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RESUME

L’analyse automatique des images de la moelle épiniére fournit des informations essentielles
sur sa morphologie, permettant une caractérisation cohérente des variations anatomiques
au sein des populations et facilitant le diagnostic et le suivi des maladies neurologiques. Les
mesures morphométriques issues des examens d’imagerie par résonance magnétique (IRM) de
la moelle épiniére constituent des biomarqueurs clés pour améliorer notre compréhension de
la physiopathologie de diverses maladies. La segmentation de la moelle épiniere et des lésions
est une condition préalable essentielle a 'extraction de biomarqueurs cliniques. Cependant,
les défis inhérents a l'imagerie de la moelle épiniere, a savoir la petite taille de la structure
physique de la moelle, sa sensibilité au bruit et aux artefacts de mouvement, combinés a
des effets de volume partiel, rendent la segmentation automatique extrémement difficile. Par
conséquent, les outils existants manquent de robustesse et ne généralisent pas correctement,
ce qui suggere la nécessité de disposer d’outils automatiques capables de segmenter la moelle

épiniere a travers plusieurs contrastes IRM et pathologies.

L’objectif général de cette these est de développer des outils automatisés et généralisables
pour la segmentation robuste de la moelle épiniere et des lésions a travers différents con-
trastes IRM et pathologies afin de mieux estimer les biomarqueurs d’imagerie. Cet objectif
se décline en trois contributions : (i) une méthode spécifique au contraste pour la segmenta-
tion des lésions intramédullaires de la moelle épiniére, (ii) une approche plus généraliste et
indépendante du contraste pour la segmentation de la moelle épiniere, et (iii) un cadre congu

pour faciliter I’entrainement continue des modeles de segmentation de la moelle épiniere.

Dans le cadre de notre premiere contribution, nous présentons SClseg, un outil de segmenta-
tion des lésions et de la moelle épiniere, qui vise a mesurer automatiquement les biomarqueurs
cliniques associés a la récupération fonctionnelle chez les patients souffrant de 1ésions trauma-
tiques de la moelle épiniere. SClseg a été développé a partir de données recueillies sur trois
sites et a utilisé une stratégie d’apprentissage actif avec intervention humaine pour annoter
progressivement les ensembles de données destinés a I’entrainement. Les résultats ont montré
que les biomarqueurs IRM mesurés a partir des prédictions de SClseg et des masques annotés
manuellement ne présentaient aucune différence significative, prouvant ainsi la fiabilité des
prédictions automatiques. Depuis sa sortie, SClseg a été validé sur des cohortes externes

inédites, démontrant ainsi son utilité clinique.

Pour la deuxieme contribution, nous avons développé un modele de segmentation de la moelle

épiniere indépendant du contraste, en mettant particulierement ’accent sur la réduction de
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la variabilité des mesures morphométriques de la moelle épiniere entre différents contrastes.
Notre approche a utilisé des masques de segmentation non-binaire pour l'entrainement,
obtenus a partir d’'un nouveau cadre de prétraitement concu pour générer des masques
probabiliste uniques pour chaque contraste pour un sujet donné. La comparaison avec des
méthodes de généralisation de domaine et des modeles spécifiques au contraste a montré
I'impact de I’entrainement avec des masques probabiliste sur la réduction de la variabilité
morphométrique entre les contrastes. Une segmentation robuste de la moelle épiniere est
essentielle pour comprendre les mécanismes de diverses maladies neurologiques. Depuis sa
sortie, notre outil a été utilisé pour mesurer I'atrophie de la moelle épiniere dans des études

longitudinales impliquant des patients atteints de myélopathie cervicale dégénérative.

Notre troisieme contribution consiste a appliquer des pratiques de développement logiciel
pour créer un cadre de formation continue pour les modeles de segmentation de la moelle
épiniere. Nous présentons un scénario d’apprentissage continu en production, dans lequel
(i) nous avons développé et déployé un modele de segmentation formé a partir de données
multi-institutionnelles recueillies sur 75 sites, incluant 9 contrastes IRM, (ii) un workflow
GitHub Actions surveille la dérive morphométrique entre les différentes versions du modeéle,
et (iii) dans le cadre d’une application concrete, nous avons mis a jour une base de données
normative de participants en bonne santé contenant des mesures couramment utilisées de
la morphométrie de la moelle épiniere. A mesure que les ensembles de données médicales
évoluent au fil du temps et que les modeles de segmentation continuent d’étre développés, il
est essentiel de garantir une dérive minimale des performances entre les différentes versions

des modeles. Notre approche présente une preuve de concept dans ce sens.

En conclusion, les méthodes présentées dans cette these améliorent 1’état actuel des mod-
eles de segmentation de la moelle épiniere, fournissant des outils robustes pour ’estimation
objective des biomarqueurs cliniques et permettant le développement continu de modeles de

segmentation a l’avenir.



ABSTRACT

Automatic image analysis of the spinal cord offers key insights into its morphology, enabling
consistent characterization of anatomical variations across populations and facilitating the
diagnosis and monitoring of neurological diseases. Morphometric measures derived from
spinal cord magnetic resonance imaging (MRI) scans serve as key biomarkers in improving
our understanding of the pathophysiology of various diseases. Segmentation of the spinal
cord and lesions is a crucial prerequisite for extracting clinical biomarkers. However, the
inherent challenges associated with spinal cord imaging, namely, the small physical structure
of the cord, its susceptibility to noise and motion artifacts combined with partial volume
effects make automatic segmentation extremely challenging. Consequently, existing tools
lack robustness and are unable to generalize, suggesting the need for automatic tools that

can segment the spinal cord across several MRI contrasts and pathologies.

The overarching goal of this thesis is to develop generalizable, automatic tools for the robust
segmentation of the spinal cord and lesions across various MRI contrasts and pathologies
for better estimation of imaging biomarkers. This goal is spread across three contributions:
(i) a contrast-specific method for segmenting intramedullary lesions in spinal cord injury,
(ii) a more generalist, contrast-agnostic approach for spinal cord segmentation, and (iii) a

framework designed to facilitate continuous training of spinal cord segmentation models.

As the first contribution, we introduce SClseg, a tool for spinal cord and lesion segmenta-
tion in spinal cord injury (SCI), aiming to automatically measure clinical biomarkers that
have been associated with functional recovery in patients with SCI. SClseg was developed
using data gathered from three sites and used human-in-the-loop active learning strategy to
incrementally annotate the datasets for training. Results showed that the MRI biomarkers
measured from SClseg predictions and manually-annotated masks had no significant differ-
ence, proving the reliability of automatic predictions. Since its release, SClseg has been

further validated on unseen, external cohorts demonstrating its clinical utility.

For the second contribution, we developed a contrast-agnostic spinal cord segmentation
model, with a particular focus on reducing the variability in morphometric measures of the
spinal cord across various contrasts. Our approach used soft segmentation masks for train-
ing obtained from a novel preprocessing framework designed to generate unique, soft masks
for each contrast for a given subject. Comparison with domain generalization methods and
contrast-specific models showed that impact of training with soft masks towards reducing

morphometric variability across contrasts. Robust segmentation of the spinal cord holds the
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key to understanding various neurological diseases mechanisms. Since its release, our tool
has been used to measure the atrophy of the spinal cord in longitudinal studies involving

patients with degenerative cervical myelopathy.

Our third contribution applies software development practices to create a continuous train-
ing framework for spinal cord segmentation models. We present in a lifelong-learning-in-
production scenario, where, (i) we developed and deployed a segmentation model trained on
multi-institutional data gathered from 75 sites including 9 MRI contrasts, (ii) a GitHub Ac-
tions workflow monitors for morphometric drift between various model versions, and (iii) as
a real-world application, we updated a normative database of healthy participants containing
commonly used measures of spinal cord morphometry. As medical datasets evolve over time
and segmentation models continue to be developed, ensuring minimum drift in performance
across various model versions is critical. Our approach presents a proof-of-concept in this

direction.

In summary, the methods presented in this thesis improve the current state of spinal cord
segmentation models, providing robust tools for objective estimation of clinical biomarkers

and enabling the continuous development of segmentation models in the future.



xii

TABLE OF CONTENTS

DEDICATION . . . . . iii
ACKNOWLEDGEMENTS . . . . . . . e 4
RESUME . . . . . vii
ABSTRACT . . . e X
LIST OF TABLES . . . . . . . e xvi
LIST OF FIGURES . . . . . . . e xvii
LIST OF SYMBOLS AND ACRONYMS . . . . . . . . . . .. xxviii
LIST OF APPENDICES . . . . . . . . . . e XXix
CHAPTER 1 INTRODUCTION . . . . . . .. . 1
1.1 Medical image segmentation . . . . . . ... ... ... L. 1

1.2 TImaging modalities . . . . . . . . . . . L 1

1.3 Magnetic resonance imaging . . . . . . .. ... 3

1.4 Challenges in automatic spinal cord image analysis . . . . . . .. .. .. .. 3

1.5 Outline of the thesis . . . . . . . . . .. ... ... 8

1.6 Summary of Contributions . . . . . . . ... ... ... ... ... ... 8
1.6.1 Contributions included in the thesis . . . . . ... ... ... .... 8

1.6.2  Other contributions . . . . . ... ... ... 9
CHAPTER 2 BACKGROUND AND LITERATURE REVIEW . . ... ... ... 12
2.1 Spinal Cord . . . . . . .. 12
2.1.1 Anatomy and structure . . . .. ... .o 12

2.2 Magnetic Resonance Imaging . . . . . . ... ... 000 15
2.2.1 How MRIworks . . ... .. ... .. ... .. .. ... ..., 16

2.2.2  Components of an MRI scanner . . . . . . ... ... ... ...... 17

2.2.3 MRIsequences . . . . . . . . . . 19

2.2.4 Spinal cord MRI . . . . . . ... 21

2.2.5 Morphometric measures of the spinal cord . . . . . . ... ... ... 23

2.2.6  Spinal cord pathologies . . . . .. .. ... ... L. 24

2.3 Image Segmentation . . . . . . .. .. oL 28



2.4 Elements of an Automatic Segmentation Pipeline . . . . . ... ... .. ..
2.4.1 Preprocessing . . . . . . ...
2.4.2  Model architectures . . . . . .. . ... Lo
2.4.3 Loss functions . . . . . ...
2.4.4 Evaluation metrics . . . . . .. .. oL
2.5 Binary and Soft Segmentations . . . . .. ... ..o
2.6 Active Learning . . . . . . . ...
2.7 Lifelong Learning . . . . . . . . . ...

2.8 Summary ...

CHAPTER 3 RESEARCH OBJECTIVES . . .. .. ... ... ... .......

CHAPTER 4 ARTICLE 1: SCISEG: AUTOMATIC SEGMENTATION OF INTRA-

MEDULLARY LESIONS IN SPINAL CORD INJURY ON T2-WEIGHTED MRI
SCANS . o e
4.1 Introduction . . . . . . . . ..
4.2 Materials and Methods . . . . . . . . . .. ...
4.2.1 Study design and patients . . . . . ... ..o
4.2.2 MRI data and reference standard . . . . . . .. .. ... ... ....
4.2.3 Deep learning training protocol . . . . . . . ... ...
4.2.4 Evaluation protocol . . . . . . ... ...
4.2.5 Evaluation metrics . . . . . .. ..o L oo
4.2.6 Quantitative MRI biomarkers . . . . . . . .. ... ... L.
4.2.7 Statistical analysis . . . . . ... oo
4.3 Results . . . . . .
4.3.1 Patient characteristics . . . . . . . . ... oL
4.3.2 Automatic spinal cord and lesion segmentation in SCI . . . . . . ..
4.3.3 Comparison with other methods . . . . .. .. ... ... .. ....
4.3.4 Effect of active learning on lesion segmentation . . . . . .. ... ..
4.3.5 Generalization to degenerative cervical myelopathy . . . . . . . . ..
4.3.6 Manual vs. SClseg-predicted lesion biomarkers . . . . . .. .. ...
4.3.7 Correlation between clinical scores and MRI biomarkers . . . . . ..
4.4 Discussion and Conclusion . . . . . . . . . .. ...

4.5 Future Work: Automatic Measurements of Tissue Bridges. . . . . . . . . ..

CHAPTER 5 ARTICLE 2: TOWARDS CONTRAST-AGNOSTIC SOFT SEGMEN-

TATION OF THE SPINAL CORD . . . . . . . . ... . ..

45
48
49
49
49
20
23
53
93
o4
o4
54
55
95
o8
99
61
61
61
65



5.1

5.2

5.3

5.4

xXiv

Introduction . . . . . . .. 69
5.1.1 Contributions . . . . . . . . . .. ... 71
Materials and Methods . . . . . . . . . ..o oo 72
5.2.1 Dataset . . . . . . .. 72
5.2.2  Data preprocessing for ground truth generation . . . . . .. ... .. 72
5.2.3 Training Protocol . . . . . . . . ..o oo 74
5.2.4 Evaluation Protocol . . . . . .. ... ... .. .. ... ... ..., 7
Results . . . . . . . . 81
5.3.1 Contrast-agnostic spinal cord segmentation . . . . ... ... .. .. 81
5.3.2 Comparison with baselines . . . . . . . .. ... ... ... ...... 83
5.3.3 Comparison with the state of theart . . . . . . . ... ... ... .. 83
5.3.4 Generalization to unseen data . . . . . . . .. ... ... 87
5.3.5 Inference times . . . . . . . . ... ... 89
Discussion and Conclusion . . . . . . . .. . .. ... ... ... ... 90
5.4.1 Preprocessing for soft GT . . . . . ... ... ... ... 91
5.4.2 Variability of CSA across contrasts . . . . . .. . ... ... ... .. 92
5.4.3 Effects of ground truth masks and loss functions . . . ... .. ... 92
5.4.4 Generalization to unseen data . . . . . . . ... ... 94
5.4.5 Limitations & future work . . . . . . . .. ... ... 94
5.4.6 Comparison with other model architectures . . . . . .. .. ... .. 96

CHAPTER 6 ARTICLE 3: MONITORING MORPHOMETRIC DRIFT IN LIFE-

LONG LEARNING SEGMENTATION OF THE SPINAL CORD . . .. ... .. 97
6.1 Introduction . . . . . . . .. . 100
6.2 Materials and Methods . . . . . . . . . ... Lo 102
6.2.1 Data curation and training protocol . . . . .. .. ... L. 102
6.2.2 Lifelong learning for morphometric drift monitoring . . . . . . . . .. 105
6.2.3 Validation protocol . . . . . . . ... ... 107
6.3 Results . . . . . . . 109
6.3.1 Evaluation on various contrasts and pathologies . . . . . . . . . . .. 109

6.4

6.3.2 Quantitative evaluation of morphometric drift across model versions 110

Discussion and Conclusion . . . . . . . . . . ... ... L. 115
6.4.1 Data curation . . . . . . . . ... 117
6.4.2 Lifelong learning segmentation of the spinal cord . . . . . . .. . .. 117
6.4.3 Application on normative database of morphometrics . . . . . . . .. 120

6.4.4 Limitations . . . . . . . . . 120



XV

6.4.5 Conclusion . . . . . . . 121

CHAPTER 7 GENERAL DISCUSSION . . . . . . ... .. ... ... ... .... 122

7.1 Towards Continuous and Generalizable Spinal Cord and Lesion Segmentation 122
7.1.1 Human-in-the-loop active learning helps alleviate manual annotation

bottlenecks . . . . . . . . . 122

7.1.2 Importance of simple yet rigorously-validated architectures . . . . . . 123

7.1.3 Need for clinically-oriented measures beyond pure segmentation metrics124

7.1.4 Facilitating continuous development of segmentation models . . . . . 124

7.2 Prospect of Application and Clinical Impact . . . . . .. ... .. ... ... 125
7.3 Avenues for Future Research . . . . . . . . .. ... .. ... .. .. ..... 126
CHAPTER 8 CONCLUSION . . . . . . . .. 129
REFERENCES . . . . . . . e 130

APPENDICES . . . . . e 155



Table 2.1
Table 4.1
Table 4.2

Table 4.3

Table 4.4

Table 5.1

Table 5.2

Table 5.3

Table 6.1

Table A.1

Table D.1
Table E.1

LIST OF TABLES

Notation for the mathematical definition of loss functions . . . . . . .
Characteristics of the study patients . . . . . ... ... ... .. ..
Spinal cord and lesion segmentation performance of the proposed SClseg
3D model on the test set. . . . . . . ... ... . L.
Comparison of lesion segmentation performance between SClseg 2D
and 3D models. . . . . ...
Quantitative evaluation of generalizability of the SCIseg 3D model to
patients with non-traumatic SCI (i.e., DCM). . . .. ... ... ...
Quantitative results for spinal cord segmentation across contrasts on
the test set (49 participants) for our soft_all model. RVE stands for
Relative Volume Error and ASD stands for Average Surface Distance.
Quantitative comparison of spinal cord segmentations for the state of
the art methods on the test set (294 images) averaged across all con-
trasts. RVE stands for Relative Volume Error and ASD stands for
Average Surface Distance. . . . . . . . .. ... L.
Comparison of quantitative metrics between SOTA methods for spinal
cord segmentation on unseen datasets. n refers to the number of par-
ticipants. . . . . . . . e
Quantitative comparison of spinal cord segmentations for previous seg-
mentation methods on the test set (n = 49 participants; n,,. = 294
images) averaged across all contrasts. Quantitative comparison on pa-
tients with MS on T2*w contrast (n = 36 participants; n,, = 36
images). Quantitative comparison on patients with DCM on axial and
sagittal T2w scans (n,.. = 39). RVE stands for Relative Volume Error,

xvi

32
o1

95

29

61

81

85

90

and ASD stands for Average Surface Distance. Best results are in bold. 112

Comparison of wentral and dorsal midsagittal tissue bridges between
manual, semi-automatic, and automatic measurements. Values are re-
ported in millimetres. . . . . . . . . ...
BWT over descending order of domains (averaged across 9 seeds)

Dataset characteristics grouped by image orientation (axial, sagittal)
and resolution (isotropic, anisotropic) for each contrast. Mean in-plane
resolution and mean slice thickness are shown, followed by their respec-

tive minimum and maximum range of resolutions (in []). . . . . . . .

157
173



Figure 1.1

Figure 1.2
Figure 1.3

Figure 1.4
Figure 2.1
Figure 2.2
Figure 2.3

Figure 2.4

Figure 2.5

Figure 2.6

Figure 2.7

Figure 2.8

LIST OF FIGURES

xvii

Examples of segmentation across different imaging modalities and anatomies.

Segmentation masks are overlaid as the regions of interest on the orig-
inal image. Source: Ma et al. [1]. . . . . .. ... ... ...
Three main challenges in spinal cord imaging. . . . . . ... ... ..
Overview of the standard DL training and the human-in-the-loop active
learning scenarios. Using predictions from intermediate models makes
large-scale DL training more scalable. . . . . . .. ... ... ... ..
Lifecycle of a typical machine learning model in production. . . . . .
Anatomy of the human spinal cord. Source: Martini et al. [2].

Cross-section of the spinal cord with the three layers of tissue that
surround the cord. Source: Wikimedia Commons [3]. . . . ... ...
Atlas of the major white matter tracts along with dorsal and ventral
horns of the grey matter. Source: Grayev [4]. . . . . ... ... ...
Enlargements of the spinal cord. Source: Bath [5] . . . . .. .. ...
Mechanism of MRI. (A) Hydrogen atoms are dispersed within the par-
ticipant’s tissues with intrinsic spin. (B) Hydrogen atoms are spinning
in random directions without any alignment. (C) Protons align with
the magnetic field in parallel fashion; after the application of a radiofre-
quency pulse, the protons realign with the magnetic field, releasing
energy and generating a high-resolution image of the tissue. Source:
Fordham et al. [6] . . . . . . . ...
Schematic of an MRI scanner, showing main coils and the By field
relative to the participant inside the scanner. The head coil (top right)

is placed around the participant’s head prior to them being moved into

the center of the scanner (the bore). Source: Jenkinson and Chappell [7].

Annotated T1-weighted and T2-weighted sequences of the cervical spine
(sagittal and axial views). The cord with a cross-sectional diameter of
~ 1 cm is surrounded by the CSF, bones, and air, making it susceptible
to field inhomogeneities and motion artifacts. . . . . . ... ... ..
Schematic highlighting various tissues in the spinal cord and how par-
tial volume affects their signal intensities. Source: Spinal Cord Tool-
box [8]. . .

13

14

15
16

17

21

22



Figure 2.9

Figure 2.10

Figure 2.11

Figure 2.12

Figure 2.13

Figure 2.14
Figure 2.15

Figure 2.16

Figure 2.17

Common measures of spinal cord morphometry. Adapted from Valosek
etal. [9]. . .o
Heterogeneity in spinal cord images across various contrasts, patholo-
gies and image resolutions. Legend: SCI: spinal cord injury, DCM: de-
generative cervical myelopathy, MS: multiple sclerosis, NMOSD: neu-
romyelitis optica spectrum disorder, ALS: amyotrophic lateral sclerosis,
CR: cervical radiculopathy, and HC: healthy control. . . . . . . . ..
Left: Schematic of SCI. Right: Lesion evolution with persisting mid-
sagittal tissue bridges over time in a 63-year old patient with trau-
matic SCI. Sagittal and axial T2-weighted scans showing lesion evo-
lution in acute (1 day post-SCI), subacute (1 month post-SCI), and
chronic phase (24 months post-SCI). Sources: Cohen-Gadol [10] and
Seif et al. [11]. . . . . . o
Left: Schematic of healthy cervical spine and spine affected with DCM
(Source: Mileski [12]). Right: Site of compression on T2-weighted
sagittal and axial scans. . . . . .. ... ...
Left: Schematic of healthy nerve and nerve with MS along with the
common symptoms (Source: Mayo Clinic [13]). Right: MS lesions ap-
pearing as hyper-/hypo-intensities highlighted on three different MRI
SEQUENCES. © . o v v e e e e e
3D UNet architecture. . . . . .. .. ... oo
Issues with the Dice metric. A) Dice is biased towards single objects
and is not suitable for evaluating the segmentation accuracy of multiple
objects; B) Dice is susceptible to single-pixel differences can vary sig-
nificantly, given high inter-rater variability in the annotation of small
structures. Adapted from Maier-Hein et al. [14]. . . . . . .. .. ...
Comparison of binary and soft spinal cord segmentations. Notice how
soft segmentation shows a gradual transition from the center of the
cord to the CSF, whereas, binary segmentation shows an abrupt dis-
continuation in the cord-CSF interface. . . . . . . . . . ... ... ..
Cyclic workflow of human-aided active learning, producing better mod-

els more efficiently with a clever selection of samples to label.

xviii

23

24

25

27

28
31

37

38

39



Figure 4.1

Figure 4.2

Figure 4.3

Figure 4.4

Study Flowchart. The data included patient cohorts from three sites
with heterogeneous image resolutions, orientations, and lesion etiolo-
gies. The validation set is included within the final training set. Models
were evaluated independently on the test sets of Site 1 and Site 2, along
with their evaluation on an external test set of patients with degenera-
tive cervical myelopathy (DCM). Please refer to Table 1 for details on
the MRI vendors and field strengths. SCI = spinal cord injury. . . . .
Overview of our segmentation approach. Phase 1: A baseline
model is trained on data consisting of T2-weighted scans with axial and
sagittal orientations from two sites. Phase 2: Active learning — Initial
batch of automatic predictions on T2-weighted axial scans from site 2
are obtained, followed by manual corrections. Phase 3: Along with the
newly corrected axial scans, isotropic T2-weighted sagittal scans from

site 3 are added to the original dataset for multi-site training. The final

Xix

20

model is trained to segment both spinal cord and lesion simultaneously. 52

Comparison of SClIseg with baseline methods for the spinal cord and
lesion segmentation on patients from site 1 and site 2. SClseg 3D
provides the best qualitative results for both spinal cord and lesion
segmentation. T2w = T2-weighted . . . . . . .. .. ... ... ...
Raincloud plots comparing the (A) Dice scores (best: 1; worst: 0)
and (B) relative volume error (in %, best: 0%) across various spinal
cord segmentation methods. The numbers in the legend represent the
number of test scans in each site across 5 different training seeds. Notice
that although the sct_deepseg_sc 2D and SCIseg 3D have similar
Dice scores, the former shows a higher under-segmentation (negative
relative volume error) compared to the latter. x % xP < .05 (two-sided
Bonferroni-corrected pairwise Wilcoxon signed-rank test for SClseg 3D
with all baselines), * % P < .001 (statistically significant for all pairs
except SCIseg 3D and sct_deepseg_sc2D).. . . ... ... .. ...

26



Figure 4.5

Figure 4.6

Figure 5.1

Figure 5.2

Comparison of model performance before and after active learning. (A)
Correlation plots for total lesion volume (top) and intramedullary lesion
length (bottom) computed from the manual reference standard lesion
masks (x-axis) and lesion segmentation predictions from the proposed
SClseg 3D model (y-axis). Within each plot, colored dashed and solid
lines show the agreement between the manual reference standard and
automatic predictions before and after active learning, respectively, for
site 1 (red/orange) and site 2 (blue/light-blue). Note that the model’s
predictions after active learning show a higher agreement with the man-
ual reference standard for both sites (i.e., solid lines move closer to the
diagonal identity line). (B) SClseg’s predictions on unseen axial scans
from site 2 before and after active learning. (C) Examples of SClseg’s
generalization to patients with non-traumatic SCI (i.e., degenerative
cervical myelopathy, DCM). Notice that the model obtains an accu-
rate spinal cord segmentation even at the level of severe compression
(Patient 12). T2w = T2-weighted. . . . . . . . . . ... ... ... ..
Correlation analysis between discharge clinical scores (x-axis) and quan-
titative MRI biomarkers (y-axis) for site 2. Spearman correlation coef-
ficient and p-value are shown in the legends of individual subplots. The
Wilcoxon signed-rank test between the manual reference standard le-
sion masks (yellow) vs. automatic predictions using SCIseg 3D (green)
lesion biomarkers revealed no evidence of differences for lesion length
(P = .42) and maximal axial damage ratio (P = .16), but a significant
difference for lesion volume (P =.003). . . . . .. ... ... .....
Preprocessing pipeline for soft average segmentations ground truth.
(1) Automatic hard spinal cord segmentation using sct_deepseg_sc
& manual corrections; (2) Registration to T2w space; (3) Applying
each contrast’s warping field to bring the segmentation masks to the
T2w space; (4) Weighted averaging of segmentations according to each
contrast FOV (represented by white rectangles) to create a unique soft
GT mask (5) Applying inverse warping fields to bring the unique soft
GT to the native space of each contrast. . . . . ... ... ... ...
Absolute CSA error between the predictions and GT across each con-
trast for the proposed model. Scatter plots within each violin represent
the individual CSA errors for all participants in the test set. White

triangle marker shows the mean CSA error across participants. . . . .

60

62

73

82



xxi

Figure 5.3 Effect of GT segmentation type (soft vs. hard) on CSA across con-
trasts. White triangle marker shows the mean CSA across participants. 82
Figure 5.4 Standard deviation of CSA averaged across C2-C3 vertebral levels com-
pared to the baselines (the lower the better). hard_all_SoftSeg refers
to the single model trained using all contrasts with hard GT and the
SoftSeg training approach [15|, hard_all_diceCE_loss refers to the
single model trained with the DiceCE loss and hard individual GT,
soft_all diceCE_loss refers to the single model trained with the
Dice CE loss and soft GT, soft_per_contrast refers to the mean of 6
individual models trained on 6 contrasts with soft GT, and soft_all
refers to the single model trained using all contrasts with soft GT.
White triangle marker shows the mean. * p < 0.05, ** p < 0.01, ***
p < 0.001 (two-sided Bonferroni-corrected non-parametric Wilcoxon
signed-rank test). . . . .. ... 84
Figure 5.5 Mean absolute CSA error compared against the baselines. hard_all_SoftSeg
refers to the single model trained using all contrasts with hard GT
and the SoftSeg training approach [15], hard_all_diceCE_loss refers
to the single model trained with the Dice CE loss and hard individ-
ual GT, soft_all diceCE_loss refers to the single model trained
with the DiceCE loss and soft GT, soft_per_contrast refers to the
mean of 6 individual models trained on 6 contrasts with soft GT, and
soft_all refers to the single model trained using all contrasts with
soft GT. White triangle marker shows the mean. ** p < 0.01, ***
p < 0.001 (two-sided Bonferroni-corrected non-parametric pairwise
Wilcoxon signed-rank test between soft_all and the 4 other meth-
ods. . . . 84
Figure 5.6 Standard deviation of CSA between C2-C3 vertebral levels for DeepSeg2D,
hard_all_SoftSeg, hard_all_BigAug, nnUNet 2D /3D, and our model
soft_all. *p < 0.05, ** p < 0.01, *** p < 0.001 (two-sided Bonferroni-
corrected non-parametric pairwise Wilcoxon signed-rank test between
each pair of methods. . . . . . . . . . . ... ... L. 85
Figure 5.7 Mean absolute CSA error for DeepSeg 2D, hard_all_SoftSeg, hard_all BigAug,
nnUNet 2D /3D, and our model soft_all. * p < 0.05, ** p < 0.01,
K p < 0.001 (two-sided Bonferroni-corrected non-parametric pairwise

Wilcoxon signed-rank test between each pair of methods. . . . . . . . 85



Figure 5.8

Figure 5.9

Figure 5.10

Figure 5.11

Figure 5.12

Figure 5.13

Comparison of CSA estimation between models trained on soft masks.
A) Standard deviation of CSA between C2-C3 vertebral levels for
soft_all diceCE_loss, nnUNet 3D, and our model soft all. *
p < 0.05, ¥ p < 0.01, *** p < 0.001 (two-sided Bonferroni-corrected
non-parametric pairwise Wilcoxon signed-rank test between soft_all,
nnUNet 3D and soft_all_diceCE_loss). B) Mean absolute CSA er-
ror for soft_all diceCE_loss, nnUNet 3D, and our model soft_all.
*p < 0.05, % p < 0.01, ¥* p < 0.001 (two-sided Bonferroni-corrected
non-parametric pairwise Wilcoxon signed-rank test between soft_all,
nnUNet 3D and soft_all diceCE loss. . . . . . . . . ... .....
Level of agreement between T1w and T2w CSA for the best-performing
SOTA methods. Each point represents one participant. The black
dashed line represents perfect agreement between the CSA of T1w and
T2w contrasts. . . . . . . . ..

T2w axial slices with the overlaid GT (green) and model predictions

xxii

86

86

(yellow) in 8 patients with traumatic spinal cord injury (sci-t2w dataset).

Red arrow depict segmentation errors. Soft segmentations are clipped

at 0.5. soft_all(bin) represents the soft_all binarized at 0.5 for

better visual comparison with the GT and hard segmentation methods.

MP2RAGE axial slices with the overlaid GT (green) and model pre-
dictions (yellow) in 6 patients (P) with multiple sclerosis lesions and

2 healthy controls (C) (ms-mp2rage dataset). Soft segmentations are

clipped at 0.5. soft_all(bin) represents the soft_all binarized at 0.5.

GRE-EPI axial slices with the overlaid GT (green) and model predic-
tions (yellow) of spinal cord segmentation of 4 patients with cervical
radiculopathy (CR) and 4 healthy controls (HC). Soft segmentations
are clipped at 0.5. soft_all(bin) represents the soft_all binarized

at 0.5. Red arrows indicate examples of segmentation errors. . . . . .

88

88

89

Inference times (in seconds) averaged across test participants for DeepSeg2D,

nnUNet3D, and soft_all for all contrasts. . . . . . . . ... ... ..

89



Figure 6.1

Figure 6.2

Figure 6.3

Overview of the dataset and image characteristics. Representative ax-
ial slices of 9 contrasts and the total of images used for each con-
trast in brackets, the orientation (axial/sagittal) along with the me-
dian resolution of images. The respective doughnut chart illustrates
the proportion of clinical status among the scanned participants, in-
cluding healthy controls (HC), patients with radiologically isolated syn-
drome (RIS), patients with multiple sclerosis (MS) and their differ-
ent phenotypes, including primary progressive (PPMS) and relapsing-
remitting (RRMS), patients with amyotrophic lateral sclerosis (ALS),
patients with neuromyelitis optica spectrum disorder (NMOSD), pre-
decompression acute traumatic SCI (AcuteSCI), post-decompression
traumatic spinal cord injury (SCI), degenerative cervical myelopathy
(DCM), and syringomyelia (SYR; not shown). Labels indicate the phe-
notype associated with the patient, with their respective colors shared
across contrast sets. . . . ... Lo oL Lo Lo
Overview of the lifelong learning strategy for continuous training of
spinal cord segmentation models. Unlabelled data containing various
contrasts and pathologies, gathered from multiple sites worldwide, are
segmented automatically with an existing state-of-the-art model and
undergo visual quality control for inconsistencies in segmentations, ex-
cluding data with artifacts. Labelled datasets are aggregated to train
the spinal cord segmentation model. Post-training, the model is de-
ployed as an official release, triggering an automatic GitHub Actions
workflow that generates the segmentations, computes the morphomet-
rics, and actively monitors the drift in the morphometric variability
between the current version of the model and the previously released
versions (automated tasks shown in the blue box). As new data arrive,
the process is repeated, enabling continuous (re)training of the models
to segment a diverse set of contrasts and pathologies. . . . . . .. ..
Comparison of segmentations between contrast_agnostic_v3.0 (cur-
rent version, highlighted), contrast_agnostic_v2.0 (previous ver-
sion) and sct_deepseg_sc on healthy controls (HC), DCM, SCI and
MS patients on the test set (unseen during training). Red arrows show
the instances where the previous models fail, particularly under heavy
compression (with/without lesions) in sub-860594, sub-6143 and sub-

xxiii

103

105



Figure 6.4

Figure 6.5

Figure 6.6

Figure 6.7

Figure 6.8

XXiv

Qualitative visualization of the proposed contrast_agnostic_v3.0
model’s segmentations across various contrasts and pathologies on test
images from multiple sites. Our model accurately segments compressed
spinal cords, severely damaged cords due to injury, and cords with the
presence of lesions. Legend: SCI=spinal cord injury, DCM=degenerative
cervical myelopathy, MS=multiple sclerosis, NMO=neuromyelitis op-

tica, ALS=amyotrophic lateral sclerosis, CR=cervical radiculopathy,

and HC=healthy control. . . . . . . . ... .. .. ... ... .... 111
CSA variability measured in terms of the standard deviation across 6
contrasts on a test set of healthy participants (n = 49). Our proposed
model achieved the lowest STD averaged across 6 contrasts (i.e. each
point shows the mean of 6 contrasts for the given participant) showing

more stability in segmentations across contrasts. The lower the CSA

STD across contrasts, the better. . . . . . ... ... ... ... ... 113
Level of agreement between CSA at C2-C3 on Tlw and T2w con-
trasts for contrast_agnostic_v3.0, contrast_agnostic_v2.0 and
sct_deepseg_sc. Kach point represents one participant. The black
dashed line represents perfect agreement between the CSA of T1w and

T2w contrasts. . . . . . . . . ... 114
Standard deviation of the CSA across 6 contrasts for models trained

on: (i) recursively generated GT masks (blue), and (ii) original GT
masks (green). Each point shows the mean of 6 contrasts for the given
participant. The model trained on noisy labels tends to produce stable
segmentations resulting in a lower STD across contrasts. The lower

the CSA STD across contrasts, the better. . . . . . .. ... ... .. 115
(A) Morphometric measures computed on n = 203 healthy participants

from the Spine Generic Dataset [16] for 6 morphometric measures us-

ing 2 different segmentation methods: sct_deepseg_sc with manual
correction (green) and contrast_agnostic_v3.0 (orange) with (B)
scaling factor between the methods means + std are displayed. Met-

rics are shown in the PAM50 space. . . . . . . .. ... .. ... ... 116



Figure A.1

Figure B.1

Figure B.2

Figure B.3

Figure B.4

Figure B.5

Figure B.6

XXV

Hlustration of tissue bridges. A) Volumetric T2w image of a spinal cord
injury (SCI) with chronic intramedullary lesion. B) Midsagittal slice

used to compute the tissue bridges. C) Ventral and dorsal tissue bridges

are defined as the width of spared tissue at the minimum distance from

the intramedullary lesion edge to the boundary between the SC and
cerebrospinal fluid. . . . . . ... oo 156
Pairwise correlation plots showing the level of agreement between CSA

for each pair of contrasts for the proposed soft_all model. Each
scatter point represents one participant and the dashed line corresponds
perfect agreement. . . . . .. ..o 159
Absolute CSA error between the predictions and GT across each con-

trast for the hard_all_SoftSeg model trained on all contrasts with

hard GT masks. Scatter plots within each violin represent the individ-

ual CSA errors for all test participants. White triangle marker shows

the mean CSA error. . . . . . . . . . . .. ... 160
Absolute CSA error between the predictions and GT across each con-

trast for the model trained on all contrasts with hard GT masks and

Dice cross-entropy loss (instead of adaptive wing loss). Scatter plots
within each violin represent the individual CSA errors for all test par-
ticipants. White triangle marker shows the mean CSA error. . . . . . 160
Absolute CSA error between the predictions and GT across each con-

trast for the model trained on all contrasts with soft GT masks and

Dice cross-entropy loss (instead of adaptive wing loss). Scatter plots
within each violin represent the individual CSA errors for all test par-
ticipants. White triangle marker shows the mean CSA error. . . . . . 160
Standard deviation of CSA between C2-C3 vertebral levels for PropSeg,
DeepSeg3D /2D, hard_all_SoftSeg, hard_all BigAug, nnUNet3D/2D,
and our model soft_all. White triangle marker shows the mean CSA

STD. . . . 161
Mean absolute CSA error for PropSeg, DeepSeg3D /2D, hard_all_SoftSeg,
hard_all_BigAug, nnUNet3D/2D, and our model soft_all. White

triangle marker showsthe mean CSA error. . . . . . . . ... ... .. 162



Figure B.7

Figure B.8

Figure B.9

Figure B.10

Figure C.1

Figure D.1

Figure D.2

Effect of number of contrasts included in the GT and training on CSA.
A) CSA values of test set for a model that include Tlw and T2w
contrasts. B) CSA values of test set for a model that include T1w,
T2w, DWI and T2*w contrasts. White triangle marker shows the mean
CSA across participants. . . . . . . . . ...
Absolute CSA error between the predictions and GT for the soft_all
model including T1w and T2w contrasts (A) and for the soft_all
model including T1w, T2w, DWI and T2*w contrasts (B). Scatter
plots within each violin represent the individual CSA errors for all
participants in the test set. White triangle marker shows the mean
CSA error across participants. . . . . . .. ... ...
Intensity-based K-Means clustering for automatic generation of labels
outside the spinal cord (GT label). In all the enhanced labels, the
spinal cord label value is fixed to 1 and the rest of the image is clustered
between 3-10 clusters. One of these labels is randomly picked for image
generation resulting in the training image. . . . . . . . ... ... ..
SynthSeg predictions on T1w, T2w, and T2star contrasts for a given
healthy subject. While the prediction on T1w scan is excellent, Synth-
Seg failed to properly segment the spinal cord on T2w (clear under-
segmentation) and T2*w contrasts (no output segmentation).

