under the folder ‘/derivatives/labels’ that follows the BIDS convention.
The whole analysis was then re-run and when existing, the corrected segmentations/labels
were used in lieu of the automatic segmentations/labels. Processing was distributed across 40
CPU cores (one participant per CPU core) using sct_run_batch on a 64-core CPU cluster.
Processing took 01h53m59s.

4.2.5 Statistical Analyses
Comparison of CSA measure with both methods

To study the relationship between the PMJ-based and vertebral-based CSA measures, we
built a scatterplot and derived a model. We also computed the distance between the C2-C3
disc and PMJ. Mean, STD, median and COV for both CSA measures were computed. We
performed a two-sided paired T-test to assess if there is a statistically significant difference
between PMJ-based CSA vs C2-C3-based CSA. All subsequent analyses were done on both
CSA at 64 mm from the PMJ and at the C2-C3 disc.


https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/blob/master/README.md#quality-control
https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/blob/master/README.md#quality-control
https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/issues/61
https://github.com/sct-pipeline/ukbiobank-spinalcord-csa/issues/61
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Correlations with physical and brain measures

In this study, the effect of sex, age, physical measures, and brain measures on spinal cord
CSA was explored by calculating Pearson’s correlation coefficients. Physical measures in-
cluded height and weight. Brain measures included brain WM volume, brain GM volume,
brain volume, brain volume normalized for head size, thalamus volume and ventricular CSF
volume. All data (images and demographic measures) were acquired at the same time for
each participant and were available in the UK Biobank database. The brain metrics were

computed by the UK Biobank team as part of their processing pipeline [81].

Effect of sex and age

To assess the effect of sex on spinal cord CSA, a T-test for two independent samples was
performed to establish if the mean CSA for male and female has a significant difference. We
fitted a linear and quadratic regression to assess the effect of age on spinal cord CSA. R? was

reported.

Multilinear regression

The effect of all candidate predictors was evaluated using a multilinear analysis. Sex was
included as a dichotomous variable to the regression. Any participant missing a parameter
was excluded from this analysis. This brought the number of participants from 826 to 804.
To select the relevant predictors of the multilinear regression, a stepwise method was used.
The predictors are added to the model from the highest correlation with CSA to the lowest
if they are significant (p-value < 0.05). After each addition of predictors, the significance
of the current parameters was computed again, and parameters with a p-value > 0.05 were
excluded from the model [82]. The level of significance was the same for both entry and exit
tests. To validate the model, we proceeded to a residual analysis and computed R%. Pearson’s
correlation coefficient between candidate predictors was used to choose which parameter to

include in the stepwise model due to possible collinearity between parameters.

Normalization method

With the best multilinear regression fit, a regression-based residual method [9,70] was devel-
oped using the significant predictors, as described in the following equation:

CSAZ = CSAZ ‘|‘Cl'(Xl,mean_Ximeas)‘{’CQ'(XQ,mean_X;meas)_"---+cn'(Xn,mean_Xi )

norm meas n,meas

(4.1)
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%
norm

Where C'SA?

meas

is the computed spinal cord CSA value from a given participant 7, C'S A
is the normalized CSA value, c; are the coefficients of the multilinear regression, X;, mean

are the mean values of all significant predictors, X;meas are values for the given participant’s

predictors, for j predictors [9].

Since this method assumes that the regression line slopes are parallel for both groups for
sex [70], the interaction between significant predictors and sex was also explored afterward.
If the interaction term was significant, it was added to the model. The interaction term

corresponds to the predictor multiplied by sex (0 or 1) as we can see in the following equation:

y=c1-X1+co-sex+c3- Xy - sex (4.2)

The effect of normalization was then evaluated by comparing the COV of the normalized
spinal cord CSA (CSA? ) and the measured CSA (CSA! ..). We also present the mean

norm meas

(tnorm) and STD (0 p0rm) of the normalized CSA measures (CSA® ) and the z-score equa-

norm

tion: CSA
z-score = norm — Hnorm (4.3)
U'er‘m

4.3 Results

4.3.1 Spinal cord CSA

In this study we compared spinal cord CSA measured using the PMJ as a reference or the
C2-C3 disc as a reference (more popular). When using the PMJ as a reference (64 mm caudal
to the PMJ), the CSA ranged between 51.9 and 95.6 mm? (mean 4+ STD: 66.2 mm? + 6.69
mm?). The COV was 10.09 %. When using C2-C3 vertebral levels as a reference, the CSA
ranged between 51.5 and 96.9 mm? (mean 4+ STD: 66.4 mm? + 6.61. mm?). The COV was
9.96 %.

Figure 4.3a) shows the relationship between CSA at 64 mm from the PMJ and CSA at
C2-C3 vertebral levels. The linear regression led to a R? of 0.97. Figure 4.3b) shows a
scatterplot of the distance from the PMJ and C2-C3 disc. Mean distance from the PMJ
to the C2-C3 disc is 64.37 + 5.53 mm. We found a significant difference between the CSA
calculated at 64 mm from the PMJ and the CSA measured at the C2-C3 disc (paired t-test,
t =-3.71, p-value = 0.0002).
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Figure 4.3 a) Scatterplot of PMJ-based CSA at 64 mm and vertebral-based CSA at C2-C3
vertebral levels. b) Scatterplot of the distance between the PMJ and the C2-C3 disc.

4.3.2 Statistical Analyses
Correlations with physical and brain measures

We investigated the relationship of spinal cord CSA with sex, age, physical and brain mea-
sures. Results of the correlation analysis (Pearson’s) are reported in Table 4.1. Note that
this correlation matrix is not corrected for multiple comparisons because its purpose was
only to explore existing correlations. In subsequent analysis (see Multilinear regression), a
multivariate analysis will account for the number of regressors in the estimated p-values. Scat-
terplots of CSA(PMJ) and all parameters are shown in supplementary material (4.8-4.17).
Ventricular CSF volume was the only parameter to present a non-significant correlation co-
efficient with both spinal cord CSA measures (p-value > 0.05). Thalamus, brain, brain WM
and brain GM volume present the highest correlations out of all parameters (Pearson’s r >
0.4). Among parameters, we notice in particular a very strong correlation between thalamus

volume and brain, brain WM and brain GM volume.

Effect of sex and age

Participants in this study include 43.7 % of males and 56.3 % of females. Figure 4.4 presents

spinal cord CSA violin plots for female and male with mean and STD. We found a significant
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difference for CSA between female and male for both CSA at 64 mm from the PMJ and at
C2-C3 disc (CSA(PMJ): t = -5.37, p-value < 1077, CSA(C2-C3): ¢ = -5.17, p-value <
1077).

To explore the relationship between age and spinal cord CSA, we calculated a linear and
quadratic fit. The age of the participants ranged between 48 and 80 years old. The linear
fits are presented at Figure 4.5. The equations for the quadratic fit are:

CSA(PMJ) : y = 72.93 — 0.0469 - = — 0.000907 - % R* = 0.031 (4.4)
CSA(C2-C3) : y = 75.17 — 0.1076 -  — 0.000475 - 2°; R* = 0.034 (4.5)
The constant and the linear coefficient are the same for both linear and quadratic fits per
CSA methods (PMJ and C2-C3). The quadratic coefficient is very small for both methods
(CSA(PMJ): 9.07 x 107%; CSA(C2-C3): 4.75 x 10~*). There is almost no quadratic trend

in both cases.

A) Violin plot of CSA(PMJ) and sex B) Violin plot of CSA(C2-C3) and sex
Ll 100
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Figure 4.4 A) Violin plot of spinal cord CSA at 64 mm from the PMJ for female and male
with mean (u) and STD (o) for each sex. B) Violin plot of spinal cord CSA at C2-C3 disc
for female and male with mean (u) and STD (o) for each sex.

Multilinear regression

Based on the Pearson’s correlation analysis presented in Table 4.1, the following parameters

were input in the stepwise linear regression: sex, height, weight, age, brain volume, ventricular
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CSF volume and thalamus volume. Since brain WM volume, GM volume and brain volume

have a very strong correlation (0.94 and 0.96), brain WM volume and GM volume were not

included in the model to avoid collinearity.

The stepwise method yielded a model including brain volume and thalamus volume for

CSA(PMJ) and CSA(C2-C3). The resulting model is shown in Table 4.2 for CSA at 64 mm

from the PMJ and at Table 4.3 for CSA at C2-C3 disc. Adjusted R? is 0.265 for CSA(PMJ)
and 0.271 for CSA(C2-C3). Both models show a significant association with CSA (p-value

< 0.0001).

Table 4.2 Multilinear Regression Analysis for spinal cord CSA(PMJ) (N = 804 participants).

R? R2adj F p-value AIC
0.267 0.265 145.7 1.077e-54 5093
coeff t p-value
const 27.18 11.634 5.154e-29
thalamus volume 1.99¢-03 8.344 3.131e-16
brain volume 7.56e-06 2.407 0.016
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Table 4.3 Multilinear Regression Analysis for spinal cord CSA(C2-C3) (N=804 participants).

R? R2adj F p-value AIC

0.267 0.269 148.7  1.18e-55 5072
coeff t p-value

const 2749  11.924 2.737e-30

thalamus volume 0.002 8498  9.373e-17
brain volume 7.30e-06  2.355 0.019

4.3.3 Normalization
Brain and thalamus volumes

The presented model’s coefficients led to the following normalization equation with thalamus
volume and brain volume and their respective mean for CSA at 64 mm from the PMJ and
at C2-C3 disc. Normalized CSA(PMJ) had a mean and STD of 66.26 mm? + 5.72 mm? and
for CSA(C2-C3), 66.40 mm? + 5.64 mm?.

CSA(PMJ):
CSA' —~—=CSA. +1.986-107% (15266 — X'n,) + 7.56 - 107% - (1156171 — X5,,) (4.6)
CSA,rm — 66.26
} _ 4.
z-score % (4.7)
CSA(C2-C3):
CSAL —~=CSA  +0.002- (15266 — Xi,) +7.30-107° - (1156171 — X&) (4.8)
CSAorm — 66.40
- - 4.
z-score = 6l (4.9)

TV: thalamus volume (mm3®) ; BV: brain volume (mm?)