Absolute CSA error between the GT and predictions averaged across
all 6 MRI contrasts for each model. Scatter plots within each violin

show the CSA error averaged across all contrasts for a given participant.

XXVI

163

163

164

165

White triangle marker shows the mean CSA error across test participants. 168

Overview of our methods. Four experiments were performed - A:
Single-domain training: a model is trained individually on each cen-
ter. B: Sequential fine-tuning: after training the model on center n,
the pre-trained encoder weights are loaded for center n+1 (red dashed
arrows). C: Ezperience replay: in addition to fine-tuning (as in B) upto
20 samples per each center are stored in the memory buffer (in gray).
D: Multi-domain training: data from all centers are pooled and a joint
model is trained. . . . .. ...
Zero-shot (ZS) Test Dice scores with different random sequences of
domains. A: ZS Test Dice scores with 2 random domain sequences.
B: ZS Test Dice scores averaged across 9 randomly shuffled domain

SEQUEIICES. . . . . .« . . Lo o e e e e e e e e e e e e e e e e e

171



XXVii

Figure D.3 Qualitative results on a test sample from milan center. Replay obtains
better soft segmentations compared to fine-tuning. . . . . . . . . . .. 173
Figure E.1 Variability of spinal cord CSA across contrasts separated per vendor for

segmentations generated with sct_deepseg_sc [17], contrast_agnostic_v2.0

(18] and contrast_agnostic_v3.0 (proposed) segmentation and contrast-

agnostic of the same participant scanned across 15 different MRI sites.

Each dot represents one site; mean and standard deviation are pre-

sented above. . . . ..o 177
Figure E.2 Variability in spinal cord CSA across 6 contrasts on a test set of healthy

participants (n = 49) compared between the models trained with the:

(i) original distribution of GT masks created from a mix of manual

annotations and automatic segmentation methods, and (ii) GT masks

regenerated with contrast_agnostic_v3.0 model without any man-

ual corrections. The model trained on recursively generated GT masks

achieved a lower average CSA per contrast compared to the model

trained on the original distribution of GT masks on all contrasts. . . 178



AL
ASD
CE
CNS
CNN
CI/CD
CL
CSA
CSF
DCM
DWI
DL
EPI
GRE
GT
LL
MRI
MS
PPV
PSIR
PVE
QC
RF
RVE
SE
SCI
SCT
SNR
STIR
Tlw
T2w
ViT

LIST OF SYMBOLS AND ACRONYMS

Active Learning

Average Surface Distance
Cross Entropy

Central Nervous System
Convolutional Neural Networks
Continuous Integration and Continuous Delivery
Continual Learning
Cross-sectional Area
Cerebrospinal Fluid
Degenerative Cervical Myelopathy
Diffusion-weighted Imaging
Deep Learning

Echo Planar Imaging

Gradient Echo

Ground Truth

Lifelong Learning

Magnetic Resonance Imaging
Multiple Sclerosis

Positive Predictive Value
Phase-sensitive Inversion Recovery
Partial Volume Effect

Quality Control
Radiofrequency

Relative Volume Error

Spin Echo

Spinal Cord Injury

Spinal Cord Toolbox
Signal-to-Noise Ratio

Short Tau Inversion Recovery
T1-weighted

T2-weighted

Vision Transformer

XXViii



Appendix A
Appendix B
Appendix C
Appendix D
Appendix E

LIST OF APPENDICES

XXix



CHAPTER 1 INTRODUCTION

1.1 Medical image segmentation

Image segmentation is a key element in image processing and computer vision defined as the
process of dividing the image into semantically meaningful objects or regions of interest [19].
Depending on the context and the application, these regions could be everyday objects like
cars, trees or pedestrians in natural images or anatomical organs in medical images. The
rise of deep learning (DL) has resulted in a growing proportion of segmentation algorithms
employing neural network-based approaches, which are outperforming traditional methods
by large margins on popular benchmarks measuring segmentation accuracy and speed [20-
22]. Image segmentation as a task can be further classified into two categories: semantic
segmentation and instance segmentation. While both tasks can fundamentally be formulated
as a dense pixel-wise classification problems, the outputs of these tasks differ. Semantic
segmentation algorithms output pixel-wise labels, assigning an integer value (i.e. a class) to
each pixel in the image. On the other hand, instance segmentation algorithms go beyond
the class-level pixel-wise labels and assign labels at the individual object-level. Unlike image
classification where the whole image is assigned a label, image segmentation is a harder task

as pixel-wise labels are assigned to different object categories [22].

Image segmentation lies at the heart of several applications including autonomous driving,
satellite and aerial imagery, medical image analysis, robotics, and augmented reality [21,22].
Zooming in on the medical domain, automated medical image segmentation plays a key
role in tasks requiring computer-aided diagnosis [23-25]. For instance, in disease monitoring,
segmentation can help in tracking the growth /shrinkage of tumors/lesions across longitudinal
time points from the patients’ medical exams, thus aiding in designing appropriate treatments
[26-29]; in surgery, segmentation can help in visualizing complex structures like blood vessels,
nerves, and organ boundaries during surgical procedures and provide real-time guidance
during minimally invasive surgeries by overlaying segmented image data onto live surgical
views, helping surgeons navigate around critical structures [30,31]|. Accurate segmentation

can also offer objective and standardized indicators for clinical trials in various diseases.

1.2 Imaging modalities

The performance of the segmentation algorithms is ultimately bound by the image quality,

directly influencing diagnostic precision and treatment planning. Commonly-used imaging



modalities include Computed Tomography (CT), Magnetic Resonance Imaging (MRI), X-
ray, Ultrasound (US), each with its unique advantages and challenges [32]. CT scans offer
excellent bone definition, making them ideal for segmenting skeletal structures, but struggle
with soft tissue contrast. MRI provides superior soft tissue differentiation through multi-
ple sequences (e.g. T1, T2, etc.), enabling precise segmentation of soft tissue tumors or
lesions in the brain or spinal cord, though it suffers from motion artifacts. Ultrasound
delivers real-time imaging and avoids radiation exposure, but its inherent speckle noise and
operator-dependency complicate segmentation tasks. X-rays, while widely accessible, present
significant challenges for segmentation due to their 2D projection nature and superimposed
structures. Figure 1.1 shows some examples of segmentation of different organ systems across

various imaging modalities.

Figure 1.1 Examples of segmentation across different imaging modalities and anatomies.
Segmentation masks are overlaid as the regions of interest on the original image. Source: Ma
et al. [1].



1.3 Magnetic resonance imaging

Out of the common imaging modalities, MRI has become the gold standard in diagnosis
and prognosis of diseases of the central nervous system (CNS) affecting the brain and spinal
cord [33-36] due to its excellent visualization of soft tissue contrast, multi-planar capability
to image directly in any plane, and the absence of ionizing radiation. Different MRI se-
quences such as T'1-weighted, T2-weighted, DWI (Diffusion-Weighted Imaging) and contrast-
enhanced scans provide complementary information about tissue structure, water content,
inflammation, and blood flow. For example, T2-weighted sequences are highly sensitive to
fluid changes and are useful for detecting edema, demyelination, and lesions commonly seen
in multiple sclerosis (MS) and spinal cord injury (SCI). Advanced contrasts like PSIR, (Phase-
Sensitive Inversion Recovery) improve the visualization of cortical and spinal cord lesions,
especially in MS, due to its superior gray-white matter contrast [37,38]. Overall, various
sequences complement each other for more accurate diagnoses, especially in diseases with

subtle or complex presentations.

While the spinal cord is merely cast as a channel for relaying information between the brain
and the body, it is becoming apparent that a thorough characterization of the CNS cannot
be achieved without insights into spinal cord anatomy and function [39]. Yet, the spinal
cord has been largely overlooked by the neuroimaging community, evident by the wealth of
research investigating the brain in neurological disorders [39-42|. While there are multitude
of reasons why the progress has been imbalanced, the following section discusses the key

challenges in automatic image analysis of the spinal cord.

1.4 Challenges in automatic spinal cord image analysis

Anatomy, Field inhomogeneities, and Physiological noise Imaging of the spinal cord
presents with three inherent challenges [39,43,44] (see Figure 1.2): (i) small physical structure
of the cord, (ii) magnetic field inhomogeneities, and (iii) susceptibility to noise and motion
artifacts. The spinal cord is a long, tiny structure lying within the spinal canal surrounded by
the cerebrospinal fluid (CSF), and cartilaginous discs between the vertebral bodies [43,45].
Its small cross-sectional diameter (~ 1 cm) requires high spatial resolution (meaning, smaller
voxel sizes) to reliably depict anatomical details and minimize partial volume effects, making
the acquisitions susceptible to low signal-to-noise (SNR) ratio. Inhomogenous magnetic field
around the spinal cord is also one of key challenges. Differences in the magnetic susceptibility
of bones, CSF, soft tissues, and air surrounding the spinal cord could result in image arti-

facts including loss of signal intensity and image distortion [46]. Lastly, the proximity of the



spinal cord to the heart, lungs and other visceral organs that undergo periodic movements
is a significant source of noise. The movement of the cord within the spinal canal combined
with the pulsatile CSF flow further hamper the MR imaging of the cord. Consequently, these
challenges underscore the need for standardized acquisition and robust post-processing tech-
niques to ensure good quality MRI scans for precise delineation of the cord and subsequent

quantitative analyses.

Figure 1.2 Three main challenges in spinal cord imaging.

Partial volume effects Partial volume effect (PVE) is characterized by the mixing of
signals from different tissues within the same voxel, resulting in averaged intensities which
are not representative of any of the underlying tissues [47-51]. In spinal cord imaging, this
phenomenon arises when a voxel is at the interface between CSF and white matter, white
matter and gray matter, CSF and vasculature, or white matter and vasculature [44]. Within
such voxels, signals originating from tissues with varying spin densities collectively contribute
to the overall MR signal, resulting in blurred or indistinct tissue boundaries. PVE can be
minimized by increasing the spatial resolution at the cost of lowering the SNR. Imaging using

scanners with higher magnetic fields (e.g. 7T) can improve spatial resolution [40].

Labeling Manually annotating spinal cord scans is a tedious process. Depending on the
image resolution (e.g., axial scans with thick sagittal slices, isotropic, or sagittal scans with
thick axial slices) annotating each slice takes considerable amount of time, resulting in a
major bottleneck for training segmentation models. Manually-annotated labels suffer from
intra-rater and inter-rater variability especially at the cord/lesion boundaries, further compli-
cating the segmentation task [52-55]. This raises questions about what constitutes a ground
truth (GT) annotation and how the variability in GT annotations limits the performance of
automatic methods. Human-in-the-loop deep learning explores concepts that can be used
to develop DL systems capable of learning from human feedback [56-58]. Through tech-

niques such as active learning [59, 60| and transfer learning [61], the objective is to choose



the right subset of samples to annotate (either by humans, off-the-shelf pretrained models,
or a semi-automatic combination of both) so that segmentation models can be trained on
larger datasets. Figure 1.3 illustrates the advantage of human-in-the-loop active learning for

aggregating several small unlabeled datasets.

Figure 1.3 Overview of the standard DL training and the human-in-the-loop active learning
scenarios. Using predictions from intermediate models makes large-scale DL training more
scalable.

Generalization In the context of DL, generalization refers to the ability of a model trained
on a particular data distribution (e.g., from a specific scanner or patient population) to per-
form accurately on unseen data from different sources [62-66]. Complex domain shifts arising
from differences in image resolutions, scanners and acquisition protocols prevent current seg-
mentation models of the spinal cord to generalize well across MRI sequences and patient
populations. Existing studies have tackled the generalization issue by curating diverse, real-

world datasets from multiple sites and via extensive data augmentation [67-69).

Open-source datasets and automatic tools Compared to the wealth of research using
brain imaging data, progress in spinal cord imaging is lagging behind partly due to rela-
tive lack of open-source datasets [70-74] and automatic tools [75-78] for spinal cord image
analysis. Open source challenges such as Brain Tumor Segmentation (BraTS), multiple scle-
rosis (MS) lesion segmentation [26,79], held in conjunction with major conferences provide
standardized benchmarking datasets for competing teams, ultimately driving the innova-
tion in segmentation algorithms. Furthermore, longitudinal, multi-site studies targeted at
specific pathologies such as the Alzheimer’s Disease Neuroimaging Initiative [80], Parkin-
son’s Progression Markers Initiative [81], Korean Brain Aging Study [82], help in discovering
novel imaging or clinical biomarkers, ultimately improving the outcome of clinical trials and

augmenting our understanding of these complex neurological disorders. In addition to the



challenges and datasets, the existence of tools such as FreeSurfer [77], FSL [78], and AFNI [75]

facilitates the processing of such large-scale, multi-site datasets.

In contrast, we are now witnessing the gradual shift in the medical imaging community’s
interest towards the spinal cord, thanks to the standardization of acquisition protocols and
few open-source initiatives (e.g. spine-generic [42]) and challenges such as the spinal cord gray
matter segmentation challenge [83] and the MS multi spine lesion detection challenge® [34]
and benchmarks such as SPIDER [85] targeted at lumbar spine segmentation. Unlike the
plethora of tools available for brain image processing, there do not exist several tools for spinal
cord image analysis. Spinal Cord Toolbox (SCT) [86] and JIM? are two popular software
packages.

Lifelong learning The conventional definition of lifelong learning emphasizes learning new
tasks under a continuous stream of input data with the assumption that access to data from
earlier tasks is restricted with time [87,88]. Continual learning is an active area of research
with several sub-fields (e.g. incremental learning, online learning) proposing methods to
tackle various issues (e.g. catastrophic forgetting [89,90]) preventing current DL models to
learn continuously. Now, consider an alternative view, where the focus is not on learning
new tasks in a simulated setting, rather, the focus is on the life-cycle of DL models deployed

to address real-world tasks. A few key questions arise:

1. As it is typical for medical datasets to grow over time, how can we continuously update

the models with new data, once they have been deployed?,

2. As models are trained on different timestamped versions of the datasets, how can we

ensure that the drift in models’ performance is minimum?,

3. How can we leverage the advancements in software development and machine learning
operations (MLOps) to design segmentation frameworks that are equipped to handle
continuous streams of input data and can automatically monitor and quantify perfor-

mance drifts?

In the context of spinal cord segmentation, current models have been developed in static
and isolated environments on datasets spanning few MRI contrasts and pathologies. This
led to the existence of a collection of models, each specializing in a narrow domain, making

it difficult to maintain such models. With the rise of generalist or foundation models for

Ithe rationale of the challenge reads: “Lesion dectection: Let’s not forget the spinal cord”
Zhttps://xinapse.com/jim-9-software/
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Figure 1.4 Lifecycle of a typical machine learning model in production.

segmentation [1,66,91], there is a critical need for designing a standardized segmentation
framework facilitating continuous training of a generalist model capable of segmenting the
spinal cord across a wide range of contrasts and pathologies, and more importantly, actively

monitoring the drift in the performance as the model is updated over time.

Over-reliance on segmentation metrics Progress in the field of automatic medical im-
age segmentation has relied upon the existence of metrics quantifying the similarity between
model predictions and GT annotations. In the past three decades, several evaluation met-
rics were proposed in the literature, however, only a handful of these metrics are currently
used [92-94]. Recent studies have shown that lack of thorough validation and the improper
choice of evaluation metrics could be one of the major reasons for automatic methods failing
to perform outside research environments and be translated into clinical practice [14, 94].
Even if the right metrics are chosen, their mathematical properties are neglected. For in-
stance, the most common overlap-based metric, Dice score coefficient [95], is used evaluate
the segmentation of tiny structures (e.g. lesions spanning a handful of voxels), when more
accurate metrics quantifying lesion-wise statistics exist. There is an over-reliance on the Dice
score metric, whether it has clinical value or not. Then, as it is common to have multiple
scans per patient, how these data are split into training/testing sets and how they are ag-
gregated to report test scores has the potential to significantly bias the results. The field

also suffers from a recency bias towards novel architectures (e.g. transformers [96] or state-



space models [97] and ranks architectural advancements (despite them resulting in marginal
improvements) over comprehensively validated studies with existing time-tested models such
as CNNs [98].

One possible solution to this issue is to tie the segmentation task with a downstream clin-
ical application. For instance, considering the CNS, MRI-derived quantitative biomarkers
have long been shown to improve diagnosis of neurodegenerative diseases and structural
pathologies of the spinal cord [34,99-103]. For instance, spinal cord segmentation can be
used to compute the cross-sectional area of the cord to quantify atrophy in patients with
MS [102,104,105], monitoring cord compression [106], etc. On the other hand, lesion segmen-
tations are used to track and quantify longitudinal changes to the lesion volume [28,107,108],

compute width of the spared tissues in traumatic spinal cord injury [101,109], etc.

1.5 Outline of the thesis

Following a brief introduction to the topics of medical image segmentation and automatic
spinal cord image analysis, Chapter 2 expands on each of these topics in greater detail,
describing the spinal cord anatomy and defining the fundamental concepts of MRI, image
segmentation, active learning and lifelong learning. Chapter 3 establishes the link between
the topics introduced in Chapters 1 and 2 and how they fit within research objectives of this
thesis. Chapters 4 to 6 present the studies achieving the three research objectives. Chapter 7
provides some perspectives by bringing together the insights from all contributions, presenting
the current state segmentation methods, the prospect of application and clinical impact of

the work, along with possible avenues for future research. Chapter 8 concludes this thesis.

1.6 Summary of Contributions

This thesis follows the format of a manuscript-based thesis. The list of contributions are
divided into two categories: (i) publications that are included in this thesis as individual
chapters (Section 1.6.1), and (ii) other contributions from the projects I have participated in
during my PhD (Section 1.6.2).
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CHAPTER 2 BACKGROUND AND LITERATURE REVIEW

In the previous chapter, we briefly introduced the various challenges involved in automatic
image analysis of the spinal cord. In this chapter, we will revisit the various topics mentioned
within these challenges with the aim of providing sufficient background in understanding the
contributions of this thesis. We start with a basic introduction to the spinal cord structure
and anatomy. We will then learn the basic principles of MRI physics to understand how MRI
machines work and how various MRI sequences are utilized. Using qualitative examples, we
will see how various spinal cord pathologies appear in these MRI scans. We will then move on
to segmentation and cover the mathematical necessities for understanding the inner workings
of modern DL models, key elements of an automatic segmentation framework, followed by
an introduction to the concepts of active learning and lifelong learning. By the end of this
chapter, the reader should be equipped with the basic knowledge of all the concepts presents

in the subsequent chapters of this thesis.

2.1 Spinal Cord

The brain and the spinal cord together constitute the central nervous system. The spinal cord
is a long tubular-shaped structure residing in the spinal column, surrounded by cerebrospinal
fluid (CSF). It extends from the bottom of the brainstem (at the area called medulla ob-
longata) to the first or second lumbar vertebrae in the lower back, tapering at the end to
form a cone called the conus medullaris (Figure 2.1). As a continuation of the brainstem, the
spinal cord is responsible for transmitting nerve signals between the brain and the peripheral
nervous system, ensuring the transfer of efferent and afferent messages between the cerebral
cortex and the motor and sensory systems. It is also responsible for operating and coordi-
nating reflex actions independent of the brain, for example, controlling rhythmic movements

such as breathing or walking.

2.1.1 Anatomy and structure

The spinal column, which houses the spinal cord, is made up of 33 bones called vertebrae.
Five vertebrae are fused together to form the sacrum (part of the pelvis), and four small
vertebrae are fused together to form the coccyx (tailbone). The spine itself is divided into
four regions: (i) cervical vertebrae (C1-C7); located in the neck, (ii) thoracic vertebrae (T1-
T12); located in the upper back and attached to the ribcage, (iii) lumbar vertebrae (L1-L5);
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Figure 2.1 Anatomy of the human spinal cord. Source: Martini et al. [2].

located in the lower back, and (iv) sacral vertebrae (S1-S5); located in the pelvis. Between
the vertebral bodies (except for C1 and C2) are the discs serving as a supportive structure

for the spine.

The four regions of the spine are are divided into 31 segments with 31 pairs of spinal nerves.
One member of the pair exits on the right side and the other exits on the left. There are 8
cervical nerves, 12 thoracic nerves, 5 lumbar nerves, 5 sacral nerves, and 1 coccygeal nerve.
Each nerve exits the vertebral column, passing through the intervertebral foramina to its

designated location in the body.

The spinal cord is protected by three layers of tissue or membranes called meninges, that
surround the canal. The dura mater is the outermost layer, forming a tough protective
coating. Between the dura mater and the surrounding bone of the vertebrae is a space called

the epidural space. The arachnoid mater is the middle protective layer. The space between
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the arachnoid and the underlying pia mater is called the subarachnoid space/cavity (blue in
Figure 2.2). The subarachnoid space is filled with CSF, a clear, colorless fluid that surrounds
the cord. CSF plays several key roles [110]: (i) it protects the brain and the spinal cord by
providing a fluid buffer that acts as a shock absorber (or a cushion) from mechanical forces,
(ii) it helps keeps the brain afloat in neutral buoyancy without being impaired by its own
weight, (iii) it prevents brain ischemia and regulates cerebral blood flow, and (iv) it allows
for the removal of metabolic waste from the brain. The CSF flows unidirectionally (rostral to
caudal) in the ventricular system until it reaches the subarachnoid space, where it becomes

multidirectional. The movement of CSF is pulsatile and is driven by the cardiac cycle.

Figure 2.2 Cross-section of the spinal cord with the three layers of tissue that surround the
cord. Source: Wikimedia Commons [3].

Grey matter The spinal cord is made up of grey and white matter, appearing as butterfly-
or H-shaped grey matter surrounded by white matter. The grey matter is a collection of cell
bodies of motor and sensory neurons, interneurons and glial cells. The supports of the
“H” make up the dorsal (posterior) and ventral (anterior) horns on the left and right sides
(Figure 2.3). Through the center of the spinal cord, running longitudinally, is the central
canal filled with CSF. The dorsal horns receive sensory information from afferent nerve fibers
that carry sensory signals from the body. These afferent fibers transmit information about
touch, pressure, pain, temperature, and other sensations to the dorsal horn. The ventral
horns house efferent motor neurons, and their axons, also called efferent nerve fibers, carry
signals away from the CNS to peripheral muscles and glands. Specifically, these efferent
fibers, originating in the ventral horn, exit the spinal cord through the ventral roots and
travel through spinal nerves to reach their target tissues. Afferent and efferent fibers are
connected through interneurons in the thin strip of the grey commissure around the central

canal.
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White matter White matter is composed of interconnecting fiber tracts, which are pri-
marily the myelinated sensory and motor axons. The myelin coating of these axons is a fatty
substance that insulates them and speeds up nerve signal transmission. The white matter
is organized into tracts. Ascending tracts carry information from the sensory receptors to
higher levels of the CNS, while descending tracts carry information from the CNS to the pe-
riphery. It is divided into three major columns [111]: (i) dorsal columns, carrying ascending
sensory information from somatic mechanoreceptors, (ii) lateral columns, including axons
that travel from the cerebral cortex to contact spinal motor neurons (these pathways are also
referred to as the cortico-spinal tracts), and (iii) ventral columns, carrying both ascending

information about pain and temperature, and descending motor information.

Figure 2.3 Atlas of the major white matter tracts along with dorsal and ventral horns of the
grey matter. Source: Grayev [4].

Shape The width of the spinal cord is not uniform across the four regions. To accommodate
a greater number of nerve cells and connections to process sensory and motor signals from
the upper and lower limbs, the spinal cord is enlarged at the cervical region (between C4-C5
to C7-T1 levels) and lumbar region (between T11 to L2) (Figure 2.4). These enlargements

give a characteristic trend to the cord cross-sectional area as shall be seen later in Chapter 6.

2.2 Magnetic Resonance Imaging

Magnetic resonance imaging (MRI) uses strong magnetic field and radio waves to create
detailed three-dimensional images of the body’s internal structures. Unlike CT, MRI does

not use any ionizing radiation and also provides better contrast in the images of soft tissues



16

Figure 2.4 Enlargements of the spinal cord. Source: Bath [5]

(e.g. brain, spinal cord, muscles, ligaments, and tendons). The core principle behind MRI
is nuclear magnetic resonance (NMR), a phenomenon where certain atomic nuclei (e.g. like
hydrogen atoms in water) absorb and re-emit radiofrequency (RF) energy when placed in
a strong magnetic field. By detecting these signals and how they vary across tissues, MRI

creates detailed images of the body’s structures.

2.2.1 How MRI works

Hydrogen atoms are abundant in humans, particularly in the form of water and fat. The
hydrogen nuclei, which consist solely of a proton, are able to absorb and emit RF energy
when an external magnetic field is applied. Images are formed by capturing the density of
these nuclei in a specific region, which translates to mapping the location of fat and water
in the body. As the protons are influenced by fields from atoms to which they are bonded
in other tissues, different contrasts between tissues can be obtained based on the relaxation

properties of the hydrogen atoms.

During an MRI exam, the participant lies supine on the scanner table and is placed inside
the MRI scanner. When a strong magnetic field (Bg) is applied, the protons are aligned to be
parallel or anti-parallel to the direction of the field, with a slight majority aligning parallel
to By as it is the low energy state. An RF pulse is then passed through the participant,
exciting the protons to be out of alignment with the main magnetic field, spinning them out
of equilibrium. When the RF pulse is turned off, the protons undergo a rotating motion
(precession, or, a spiraling decay) returning to their original alignment parallel to By. The
energy released during the process of realignment is captured by the receiver coils in the
scanner. The time it takes for the protons to realign with the magnetic field, as well as
the amount of energy released, gives rise to different contrasts in various tissue types. By
applying additional magnetic fields (gradients) that vary linearly over space, specific slices to
be imaged can be selected, and an image is obtained by taking the 2-D Fourier transform of

the spatial frequencies of the signal (k-space). Figure 2.5 illustrates the working mechanism
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of MRI.

Figure 2.5 Mechanism of MRI. (A) Hydrogen atoms are dispersed within the participant’s
tissues with intrinsic spin. (B) Hydrogen atoms are spinning in random directions without any
alignment. (C) Protons align with the magnetic field in parallel fashion; after the application
of a radiofrequency pulse, the protons realign with the magnetic field, releasing energy and
generating a high-resolution image of the tissue. Source: Fordham et al. [6]

2.2.2 Components of an MRI scanner

The main components of an MRI scanner are [112]: (i) the magnet formed by superconducting

coils, (ii) gradient and shim coils, (iii) RF coils, and (iv) computer systems.

Magnet The magnet is the most important and expensive component of the scanner with
the rest of the components built around it. The By magnetic field generated inside the scanner
is measured in teslas (T). Magnets in most clinical MRI scanners have a field strength of
0.1 — 3T, with the exception of ultra high field scanners (7, 9.4, 10.5, and 11.7T) used for
research purposes [113]. For reference, the Earth’s magnetic field is about 25 — 65uT. The
core of the magnet is made of a superconducting wire by winding it into a coil and cooling it

down to extremely low temperatures (~ 4 Kelvin) with liquid helium. When cooled to such
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low temperatures, the wires become superconductive with zero resistance to electric current,
achieving a stable magnetic field. The strength of By is an important factor in determining
image quality. Higher magnetic fields increase signal-to-noise ratio (SNR), permitting higher
resolution or faster scanning. However, higher field strengths require more costly magnets

with higher maintenance costs, and have increased safety concerns.

Gradient coils The primary function of gradient coils is to produce additional magnetic
fields (called gradient fields) that allow spatial encoding of the MR signal. There are three
different gradient coils producing three different and less powerful magnetic fields with the
purpose of varying the strength of the main magnetic field. Reconstructing an image from
MR signals requires proper slice selection and determining the voxels to be designated within
the slice. The gradient coils create three sets of magnetic field gradients (x, y, z). When doing
2D imaging, the field gradient in the z-axis (along the direction of By) is the slice-selection
gradient, while the y-axis and x-axis gradients produce the phase and frequency encodings
within the slice, respectively. If the applied RF pulse contains a narrow range of frequencies,
then only the region of tissue whose resonant frequencies match those within the RF pulse
are excited and go on to contribute to the final image. It is the range of frequencies coupled
with the variation induced by the slice-selection gradient that determines the spatial location

and thickness of the slab to be imaged.

Figure 2.6 Schematic of an MRI scanner, showing main coils and the By field relative to the
participant inside the scanner. The head coil (top right) is placed around the participant’s
head prior to them being moved into the center of the scanner (the bore). Source: Jenkinson
and Chappell [7].
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Shim coils The main By field created by the superconducting coil should ideally be per-
fectly uniform, but in practice, has very small inhomogeneities due to the different magnetic
properties (i.e. susceptibility) of the body’s structures. Inhomogeneity in the By field means
that the hydrogen nuclei at a given location in a tissue will have a different resonant fre-
quency to what was expected, leading to artifacts such as distortions in the final image. To
mitigate the effect of By inhomogeneity, shim coils are built into the scanner to nullify the
bulk of inhomogeneities. Since shim coils produce low-rank fields (up to 3rd order spherical
harmonics at 7T), they do not fully eliminate the inhomogeneities created by structures with

different magnetic susceptibilities.

RF coils Measuring a signal from a collection hydrogen nuclei is only possible when their
net magnetization (i.e. the sum of the magnetization of all nuclei) is not aligned parallel with
the By field. RF coils generate a temporary, oscillating magnetic field, called the B, field, by
passing a current tuned to the Larmor frequency (the natural wobble frequency of hydrogen
nuclei). This B; field, oriented perpendicular to the main static By field, effectively “excites”
the hydrogen nuclei by gently pushing their magnetization away from the By direction and
into the transverse plane. This process, known as excitation, is possible because the B; field
resonates with the nuclei, allowing a much weaker field to achieve this change compared to
the strong By field. These precisely timed applications of the B; field are called RF pulses

and are crucial for obtaining an MRI signal.

Computer system The computer system performs three tasks: (i) controls the main
magnet to maintain a uniform By field, (ii) fine-tunes the shim coils to correct for any field
inhomogeneities, and (iii) manages the rapidly switching currents in the gradient coils to
spatially encode the MRI signal. This coordination ensures that the RF pulses are applied
and the resulting signals from the excited nuclei containing their spatial location encoded
in their frequencies and phases are recorded in the k-space. The raw data in the frequency

domain are then converted into the images using the Fourier transform.

2.2.3 MRI sequences

With the primary components of an MRI scanner and their respective functions briefly out-
lined, the next step is to understand how these elements are coordinated to acquire MRI
scans. This is achieved through MRI pulse sequences (or, MRI sequences), which define the
temporal application of RF pulses and magnetic field gradients to control the net magneti-

zation and subsequently acquire distinct images. The choice and design of these sequences
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are fundamental to determining image contrast, resolution, and sensitivity to various tis-
sue properties. Commonly used classes of MRI sequences include spin-echo, gradient-echo,
inversion-recovery, and diffusion-weighted imaging. Each sequence manipulates the longitu-
dinal (T1) and transverse (T2 and T2*) relaxation properties of tissues in unique ways to

produce diagnostic images.

Spin echo (SE) SE sequences are designed to compensate for By inhomogeneities and
are primarily used to produce images with well-defined T1 or T2 contrast. The classic SE
sequence consists of a 90° RF pulse followed, after a delay time TE/2, by a 180° refocusing
pulse. This 180° pulse rephases dephased spins, thereby forming a “spin echo” at time TE
(echo time). By varying the repetition time (TR) and TE, SE sequences can be tailored
to produce T1-weighted (short TR, short TE) or T2-weighted (long TR, long TE) images.
T1-weighted images generally make fat appear bright and water dark, while T2-weighted
images are highly sensitive to pathology, making water and edema appear bright, as seen in

lesions or plaques.

Gradient echo (GRE) GRE sequences differ from SE sequences primarily by using a
magnetic field gradient, rather than a 180° RF pulse, to rephase the spins and generate
an echo. This omission of the 180° pulse results in faster acquisition times due to shorter
TRs. However, GRE sequences are inherently sensitive to T2* relaxation, meaning they are
more susceptible to signal loss from By inhomogeneities, such as those caused by air-tissue
interfaces or metallic implants. This inherent sensitivity to T2* decay makes GRE sequences
particularly useful in visualizing structures that cause local field inhomogeneities, such as

microhemorrhages, and calcifications, often referred to as T2*-weighted imaging.

Diffusion-weighted imaging (DWI) DWI is a functional MRI technique that exploits
the Brownian motion (diffusion) of water molecules within tissues to generate image contrast.
By applying strong, pulsed magnetic field gradients before and after the 180° refocusing pulse
(in a modified SE sequence), DWI measures the attenuation of the MR signal caused by the
movement of water molecules. In tissues where water diffusion is restricted (e.g., areas of
inflammation), the signal attenuation is less, resulting in higher signal intensity on DWI
images. In the spinal cord, DWI is technically challenging due to susceptibility to motion,
By inhomogeneity, and low SNR. It is typically coupled with Echo Planar Imaging (EPI),
a fast image acquisition sequence capable of acquiring an entire images from a single RF
pulse. This speed is achieved by rapidly switching the magnetic field gradients to generate a
series of echoes that fill k-space in a single shot or a few shots. While highly efficient, EPT is
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inherently more sensitive to magnetic susceptibility artifacts and can suffer from geometric

distortions due to the existing inhomogeneities.

Inversion recovery Inversion Recovery (IR) sequences are distinguished by an initial 180°
RF inversion pulse applied prior to a conventional SE or GRE readout. This pulse inverts the
longitudinal magnetization, which then recovers towards equilibrium. The time between the
180° inversion pulse and the subsequent 90° excitation pulse, known as the inversion time
(TT). By selecting an appropriate T1, it is possible to null the signal from specific tissues
based on their T1 relaxation properties, thereby enhancing contrast or suppressing undesired
signal components. Common IR-based sequences include Short TI Inversion Recovery (STIR)
designed to suppress fat signal by selecting a TI that coincides with the null point of fat,

such that lesions (with increased water content) are made to appear brighter.

2.2.4 Spinal cord MRI

While the preceding sections have introduced the principles of MRI physics, scanner compo-
nents, and various pulse sequences, applying these principles to image the spinal cord presents
a unique set of technical and anatomical challenges. Figure 2.7 shows partially labeled T1w
and T2w images of the spinal cord, highlighting how the cord-CSF contrast differs according
to the chosen sequence. Given the spinal cord’s small cross-sectional dimensions, suscepti-
bility to motion and field inhomogeneities, automatic image analysis becomes particularly

challenging, requiring tailored approaches.

Figure 2.7 Annotated T1-weighted and T2-weighted sequences of the cervical spine (sagittal
and axial views). The cord with a cross-sectional diameter of ~ 1 cm is surrounded by the
CSF, bones, and air, making it susceptible to field inhomogeneities and motion artifacts.
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Partial volume effects

One of the most common phenomenon in neuroimaging is the partial volume effect (PVE). It
occurs when when a voxel (7.e. the smallest unit of a 3D image) contains the signal intensities
of multiple tissue types, leading to an inaccurate representation of the tissue proportions
within that voxel [48,51]. This typically happens when the voxel size is comparable to or
larger than the size of the structures being imaged. The result is that the voxel intensity
is a weighted average of the different tissue types within it, misrepresenting the true tissue
composition. Mathematically, in the context of the spinal cord, suppose that a voxel in a
cross-sectional slice contains fractional amounts of the cord (wge) and the CSF (weogr). Let
Isc and Icgr be the true signal intensities of the cord and CSF, respectively. Then, as a

consequence of PVE, the MR signal from the voxel Iy is given by:
ly = wsclse + wesrlesr

Figure 2.8 illustrates this phenomenon, where we can notice that the intensity of the voxel
at the cord-CSF boundary is averaged with equally-weighted contribution from both tissues.
Note here that PVE could worsen with large voxels as one voxel now contains tiny proportions

of more tissues.

Figure 2.8 Schematic highlighting various tissues in the spinal cord and how partial volume
affects their signal intensities. Source: Spinal Cord Toolbox [8].

While PVE mainly occurs due to the limitations of spatial resolution across various MR se-
quences, high resolution images with small voxel sizes have a higher likelihood of containing

a single tissue type, thereby reducing PVE. However, high-resolution acquisitions come at
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the cost of low SNR and longer acquisition times as smaller voxels require more time/mea-
surements to accumulate enough signal. Figure 2.10 shows a few examples of sagittal and
axial acquisitions with different resolutions. Depending on the MR sequence, the effect of
partial volume can be worsened with heavily blurred cord-CSF boundaries (e.g. EPI and

DWTI sequences).

2.2.5 Morphometric measures of the spinal cord

From a neuroimaging standpoint, morphometry refers to the quantitative measurement and
analysis of the shape, size, and structural properties of the brain/spinal cord and their specific
regions, typically derived from MRI images. Morphometric analyses are extremely useful
in studying anatomical differences across populations (e.g. normative measures in healthy
controls and diseased populations), longitudinal monitoring of disease progression and the
effects of treatment interventions. Such measures provide insight into micro- and macro-
structural changes in the brain and spinal cord improving our understanding of the evolution

of certain chronic neurological conditions.

Figure 2.9 Common measures of spinal cord morphometry. Adapted from Valosek et al. [9].

Figure 2.9 illustrates some of the common morphometric measures of the spinal cord. CSA
quantifies the atrophy of the spinal cord and is computed as the area of the spinal cord in
the transverse plane. Precise estimation of CSA is limited by the axial resolution of the
image, therefore, CSA is typically measured by averaging over multiple slices across a given
set of vertebral levels. The AP diameter measures the diameter of the spinal cord in the
anterior—posterior direction, while the transverse diameter measures the cord from side to
side (right-left). The compression ratio reflects the flattening of the spinal cord and is defined
as the ratio of the AP diameter and the transverse diameter. Treating the cord as an ellipse,
eccentricity is computed as the ratio of the distance between the two focal points of the
ellipse and the length of the longest diameter (i.e. the major axis). The eccentricity of an
elongated cord is close to 1, while that of a circular cord is close to 0, indicating the degree

of roundness or convexity of the spinal cord.
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Quantitative measures of spinal cord morphometry such as the cross-sectional area (CSA) and
cord diameter are useful MRI-derived biomarkers used for diagnosing neurological diseases
such as MS [102] and DCM [106].

2.2.6 Spinal cord pathologies

After having identified the key structures in spinal cord MRI images and how morphometric
measures could serve as important biomarkers for various neurological diseases, we now dive
deeper into some of the most common pathologies affecting the cord and the role of MRI in
diagnosing them. This section briefly introduces the most prevalent spinal cord pathologies
and how image segmentation plays a role in deriving image-based clinical biomarkers from

various MRI sequences.

Figure 2.10 Heterogeneity in spinal cord images across various contrasts, pathologies and
image resolutions. Legend: SCI: spinal cord injury, DCM: degenerative cervical myelopathy,
MS: multiple sclerosis, NMOSD: neuromyelitis optica spectrum disorder, ALS: amyotrophic
lateral sclerosis, CR: cervical radiculopathy, and HC: healthy control.

Figure 2.10 gives an overview of the type of images obtained from various pulse sequences,
showing representative samples of various spinal cord pathologies. The ability to distinguish
the cord (especially its boundaries) from the surrounding CSF depends on the image resolu-
tion, with some sequence protocols designed to obtain high resolution images. In addition to

the population-level variations in spinal cord length and curvature resulting in variably-sized
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images, some pathologies significantly alter the structure of the cord (e.g. due to a traumatic

injury or age-related compression), contributing to the heterogeneity in spinal cord images.

Spinal cord injury

SCI is defined as damage to the spinal cord that causes temporary or permanent changes in
its function, often associated with high-socioeconomic burden (Figure 2.11, left). SCIs are
categorized by their origin into two types: traumatic SCI stems from an external physical
impact (e.g., car crashes, falls, sports injuries, or violence), whereas non-traumatic SCI arises
from an underlying acute or chronic disease process, including conditions like tumors, infec-
tions, or degenerative disc disease. Currently, there is no cure for SCI but rehabilitation has
been shown to improve outcome [114]. Not only do SCIs cause damage to the injury site (i.e.
the primary injury), they also trigger a cascade of complex secondary pathological processes
above and below the injury site [115,116], also affecting the brain [117,118]. The primary and
secondary injuries in traumatic SCI can be temporally divided into multiple phases: acute
(< 48 hours), subacute (48 hours to 14 days), intermediate (14 days to 6 months) and chronic
(> 6 months).

Figure 2.11 Left: Schematic of SCI. Right: Lesion evolution with persisting midsagittal tissue
bridges over time in a 63-year old patient with traumatic SCI. Sagittal and axial T2-weighted
scans showing lesion evolution in acute (1 day post-SCI), subacute (1 month post-SCI), and
chronic phase (24 months post-SCI). Sources: Cohen-Gadol [10] and Seif et al. [11].

Pathophysiologically, in the acute phase, the initial mechanical impact triggers a secondary
injury cascade characterized by swelling, bleeding, reduced blood flow, inflammatory cell in-
filtration, and the release of toxic substances, ultimately leading to neuronal and glial cell

death, demyelination, and neural circuit disruption. During the subacute phase, ongoing
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edema exacerbates ischemia, while persistent inflammation causes further cell death and the
formation of microcavities as tissue is damaged. Finally, in the intermediate and chronic
phases, axonal degeneration continues, and the astroglial scar matures, becoming a signif-
icant barrier to regeneration. Concurrently, cystic cavities merge, further impeding axonal

regrowth and cell migration.

Conventional MRI sequences (T1w and T2w) are useful for assessing the level of damage,
the extent of intramedullary/extramedullary abnormalities (edema and hemorrhage), degree
of spinal cord compression, disc herniation, spared ligaments and paraspinal tissues [34,
119] (Figure 2.11, right). Combined with clinical assessments, MRI-derived biomarkers hold
potential in predicting clinical outcome for patients with SCI. For instance, sagittal and axial
T2w MRI at the injury level can be used to measure the intramedullary lesion length, lesion
volume, tissue bridges, and the extent of spinal cord compression, all prognostic markers for

predicting recovery [34,101].

One of the key challenges in limiting the diagnostic utility of MRI is the presence of image
artifacts reducing the reliability of MRI-derived metrics. As most patients with SCI undergo
surgery to stabilize the spinal cord, the presence of metallic implants causes substantial image
artifacts such as geometric distortion and signal loss, worsening with stronger magnetic fields.
Due to the lack of fully automatic methods for deriving MRI-based imaging biomarkers,

correlation of the structural changes with clinical examinations is currently done manually.

Degenerative cervical myelopathy

Degenerative cervical myelopathy (DCM), the most common form of non-traumatic SCI, is
a condition where age-related changes in the cervical spine (neck) lead to compression of
the spinal cord, causing neurological symptoms such as pain and numbness in limbs, poor
coordination and imbalance (Figure 2.12; left). DCM can lead to progressive disability and
paralysis due to chronic spinal cord compression and non-traumatic SCI [120]. Although
traumatic SCI and DCM have different aetiologies, they show similar degrees of spinal cord
pathphysiology remote from the injury site, suggesting the involvement of similar secondary
degenerative mechanisms. Specifically, the sustained mechanical stress, combined with dy-
namic factors like neck movement, leads to both direct tissue damage and compromised blood
supply (ischemia) to the spinal cord. At a cellular level, this results in the degeneration and
death of neurons and oligodendrocytes, impairing nerve signal transmission and leading to
demyelination. Over time, these processes contribute to a progressive loss of neural function,

manifesting as the characteristic symptoms of DCM.

As in the case with traumatic SCI, structural MRI techniques provide information about
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Figure 2.12 Left: Schematic of healthy cervical spine and spine affected with DCM (Source:
Mileski [12]). Right: Site of compression on T2-weighted sagittal and axial scans.

the extent/level of injury (compression) and the presence of edema and/or hemorrhage [121]
(Figure 2.12, right), aiding in the diagnosis and treatment planning of patients with DCM.
Spinal cord segmentation is used to compute morphometric measures (specifically, the cross-
sectional area) and longitudinally evaluate the severity of compression by measuring the
spinal cord atrophy [106, 122, 123]. However, automatic segmentation is challenging due
to the narrowing of the spinal canal from the herniated disc, where existing segmentation

methods trained on non-SCI data, fail to delineate compressed cord with distorted shapes.

Multiple sclerosis

Multiple Sclerosis (MS) is a chronic, autoimmune disease of the central nervous system. It
is characterized by the immune system attacking the myelin sheath, which protects nerve
fibers in the brain and spinal cord, causing inflammation and damage (Figure 2.13, left).
This damage generally leads to a variety of symptoms, including vision problems, weakness,
numbness, fatigue, and cognitive difficulties [124]. MS can have different courses (categorized
into various phenotypes), with some patients experiencing relapses and remissions, while

others experiencing a more gradual and progressive neurological decline over time.

MRI is a vital tool for diagnosing and monitoring MS. Like in DCM, MRI scans help in
identifying and longitudinally monitoring the areas of demyelination (lesions or plaques) and
cord atrophy in the brain and spinal cord. Spinal cord atrophy, particularly in the cervical
region, is a recognized imaging biomarker for diagnosis and prognosis of MS, with distinct

phenotypes associated with different atrophy rates [102,104,105]. It measures tissue loss and
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Figure 2.13 Left: Schematic of healthy nerve and nerve with MS along with the com-
mon symptoms (Source: Mayo Clinic [13]). Right: MS lesions appearing as hyper-/hypo-
intensities highlighted on three different MRI sequences.

can be a valuable indicator of disease progression, disability and response to treatment in
various forms of MS. Atrophy is typically measured by segmenting the spinal cord and com-
puting the CSA, with its precision depending on the image resolution and, more importantly,
the robustness of the segmentation algorithms. The accuracy of segmentation, especially at
the cord boundaries, and whether the segmentation mask is binary (discrete; 0/1 values) or
soft (continuous; values between 0-1) have a significant impact on the estimated CSA. For
instance, CSA measured across different contrasts should be similar, yet, we will see later
in Chapter 5 how this seemingly logical fact does not hold in state-of-the-art segmentation

algorithms and how we address this challenge.

2.3 Image Segmentation

Given that MRI provides superior soft tissue contrast and anatomical detail, the quantitative
analysis of spinal cord morphology often requires the precise delineation of specific structures
from raw image data. Segmentation of these structures is used for deriving morphometric
measures such as the CSA and lesion load, thereby bridging the gap between qualitative visual
assessment and objective measurement essential for diagnosis and prognosis for pathologies

affecting the spinal cord.

The task of semantic segmentation using DL can be defined mathematically as follows [125]:
Let X denote the input space of images. Each image x € X is a discrete representation
composed of N pixels, with spatial dimensions (e.g., W x H x D for 3D images, where

N =W x H x D). We can represent an image x by its pixel values, x = (x1,Xa,...,Xy).
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The label space is defined as Y = {y1,¥2,...,yx}, where K is the total number of distinct
semantic classes. Pixels that do not correspond to any specific semantic object are assigned to
the designated background class, b € Y. Given an input image x, the objective of semantic
segmentation is to assign each pixel x; a corresponding label y; € Y, thereby creating a
pixel-wise semantic map. The ground truth output space for such maps is therefore defined

as YV, representing an N-tuple of labels from Y.

Given a training set T C X x Y¥, a neural network fy with trainable parameters 6 is
employed to learn the mapping from the input space X. Specifically, fy maps an input image
x to a tensor of pixel-wise probability distributions over the semantic classes. Thus, the
function mapping can be precisely stated as fy : X — RY*X where the output for each
pixel i (i.e., (fo(x)); € RE) represents a vector of unnormalized scores (logits) for each of the
K classes, which are subsequently transformed into a probability vector (e.g., via a softmax

function). The output segmentation mask is obtained by:

y* = {argmax,cy fo(x) i, .1, |

where, fy(x) [i, ¢|] denotes the probability of the label of class ¢ for pixel x;.

2.4 Elements of an Automatic Segmentation Pipeline

2.4.1 Preprocessing

MRI scans are acquired using diverse acquisition protocols and can be noisy and contain
artifacts. Data preprocessing steps are always applied to transform raw data into inputs
suitable for training segmentation models. Commonly applied techniques include intensity
normalization (e.g., standardizing voxel values to a common range to ensure consistent input
across different scans) and resampling (adjusting voxel spacing to a uniform resolution to

have fixed-size inputs).

Data augmentation Medical datasets are relatively small compared to natural-image
datasets and therefore, data augmentation plays a critical role in medical image segmentation
as models rely on extensive data augmentation for better generalization capabilities [126]. A
wide variety of transformations are applied to the images and their corresponding GT masks,
such as geometric transformations (e.g., rotations, flips, scaling, elastic deformations) and
intensity transformations (e.g., brightness adjustments, contrast changes, adding Gaussian
noise, blurring). These techniques aim to simulate real-world variations in image acquisition

and patient anatomy, thereby exposing the model to a wider range of scenarios and improv-
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ing its robustness. The impact of data augmentation has been well-studied and interestingly,
extensive data augmentation, to the extent of obtaining unrealistic images has been shown
to improve segmentation robustness and accuracy [69]. Most of the augmentation techniques

are implemented in open-source packages such as MONAI and TorchIO.

2.4.2 Model architectures

Several DL architectures have emerged in the last decade [127]. However, there are a handful
of architectures that are the cornerstones of DL and help drive the field forward. Among these,
Convolutional Neural Networks (CNNs) have been particularly transformative, especially for
computer vision tasks like image segmentation and classification. A notable mention for
medical image segmentation is the U-Net architecture [128], which, with its encoder-decoder
pathway and skip connections, effectively captures both contextual and localized information,
leading to highly robust segmentations. Due to their success in medical imaging (and also
recently with stable diffusion), several variants of U-Net, specifically emulating the encoder-

decoder have emerged.

As new architectures continued to be developed, recent works have shown that novel architec-
tures based on transformers and/or state space models achieve subpar performance compared
to well-tuned CNN-based networks when subjected to rigorous validation [98,129 131]. One
can notice a recency bias towards novel architectures despite only obtaining incremental im-
provements on carefully-curated benchmarking datasets without sufficient evidence on real-
world clinical data. Furthermore, novel architectures relying on latest advancements in GPU
technology cannot be deployed in clinical settings with modest computational resources. We
refer the reader to [127] for a detailed review of model architectures and focus on the U-Net

architecture below.

The U-Net network is composed of two parts (Figure 2.14). The first part is the contracting
path that employs the downsampling module consisting of several convolutional blocks to
extract semantic and contextual features. And in the second part, the expansive path applies
a set of convolutional blocks equipped with the upsampling operation to gradually increase the
spatial resolutions of the feature maps, usually by a factor of two, while reducing the feature
dimensions to produce the pixel-wise classification score. The skip connections copy the
outputs of each stage within the contracting path to the corresponding stages in the expansive
path. This design choice propagates essential high-resolution contextual information along
the network, which encourages the network to re-use the low-level representation along with
the high-context representation for accurate localization. The U-Net has become the de facto

backbone in medical image segmentation since 2015, and several variants of the model have
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Figure 2.14 3D UNet architecture.

been derived to advance the state-of-the-art based on it [25].

2.4.3 Loss functions

In supervised learning, loss functions quantify a measure of (dis)similarity between ground-
truth (GT) segmentations and the model predictions. They play a crucial role in guiding the
learning process as model parameters are updated based on the gradients derived from the
loss function. As medical image segmentation tasks suffer from the class imbalance problem,
where number of voxels in the target object to be segmented are heavily outnumbered by
the voxels in the rest of the image (e.g. lesions in the spinal cord), choosing the right loss

function is important.

Depending on how the dissimilarity is measured, loss functions can be categorized into four
types: (i) pixel-based, (ii) overlap-based, (iii) boundary-based, and (iv) combination/com-
pound losses. Pixel-based loss functions operate at the individual pixel level and aim to ensure
accurate classification of each pixel within the predefined semantic classes by measuring the
deviation of predicted pixels from the corresponding GT pixels. In contrast, overlap-based
loss functions prioritize overall class segmentation by maximizing the alignment of target ob-
jects between the predicted mask and the GT mask. Boundary-based loss functions optimize
for the precise delineation of the object boundaries by minimizing the distance between the
prediction and GT masks. As loss functions from these categories do not tackle the class-
imbalance problem in isolation, combining these loss functions presents a best-of-all-worlds

scenario in mitigating class imbalance. As the most commonly used loss functions belong
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to the pixel-based, overlap-based and their combinations, we consider them in greater detail
below. Table 2.1 shows the notational convention used for the mathematical definitions of

loss functions discussed in this section.

Table 2.1 Notation for the mathematical definition of loss functions

Symbol Description

N Number of pixels in the image

C Total number of target classes to segment {1, ..., C}

ys Indicator function: 1 if i*" pixel belongs to class ¢; 0 otherwise

Yi One-hot encoding vector representing the target class of the " pixel
2 Predicted probability of i*" pixel belonging to class ¢

Ds Predicted class probabilities for i*® pixel

Di * Y Predicted probability of the target class at i*" pixel

w Weight assigned to target classes

Pixel-based Cross-entropy (CE) is one of the most commonly used loss functions. In
essence, it is derived from the Kullback-Leibler (KL) divergence between two probability
distributions. In segmentation, these refer of the GT distribution (i.e. the space where
the GT masks lie) and predicted distribution (i.e. the space where the model predictions
lie), measuring how well the predictions match the GT labels. Once the model outputs the
pixel-wise probability maps representing the likelihood of each pixel belonging to a certain
class, CE loss is computed using the negative logarithm of the predicted probability for the
target class at each pixel. Due to the nature of the log function, the loss approaches 0 and
the predicted probabilities for the target classes approaches 1. Mathematically, the loss is

defined as:
N

1 C
Ler(p,y z—leog ——fZny log (p5)
c—17,

1

Note, as y; is a one-hot encoded vector, the loss is only computed over the predicted proba-
bility for the target class. Weighted cross entropy is a common extension of the original CE
loss, where different weights are assigned to each target class to mitigate class imbalance.
Typically, the weights are inversely proportional to the class frequency, meaning that classes

with fewer number of voxels have larger weights. The weighted CE loss is given by:

N

N 1 C
LCE p7 Z WY 1Og = T At Z ch yz 1Og pz
=1 c—lz 1

Loss functions derived from CE tend to focus on overcoming the class imbalance issue with
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the topK [132] and focal loss [133] being the notable ones. For instance, focal loss assigns
different weights to easy and hard samples. Hard samples are individual voxels or regions
that are misclassified with a high probability (e.g., boundary voxels or small objects), while
easy samples are those that are correctly classified with a high probability (e.g., background
regions). This helps in balancing the influence of easy- and hard-to-segment voxels on the

overall loss.

Overlap-based Overlap-based or region-level loss functions zoom out from pixel-level
losses and aim to maximize the accuracy of the segmentation at the object-level, captur-
ing the shape of the object in essence. Dice loss [134] is the most popular loss function in

this category.

Dice loss directly optimizes for the Dice similarity coefficient, which measures the overlap
between two sets of objects (i.e., the predicted mask and the GT mask). Given two sets P

and Y, it is computed as the ratio of twice the size of the intersection of the two sets, over

|[PNY]
[PI+Y]

Y is the GT mask. The Dice loss is the differentiable version of the Dice coefficient adapted

for training segmentation models. It is given by:

the sum of the number of elements in each set: DSC = 2 where P is prediction and

1 Cz—l 2500 pE g

LDice =1-= N - . .
C c=0 Zz]\il pzc + yzc

The loss is computed separately for each class and averaged across all classes to have a single
value summarizing the accuracy of model prediction. Unlike in sets with binary 0/1 values,
Dice loss can be computed on output probabilities [0, 1] making it differentiable and suitable
for gradient descent optimization. Dice loss has the advantage of directly optimizing for the
evaluation metric and handles class imbalance well due to its sensitivity towards misclassified
voxels. Several variants of the loss have also been proposed for specific applications. For
instance, generalized Dice loss [135] uses class weights proportional to the inverse of label
frequencies similar to weighted CE. Logarithmic form of Dice loss [136] was introduced to
tackle highly imbalanced class distributions, centerlineDice (or, clDice [137]) was proposed to
segment tubular structures such as vessels and neurons by computing the intersection of the
segmentation masks and their (morphological) skeleta. Other common examples of non-Dice

loss functions include ToU loss and Tversky loss.

Compound losses There is no consensus on which category of loss functions is better,

however, there is empirical evidence favoring compound loss functions, the most common
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being the Dice-CE loss [138]. It has been shown that Dice and CE losses act complementarily,
with the former being sensitive towards extreme class imbalance and the latter pushes the
model predictions towards the GT distribution by penalizing for high KL divergence [139].
In its simplest form, the DiceCE loss is given by:

LDiceCE = aLDice + ﬁLCE

where, a and [ are respective weights for the loss functions. Because of the popularity of Dice
loss in most medical image segmentation tasks, it is also combined with focal and tversky

losses.

Regression losses Another category of losses not commonly used in medical imaging are
regression loss functions. When trained with a regression loss function, the model is tasked
with predicting continuous numerical values (e.g., patient age, survival score, etc.). These loss
functions quantify the error between the model’s continuous predictions and the actual GT
values, using mean-squared error (L2) or mean-absolute error (L1) as the scoring functions.
Wing loss [140] and its variants are one of the commonly used regression losses. Note that
instead of treating segmentation as a pixel-wise classification problem, regression losses can
be used to regress values between 0 and 1, resulting in soft outputs. The distinction between
soft and binary masks and the potential importance of soft masks on downstream clinical

applications is discussed in detail in Chapter 5.

2.4.4 Evaluation metrics

Evaluation metrics measure how well the models perform outside their training data. Rig-
orous validation on out-of-distribution test data using an appropriate set of evaluation met-
rics is critical for widespread adoption and clinical utility. This section formally defines
the evaluation metrics used in the subsequent chapters of the thesis and discusses some of
their common pitfalls. We also make a case for why purely relying on metrics-based com-
parison is problematic (as is the case with current the landscape of medical AI) and how

morphometrically-grounded evaluation can improve the likelihood of clinical adoption.

Spatial overlap-based The metrics in this category can be derived from various com-
binations of the four basic cardinalites of the confusion matrix: True Positives (TP), True
Negatives (TN), False Positives (FP) and False Negatives (FN). Following the same notation
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as in Table 2.1, they are mathematically defined as:
N N
TP=) I(Yi=1land P, =1); TN => I(Y; =0 and P, = 0)
i=1 =1
N N
FP=>1(Y;=0and P, =1); FN =) I(Y; =1and P, = 0)
i=1 =1

where I(-) is the indicator function that outputs 1 when the inner condition is true else 0.

The Dice similarity coefficient [95] is the most commonly used metric in comparing automatic
and manual GT segmentations. Other similar metrics include: (i) True Positive Rate (or,
recall) measuring the proportion of positive voxels in the GT mask that are correctly identified
in the prediction as positive, (ii) Positive Predictive Value (or, precision), measuring the
proportion of positive voxels in the prediction that are part of the GT.

TP TP 2T P

fiecall = Bensitivity = 75y - Precsion = gp s DS orp  Fp 1 FN

A major limitation of the metrics defined above is that they treat every voxel independently
and compute the cardinalities based on the agreement at the voxel level. When segmenting
tiny and sparse objects such as lesions, the metric values are heavily influenced by the large
number of background voxels (resulting in a high TN count). Thus, the results from pixel-wise
metrics are often inflated and appear “good” due to the vast number of correctly classified

background voxels.

To mitigate the bias of pixel-wise metrics, lesion-wise (or, instance-wise) metrics were in-
troduced, where the evaluation is done at the object-level by treating the tiny structures as
blobs and calculating the above metrics for each blob. The procedure for obtaining lesion-wise

metrics involves:

1. Connected Component Analysis (CCA): Applying CCA to both the GT mask
(Y) and the predicted mask (P) to identify individual, disconnected blobs (lesions).

2. Matching: Establishing a correspondence between the GT lesion and the predicted

lesion by defining a minimum overlap threshold.
3. Counting: Compute TP, FN and FPs comparing each GT and predicted lesion to get

lesion-wise sensitivity, lesion-wise precision and lesion-wise F; scores.

Volume-based These metrics quantify the volumetric accuracy by measuring the difference

between the volumes of the GT and predicted segmentations. Indirectly, they aim to assess
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how well the prediction estimates the size of the overall anatomical structure. Relative
volume error (RVE) measures the normalized absolute difference between the predicted and
GT volumes, indicating the fractional error in the estimated volume compared to the actual
volume. Suppose that P,, and Y., are the volumes of the prediction and the GT, RVE is

defined as:
| onl - K/Ol |

RVE =
Y;/ol

A positive RVE indicates that model predictions tend to over-segment the structure, while
a negative RVE implies under-segmentation, and RVE = 0 indicates a perfect match in

volumetric accuracy.

Spatial distance-based These metrics quantify the geometric discrepancies between the
boundaries or surfaces of the predicted and GT segmentations. Instead of comparing over-
lapping regions, they directly measure how far apart the corresponding points on the surfaces
are. Surface distance (SD) is one of the basic metrics for a distance-based evaluation. Math-
ematically, let p € S, be a point on the surface of the prediction. Its surface distance to Sy
is defined as the minimum Euclidean distance from p to any point in Sy and vice-versa for

any given point ¢ € Sy:

d(p, Sy) = min(|lp —qll2) 5 d(g, Sp) = min(|lg - pll2)

Surface distance, in its raw form, gives the shortest distance from one specific point on a

surface to the other surface.

Why conventional metrics are not enough

It is easy to notice a standard trend /recipe in medical image segmentation studies: researchers
propose novel architectures and benchmark their approaches on various combinations of
publicly-available datasets using same set of evaluation metrics (e.g., Dice coefficient, surface
distance, etc.). Their approaches typically result in incremental improvements over existing
methods and in most cases the hyperparameters of previous approaches are not well-tuned
for the dataset the approach is evaluated on [141, 142]. More importantly, the choice of
metrics does not address the nuance of biomedical need [14]. Consider a simple example
in Figure 2.15, illustrating how the Dice coefficient does not represent the true accuracy of

segmentation multiple, small structures are involved.

As a consequence of this concerning trend, two major issues have arisen: (i) the number of

studies calling for rigorous validation and benchmarking is growing rapidly [14,98,130, 141,
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Figure 2.15 Issues with the Dice metric. A) Dice is biased towards single objects and is not
suitable for evaluating the segmentation accuracy of multiple objects; B) Dice is susceptible
to single-pixel differences can vary significantly, given high inter-rater variability in the an-
notation of small structures. Adapted from Maier-Hein et al. [14].

142] and (ii) despite the wealth of segmentation models claiming to segment a wide-variety of

organs across different modalities, they often fail to translate into clinical practice [14,142].

How can we fix this? While there could be several ways of tackling these issues, one
simple way is to take a “bottom-up” approach, where a key clinical biomarker that requires
segmentation can be identified and methods to automatically compute the clinical biomarker
can then be developed. For instance, in SCI, tissue bridges, measuring the width of the
spared tissues adjacent to the lesion, are functional biomarkers for recovery in SCI patients.
Measuring tissue bridges requires lesion segmentation which are typically obtained by manual
annotation. As this process is time-consuming and not scalable to large cohorts, it presents an
opportunity to develop SCI lesion segmentation methods (now appropriately grounded with
a clinical need) that can robustly solve one particular task and benefit the SCI community.
Similar biomarkers exist in MS, where, for instance, CSA of the spinal cord is computed
to quantify cord atrophy for longitudinal monitoring of patients. As we shall see in the
subsequent chapters, the segmentation tools developed in this thesis are clinically grounded,

providing ready-to-use tools for clinicians’ needs accessible via the command line interface.

2.5 Binary and Soft Segmentations

Most automatic segmentation algorithms are trained using binary masks with 0/1 values.
This black-and-white approach is limiting as it prevents the models from learning subtle
intensity differences at the tissue boundaries. In contrast, training with soft masks where
the pixels can take on float values between 0 — 1, helps encode levels of uncertainty in

models’ predictions [143], and potentially account for the aforementioned partial volume



38

effects occurring at the boundary of tissue interfaces [48,50,51]. Figure 2.16 shows a simple
illustration of how non-integer values can result in more informative segmentation masks and

realistically transition between the cord-CSF interface.

Figure 2.16 Comparison of binary and soft spinal cord segmentations. Notice how soft seg-
mentation shows a gradual transition from the center of the cord to the CSF, whereas, binary
segmentation shows an abrupt discontinuation in the cord-CSF interface.

Several studies have reported improved segmentation performance when trained using soft
masks and various approaches were used to obtain soft masks. For instance, Kats et al. [144]
used morphological dilations, where the boundary pixels obtained from the dilated mask
were assigned soft values, Li et al. [145] obtained soft masks based on signed distances to the
annotation boundary and assigned probability values between 0 — 1 to them, Gros et al. [15]
presented a different approach, where soft labels were obtained “for free” by skipping the
binarization step after data augmentation. Furthermore, from a clinical standpoint, when
soft masks are used for downstream analyses such as mask-based registration or computing

morphometrics, the accuracy of a few boundary pixels can significantly impact the outcome.

2.6 Active Learning

DL has become the de facto approach for many tasks including segmentation, detection,
extraction of clinically-relevant information and computer-aided diagnosis. State-of-the-art
models, however, rely on huge corpora of annotated training data and still suffer from gen-
eralization issues, especially on rare instances of pathologies occurring on specific anatomies
and acquired on contrasts not commonly seen in the public domain. While the costs of
labeling medical data are still astronomical, advances in DL techniques such as active learn-
ing (AL) and human-in-the-loop computing have helped overcome labeling costs especially
with model-assisted labeling [57,60, 146-148]. Figure 2.17 shows a simple human-aided AL
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scenario, where a subset of unlabeled data is annotated and the model is incrementally im-
proved. Note that with each AL phase, as the model gets better in automatic segmentation,

the cost of annotation is also reduced.

g
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Unlabeled data

Active Learning
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Figure 2.17 Cyclic workflow of human-aided active learning, producing better models more
efficiently with a clever selection of samples to label.

Active learning can be formally defined as follows: Let U be a large unlabeled dataset and
we have access to an oracle (i.e. expert rater) or a group of oracles, who can annotate
an unlabeled sample x;; an add it to the labeled dataset D. The goal is to train a model
fo(x | D*), where D* C D. The conventional, non-AL approach would be to get annotations
for every xy such that D* = D. However, such as approach is impractical given high labeling
costs. In theory, there exists some D* such that the performance of the trained model
fo(x | D*) ~ fo(x | D), meaning that a model trained a curated subset D* achieves similar
performance to that trained on the full dataset D. AL approaches aim to find this optimal
subset D* given the current model f'(x | D'), where f’ and D’ are intermediate annotated

dataset and model, respectively, at a given phase and U is the unlabeled dataset.

Typically, samples x; are selected based on a notion of informativeness of the output f'(xy |
D') and a query type [57]. The input query is essentially the strategy used to select unlabeled
samples. Examples of query types include, stream-based sampling, where each incoming x;;

is picked for labeling, and pool-based sampling, where a batch of data points are sampled
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from the unlabeled dataset U and top-/N samples are labeled based on their informativeness.

There are various ways of defining the criterion. Most commonly-used measures are:

e Uncertainty-based sampling: Most uncertain samples are picked for labeling with

the assumption that the information gain is highest within these samples,

* Representativeness: Labeling only the most uncertain samples might skew the model
towards a particular distribution. Sampling based on representativeness encourages the
model to pick samples from different parts of data distribution thus increase dataset

diversity with each AL phase.

« Random sampling: Interestingly, random selection of samples performs competitively
or better than sophisticated AL strategies, while being computationally inexpensive and

easy to implement.

In the context of this thesis, we focus on the AL scenarios where humans (i.e., expert raters)
are involved in the sample selection, labeling and interpretation/quality control (QC). Con-
sidering the specific example of segmenting spinal cord lesions given a large unlabeled dataset,
a first pass over the dataset with visual QC can identify noisy images, images with artifacts,
large/tiny lesions. A random selection of such samples can be used for fully manual anno-
tation (D*). Then, once an intermediate model (f’) is trained, the predictions of the model
may not be accurate requiring minor additional corrections by expert raters (making it a
semi-automatic approach for data annotation) before adding it to the pool of annotated

samples for the next phase of training.

In summary, when segmentation tasks require huge amounts of manual labeling (typically
over several slices and hundreds of samples), iterative refinement techniques such as human-
in-the-loop AL can help reduce the labeling costs and train large-scale models on diverse

multi-site datasets.

2.7 Lifelong Learning

The dynamic, ever-evolving nature of medical data presents a critical challenge for the gen-
eralizability of DL methods to new, unseen data distributions. While the lack of accessibility
and availability of large training datasets is a challenge, existing datasets are also heteroge-
neous due to variability in imaging protocols, acquisition parameters, scanner manufacturers,

and patient demographics.

Model generalization has been tackled using domain adaptation [149] and transfer learn-

ing [61, 150] approaches. Domain adaptation aims to adapt a model trained on a source
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domain (e.g., a dataset from one hospital) so that it performs well on an unseen target do-
main (e.g., a dataset from a different hospital) where labeled data might be scarce or absent.
It focuses on reducing the discrepancy in data distributions between the source and target
domains, enabling the model to effectively generalize across these shifts. Transfer learning,
a broader concept, aims to leverage knowledge gained from a source task (e.g., classification
on ImageNet) to improve performance on a target tasks/domains (e.g., medical image seg-
mentation) that typically have limited labeled data. It involves taking a pre-trained model

and fine-tuning it on the new, related task.

Both approaches operate under specific constraints and come with limitations. Domain adap-
tation typically assumes that while the marginal distributions of data (P(X)) may differ be-
tween source and target domains, the conditional distribution of labels given data (P(Y|X))
remains largely consistent, or that a mapping can be learned to align these distributions. A
key limitation here is its effectiveness relies on the degree of similarity between the source and
target domains; if the domain shift is too large or complex, current approaches may struggle
to bridge the gap. Transfer learning, on the other hand, assumes that the low-level features
learned by model are generic enough to be transferable to the target task. Furthermore, such
approaches are susceptible to negative transfer, meaning that the pre-trained weights hurt

the performance if the target and source domains are too dissimilar.

While domain adaptation and transfer learning approaches aim to leverage existing knowledge
and bridge domain gaps, they often address one-off shifts between distinct source and target
datasets. However, real-world medical applications frequently encounter a continuous stream
of new data, requiring models to adapt and generalize to new pathologies and distribution
shifts. Ideally, one can envision a DL model trained to learn the way humans do, that
is, learn continually by acquiring, retaining, and transferring knowledge across an endless
sequence of tasks, while not completely forgetting previous tasks. Note that under the
conventional definition of lifelong learning, it is assumed that the learner does not have
access (or, has partially-restrained access) to past data [88]. Under such circumstances,
maintaining consistent performance on previously-learned tasks when the knowledge is being
accumulated to solve new tasks, becomes extremely challenging, leading to a well-known

phenomenon called catastrophic forgetting [89)].

A typical lifelong learning (LL) setup can be defined as follows [88]: Let there exist a sequence
of tasks, where each task ¢ represents a set of unique classes C*), where C® C Y (the set of

all possible classes). The tasks arrive one-at-a-time in a sequence and each task ¢ comes with

s+n¢
=5

its set of training data D® = {(x;,y;)2™} with n, samples, where x; € X and y; C C®.

The output space Y7 keeps expanding whenever a new task 7 is introduced Y7 = U/_,C®.
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The learner’s goal is still to learn the function mapping the input space to output space

across all seen tasks f7 : X — Y,

In addition to the conventional definition of LL, there could also be a slightly different
interpretation; that of a lifelong learning in production setup, where, a deployed model is
continuously updated to maintain its performance over time. This involves periodically
retraining the model as new data become available, often to adapt to distributional shifts
occurring with real-world clinical data. Crucially, in this scenario, full access to past data
might be available and can be leveraged. This often means the model may be trained from
scratch on an accumulating dataset (combining old and new data), or just fine-tuned on
the growing dataset. While both interpretations aim for models that can adapt and evolve,
the conventional LL focuses on overcoming storage constraints and catastrophic forgetting
in a sequential, resource-limited settings, whereas the LL models in deployment emphasize

maintaining robustness over time without data/storage constraints.

2.8 Summary

In this chapter, we have introduced several topics and concepts presented later in this thesis.
We started with the spinal cord, understanding its anatomy and structure and briefly looked
at spinal tracts carrying motor and sensory information. We then looked at how the spinal
cord is imaged using MRI, understanding the principles of MRI, various components of an
MRI scanner, and the resulting pulse sequences. We covered commonly used MRI sequences
(e.g., spin-echo, gradient-echo, echo planar imaging, etc.) obtained from the specific temporal
application of RF pulses and field gradients. We identified key structures of interest in
a cervical scan of the cord and discussed the partial volume effect phenomenon. We then
briefly looked at a few common morphometric measures of the spinal cord, how segmentation
is a prerequisite to obtain quantitative measurements, and an overview of main pathologies
including SCI, DCM and MS. Moving on to the technical part, we mathematically defined the
task of semantic segmentation and understood the elements of an automatic segmentation
pipeline (i.e., preprocessing, architectures, loss functions and evaluation metrics). Lastly, we
introduced the concepts of active learning and lifelong learning, grounding it to how they

have been applied in the contributions of this thesis.
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CHAPTER 3 RESEARCH OBJECTIVES

In light of the challenges in spinal cord image analysis and issues with evaluation strate-
gies in current medical image segmentation studies, the overarching theme of this thesis
is to develop generalizable, automatic tools for segmenting the spinal cord and
lesions across MRI contrasts and pathologies for better estimation of imaging
biomarkers. These issues are tackled in three research objectives: starting with a contrast-
specific method proposed to segment lesions in spinal cord injury, moving towards a generalist,
contrast-agnostic approach for spinal cord segmentation, and concluding with a framework
for continuous training for spinal cord segmentation in a lifelong-learning-in-production sce-
nario. All the tools and methods described in this thesis are open-source and freely accessible
from the command-line interface using the Spinal Cord Toolbox [86] package. The research

objectives are detailed as follows:

1. Objective 1: Develop an open-source, automatic tool for the segmentation of
T2w intramedullary lesions in spinal cord injury. Despite the advances in the im-
age analysis of the spinal cord, robust methods for extracting quantitative MRI-derived
biomarkers are still lacking. As a result, biomarkers shown to have positive correlations
in the diagnosis and recovery in SCI patients are computed manually. Therefore, in this
objective, we introduce SClseg, a tool for lesion segmentation in spinal cord injury,
aiming to automatically measure clinically-relevant biomarkers such as the lesion vol-
ume, intramedullary lesion length, and tissue bridges. As human-annotated datasets
in SCI are difficult to obtain, we gathered heterogeneous data from three clinical sites
and explored human-in-the-loop active learning strategy to incrementally annotate the
datasets for training. Our results showed that the MRI biomarkers measured from
SClseg predictions and manually-annotated masks had no significant difference, prov-
ing the reliability of automatic predictions. Since the release of SClseg, subsequent
studies have relied on automatic segmentations for measuring tissue bridges on unseen,
external datasets [151] and studying the relation between spinal tract damage and the
development of spastic muscle tone in SCI patients [152], demonstrating the clinical

utility of SClseg. The article presented in Chapter 4 addresses our first objective.