With the CSA at 64 mm from the PMJ normalization, COV went from 10.09 % (CSA! ...)
to 8.64 % (CSA! ), areduction of 14.37 %. With the CSA at C2-C3 disc normalization,
COV went from 9.96 % (CSA! _..) to 851 % (CSA! . ) areduction of 14.61 %.

meas norm

Brain and thalamus volumes and sex interaction with brain volume

Figure 4.6 and Figure 4.7 show scatterplots of CSA at 64 mm from the PMJ and at

the C2-C3 disc with both predictors (brain volume and thalamus volume) separated for sex.
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Qualitatively, we observe that the slopes for female and male are different with the brain
volume predictor, however the slopes are closer with the thalamus volume predictor. To
quantitatively validate if the interaction coefficient is significant in the model, we computed
the interaction of both predictors with sex. The interaction coefficient for brain volume
was significant (CSA(PMJ): p-value = 0.006; CSA(C2-C3): p-value = 0.005) and sex
was also significant when adding the interaction parameter (CSA(PMJ): p-value = 0.005;
CSA(C2-C3): p-value = 0.004). For thalamus volume, the interaction coefficient was not
significant (CSA (PMJ): p-value = 0.227; CSA(C2-C3): p-value = 0.218) neither was sex
(CSA(PMJ): p-value = 0.227; CSA(C2-C3): p-value = 0.213). The interaction of brain
volume and sex was therefore added to the previous model since it has a significant effect.

The following equation presents the corresponding normalization equation:

CSA(PMJ):

CSAL,... =CSA! . +1.98-107° (15266 — Xiw,) +2.45- 107 - (1156171 — X&) (4.10)
—15-(0.437 — X' ) +1.26-107° - (530335 — X', - X§/) '
CSAporm — 66.26
z-score = (4.11)
5.59
CSA(C2-C3):
CSA, . =CSAl ~+1.98-107°% (15266 — X%,) +2.49-107° - (1156171 — Xjy) (4.12)
—15.23-(0.437 — X' ) +1.26-107° - (530335 — X' - X&) '
CSAporm — 66.40
z-score = (4.13)

5.61

TV: thalamus volume (mm3®) ; BV: brain volume (mm?)

The model was significant (p-value < 0.0001) for both CSA(PMJ) and CSA(C2-C3). Nor-
malized CSA(PMJ) had a mean and STD of 66.26 mm? + 5.69 mm? and for CSA(C2-C3),
66.40 mm? + 5.61 mm?. The COV of CSA(PMJ) went from 10.09 % to 8.59 %, a reduction
of 14.85 %. The COV of CSA(PMJ) went from 9.96 % to 8.42 %, a reduction of 15.13 %.
Adjusted R? was 0.271 for CSA(PMJ) and 0.276 for CSA(C2-C3).

Brain volume and sex interaction

Since measuring thalamus volume is not always convenient, we also proposed a model without
the thalamus volume as a predictor and kept only brain volume, sex, and the interaction.
Normalized CSA(PMJ) had a mean and STD of 66.26 mm? + 5.94 mm? and for CSA(C2-
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Scatterplots of CSA as a function of brain velume and thalamus volume
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Figure 4.6 Scatterplots of CSA(PMJ) as a function of brain volume and thalamus volume
separated for sex with linear fit.

C3), 66.40 mm? 4+ 5.86 mm?. The COV went from 10.09 % to 8.96 %, a reduction of 11.22
% for CSA(PMJ) and the adjusted R* was 0.209. The COV went from 9.96 % to 8.88
%, a reduction of 11.39 % for CSA(C2-C3) and the adjusted R? was 0.212. Both models
were also significant (p-value < 0.0001). Even if this model is less performant than the
one including the thalamus volume, we present it given that thalamus volume is not often
measured in neuroimaging analysis pipelines or in the presence of thalamic atrophy [83-88].

The normalization model has the following equation:

CSA(PMJ):
CSA — =CSA" ~ 4+237-107°- (1156171 — X&) — 15 (0.427 — X! ) (4.14)
+1.24-107% - (530335 — X7, - X&) '
CSAporm — 66.26
_ — 4.1

z-score o (4.15)

CSA(C2-C3):
CSA!  =CSA! .. +238-107° (1156171 — Xb,,) — 15.23 - (0.427 — X.,,) (4.16)

+1.25-107° - (530335 — X' - X&)

SEXT

CSAorm — 66.40
- = 4.17
z-score = 86 (4.17)
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Scatterplots of CSA as a function of brain velume and thalamus volume
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Figure 4.7 Scatterplots of CSA(C2-C3) as a function of brain volume and thalamus volume
separated for sex with linear fit.

TV: thalamus volume (mm®) ; BV: brain volume (mm?)

4.4 Discussion

In this work, we quantified the contribution of various factors on inter-subject variability in
cervical spinal cord CSA measurements in 804 participants with a fully-automatic processing
pipeline. We implemented a measurement method for spinal cord CSA that uses the PMJ
as opposed to the vertebral reference to overcome its limitations associated with the head
position variability. Finally, we developed a normalization model which can reduce inter-
subject variability by up to 14.85 % for CSA(PMJ) or 15.13 % for CSA(C2-C3).

4.4.1 CSA results

We obtained mean CSA values of 66.2 mm? and 66.4 mm? for PMJ-based and vertebral-based
CSA respectively, which is lower than what was reported in other studies [9,10,71]. Lower
values could be explained by various factors. Firstly, the population studied here is relatively
older than in other published studies (range: 48 to 80, mean: 64). Secondly, the segmentation
method has an impact on defining the boundary between the spinal cord and surrounding
CSF. SCT’s sct_deepseg_sc is more conservative than other software in defining this border,
which results in a smaller CSA [89,90]. This is due to the segmentation algorithm: if we adjust
the threshold for determining the boundary between the spinal cord and the background
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(CSF), the produced segmentation becomes systematically scaled up/down depending on
the threshold value. This translates to a systematic bias, similar to a calibration problem,
which applies, in average, equally across data quality. Therefore, when it comes to using
CSA values for clinical studies, it only adds an offset and does not affect the precision of the
measure. Thirdly, acquisition parameters (which drive image contrast) also influence CSA
values [12,14]. Furthermore, gradient echo T1w acquisitions are prone to motion artifacts,
which hamper the performance of spinal cord segmentation. COV were 9.96 % and 10.09 %
(C2-C3, PMJ), which is similar to what was observed in previous studies [9,10, 71].

4.4.2 PMJ-based CSA method

Regarding vertebral-based CSA and PMJ-based CSA, COVs are very similar (9.96 % C2-C3,
10.09 % PMJ) as for CSA values (see Figure 4.3). The CSA measures between the PMJ and
C2-C3 disc reference were statistically different (p-value = 0.0002). This suggests that using
the PMJ as a reference for CSA measurement is relevant to overcome the imprecise prediction
of the spinal segments. This enforces the fact that vertebral levels are not a precise surrogate
for spinal levels. In terms of variability, there is no clear conclusion if the PMJ-based method
reduces the inter-subject variability, which is a relevant indicator in cross-sectional studies
(e.g., used to assess the signature of a biomarker with different phenotypes). However, for
longitudinal studies (i.e.: intra-subject COV), given that head tilting might change across
sessions, it is possible that a PMJ-based method is preferred. While no clear conclusion can be
drawn from the PMJ-based method in comparison with the vertebral-based method in terms
of inter-subject CSA variability, this study sets the foundations, which are hard to establish,
to further investigate the relevance of a PMJ-based method since it is fully-automatic and

suggests promising results for longitudinal studies.

Some limitations are associated with the PMJ-based CSA method. The use of the PMJ label
to interpolate with the centerline is not the exact extrapolation of the centerline. Spinal cord
curvature at the PMJ varies across individuals, which adds variability to the computed dis-
tance. PMJ label positioning across participants may also differ, also affecting the measured

distance.

Moreover, the absolute distance from PMJ doesn’t consider the fact that the spinal cord
length varies across individuals [26,91]. Using a relative distance to predict the spinal seg-
ments from the PMJ could be relevant to overcome this limitation. Results from this study
show a difference between spinal cord CSA using a vertebral-based vs PMJ-based reference,
but not between the inter-subject variability. A comparison with the nerve rootlets is neces-

sary to assess which method ensures proper prediction of the spinal segments; it will be the
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subject of further investigations.

Another question remains about the robustness of the PMJ-based CSA method in the pres-
ence of lesions in the brainstem and the spinal cord. The presence of lesions in the brainstem
could lower the performance of the automated identification of the PMJ, which needs to be
further assessed in pathological data. The other important aspect of the PMJ-based method
is the spinal cord centerline, which is extracted from the spinal cord segmentation. In the
presence of lesions, the automatic segmentation could also be less reliable, requiring manual
correction. Future developments of spinal cord segmentation algorithms that are robust to

the presence of lesions would address this limitation.

In the case of high atrophy rate in the brainstem, we expect that it is very unlikely that the
PMJ won’t be easily identifiable, considering it is the only required label in the brainstem
region for this method. Additionally, we don’t expect that the centerline extraction will
be affected by lesions in the brainstem since it only relies on the spinal cord segmentation.
However, a high atrophy rate in the spinal cord would affect the spinal cord segmentation.
The centerline would lose some precision since it is extracted by computing the center of
mass of each slice of the spinal cord segmentation. This could result in loss of precision
in the computation of the distance from the PMJ in order to compute CSA, but further
investigations are needed to establish the impact of lesions in the brainstem or spinal cord
on the PMJ-based CSA method.

4.4.3 Correlation with spinal cord CSA

Our analysis shows a strong correlation between brain volume, brain WM volume, brain
GM volume and thalamus volume with CSA, as previous studies have reported [9,10,62,66].
The highest correlation was found with thalamus volume (Pearson’s r = 0.51). Numerous
ascending tracts project from the spinal cord to various thalamus nuclei (spinothalamic tract),
which could explain a close correlation between CSA and thalamus volume compared to other
brain structures [92-94]. No significant correlation was found with ventricular CSF volume.

Correlations with height and weight are low.

It would have been interesting to explore other potential regressors explaining spinal cord
CSA, such as other deep GM structures, as well as brainstem structures (e.g., pons, medulla)
due to their closeness to the cervical spinal cord. These additional regressors would help
elucidate if the strong correlation between the thalamus volume and spinal cord CSA is
unique to the thalamus or if it is also found in other structures. We found a statistical
difference between spinal cord CSA between male and female; females have a significantly

smaller CSA than males as previous studies have shown [9,10,66]. Regarding the effect of
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age on spinal cord CSA, we found a decrease of CSA with age. Linear and quadratic fit gave
very similar results (CSA(PMJ): R? = 0.031 and CSA(C2-C3): R? = 0.034 for both fits).
Since the age range of the participants goes from 48 to 80 years old, it is not surprising that
a linear fit is also adequate, in comparison with results reported by others [9,71]. Since CSA
peaks around 45 years old [9,71], CSA values for the age range of this study are decreasing

with age as we observed (see Figure 4.5).

4.4.4 Normalization methods

Stepwise linear regression led to thalamus volume and brain volume as predictors for spinal
cord CSA. We introduce for the first time thalamus volume as a predictor for normalization of
spinal cord CSA. Thalamus volume presented a high correlation with brain volume (Pearson’s
r = 0.79), hence some collinearity between both predictors may reduce the statistical power
in the obtained model. However, we decided to keep both variables in order to preserve
some potentially useful interaction measures. This model significantly reduced inter-subject
variability; COV went down from 10.09 % to 8.64 %, which represents a reduction of 14.37
% for CSA(PMJ). COV went down from 9.96 % to 8.51 %, which represents a reduction of
14.61 % for CSA(C2-C3). Other parameters were not significant since they were excluded
during the stepwise model (p-value > 0.05). Sex alone was not a significant predictor (p-
value > 0.05) even if there is a significant difference between male and female CSA. Note the
strong correlation between sex and thalamus volume (Pearson’s r = 0.36) and between sex
and brain volume (Pearson’s r = 0.49). When adding the interaction between sex and brain
volume, sex and the interaction became significant. The effect of brain volume on spinal cord
CSA varies between male and female as we can observe in Figure 4.6 and Figure 4.7. The
interaction between thalamus volume and sex wasn’t significant. The model including brain
volume, thalamus volume, sex and sex/brain volume interaction led to a COV of 8.59 %,
a reduction of 14.85 % for CSA(PMJ) and for CSA(C2-C3), a COV of 8.42 %, a reduction
of 15.13 %. Including sex and brain volume interaction led to the best COV reduction. To
our best knowledge, interaction of sex and brain volume was never considered in previous
normalization models, only the fixed effect of sex on CSA was included. These findings
reveal the importance to consider that factors can vary differently for males and females. We
also proposed a model without the thalamus volume, given the difficulty to measure it (it
requires the proper anatomical sequence with sufficient contrast and resolution) and/or in the
case of abnormal thalamic atrophy, which could happen in various pathological conditions.
This model reduced CSA variability less than when including thalamus volume (11.22 % of
reduction for CSA(PMJ) vs 11.39 % for CSA(C2-C3)). The combination of thalamus volume,

brain volume and sex better explains CSA variability.
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Even if CSA at 64 mm from the PMJ and at C2-C3 disc differed significantly, the normaliza-
tion analysis and obtained models did not vary and the coefficients of the models were very

similar.

We obtained a smaller reduction than other models presented in previous studies [9, 71].
Kesenheimer et al. [71] obtained a reduction of COV of 23.7 % using sex, brain WM volume
and spinal cord canal area, Papinutto et al. [9] obtained a reduction of 17.74 % using Vscale
and axial-canal product. It is important to consider that the predictors of the normalization
methods were different, mainly regarding metrics related to the spinal cord canal which
could explain the smaller reduction of COV obtained with our model (CSA(PMJ): 14.85
% or CSA(C2-C3): 15.13 %). We did not include spinal cord canal metrics in our analysis
because of the lack of automated methods for robust spinal cord canal segmentation combined
with the large number of participants in this study. Also, the size of the cohort is larger than
in the previously mentioned works, N = 60 for [71] and N = 129 for [9], which impacts
the distribution and coverage of the data of the participants and affects the normalization
method.

Age was not a significant predictor for spinal cord CSA. Trends for CSA and brain volume
for the age range of our study were very similar. The effect may differ for younger people
since brain volume decreases linearly with age while CSA increases until about 45 years old

and decreases afterward [9].

We have to consider the fact that older people may be more subject to motion in the MRI
than younger people (discomfort, difficulty breathing) resulting in a bias in the measured
CSA (blurring, motion artifact ghosting). Further investigations are needed to validate if the

model can expand to ages not included in this study.

The normalization model was generated from T1w data with a specific protocol. Subsequent
studies should assess whether the model is adequate for other acquisition parameters and
contrasts. It is known that the output CSA varies for different acquisition protocols [12].
However, since there is a direct relationship between CSA values from different contrasts,
there would be a systematic offset in the produced CSA. Since the model is linear, it should

hold for different contrasts.

It is important to note that the choice of processing software package (and its version) used
to compute the brain morphometrics affects the measured brain and thalamus volumes, and
hence the proposed normalization model. The proposed normalization model would then
require data to be processed using the same processing software as that used for the UK

Biobank analysis pipeline [81].
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The model was developed from healthy participants; the question remains if it would be
applicable to patients with neurodegenerative diseases such as MS. Thalamic atrophy is
common in neurodegenerative diseases such as MS [83-88]. In the case of such atrophy, one
should refrain from normalizing CSA with thalamus volume since the normalization would
be biased. This is why we proposed a model without the thalamus volume. Also, brain
volume changes have been associated with atrophy for various neurodegenerative diseases.
A normalization model including brain volume may not be generalizable for those patients.
As done in other studies [71], intracranial volume could be a relevant substitute for brain
volume since it is not affected by neurodegenerative diseases. Including sex interaction here
will also be important and can improve the normalization model. Further studies could

include intracranial volume in the normalization model.

Furthermore, other confounding factors could possibly affect image acquisitions for patholog-
ical patients. Severe motor disability could induce some breathing difficulties which induces

considerable motion artifacts, thus spinal cord segmentation and CSA bias.

4.4.5 SCT normalization feature

We made available the obtained normalization model in the open-source software SCT within
sct_process_segmentation. Since thalamus volume may not be available in all spinal cord
MRI studies, we made it possible for the user to normalize CSA values without thalamus
volume. Even if the best model was obtained with thalamus volume, brain volume, sex
and sex interaction between brain volume and sex, normalizing spinal cord CSA without
thalamus volume could still reduce CSA variability. The normalization feature can be used by
adding the option -normalize followed by the predictors and their corresponding values. For
more information on usage, refer to: https://spinalcordtoolbox.com/user section/command-

line.html#sct-process-segmentation.

4.5 Conclusions

This study features an analysis of factors contributing to spinal cord CSA variability at
a larger scale than what was done previously to our best knowledge using an automatic
processing pipeline. We introduced a new reference in the context of CSA measurements
based on a neurological reference (PMJ) to overcome vertebral reference limitations (neck
flexion and extension) which sets ground for further investigation regarding the prediction of
spinal segments and cervical CSA studies. We computed over a large cohort of participants
spinal cord CSA at 64 mm from the PMJ on Tlw scans from the UK Biobank database.


https://spinalcordtoolbox.com/user_section/command-line.html#sct-process-segmentation
https://spinalcordtoolbox.com/user_section/command-line.html#sct-process-segmentation
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The pipeline is based on regular brain MRI scans, making it of interest for a broad range of
study types, including clinical studies. No significant age trend was found while spinal cord
CSA was significantly different for males and females. We present an effective normalization
model including thalamus volume, brain volume, sex and sex/brain volume interaction readily
usable in SCT. The most relevant factors to explain spinal cord CSA variability are related
to the brain; these findings show the importance of having a brain MRI acquisition in spinal
cord studies/research. Reducing inter-subject variability could improve comparison between
CSA measures to increase its sensitivity and specificity to better assess pathology-related

changes.
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CSA as a function of Age

Figure 4.8 Scatterplot of CSA at 64 mm from the PMJ as a function of age.
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Figure 4.9 Scatterplot of CSA at 64 mm from the PMJ as a function of brain GM volume.
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CSA as a function of Brain WM volume
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Figure 4.10 Scatterplot of CSA at 64 mm from the PMJ as a function of brain WM volume.
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Figure 4.11 Scatterplot of CSA at 64 mm from the PMJ as a function of brain volume.
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CSA as a function of Total brain volume norm
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Figure 4.12 Scatterplot of CSA at 64 mm from the PMJ as a function of brain volume

normalized for head size.
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Figure 4.13 Scatterplot of CSA at 64 mm from the PMJ as a function of height.



CSA as a function of Weight
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Figure 4.14 Scatterplot of CSA at 64 mm from the PMJ as a function of weight.
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Figure 4.15 Scatterplot of CSA at 64 mm from the PMJ as a function of thalamus volume.
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CSA as a function of Volume ventricular CSF
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Figure 4.16 Scatterplot of CSA at 64 mm from the PMJ as a function of ventricular CSF
volume

CSA as a function of Vscale

Figure 4.17 Scatterplot of CSA at 64 mm from the PMJ as a function of Vscale
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Abstract

Background: Spinal cord CSA is an important MRI biomarker to assess spinal cord atrophy
in various neurodegenerative and traumatic spinal cord diseases. However, the conventional
method of computing CSA based on vertebral levels is inherently flawed, as the prediction of
spinal levels from vertebral levels lacks reliability, leading to considerable variability in CSA
measurements. Computing CSA from an intrinsic neuroanatomical reference, the PMJ, has
been proposed in previous work to overcome limitations associated with using a vertebral
reference. However, the validation of this alternative approach, along with its variability
across and within participants under variable neck extensions, remains unexplored. The goal
of this study was to determine if the variability of CSA across neck flexions/extensions is

reduced when using the PMJ, compared to vertebral levels.
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Methods: Ten participants underwent a 3T MRI T2w isotropic scan at 0.6 mm? for 3
neck positions: extension, neutral and flexion. Spinal cord segmentation, vertebral labeling,
PMJ labeling, and CSA were computed automatically while spinal segments were labeled

manually.