2. Objective 2: Develop an automatic tool for contrast-agnostic soft segmenta-
tion of the spinal cord. Given the rising importance of the spinal cord in understand-
ing various neurological disease mechanisms, obtaining robust spinal cord segmentation

is crucial for several downstream clinical tasks. While the previous objective focused on
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a single contrast, we focused on scaling to multiple contrasts in this objective and devel-
oped a contrast-agnostic spinal cord segmentation model. As existing contrast-specific
models lead to biased estimation of spinal cord morphometrics, specifically due to vari-
ability in segmentations across contrasts, we designed a novel preprocessing framework
to generate unique, soft masks for each contrast and train a segmentation model di-
rectly on these soft masks. Comparing with various domain generalization methods
and contrast-specific models, we demonstrated that impact of training on soft masks
resulting in reduced morphometric variability across contrasts. The article presented

in Chapter 5 achieves our second objective.

. Objective 3: Design a lifelong learning framework to continually enrich the
spinal cord segmentation models on new contrasts and pathologies while au-
tomatically monitoring for performance drifts across various model versions.
Medical datasets are hardly ever static. Given the dynamic and chronic nature of cer-
tain neurological conditions, data are continually acquired requiring models developed
on static, timestamped versions of datasets to continually evolve and generalize to new,
unseen data over time. Therefore, in this objective, we designed a framework enabling
continuous training of spinal cord segmentation models using human-in-the-loop active
learning. As model performance drift is inevitable under constantly-shifting data distri-
butions, we leveraged continuous integration and continuous delivery (CI/CD) software
development practices to automatically monitor for drifts in morphometric variability

across contrasts. The article presented in Chapter 6 addresses our third objective.
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Key Points

1. The SCIseg deep learning model was developed for segmentation of the spinal cord and
intramedullary lesions using a multicenter dataset of 191 patients with spinal cord injury
who underwent T2-weighted MRI examinations using various scanner manufacturers

and acquisition parameters.

2. SClIseg achieved a mean Dice score of 0.92 £ 0.07 (SD) and 0.61 £ 0.27 for spinal cord

and spinal cord injury lesion segmentation, respectively.

3. There was no evidence of a difference between quantitative MRI biomarkers, namely,
lesion length (P = .42) and maximal axial damage ratio (P = .16), computed from

manually annotated lesions and the lesion segmentations obtained using SClseg.

Summary

The proposed deep learning model accurately segmented the spinal cord and spinal cord

injury lesions in a diverse, multicenter dataset of T2-weighted MRI scans.

An extension of this work has been published in the MICCAI 2024 Applications of Medical
Artificial Intelligence (AMAI) workshop as:
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Lebret, A., ...& Cohen-Adad, J. (2024, October). SClsegV2: a universal tool
for segmentation of intramedullary lesions in spinal cord injury. In International
Workshop on Applications of Medical AT (pp. 198-209). Cham: Springer Nature

Switzerland.
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Abstract

Purpose: To develop a deep learning tool for the automatic segmentation of the spinal cord

and intramedullary lesions in spinal cord injury (SCI) on T2-weighted MRI scans.

Materials and Methods: This retrospective study included MRI data acquired between
July 2002 and February 2023. The data consisted of T2-weighted MRI scans acquired using
different scanner manufacturers with various image resolutions (isotropic and anisotropic)
and orientations (axial and sagittal). Patients had different lesion etiologies (traumatic,
ischemic, and hemorrhagic) and lesion locations across the cervical, thoracic, and lumbar
spine. A deep learning model, SClseg (which is open source and accessible through the
Spinal Cord Toolbox, version 6.2 and above), was trained in a three-phase process involving
active learning for the automatic segmentation of intramedullary SCI lesions and the spinal
cord. The segmentations from the proposed model were visually and quantitatively compared
with those from three other open-source methods (PropSeg, DeepSeg, and contrast-agnostic,
all part of the Spinal Cord Toolbox). The Wilcoxon signed rank test was used to compare
quantitative MRI biomarkers of SCI (lesion volume, lesion length, and maximal axial damage
ratio) derived from the manual reference standard lesion masks and biomarkers obtained

automatically with SClseg segmentations.

Results: The study included 191 patients with SCI (mean age, 48.1 £ 17.9 [SD] years;
142[74%] male patients). SClseg achieved a mean Dice score of 0.92+0.07 and 0.61+0.27 for
spinal cord and SCI lesion segmentation, respectively. There was no evidence of a difference
between lesion length (P = .42) and maximal axial damage ratio (P = .16) computed from

manually annotated lesions and the lesion segmentations obtained using SClseg.

Conclusion: SClseg accurately segmented intramedullary lesions on a diverse dataset of

T2-weighted MRI scans and automatically extracted clinically relevant lesion characteristics.

Keywords Spinal Cord, Trauma, Segmentation, MR Imaging, Supervised Learning, Con-
volutional Neural Network (CNN)
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4.1 Introduction

Spinal cord injury (SCI) refers to damage to the spinal cord due to traumatic or non-traumatic
processes. Traumatic SCI results from acute damage to the spinal cord due to external
physical factors [34, 115]. Most patients with traumatic SCI sustain permanent neurologi-
cal deficits such as motor and autonomic dysfunction, with devastating physical and social
consequences [115]. Degenerative cervical myelopathy (DCM), the most common form of
non-traumatic SCI, originates from chronic mechanical compression of the spinal cord [121].
While relatively less common than traumatic lesions, ischemic SCI lesions represent up to
20% of all non-traumatic lesions [154,155] and show a similar course of recovery to traumatic
SCI [101, 156].

MRI scans of patients with SCI provide macrostructural information about the level of injury
and intramedullary abnormalities (e.g., edema and hemorrhage), and allow the evaluation
of soft tissue structures [115,121] . Importantly, MRI-derived quantitative biomarkers, such
as intramedullary lesion length and lesion volume, have demonstrated associations with the
neurological prognosis of patients with traumatic SCI [101,103,157-160]. Particularly, smaller
lesion length and area were significantly associated with better recovery of patients [101,158,
159].

Despite recent advances in the automatic processing of spinal cord MRI [86, 120, 161, 162],
robust methods for detecting quantitative MRI biomarkers in SCI are lacking. As a result,
most studies involve manual identification of these biomarkers [100, 101,103,109, 163, 164].
This is a time-consuming task further hampered by inter-rater variability, making it imprac-
tical in clinical trials [121]. Furthermore, segmentation of intramedullary SCI lesions on MRI
scans poses an extremely challenging task mainly due to the evolving appearance of lesions
in different injury phases (e.g., acute, sub-acute, intermediate) [34, 115]. Surgical implants
in postoperative MRI scans might also cause severe image artifacts. Deep learning (DL)
can improve diagnosis and prognostication in SCI by automating the lesion annotation pro-
cess, thereby reducing rater-specific biases and facilitating the analysis of large SCI cohorts
across sites [165-167]. Indeed, quantitative SCI lesion biomarkers derived from DL-based
automatic segmentations have been shown to correlate well with clinical measures of motor
impairment [168]. Despite its numerous potential advantages, DL has not been sufficiently
explored in the context of SCI [166], with no open-source methods existing to date. This
suggests the need for an automatic biomarker identification method that takes into account
the complex pathophysiology of patients with SCI, generalizes to multiple sites, and is easily

accessible by researchers.
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The purpose of this study was to develop an open-source DL-based tool, SCIseg, for the
automatic segmentation of the spinal cord and intramedullary lesions on T2-weighted MRI
scans of patients with SCI. Model-derived quantitative MRI biomarkers of SCI, such as lesion
volume, lesion length, and maximal axial damage ratio, were compared with biomarkers
derived from manual segmentations. Further, correlation analyses were conducted between
biomarkers derived using the automatic SCIseg and clinical scores, specifically pinprick, light

touch, and lower extremity motor scores.

4.2 Materials and Methods

4.2.1 Study design and patients

This retrospective study included 191 patients with SCI who underwent MRI at three sites
(Balgrist University Hospital Zurich, Zurich, Switzerland; Craig Hospital, Englewood, Col-
orado, USA; Pitié-Salpétriere University Hospital; Paris, France) between July 2002 and
February 2023. All patients provided written informed consent following Institutional Re-
view Board approval and the Declaration of Helsinki. The inclusion criteria were traumatic,
ischemic, or hemorrhagic SCI, presence or absence of surgical hardware, and clinical data
available for analyses. Exclusion criteria were concurrent traumatic brain injury beyond con-
cussion and significant pre-existing neurological history (i.e., multiple sclerosis, transverse
myelitis, cerebrovascular stroke). Patients from site 2 were clinically assessed using the in-
ternational standards for the neurological classification of SCI (ISNCSCI) protocol [169] to
obtain light touch, pinprick, and lower extremity motor scores, as previously described in
studies by Smith et al. [103,170]. All 191 patients from the three sites were reported previ-
ously [100,101,103,170,171]. These articles used manually annotated lesion masks to study
the clinical consequences of SCI and their predictive relationships with motor and sensory
functions. In contrast, our study presents a DL-based tool to segment intramedullary SCI

lesions automatically.

4.2.2 MRI data and reference standard

The MRI scans were converted from DICOM to NIfTI format and organized according to
the Brain Imaging Data Structure (BIDS) standard [172] at individual sites. During this
curation process, all sensitive patient information was deleted. T2-weighted (T2w) MRI
scans with varying lesion etiologies (traumatic, ischemic, hemorrhagic), injury chronicity
(sub-acute, intermediate, and chronic), orientations (sagittal and axial), and voxel sizes were

used for this study (Figure 4.1, Table 4.1). Lesions appearing as T2w signal abnormalities
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(hyperintense or hypointense voxels corresponding to primary contusions, secondary cytotoxic
edema or hemorrhage) were manually annotated as a single object by two raters from site 1
(D.P. and L.F.), one rater from site 2 (A.C.S.), and by two raters (E.N.K. and J.V.) for site
3 using JIM (V.7.0., Xinapse Systems, Aldwincle, UK) and FSLeyes v1.9.0 image viewers.
As obtaining the reference standard spinal cord segmentation masks using a fully manual
approach is time-consuming, sct_deepseg_sc [17] was used to initially segment the spinal
cord of patients from all 3 sites, followed by manual corrections wherever necessary. This

semi-automatic approach was also used in previous studies [17].
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Figure 4.1 Study Flowchart. The data included patient cohorts from three sites with
heterogeneous image resolutions, orientations, and lesion etiologies. The validation set is
included within the final training set. Models were evaluated independently on the test sets
of Site 1 and Site 2, along with their evaluation on an external test set of patients with
degenerative cervical myelopathy (DCM). Please refer to Table 1 for details on the MRI
vendors and field strengths. SCI = spinal cord injury.

4.2.3 Deep learning training protocol

The model was trained in three phases (Figure 4.2). In the initial phase, a baseline segmen-

tation model was trained using a labeled dataset of 78 patients with T2-weighted sagittal
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Site 1 Site 2 Site 3
Number of patients 97 80 14
Number of MRI scans 137t 80 14
Sex (male/female) 66/25 65/15 11/2
Age (y) - X
(Mean + SD) 51.0 £ 19.1 45.8 + 16.4 42.9 £+ 16.7
Age range (y) 17— 83 15— 81 21 — 65
Days from injury to MRI g T EC
(Mean + SD) 376.2 + 1364.4 84.0 & 212.1 579.1 4+ 714.1
Day§ from injury to MRI 415 21.0 407
(Median)
Number of patients 61 80 8

3T (n = 19), 15T (n = 41),
1T (n=1)

Traumatic (n = 77)
Ischemic (n = 13)
Hemorrhagic (n = 5)
Unknown (n = 3)
Cervical (n = 58)
Thoracic (n = 31)
Lumbar (n = 8)
Cervical (n = 44)
Thoracic (n = 28)
Lumbar (n = 6)

Total (n =T78)
Cervical (n = 14)
Thoracic (n = 3)
Lumbar (n = 2)

Total (n =19)
Siemens (n = 91), GE (n = 5),
Philips (n = 1)
3T (n=37), 1.5T (n=59), 1T (n=1)
SAGITTAL T2-weighted:
voxel size 0.34 x 0.34 mm? to
0.96 x 0.96 mm?;
slice thickness 2.2 mm to 4.8 mm
AXTAL T2-weighted:
voxel size 0.35 x 0.35 mm? to
0.78 x 0.78 mm?;
slice thickness 1.0 mm to 7.0 mm

with surgical

implants/hardware 3T (n = 10)

3T (n = 21), 15T (n = 59)

Lesion origin Traumatic (n = 80) Traumatic (n = 14)

Injury level Cervical (n = 80) Cervical (n = 14)

Number of patients in

train set Cervical (n = 64)

Cervical (n = 14)

Number of patients in

test set Cervical (n = 16) 0

Siemens (n = 14)

MRI manufacturers Siemens (n = 20), GE (n = 60)

MRI field strength 3T (n=21), 1.5T (n =59) 3T (n=14)

AXTAL T2-weighted:
voxel size 0.31 x 0.31 mm? to
0.78 x 0.78 mm?;
slice thickness 3.0 mm to 6.0 mm

ISOTROPIC T2-weighted:
voxel size 0.84 x 0.84 x 0.94 mm? to

MRI Sequence Parameters
0.84 x 0.875 x 0.875 x 0.9 mm?

*Sex not reported for 7 patients
TEight patients were followed up with more than 1 MRI examination
'Five scans were acquired very late after injury, resulting in a high average time for MRI examination

scans (site 1) and 64 patients with T2-weighted axial scans (site 2). We used the region-based
training strategy of nnUNet [173], where the model initially segments the spinal cord and
then localizes itself on the spinal cord to segment the T2-weighted lesions subsequently. The
lesions are segmented as a single object covering hyperintense and hypointense voxels, hence
containing both edema and hemorrhage. The following default nnUNet data augmentation
methods were used: random rotation, scaling, mirroring, Gaussian noise addition, Gaussian
blurring, adjusting image brightness and contrast, low-resolution simulation, and Gamma
transformation. All scans were preprocessed in right, posterior, inferior (RPI) orientation,

resampled to a common resolution (0.78 x 0.56 x 0.78 mm3, corresponding to the median of all
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image resolutions in the training set) and intensity-normalized using Z-score normalization.
The model was trained for 1000 epochs, with a batch size of 2 using the stochastic gradient

descent optimizer with a polynomial learning rate scheduler.

Figure 4.2 Overview of our segmentation approach. Phase 1: A baseline model is
trained on data consisting of T2-weighted scans with axial and sagittal orientations from two
sites. Phase 2: Active learning — Initial batch of automatic predictions on T2-weighted axial
scans from site 2 are obtained, followed by manual corrections. Phase 3: Along with the
newly corrected axial scans, isotropic T2-weighted sagittal scans from site 3 are added to the
original dataset for multi-site training. The final model is trained to segment both spinal
cord and lesion simultaneously.

For the second phase, we used the human-in-the-loop active learning strategy [57] to gradually
include axial T2-weighted scans from site 1 in the training dataset. Using the phase 1 baseline
model, we generated initial spinal cord and lesion predictions for unlabeled axial scans from
site 1. In a subset of 40 scans, predicted segmentations underwent quality control, with two
raters (E.N.K. and J.V.) manually correcting if needed. These refined segmentations were
then added to the training dataset, resulting in 182 scans in the training set. For the third
training phase, to further improve our model’s generalization capabilities to a wide range
of image resolutions, we added a new dataset from site 3 containing 14 isotropic resolution

T2-weighted sagittal scans of patients with traumatic SCI.

In summary, the final dataset consisting of 196 scans from three sites was used for training

the model with the region-based strategy described above.
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4.2.4 Evaluation protocol

We created two independent test sets (site 1: n = 19, site 2: n = 16), following the 80/20
train/test splitting ratio (Table 4.1). To ensure an unbiased assessment of the model’s perfor-
mance and avoid overfitting, the train/test splits were done at the patient-level rather than
the image-level, meaning that for the subset of 40 patients with sagittal and axial scans, both
scans were included in the training split. For the test set, however, only the sagittal scans
of each patient were used. We trained five models, each with a different train/test splitting
using a different random seed, to avoid biasing the model towards a particular dataset split.
We chose to use 5 random seeds instead of one 5-fold cross-validation to increase the like-
lihood of more diverse test sets containing SCI patients with (i) well-defined hyperintense
lesions and (ii) lesions appearing under severe metal implants. The model’s performance in
spinal cord segmentation was evaluated independently within each test set by comparing it
with open-source methods available in Spinal Cord Toolbox (SCT) [86] : sct_propseg [174],
sct_deepseg_sc [17], and the recently proposed contrast-agnostic spinal cord segmentation
model [175]. Due to the lack of existing state-of-the-art, open-source methods for SCI lesion
segmentation, we compared the SCIseg 3D model with its 2D version. Additionally, we tested
our model on an independent cohort of 14 patients with DCM from site 1 (unseen during

training) to evaluate its generalization on patients with non-traumatic SCI (Figure 4.1).

4.2.5 FEvaluation metrics

For quantitative evaluation of model performance, we used the segmentation metrics from the
open-source ANIMA toolkit https://anima.readthedocs.io/en/latest /index.html. For spinal
cord segmentation, we calculated the Dice score and the relative volume error (RVE). For
lesion segmentation, we calculated the Dice score, average surface distance, lesion-wise pos-
itive predictive value (PPV), lesion-wise sensitivity, and F1 score [176]. As we trained five
models on five random train/test splits (instead of 5-fold cross-validation), some patients
were present in more than one test set. We thus averaged the metrics across test splits for

such patients.

4.2.6 Quantitative MRI biomarkers

We used the SCT’s sct_analyze_lesion function to automatically compute the total lesion
volume, intramedullary lesion length, and maximal axial damage ratio [103] from the manual
reference standard lesion masks and the automatic predictions using the proposed SClseg 3D

model. To assess the effect of adding more training data during active learning, we computed
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the quantitative MRI biomarkers before (phase 1) and after active learning (phase 3). The
quantitative MRI biomarkers were then averaged across five random test splits. Additionally,
for site 2, we correlated the quantitative MRI biomarkers with the clinical scores (light touch,

pinprick, and lower extremity motor scores).

4.2.7 Statistical analysis

Statistical analysis was performed using the SciPy Python library v1.11.4 [177]. Data normal-
ity was tested using the D’Agostino and Pearson’s normality test. Within-site comparisons
of age and sex between patients from the testing and training sets were performed using the
Mann-Whitney U test and the chi-squared test, respectively. Between-group comparisons
(spinal cord segmentation performance SClseg vs. open-source methods; lesion segmenta-
tion performance SClseg 2D vs. SClseg 3D; SClseg lesion segmentation performance before
(phase 1) vs. after active learning (phase 3); manual reference standard lesion masks vs.
SClseg-predicted lesions) were performed using the Wilcoxon signed-rank test. The SClseg
lesion segmentation performance between sites 1 and 2 was tested using the Mann-Whitney
U test. Correlations between clinical scores and quantitative MRI biomarkers were examined
using the Spearman rank-order correlation. P < .05 was considered to indicate a statistically

significant difference.

4.3 Results

4.3.1 Patient characteristics

A total of 191 patients (mean age + standard deviation 48.1 4+ 17.9 years; 142 males, 42
females, 7 sex not reported) with 231 MRI scans from three sites with different lesion eti-
ologies (traumatic, ischemic, and hemorrhagic) were included in this study (Figure 4.1).
Ninety-seven patients were from site 1, of which 61 had surgical hardware (dorsal or ventral
spondylodesis), 13 underwent decompressive surgery, and the remaining 23 patients did not
undergo surgery. Eighty patients were from site 2, all of which had postoperative metal-
lic stabilization. Lastly, 14 patients from site 3, of which 8 had surgical hardware, 2 had
decompressive surgery, and 4 patients did not undergo any surgery. Details about patient
demographics, injury levels, injury chronicity and scanner types can be found in Table 4.1.
Eight patients from site 1 were followed up with additional MRI examinations. The final
training set comprised 196 MRI scans, and the final testing set contained 35 MRI scans.
There was no evidence of within-site differences in age (site 1: P = .06, site 2: P = .20)

and sex (site 1: P = .71, site 2: P = .72) between patients from the testing and training



95

sets. Patients were scanned across scanners from different manufacturers (Siemens, Philips,
GE) with different field strengths (1T, 1.5T, 3T). T2-weighted scans used in this study had

heterogeneous image resolutions and orientations (Table 4.1).

4.3.2 Automatic spinal cord and lesion segmentation in SCI

Table 4.2 shows the quantitative results of SClseg 3D on test sets of the two sites stratified
by scanner strength along with their averages. As shown by the Dice scores, spinal cord
segmentations from the model were stable across different data splits and magnetic field
strengths despite the presence of MRI artifacts induced by spinal hardware in the scans.
However, for lesion segmentation, the model performed better on site 2 compared to site 1
(Dice score for site 2: 0.74 £ 0.15 vs Dice score for site 1: 0.51 £ 0.30), with a high standard

deviation across splits.

Table 4.2 Spinal cord and lesion segmentation performance of the proposed SClseg 3D model
on the test set.

Spinal Cord Segmentation

Site 1 (n = 179) Site 2 (n = 51) Site 1 & Site 2
T2-weighted sagittal T2-weighted axial (n =130)
Metric 1.5T 3T 1.5T and 3T 1.5T 3T 1.5T and 3T | 1.5T and 3T
(n=33) (n = 46) (n="179) (n = 36) (n=15) (n=51) (n = 130)
Dice Score (1) 0.88 £0.08 0.924+0.08 0.90+0.08 0.94+0.04 094+0.02 094=£0.04 0.92 £ 0.07
RVE % () 0.35 £22.32 0.17+£6.76 0.25 & 1519 1.28 £ 11.58 -1.34 £6.39 0.51 £10.33 | 0.35 & 1345

Surface Distance (1) 0.25 £1.00 0.06+0.18 0.14 +£0.66 0.00=+0.01 0.00 £ 0.00 0.00 & 0.00 0.09 £ 0.52

Lesion Segmentation

Dice Score (1) 0.47 £ 0.30 0.54 £+ 0.30 + 0.30 0.78 £ 0.10 0.67 £0.23 0.74 £ 0.15 0.61 £ 0.27
Surface Distance () 525 £ 1343 228 +£5.43 351 +9.61 0.06+0.14 091 +£248 0.30+ 1.34 2.17 £ 7.54
Lesion-wise PPV % (1) 51 + 41 54 £+ 45 53 + 43 91 £ 19 81 £+ 37 88 + 26 67 + 41
Lesion-wise

Sensitivity % (1) 76 + 38 80 + 35 79 + 36 90 + 20 93 + 26 91 + 22 84 + 32
F; Score (1) 0.54 +£041 0554+044 055+043 088 +0.18 0.82+0.36 0.86+ 0.24 0.68 + 0.39

Note: The metrics are averaged across 5 random seeds and reported as means + standard deviations. The
best values for surface distance and RVE are 0.0 and 1.0 for the rest of the metrics. Up arrows indicate that
the higher the values the better and vice-versa for the down arrows.

RVE = relative volume error, PPV = positive predictive value.

4.3.3 Comparison with other methods

The comparison of spinal cord and SCI lesion segmentation performance of SClseg 3D with

other methods is shown in Figures 4.3 and 4.4. The half-violin plots in Figure 4.4 show the
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distribution of the Dice scores and RVE for test scans across all seeds and the scatter plots

show the performance of the models on each test scan.

Figure 4.3 Comparison of SClseg with baseline methods for the spinal cord and lesion seg-
mentation on patients from site 1 and site 2. SClseg 3D provides the best qualitative results
for both spinal cord and lesion segmentation. T2w = T2-weighted
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Figure 4.4 Raincloud plots comparing the (A) Dice scores (best: 1; worst: 0) and (B) relative
volume error (in %, best: 0%) across various spinal cord segmentation methods. The numbers
in the legend represent the number of test scans in each site across 5 different training seeds.
Notice that although the sct_deepseg_sc 2D and SCIseg 3D have similar Dice scores, the
former shows a higher under-segmentation (negative relative volume error) compared to the
latter. * *x *P < .05 (two-sided Bonferroni-corrected pairwise Wilcoxon signed-rank test for
SClseg 3D with all baselines), % P < .001 (statistically significant for all pairs except SCIseg
3D and sct_deepseg_sc 2D).

Spinal cord segmentation

SClIseg 3D achieved the best segmentation performance (Dice score of 0.92 4+ 0.07; RVE
of 0.35 £ 13.45) for both sites compared to other baselines (Figure 4.4). For site 1, the
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Wilcoxon signed-rank test revealed significant differences (P < .001, Bonferroni-corrected)
in Dice score between SClseg 3D and all baseline methods except for sct_deepseg_sc 2D. As
described in Section 2.2, this is the consequence of using a semi-automatic approach involving
sct_deepseg_sc 2D to create the reference standard spinal cord segmentation masks. As
a result, quantitative evaluations involving the reference standard masks obtained from this
baseline model are inherently biased to be higher than the rest of the methods in comparison.
Although there was no significant difference between SClIseg 3D and sct_deepseg_sc 2D, the
SCIseg 3D model obtained spinal cord segmentations for all test cases, including those where
the baselines obtained empty predictions (shown by diamonds at Dice=0 in Figure 4.4A). For
site 2, statistically significant differences in Dice scores were found between SClseg 3D and
all baselines (P < .05, Bonferroni-corrected). We observed more under- and over-segmented
predictions by SClseg 3D for site 1 relative to site 2 (shown by a larger spread of scatter
points around RVE=0% in Figure 4.4B). On visual quality control of such cases, we found that
the scans contained substantial metal implants, interfering with the model’s ability to fully
segment the spinal cord. Lastly, it must be noted that all baselines were trained specifically
for segmenting the spinal cord, whereas the proposed SClseg 3D model can segment both

the spinal cord and SCI lesions simultaneously.

Lesion segmentation

Table 4.3 shows a comparison between the 2D and 3D variants of the SCIseg model. The 3D
model performed significantly better than the 2D model for both sites. As for the performance
between sites, the 3D model’s performance on site 2 was higher than that of site 1 (see
Table 4.3 for the p-values). Through visual quality control, we found that site 1 contained
several patients with metal implants causing heavy image artifacts. Additionally, SCI lesions
spanned different phases (acute and sub-acute) with various degrees of lesion hyperintensity,

thus making automatic segmentation challenging.

4.3.4 Effect of active learning on lesion segmentation

We performed an ablation study comparing the model performance after phase 1 (training
on 2 sites) and phase 3 (training on 3 sites after active learning). Figure 4.5A shows the
correlation between manual GT and automatic predictions for total lesion volume (top)
and intramedullary lesion length (bottom). For both sites, higher agreement between the
manually annotated and automatically derived lesion metrics was observed for the final model
after the third phase of training (i.e., solid lines moving closer to the diagonal identity line).

There was a statistically significant improvement after active learning (phase 3) in estimating
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Table 4.3 Comparison of lesion segmentation performance between SClseg 2D and 3D models.

SClseg 2D SClIseg 3D
Metric Site 1 (n =79) Site 2 (n =>51) Site 1l (n=79) Site 2 (n =>51)
Dice Score (1) 0.36 £ 0.31 0.65 + 021"  0.51 + 0.30"  0.74 + 0.15"
Surface Distance ({) 9.14 £3243 054+ 148  3.51 +£ 9.61% 0.30 + 1.34™
Lesion-wise PPV % (1) 33 + 43 73 4+ 35 53 + 431 88 + 26%"
Lesion-wise Sensitivity % (1) 63 + 46 89 + 277 79 + 361 91 + 22
F; Score (1) 0.35 + 0.43 0.74 £ 0.33°  0.55 &+ 0.43" 0.86 + 0.24 ¥

Note: The metrics are averaged across b different training seeds and reported as means + standard devia-
tions. The best value for surface distance is 0.0 and 1.0 for the rest of the metrics. Up arrows indicate that
the higher the values the better and vice-versa for the down arrows.

RVE = relative volume error, PPV = positive predictive value

TStatistically significant compared to SClseg 2D. Wilcoxon signed-rank test (P < 0.001)

tStatistically significant compared to SCIseg 2D. Wilcoxon signed-rank test (P < 0.05)

*Statistically significant compared to Site 1. Mann-Whitney U test (P < 0.001)

**Statistically significant compared to Site 1. Mann-Whitney U test (P < 0.05)

the total lesion volume (P = .016) and the lesion length (P = .004) for site 1.

Figure 4.5B shows the lesion segmentation performance of our baseline model after phase 1 of
training (before active learning) on unseen axial T2-weighted scans from site 1. Qualitatively,
the model tends to under-segment the lesions. However, there was an overall improvement
in segmentation performance when the model was trained on more data consisting of axial

scans from site 1 and isotropic sagittal scans from site 3 during phase 3 of training.

4.3.5 Generalization to degenerative cervical myelopathy

Qualitative examples of spinal cord and lesion segmentation on an independent dataset of
patients with DCM whose data were unseen during model training are shown in Figure 4.5C.
Interestingly, in cases where the reference standard lesion masks were under-segmented, the
model provided a better and more complete segmentation of the lesion. Furthermore, the
spinal cord segmentations were accurate even for slices with severe spinal cord compression
(Figure 4.5C, Patient 12). Table 4.4 shows the Dice and F1 scores for both spinal cord
and lesion segmentations. Despite not being trained on DCM lesions, the model achieved
a high Dice score of 0.95 for spinal cord segmentation and an F1 score of 0.49 for lesion

segmentation.
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Figure 4.5 Comparison of model performance before and after active learning. (A) Correlation
plots for total lesion volume (top) and intramedullary lesion length (bottom) computed from
the manual reference standard lesion masks (x-axis) and lesion segmentation predictions from
the proposed SClseg 3D model (y-axis). Within each plot, colored dashed and solid lines
show the agreement between the manual reference standard and automatic predictions before
and after active learning, respectively, for site 1 (red/orange) and site 2 (blue/light-blue).
Note that the model’s predictions after active learning show a higher agreement with the
manual reference standard for both sites (i.e., solid lines move closer to the diagonal identity
line). (B) SClIseg’s predictions on unseen axial scans from site 2 before and after active
learning. (C) Examples of SClseg’s generalization to patients with non-traumatic SCI (i.e.,
degenerative cervical myelopathy, DCM). Notice that the model obtains an accurate spinal
cord segmentation even at the level of severe compression (Patient 12). T2w = T2-weighted.
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Table 4.4 Quantitative evaluation of generalizability of the SCIseg 3D model to patients with
non-traumatic SCI (i.e., DCM).

Metric Spinal Cord Segmentation
Dice Score (1) 0.95 + 0.01

RVE % (1) 3.51 + 4.63

Surface Distance (J.) 0.0 £ 0.0

Lesion Segmentation

Dice Score (1) 0.46 4+ 0.26

Surface Distance ({) 1.51 + 4.64
Lesion-wise PPV % (1) 71 £+ 38
Lesion-wise Sensitivity % (1) 50 £ 45

Fy Score (1) 0.49 + 0.44

Note: The metrics are averaged across 5 random seeds and reported as means + standard deviations. The
best value for surface distance and RVE is 0.0 and 1.0 for the rest of the metrics. Up arrows indicate that
the higher the values the better and vice-versa for the down arrows.

DCM = degenerative cervical myelopathy, RVE = relative volume error, PPV = positive predictive value,
SCI = spinal cord injury.

4.3.6 Manual vs. SCIseg-predicted lesion biomarkers

Quantitative MRI biomarkers obtained from SClseg 3D predictions were comparable with
those obtained from manually segmented lesions (Figure 4.6). The Wilcoxon signed-rank
test between SClseg-predicted (Figure 4.6, green) vs. manual (Figure 4.6, ) lesion
biomarkers revealed a significant difference in lesion volume (P = .003) between the two
groups and no evidence of a difference for lesion length (P = .42) and maximal axial damage
ratio (P = .16).

4.3.7 Correlation between clinical scores and MRI biomarkers

Figure 4.6 shows the correlation plots (including correlation coefficients and p-values) be-
tween clinical scores and quantitative MRI biomarkers calculated from both manual reference

standard lesion masks and lesions segmented using SClseg 3D.

4.4 Discussion and Conclusion

This study introduced a DL-based model, SClseg, for the automatic segmentation of the
spinal cord and intramedullary lesions in patients with SCI on T2-weighted MRI scans.
The model was trained and evaluated on a cohort of 191 patients with traumatic and non-

traumatic SCI with 231 scans acquired using different scanner manufacturers with heteroge-
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Figure 4.6 Correlation analysis between discharge clinical scores (x-axis) and quantitative
MRI biomarkers (y-axis) for site 2. Spearman correlation coefficient and p-value are shown
in the legends of individual subplots. The Wilcoxon signed-rank test between the manual
reference standard lesion masks (yellow) vs. automatic predictions using SClseg 3D (green)
lesion biomarkers revealed no evidence of differences for lesion length (P = .42) and maximal
axial damage ratio (P = .16), but a significant difference for lesion volume (P = .003).

neous image resolutions (isotropic and anisotropic), and orientations (axial and sagittal). Pa-
tients had various lesion etiologies (traumatic, ischemic, and hemorrhagic) and lesions spread
across the cervical, thoracic and lumbar spine. SClseg achieved a Dice score of 0.92 4+ 0.07
(mean £ SD) for spinal cord segmentation and 0.61 & 0.27 for SCI lesion segmentation.
There was no evidence of a difference between lesion length (P = .42) and maximal axial

damage ratio (P = .16) computed from manually annotated lesions and SClseg predictions.
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To the best of our knowledge, SClseg is the first open-source, automatic method for lesion
and spinal cord segmentation in SCI. It also generalizes to DCM patients, producing accurate

segmentations for both lesions and the spinal cord at the compression levels.

As the segmentation performance might be constrained by the low data quality and small
dataset sizes in SCI, we showed that implementing a three-phase training strategy, including
an active learning approach to progressively expand the dataset size and incorporating diverse
data distributions into the training set, enhances the model’s performance. Furthermore, a
region-based training strategy that jointly segments the spinal cord and the lesion is more
efficient than training two individual models for spinal cord and lesion segmentation, respec-
tively. As a result, correlation analyses between clinical scores and MRI-derived biomarkers
showed statistically significant relationships for both manually annotated reference standard
and automatically derived lesion masks, suggesting the SClseg predictions can be reliably

used for correlation with clinical measures in SCI.

Our cohort predominantly consisted of traumatic SCI lesions in intermediate and chronic
phases, as the prevalence of ischemic and hemorrhagic lesions is typically lower [154]. As
chronic injuries tend to be more delineated on T2w scans [34], our model learned to be
sensitive to hyperintense abnormalities in the image. This also explains its ability to segment
DCM lesions, which also tend to be hyperintense at the site of compression. Similarly, as
the injury levels in the training dataset were skewed towards the cervical spine, the model’s
ability to segment lumbar lesions is expected to be lower when compared to cervical or
thoracic lesions. Despite the presence of metal implants causing strong image artifacts in
several patients, SClseg provides a good starting point for obtaining lesion and spinal cord

segmentations instead of manual annotations from scratch.

Only a few studies exist in the literature discussing the importance of automatic segmen-
tation in SCI scans [168,178]. The study by McCoy et al. [168] is most similar to ours, as
it presented the first DL method for segmentation of the spinal cord and intramedullary le-
sions in SCI. Nevertheless, there are several important distinctions between the two studies.
While their model was trained on axial preoperative scans of patients with acute SCI from
a single site, our model was trained on multi-site data consisting of patients with traumatic,
ischemic, and hemorrhagic SCI with different image orientations (axial and sagittal). More-
over, our model was exposed to more heterogeneous data covering different injury phases
(intermediate and chronic) and therefore demonstrated better generalization to both trau-
matic and non-traumatic lesion etiologies. More importantly, our work is open-source, further
enabling reproducible, multi-site studies in SCI. There exist several promising avenues for

future work. The segmentation models can be improved by using more fine-grained reference
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standard masks, where the hyperintense edema and hypointense hemorrhage could be treated
as separate classes. Training a model on pre-operative traumatic SCI data using these ref-
erence standard masks would have a major impact on improving the initial classification of
the disease and further prognostication [163]. While the model generalizes reasonably well
to DCM lesions, there is potential for improvement, particularly by adding the DCM cohort
to the existing training set or by training a DL model exclusively on DCM data. Previ-
ous studies have reported the presence of hyperintense T2-weighted lesions in up to 64%
of patients with DCM [161, 179, 180] and explored the relationship between structural and
functional damages [181]. Such studies would greatly benefit from an automatic DCM lesion
segmentation method. Aggregating more heterogeneous data will also allow for sensitivity

analysis of potential confounding factors.

This study had some limitations. First, longitudinal scans from patients with follow-up ex-
aminations were treated as independent inputs for training. While the lesion appearance
evolved between sessions, resulting in non-identical lesions (hence justifying our choice of
treating them as independent inputs), the model likely could not learn the evolution of le-
sions across time. Second, the model’s sensitivity to hyperintense abnormalities might result
in false positive segmentations in healthy controls where the spinal cord central canal is vi-
sualized. Third, our limited size of 196 MRI scans in the training set risks overfitting, given
the complexity of the SCI lesion segmentation task. While we gathered diverse data from
3 sites and trained 5 models on different train/test splits, along with extensive data aug-
mentation to prevent potential overfitting, increasing the dataset size would further improve
the model’s performance and generalization. Lastly, we did not analyze the inter-rater vari-
ability as the data were gathered from multiple sites and there were no overlapping patients
across sites. Previous studies [182, 183] have reported that MRI measures of spinal cord
damage (e.g., edema length, midsagittal tissue bridge ratio, axial damage ratio) do exhibit

high-to-excellent levels of inter-rater reliability.

In conclusion, this study presented SClseg, an automatic DL-based method for the segmen-
tation of the spinal cord and intramedullary lesions in SCI on T2-weighted MRI scans. The
work has addressed several limitations of previous studies by including a large retrospective
cohort consisting of 191 patients spanning three sites, using MRI data acquired with scanners
from different manufacturers, and training a single model to segment both the spinal cord
and SCI lesions. More importantly, the methodology has been designed to ensure repro-
ducibility and enable large-scale, reproducible prospective studies. The model is open-source
and accessible via SCT (v6.2 and higher). We hope that SCIseg will benefit clinicians and
patients by providing additional diagnostic and prognostic information, serving as a basis for

further studies assessing optimal rehabilitation from a customized patient-based perspective.
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4.5 Future Work: Automatic Measurements of Tissue Bridges

For a more clinically-oriented application of the SClseg, we proposed an approach to auto-
matically measure the width of the tissue bridges from the predicted lesion mask [184]. We

refer the reader to Appendix A for more details.
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Abstract

Spinal cord segmentation is clinically relevant and is notably used to compute spinal cord
cross-sectional area (CSA) for the diagnosis and monitoring of cord compression or neurode-
generative diseases such as multiple sclerosis. While several semi and automatic methods
exist, one key limitation remains: the segmentation depends on the MRI contrast, resulting
in different CSA across contrasts. This is partly due to the varying appearance of the bound-
ary between the spinal cord and the cerebrospinal fluid that depends on the sequence and
acquisition parameters. This contrast-sensitive CSA adds variability in multi-center studies
where protocols can vary, reducing the sensitivity to detect subtle atrophies. Moreover, ex-
isting methods enhance the CSA variability by training one model per contrast, while also
producing binary masks that do not account for partial volume effects. In this work, we
present a deep learning-based method that produces soft segmentations of the spinal cord
that are stable across MRI contrasts. Using the Spine Generic Public Database of healthy
participants (n = 267; contrasts = 6), we first generated participant-wise soft ground truth
(GT) by averaging the binary segmentations across all 6 contrasts. These soft GT, along
with aggressive data augmentation and a regression-based loss function, were then used to
train a U-Net model for spinal cord segmentation. We evaluated our model against state-
of-the-art methods and performed ablation studies involving different GT mask types, loss
functions, contrast-specific models and domain generalization methods. Our results show
that using the soft average segmentations along with a regression loss function reduces CSA
variability (p < 0.05, Wilcoxon signed-rank test). The proposed spinal cord segmentation
model generalizes better than the state-of-the-art contrast-specific methods amongst unseen
datasets, vendors, contrasts, and pathologies (compression, lesions), while accounting for

partial volume effects.

Keywords Spinal Cord, MRI, Contrasts, Segmentation, Deep Learning, Soft Labels, Par-
tial Volume Effect
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5.1 Introduction

Spinal cord segmentation is clinically relevant, notably to compute cross-sectional area (CSA)
for the diagnosis and monitoring of atrophy in multiple sclerosis (MS) [185], spinal cord injury
(SCI) [186], and in characterizing spinal cord compression [187]. While several approaches
for semi-automatic and automatic segmentation of the spinal cord have been introduced
[17,188,189], they all suffer from the same limitation: the output segmentation depends on
the MRI contrast and acquisition parameters of the input image [17]. For instance, the CSA
measured from T2-weighted (T2w) images is approximately 8% higher than that measured
from T1-weighted (T1w) images [16,190]. This contrast-dependency is partly due to the
varying appearance of the boundary between the spinal cord and the cerebrospinal fluid
because of differences in MR properties (e.g., relaxation times, spin density, flow). Different
acquisition parameters and pulse sequences produce different contrast and sharpness of the
spinal cord boundary, which consequently affect the output of the segmentation methods,
whether they are manual, semi-automatic or automatic. The contrast-sensitive CSA also adds
variability in multi-site studies, thereby reducing the sensitivity to detect subtle atrophies
[102].

One way to mitigate the impact of MRI contrast on metrics derived from the segmentation is
to compute the CSA on various contrasts and estimate a scaling factor based on the contrast
type as done by [16] for T1w and T2w contrasts and MRI vendors. However, the scaling
factors themselves are highly dependent on the MRI vendor, pulse sequence and imaging

parameters, thus limiting their application to other studies.

Recent work addressed the contrast dependency of automatic segmentation in terms of model
performance. Gros et al. [17] trained separate deep learning models for each contrast. How-
ever, the ground truth (GT) masks used for training were generated using a combination of
automatic PropSeg [174] and manual corrections, which were done separately for each con-
trast. As a result, the GT masks for each contrast were already biased, resulting in models
that robustly segmented the spinal cord, but produced different CSA across contrasts (e.g.,
higher T2w CSA than T1w CSA). SynthSeg [51,69,191], a deep learning-based method pri-
marily used for the segmentation of brain MRI scans of any contrast or resolution, leveraged
GT label maps during training to synthetically generate brain images of various contrasts.
While SynthSeg provides segmentations that are inherently agnostic to the input image con-
trast, it relies on a domain randomization strategy, where parameters such as orientation,
resolution, and contrast are randomly sampled from a uniform distribution to synthetically
generate the training scans. However, this requires a large number of GT segmentations,

which are difficult to obtain for spinal cord scans that often include various structures such
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as the vertebrae, the spinal canal, intervertebral discs, nerve rootlets, surrounding muscles,

the lungs and the heart.

Generalization to unseen domains is a paramount objective for deep learning algorithms.
Domains can be defined as sets of images acquired from different sites and scanners, images
consisting of contrasts other than those in training, or even images containing pathologies
(i.e., lesions) when trained on healthy images. Domain generalization methods in the litera-
ture treat this as a domain shift problem at the fundamental level, where each contrast, for
example, is seen as a different but related domain with minor differences in their marginal
distributions [192]. Such methods propose to use domain adaptation techniques to transfer
the differences between the source and target domains, either by mapping both domains to
a shared latent space [193-195] or by generatively adapting the source to target domains
by image-to-image translation methods [196, 197]. Expanding further into the concept of
learning domain-invariant features, regularization, as a means of creating a representative
feature space consisting of various domains has also been explored [63, 198, 199]. Other
related works include meta-learning for adapting model for few-shot weakly-supervised seg-
mentation tasks [200] and adversarial training for increasing the diversity of the training
data [201]. While unsupervised methods in domain adaptation alleviate the need for labeled
training data, such methods still need re-training on each subsequent target domain [202],

which is impractical.

Data augmentation-based domain generalization methods aim to model the domain shifts
via a series of transformations applied to the input images at the source domains during
training. For instance, Zhao et al. [203] proposed a learning model for spatial transformations
to synthesize additional labeled examples for one-shot segmentation in brain MRI scans.
Ouyang et al. [204] used causality-driven data augmentation specifically targeting domain
shifts and acquisition shifts, while Su et al. [68] proposed a location-scale augmentation using
Bezier transformations, both in the context of single-source domain generalization. Ling et
al. [67] showed that simply relying on sequential stack of data augmentation transforms
based on image quality, appearance and spatial configuration, results in good generalization

to unseen domains.

In addition to the contrast-dependent issues discussed above, one of the main limitations of
traditional segmentation methods is that they produce binary (hard) segmentation masks,
which do not account for partial volume effects [51,205]. Partial volume effect is character-
ized by mixing of signals from different tissues within the same voxel, resulting in averaged
intensities which are not representative of any of the underlying tissues. Binary masks do

not provide calibrated output probabilities for the partial volume information of the tis-
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sue. With soft labels, the segmentation is encoded with continuous values between 0 and 1
and can therefore encode partial volume information, while resulting in better generalization
[15], faster learning [206], and increase the precision of voxel-based morphometry or CSA

measurements [53].

5.1.1 Contributions

In this work, we present a convolutional neural network (CNN) model for the automatic
soft segmentation of spinal cord across various contrasts. Our model reduces the variabil-
ity in CSA across contrasts and generalizes to spinal cord images of unseen contrasts and

pathologies. Our original contributions are as follows:

1. We introduce a new pipeline for generating a unique, soft GT that represents the

segmentations across various MRI contrasts.

2. Contrary to [15] where the softness was obtained implicitly after data augmentation,
we propose to apply the data-augmentation transforms directly on the soft GT masks

and train a contrast-agnostic SoftSeg model for spinal cord segmentation.

3. We show that the proposed model reduces variability morphometric measures (i.e.,
produces stable soft segmentations across contrasts) and shows significant improvement,

over prior work using contrast-specific models and domain-generalization methods.

The model is open-source and the code for pre-processing/training/inference can be found

1

in the following GitHub release’. It is also integrated into the Spinal Cord Toolbox and

available in v6.2% and higher.

The rest of the paper is structured as follows: in Section 5.2, we describe the training dataset,
preprocessing pipeline, the training and evaluation protocols. In Section 5.3, we show the
results from the various validation experiments and comparisons with baselines and state-of-
the-art methods. Different features and perspectives of the proposed spinal cord segmentation

model are discussed in Section 5.4, followed by the conclusion.

Thttps://github.com/sct-pipeline/contrast-agnostic-softseg-spinalcord /tree/v2.0
Zhttps://github.com /spinalcordtoolbox/spinalcordtoolbox /releases/tag/6.2
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5.2 Materials and Methods

5.2.1 Dataset

We used the Spine Generic Public Database® (Multi-Subject) [16] consisting of 267 healthy
participants scanned across multiple MRI vendors (Siemens, GE and Philips) and scanner
models. Each participant has a 3D T1-weighted MPRAGE (T1w) at 1mm isotropic resolu-
tion, 3D T2w at 0.8 mm isotropic resolution, 2D T2*w axial at 0.5 x 0.5 x 3 mm (multi-echo
GRE), 3D axial gradient-echo with (MT-on) and without (GRE-T1w, with a shorter TR and
a higher flip angle compared to the MT-on scan) magnetization transfer pulse at 0.9 X 0.9 x 5
mm, and an axial diffusion-weighted scan motion corrected and averaged across diffusion
directions at 0.9 x 0.9 x 5 mm. This multi-contrast dataset was chosen because it is publicly
available, and it includes a large variety of MR contrasts that are popular in the MR com-
munity. Participants with missing contrasts or excessive artifacts were excluded from our

experiments (n = 24 out of 267).

The final dataset included 243 participants with 6 contrasts each, resulting in 1458 3D vol-
umes in total. These were split according to 60/20/20 train/validation/test splits, resulting
in 145 participants (870 volumes) for training, 49 participants (294 volumes) for validation

and 49 participants (294 volumes) for testing.

5.2.2 Data preprocessing for ground truth generation

To eliminate the differences in CSA within the GT across contrasts, we used a unique segmen-
tation averaged over all contrasts as the GT for training. Our objective here was to obtain
the soft segmentation resulting from each contrast-specific hard segmentation. Figure 6.1
shows an overview of the procedure for generating the GT using SCT [86]. The GT soft
segmentations are generated by averaging 6 different contrasts (T1w, T2w, T2*w, MT-on,
GRE-T1w and DWTI). For each participant and contrast, the spinal cord was segmented using
SCT’s sct_deepseg_sc to generate a binary segmentation. Manual corrections were made
when significant segmentation errors (i.e., leaking and under-segmentation) were observed in
SCT’s quality control report. Since sct_deepsg_sc (DeepSeg2D) is considered the state-of-
the-art for spinal cord segmentation and creating GT from scratch is highly time consuming,

we obtained an initial batch of segmentations followed by manual quality control.

All images and binary segmentations were registered to the T2w image space as it has the

highest resolution (0.8 mm isotropic). The registration was done using SCT’s registration tool

3https://github.com/spine-generic/data-multi-subject


https://github.com/spine-generic/data-multi-subject

73

Figure 5.1 Preprocessing pipeline for soft average segmentations ground truth. (1) Automatic
hard spinal cord segmentation using sct_deepseg_sc & manual corrections; (2) Registration
to T2w space; (3) Applying each contrast’s warping field to bring the segmentation masks
to the T2w space; (4) Weighted averaging of segmentations according to each contrast FOV
(represented by white rectangles) to create a unique soft GT mask (5) Applying inverse
warping fields to bring the unique soft GT to the native space of each contrast.

sct_register multimodal center-of-mass algorithm. It consists of a slice-by-slice alignment
of the center of mass of the input and target segmentations (rotation and translation in x
and y directions). The registration was performed in 10 iterations with a gradient step of
0.5. The segmentations of all 6 contrasts were then averaged within the T2w space to obtain
a unique average soft segmentation (ranging from 0 to 1). The average of the segmentations
was weighted according to the field-of-view (FoV) of each contrast. More precisely, we created
a mask of the FoV of each contrast by dilating the spinal cord segmentation in the axial plane
to get the complete superior-inferior coverage. Then, we registered these FoV masks to the
common T2w space (see Figure 6.1, step 4), such that the contrasts with overlapping FoVs
are weighted more in the unified soft GT. Then, the averaged soft segmentation was brought
back to each contrast’s native space by applying the inverse warping field and using linear
interpolation. This step was important because having the GT in the native space of each
contrast eliminates biases due to various resolutions and fields-of-view during training. The
original images along with the soft GT masks (both in their native space), were then used

during training.

The vertebral levels were automatically labeled using SCT’s sct_label vertebrae command
on the T1w and T2w images. Quality control was done using the sct_qc command and when
necessary, labels were manually created at the posterior tip of each intervertebral disc. Since
the contrasts T2*w, MT-on, GRE-T1w and DWI are axial acquisitions with thick slices, the

manual or automatic labeling of the discs is not reliable. To generate the vertebral labels for
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those contrasts, we warped the T2w intervertebral discs to each contrast’s native space using
the generated warping field in the previous step. Finally, we computed spinal cord CSA on
the soft average segmentation GT and the binary segmentations averaged over the C2-C3

vertebral levels using SCT’s sct_process_segmentation.

5.2.3 Training Protocol

In this section, we describe the preprocessing, data augmentation, our proposed model and

the training strategy used for the contrast agnostic segmentation of the spinal cord.

Preprocessing

All data were resampled to Imm isotropic resolution and re-oriented to right-posterior-inferior
(RPI) before training. The images and the GT labels were resampled using spline interpola-
tion and linear interpolation, respectively. The min, median, and max shapes of all the images
in the training set after resampling were 45 x 31 x 70, 192 x 230 x 106, and 230 x 320 x 320,
respectively. As a consequence of having images with different orientations (3D, axial) and
fields-of-view (cervical, cervico-thoracic, thoracic), we found center cropping to be extremely
useful. Notably, the images were heavily cropped in the R-L and A-P directions to keep
the spinal cord at focus while the S-I direction was left uncropped. The final patch size for

center-cropping was set to 64 x 192 x 320.

Data Augmentation

Given the heterogeneity across contrasts, heavy data augmentation was crucial for the per-
formance of the model. All data augmentation transforms are random, applied with a pre-
defined probability and called in the following order: affine transformation with spline and
linear interpolation for images and labels respectively (p = 0.9) and the rotation, scaling and
translation parameters ranging between [—20,20], [-0.2,0.2], and [—0.1,0.1], respectively,
elastic deformation (p = 0.5) by sampling a grid of random offsets within [25, 35] and Gaus-
sian smoothing the grid with the standard deviation (STD) between [3.5,5.5], simulation of
low resolution (p = 0.25) with a downsampling and upsampling factors sampled uniformly
from [0.5,1.0], gamma correction (p = 0.5) with magnitude between [0.5,3.0], where 1.0
gives the original image and smaller/larger value makes image lighter/darker, respectively,
bias field adjustment (p = 0.3) with the range of random coefficients between [0.0, 0.5], Gaus-
sian noise addition (p = 0.1) with mean 0.0 and the STD spread uniformly between [0.0, 0.1],
Gaussian smoothing (p = 0.3) with the STD of the smoothing kernel ranging from [0.0, 2.0]
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for all axes, intensity scaling (p = 0.15) by multiplying in the range [—0.25, 1.0], random mir-
roring (p = 0.3) (across all axes ). Lastly, all images were normalized (independently) using
z-score normalization by subtracting the mean intensity and dividing by standard deviation

intensity. These augmentation transforms are readily implemented in MONAI [207].

Model Architecture

Given the popularity of the nnUNet [173], we used the same architectural template found in
nnUNet’s 3d_fullres model*. Each layer in the encoder and decoder contains two blocks,
each consisting of a convolutional layer, instance normalization [208] and leakyReLU non-
linearity [209]. Strided convolutions are used for downsampling while transposed convolutions
are used for upsampling. Additionally, the network is trained with deep supervision [210],
where auxiliary losses from the feature maps at each upsampling resolution are added to
the final loss. This allows for the gradients to be injected deeper into the network, thus
facilitating the training of all layers. The encoder made up of 5 layers, starting with 32
feature maps at the initial layer and ending with 320 feature maps at the bottleneck (i.e.
32 — 64 — 128 — 256 — 320).

Unlike nnUNet, which uses softmax activation on the logits, we followed the SoftSeg approach
[15] and used normalized ReLU (NormReLU) as the final activation function. This choice
is made from the observation that activation functions like sigmoid and softmax have a
polarizing effect that undesirably shorten the range of soft values that carry valuable partial
volume information at the boundaries. NormReLU simply normalizes the output of the ReLLU

activation using the maximum value, which is given by:

_RelU@)__if max ReLU(z) # 0
NormReLU(z) = { maxReLU() (@) # (5.1)

0 otherwise

This offers the advantage of preserving the useful properties of the ReLLU activation function

while ensuring that the predictions are normalized within the range of 0 and 1.

Loss Function

An issue with the commonly used DiceLoss [134] is that it yields segmentation masks with
sharp edges [211]. It has also been shown the optimizing with soft Dice leads to volumet-

ric biases (due to under-/over-segmentation) with high inherent uncertainty [212]. More

4https://github.com/MIC-DKFZ/dynamic-network-architectures /unet.py
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specifically, for our contrast agnostic segmentation problem, DiceLoss does not drive the
model towards optimizing for accurate segmentations at the boundary between the spinal
cord and the cerebrospinal fluid, once it obtains a good enough segmentation of the spinal
cord. This was also observed by [213] in the context of left atrium segmentation in cardiac
images. Therefore, the inability of DiceLoss to adapt its behaviour upon reaching closer to
convergence (i.e., failing to distinguish between the spinal cord/CSF boundary), is the pri-
mary factor contributing towards the differences in CSA across contrasts. Although not as
severe as just the DiceLoss, the same applies to other loss functions such as the Focal [133],
Tversky [214], and Dice-Cross Entropy (DiceCE) losses.

As suggested in [15], we considered the segmentation task as a pixel-wise regression problem
(instead of classification) and trained our model with adaptive wing loss [215]. An immediate
advantage is that a regression objective produces outputs with proper calibration while al-
lowing soft outputs lying in [0 — 1]. Originally proposed in the context of alignment of facial
landmarks via heatmap regression, there are two reasons why adaptive wing loss is a suitable
candidate for obtaining soft segmentations. First, in heatmap regression, the model regresses
against the G'T heatmap generated by plotting Gaussian distributions centered at each facial
landmark. The mode of the Gaussian (i.e. the landmark) and the pixels in its immediate
neighbourhood are considered as foreground, while the rest is background. In our case, this
presents a similar class imbalance problem where the pixels at the spinal cord/CSF boundary
are outnumbered by pixels at the core of the spinal cord. Second, loss functions assigning
equal weights to all pixels during training (such as Diceloss) do not result in accurate pre-
dictions at the boundaries. Moreover, pertaining to medical image segmentation, adaptive

logarithmic losses have been shown to converge faster and mitigate class imbalance [15,216].

The loss function is defined as follows:

€

wln (1 T | ‘“”) if|(y — 9)] < 0

Ally—19)|—-C otherwise,

AWing(y, ) = (5.2)

where y and § correspond to GT and the predicted labels, and w, €, 0, a are the hyperpa-
rameters. Briefly, the piece-wise loss function has non-linear and linear parts. The former
ensures that error between the prediction and GT smaller than 6 have a larger influence in
the loss function (via larger gradients during backpropagation), while the latter makes the
loss function behave like the mean-squared error loss with equal weights to all voxels. The
definitions of the adaptive factor A, the constant term C' and the hyperparameters can be
found in Section 4.2 of [215]. The following hyperparameter values w = 8.0, ¢ = 1.0, § = 0.5,

a = 2.1 were set for training. We also experimented with w = 12.0, € = 0.5 (i.e. larger w and
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smaller €) as suggested in their original work, but did not observe substantial improvement

in performance.

Hyperparameters & Training Details

We used the Adam optimizer [217] with a learning rate of 0.001 and a cosine annealing
scheduler. The model was trained for a maximum of 200 epochs, and the batch size was set
to 2. The patch size for training and sliding window inference was set to 64 x 192 x 320,
same as the center cropping size. All the models were trained using the MONAI [207] and
PyTorch Lightning® frameworks on a single 48 GB NVIDIA A6000 GPU.

5.2.4 Evaluation Protocol

In this section, we describe the evaluation protocol to assess the model’s performance.

Evaluation Metrics

To quantitatively evaluate the segmentation accuracy, we computed the Dice coefficient (on
the binarized predictions thresholded at 0.5), average surface distance (ASD), and relative
volume error (RVE) for each contrast across all test participants. To assess the variability of
CSA across contrasts, we computed CSA averaged over C2-C3 vertebral levels of the cervical
spinal cord on all the test set predictions for each evaluated model. The following metrics

were used for quantitative evaluation:

1. STD CSA: The standard deviation (STD) of CSA across contrasts for each participant
to assess CSA variability,

2. Absolute CSA FError: The absolute error between the CSA of GT segmentation and

the prediction for each participant.

Mathematically, the absolute CSA error € is given by:

€= | Ycsa — Ycsa |, (5.3)

where ycsa corresponds to the CSA of the GT segmentation mask and fjcga to the CSA
of the prediction averaged at C2-C3 vertebral levels. The metrics are computed in mm?
and the lower the STD and absolute CSA errors the better is the model, with the underlying

assumption being that one participant should have the same spinal cord CSA across contrasts.

Shttps://lightning.ai
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Baselines

We evaluated our model against 3 baselines, each with a different training strategy as de-

scribed below.

Soft vs. Hard ground truth: To assess the impact of the type of GT mask used for
training and its consequential effect on CSA variability, we trained two models: one with the
soft GT generated using the procedure described in Section 5.2.2, and the second model with
the contrast-specific hard GT generated using sct_deepseg_sc and manually corrected as

required.

Single model for all contrasts vs. Contrast-specific models:  Using the soft GT
masks, we trained one model per contrast (i.e. 6 models) and compared it against a single
model trained on all 6 contrasts. This experiment is useful in understanding whether a single

model, exposed to all contrasts during training, is capable of mitigating the CSA bias.

DiceCE loss vs. Adaptive wing loss: As mentioned in Section 5.2.3, optimizing only for
the Dice coefficient is insufficient for accurate segmentations at the spinal cord / cerebrospinal
fluid boundary. For empirically validating this hypothesis, we treated the loss function as a
hyperparameter and trained two models with: (i) Dice-Cross entropy loss, and (ii) adaptive

wing loss (the proposed model) while using both the soft and hard GT segmentations.

Among all baselines, the performance of the models were evaluated in terms of the STD CSA
and the absolute CSA errors across all contrasts for each participant in the test set. Except
for the ablation comparing the loss functions, all other models were trained with the adaptive

wing loss.

Comparison with the state of the art (SOTA)

We also compared our model’s performance with a few SOTA methods, adapting it for spinal

cord segmentation wherever necessary.

PropSeg: PropSeg [174] is based on the iterative propagation of deformable models for
spinal cord segmentation. The algorithm consists of three steps: (i) an initialization step for
detecting and orientating the position of the spinal cord using a circular Hough transform,
(ii) a propagation step that initializes a deformable model for its propagation along the spinal

cord, and (iii), a refinement step for robust and accurate segmentation of the spinal cord.

DeepSeg: DeepSeg [17], implemented in SCT as sct_deepseg_sc, features a two-stage
process: (i), the spinal cord centerline is detected using a 2D CNN with dilated convolutions,

and (ii), the cord is segmented along the centerline using a 2D or 3D CNN with standard
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convolutions. This model was trained on 'real world’ retrospective data from 30 sites including
both healthy participants and pathological patients. Images were acquired from various
vendors (Siemens, GE, Philips) and included 4 contrasts (T1w, T2w, T2*w and DWI) with a
variety of image resolutions and fields-of-view (axial and sagittal). Because of its robustness

to multi-site data, DeepSeg is an appropriate benchmark method.

nnUNet: The nnUNet framework [173] is the SOTA in various segmentation tasks across
several challenges. We used the latest version of nnUNet (i.e. nnUNetv2) and train both 2D
and 3D variants with the default, self-configured parameters on a single fold for 1000 epochs
using all contrasts together and soft GT segmentations binarized using a threshold of 0.5.

This was done because nnUNet does not yet support training with soft GT labels.

SoftSeg: SoftSeg [15] showed that by skipping the binarization step after data augmenta-
tion, one can obtain the soft labels “for free” and training on these soft GT results in better
generalization and calibrated models. Contrary to our approach of creating soft labels by
averaging the segmentations of multiple input contrasts and applying the data augmentation
transforms directly on the soft labels, SoftSeg started with hard labels and trained on the

soft labels obtained implicitly after data augmentation.

BigAug: BigAug [67], is a data augmentation-based domain generalization approach, that
applied a series of 9 stacked augmentation transforms based on image quality, appearance
and spatial configuration to model domain shifts. While [67] reported generalization across
sites/scanners only within a single contrast (T2w), we adapted their method to compare
generalization across different contrasts. Specifically, BigAug was trained on a collection of
all 6 contrasts with hard GT labels using Dice loss and evaluated on the basis of STD CSA,

absolute CSA error and generalization to unseen contrasts.

SynthSeg: SynthSeg [69] is the SOTA method for contrast-agnostic segmentation of brain
MRI scans. Starting with the original ground-truth segmentations of T1w scans, we used
KMeans clustering to generate the labels for all the regions outside the spinal cord. Each
T1w scan in the training set was automatically clustered into 3-10 regions and the SynthSeg
model was re-trained. The output segmentations from SynthSeg were not comparable to the
rest of the methods. The model performed well on T1w contrast while failing to segment the
cord properly on the remaining contrasts. Hence, we report its results in Appendix B along

with our re-implementation details.
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Generalization to Unseen Data

As described in Section 5.2.1, the Spine Generic Public Database [16] consists of healthy
participants only. To evaluate our model’s ability to generalize to real world clinical data, we
tested our model on three datasets of patients presenting various spinal cord pathologies, con-
trasts and /or on fields-of-view unseen during training. All patients provided written informed

consent following Institutional Review Board approval and the Declaration of Helsinki.

Traumatic Spinal Cord Injury (sci-t2w): This dataset consists of axial thoraco-lumbar
T2w images of 80 patients with chronic traumatic spinal cord injury from the University of
Colorado Anschutz Medical Campus. Acquisition was performed using MRI systems from 2
vendors (Siemens: n = 16, GE: n = 63) with 2 different field strengths (3T: n = 17, 1.5T:
n = 62) and image resolutions ranging between {0.31 —0.78} x {0.31 — 0.78} x {3 — 6} mm®.
The challenge for the model is to be able to segment the spinal cord, in the presence of spinal

cord compression, broken vertebrae and hyperintense lesions (likely edema).

Multiple Sclerosis (ms-mp2rage): This dataset consists of sagittal MP2RAGE "UNT'
images (1 x 1 x 1 mm resolution) of 103 healthy controls and 180 multiple sclerosis patients
with visible lesions from the University of Basel acquired on a Siemens MRI scanner. The
challenge for the segmentation model here is that the MP2RAGE contrast is unseen during
training, and that the hypointense lesions can lead to under-segmentation mainly due to the

similar signal intensity as the surrounding cerebrospinal fluid.

Cervical Radiculopathy (radiculopathy-epi): This dataset consists of resting state
axial gradient-echo echo-planar-imaging (GRE-EPI) images (0.89 x 0.89 x 5 mm resolution)
of 24 participants with cervical radiculopathy and 28 age- and sex-matched healthy controls
from Stanford University acquired on a GE MRI scanner. This dataset was acquired in
the context of a resting state functional MRI experiment, and consists of 245 volumes that
were motion corrected and averaged. Cervical radiculopathy is characterized by degenerative
changes to the cervical spine, which can compress the spinal nerve roots and compromise the
normal anatomy of the spinal cord, and the T2*w EPI images that can lead to strong image

distortions and signal dropout making the segmentation difficult.

Ablations on the number of contrasts

As six contrasts could be considered more than what are typically acquired in MRI ex-
aminations, we performed two more experiments ablating the number of contrasts in the
preprocessing and training stages, and evaluated its downstream effect on the reduction of

the CSA variability across all 6 contrasts. Starting with n = 2 contrasts (T1lw and T2w),
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we followed the same preprocessing pipeline described in Section 5.2.2 and trained a model
on the soft masks generated by averaging the T1lw and T2w contrasts together. The same
experiment was repeated for n = 4 contrasts (T1w, T2w, DWI, T2*w). The results are

reported in Appendix B.

5.3 Results

In this section, we present the results from our proposed contrast-agnostic spinal cord seg-
mentation model (Section 5.3.1) and evaluate them against the baselines (Section 5.3.2) and
the existing SOTA methods (Section 5.3.3). Then, we show the generalization capabilities
of our model on unseen, out-of-distribution data (Section 5.3.4). Lastly, in Section 5.3.5, we

compare the CPU inference times between various methods.

In all the plots in the following sections, the proposed model is denoted by soft_all, meaning
that the model was trained with a soft GT averaged from the individual segmentations of

each of the 6 contrasts and adaptive wing loss was used as the loss function.

5.3.1 Contrast-agnostic spinal cord segmentation

Table 5.1 shows the quantitative results for the proposed contrast-agnostic spinal cord seg-
mentation model soft_all. For each contrast, we present the mean + standard deviation
across test participants for Dice coefficients, relative volume errors (in %), and average sur-
face distances. While the Dice coefficients are consistent across all contrasts, we note a slight
under-segmentation in the case of MT-on and DWI contrasts (reflected by the negative RVE)

and an over-segmentation for the T1w, T2w, T2*w and GRE-T1w contrasts.

Table 5.1 Quantitative results for spinal cord segmentation across contrasts on the test set
(49 participants) for our soft_all model. RVE stands for Relative Volume Error and ASD
stands for Average Surface Distance.

Contrasts Dice (1) RVE % ASD ({)
Opt. value: 1 Opt. value: 0 Opt. value: 0

Tlw 0.96 + 0.02 1.74 +3.38 0.08 +0.25
T2w 0.96 £ 0.01 1.89 £+ 2.35 0.01 +£0.07
T2*w 0.96 £ 0.01 0.56 £ 2.94 0.01 £0.01
MT-on 0.96 £ 0.02 —0.59 £+ 2.88 0.01 £0.03
GRE-T1w 0.95 +0.02 0.99 £+ 5.58 0.04 +0.09
DWI 0.96 £ 0.02 —1.04 £+ 3.89 0.00 £+ 0.00
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Figure 5.2 shows the violin plot with absolute CSA error between the predictions and the
GT across 6 contrasts (the lower the better). The mean CSA error is less than 2 mm? across
all contrasts, which is encouraging given that 2 mm? represents only two pixels at an axial

resolution of 1 x 1 mm.

Figure 5.2 Absolute CSA error between the
predictions and GT across each contrast for
the proposed model. Scatter plots within
each violin represent the individual CSA er-
rors for all participants in the test set. White

triangle marker shows the mean CSA error Figure 5.3 Effect of GT segmentation type

across participants. (soft vs. hard) on CSA across contrasts.
White triangle marker shows the mean CSA
across participants.

Figure 5.3 shows the comparison of CSA across contrasts between two models trained with
soft GT (top panel) and hard GT (bottom panel). Training with soft GT resulted in similar
CSA across all contrasts, while the hard GT training resulted in drastically uneven distribu-
tions of CSA. Note that training with contrast-specific hard GT masks with adaptive wing
loss is precisely the training strategy used in SoftSeg [15], hence we denote this model as
hard_all _SoftSeg. We conducted a one-way paired ANOVA on CSA across contrasts for
both soft_all and hard_all_SoftSeg models. The MRI contrast had a significant effect
on CSA for both methods (p < 0.05). A follow-up posthoc analysis (two-sided Bonferroni-
corrected non-parametric Wilcoxon signed-rank test) revealed that for soft_all, T2w /
T2*w, T2*w / Tlw, Tlw / GRE-T1lw, T2w / GRE-T1lw, T2w / MT-on, T2w / DWI, Tlw
/ MT-on, and Tlw / DWI pairs of contrast showed a significant difference between CSA
(p < 0.05). While for hard_all_SoftSeg, all pairs of contrasts show significantly different
CSA values (p < 0.05) except for the T2w/MT-on pair.

Despite significant paired differences across contrasts for both soft_all and hard_all_SoftSeg
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models, the variability of CSA across contrasts did indeed reduce significantly, as described

in the next section.

5.3.2 Comparison with baselines

Figure 5.4 compares the performance of the soft_all model with the baselines in terms of the
STD of CSA across contrasts. The STD is computed across all 6 contrasts for each participant
and each test participant is represented by an individual point in the scatter plot. Starting
with the GT violin plots on the left (gray), we observe that the root cause of CSA variability
can be mitigated using soft average segmentations as the GT during training. This is also
supported by the fact that the hard_all_SoftSeg model, trained on binary GT, results in
higher STD when compared to its soft counterparts. Within the models trained using soft
GT, the performance of a single model trained on all contrasts (soft_all) is similar to the
average of 6 models trained individually on each contrast (soft_per_contrast). Lastly, on
comparing the effect of training with DiceCE loss (soft_all_diceCE_loss) and adaptive
wing loss (soft_all), we observe significantly lower CSA STD across contrasts when using

the regression-based adaptive wing loss (p < 0.001).

While the previous figure showed the STD of CSA across contrasts for each of the test
participant, Figure 5.5 compares the absolute CSA error between the prediction and the GT
for our model and the baselines. The points in the scatter plots represent each test image
and the mean CSA error is given on top of the violin plots. The superior performance of
soft_all suggests that a combination of soft segmentations G'T along with adaptive wing
loss is crucial for mitigating CSA wvariability. When comparing the CSA errors between
soft_per_contrast and soft_all models, we observe significantly lower CSA errors (p <
0.001) with the latter as also depicted in the violin plot containing a high density of scatter
points between 0 —2 mm? range. More plots comparing the variability in absolute CSA errors

across each contrast between the baselines are shown in Appendix B.

5.3.3 Comparison with the state of the art

Given the results from the comparison with baselines in the previous section, we considered
soft_all as the best model for subsequent comparisons with the existing SOTA methods.
Recall that soft_all denotes the model that has been trained with soft GT averaged from the
segmentations of each of the 6 contrasts and adaptive wing loss was used as the loss function.
Table 5.2 shows the quantitative results for the proposed segmentation model (soft_all),
and the existing SOTA methods. The soft_all model outperforms the SOTA methods in

terms on Dice coefficient and performs slightly worse in terms of RVE compared to DeepSeg2D



Figure 5.4 Standard deviation of CSA av-
eraged across C2-C3 vertebral levels com-
pared to the baselines (the lower the bet-
ter). hard_all SoftSeg refers to the
single model trained using all contrasts
with hard GT and the SoftSeg train-
ing approach [15|, hard_all diceCE_loss
refers to the single model trained with
the DiceCE loss and hard individual GT,
soft_all diceCE_loss refers to the single
model trained with the Dice CE loss and
soft GT, soft_per_contrast refers to the
mean of 6 individual models trained on 6
contrasts with soft GT, and soft_all refers
to the single model trained using all con-
trasts with soft GT. White triangle marker
shows the mean. * p < 0.05, ** p < 0.01, ***
p < 0.001 (two-sided Bonferroni-corrected
non-parametric Wilcoxon signed-rank test).
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Figure 5.5 Mean absolute CSA er-
ror compared against the baselines.
hard_all _SoftSeg refers to the single

model trained using all contrasts with
hard GT and the SoftSeg training ap-
proach [15], hard_all diceCE_loss refers
to the single model trained with the
Dice CE loss and hard individual GT,
soft_all diceCE_loss refers to the single
model trained with the DiceCE loss and soft
GT, soft_per_contrast refers to the mean
of 6 individual models trained on 6 contrasts
with soft GT, and soft_all refers to the
single model trained using all contrasts with
soft GT. White triangle marker shows the
mean. ** p < 0.01, *** p < 0.001 (two-
sided Bonferroni-corrected non-parametric
pairwise Wilcoxon signed-rank test between
soft_all and the 4 other methods.

and average surface distance (ASD) compared to nnUNet2D, respectively. DeepSeg2D and
both nnUNet models show under-segmentation (reflected by the negative RVE value) while
PropSeg, DeepSeg3D, BigAug and SoftSeg models present over-segmentation. Also note the
relatively low Dice STD for the soft_all model, suggesting higher robustness (i.e., other

models fail more often in presence of difficult images).

Figure 5.6 compares the STD of CSA across contrasts for our best model and the existing
methods. DeepSeg2D has the highest STD across contrasts, followed by hard_all SoftSeg
and hard_all_BigAug.

Interestingly, despite the hard requirement of having binarized GT and training with DiceCE
loss, both nnUNet models achieved similar STD across contrasts with the 3D model showing
lower STD across contrasts. Overall, both nnUNet 2D and 3D models showed higher STD

when compared to our best model soft_all.
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Table 5.2 Quantitative comparison of spinal cord segmentations for the state of the art
methods on the test set (294 images) averaged across all contrasts. RVE stands for Relative

Volume Error and ASD stands for Average Surface Distance.