Results: Mean COV for CSA across neck positions was 3.99 £ 2.96 % for the PMJ method
vs. 4.02 + 3.01 % for manual spinal segment method vs. 4.46 + 3.10 % for the disc method.

These differences were not statistically significant.

Conclusion: The PMJ method was slightly more reliable than the disc-based method to
compute CSA at specific spinal segments, although the difference was not statistically signif-
icant. This suggests that the PMJ can serve as a valuable alternative and reliable method for
estimating CSA when a disc-based approach is challenging or not feasible, such as in cases

involving fused discs in individuals with spinal cord injuries.
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5.1 Introduction

Spinal cord CSA is a relevant biomarker to assess spinal cord atrophy in diseases like MS
[77,95] and spinal cord injury [3,96,97]. Early neurodegeneration in MS requires high accuracy
in detecting subtle atrophy for monitoring purposes [98]. Traditionally, CSA is measured at
a specific rostro-caudal location based on vertebral levels to enable consistent comparisons
through time in cross-sectional and longitudinal studies. It is important to note that there is
a distinction between vertebral levels and spinal levels. Inferring the neuroanatomic position
of the spinal levels with the vertebrae can introduce inaccuracies, contributing to variability
in CSA measurements [16]. Cadotte et al. [16], showed that spinal segment positions differ
across individuals and poorly overlap with vertebral bodies. A vertebral reference also does
not account for variations in neck positioning within the MRI scanner. Spinal levels can be
identified by segmenting the nerve rootlets, but it is a challenging task, and requires high
resolution scans (about 0.6 mm?®) and an expert rater. Having a more precise surrogate

reference for spinal levels is important to link CSA measurements with the clinical outcome.
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It is important to consider neck flexion and extension from an anatomical and biomechanical
standpoint. The spinal cord dura mater is a continuation of the cranial dura mater extending
from the foramen magnum and the brainstem [99]. Head extension and flexion produce a
change of direction of the nerve rootlets compared to a neutral posture where nerve rootlets
run downwards. Neck flexion also elongates the spinal cord, with its maximum between C2-T'1
nerve rootlets [100]. Neck flexion and extension also produce movement of the spinal segments
relative to vertebral segments: Bilston & Thibault [32] showed during neck extension that

C3 moves caudally of 5 mm vs 2 mm at C5 compared to neutral positions.

A few have introduced surrogate neuroanatomic landmarks to overcome the limitation of the
vertebral reference like the PMJ [16,17] or the conus medullaris [19].

We introduced in previous work an automatic pipeline to compute CSA at a distance from
the PMJ in a cross-sectional study to reduce spinal cord CSA inter-subject variability [101].
CSA averaged at the C2-C3 disc and CSA at 64 mm from the PMJ gave similar COVs;
no clear conclusion about the effect of the reference on CSA variability across individuals
was found [101]. Further validation is necessary to evaluate the potential use of PMJ-based

reference in the context of longitudinal studies.

The aim of this study is to investigate the relevance of the PMJ as an anatomical reference
to mitigate intra-subject variability in CSA measurements in a longitudinal context. It
involves (i) developing a pipeline to label the spinal segments using the nerve rootlets in T2w
images, (ii) determining the variability of intervertebral discs and the PMJ across three neck
flexion/extensions, and (iii) comparing CSA variability using the PMJ, traditional vertebral

levels, and spinal segments as references.

5.2 Material and Methods

Data acquisition

Ten healthy participants (Age: mean + STD = 22.9 £ 1.2 years old; 3 females) were scanned
using a Siemens 3T Prisma-fit with a 64 head-neck coil at three neck positions (extension,
neutral, and flexion), as illustrated in Figure 5.1. Informed consent was obtained from
each participant and appropriate padding was used to maintain the head position and ensure
comfort. The study was approved by the Comité d’éthique de la recherche du Regroupement
Neuroimagerie Québec. All experiments were performed in accordance with the Declaration
of Helsinki.

The field of view covered the top of the head down to at least the T1 vertebrae. A 3D

sagittal T2w scan was acquired for each neck position with the following parameters: SPACE



20

A. Extension B. Neutral C. Flexion

Figure 5.1 Example of the head positioning in the MRI’s head coil for neck extension (A),
neutral (B) and flexion (C). The bottom row shows localizers. (One of the authors is in the
scanner).

sequence, TR: 1.5 s, TE: 0.12 s, matrix: 72x384, in-plane resolution: 0.6x0.6 mm?, number
of slices: 384, slice thickness: 0.6 mm, pixel bandwidth: 620 Hz/pixel).

5.2.1 Data processing

The spinal cord was automatically segmented using SCT [30] sct_deepseg_sc [58] and the

PMJ and vertebral levels were identified.

Spinal segment labeling

Spinal segments were manually labeled on T2w images for each neck position by an ex-
pert rater (MB) using the spinal nerve rootlets to identify the mid spinal segment position
(Figure 5.2). The standardized procedure is available on GitHub (https://github.com/sct-
pipeline/pmj-based-csa/tree/r20230313# manual-labeling-of-spinal-cord-rootlets-with-fsleyes).

Briefly, to label the spinal segments, we propose straightening the spinal cord to enhance vi-
sualization of the spinal nerve rootlets, as the natural curvature of the spinal cord can impede
their clear identification in the coronal view. Non-local means adaptive denoising is applied
to denoise the image [102]. In summary, the non-local mean filter leverages the similarity
between distinct image patches to decrease noise while preserving details. Furthermore, it
integrates the spatial and frequency information present in the image to adapt the denoising
process. Spinal segment labels are then placed at the center (superior-inferior) of where the

rootlet emerges from the spinal cord on the corresponding axial slice in the center of the


https://github.com/sct-pipeline/pmj-based-csa/tree/r20230313#manual-labeling-of-spinal-cord-rootlets-with-fsleyes
https://github.com/sct-pipeline/pmj-based-csa/tree/r20230313#manual-labeling-of-spinal-cord-rootlets-with-fsleyes

51

spinal cord. The labeling convention is indicated in Figure 5.2, and all spinal segments

with visible nerve rootlets (except C1) are labeled for all neck positions and participants.

The labels are finally brought back to the curved space with the inverse transform.

WITHOUT WITH
DENOISING DENOISING

T i
a

—

t
:
J

CENTERLINE STRAIGHTENING LABELING

Figure 5.2 Spinal segment labeling pipeline. (1) spinal cord centerline is detected, (2) spinal
cord is straightened, (3) denoised, and manually labeled in the coronal view. (4) The
inverse transformation is applied on the labels. The distances between the PMJ and each

spinal segment (green), and between each spinal segment and corresponding disc (pink) were
computed.

Distance with PMJ, spinal segment and discs

To estimate the position of the spinal segments using the PMJ and the discs as references,
we computed two types of distances along the spinal cord centerline for each participant and
neck position: between the PMJ and each spinal segment (Figure 5.2.4 green), and between

each intervertebral disc and its corresponding spinal segment (Figure 5.2.4 pink).

To assess the reliability of the spinal segment location estimation across the different neck
positions, we computed the STD across neck positions for each participant. The STD was

computed for each method (PMJ, discs) and for each level (2 to 7). The STD was chosen
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to assess variability, as opposed to COV, because the absolute value of distances PMJ-
spinal segment becomes larger for lower spinal segments, which would have influenced the
COV when compared to disc-spinal segment distances. To assess if there was a significant
difference between the STD of the estimated spinal segment positions measured with the
PMJ and the discs, we conducted a paired two-way ANOVA test on the STD across neck
positions (dependent variable) of the 10 participants. The independent variables were the
methods (PMJ, discs) and levels (from 2 to 7). A significance level of p-value = 0.05 was set.
We used the ANOVA test to detect a global effect of the independent variables rather than

specific group differences. No post-hoc analysis was conducted.

CSA computation

Spinal cord CSA was computed using sct_process_segmentation and averaged across 3
slices using three references: CSA PMJ, CSA spinal, and CSA discs (Figure 5.3). CSA
PMJ was computed at the distance between the PMJ and each spinal segment, averaged
across the three neck positions. That distance was subject-specific. The reason we chose to
average the distance across neck positions is the following. The main idea of this paper is
to validate a PMJ-based method [101] as a reference for computing CSA instead of relying
on intervertebral discs due to the known variability in the spatial correspondence between
the spine and spinal cord. As a reminder, the PMJ-based method relies on a set distance
from the PMJ along the spinal cord centerline. In the [101] paper, that distance was set to
64 mm, which corresponded to the distance to the C2-C3 disc, averaged across 804 adult
participants. In the present study, instead of computing a distance between the PMJ and
the C2-C3 disc, we estimate a distance between the PMJ and each spinal segment (manually
identified with the nerve rootlets). That distance is calculated for each participant and
for each neck position. Our hypothesis is that, for each participant, regardless of the neck
extension, the PMJ-based CSA will give similar values (as opposed to the disc-based CSA,
because the spinal cord moves along the superior-inferior axis relative to the discs, depending
on the neck position). To verify this hypothesis, we set a subject-specific distance between
the PMJ and each spinal segment to be the average across the three neck positions. Then,
we compute the CSA using that distance, and we evaluate the stability of that CSA measure.
CSA spinal is computed at the spinal segment location for spinal levels C2 to C8, and CSA
discs at the intervertebral discs C2-C3 to C7-T1.

To estimate the variability of CSA across neck positions, we computed the COV, instead of
the STD in order to aggregate the results across participants and levels, since CSA varies

across participants and across spinal levels [103].
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CSA PMJ CSA SPINAL CSA DISCS

Figure 5.3 Spinal cord CSA computed with 3 references: (A) mean distance of each spinal
rootlet from participant’s PMJ, (B) each spinal segment, (C) each intervertebral disc.