RVE % ASD (1)

Opt. value: 1 Opt. value: 0 Opt. value: 0

Methods Dice (1)

PropSeg [174] 0.85 4+ 0.15
DeepSeg3D [17] 0.85+0.13
hard_all_BighAug [67] 0.92 £ 0.02
DeepSeg2D [17] 0.95+0.03
nnUNet3D [173] 0.95 = 0.02
nnUNet2D [173] 0.95 + 0.02
hard_all_SoftSeg [15] 0.96 £ 0.02
soft_all (ours) 0.96 £ 0.01

7.18 £32.59 0.49 £ 3.92
18.25 £49.12 0.12£0.31
3.16 £6.07 0.02+£0.10
-0.24 £ 8.64 0.06 £0.31
—2.11+4.43 0.04 £0.29
—1.85+4.46 0.02+£0.10
1.77£5.74 0.01 £0.05
0.6 £ 3.82 0.03£0.12

Figure 5.6 Standard deviation of CSA be-
tween C2-C3 vertebral levels for DeepSeg2D,
hard_all_SoftSeg, hard_all_BigAug,
nnUNet 2D/3D, and our model soft_all.
*p < 0.05, ** p <0.01, ** p <0.001 (two-
sided Bonferroni-corrected non-parametric
pairwise Wilcoxon signed-rank test between
each pair of methods.

Figure 5.7 Mean absolute CSA error
for DeepSeg 2D, hard_all_SoftSeg,
hard_all BigAug, nnUNet 2D /3D, and our
model soft_all. * p < 0.05, ** p < 0.01,
KX p < 0.001 (two-sided Bonferroni-
corrected non-parametric pairwise Wilcoxon
signed-rank test between each pair of meth-
ods.

Figure 5.7 shows a comparison between our best model (soft_all) and the other methods

in terms of the absolute CSA error. Similar to

the trend observed in Figure 5.6, we noted

that soft_all achieves the lowest mean absolute CSA error with 1.64 4 1.42 mm? across all

test images. In Figures B.5 and B.6, we show the comparison with all the methods including

DeepSeg 3D and PropSeg to ovoid overcrowding Figures 5.6 and 5.7.

To understand the impact of data augmentation and loss functions on training with soft

masks, we compared our models trained using DiceCE and adaptive wing loss with nnUNet

in Figure 5.8. Keeping the loss function fixed (i.e. DiceCE), we can observe that data



Figure 5.8 Comparison of CSA estimation
between models trained on soft masks. A)
Standard deviation of CSA between C2-C3
vertebral levels for soft _all diceCE loss,
nnUNet 3D, and our model soft_all. *
p < 0.05 * p < 001, ** p <
0.001 (two-sided Bonferroni-corrected non-
parametric pairwise Wilcoxon signed-rank
test between soft _all, nnUNet 3D and
soft_all_diceCE_loss). B) Mean abso-
lute CSA error for soft_all diceCE_loss,
nnUNet 3D, and our model soft_all. *
p < 0.05 ** p < 001, ** p <
0.001 (two-sided Bonferroni-corrected non-
parametric pairwise Wilcoxon signed-rank
test between soft_all, nnUNet 3D and
soft_all diceCE_loss.
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Figure 5.9 Level of agreement between T1w
and T2w CSA for the best-performing SOTA
methods. Each point represents one partici-
pant. The black dashed line represents per-
fect agreement between the CSA of T1w and
T2w contrasts.

augmentation transforms in nnUNet3D play a stronger role as it achieves lower STD and

absolute CSA errors compared to the soft_all diceCE_loss model. However, as shown by

soft_all, switching to the adaptive wing loss irrespective of data augmentation transforms

leads to further reduction in the CSA variability across contrasts.

In Figure 5.9, we plotted the level of agreement between the CSA estimated by our model
(soft_all) and the SOTA methods on T1lw and T2w contrasts. The models trained with
individual hard masks (namely, deepseg2D, hard_all SoftSeg, and hard_all BigAug)
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showed large discrepancies between the estimated CSA. Interestingly, the models trained
with soft masks obtained by averaging all contrasts moved closer to the diagonal line rep-
resenting perfect alignment between T1w/T2w CSA. Within soft_all and nnUNet3D, our
model achieves better alignment between the two contrasts, thus confirming that it reduces
discrepancies between these two popular contrasts in spinal cord imaging. The correlation
plots for the remaining pairs of contrasts for soft_all are shown in Figure B.1 in Appendix
B.

5.3.4 Generalization to unseen data

Figure 5.10 shows the predictions for 8 representative patients with spinal cord injury from
the sci-t2w dataset. Despite the presence of spinal cord lesions, we notice that soft_all
and nnUNet models were able to correctly segment the spinal cord, while DeepSeg2D T2w
and soft_per_contrast T2w models under-segmented the spinal cord (except one over-
segmentation pointed by the red arrow). The models hard_all_SoftSeg, hard_all_BigAug,
hard all diceCE and soft_all diceCE showed under-segmentation of the hyperintense

lesions in the spinal cord as indicated by the red arrows.

Figure 5.11 shows the predictions for 6 representative patients with multiple sclerosis and
2 healthy participants from the ms-mp2rage dataset. Despite the presence of spinal cord
MS lesions, we observe that the soft_all model was able to correctly segment the spinal
cord, while DeepSeg2D T1w model under-segmented the spinal cord typically at the le-
sion location. The soft_per_contrast T1lw and nnUNet models were unable to properly
segment the spinal cord in the presence of hypointense lesions. hard_all BigAug showed
some under-segmentation of the location of the hypointense lesions. hard_all_SoftSeg,
hard all diceCE and soft_all_diceCE showed similar performance and were able to prop-

erly segment the spinal cord.

Figure 5.12 shows the predictions for 4 representative patients with cervical radiculopathy
and 4 healthy controls from the radiculopathy-epi dataset. The soft_all model was able
to correctly segment the spinal cord even with the poor image quality of the gradient echo
EPI. In contrast, the soft_per_contrast T2*w was unable to segment the spinal cord in
almost all cases. The DeepSeg2D T2*w and nnUNet performed slightly worst than soft_all,
notably in slices affected by signal drop out (e.g., HC013), and nnUNet, hard_all_diceCE,
hard_all_SoftSeg had a tendency to leak into the cerebrospinal fluid (red arrows). The
hard_all BigAug model had trouble with getting the shape of the spinal cord, mainly in

the presence of signal drop-out, shown by the red arrow.

Table 5.3 presents the quantitative metrics for the models’ performance on all three external
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Figure 5.10 T2w axial slices with the over-

laid GT (green) and model predictions (yel- Figure 5.11 MP2RAGE axial slices with the
low) in 8 patients with traumatic spinal cord  gyerlaid GT (green) and model predictions
injury (sci-t2w dataset). Red arrow depict  (yellow) in 6 patients (P) with multiple
segmentation errors. Soft segmentations are  gclerosis lesions and 2 healthy controls (C)

clipped at 0.5. soft_all(bin) represents (ms-mp2rage dataset). Soft segmentations
the SOft_all binarized at 0.5 for better vi- are Chpped at 0.5. Soft_all (bln) repre-

sual comparison with the GT and hard seg-  gents the soft_all binarized at 0.5.
mentation methods.

datasets. We do not report the Dice coefficients for DeepSeg2D since the GT masks were
generated using this model with manual corrections on the slices presenting over/under-
segmentations, hence biasing the scores. We observed that the nnUNet3D performed well on
the T2w and GRE-EPI contrasts while performing poorly on the MP2RAGE "UNI" contrast
(Dice = 0.24 + 0.25) due to large under-segmentation overall (RVE = —82.51 4+ 19.27%)
while both models using DiceCE (hard_all DiceCE and soft_all_DiceCE) performed well
on MP2RAGE "UNI" contrast, as we can also observe in Figure 5.11. Both BigAug [67]
and SoftSeg [15] models outperformed nnUNet3D only for the MP2RAGE contrast. The
soft_per_contrast model performed poorly on GRE-EPI (Dice = 0.29 + 0.18) but per-
fomed well on the MP2RAGE "UNI" and T2w data. In terms of RVE, we see that nnUNet
3D consistently shows under-segmentation on all datasets. The soft_all model outperforms
all the tested methods for radiculopathy-epi datasets in terms of Dice coefficients and per-
forms similar to nnUNet on the sci-t2w dataset, and similar to SoftSeg on the ms-mp2rage

dataset.
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Figure 5.12 GRE-EPI axial slices with the over-
laid GT (green) and model predictions (yellow)
of spinal cord segmentation of 4 patients with  Figure 5.13 Inference times (in seconds)

cervical radiculopathy (CR) and 4 healthy con- averaged across test participants for
trols (HC). Soft segmentations are clipped at 0.5.  DeepSeg2D, nnUNet3D, and soft_all
soft_all(bin) represents the soft_all bina-  for all contrasts.

rized at 0.5. Red arrows indicate examples of
segmentation errors.

5.3.5 Inference times

Figure 5.13 compares the average inference time across participants for the DeepSeg2D,
nnUNet3D and soft_all methods. The inference is done on a CPU (Intel Xeon E7-4850 @
2.10GHz) and the time is shown in seconds. soft_all takes up to 2 minutes per prediction on
average irrespective of the contrast, whereas nnUNet 3D’s inference times are highly variable
and longer. For example, nnUNet3D takes about 3000 seconds (50 mins) for segmenting a
T1w image (not shown in the plot for clarity), while soft_all requires only about 2 minutes.
Unsurprisingly, the inference time largely depends on the size of the input volume. In addition
to obtaining good segmentations, the average inference time per image is an important factor
for consideration before deploying the model in real-world clinical settings. Models such as

nnUNet3D requiring long inference times are impractical when used on large cohorts.
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Table 5.3 Comparison of quantitative metrics between SOTA methods for spinal cord seg-
mentation on unseen datasets. n refers to the number of participants.

Dataset sci-t2w (n = 80)

Methods Dice (1) RVE % ASD ({)
Opt. value: 1 Opt. value: 0 Opt. value: 0
hard_all_DiceCE 0.86 4+ 0.06 —8.83 £11.95 0.03+£0.12
hard_all_BigAug 0.83 £0.08 —5.67+14.84 0.03+0.16
hard_all_SoftSeg 0.85+0.09 —14.44 + 14.25 0.17 £ 0.98
soft_per_contrast 0.84 +£0.09 —16.45+11.19 0.04 +£0.19
nnUNet3D 0.87 +£0.05 —15.20 £ 8.59 0.01 +0.03
soft_all DiceCE 0.87 +£0.05 —8.30 £ 10.72 0.02+£0.10
soft_all 0.86 £ 0.07 —16.14 +9.80 0.01 £ 0.06

Dataset ms-mp2rage (n = 283)

hard_all DiceCE 0.92 +0.03 8.51 +6.15 0.01 +0.03
hard_all_BigAug 0.89 £ 0.05 —2.38+9.69 0.20£0.75
hard_all_SoftSeg 0.93 +0.02 7.57 £ 5.61 0.01 +0.08
soft_per_contrast 0.83 £0.14 —14.38 +£22.44 0.15+£0.44
nnUNet3D 0.24 +£0.25 —82.51 £19.27  5.09 +18.15
soft_all DiceCE 0.90 £0.04 17.56 £ 7.54 0.01 £0.04
soft_all 0.93 £0.03 6.88 + 6.09 0.01 +0.03

Dataset radiculopathy-epi (n = 52)

hard_all DiceCE 0.87£0.04 20.98 +11.56 0.01 £0.02
hard_all BigAug 0.87£0.03 —2.52+104 0.01£0.01
hard_all_SoftSeg 0.88 £0.04 17.14 +£10.85 0.02 £ 0.02
soft_per_contrast 0.29 £0.18 —80.64 £ 12.82 0.58 +1.06
nnUNet3D 0.90 £ 0.04 —4.66 + 8.79 0.01 £0.02
soft_all DiceCE 0.88 £0.04 10.53 + 14.36 0.01 £0.01
soft_all 0.90 + 0.03 2.83 +11.22 0.01 +0.01

5.4 Discussion and Conclusion

We presented an automatic method for the contrast-agnostic soft segmentation of the spinal
cord. Starting with the creation of GT masks, we proposed a new framework for generating a
unique (soft) GT that represents the segmentations across various MR contrasts. Using these
soft GT masks along with the corresponding images of all contrasts as inputs, we trained a
U-Net model with aggressive data augmentation, regression-based adaptive wing loss, and
NormReLU as the final activation function for spinal cord segmentation. We evaluated our
model against 3 categories of baseline models to assess the impact of soft vs. hard GT masks,
training a single model with all contrasts vs. training one model per contrast, and the impact

of the loss functions on the subsequent morphometric measures (i.e., CSA). We compared our
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model’s performance with the SOTA methods for spinal cord segmentation, namely, PropSeg,
DeepSeg, SoftSeg, BigAug and nnUNet. To demonstrate our model’s domain generalization
capabilities on unseen contrasts and images with pathology (lesions), we presented a qualita-
tive comparison against spinal cord segmentations of the SOTA methods. Lastly, we provided
a graphical illustration of the average inference times of the existing methods and highlighted
that our model takes only a fraction of the time per image irrespective of the contrast, while

obtaining better segmentations that reduce the bias/variability in morphometric measures.

5.4.1 Preprocessing for soft GT

Our preprocessing framework to generates a unique soft segmentation from individual hard
segmentations. The procedure required aligning all the images to the T2w image space,
including resampling and reorientation. The soft segmentation was then brought back in
each contrast’s native space. Then, in order to have a fixed patch size for training with all
contrasts, we performed an up-sampling to 1 mm isotropic on all images and labels as a
preprocessing step during data augmentation. One could question the reason for this up-

down-up sampling in the preprocessing workflow, a few points are discussed below:

o Comparison with baselines: In order to provide a fair comparison with the baselines,
we ensured that all methods used the ground truth defined in the native space of each

contrast.

o Computation of CSA and disc labeling: Continuing the previous point and con-
sidering the evaluation of CSA variability across contrasts, it was important to compute
the CSA in the native space, notably because of the highly variable spatial resolution
across contrasts, which limited our ability to ensure that vertebral coverage would be
the same when computed in the native image vs. in the reference image (T2w 0.8mm

isotropic).

o Patch size: To ensure a uniform patch size during training for all the 6 contrasts,
resampling the images to a unique, common, resolution was necessary. After experi-
menting with various spatial resolutions (trade-off between computational resource and

precision), we chose 1 mm as the target resolution.

o Introduce realistic variability: One of the advantages of training the model in the
native space is that, for a given subject, the spinal cords are not perfectly aligned across

contrasts.
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5.4.2 Variability of CSA across contrasts

When comparing the performance on all 6 MR contrasts (Figure 5.2), DWI and MT-on
contrasts yielded the highest absolute CSA error with 2.37 £1.09 mm? and 2.38 +1.77 mm?,
respectively. This can be attributed to the fact that DWI and MT-on contrasts have less well
defined boundaries between the spinal cord and the cerebrospinal fluid due to the coarser
resolution of the images (0.9x0.9 x5 mm). Furthermore, the presence of susceptibility related
artifacts on DWI and MT-on (MT-on is based on GRE readout and hence suffers from signal
dropout), and/or the ghosting and motion artifacts that particularly affect MT-on data [42]

could explain the larger errors.

The agreement between T1w and T2w CSA (Figure 5.9) leads to a linear equation given by
0.95x + 3.89 with an r? = 0.95, which is very close to the (dashed) identity line. In Cohen-
Adad et al. [42], where sct_deeepseg_sc was used for generating spinal cord segmentations,
the authors reported poor agreement between CSA computed on Tlw and T2w images,

regardless of the MR vendor.

Furthermore, training an individual model for each contrast (soft_per_contrast) yielded
similar performance (albeit with a slightly higher error for each contrast) compared to training
a single model for all contrasts (soft_all), as seen in Figure 5.4. Training an individual
model for each contrast does not help in mitigating the CSA variability across contrasts
as each model is optimizing for spinal cord segmentations asynchronously, thus leading to
different CSA for a given participant despite using soft GT segmentations. On the other
hand, a single model trained on all contrasts together is exposed to the wide heterogeneity
in the images, thus leading to better estimation of the CSA and better generalization (as
shown by our results on ms-mp2rage and radiculopathy-epi datasets in Figures 5.11 and
5.12). Moreover, from a deployment standpoint, packaging and distributing a single model

is more convenient and intuitive for researchers to use.

Overall, the proposed contrast-agnostic soft_all model outperforms the baselines and ex-

isting state-of-the-art spinal cord segmentation methods while minimizing contrast-specific
CSA biases.

5.4.3 Effects of ground truth masks and loss functions

Results from Figures 5.3, 5.4, and 5.5 demonstrated that the types of GT masks and loss
functions used play a crucial role in the (downstream) computation of CSA. Using the unique
soft GT generated by averaging the segmentations across 6 contrasts compared to traditional

hard GT leads to lower CSA variability on the predictions. For more details, see Figure 5.3
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(qualitative assessment) and Figure 5.4 (statistical assessment). Notably, the bias inherent
to the individual GT for each contrast is propagated less when using the unique soft GT

averaged from different contrasts.

For soft_all, the CSA did not differ significantly between T1w and T2w contrasts, while
it was significantly different between the T1w / T2w and the other contrasts (T2*w, GRE-
T1lw, MT-on, DWI). Interestingly, T1lw and T2w images have similar isotropic resolutions
(respectively 1 x1x 1 mm and 0.8 x 0.8 x 0.8 mm), whereas the other contrasts feature highly
anisotropic axial acquisitions (> 3 mm slice thickness). It is therefore possible that excessive
partial volume effect along the superior-inferior axis created a bias in the CSA estimation.
Another possible explanation of the discrepancy between isotropic and anisotropic scans, is
the uncertainty in the estimation of the C2-C3 vertebral labels across contrasts. Since it was
not possible to directly label the vertebral levels on the anisotropic scans (because discs are
poorly visible), we used the disc labels created from the T2w images and applied the warping
field to the labels to the target contrast. This likely resulted in slightly higher CSA STD

across contrasts.

When the Dice or DiceCE loss functions [134,173] were used in combination with hard GT
masks, our results suggested that using Dice metric in the training objective is not sufficient
for achieving accurate segmentations at the spinal cord / cerebrospinal fluid boundary. In
fact, the model trained with Dice loss (hard_all_BigAug) showed subtle under-segmentations
upon quality control as supported by larger absolute CSA errors in Figure 5.5. Instead,
using adaptive wing loss that switches to the logarithmic (non-linear) part of the loss when
the error between the prediction and the GT are small, helps the model in refining the
segmentations at the boundaries of the spinal cord, thus mitigating the CSA bias across
contrasts. Similar observations have been reported about the effectiveness of regression-

based [15] and logarithmic [216] loss functions.

The benefits of using soft GT and adaptive wing loss in our model soft_all can be seen in
Figures 5.6 and 5.7. PropSeg, DeepSeg, SoftSeg and BigAug methods, which used hard GT
that are inherently biased due to the procedure of their GT generation, resulted in higher
STD across contrasts per participant. As nnUNet does not support soft training yet, using
soft segmentations averaged from all contrasts (but binarized at 0.5 threshold), still resulted
in slightly higher CSA variability. Furthermore, DeepSeg used Dice loss and nnUNet used
DiceCE loss during training, thus explaining the larger errors. Thus, the subtle yet important
difference of training on implicitly obtained soft masks via data augmentation vs. applying
the augmentation transforms directly on the soft masks generated from multiple contrasts

has a significant downstream impact on the reduction of CSA variability across contrasts.
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5.4.4 Generalization to unseen data

The proposed soft_all model generalizes well to the unseen MP2RAGE "UNI" (ms-mp2rage)
and resting state GRE-EPI (radiculopathy-epi) contrasts. Despite being trained only on
healthy participants, it performed well on patients with MS lesions, traumatic spinal cord
injury and cervical radiculopathy. We noticed that the tested models performed similarly on a
contrast that was included during training (T2w) as reflected by the Dice coefficients of Table
5.3 and segmentations in Figure 5.10, even in the presence of traumatic spinal cord injury.
Surprisingly, there is a marked difference between the qualitative segmentations of (soft_all)
and nnUNet3D (Figures 5.11 and 5.12) on the ms-mp2rage and radiculopathy-epi datasets,
respectively. With the former dataset, nnUNet3D performs poorly by completely missing the
spinal cord in the presence of multiple sclerosis lesions, whereas for the latter, we observed
cases with over-segmentation of the cord leaking into the cerebrospinal fluid. For both these
contrasts, soft_all obtains accurate segmentations of the spinal cord under the presence of

lesions and along the spinal cord boundaries.

The difference in the segmentations between our model and nnUNet is likely due to our
improved training strategy involving cropping along the center of the spinal cord, regression-
based adaptive wing loss, and most importantly, training directly on the soft GT masks
(unlike in nnUNet where the soft GT were binarized). The localization of the spinal cord,
mainly through cropping, has been a recurrent prerequisite step in the literature [17,218,219],

suggesting its necessity for obtaining robust segmentations.

Furthermore, our model soft_all is able to better delineate the shape of the spinal cord
even in the presence of lesions compared to models trained specifically on one contrast
(soft_per_contrast T2w and DeepSeg2D). This enhanced performance can likely be at-
tributed to the model’s comprehensive exposure to diverse contrasts of the spinal cord, cere-
brospinal fluid, gray matter and white matter, that are featured in the Spine Generic [16]

dataset.

5.4.5 Limitations & future work
Application to thoracic and lumbar levels

The proposed model is trained on a dataset of healthy participants containing cervical and
upper-thoracic spinal cords only. Future research will add images with lumbar cords to

further improve the generalizability of the model towards different fields-of-view.
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Center cropping

The center cropping step in the online preprocessing of the images during training and in-
ference assumes that spinal cord is at the center of the image. While this is a reasonable
assumption, there might be some edge cases containing lumbar spines or participants with
scoliosis on which the automatic predictions might fail. In order to mitigate this issue, the
SCT function that runs inference with the proposed model provides a flag to change the

default cropping (allowing researchers to adjust the cropping sizes based on their images).

Binarization threshold

At prediction time, the soft output was binarized for comparison with other methods. That
binarization was done using a 0.5 threshold. As discussed in [15], that threshold could poten-
tially be optimized to further reduce the variability of CSA across contrasts. However, this
would imply arbitrarily categorizing images into a given contrast, which defeats the purpose
of the current contrast-agnostic method, wherein the model can be used as is regardless of
the acquisition parameters. Moreover, with MRI acquisitions, it is difficult to define the con-
trasts accurately as, for instance, some combinations of parameters could lead to more/less
T2w or more/less magnetization transfer saturation depending on the offset of the MT pulse

and/or the presence of saturation bands.

Validation in pathologies

As mentioned in the introduction, one of the advantages of soft segmentation is the ability
to encode volumetric measures with finer precision compared to binary segmentation. Con-
sidering that changes in the spinal cord happen at a very slow rate at early stages of MS,
we expect that soft segmentation of the spinal cord will help detect subtle atrophies. We
expect that the soft segmentation of the spinal cord will increase the precision of spinal cord
CSA measurements, and thus lead to lower arm-size in trials [99, 102] . This will especially
be of interest in the context of cross-sectional studies where protocols can vary. In patients
with degenerative cervical myelopathy, which is characterized by a progressive compression
of the spinal cord, being able to precisely segment the spinal cord could also lead to better

prognostication and therapeutic strategies [187].

Continual model refinement through active learning

The improvement in the mitigation of biases in morphometric measures between MRI con-

trasts holds exciting prospects for future work. Thanks to the remarkable generalization of
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the proposed model to unseen contrasts, datasets containing other contrasts (e.g., phase-
sensitive inversion recovery, short tau inversion recovery, susceptibility-weighted imaging,
MP2RAGE) can be added to the existing cohort to further improve the generalizability of
the model. Moreover, enriching the model with images from patients with spinal pathologies
will likely improve zero-shot generalization on participants with lesions and/or spinal cord
compressions. For these advancements, human-in-the-loop active learning [57] involving an
initial batch of segmentations from our model followed by manual corrections of under-/over-
segmentations and then re-training the model on the larger datasets until fully automatic
predictions are obtained is an attractive strategy. This approach for gradually aggregating
large-scale datasets while improving the model simultaneously is similar to the recently pro-
posed Segment Anything [220] model, thus paving way towards a foundational model for

contrast-agnostic spinal cord segmentation.

5.4.6 Comparison with other model architectures

We extended this work by evaluating the contrast-agnostic segmentation capabilities of differ-
ent classes of DL architectures, namely, ConvNeXt, vision transformers (ViTs) and hierarchi-
cal ViTs [221]. Using the same open-access spine-generic dataset, keeping the preprocessing
and training protocols fixed, we performed a comparative study of seven different DL models.
Our results showed that CNNs produced robust SC segmentations across contrasts, followed
by ConvNeXt, and hierarchical ViTs. This suggests that: (i) inductive biases such as learn-
ing hierarchical feature reprensentations via pooling (common in CNNs) are crucial for good
performance for spinal cord segmentation, and (ii) hierarchical ViTs that incorporate several
CNN-based priors can perform similarly to pure CNN-based models. We refer the reader to

Appendix C for more details.
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Abstract

Morphometric measures derived from spinal cord segmentations can serve as diagnostic and
prognostic biomarkers in neurological diseases and injuries affecting the spinal cord. For
instance, the spinal cord cross-sectional area can be used to monitor cord atrophy in mul-
tiple sclerosis and to characterize compression in degenerative cervical myelopathy. While
robust, automatic segmentation methods to a wide variety of contrasts and pathologies have
been developed over the past few years, whether their predictions are stable as the model
is updated using new datasets has not been assessed. This is particularly important for de-
riving normative values from healthy participants. In this study, we present a spinal cord
segmentation model trained on a multisite (n = 75 sites, 1631 participants) dataset, in-
cluding 9 different MRI contrasts and several spinal cord pathologies. We also introduce a
lifelong learning framework to automatically monitor the morphometric drift as the model
is updated using additional datasets. The framework is triggered by an automatic GitHub
Actions workflow every time a new model is created, recording the morphometric values de-
rived from the model’s predictions over time. As a real-world application of the proposed
framework, we employed the spinal cord segmentation model to update a recently-introduced
normative database of healthy participants containing commonly used measures of spinal cord
morphometry. Results showed that: (i) our model performs well compared to its previous
versions and existing pathology-specific models on the lumbar spinal cord, images with se-
vere compression, and in the presence of intramedullary lesions and/or atrophy achieving an
average Dice score of 0.95 £ 0.03; (ii) the automatic workflow for monitoring morphometric
drift provides a quick feedback loop for developing future segmentation models; and (iii) the
scaling factor required to update the database of morphometric measures is nearly constant
among slices across the given vertebral levels, showing minimum drift between the current
and previous versions of the model monitored by the framework. The model is freely available
in Spinal Cord Toolbox v7.0.

Keywords Segmentation, MRI, Spinal Cord, MLOps, Lifelong Learning, Morphometric
Drift
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6.1 Introduction

Spinal cord segmentation is relevant for quantifying morphometric changes, such as cord at-
rophy in multiple sclerosis (MS) [102,223,224], compression severity in degenerative cervical
myelopathy (DCM) [187,225], and spared tissue in spinal cord injury (SCI) [184]. The devel-
opment of a robust and accurate spinal cord segmentation tool requires a large sample size
which often involves the collaboration of multiple sites and the inclusion of a wide spectrum
of MRI scans spanning various spinal cord pathologies, image resolutions, orientations, con-
trasts, and potential image artifacts. Consequently, obtaining stable morphometric measure-
ments is challenging, as MRI contrasts with different resolutions (and degrees of anisotropy)
have varying levels of partial volume effects, leading to subtle shifts in the boundary between
the cord and the cerebrospinal fluid (CSF) [42,226].

While automatic tools for spinal cord segmentation exist, they have typically been developed
in isolated, static environments [17,122,174,227-229]. As a result, these tools rely on different
procedures for creating ground truth (GT) masks, model architectures, and training strate-
gies. Chen et al. [227] presented an atlas-based topology-preserving method for segmenting
scans with different fields of view. Gros et al. [17] proposed a collection of contrast-specific
models sct_deepseg_sc trained on a multisite dataset of healthy controls and MS patients.
However, the most commonly used variant is a convolutional network with 2D kernels, which
prevents the models from capturing the full 3D spatial context and results in poor spinal cord
segmentations in DCM and SCI patients with lesions. Masse-Gignac et al. [228] proposed
a cascade of two Convolutional Neural Networks (CNNs), trained separately on axial and
sagittal T2w scans, for segmenting injured spinal cords. The GT masks used for training
were adapted from the segmentations obtained initially by sct_deepseg_sc 2D. Nozawa et
al. [122] focused on the segmentation of compressed spinal cords with 2D UNets using transfer
learning from DeepLabv3 models [230]. Bédard et al. [18] introduced contrast_agnostic,
a 3D model trained on a public dataset of healthy participants [16], which generalizes across
contrasts but struggles to segment the cord in pathological cases such as DCM as a conse-
quence of being trained only on healthy participants’ data. SClseg [153], a 3D model trained
exclusively on T2-weighted images for the segmentation of the spinal cord and intramedullary
lesions in DCM and SCI patients, improves segmentation in pathological cases but is limited
by its reliance on a single contrast. With the plethora of models specializing in a specific set
of contrasts and pathologies, there is a lack of standardization across all phases of developing
an automatic segmentation pipeline. Furthermore, no continuous learning pipeline is in place

to monitor the drift /degradation in the segmentation performance of these models over time.

Morphometric measures derived from spinal cord segmentations are highly dependent on the
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method used [16, 18] and may drift as the methods are iterated upon. This can result in a
discrepancy between normative values of healthy populations evaluated by each segmentation
method. In addition, morphometric measures suffer from large inter-subject variability due to
factors such as sex and age, limiting our ability to detect subtle morphometric changes [9,106,
231-234]. One approach to mitigate this variability is to compare them with morphometrics
obtained from healthy controls [9,106,225,234,235]. These normalization techniques assume
that the morphometrics of new subjects are computed using the same method as the original
normative database [9]. However, this is an assumption which no longer holds as segmentation
methods are iteratively improved upon, highlighting the need for population databases to

evolve alongside segmentation techniques.

Given that the aforementioned tools only target a limited set of pathologies, often with few
MRI contrasts, there is great value in unifying their specialized analyses into a single model
which could work with a substantially larger, cumulative, training set. With segmentation
frameworks such as nnUNetV2 [173], which has been widely adopted by the medical imag-
ing community due to its robustness and generalization to several modalities and neural
network architectures [98], achieving this objective is now possible. In addition, a standard-
ized training strategy to continuously update models over time, monitor performance drift
between various model updates, and manage model retraining would streamline these ap-
proaches substantially. Such a lifelong learning framework [236-238] ensures that the model
remains robust to shifts in the data distribution and continually refine their segmentation

performance across the diverse set of contrasts and pathologies [222].

To address these challenges, our study contributes the following:

1. An automatic spinal cord segmentation model trained on a multi-site dataset gathered
from 75 sites worldwide. This dataset consisted of 9 different MRI contrasts spanning
a wide range of image resolutions, including pathologies such as MS (with different

phenotypes), traumatic SCI (acute and chronic) and non-traumatic SCI.

2. A lifelong learning framework for developing models to segment new contrasts and
pathologies over time. This framework also presents an automatic workflow capable
of monitoring the drift in the spinal cord morphometrics across various versions of the

models using GitHub Actions.

3. Validation of the lifelong learning framework to update a normative database of spinal

cord morphometric measures [9)].

The proposed spinal cord segmentation model and normative database are open-source and
integrated into the Spinal Cord Toolbox (SCT) [86], accessible as of v7.0.
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6.2 DMaterials and Methods

6.2.1 Data curation and training protocol
Data and participants

Our real-world dataset contains data from 75 sites and 1, 631 participants, including healthy
participants (n = 428), people with degenerative cervical myelopathy (DCM; n = 359), spinal
cord injury (SCI; n = 286), MS or suspected MS (n = 164), amyotrophic lateral sclerosis
(ALS; n = 13), neuromyelitis optica spectrum disorder (NMOSD; n = 10), and syringomyelia
(SYR; n = 1). The MS cohort spanned different phenotypes, ranging from preclinical MS
stage (i.e., radiologically isolated syndrome, RIS; n = 61) to clinically definite MS, including
relapsing-remitting MS (RRMS; n = 249), and primary progressive MS (PPMS; n = 60).
Within the SCI cohort, the images spanned various phases and lesion etiologies of the injury,
namely traumatic (n = 171; intermediate and chronic), acute traumatic (pre-decompression)
SCI (n = 95), ischemic (n = 13), hemorrhagic (n = 5), and unknown (n = 2) lesions. A
single participant may contribute one or more different sequences, depending on the site,
resulting in a total of 3,453 images (3D volumes). The study included 9 different contrasts,
namely, T1-weighted (T1w; ny, = 318), T2-weighted (T2w; ny, = 1377), T2*-weighted
(T2*w; ny. = 499), diffusion-weighted (DWI; n,, = 243), gradient-echo sequence with
(MT-on; ny, = 248) and without (GRE-T1w; n., = 243) magnetization transfer pulse,
phase-sensitive inversion recovery (PSIR; ny, = 333), short tau inversion recovery (STIR;
vl = 89), and MP2RAGE UNIT1 (ny,, = 103). The images could cover any of the
cervical, thoracic and lumbar spinal regions (i.e. the model was trained on chunks containing
either of those regions). Whole-spine scans covering all regions are not used for training.
Spatial resolutions included isotropic (0.8 mm to 1 mm), anisotropic axially-oriented (in-
plane resolution: 0.29 mm to 1 mm; slice thickness: 1 mm to 9.3 mm) and sagittally-oriented
(in-plane resolution: 0.28 mm to 1 mm; slice thickness: 0.8 mm to 4.83 mm) images. Images
were acquired at 1T, 1.5T, 3T, and 7T on various scanner manufacturers (Siemens, Philips
and GE). Figure 6.1 shows the overall summary of the dataset and Table E.1 provides more

details on the distribution of image resolutions for each contrast.

Generating ground truth masks

We used the GT masks in the spine-generic multi-subject database, generated using the same
preprocessing procedure as described in Bédard et al. [18]. For the newly obtained datasets,
we initially performed a quality control (QC) using sct_qc, SCT’s visual QC tool [226].
Four experienced raters (ENK, SB, JV, JCA) qualitatively assessed the image-GT pairs and
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Figure 6.1 Overview of the dataset and image characteristics. Representative axial slices
of 9 contrasts and the total of images used for each contrast in brackets, the orientation
(axial /sagittal) along with the median resolution of images. The respective doughnut chart
illustrates the proportion of clinical status among the scanned participants, including healthy
controls (HC), patients with radiologically isolated syndrome (RIS), patients with multiple
sclerosis (MS) and their different phenotypes, including primary progressive (PPMS) and
relapsing-remitting (RRMS), patients with amyotrophic lateral sclerosis (ALS), patients with
neuromyelitis optica spectrum disorder (NMOSD), pre-decompression acute traumatic SCI
(AcuteSCI), post-decompression traumatic spinal cord injury (SCI), degenerative cervical
myelopathy (DCM), and syringomyelia (SYR; not shown). Labels indicate the phenotype
associated with the patient, with their respective colors shared across contrast sets.

flagged images with motion artifacts and poor signal quality to be excluded from training.
In cases where the GT masks were under- or over-segmented (e.g., due to the lower contrast
at the spinal cord-cerebrospinal fluid boundary or due to the presence of cord compression),
the GT masks were recreated using a combination of the contrast-agnostic model [18] and

manual corrections. In datasets with severe deformations to the spinal cord anatomy (e.g.,
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SCI and DCM), a pathology-specific model, SClseg [153,184] was used instead, followed by
manual corrections by JV and ENK. In pathologies involving intramedullary lesions (e.g.,
MS, SCI, and DCM), lesions were considered part of the spinal cord and included in the
GT masks. All GT masks were binarized using a threshold of 0.5 prior to preprocessing and
training to ensure uniformity. For each site, the data were split subject-wise following an
80% — 20% train-test split ratio, ensuring that participants with multiple scans (or multiple
sessions), were included either in the training set or the testing set (mutually exclusive). This
ensures that no data leakage between train and test splits could occur. After pooling the
training and testing data from each subject and each site, the aggregated dataset included

2,945 training and 508 testing images.

Data preprocessing, augmentation and training

We chose the nnUNet framework for training our spinal cord segmentation model as it eas-
ily allows future retraining of the model with new contrasts and pathologies and can also
be readily integrated into existing open-source packages such as SCT [86], SlicerNNUnet,

facilitating broader use by the spinal cord imaging community.

All images and GT masks were re-oriented to right-posterior-inferior (RPI). The median
resolution of images in the training set was [0.9 x 0.7 x 1] mm? and the median shape was
[96 x 320 x 318]. Images were resampled to the median resolution using spline interpolation
(order = 3), and GT masks were resampled using linear interpolation (order = 1). The
patch size was set to [64 x 224 x 160]. Standard data augmentation transforms in the
nnUNet pipeline, being randomly applied, were predefined with a probability (p) and called
in the following order: affine transformation (rotation and scaling; p = 0.2), Gaussian noise
addition (p = 0.1), Gaussian smoothing (p = 0.2), image brightness augmentation (p = 0.15),
simulation of low resolution with downsampling and upsampling factors sampled uniformly
from [0.5,1.0] (p = 0.25), gamma correction (p = 0.1), mirroring transform across all axes.

Lastly, all images were normalized using z-score normalization.

The network architecture is a standard convolutional neural network architecture with 6
layers in the encoder, starting with 32 feature maps at the initial layer and ending with
320 feature maps at the bottleneck (i.e. 32 — 64 — 128 — 256 — 320 — 320). The
network was trained with a combination of Dice [134] and cross-entropy losses. At each
layer, deep supervision [210] was also used, where auxiliary losses from the feature maps at
each upsampling resolution are added to the final loss. The model was trained using 5-fold
cross-validation for 1000 epochs, a batch size of two, and with the stochastic gradient descent

optimizer and a polynomial learning rate scheduler. All experiments were run on a single 48
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GB NVIDIA A6000 GPU.

6.2.2 Lifelong learning for morphometric drift monitoring

Figure 6.2 Overview of the lifelong learning strategy for continuous training of spinal cord
segmentation models. Unlabelled data containing various contrasts and pathologies, gathered
from multiple sites worldwide, are segmented automatically with an existing state-of-the-art
model and undergo visual quality control for inconsistencies in segmentations, excluding
data with artifacts. Labelled datasets are aggregated to train the spinal cord segmentation
model. Post-training, the model is deployed as an official release, triggering an automatic
GitHub Actions workflow that generates the segmentations, computes the morphometrics,
and actively monitors the drift in the morphometric variability between the current version
of the model and the previously released versions (automated tasks shown in the blue box).
As new data arrive, the process is repeated, enabling continuous (re)training of the models
to segment a diverse set of contrasts and pathologies.

We take an MLOps [239-241] approach to propose our lifelong learning framework for mon-
itoring morphometric drift across various versions of the model (Figure 6.2). Once the seg-
mentation model is trained, we deploy the model as an official release on GitHub!. The
release triggers an automatic GitHub Actions workflow that: (i) downloads the publicly
available dataset, (ii) runs the morphometric analysis, (iii) generates the plots quantifying
the drift in the performance between the current and previous versions of the model, and
(iv) updates the GitHub release assets by uploading the plots and the morphometric values.
It is worth emphasizing that all the above steps are performed automatically once a model is
released, thus facilitating model development through continuous integration and continuous

deployment (CI/CD) (see Algorithm 1 for pseudocode of the workflow). To ensure a fair com-

Thttps://github.com/sct-pipeline/contrast-agnostic-softseg-spinalcord /releases /tag/v3.0
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parison with our previous work? [18], the spinal cord cross-sectional area (CSA) is computed
on a frozen test of healthy participants (n = 49) containing 6 contrasts (T1w, T2w, T2*w,
DWI, MT-on, GRE-T1w) for each participant. More importantly, monitoring performance
drift among models on publicly-available participant data avoids data privacy issues when
running the morphometric analysis on the cloud using GitHub Actions workflows. Further-
more, running this task after each model finishes training ensures that the deployed model
does not drift too much from the stable version [18]. We can then use the current version
of the model (which is now the new state-of-the-art) to annotate existing or new unlabelled
datasets (arriving in the future), perform QC, add them to growing collection of datasets,
and retrain the next version of the model, closing the loop for a continuous learning strategy.
Note that this differs from the classical approach to lifelong/continual learning, where it is
assumed that access to previously available data is constrained or unavailable [88], as our

new models have unrestrained access to all prior data.

Algorithm 1 Pseudocode for Monitoring Morphometric Drift

name: Run morphometric analysis
on:
release:
types: [published]
jobs:
# job 1: Download the dataset hosted on git-annex
download_dataset: # define name for the job
steps:
# steps performed in the job
- name: Install git-annex
- name: Download test data using git-annex
- name: Cache downloaded dataset

# job 2: Compute morphometrics
compute_csa:
needs: download_dataset # requires previous job to finish
steps:
- name: Restore cached dataset
- name: Install Spinal Cord Toolbox
- name: Run morphometric analysis on test subset

# job 3: Generate plots
generate_plots:
needs: compute_csa
steps:
- name: Generate morphometric drift plots
- name: Upload plots to GitHub release

Our choice of using GitHub Actions workflow stems from the ease of accessibility of previous
spinal cord segmentation models in SCT [86]. When a new model is released on GitHub, it can

be easily downloaded using the command sct_deepseg spinalcord -install -custom-url

Zhttps://github.com/sct-pipeline/contrast-agnostic-softseg-spinalcord /releases/tag/v2.0
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<release-url> without having to install any model-specific packages. As a result, the
GitHub Actions workflow is simply tasked with installing SCT and running the above-
mentioned command for computing morphometrics across various models (accessible via the
URL of their releases).

6.2.3 Validation protocol
Evaluation metrics

To evaluate the segmentation accuracy quantitatively, we report the Dice coefficient, average
surface distance (ASD), and relative volume error (RVE) on the frozen test set mentioned
previously. For a more clinically-oriented assessment of the models, we also computed CSA
averaged over C2-C3 vertebral levels of the cervical spinal cord on the same test set predictions
to measure the morphometric variability for each model. These measurements are done as

follows:

1. CSA: The per-slice area (mm?) of the predicted segmentation was computed across all

slices and then averaged for each contrast.

2. CSA STD: For a given contrast, we computed the mean CSA over all slices averaged
across the C2-C3 vertebral level. This was repeated for all contrasts for a given partic-
ipant. Then, across all the participants, we computed the standard deviation (STD) of

CSA across all contrasts to assess CSA variability.

The underlying assumption is that one participant should have similar spinal cord CSA across

contrasts, with a lower CSA STD corresponding with a better model.

Qualitative evaluation on various contrasts and pathologies

We compared the segmentations between our model’s current and previous versions to eval-
uate the quality of segmentations on challenging cases, including severely compressed spinal
cords of DCM patients, and chronic hyperintense lesions of patients with SCI. We also eval-
uated our model’s ability to produce segmentations on MPRAGE T1map, resting state axial
gradient-echo echo-planar-imaging (GRE-EPI) on healthy participants and patients with cer-
vical radiculopathy, whole-spine scans of healthy participants [242] and scans acquired at 7T
to highlight the model’s ability to generalize to various MRI contrasts, fields-of-view, scanner

strengths, and pathologies unseen during training.

We quantitatively compared the proposed model (contrast_agnostic_v3.0) with its pre-

decessor (contrast_agnostic_v2.0) and existing open-source pathology-specific models,
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namely, sct_deepseg_sc [17] (for MS) and SClIsegV2 [153, 184] (for SCI and DCM) us-
ing the Dice score, Relative Volume Error (RVE) and Surface Distance, from the ANIMA
toolbox [176].

Quantitative evaluation of morphometric drift

We applied the proposed lifelong learning framework and quantified the drift in the morpho-
metric variability in terms of the STD of CSA across six contrasts (T2w, T1w, T2*w, MT-on,
GRE-T1w, and DWI). Specifically, once released, we let the GitHub Actions workflow run
the morphometric analysis and compare our proposed model against two existing spinal cord

segmentation methods; sct_deepseg_sc [17], and contrast_agnostic_v2.0 [18].

Ablation study with recursively-generated GT spinal cord masks

As described previously, the spinal cord masks used as GT during training are gathered from
multiple sites, containing a combination of manually annotated masks, masks obtained from
automatic pathology-specific models. As a result, the differences in delineating the spinal
cord-CSF boundary might vary across individual expert raters and the automatic methods
due to partial volume effects, hindering model performance. To eliminate this potential noise
in the distribution of GT masks gathered from multiple sites, we performed an ablation study
where the proposed model was used to produce new GT masks for the entire training set. In
practice, this was achieved by running the inference on the entire training dataset and using
the automatically generated predictions as the new GT masks for training the subsequent
model without any manual corrections. As inter-rater biases are eliminated, the new set of

GT masks represents a uniform distribution of GT labels.

Updating the normative database of spinal cord morphometrics

The database of healthy adult morphometrics proposed by Valosek et al. [9] included morpho-
metrics measures computed from 203 healthy individuals from the open-access Spine Generic
Multi-Subject dataset [16]. These morphometric measures were obtained from segmentations
generated with sct_deepseg_sc [17], with manual corrections for over/under segmentation
errors. As outlined in the Section 6.1, morphometric measures are dependent on the seg-
mentation method used. Therefore, we evaluated the following strategy of monitoring and

updating the normative database:

1. Generate new segmentations using the proposed contrast_agnostic_v3.0 model on

the T2w scans from 203 healthy participants in the normative database [9].
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2. Perform a manual quality control of the spinal cord segmentation masks. Compute
6 morphometric measures (CSA, anteroposterior diameter, transverse diameter, com-

pression ratio, eccentricity and solidity) from the segmentation masks [9].

3. Compute a scaling factor between the morphometric measures derived from different
segmentation models, allowing for comparison of morphometric measures across seg-

mentation models.

<metric> contrast_agnostic_v3.0
<metric> sct_deepseg_sc

scaling factor =

6.3 Results

6.3.1 Evaluation on various contrasts and pathologies
Qualitative comparison of segmentations

Figure 6.3 qualitatively compares the segmentations of contrast_agnostic_v3.0 (current
version), contrast_agnostic_v2.0 (previous version) and sct_deepseg_sc on healthy and
pathological scans. While all three models were trained on T1lw, T2w and T2*w contrasts,
contrast_agnostic_v2.0 was trained on healthy participant data only and sct_deepseg_sc
was trained on a multisite dataset of MS patients. We observed a noticeable improvement
in the segmentation of the heavily compressed spinal cord (with and without the presence
of lesions) in DCM patients with our current model (contrast_agnostic_v3.0). Note that
contrast_agnostic_v1.0 is not a model but only a preliminary collection of scripts used to

generate the soft ground truths [18].

Figure 6.4 qualitatively shows the segmentation outputs of the model across a wide variety of
contrasts and pathologies on both sagittal and axial orientations, including whole-spine scans.
The model accurately segments the spinal cord under compression (DCM), in cases where
the tubular structure of the cord is severely damaged (acute and chronic traumatic SCI) and
in the presence of lesions (MS) and atrophy (ALS). All the images used for visualization
belong to the test set gathered from different sites (as denoted by different subject IDs in
the bottom left) and have never been encountered during training. Notably, in the case of
whole-spine images, the model learned to segment the entire spine despite only being trained

independently on individual cervical, thoracic and lumbar segments.
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Figure 6.3 Comparison of segmentations between contrast_agnostic_v3.0 (current version,
highlighted), contrast_agnostic_v2.0 (previous version) and sct_deepseg_sc on healthy
controls (HC), DCM, SCI and MS patients on the test set (unseen during training). Red
arrows show the instances where the previous models fail, particularly under heavy compres-
sion (with/without lesions) in sub-860594, sub-6143 and sub-1860B.

Quantitative evaluation on healthy controls and pathologies

Table 6.1 presents a quantitative comparison of the current (contrast_agnostic_v3.0) and
previous (contrast_agnostic_v2.0) versions of the segmentation model in the lifelong train-
ing framework along with the existing pathology-specific models on test sets gathered from
multiple sites containing healthy participant and pathological data. Starting with a compari-
son of the models on the frozen test set of healthy participants (Table 6.1A), we then present
results for test sets containing T2*w images of MS patients from two sites (Table 6.1B), axial
and sagittal T2w scans of DCM patients from two sites (Table 6.1C), and axial and sagittal
T2w scans of traumatic SCI (acute, intermediate and chronic phases) from six sites (Ta-
ble Table 6.1D). In all comparisons, the proposed contrast_agnostic_v3.0 model achieved
similar or better performance compared to the previous state-of-the-art or pathology-specific

models.

6.3.2 Quantitative evaluation of morphometric drift across model versions
Variability of CSA across contrasts

The figures below are automatically output by the GitHub Actions workflow in the proposed

lifelong training framework.

Figure 6.5 shows the CSA STD across six contrasts on the test set of healthy participants
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Figure 6.4 Qualitative visualization of the proposed contrast_agnostic_v3.0 model’s seg-
mentations across various contrasts and pathologies on test images from multiple sites. Our
model accurately segments compressed spinal cords, severely damaged cords due to injury,
and cords with the presence of lesions. Legend: SCI=spinal cord injury, DCM=degenerative
cervical myelopathy, MS=multiple sclerosis, NMO=neuromyelitis optica, ALS=amyotrophic
lateral sclerosis, CR=cervical radiculopathy, and HC=healthy control.
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Table 6.1 Quantitative comparison of spinal cord segmentations for previous segmentation
methods on the test set (n = 49 participants; n,,. = 294 images) averaged across all contrasts.
Quantitative comparison on patients with MS on T2*w contrast (n = 36 participants; n,.. =
36 images). Quantitative comparison on patients with DCM on axial and sagittal T2w scans
(nyer. = 39). RVE stands for Relative Volume Error, and ASD stands for Average Surface
Distance. Best results are in bold.

Methods Dice (1) RVE (%) ASD (J)
Opt. value: 1 Opt. value: 0 Opt. value: 0

A) Healthy participants (n = 49; 6 contrasts per participant; n,, = 294)

sct_deepseg_sc 0.95 £ 0.03 -0.18 £ 8.95 0.04 £ 0.27
contrast_agnostic_v2.0 0.95 + 0.02 -0.05 £+ 4.18 0.02 + 0.12
contrast_agnostic_v3.0 (proposed) 0.96 + 0.02 -0.76 + 4.59 0.04 + 0.27
B) Patients with MS (n = 36; T2*w contrast; ny, = 36)
sct_deepseg_sc 0.94 + 0.02 -9.03 £ 3.35 0.003 £+ 0.009
contrast_agnostic_v2.0 0.94 £ 0.01 -10.12 £+ 2.89 0.009 + 0.016

contrast_agnostic_v3.0 (proposed) 0.96 + 0.01 -5.34 + 2.89  0.005 + 0.014
C) Patients with DCM (n = 39; T2w contrast; n,, = 39)

SCIsegV2 0.97 + 0.01 -2.34 + 1.79 0.001 4+ 0.001

contrast_agnostic_v2.0 0.91 £ 0.02 -11.91 £ 4.16 0.01 + 0.04

contrast_agnostic_v3.0 (proposed) 0.96 + 0.01 -2.51 +2.25 0.001 + 0.001
D) Patients with SCI (n = 60; T2w contrast; ny,; = 60)

SCIsegV2 0.93 + 0.04 5.22 £ 7.63 0.01 + 0.01

sct_deepseg_sc 0.82 £ 0.23 -13.68 £ 24.1 7.61 + 31.87

contrast_agnostic_v2.0 0.74 £ 0.17 -28.81 £ 20.49 1.38 £ 4.56

contrast_agnostic_v3.0 (proposed) 0.93 £ 0.06 1.75 £+ 14.63 0.01 + 0.04

(n = 49; nyo = 294) of the spine-generic Multi-Subject database [16] between three meth-
ods: (i) sct_deepseg_sc [17], (ii) contrast_agnostic_v2.0 [18], and the current version,
contrast_agnostic_v3.0. The contrast_agnostic_v3.0 model obtained relatively more
stable segmentations with the lowest STD of CSA across contrasts compared to the other
methods. Figure S1 plots the variability in spinal cord CSA per each individual contrast.
Similar to the analysis of CSA variability across contrasts, we also plot the variability in
CSA across 3 vendors (GE, Siemens, and Philips) on a test set containing scans of a healthy

participant acquired from 15 sites in Figure E.1.

In Figure 6.6, we plot the level of agreement between the CSA estimated by the models on
the commonly used T1w and T2w contrasts on the same test set described above. In addition
to segmenting a wide range of contrasts and pathologies as shown in the previous figures,

the contrast_agnostic_v3.0 model achieves a similar alignment between Tlw and T2w
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Figure 6.5 CSA variability measured in terms of the standard deviation across 6 contrasts
on a test set of healthy participants (n = 49). Our proposed model achieved the lowest
STD averaged across 6 contrasts (i.e. each point shows the mean of 6 contrasts for the given
participant) showing more stability in segmentations across contrasts. The lower the CSA
STD across contrasts, the better.

contrasts as contrast_agnostic_v2.0 was trained only on a healthy participant database.

CSA variability with recursively-generated GT masks

Since the GT masks for each contrast and pathology in the training set are a mixture of man-
ual segmentations from different raters and automatic segmentations from different models,
the collection of GT masks can be seen as a noisy distribution of segmentations with high
variability at the spinal cord-CSF boundary. Figure 6.7 shows the results of our ablation
study where all the GT masks were re-generated with contrast_agnostic_v3.0, and a new
model was trained on the resulting collection. Recall that no manual corrections (or QC)
were performed to maintain a uniform distribution of the regenerated GT masks. We used
the same test set of healthy participants (n = 49, 6 contrasts) from the spine-generic multi-
subject database and compared two models: (i) the proposed model with the original (noisy)
distribution of GT masks (shown with the green violin plot), and (ii) the proposed model,
but trained on the new (uniform) distribution of the GT masks (shown with the blue violin
plot). We observed that the model trained on the recursively generated GT masks showed
a slightly higher STD across contrasts compared to the model trained on the original GT
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Figure 6.6 Level of agreement between CSA at C2-C3 on Tlw and T2w contrasts for
contrast_agnostic_v3.0, contrast_agnostic_v2.0 and sct_deepseg_sc. Kach point

represents one participant. The black dashed line represents perfect agreement between
the CSA of T1lw and T2w contrasts.

masks. In Figure E.2, we also plot the variability in CSA per contrast between the two meth-
ods, demonstrating how the model trained on recurisely generated GT masks underestimated
the CSA on all contrasts.

Normative database results

Figure 6.8A shows the plots for 6 different morphometric measures computed on 203 healthy
participants using two versions of segmentation masks: (i) segmentations from sct_deepseg_sc
with manual corrections (pink) used in [9] and (ii) segmentations from the proposed model
contrast_agnostic_v3.0 (green, no manual correction). Given the difference in the segmen-
tations at the cord-CSF boundary, we present the scaling factor between the morphometric
measures computed with the 2 methods in Figure Figure 6.8B. We observed that the scaling
factor is nearly constant among slices across the given vertebral levels. For the benefit of

future studies using the normative database of spinal cord morphometrics, they have been
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Figure 6.7 Standard deviation of the CSA across 6 contrasts for models trained on: (i)
recursively generated GT masks (blue), and (ii) original GT masks (green). Each point
shows the mean of 6 contrasts for the given participant. The model trained on noisy labels
tends to produce stable segmentations resulting in a lower STD across contrasts. The lower
the CSA STD across contrasts, the better.

made open-source.

6.4 Discussion and Conclusion

In this study, we presented an automatic model for the robust segmentation of the spinal
cord across different MRI contrasts and pathologies. Our model was developed using hetero-
geneous data gathered from 75 clinical sites and hospitals worldwide, acquired with different
resolutions, orientations, field strengths, and scanner manufacturers. We have shown that
our proposed model provides reliable spinal cord segmentation on MRI scans across differ-
ent pathologies including spinal cord compression (asymptomatic compression and DCM),
atrophy (ALS), severely injured spinal cords in traumatic SCI, and spinal cords containing
intramedullary lesions (SCI and MS). To facilitate the continual development of segmentation
models over time, we presented a lifelong learning scenario to automatically monitor the drift
in morphometric variability across various model versions and enable periodic retraining by
adding new contrasts and pathologies. As a real-world application of the lifelong learning

framework, we applied the most recent version of our spinal cord segmentation model to

3https://github.com/spinalcordtoolbox/PAM50-normalized-metrics /releases/tag/r20250321
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Figure 6.8 (A) Morphometric measures computed on n = 203 healthy participants from
the Spine Generic Dataset [16] for 6 morphometric measures using 2 different segmentation
methods: sct_deepseg_sc with manual correction (green) and contrast_agnostic_v3.0
(orange) with (B) scaling factor between the methods means + std are displayed. Metrics
are shown in the PAMb0 space.

update the morphometric measures of a normative database of healthy adults.



117

6.4.1 Data curation

Data gathered from multiple sites tends to be noisy in many respects, due in part to various
imaging artifacts, metallic hardware, and environmental noise. While noisy GT masks are
inevitable due to inter-rater variability, they could potentially be useful for training robust
segmentation models [243, 244]. However, noise in training data tends to disrupt model
training by making the models unintentionally focus on such outliers [93, 245], resulting in
poor overall segmentation and inaccurate evaluation of the models’ performance. In our
proposed lifelong training scenario, it was critical to ensure the quality of the input data at
each step of model development over time, as our segmentation models were trained from
scratch on all the previous and new data. To account for this, we labelled each new dataset
containing new contrasts or pathologies with existing automatic models [17,18,153] and used
sct_qc (SCT’s visual QC tool) to quickly identify cases with failed segmentations requiring
manual corrections and flagged images with strong artifacts for exclusion. These QC reports
provide a compressed snapshot of the dataset, which is useful for sharing with the clinical
sites [246].

6.4.2 Lifelong learning segmentation of the spinal cord
Robustness across contrasts and pathologies

Gathering datasets containing new contrasts and pathologies over time, and training a
model on this aggregated dataset resulted in robust segmentation of the spinal cord on
a wide range of contrasts and pathologies. As seen in Figure 6.3 and Figure 6.4, the
contrast_agnostic_v3.0 model performed comparatively well when measured against the
performance of previous models when applied to unseen images, benefitting from the lifelong
learning strategy of updating the training database with new contrasts and pathologies. This
was particularly notable for samples which exhibited severe compression, in the presence of
both hyper /hypo-intense lesions (MS and its phenotypes and different SCI phases), on lum-
bar spine, and unusual scanner strengths (7T MP2RAGE). Our model also performed well
by generalizing to MRI contrasts not included in the training set (e.g., MPRAGE T1lmap,
GRE-EPI, and Fieldmap images). Interestingly, the model was also capable of accurate
whole-spine segmentation, despite only being trained on “chunks” of individual spinal regions.
This echoes the findings of our recent study, which found that segmentation models do not
benefit from additional context when trained on scans covering the entire spinal cord [247].
The competitive performance of the proposed model compared to existing pathology-specific

models (Table 6.1) highlights the advantage of continually developing segmentation models



118

over time as it reduces the cost of maintaining multiple models while ensuring that single

class of models can be trained to be contrast- and pathology-agnostic over time.

Automatic monitoring of morphometric drift

Continuous monitoring of deployed models in production is a standard practice in MLOps
pipelines, achieved through software technologies such as Docker, GitHub Actions, Kuber-
netes, and Git LFS [241, 248, 249]. In a continuous learning system, monitoring deployed
models is critical to ensure that the performance of the models on downstream tasks does
not significantly degrade throughout their evolution [237]. Performance drifts could be caused
by shifts in the input data distribution, typically manifesting in the form of changes in the
participant demographics (e.g., adult population to pediatric population) and acquisition pa-
rameters (e.g. 3T data to 7T data) [250]. Therefore, monitoring morphometric drift between
various model versions is crucial, as downstream tasks which rely on quantifying changes in
the spinal cord morphometry are strongly tied to the accuracy of the segmentation [9,251].
In this regard, our proposed automatic workflow for monitoring morphometric drift provides
a quick feedback loop with two possible outcomes: (i) the magnitude of drift in the CSA vari-
ability with the new model is high, thus requiring re-evaluation of the data curation and/or
model training steps to bring the drift within an acceptable range, or, (ii) the magnitude
of CSA drift is within an acceptable range of the previous “stable” version, making it the
new state-of-the-art for annotating (new) unlabeled data to train subsequent models. Also,
note that the proposed lifelong learning framework using GitHub Actions is not specific to
spinal cord segmentation but can be reused for any other segmentation task involving the

development of multiple models over time.

Training on recursively generated labels

Any form of human intervention is undesirable in a post-deployment lifelong learning sce-
nario making it prone to errors. However, existing models are unable to automatically utilize
incoming data as it arrives [236,237,250|, necessitating periodic checks to prevent degrada-
tion of model performance. While our proposed continuous training strategy automatically
monitors the drift in morphometric variability after training, one could also automate the
re-training process, thus making the continuous learning loop fully automatic. Currently,
when new data arrives, we rely on the combination of automatic annotation using the lat-
est version of the model and performing visual QC, identifying cases with failed/incorrect
segmentations for manual corrections. What if we forego this data curation step involving

manual intervention?
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In our attempt to evaluate the potential of such an approach (Figure 6.7, Figure S3), we
observed that the model underestimated the average CSA on a healthy subset of partici-
pants for each of the 6 contrasts and resulted in a higher CSA STD across contrasts, when
compared to the performance of the model trained on the original GT masks obtained from
a combination of automatic and manual segmentations. Recent research in the context of
text generation and image synthesis [252] has shown that multiple iterations of training on
recursively generated data tend to make the model catastrophically forget [88] the underly-
ing true data distribution, leading to model collapse, something which we did not observe.
Given the inconsistencies in manual/automatic segmentations at the cord-CSF boundary ow-
ing to varying partial volume effects with images of different contrasts and resolutions, we
hypothesize that training on such noisy labels acted as an inherent regularizer, making the
model more robust across contrasts. On the other hand, training on uniform distribution of
model-generated segmentations where the inconsistencies have been smoothed out, the model
tends to under-segment the spinal cord, something which would need to be kept in mind for

analyses based on models trained this way.

Binary vs. soft masks

While training directly on soft masks still achieves the lowest morphometric variability across
contrasts [18], the registration step (which requires mutual co-registration of all contrasts)
requires more than one contrast per participant, becoming a bottleneck in developing seg-
mentation models, as well as further manual intervention in correcting registration outputs
across both healthy and pathological data. Furthermore, training on soft masks requires
converting existing datasets with binary GT masks to soft masks within an appropriate
contrast-dependent threshold. Given the lifelong learning framework for developing segmen-
tation models, the softness of the masks from one model cannot be accurately quantified to
match the softness for the next model, owing to partial volume effects and differences in the
training data distribution, subtly biasing the ground truth with subsequent newer versions
of the model. On the contrary, training on binarized GT masks (thresholded at 0.5) presents
a simple and scalable solution, reducing the impact of model-specific biases as most models
tend to be uncertain at the boundaries of the segmentation masks [53]. While training on
binary masks is scalable in a lifelong learning framework, it could potentially be limiting in
cases where the CSA is small at the tip of the spinal cord. At these regions, soft masks can

better represent the partial volume compared to binary masks.
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6.4.3 Application on normative database of morphometrics

Keeping an updated normative morphometrics database is crucial to maintaining lifelong
models (9], as it allows users to relate their measurements obtained using the latest seg-
mentation method up-to-date. Additionally, when adding new individuals to the normative
database, one should re-segment all images within it using the latest segmentation method
to ensure the database follows the state of the model. Maintaining and updating such a
dataset requires coordination across the segmentation model, the SCT software, and the
Spine Generic dataset, a process not currently implemented, but can be accomplished using
GitHub Actions. The scaling factors identified using our framework also ensures backward
compatibility with previous segmentation methods included in SCT (i.e., sct_deepseg_sc),
allowing researchers to compare morphometric measures derived from different segmentation
models. We encourage users to update to contrast_agnostic_v3.0, however, as it signifi-
cantly improves the spinal cord segmentation robustness in previously difficult pathologies,

such as cord compression and spinal cord injury.

6.4.4 Limitations

A major limitation of this study is that our strategy for monitoring and evaluating morpho-
metric drift across various model versions depends on a fixed set of contrasts (n==6) in a frozen
test set of healthy participants. While newer models may generalize well to other pathologies
and contrasts, their true performance could be limited by the evaluation of the CSA on only
6 contrasts. Future work could add better methods for evaluating morphometric drift (e.g.
by computing other commonly used spinal cord morphometrics) on data from both healthy
participants and from participants with spinal cord pathologies. With the rise of open-source
challenges targeting specific spinal cord pathologies®, our GitHub Actions-based workflows
could be adapted to include evaluations not only of healthy participants but on participants

with pathologies as well.

Another issue is the stagnation of the training data distribution when developing models over
time. With subsequent models being trained on new data (potentially from different popula-
tions - pediatric, adult and geriatric), the data distribution used for the earliest model might
no longer be representative of the current distribution. In such cases, comparing histogram-
based distribution shifts using KL divergence, or detecting drifts in the feature space by
extracting radiomic features [253] could ensure the continued relevance of the training and

test sets for evaluating future models. If the drift between data distribution is large, keeping

4https://portal fli-iam.irisa.fr/ms-multi-spine/
Shttps://ivdm3seg.weebly.com
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only a subset of the old data when training new models is recommended.

6.4.5 Conclusion

This study introduces an automatic tool for the robust segmentation of the spinal cord across
various MRI contrasts and spinal pathologies. The model was trained on diverse datasets col-
lected from 75 clinical sites and hospitals worldwide, with heterogeneous image resolutions,
orientations, field strengths, and scanner manufacturers. Our results demonstrate that the
model effectively segments spinal cord scans from healthy participants, as well as from those
with compressions, atrophy, intramedullary lesions and SCI. To support the continuous im-
provement of segmentation models, we propose a lifelong learning framework which automat-
ically monitors the drifts in morphometric variability across model versions. The proposed
framework facilitates periodic retraining by incorporating new contrasts and pathologies and
provides a quick feedback loop for developing future segmentation models. As a real-world
application of this framework, we employed the proposed spinal cord segmentation model to
update morphometric measurements in a normative database of healthy adults. Our results
showed that the scaling factor required to update the database of morphometric measures
is nearly constant among slices across the given vertebral levels, showing minimum drift be-
tween the current and previous versions of the model trained within the lifelong learning

framework.
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CHAPTER 7 GENERAL DISCUSSION

In the three previous chapters, we have presented three studies addressing our primary objec-
tive of developing open-source, generalizable segmentation tools to better estimate imaging
biomarkers. In this chapter, we bring together the contributions from each of these studies
and provide some perspectives on automatic spinal cord and lesion segmentation, discuss the

clinical impact and present a few possible directions for future research.

7.1 Towards Continuous and Generalizable Spinal Cord and Lesion Segmenta-

tion

7.1.1 Human-in-the-loop active learning helps alleviate manual annotation bot-

tlenecks

The lack of large, diverse datasets and the high cost of expert annotations are recurring
themes in medical image segmentation tasks [24, 147, 254]. Combining the existing chal-
lenges with spinal cord imaging along with the limited prevalence of certain neurological
diseases, obtaining large datasets for training robust ML models for spinal cord-specific tasks
is challenging. Designing standardized acquisition protocols [42], establishing disease-specific
consortiums (CanProCo [255], Praxis (praxisinstitute.org), etc.), and organizing open-source
challenges [83-85, 176 present some of the ways to build large-scale and diverse datasets.
Gathering diverse datasets solves only half the problem; labeling them presents the more
significant challenge. There is a need for automatic tools as several MRI-based clinical
biomarkers, especially for disease prognosis and diagnosis and monitoring disease progres-
sion, depend on the robust segmentation of the spinal cord segmentation as a key prerequi-
site [102, 106, 184].

Iterative, semi-automatic approaches in data labeling reduce annotation costs while also
scaling to large cohorts [60, 147, 148]. Given a small, expert-annotated dataset for initial
training, models can be iteratively improved by bootstrapping automatic predictions with
partial human oversight via quality control, thereby reducing the need for expert intervention
when labeling large datasets. To this end, we have applied human-in-the-loop active learning
as a recurring approach in this thesis to help create large datasets with spinal cord and
lesion masks and, in the process, develop robust segmentation tools that could aid semi-
automatic labeling in future studies. In Chapter 4, we have demonstrated that a three-phase

AL approach, by refining intermediate segmentations and iterative training on a diverse
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cohort, produced automatically segmented lesion biomarkers showing high agreement with
manually-derived measures. Likewise, in Chapter 6, we have utilized the pathology-specific
models to generate spinal cord segmentations for a wide variety of contrasts and developed

a contrast-agnostic model trained on multisite dataset consisting of 75 sites.

As the barrier to train ML models on large medical datasets decreases with advancements in
image acquisition technologies and decreasing computational costs, it is imperative to create
high-quality labeled datasets that allow these models generalize to unseen data distributions,

ultimately translating to clinical workflows.

7.1.2 Importance of simple yet rigorously-validated architectures

The existence of benchmarking datasets such as BraTS [70] and Decathlon [256] has resulted
in the development of numerous segmentation models spanning various classes of model
architectures [24, 25, 257]. Therefore, with such variety in model architectures comes the
issue of actual wutility of these models. Most methods tend to be developed in highly spe-
cific computational environments without rigorous validation on unseen, out-of-distribution
data [98, 141, 142]. Furthermore, it is not difficult to notice that most approaches report
merely incremental improvements over previous methods (sometimes even without error in-
tervals! [142]). Therefore, this begs the question, do increasingly complex architectures offer
substantial advantages over proven models such as nnUNet, or do they only provide marginal
improvements at a larger computational cost? Benchmarking studies have reported that CNN
models achieve both speed and accuracy over transformer and SSM-based models, making it
a tradeoff between efficiency and computational cost [129,131]. This is concerning because
researchers routinely face the dilemma of spending months tinkering with fancy new archi-
tectures that do not guarantee significant improvements on their task-of-interest, or, going

with robust, time-tested approaches and risk rejection as they are not “novel” enough.

We have focused on the robust, widely-adopted, CNN-based architecture for developing the
segmentation tools in this thesis. With the rise of large language models, there has a been visi-
ble push towards adopting transformer-based architectures [131]. However, naive transformer
models are still compute-hungry, requiring large amounts of GPU memory for the quadratic-
complexity self-attention mechanism and typically require larger training datasets [131].
Moreover, as seen in Chapter 5, large images patches are required to model the context
around the spinal cord, which, when using transformers, quickly runs into out-of-memory
errors as they typically utilize small patches [257]. Lastly, studies such as [98,129,131] have
pointed out that despite the hype towards novel architectures, CNN-based architectures,

when appropriately-tuned for a given segmentation task, outperform most state-of-the-art
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methods under a fraction of the total training time and computational resources, further

reinforcing our decision to use simple CNNs.

7.1.3 Need for clinically-oriented measures beyond pure segmentation metrics

We are witnessing an exponential rise in the various ways in which ML models are applied
for medical imaging tasks [1, 148]. Yet, only a tiny fraction of these models are translated
into clinical workflows [14]. Two of the key issues in this failure to translate to clinical
practice are: (i) inappropriate choice of validation metrics that do not accurately evaluate
the underlying task, and (ii) over-reliance of chosen quantitative metrics as the measure
of superiority over other methods. For instance, considering how the most-commonly used
measure, Dice similarity score, provides a false impression when evaluating small structures
(Figure 2.15). Instead of relying on one or two metrics, it is critical to use multiple metrics
across different families (overlap-based, volume-based, and distance-based) to account for

their complementary properties.

While selecting appropriate metrics across different classes is beneficial, it is not a complete
solution, as metric values can be influenced when used as loss functions for neural network
training. Hence, we went a step beyond in this thesis. Specifically, with each automatic
tool presented, we have identified appropriate clinically-targeted measures to evaluate our
proposed approach in addition to reporting the standard metrics quantifying segmentation
accuracy. For instance, in Chapter 4, we have used intramedullary lesion length, total lesion
volume, and tissue bridges as surrogate measures to evaluate the clinical utility of SClseg
compared to other approaches. Likewise, in Chapters 5 and 6, we have defined the variability
in the spinal cord cross-sectional area (CSA) across contrasts as a surrogate clinical metric to
compare the performance of various approaches. It is important to note that in tasks where
the object-of-interest is large with respect to the background (e.g. spinal cord), competing
approaches often perform similarly with a few percentage points of difference (e.g. see Ta-
ble 5.2, Figure 4.4, and Table 6.1). In such cases, it becomes imperative to define proxy
measures (in our case, quantifying the variability of spinal cord CSA) to observe meaningful

differences between competing methods (Figures 5.6, 5.7 and 5.9).

7.1.4 Facilitating continuous development of segmentation models

Similar to how software evolves in its life cycle, ML models too will continue to develop with
newer models becoming capable of solving diverse range of tasks. In the context of large
language models, continued pretraining is one of the approaches used to steer models towards

new or out-of-distribution domains of knowledge [258,259]. Likewise, segmentation models



125

trained on a static, “timestamped” version of a dataset will continue to evolve and refine
their segmentation capabilities as datasets are updated with new contrasts and pathologies
added over time. Therefore, it is critical to design segmentation frameworks that allow
for continuous training in the background once the model is deployed. More importantly,
as medical data are gathered from heterogenous sources including different scanners and
acquisition protocols, monitoring for performance drift over subsequent versions is crucial.
With enough iterations, such a lifelong learning framework can enable segmentation models

to handle out-of-distribution data effectively.

To this end, we presented a post-deployment lifelong learning scenario for spinal cord segmen-
tation as a proof-of-concept in Chapter 6. Borrowing from standard MLOps practices, we set
up a GitHub Actions workflow to automatically monitor for performance drifts (specifically,
the morphometric variability in spinal cord CSA) across various model versions. Initially,
human intervention was required to refine automatic predictions for further training, pre-
venting the framework from being fully autonomous. Yet, this manual step may no longer

be necessary as the models continuously improve.

7.2 Prospect of Application and Clinical Impact

Manual estimation of imaging biomarkers is a bottleneck that introduces rater bias and limits
monocentric studies from scaling to large, multi-site cohorts. The existence of automatic
tools developed using diverse, multi-site datasets has the potential to aid future studies by
reducing rater bias and result in objective estimation of imaging biomarkers. To this end,
the reliability of SClseg predictions for measuring midsagittal tissue bridges was evaluated in
a recent study [151], concluding that intra-class correlation coefficient between manual and
automated measures were excellent. Furthermore, Schading-Sassenhausen et al. [152] studied
the relation between spinal tract damage and the development of spastic muscle tone in SCI
patients using automatic spinal cord and lesion masks. Oliva et al. [260] used our contrast-
agnostic spinal cord segmentation tool to obtain segmentation masks from motion-corrected
functional images to study hand function using simultaneous brain-spinal cord functional
MRI. Likewise, Muhammad et al. [123] used automatic cord segmentations to characterize
morphometrics of the compressed spinal cord in DCM patients. Together, these studies

demonstrate the clinical utility of the segmentation tools presented in this thesis.
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7.3 Avenues for Future Research

Longitudinal analysis The robust segmentation tools for lesions and the spinal cord
can be employed for longitudinal monitoring of imaging biomarkers in SCI. For instance,
measuring the volume and length of the lesions, and the remaining tissue bridges surrounding
the lesion could provide an objective, unbiased approach to guiding rehabilitation decision

making and stratifying patients into homogeneous subgroups of recovery in clinical trials.

Likewise, monitoring cord atrophy could enhance our pathophysiological understanding of
various neurological diseases. In MS, cervical spinal cord atrophy correlates with disability
and can predict conversion to progressive MS. Monitoring this atrophy using the contrast-
agnostic spinal cord segmentation tool can help in tracking disease progression, assess the
impact of interventions, and identifying patients at a higher risk to improve patient selection

for clinical trials.