The COV across neck positions was computed for each participant, method and level as

following;:

COVi] = ST D(neck position n = 3)/MEAN (n = 3) (5.1)

A paired 3-way ANOVA test was performed to evaluate if CSA computed using the 3 dif-
ferent references (PMJ, Spinal, and Disc) yielded equivalent measures per participant. The
independent variables examined in our analysis were the methods (PMJ, Spinal, and Disc),
levels, and neck positions. Note that the ANOVA test was specifically conducted on the
CSA rather than on the COV, in order to be able to account for the neck position as an
independent variable. Furthermore, due to the paired nature of the ANOVA test, COV was

not relevant.

Neck angle

The angle of the spinal cord was computed for each neck position in the right-left axis. The
angle was computed between the C1-C2 and C4-C5 intervertebral discs (Figure S5.71)
[104,105]. The C4-C5 disc was chosen instead of the C6-C7 disc as done in the previous
studies [104,105] since one participant presented a smaller field-of-view in the superior inferior

direction resulting in the absence of the C5-C6 and lower discs.
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Quality control

After running analysis, the quality of all spinal cord segmentations, vertebral labeling and
PMJ labeling were visually assessed. Problematic segmentations (under- segmentation/leaking)
and labels were identified in SCT’s quality control report and manually corrected using I'TK-
SNAP. Disc labels were placed at the posterior tip of the disc for C1-C2 to C7-T1 and the
PMJ was identified in the mid-sagittal plane. Corrections were added to the source dataset

and the analysis was run again using the corrections instead of automatic labeling.

Code availability

The processing pipeline uses SCT v5.4 and is available on GitHub https://github.com /sct-
pipeline/pmj-based-csa/releases/tag/r20230313 with its documentation: https://github.com/sct-
pipeline/pmj-based-csa/tree /r20230313#readme.

5.3 Results

All data is accessible on OpenNeuro in the BIDS format [106]; manually corrected segmen-
tations and PMJ, disc and spinal segment labels are also available:
https://openneuro.org/datasets/ds004507 /versions/1.0.1.

5.3.1 Spinal segment labeling

Spinal nerve rootlets looked similar across neck positions in the straightened space per par-
ticipant (Figure 5.4). However, the center of spinal segments was more difficult to label in
flexion due to motion artifacts, as seen in sub-003 (Figure 5.4A.3) resulting in less defined
nerve rootlets. In contrast, sub-007 (Figure 5.4B) had good data quality with no motion

artifacts and clear nerve rootlets.

5.3.2 Distance with PMJ, spinal segment and discs

To estimate the position of the spinal segments using the PMJ and discs, we computed the
distance PMJ-spinal segment and the distance disc-spinal segment. Next, we compared the
reliability of estimating the spinal segments position across neck positions for each method
(PMJ, discs). To assess this, we computed the STD of the distances across neck positions
for both the PMJ and discs methods. Results are presented visually with a boxplot (Figure
5.5), numerically (Table 5.1), and statistically (Table 5.4).


https://github.com/sct-pipeline/pmj-based-csa/releases/tag/r20230313
https://github.com/sct-pipeline/pmj-based-csa/releases/tag/r20230313
https://github.com/sct-pipeline/pmj-based-csa/tree/r20230313#readme
https://github.com/sct-pipeline/pmj-based-csa/tree/r20230313#readme
https://openneuro.org/datasets/ds004507/versions/1.0.1
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1. EXTENSION 2. NEUTRAL 3. FLEXION 1. EXTENSION 2. NEUTRAL 3. FLEXION

A) sub-003 B) sub-007

Figure 5.4 Example of challenging (A) and easy (B) spinal segment labeling in the straight-
ened space in two representative participants. In the more challenging participants, motion
and CSF flow likely contributed to the less apparent nerve rootlets.

Figure S5.8 shows scatterplots of the STD across neck positions of the distance PMJ-spinal

segment (a) and the distance disc-spinal segment (b) for each participant.

Table 5.1 aggregates the STD across neck positions of the distance PMJ-spinal segment
and disc-spinal segment between all participants and levels. The mean STD is lower when
measuring from the PMJ than from the discs (1.06 & 0.33 mm vs. 1.40 £ 0.26 mm).

To validate if there was a significant difference between the STDs across neck positions of the
PMJ and discs method, we performed a paired two-way ANOVA test on the STD of distances
across neck positions. Independent variables were methods (PMJ, Disc) and levels. Results
are presented in Table 5.4. The analysis found no significant difference between the STD
of PMJ and disc methods (p-value > 0.05), but a significant difference across levels (p-value
= 0.0386). We did not conduct any further post-hoc analysis across levels. Our main focus
was to investigate whether there were differences in the variability of the estimated spinal

segment positions between the PMJ and discs-based estimation methods.



Table 5.1 STD of distance between spinal segments and PMJ or discs per level.

Distances STD (mm)

PMJ DISC
Levels mean + std mean + std
2 0.59 £ 0.31 1.19 £ 0.73
3 0.77 + 0.51 1.14 4+ 0.75
4 1.04 & 0.63 1.37 £ 0.84
5 1.43 4+ 1.42 1.85 4+ 1.26
6 1.23 &+ 1.00 1.35 £ 0.87
7 1.31 &+ 1.10 1.52 4+ 0.73

o6

MEAN 1.06 £ 0.33 1.40 + 0.26

Table 5.2 Paired Two-way ANOVA of STD of distance PMJ-spinal segment and disc-spinal
segment across neck positions.

F value Num DF Den DF p-value

Method 0.795 1 8 0.399
Levels 2.618 5 40 0.0386*
Method x Levels 0.405 5) 40 0.843

*p-value < 0.05. Method: PMJ or Disc. Levels: 2, 3, 4, 5, 6, 7. X: interaction. F value: F
value of Fisher’s exact Test. Num DF: Degrees of freedom of numerator. Den DF': Degrees
of freedom of denominator. p-value: p-value of Fisher Test.
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Figure 5.5 Boxplots (25-75 percentiles) of STD across neck positions per participant of the
distance between the spinal segment and PMJ (green) and spinal segment and corresponding
discs (yellow). Green triangles show the mean and gray diamonds outliers. No post-hoc
analysis was performed beyond the ANOVA described in Table 5.4.

5.3.3 CSA computation

CSA was computed from 3 anatomical references: PMJ, spinal segments, and discs. It was
averaged on 3 slices per level and the COV across neck positions was computed for each
participant, method, and level. Figure 5.6 shows boxplots of COV of CSA across neck
positions for each method and level for a visual representation of the results. Mean CSA
values across neck positions and participants for each method and level can be found in
Table S5.5.

A scatterplot of COV for each participant and method is presented in Figure S5.9. The
mean CSA COV across participants, levels and methods is presented at Table 5.3.

We performed a paired 3-way ANOVA test on spinal cord CSA to assess statistical differences
between methods (PMJ, Spinal, Discs), levels, and neck positions. Results are presented in
Table 5.4. The ANOVA test results revealed no significant differences in CSA between
methods or neck positions (p-value > 0.05). However, the test did indicate a significant
difference in CSA across levels for all methods and neck positions (p-value = 0.000004).
There was also a significant interaction between method, levels, and neck position on CSA
(p-value = 0.0205), indicating that the relationship between methods and levels differed

across neck positions.
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Figure 5.6 Boxplot of CSA COV per level based on discs C1-C2 to C7-T1, on spinal segments

C2 to C8, and on the mean distance between the PMJ and each spinal segment.

triangles represent the mean, and gray diamonds represent outliers.

Green

Table 5.3 Mean COV of CSA per level across participants using PMJ, spinal segments and

Discs as a reference and averaged on 3 slices.

COoV (%)
PMJ Spinal Discs
Levels mean + std mean + std mean + std
2 3.36 + 2.44 3.32 +£ 2.01 267 £ 1.74
3 3.97 &+ 2.76 3.69 + 2.76 4.43 + 3.32
4 4.33 + 2.53 4.97 + 3.32 4.50 + 2.39
5 4.45 4+ 2.91 4.12 4+ 2.26 4.82 4+ 3.20
6 3.77 + 3.64 4.04 + 3.60 5.38 + 3.62
7 4.07 + 3.49 3.95 + 4.10 4.95 + 4.34
MEAN 3.99 4+ 2.96 4.02 +3.01 4.46 £+ 3.10




29

Table 5.4 Paired Three-way ANOVA on spinal cord CSA.

F value Num DF Den DF  p-value

Method 2413 2 18 0.118
Levels 26.269 3 27 0.000004*
Neck position 2.695 2 18 0.0947
Method x Levels 0.999 6 54 0.435
Method x Neck position 0.561 4 36 0.692
Levels x Neck position 0.823 6 54 0.557
Method x Levels x Neck position 2.131 12 108 0.0205%*

*p-value < 0.05. Method: PMJ, Spinal, Discs. Levels: 2, 3, 4, 5. Neck position: Extension,
Neutral, Flexion. x: interaction. F value: F value of Fisher’s exact Test. Num DF'"
Degrees of freedom of numerator. Den DF': Degrees of freedom of denominator. p-value:
p-value of Fisher Test

5.3.4 Neck angle

We computed the neck angle between the C1-C2 and C4-C5 intervertebral discs (Figure
S5.7) to evaluate if the variation of neck angle had an impact on the observed variability
between discs/PMJ and spinal segments. Table S5.6 displays participant neck angles for
each neck position, with mean values of 18.45 4+ 3.82 ° for extension, 11.14 4+ 3.02 ° for
neutral, and 4.79 4+ 3.01° for flexion.

Table S5.7 presents the correlation between neck angle variation and spinal segment position
variation (from PMJ or disc) between neck flexion and extension and Table S5.8 per level.
Figure S5.10 presents a scatterplot of neck angle variation vs variation of the distance spinal

segment-PMJ and spinal segment-disc.

5.4 Discussion

In this study, we evaluated the reliability of computing CSA using spinal segment positions,
from intervertebral discs vs. from the PMJ in human participants across different neck
positions (extension, neutral, flexion). The variability of the estimated spinal segments across
neck positions using the PMJ vs. the discs did not differ significantly, although we noted
a trend of lower variability (STD) for the PMJ method. Additionally, we compared spinal
cord CSA across 3 references (PMJ, intervertebral discs, and spinal segment) and we did not
find any significant difference between CSA variability when using the PMJ as a reference,

although the PMJ method yielded lower COV.
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5.4.1 Spinal segment manual labeling

Identifying nerve rootlets to label spinal segments is highly dependent on image quality, and
even with high-resolution scans, it can be difficult, time-consuming and is not realistic for
large scale studies. This highlights the need for a surrogate reference and further improvement
of data acquisition quality. Flexion presented worse data quality of nerve rootlets due to
increased artifacts caused by participants” movement (swallowing is difficult). The difficulty
of accurately identifying nerve rootlets adds variability to distance and CSA measures. Al-

based labeling methods could potentially increase the reliability of the labels in the future.

5.4.2 Distance with PMJ, spinal segments and discs

The PMJ method was slightly more reliable than the disc-based method to estimate spinal
segment position (STD PMJ: 1.06 mm vs. Disc 1.40 mm), although the difference was not
statistically significant. However, it is important to consider the limitations of our study,
such as the small number of participants and neck positions, as well as the variability in

manual labeling (Figure 5.5).

We observed higher disc vs. spinal segments discrepancies between neck positions than in
a previous study [16], possibly due to different acquisition parameters and the use of three

positions in our study.

5.4.3 CSA computation

The PMJ method has a 0.5 % lower COV than the disc-based method on the CSA measures
across neck positions, although that difference was not significant. A better COV helps reduce
the minimum sample size required to detect atrophy in longitudinal studies, as demonstrated
by Bautin et al [20]. However, we still observed a 4 % intra-subject variability between the
neck positions, corresponding to a 3.08 mm? difference at C5 (CSA of 77 mm?), corresponding

to the cervical enlargement, and a 2.60 mm? difference at C7 (CSA of 65 mm?).

The observed difference of 2.5-3 mm?, when compared to pathological cohorts, falls within the
expected effect size for such cohorts. For example, in a systematic review, Casserly et al. [39]
reported an estimated atrophy rate of 1.78 % per year in all MS patients, with a mean CSA
at C2-C5 of 73.07 mm?, corresponding to a 1.3 mm?. It is important to consider that CSA
measurements can be influenced by factors such as the segmentation method, acquisition

parameters, scanner, and inter-individual differences (sex, age) [9,12,14,20, 101].

This variability could be attributed to image quality, and over-segmentation of the spinal
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cord due to residual segmentation errors (inclusion of spinal nerve rootlets). Depending on
the neck position, the fanning in/out of the nerve rootlets at the proximity of the spinal cord
would be more or less tangential to the spinal cord and could be more or less included in the
automatic segmentation, resulting in variability of CSA across neck extensions. Some studies
have also reported significantly smaller CSA and anterior-posterior diameter in neck flexion
than neutral position with the elongation of the cord [33], which could also contribute to the

observed variability.

5.4.4 Limitations & Perspective

Limitations of this study include imprecise manual spinal segment labeling, which may ex-

plain why PMJ-based CSA had lower COV than when using spinal segments as a reference.

Measuring CSA based on the PMJ does not consider inter-subject spinal cord length variabil-
ity as discussed by Bédard et al. [101]. Hence, the PMJ-based approach, if not normalized,
would be more suitable for longitudinal studies where participants would be their own con-
trols. Metrics like cervical enlargement or total spinal cord length could be suitable candidates
for normalization, but further investigation is needed as no clear link of the spinal segments’

location related to other anatomical references has yet emerged [107].

Neck positioning can also vary in different clinical contexts [108]. For example, for spinal cord
compressions such as for patients with cervical myelopathy, studies have shown an increase
in the severity of spinal cord compression with the extension of the neck. It was found to be
better correlated with clinical deficits than in a neutral position [104,109]. The variation of
the spinal segments relative to the intervertebral discs is therefore important to consider when
computing spinal cord morphometrics such as CSA when varying neck position. Furthermore,
measuring at the precise location of the compression instead of averaging morphometrics
across vertebral levels when using a distance from the PMJ could provide better monitoring
of the compression and increase the sensitivity of myelopathy detection. Kinetic MRI is
another example where the patient in a weight-bearing position can take various head flexion-
extension positions; it can reveal abnormalities not shown by traditional supine or neutral

MRI, mainly in spinal cord injuries [110,111].

5.5 Conclusion

In this study, we investigated the use of the PMJ as an anatomical reference for computing
spinal cord CSA instead of relying on intervertebral discs. We compared the estimation of

the spinal segments position and CSA measures using the PMJ vs. intervertebral discs as a
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reference. This comparison was performed across three neck positions using high isotropic
resolution T2w scans. Our findings show that the PMJ method was slightly more reliable
than the disc-based method to compute CSA at specific spinal segments, although the dif-
ference was not statistically significant. This suggests that the PMJ can serve as a valuable
alternative and reliable method for estimating CSA when a disc-based approach is challenging
or not feasible, such as in cases involving fused discs in individuals with spinal cord injuries.
Moreover, utilizing an anatomical reference based on the central nervous system could prove

beneficial for studies investigating peripheral motor functions, dermatomes, and functional
MRI studies.

5.6 Acknowledgements

We thank Hugues Leblond for insightful conversations. This study was funded by the Canada
Research Chair in Quantitative Magnetic Resonance Imaging [950-230815|, the Canadian
Institute of Health Research [CIHR FDN-143263], the Canada Foundation for Innovation
(32454, 34824], the Fonds de Recherche du Québec - Santé [28826], the Natural Sciences and
Engineering Research Council of Canada [RGPIN-2019-07244], the Canada First Research
Excellence Fund (IVADO and TransMedTech), the Courtois NeuroMod project, the Quebec
Biolmaging Network [5886, 35450], the Spinal Research and Wings for Life (INSPIRED
project).

5.7 Author contributions

SB and JCA designed the study and performed the experiments. MB performed manual
labeling on the experimental data and drafted the manuscript introduction. SB processed
the experimental data, performed the analysis, drafted the manuscript, and designed the
figures. JCA supervised the project. JCA and SB discussed the results and contributed to

the final manuscript.

5.8 Data availability statement

The datasets generated during and/or analyzed during the current study are available in the
Spinal Cord Head Position MRI repository: https://openneuro.org/datasets/ds004507 /versions/1.0.1


https://openneuro.org/datasets/ds004507/versions/1.0.1

5.9 Additional Information

5.9.1 Competing interests

The authors declare no competing interests.

5.10 Supplementary material

63



64

Figure 5.7 Neck angle measurement. The neck angle was computed in the right-left direction
between the C1-C2 and C4-C5 intervertebral discs.
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Figure 5.8 STD across neck positions of the distance between the PMJ and spinal segments
(a) and between each disc and spinal segment (b) per participant.
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Figure 5.9 a) Scatterplot of COV of CSA perlevel based on intervertebral discs C1-C2 to
C7-T1. b) Scatterplot of COV of CSA per level based on spinal segments C3 to T1. c¢)
Scatterplot of COV of CSA per level based on the mean distance between the PMJ and each
spinal segment. CSA is averaged on 3 slices.
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Figure 5.10 Each dot corresponds to a participant position and angle. For each participant,
we calculated the angle between the spinal cord centerline at C2-C3 and C4-C5 levels, and
we took the difference of that angle between the neck extension and flexion: this is what
is represented in the abscissa. The ordinate represents the difference of distance, between
extension and flexion, between the PMJ and the corresponding spinal segment (PMJ-segment
C2 ; PMJ-segment C3, etc.) (a) and the difference of distance between the corresponding
disc and the corresponding spinal segment (disc C2 - segment C2; disc C3 - segment C3, etc.)

(b).



Table 5.5 Spinal cord CSA results across neck positions per method and level.

CSA (mm?)
PMJ Spinal Discs
Levels mean 4+ std mean + std mean =+ std
2 71.98 + 4.58 72.31 £+ 4.50 72.65 £+ 4.70
3 71.66 + 4.68 71.62 4+ 4.74 70.75 £+ 5.57
4 75.29 £+ 5.62 74.71 & 5.62 73.98 £+ 5.09
5 T7.17 £+ 4.04 77.32 £+ 4.03 77.00 + 4.79
6 73.58 £+ 5.17 73.81 £+ 4.92 74.30 £+ 4.55
7 65.04 + 8.69 65.23+ 8.38 64.50 + 7.32

66

MEAN 72.45 4+ 4.18 72.50 + 4.09 72.20 + 4.30

Table 5.6 Neck angle of the 3 neck positions per participant.

Angles (°)
Participants FExtension Neutral Flexion

sub-002 20.57 14.85 4.85
sub-003 16.54 6.10 -3.27
sub-004 23.46 7.52 3.11
sub-005 28.84 14.46 4.01
sub-006 20.02 14.18 8.99
sub-007 11.90 9.34 297
sub-008 17.63 14.46 8.34
sub-009 16.46 12.53 9.02
sub-010 13.42 6.54 7.82
sub-011 15.68 11.46 2.11
MEAN 18.45 11.14 4.79

STD 3.82 3.02 3.01

Table 5.7 Correlation between neck angle variation and variation of distance of the spinal
segment and PMJ/discs between neck flexion and extension.

A angles level A distance _pmj A distance__disc
A angles 1 0.024 -0.503 0.164
level - 1 -0.419 -0.096
A distance__pmj - - 1
A distance__disc - - - 1

A : wvariation between neck flexion and extension position
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Table 5.8 Correlation between neck angle variation and distance of the spinal segment vari-

ation between neck flexion and extension for PMJ and discs per level.

Correlation with A angle

Level

A distance_pmj A distance_ _disc

2

N O Ot W

0.084
-0.897
-0.426
-0.657
-0.069
-0.518

-0.709
0.796
-0.454
0.584
-0.594
0.321

BOLD: minimum absolute correlation.
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CHAPTER 6 GENERAL DISCUSSION

In this discussion, we elaborate on the methodology developed in this study, alongside the

principal findings from Chapters 4 and 5.

6.1 Research Objectives & Hypotheses

In this study, we developed an automatic pipeline to compute spinal cord CSA at a specific
distance from the PMJ and applied this pipeline to a large database. Additionally, we
intergrated the method into the SCT software where it can be used from the command
line. However, our results did not support the main hypothesis that the PMJ provides a
more accurate estimation of the spinal segments’ position. The validation of spinal segment
position estimation (Chapter 5) was constrained by the limited number of participants (n=10)
and of neck positions (n=3). Due to the imprecision in manual labeling of spinal segments,
we refrained from collecting additional data. Future research could explore the use of more
accurate spinal segment labels. For example, the automatic segmentation of nerve rootlets
proposed by Valosek et al. [112] could provide more accurate spinal segments labeling and

facilitate further analyses.

Using the PMJ as a reference for CSA computation did not show any significant differences
in inter-subject variability compared to using vertebral levels. Further investigations should

consider a form of normalization with the spinal cord length.

Using the PMJ for CSA computation across different neck positions produced CSA values
similar to those obtained using manual spinal segments and intervertebral disc levels. It is
essential to increase the sample size and the range of neck positions to further validate these
results. Moreover, the poor precision in manual spinal segment labeling limited the scope of

this study; improving the reliability of these labels is warranted.

6.2 PMJ based-CSA Method

This research introduces an automatic approach for calculating spinal cord CSA at a specific
distance from the PMJ. This method requires a spinal cord segmentation and a single point
label of the PMJ, which can both be obtained automatically. However, it is important to note
that the accuracy of CSA measurements depends on the quality of both the segmentation
and the PMJ label. Manual corrections can be made as required, and to facilitate this, we

provided a comprehensive quality control workflow. This includes a tutorial on how to correct
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segmentation and PMJ labeling, available at: https://github.com/sct-pipeline/ukbiobank-

spinalcord-csa?tab=readme-ov-file#quality-control.

The methodology involves extracting the centerline of the spinal cord from its segmentation
and then interpolating between the top of the centerline and the PMJ, as the centerline often
does not extend to the PMJ. We also provide a quality control report of this centerline. Some
errors may be introduced when interpolating between the PMJ and the centerline, affecting
the measured distance. We did not compare the extracted centerline to any ground truths,

but the centerlines were visually assessed.

The PMJ was proposed as reference for distance measurements by Stroman et al. [17] and [16]
although not specifically in the context of CSA computation. It was selected due to its role
in the central nervous system and its visibility on structural MRI scans, including both T1w
and T2w. The PMJ also has the advantage of requiring only a single point label, unlike

vertebral labels.

Directly using spinal segment labels would avoid using a proxy reference like the PMJ for CSA
computation. Yet, spinal segment labeling presents major challenges as discussed in section
6.5. The automatic segmentation of nerve rootlets, as suggested by Valosek et al. [112], opens
new research avenues to derive their corresponding spinal segment. Future investigations
could include computing the CSA at specific spinal levels derived from automatic nerve
rootlet segmentation and comparing these measurements to those obtained using the PMJ

as a reference.

Using an anatomical reference for CSA or other morphometric computation is typically pre-
ferred over registration-based methods. Spinal cord registration to templates typically relies
on intervertebral discs and the spinal cord, presenting the same limitations in accurately
correlating vertebrae with spinal segments. Registration can also introduce errors, further

complicating these measurements [8].

6.3 CSA Measurements

In this study, CSA was calculated automatically from the PMJ across two datasets using
Tlw and T2w MRI contrasts. Specifically, Chapter 4 details the computation of PMJ-
based CSA and CSA at the C2-C3 vertebral levels for T1w images of 804 healthy adults

from the UK Biobank dataset. PMJ-based CSA and CSA at C2-C3 vertebral levels differed
significantly.

Further exploration in Chapter 5 involved analyzing the spinal cord CSA on T2w images

from 10 healthy participants, using 3 distinct references: the PMJ, cervical intervertebral


https://github.com/sct-pipeline/ukbiobank-spinalcord-csa?tab=readme-ov-file#quality-control
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discs, and cervical spinal segments. We obtained very similar CSA values between all 3
references across subjects and neck positions. Additionally, CSA values at C2-C3 vertebral
levels from this study were higher than those reported in the study on the UK Biobank. This
discrepancy could be attributed to several factors, including the difference in MRI contrasts

(T2w vs. Tlw) [61] and variations in the age range of the study populations [9].

This study focused only on spinal cord CSA measures; although the method can also be
used with other morphometric measures provided by sct_process_segmentation, such as
the anteroposterior diameter, transverse diameter, eccentricity, and solidity. These metrics
could undergo the same analyses as those performed for CSA to compare their variability

using the PMJ vs. a vertebral reference.

6.4 Impact of PMJ Reference on CSA Variability

The initial investigation on inter-subject variability, detailed in Chapter 4, involved calcu-
lating CSA at 64 mm from the PMJ for all 804 individuals. This distance was chosen based
on the average location of the C2-C3 intervertebral discs within the cohort. However, this
fixed distance does not account for individual differences in spinal cord length, which could

have influenced the observed inter-subject variability.

Interestingly, our findings did not reveal any significant differences in CSA inter- and intra-
subject variability, regardless of whether vertebral or spinal levels or the PMJ were used as
references. This may also be attributed to the fact that the variability between the spinal

vs. vertebral level is lower at the upper cervical levels compared to lower levels.

In Chapter 5, the position of the spinal segments was estimated using both the PMJ and
intervertebral discs. We reported the STD across 3 neck positions for 6 different cervical
levels. For the PMJ and intervertebral discs, we observed a lower variability across neck
positions for higher levels (C2-C3) than lower levels. For both methods, the estimation of
the spinal segment C5 had the highest intra-subject variability. This level was shown to be

particularly affected by neck curvature changes, in terms of CSA and position [32].

When investigating the impact of using the PMJ instead of vertebral levels for CSA compu-
tation on intra-subject variability (Chapter 5), we did not find any significant differences
between the two methods. The limited number of neck positions (n = 3) and subjects (n =

10) may have contributed to the lack of statistical power.

The variability in CSA measurements is influenced by several factors, including the precision
of image segmentation and the accuracy of the labels (whether intervertebral discs, PMJ,

or spinal segments). Image artifacts, such as motion blur and ghosting, can also affect
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the delineation of the spinal cord from the surrounding CSF, highlighting the necessity for
quality control, particularly with automatic processing methods. This would result in a
reduced precision of CSA measures. Given the small size of the spinal cord, subtle atrophy
may not be detected: even minor inaccuracies in CSA measurements can significantly impact

the utility of CSA as a biomarker for disease prognosis and monitoring.

The evaluation conducted in this study was limited to healthy subjects, where CSA variations
within a few millimeters are minimal. As discussed in Chapter 5, CSA was computed only
over a 3 mm extent. It would be beneficial to replicate this study in patients with spinal
cord compression, where CSA variations are expected to be more pronounced at the site of

compression.

For the application of the PMJ-based method in cross-sectional studies, an additional refer-
ence is necessary to account for variations in spinal cord length. Measuring the total length
of the spinal cord is however challenging, as it requires scanning the entire spinal cord. Alter-
native references, such as the position of the cervical enlargement, could also be considered
for normalization. However, the extent and size of the cervical enlargement varies among
individuals which complicates its identification across individuals [27]. Another approach
could involve using the distance between the rostral nerve rootlet of C1 to C8 as the length

of the cervical region for normalization.

This concept of using a reference from the central nervous system could be translated to the
lumbar spinal cord, where there is a notable discrepancy between spinal cord segments and

vertebral levels. For example, the conus medullaris could serve as a potential reference.

Further validation could be conducted on a patient population to monitor atrophy over time,
comparing PMJ-based CSA measurements with those based on vertebral levels. This would

provide additional validation for the proposed method.

6.5 Spinal Segment Labeling

In Chapter 5, we introduced a pipeline for labeling spinal segments in T2w high-resolution
images, which involved spinal cord straightening and denoising. Despite these enhancements,
accurately identifying spinal segments using nerve rootlets remains challenging. Our findings
indicated increased CSA variability when using spinal segment labels compared to the PMJ,

highlighting the necessity for more precise spinal segment identification methods.

In this sense, Valosek et al. [112] recently introduced a deep learning model to segment spinal
nerve rootlets and determining their respective spinal levels. Such segmentation could lead

to a more accurate labeling of the spinal levels, offering personalized identification of these
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levels for each subject. This approach becomes particularly crucial for lower spinal levels,
where discrepancies between spinal and vertebral levels tends to increase, emphasizing the

need for a precise identification of the spinal segments.

6.6 Data and Code Availability

The methodology for computing CSA based on the PMJ is integrated in the open-source
software SCT, complete with a detailed tutorial and the normalization model. Significant
efforts were made to thoroughly document the methodologies and findings of both chapters (4
and 5), with all associated code made accessible via GitHub. Additionally, the T2w images
captured at various neck positions, along with the spinal cord segmentations and labels,
are publicly available: the dataset, titled Spinal Cord Head Position MRI, is hosted on
OpenNeuro and can be accessed at https://openneuro.org/datasets/ds004507/. This dataset
is valuable for further explorations of intra-subject variability, particularly concerning the

identification of spinal segments.

6.7 Perspectives

Using the PMJ as a reference for spinal cord CSA computations offers a reliable alternative in
situations where vertebral labeling is difficult or impossible due to conditions like disc fusions
or disc malformations. This approach simplifies the labeling process by requiring only a single
reference point, as opposed to the multiple labels necessary for vertebral-based references,
thereby facilitating quicker and simpler manual corrections. Additionally, the ability to cus-
tomize the extent of CSA measurements according to user specifications makes this method

particularly useful for localized assessments, such as evaluating spinal cord compressions.

Additionally, computing distances along the spinal cord centerline from the PMJ holds poten-
tial beyond CSA measurement. It could be beneficial for other applications, such as localizing

lesions, spinal cord compressions, or nerve rootlets [112].


https://openneuro.org/datasets/ds004507/
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CHAPTER 7 CONCLUSION

7.1 Summary of Works

The main objective of this project was to evaluate the impact of using the PMJ as a reference
for spinal cord CSA measurements on both inter- and intra-subject variability. Initially, we
developed an automatic pipeline for calculating CSA at a specified distance from the PMJ
(O1), which is incorporated into the open-source software SCT. Our findings indicated that
CSA variability was consistent, irrespective of whether the PMJ or vertebral levels were used
as a reference point. Further analysis within a large subset of the UK Biobank dataset (02)
revealed that factors such as sex, brain volume, and thalamus volume significantly influenced
CSA variability, as determined through a stepwise linear regression. We proposed a normal-
ization model for CSA incorporating theses significant factors as covariates. Subsequently, we
evaluated the impact of the PMJ as a reference for CSA measures on intra-subject variability
(03) by acquiring high-resolution MRI images from 10 healthy individuals across 3 neck po-
sitions (flexion, neutral, extension). Although intra-subject variability was marginally lower
with the PMJ reference compared to vertebral levels or manual spinal segment labels, this
difference was not statistically significant. Overall, we demonstrated that using the PMJ
as a reference for CSA computation offers comparable performance in term of inter- and
intra-subject variability to using the vertebral levels as a reference, suggesting its utility in

scenarios where vertebral labeling is challenging.

7.2 Limitations

PMJ-based CSA presents a few limitations. In cross-sectional studies, using the PMJ as a
reference without normalization fails to account for inter-subject variability in spinal cord
length [26]. However, in the UK Biobank dataset, discussed in Chapter 4, we did not have
access to these measurements, as the field-of-view in the images was limited to the upper
cervical cord. Although height was considered as a potential covariate in the stepwise analysis,
it was not significant. It is important to note that the length of the spinal cord may also
not correlate directly with an individual’s height, as the length of the legs also contributes
to overall height. Additionally, interpolating between the PMJ label and the spinal cord
centerline may not approximate the exact centerline between the PMJ and spinal cord, thus

introducing errors in the distance measures.

This study focused on the cervical spinal cord, examining C2-C3 vertebral levels in Chapter
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4 and extending to the entire cervical region (C2-C7) in Chapter 5. Lower levels, such as
thoracic or lumbar, where discrepancies between spinal and vertebral levels are potentially

more pronounced, were not included.

Here, we focused on the variability of CSA to evaluate the impact of using the PMJ as an
anatomical reference compared to vertebral levels. Using the COV as a measure of variability
does not account for potential biases introduced by the choice of anatomical references.
Therefore, additional validation, particularly in patient populations to detect atrophy, is
essential. It is important to clarify that the validation of the PMJ-based CSA method is
detailed in Chapter 5 while Chapter 4 explores the application of the method on a large
population. Additionally, other anatomical references closer to the region of interest could

also be explored.

In this study, we only explored demographic factors, anatomical factors, and vertebral ref-
erence contributing to CSA variability, without diving into the potential impact of MRI
contrast, segmentation techniques, or MRI equipment, all of which are important considera-
tions for multi-center studies. Moreover, our analyses did not include metrics related to the

size of the spinal canal or the length of the spinal cord.

7.3 Future Research

Further research is needed to reduce CSA variability. Using the PMJ did not show any
significant difference in terms of CSA intra- and inter-subject variability compared to a
traditional vertebral reference. This underscores the need for the development of automatic
tools for precise spinal level identification. Additionally, the observed variability of spinal
levels in a healthy population requires further investigations on MRI data as the majority of
the studies reporting this variability are on ex vivo data. Moreover, we did not explore other
potential factors contributing to CSA variability, such as MRI contrasts and segmentation
techniques. Future research will address these limitations and focus on developing automatic
tools for spinal canal measurement and spinal levels identification, which could serve as a

potential normalization factor for CSA.
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of the spinal cord. Medical Image Analysis, [Under review].
https: //doi.org/10.48550 /arXiv.2310.15402.


https://doi.org/10.1162/imag_a_00075
https://doi.org/10.1038/s41598-023-40731-3
https://doi.org/10.3389/fnimg.2022.1031253
https://doi.org/10.1101/2024.03.13.24304177
https://doi.org/10.48550/arXiv.2310.15402
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A.2 Conference Abstracts

« Bédard, S. et al. (2024 - May 4-9). Automatic spinal cord segmentation: Generaliza-
tion across MR parameters, sites, vendors, and pathologies. [Oral presentation|. 2024
ISMRM & ISMRT Annual Meeting & Exhibition ISMRM, Singapore.

o Valosek, J* Bédard, S.* et al. (2024 - May 4-9). Interactive database of spinal
cord morphometry. [Poster|. 2024 ISMRM & ISMRT Annual Meeting & Exhibition
ISMRM, Singapore.

o Bédard, S.*, Oliva, V.* et al. (2024). Simultaneous brain-spinal cord functional MRI
with a force-matching task. [Poster]. 2024 Annual Meeting of the Organization for
Human Brain Mapping (OHBM), Seoul, Korea.

o Oliva, V., Bédard, S.*, et al. (2024). Investigating full neuraxis correlates of hand
dexterity [Poster]. 2024 Annual Meeting of the Organization for Human Brain Mapping
(OHBM), Seoul, Korea.

o Pfyffer, D., Kaptan, M., Law C., Weber, K., Oliva, V., Bédard, S. et al. (2024).
Corticospinal pain processing and modulation in fibromyalgia: a combined brain-cord
JMRI study. dexterity. [Poster]. 2024 Annual Meeting of the Organization for Human
Brain Mapping (OHBM), Seoul, Korea.

o Pfyffer, D., Kaptan, M., Law C., Weber, K., Oliva, V., Bédard, S. et al. (2024).
Imaging Corticospinal Correlates of Aberrant Pain Processing and Modulation in Fi-

bromyalgia Using Combined Brain-Spinal Cord Functional Magnetic Resonance Imag-

ing. [Poster] 2024 USASP Annual Scientific Meeting, Seattle, WA, USA.

o Bédard, S. et al. (2023 - June 3-8). Contrast-agnostic segmentation of the spinal cord
using deep learning. [Oral presentation|. 2023 ISMRM & ISMRT Annual Meeting &
Exhibition ISMRM, Toronto, ON, Canada.

« Bédard, S. et al. (2023 - July 22-26) Normalizing Mazimum Spinal Cord Compression
for Robust Assessment of Spinal Cord Injury. [Poster|. 2023 Annual Meeting of the
Organization for Human Brain Mapping (OHBM), Montréal, QC, Canada.

« Bédard, S. et al. (2023 - July 22-26) Contrast-agnostic segmentation of the spinal cord:
Validation in a multi-center cohort. [Poster|. 2023 Annual Meeting of the Organization
for Human Brain Mapping (OHBM), Montréal, QC, Canada.
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o Valosek, J., Bédard, S., et al. (2023 - July 22-26) Spinal cord cross-sectional area
using a standardized protocol in multiple sclerosis. [Poster]. 2023 Annual Meeting of
the Organization for Human Brain Mapping (OHBM), Montréal, QC, Canada.

« Bédard, S., et al. (May 2023) Normative spinal cord MRI morphometrics database in
a standard space. [Oral presentation]. QBIN Scientific Day 2023, Québec, QC, Canada.

o Blostein, N., Banerjee, R., Bédard, S., Shahrampour, S., De Leener, B., Mohamed,
F. B., Middleton, D., Krisa, L., & Cohen-Adad, J. (May 2023). Multimodal pediatric
spinal cord template. [Oral presentation]. QBIN Scientific Day 2023, Québec, QC,

Canada.

A.3 Other Contributions

Throughout my Master’s studies at Neuropoly Lab, I have contributed and helped maintain-
ing two open source datasets: Spine Generic and Spinal Cord Head Position MRI. Briefly,
I curated the datasets according to the BIDS convention and updated the preprocessing
pipelines and associated data. I also helped maintain and curate other internal datasets. I

also assisted my colleagues in the development of processing pipelines.

I actively contributed to the Spinal Cord Toolbox (SCT) software, developed at Neuropoly
Lab. Briefly, I attended the developers’ meetings, I helped users on the forum, helped fix
bugs and developed new features. I was also a tutor for two SCT courses (2020, 2023), where

I assisted researchers and clinicians in tailoring the software to their specific research needs.

Additionally, I had the opportunity to do a research internship at the Systems Neuroscience
and Pain Lab at Stanford University for 5 months (Fall 2023). During that time, I used
advanced MRI techniques to assess brain and spinal cord function and structure in partici-
pants with chronic cervical radiculopathy and healthy volunteers. I developed an automatic
analysis pipeline for the spinal cord and integrated a quality control workflow. I also worked
on a pilot study of simultaneous brain and spinal cord tasks functional MRI. This study
involved the acquisition simultaneous brain-spine functional MRI during hand grip and fin-
ger tapping tasks. Additionally, I collected physiological and behavioral data and developed
a processing pipeline for the spinal cord. From this internship work, I have two accepted

conference abstracts (OHBM 2024) and I am preparing a manuscript.


https://github.com/spine-generic/data-multi-subject?tab=readme-ov-file
https://openneuro.org/datasets/ds004507/versions/1.0.1
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A.4 Supervision

During my time as a Master’s student, I had the opportunity to co-supervise two students
with their 3rd individual project of their bachelors in biomedical engineering, William Sirois
and Louis-Thomas Lapointe. William is working on the development of an automatic deep
learning method for the segmentation of the spinal canal. Louis-Thomas is working on auto-
matic segmentation of the nerve rootlets. I also supervised 4 engineering bachelor students

during a summer internship regarding manual corrections of spinal cord segmentations in

2021.
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