Model Zoo / Weight-space learning For solving a particular task using DL, it is com-
mon to train hundreds (or even thousands) of models with different hyperparameter combi-
nations. This experimentation phase results in several checkpoints (i.e. .pt files) containing
model parameters/weights required to solve the task up to a certain extent (assuming it is
trained until convergence). Out of this bag of checkpoints, one model whose parameters
obtain the best validation accuracy is chosen and the rest are discarded. Consider a scenario
where these checkpoints are not discarded. Given the recent surge in diffusion models for
image generation [261,262], what if we train a diffusion model on the pretrained checkpoints
to generate the optimal set of weights used to solve a particular task? The idea of using
generative models on model checkpoints was first proposed by Peebles et al. [263], where,
using the checkpoints as input, a diffusion model was trained to generate optimized network
parameters. At test time, by providing a loss value and a set of randomly-initialized pa-
rameters, the diffusion model generates a set of optimal parameters, essentially solving the

downstream classification task in one shot.

Currently, SCT hosts several models, each for solving a particular segmentation task (e.g.
spinal cord, lesions, gray matter, canal, etc.) using a similar nnUNet-based architecture.
By gathering the weights of the deployed models and the weights of all the models in the
experimentation phase, one could create a dataset of nnUNet checkpoints. Then, using the
previous approach, a diffusion model could be trained to generate the optimal weights for any
of the tasks. The main advantage here is that instead of having N models for N tasks, we
could have one model solving N tasks as it has been trained on checkpoints of all these tasks.

Proof-of-concept results from the original paper were reported on MNIST digit classification
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pretrained with thousands of checkpoints. Its scalability of larger models and more complex

tasks could be a critical limitation that remains to be explored.

Leveraging multiple modalities All the methods presented in this thesis are unimodal,
that is, the models have been trained with image data (spinal cord MRI scans) only. Recent
research has shown that models fusing data from multiple modalities perform better than
unimodal models on average [264,265]. Text, in the form of natural language, is the one of the
commonly used modality in medicine. Unlike X-ray datasets containing paired text-image
data with radiographic reports describing the contents of the image, gathering text data in
MRI datasets is challenging. Researchers typically use predefined templates or large language
models (GPT-40) for generating text [266]. In addition to textual input, tabular data is an-
other common modality combined with images. Existing studies have used clinical tables to
train multimodal models and have reported improvments over unimodal ones [267,268|. Fu-
ture works could consider utilizing subject-specific metadata from participants.tsv file in
BIDS-structured datasets as additional inputs during training. For example, the inputs could

be conditioned on the subject age/sex/clinical status to encode subject-specific information.

Augmenting SCT with AT agents We have presented two tools, contrast-agnostic spinal
cord segmentation [18] and lesion segmentation in SCI patients [153], both accessible via
the SCT package. Likewise, segmentation tools for lesions [247], rootlets [269] and other
spinal structures [270] have been developed. These DI-based tools complement the existing
image processing functionalities of SCT including registration (sct_register_multimodal),
motion correction (sct_dmri_moco), segmentation analysis (sct_analyze_lesion), etc. No-
tably, the aforementioned tools are accessible to the user via command line interface. Alter-
natively, with the success of large language models, a system can use the language models
as "agents" that can use external tools to perform tasks beyond text generation. Through a
unified natural language interface, this approach coordinates multiple specialized models, en-
abling them to collaborate on complex tasks that exceed the capabilities of any single model
[271,272]. For example, currently, if a user wants segment the spinal cord, they would have to
run: sct_deepseg spinalcord -i <path/to/image>.nii.gz -o <path/to/output>.nii.gz.
As SCT evolves, the command used to run the segmentation algorithm could change. In the
scenario where SCT is augmented with agentic capabilities, a simple prompt: Output the
spinal cord segmentation mask for this image <upload image>, could perform this
task in three steps: (i) trigger the agent that fetches the spinal cord segmentation tool, (ii)
runs inference with the model, and (iii) outputs the mask. While the example only highlights

spinal cord segmentation, such prompts could be used to segment lesions or generate lesion
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statistics. As the tools within SCT get more robust, having an agent interact with all the

available tools simplifies the maintenance while also making it more user-friendly.
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CHAPTER 8 CONCLUSION

In this thesis, we have presented tools for the automatic segmentation of the spinal cord
and lesions across a wide spectrum of contrasts and pathologies for improved estimation of
imaging biomarkers. We have explored human-in-the-loop active learning as a means to iter-
atively annotate and train models on large, diverse training cohorts and developed a lifelong
learning framework facilitating continuous development of spinal cord segmentation models.
Segmentation models in medical imaging will continue to be developed in the future. This
thesis advocates for better evaluation of such models by identifying the clinically-targeted

quantitative measures going beyond pure segmentation metrics.
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APPENDIX A

Automatic measurement of tissue bridges in SCI

Traumatic and non-traumatic SCI commonly involve intramedullary lesions, which are critical
areas of tissue damage within the SC. MRI is routinely used to provide information on the
extent and the location of these intramedullary lesions [34,121,273]. Importantly, MRI scans
can also be used to compute quantitative biomarkers, such as midsagittal tissue bridges [159].
These help in quantifying the amount of preserved SC neural tissue (carrying motor and
sensory information to and from the brain) and have been found to predict functional recovery
in patients with traumatic and non-traumatic SCI [101, 109, 159,170,274, 275].

Quantifying tissue bridges

The manual measurement of tissue bridges is performed on a single midsagittal slice of a vol-
umetric (3D) T2w MRI image [101,109,159,164,170,274,275] (Figure A.1A). The midsagittal
slice is defined as the middle slice of all slices where the SC is visible (Figure A.1B). Ventral
and dorsal tissue bridges are quantified as the width of spared tissue at the minimum distance

from the intramedullary lesion edge to the boundary between the SC and cerebrospinal fluid
(Figure A.1C).

To automate the measurement of tissue bridges, we propose a method that computes ventral
and dorsal tissue bridges utilizing the lesion and SC segmentation masks. To compensate
for different neck positions and, consequently, different SC curvatures, we use angle correc-
tion, which adjusts the tissue bridge widths with respect to the SC centerline. The method
computes tissue bridges from all sagittal slices containing the lesion, allowing quantification
of not only midsagittal but parasagittal tissue bridges as well. For the purpose of this study
(and to compare against existing manual measurements based on midsagittal tissue bridges),

we considered only the midsagittal slice for the automatic measurement of the tissue bridges.

Evaluation To validate the automatic measurements of the tissue bridges, we compared
the method against manual and semi-automatic techniques in 15 individuals with traumatic
SCI from site 1. Specifically, we compared the following: (1) manual — manual measure-
ment of tissue bridges on manually segmented intramedullary lesions, (2) semi-automatic
— automatic measurement of the tissue bridges using the proposed method on manually

segmented intramedullary lesions, and (3) fully-automatic — automatic measurement of
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Figure A.1 Illustration of tissue bridges. A) Volumetric T2w image of a spinal cord injury
(SCI) with chronic intramedullary lesion. B) Midsagittal slice used to compute the tissue
bridges. C) Ventral and dorsal tissue bridges are defined as the width of spared tissue at the
minimum distance from the intramedullary lesion edge to the boundary between the SC and
cerebrospinal fluid.

tissue bridges using SCIsegV2 predictions. Statistical analysis was performed using the SciPy
v1.10.0. The distribution of the data was assessed with the D’Agostino and Pearson nor-
mality test. Subsequently, the Kruskal-Wallis H-test was performed to compare the methods

independently for ventral and dorsal bridges.

Results Table A.1 shows the comparison of the midsagittal tissue bridges obtained using
different methods (manual vs semi-automatic vs fully-automatic) for 15 patients with trau-
matic SCI from site 1. For the fully-automatic technique, we used the SCIseg model to
obtain the lesion segmentations. There was no statistically significant (p > .05) difference

between the bridges computed using different methods.

Discussion Automatic segmentation of the lesions could mitigate the bottleneck and inter-
rater variability associated with manual annotations. Likewise, automatically measuring
tissue bridges could provide an objective, unbiased way in guiding rehabilitation decision
making and stratifying patients into homogeneous subgroups of recovery in clinical trials.
While the proposed proof-of-concept only measures the midsagittal tissue bridges (as it is
the current standard operating procedure), a comprehensive evaluation of the width of the
spared tissue bridges can be obtained by combining measurements from both parasagittal

and midsagittal slices.
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Table A.1 Comparison of ventral and dorsal midsagittal tissue bridges between manual, semi-
automatic, and automatic measurements. Values are reported in millimetres.

Manual Lesions & Manual Lesions & SCIseg Predictions &
1D Manual Measurements Automatic Measurements Automatic Measurements
Ventral Dorsal Ventral Dorsal Ventral Dorsal

sub-zh101 0 2.65 0 2.39 0.34 2.39
sub-zh102 2.10 0.83 2.25 0 2.27 0.67
sub-zh104 0 0 0.54 0 0.55 0
sub-zh105 2.70 0 2.38 0.60 2.99 0
sub-zh106 0 0 0 0 0 0
sub-zh107 0 0.76 0 0.67 0 0.65
sub-zh108 1.32 0.52 1.96 0.66 2.03 0.68
sub-zh109 1.13 1.03 0.71 0 1.08 0.73
sub-zh110 0 0.99 0 0 0 0.39
sub-zh112 3.01 0.36 1.70 0.44 2.64 0.44
sub-zh114 0 0 0 0.38 0 0
sub-zh115 0 0 0 2.12 0 0.42
sub-zh116 3.12 0.50 2.38 0 2.49 0.80
sub-zh118 0.40 0 0 0 0 0

sub-zh119 2.93 2.98 1.04 0.50 1.48 0.95
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APPENDIX B

Supplementary material: Towards contrast-agnostic soft segmentation of the

spinal cord

Pairwise correlation plots for all six MR contrasts

Figure B.1 shows the r? correlation plot between CSA at C2-C3 vertebral levels for each pair
of contrasts used for the proposed soft_all model. We observe a high level of agreement
between MT-on / DWI (row 1, column 1), GRE-T1w / MT-on contrasts (row 2, column 2),
T2*w / MT-on (row 4, column 2), T2*w / GRE-T1w (row 4, column 3), and T2w / Tlw

contrasts (row 5, column 4).

Baselines: Comparison between absolute CSA error per contrast

Figures B.2 to B.4 show the absolute CSA error across MRI contrasts for each baseline,
except for the error plot of the proposed soft_all model which is presented in Figure 5.2 in

Chapter 5.

Soft vs. Hard ground-truth masks

Comparing hard_all_SoftSeg (Figure B.2) and soft_all (Figure 5.2), the difference be-
tween the two methods can be explained by the fact that hard_all_SoftSeg was trained with
binary (hard) GT masks, whereas soft_all was trained with averaged soft GT masks, both
using the adaptive wing loss. We notice larger absolute CSA errors for the hard_all_SoftSeg
model, especially for the T2*w, DWI and MT-on contrasts. Considering that these 3 contrasts
are acquired with thick axial slices (and hence suffer from higher partial volume compared to
the T1lw and T2w), it is likely that the discrepancy between these models highlights the ca-
pability of our proposed procedure for the creation of soft GT masks for training that better
encode partial volume information. Note that the DWI contrast is an average across diffu-
sion directions after motion correction. Despite the fact that motion correction is applied,
slight residual motion across volumes blurs the edges of the spinal cord when averaging the
volumes, resulting in higher partial volume. This could also explain the higher CSA error of
hard all SoftSeg compared to soft_all for DWI contrasts.
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Figure B.1 Pairwise correlation plots showing the level of agreement between CSA for each
pair of contrasts for the proposed soft_all model. Each scatter point represents one par-
ticipant and the dashed line corresponds perfect agreement.

Dice cross-entropy vs. adaptive wing loss

As mentioned in Section 2.3.4 of the main manuscript, using Dice coefficient in the training
objective does not optimize for the accuracy of the segmentations at the spinal cord/cere-
brospinal fluid boundary. This led to subtle under-segmentations across participants, thereby

resulting in consistently larger absolute CSA errors by more than an order of 1 mm? across
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Figure B.2 Absolute CSA error between the predictions and GT across each contrast for
the hard_all SoftSeg model trained on all contrasts with hard GT masks. Scatter plots
within each violin represent the individual CSA errors for all test participants. White triangle

marker shows the mean CSA error.

all contrasts. Figures B.3 and B.4 show the CSA errors per contrasts for models trained

with the DiceCE loss using hard masks and averaged soft masks, respectively. As expected,

for the hard_all_diceCE_loss model, the individual CSA estimations across contrasts vary

substantially. For the soft_all diceCE_loss model, we see a relative improvement across

contrasts, but does not outperform the soft_all model shown in Figure 5.2 in Chapter 5.

Figure B.3 Absolute CSA error between the
predictions and GT across each contrast for
the model trained on all contrasts with hard
GT masks and Dice cross-entropy loss (in-
stead of adaptive wing loss). Scatter plots
within each violin represent the individual
CSA errors for all test participants. White
triangle marker shows the mean CSA error.

Figure B.4 Absolute CSA error between the
predictions and GT across each contrast for
the model trained on all contrasts with soft
GT masks and Dice cross-entropy loss (in-
stead of adaptive wing loss). Scatter plots
within each violin represent the individual
CSA errors for all test participants. White
triangle marker shows the mean CSA error.
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State of the art: CSA variability across all methods

Figures B.5 and B.6 show the variability of CSA across all methods. Note that subsets of
these plots are reported in Chapter 5. Considering a comparison within the DeepSeg models,
we see that the 2D model achieves relatively better results (i.e. lower CSA errors) than the
3D model. The worse performance of the 3D model can be explained by the patch size chosen
for inference with sliding windows. In the source code, we observed that the patch sizes were
fixed to 64 x 64 x 48 and 96 x 96 x 48 depending on the contrast, which do not contain enough
contextual information of the cord in the A-P and S-I axes. This means that these patch sizes
unintentionally cut off patches of the cord, thereby not providing its complete structure. On
the other hand, the 2D model uses individual slices in the S-I axes containing the complete
cross-sectional view of the cord during inference. This results in a superior performance of

the DeepSeg 2D compared to DeepSeg 3D.

Figure B.5 Standard deviation of CSA between C2-C3 vertebral levels for PropSeg,
DeepSeg3D /2D, hard_all SoftSeg, hard_all BigAug, nnUNet3D/2D, and our model
soft_all. White triangle marker shows the mean CSA STD.

With the nnUNet models, nnUNet2D model performed slightly better in terms of the absolute
CSA error (i.e. the error was slightly lower) and slightly worse standard deviation (STD)
of cross-sectional area (CSA) across contrasts, compared to nnUNet3D. Within the nnUNet
models, nnUNet3D used a patch size of 80 x 192 x 160 (RPI orientation) for training,
while nnUNet2D used a patch size of 256 x 224 (PI orientation) slicing up the 3D volume

along the R-L dimension. A larger patch-size, especially in the superior-inferior dimension


https://github.com/spinalcordtoolbox/spinalcordtoolbox/blob/6.2/spinalcordtoolbox/deepseg_/sc.py#L344-L346
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Figure B.6 Mean absolute CSA error for PropSeg, DeepSeg3D/2D, hard_all_SoftSeg,
hard_all_BigAug, nnUNet3D/2D, and our model soft_all. White triangle marker show-
sthe mean CSA error.

(160 in 3D vs. 224 in 2D) resulted in the 2D model performing slightly better than the
3D model. Furthermore, the difference between nnUNet 2D and 3D is not as substantial as
the one observed DeepSeg 2D and 3D because DeepSeg3D used a much smaller patch size
(64 x 64 x 48 or 96 x 96 x 48), failing to treat the (tubular) spinal cord structure as a whole.

Lastly, nnUNet2D performed considerably better than DeepSeg2D mainly because it was
trained on soft masks that were binarized at 0.5 threshold, further emphasizing that our
proposed preprocessing pipeline for creating soft masks by combining multiple contrasts is

key to reducing morphometric variability across contrasts.

Contrast-agnostic segmentation: Ablations across contrasts

In this section, we performed two ablation studies to evaluate the stability of the model
with respect to the number of contrasts used to train the model. For each ablation study,
we preprocessed the data to generate a unique soft segmentation GT that only included the
selected contrasts. The models were then trained using the same parameters as our soft_all

model for both ablations.

For the first ablation study, we trained the model with two contrasts only: T1lw and T2w.
These were chosen because of their large field-of-view (FOV) compared to the remaining

contrasts. Panel A of Figures B.7 and B.8 respectively show the average CSA and CSA error
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across all contrasts from the test set. As the model was trained on the soft GT averaged
from Tlw and T2w, we expected to see little divergence in CSA for these two contrasts in
the test set, which is indeed confirmed. Interestingly, the model also performed reasonably
well on the MTon and GRE-T1w contrasts in terms of CSA estimate, which is likely due to
the similar cord/CSF appearance between MTon and T2w and between GRE-T1w and T1w.
That being said, the absolute mean error for MT-on (7.01 mm?) and GRE-T1w (7.82 mm?)
is much larger than that for T1w (1.33 mm?) and T2w (1.28 mm?). However, the model

clearly does not perform well for DWI and T2*w contrasts.

Figure B.8 Absolute CSA error between the
predictions and GT for the soft_all model
including T1lw and T2w contrasts (A) and
for the soft_all model including T1w, T2w,
DWI and T2*w contrasts (B). Scatter plots
within each violin represent the individual
CSA errors for all participants in the test
set. White triangle marker shows the mean
CSA error across participants.

Figure B.7 Effect of number of contrasts in-
cluded in the GT and training on CSA. A)
CSA values of test set for a model that in-
clude T1lw and T2w contrasts. B) CSA val-
ues of test set for a model that include T1w,
T2w, DWI and T2*w contrasts. White tri-
angle marker shows the mean CSA across
participants.

For the second ablation study, we trained the model with four contrasts: T1lw, T2w, DWI
and T2*w. There, we expected results to be more favourable to the DWI and T2*w contrasts,
which is indeed confirmed by Figures B.7 and B.8, panel B. Overall, we observe that CSA
values across contrasts (Figure B.7B) are more similar across all 6 contrasts, even if only 4
were used for creating the GT masks and model training. It is important to note that the

number of images in the training set doubled compared to the first ablation (T1w and T2w).
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SynthSeg for spinal cord segmentation

SynthSeg was originally proposed for the segmentation of brain scans of any resolution and
contrast, however, it requires fully-labeled scans to synthesize brain images by sampling
from a Gaussian Mixture Model (GMM). These synthetic images are then used to train the
segmentation model. As described in Section 5.4 of the original paper showing an extension
of SynthSeg to cardiac segmentation, the labels for all tissues (i.e. of those regions other
than the anatomy of interest) were obtained by clustering the intensities in the image using

the Expectation Maximization (EM) algorithm.

As SynthSeg used labels from T1w scans for generating the synthetic scans (see Table 1),
we also used T1w isotropic spinal cord MRI scans for a fair comparison. Starting with
GT spinal cord segmentation masks, we used the K-Means clustering algorithm to generate
labels for additional structures (i.e. everything outside the spinal cord) ranging between
3-10 clusters. Specifically, keeping the background and the spinal cord labels fixed (0 and 1,
respectively), automated labels for the rest of the T1w scan were obtained by clustering the
corresponding intensities into N classes (N € [3,10], as done in the paper). During training,
one of these enhanced label maps is randomly selected to synthesize a training image. In
total, 1552 automatically obtained labels, from T1w scans of 194 subjects, were used for

training. Figure B.9 shows the manual GT along with the automatic K-Means labels and a

sample training image.

Figure B.9 Intensity-based K-Means clustering for automatic generation of labels outside the
spinal cord (GT label). In all the enhanced labels, the spinal cord label value is fixed to 1
and the rest of the image is clustered between 3-10 clusters. One of these labels is randomly
picked for image generation resulting in the training image.

For a fair comparison with our proposed model soft_all, we updated the spatial deformation
parameters, namely, flipping, shearing and bias field to lie close to the range with which our
model was trained. The default activation function was also changed from elu to relu. The

model was trained for 50 epochs with 2500 steps per epoch with a batch size of 2.

Figure B.10 shows SynthSeg predictions on Tlw, T2w, and T2star scans from the same
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Figure B.10 SynthSeg predictions on T1w, T2w, and T2star contrasts for a given healthy
subject. While the prediction on T1w scan is excellent, SynthSeg failed to properly segment
the spinal cord on T2w (clear under-segmentation) and T2*w contrasts (no output segmen-
tation).

subject. SynthSeg produced a complete prediction on the T1w scan, partial segmentation on
the T2w scan and no segmentation for the T2star scan. It is worth noting that the original
SynthSeg was evaluated only on Tlw, T2w, FLAIR and proton density scans, however,
contrasts such as T2star are common in spinal cord imaging and are used for segmenting
the gray matter. Hence, the evaluating SynthSeg on contrasts other than the ones shown
in the original paper is crucial. Incomplete/no predictions suggest that uniformity in the
field-of-view (FoV) that the training labels cover might be playing an important role. In
other words, all brain scans may contain all the standard labels however they are acquired,
but, spinal cord scans such as T2star and DWI do not cover all the vertebral levels. Further,
the range of Gaussian Mixture Model parameters used for generating synthetic scans might
not be robust enough to model the contrasts seen in spinal cord imaging, thus leading to
poor performance outside of T1w/T2w contrasts. More details on the re-training procedure
along with a few synthetic scans and output segmentations on a few more contrasts can be

found here.


https://github.com/sct-pipeline/contrast-agnostic-softseg-spinalcord/issues/111#issuecomment-2568078024
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APPENDIX C

Workshop paper: A comparative study of ConvINets and Vision transformers for

contrast-agnostic spinal cord segmentation

Introduction

The cross-sectional area (CSA) of the spinal cord (SC) is an important biomarker for assess-
ing cord compression and atrophy in neurological diseases such as multiple sclerosis (MS).
However, the existing methods for SC segmentation have a key limitation: the predicted
segmentation depends on the type of input MRI contrast and its acquisition parameters, re-
sulting in different SC CSA for different MRI contrasts [17]. Furthermore, such methods are
dominated by CNN-based approaches [17, 18], suggesting a gap in the literature to evaluate
other deep learning (DL) architectures, namely, ConvNeXt and ViT-based approaches for

SC segmentation.

There exist several studies comparing the performance of vision transformers (ViTs) and
CNNs primarily focusing on classification tasks [276-278]. However, the conclusions from
these studies are not generalizable as they are heavily dependent on the: (i) type of task (clas-
sification /segmentation/detection), (ii) input modality (i.e. digital pathology /natural /medi-
cal images), (iii) dataset sizes, and (iv) initialization strategy (i.e. from scratch/pretrained).
Therefore, in this work, given a small dataset of spinal cord MRIs with multiple contrasts,
we compared the performance of the modern DL architectures (namely, CNNs, ConvNeXT,
and ViTs) for automatic spinal cord segmentation and evaluated their ability to achieve

contrast-agnostic cord segmentation.

Materials and Methods

Dataset We used the open-access Spine Generic Public Database! consisting of healthy
participants scanned on 3T MRI scanners across 42 sites. It consists of 6 MRI contrasts (T1w,
T2w, T2*w, MT-on, GRE-T1w, and DWI) with both isotropic ({0.8, 1} mm?) and anisotropic
({0.5,0.9} x {0.5,0.9} x {3,5} mm?) resolutions for each participant. This dataset presents
a diverse set of MRI contrasts per participant to evaluate the models’ contrast-agnostic
segmentation capabilities. The final dataset (n = 243) was split according to 60%/20%/20%
train/val/test splits, resulting in 145/49/49 participants with 870/294/294 3D volumes.

Thttps://github.com/spine-generic/data-multi-subject /releases/tag/r20231212


https://github.com/spine-generic/data-multi-subject/releases/tag/r20231212
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Preprocessing To eliminate the differences in CSA within the GT masks across contrasts,
our preprocessing strategy produced a unique, soft GT mask averaged across all MRI con-

trasts (please see Section 2.2 of [18] for details).

Training Protocol We followed the SoftSeg [15] training strategy, treating the segmenta-
tion task as a regression problem, where, (i) we do not binarize the inputs fed to the model
after data-augmentation and, (ii) instead of DiceLoss [134], we use adaptive wing loss [279)
which penalizes higher errors at the SC boundary. For a given subject, each contrast is
treated as an independent input during training as opposed to concatenating all 6 contrasts

as channels in a multi-modal input.

Experiments and Results

Models and Training Details We compared 7 models spanning 3 different classes of DL
architectures. For CNNs, we compared DeepSeg 2D [17], nnUNet [173], and the contrast-
agnostic model [18]. The DeepSeg 2D and contrast-agnostic models are both accessible
via the open-source Spinal Cord Toolbox [86] using the commands sct_deepseg_sc and
sct_deepseg -task seg_sc_contrast_agnostic respectively. Then, we trained MedNeXt
1280], a state-of-the-art ConvNeXt model designed for 3D medical images. Lastly, among
ViTs, we compared UNETR [257], SwinUNETR [281], and an open-source, pretrained Swi-
nUNETR?. Except for the pretrained model (which we fine-tuned on our dataset), all other
models were trained from scratch for 200 epochs using Adam optimizer with a learning rate
of 0.001 and a batch size of 2.

Evaluation For quantitative assessment of the variability of CSA across contrasts, we used
the CSA averaged across individual slices from the C2-C3 vertebral levels as the primary
metric. Specifically, we (i) obtained the model predictions for each contrast, (ii) computed
the absolute error between the CSA of the model prediction and the GT for each contrast,
and finally, (iii) averaged the CSA errors across 6 contrasts for each subject (shown as one
scatter point in the violin plot). The lower the absolute CSA error (in mm?), the better, as,
in theory, the spinal cord CSA value should not vary substantially across MRI contrasts for

a given participant.

Results Figure C.1 shows the absolute CSA error across contrasts for each test participants

across all models. Among the CNN-based models, the contrast-agnostic model achieved

Zhttps://github.com/Project-MONAI/tutorials/self _supervised_pretraining/swinunetr_ pretrained
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the lowest CSA error, with MedNeXt following closely. Interestingly, among the transformer
models, UNETR showed the highest CSA error among all the models, while the SwinUNETR

models showed similar performance as the CNNs.

Figure C.1 Absolute CSA error between the GT and predictions averaged across all 6 MRI
contrasts for each model. Scatter plots within each violin show the CSA error averaged across
all contrasts for a given participant. White triangle marker shows the mean CSA error across
test participants.

Discussion and Conclusion

In this study, we performed a preliminary analysis of the performance of different classes
of DL architectures for the specific task of contrast-agnostic SC segmentation. Overall,
given a fixed dataset size, the CNN-based methods produce more robust SC segmentations
across MRI contrasts. UNETR, which processes fixed-resolution 3D patches of size 16 x
16 x 16 as 1D sequence of tokens performs the worst, suggesting that weak inductive biases
in pure transformer-based encoders can be a major limiting factor for segmentation tasks.
Hierarchical ViTs such as SwinUNETR that bring back CNN-based priors (e.g. learning
hierarchical representations via pooling and window-based local receptive fields, etc.) while
using transformer blocks perform similar to CNNs. Future work aims at increasing the
dataset size to include more contrasts and pathological images (such as MS) and comparing
the performance of CNNs and SwinUNETR models at scale.
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APPENDIX D

Workshop paper: Segmentation of multiple sclerosis lesions across hospitals:

Learn continually or train from scratch?

Abstract

Segmentation of Multiple Sclerosis (MS) lesions is a challenging problem. Several deep-
learning-based methods have been proposed in recent years. However, most methods tend
to be static, that is, a single model trained on a large, specialized dataset, which does not
generalize well. Instead, the model should learn across datasets arriving sequentially from
different hospitals by building upon the characteristics of lesions in a continual manner.
In this regard, we explore experience replay, a well-known continual learning method, in
the context of MS lesion segmentation across multi-contrast data from 8 different hospitals.
Our experiments show that replay is able to achieve positive backward transfer and reduce
catastrophic forgetting compared to sequential fine-tuning. Furthermore, replay outperforms
multi-domain training, thereby emerging as a promising solution for the segmentation of MS

lesions. The code is open-source and available at this link.

Introduction

Multiple Sclerosis (MS) is a chronic, neurodegenerative disease of the central nervous sys-
tem. Lesion segmentation from magnetic resonance images (MRI) serves as an important
biomarker in measuring disease activity in MS patients. However, manual segmentation
of MS lesions is a tedious process, hence motivating the need for automated tools for seg-
mentation. Several deep-learning (DL) based methods have been proposed in the past few
years [282,283|. They tend to be trained in a static manner - all the datasets are pooled,
jointly preprocessed, shuffled (to ensure they are independent and identically distributed,
IID) and then fed to the DL models. While this has its benefits, it does not represent a
realistic scenario. First, it is difficult to pool datasets from multiple hospitals with increas-
ing privacy concerns. Second, since MS is a chronic disease, one would imagine a scenario
where a DL model, like humans, engages in continual learning (CL) [87] and builds upon the

lesion characteristics from different centers when presented sequentially. However, this se-


https://github.com/naga-karthik/continual-learning-ms
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quential knowledge acquisition presents a major problem in DL models known as catastrophic
forgetting [89)].

Previous works in CL for medical imaging have used regularization-based [284,285] and
memory-based methods [286] for tackling catastrophic forgetting. In this work, we formal-
ize the MS lesion segmentation across multiple hospitals as a domain-incremental learning
problem [287], where the task remains unique (i.e. segmentation of lesions) but the model is
sequentially presented with new domains (i.e., data from different hospitals). Four types of
experiments are performed as shown in Figure D.1 - single-domain, multi-domain, sequential
fine-tuning, and experience replay. Our results show that replay helps in reducing catastrophic
forgetting and achieves positive backward transfer, that is, the segmentation performance on
data seen earlier improves as the model continues to learn sequentially. Furthermore, we show
that replay outperforms multi-domain training as more data arrive sequentially, thereby sug-
gesting that the CL is a better long-term solution than re-training the model from scratch

on a large, curated dataset.

Experience replay for brain MS lesion segmentation

Replay (or, rehearsal) presents a straightforward way to prevent catastrophic forgetting and
improve the performance on new domains. Let z denote the patches of the 3D volumes, y
be the corresponding labels, fy denote the neural network with parameters ¢, and D denote

the joint dataset. In a standard IID training regime, the loss £ is given by Equation D.1.

L =Ey~p [((fo(1),y)] (D.1)
L' =E(y~n, [((fo(2), Y)] + E@yyort L fo(2), y)] (D.2)

In this work, we use the simplest form of experience replay wherein training data from
previously encountered domains!' are stored in a memory buffer and interleaved with the
current domain’s training data. Particularly, the dataset D is divided into 8 different domains
(D1,Ds,...Dg). The model is trained sequentially on one dataset Dy at a time. For each
dataset Dy (1 < k < 8), we store upto 20 image-label pairs (depending on the dataset size)
in a memory buffer M and merge them with the training data of the current domain. The
updated loss term L' is given by Equation D.2. Due to unconstrained access to the multi-
center data, the model is tested on all the remaining centers once it has been trained on one

center. We use the Dice Loss [134] as the loss function /.

'We use domains and centers interchangeably. A domain is essentially a center (i.e. a hospital) that
holds/provides the data. Hence, data from each new center is treated as a different domain.
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Figure D.1 Overview of our methods. Four experiments were performed - A: Single-domain
training: a model is trained individually on each center. B: Sequential fine-tuning: after
training the model on center n, the pre-trained encoder weights are loaded for center n+1
(red dashed arrows). C: Ezperience replay: in addition to fine-tuning (as in B) upto 20
samples per each center are stored in the memory buffer (in gray). D: Multi-domain training:
data from all centers are pooled and a joint model is trained.

SoftSeg To account for the partial volume effects at the lesion boundaries, we use soft
ground truth labels in our training procedure. In addition to mitigating the partial vol-
ume effects, soft segmentations [15] were shown to generalize better and to reduce model-
overconfidence. In this regard, the notable changes include: (i) bypassing the binarization
step after data preprocessing and augmentation, hence keeping the labels between [0, 1], and

(ii) using normalized ReLU as the final activation function.

Experiments and Results

Data We used the brain MRI datasets described in Kerbrat et al. [288] containing 290
subjects from 8 different centers. We denote the centers with the following abbreviations
along with their number of subjects: BWH: n = 80, Karo: n = 51, Milan: n = 47, Rennes:
n = 51, NIH: n = 28, Montp: n = 13, UCSF: n = 12, and AMU: n = 8. Six out of
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eight centers used 3D FLAIR scans, center Karo used both 3D FLAIR and T2-weighted
(T2w) scans, and center Milan used only T2w scans. The data were pre-processed using
the publicly-available Spinal Cord Toolbox [?| and Anima Toolbox [176]. The intra-subject
registration between the Ty and the FLAIR images was achieved using rigid transformations
and subsequently registered to the ICBM template space. All the 3D MRI images were

resampled to an isotropic 1mm resolution. We refer the reader to [288] for more details.

Experiments A three-layer 3D UNet [128] with residual connections was used. The data
were split according to the 80/20 train/test ratio. For fine-tuning and replay experiments,
the model observed each domain in sequence. The ordering of domains was randomly shuffled
with 9 different seeds.

Evaluation Metrics On a held-out test set, we used the Dice coefficient to evaluate the
quality of the lesion segmentations and computed the backward transfer (BWT) metric [289)
to evaluate the CL capabilities of our model. Concretely, BWT quantifies the influence that
training on center n has on the performance on a previous center k < n. Hence, a positive
BWT occurs when the Dice score on a center k < n increases after training on center n and

vice-versa for a negative BWT.

Results Figure D.2A shows the mean zero-shot test performance over 2 random sequences.
When learning to transfer knowledge across FLAIR — T2 contrasts, we observed large drops
in Dice scores on center milan as a consequence of catastrophic forgetting. On the other
hand, replay performs better in this case and also exceeds the performance on multi-domain
training. More importantly, Figure D.2B shows that over 9 random sequences of the domains,
replay improves the segmentation performance over fine-tuning and multi-domain training as
more data arrive. Thus, the proposed CL approach is capable of surpassing the implicit upper-
bound defined by multi-domain (IID) training. In Figure D.3, we show the soft segmentations
(ranging from [0, 1]) obtained from fine-tuning and experience replay on a test sample from
the milan center. Fine-tuning incorrectly segments the periventricular region of the brain as
lesions, whereas replay results in a better segmentation, while also providing a measure of

uncertainty at the boundaries.

In Table D.1, we report the BWT in terms of the test Dice scores on a fixed, descending order
of the domains (defined as per the number of subjects). Large negative BWT was observed
especially with centers karo and milan, implying catastrophic forgetting. On the other hand,
not only does replay improve performance on these centers, it also achieves a positive BWT,

implying that training on the rest of the domains is indeed beneficial for these 2 domains.



173

Figure D.2 Zero-shot (ZS) Test Dice scores with different random sequences of domains. A:
7S Test Dice scores with 2 random domain sequences. B: ZS Test Dice scores averaged across
9 randomly shuffled domain sequences.

Table D.1 BWT over descending order of
domains (averaged across 9 seeds)

Center | Backward Transfer (BWT)

Method — Fine-tuning Replay

BWH -0.07 0.005

Karo -0.171 0.037

Milan -0.284 0.001

. . . Rennes -0.083 -0.012

Figure D.3 Qualitative results on a test sample from NIH 20119 -0.002

milan center. Replay obtains better soft segmenta- Montp -0.061 0.032

. d to fine-tuni UCSF -0.061 -0.008
ions compared to fine-tuning. AMU 0.0 0.0

Conclusion

This work presented a case for continual learning using experience replay for the segmentation
of MS lesions. Qualitative and quantitative results show that replay performs better than
sequential fine-tuning in general, and especially when learning across contrasts FLAIR <« T2.
More importantly, it also outperforms multi-domain (IID) training as the data continue to
arrive. Thus, storing a few samples per domain and rehearsing them regularly can improve
performance over the long-term, instead of re-training the model from scratch with each

additional domain, which can be impractical.
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APPENDIX E

Supplementary material: Monitoring morphometric drift in lifelong learning seg-

mentation of the spinal cord
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Dataset characteristics

Table E.1 Dataset characteristics grouped by image orientation (axial, sagittal) and resolution
(isotropic, anisotropic) for each contrast. Mean in-plane resolution and mean slice thickness
are shown, followed by their respective minimum and maximum range of resolutions (in [ ]).

Contrasts Isotropic Anisotropic Axial Orientation Anisotropic Sagittal Orientation
in-plane slice in-plane slice in-plane slice
resolution (mm?)  thickness (mm) resolution (mm?) thickness (mm) resolution (mm?) thickness (mm)
Tl-w 1.0 x 1.0 1.0 0.35 x 0.35 2.54 1.0x 1.0 1.0
1.0, 1.0] 1.0, 1.0] [0.35 x 0.35, 0.35 x 0.35] [2.5, 5.0] 1.0, 1.0] (1.0, 1.0]
Tow 0.8 x 0.8 0.8 0.5x 0.5 3.8 0.48 x 0.48 2.13
0.8, 0.8] (0.8, 0.8] [0.3x 0.3, 0.8 x 1.0] 1.0, 7.0] [0.28 x 0.28, 0.96 x 0.96] (0.8, 4.83]
0.44 x 0.44 4.93
*_ — — — —
T2%-w 0.29 x 0.29, 0.5 x 0.5] [2.5,9.2)
0.89 x 0.89 5.06
MT-on 0.62 x 0.62, 0.9 x 0.9] 5.0, 9.3)
0.89 x 0.89 5.0
GRE-T1w B - [0.68 x 0.68, 0.9 x 0.9] 5.0, 5.0] - B
0.89 x 0.89 5.0
DWI 0.34 x 0.34, 1.0 x 1.0] [4.91, 5.0]
0.69 x 0.69 3.0
PSIR - B B N [0.67 x 0.67, 0.69 x 0.69] 3.0, 3.0]
0.7x 0.7 3.0
STIR 0.7 x 0.7, 0.7 x 0.7] (3.0, 3.0]
MP2RAGE 10 x 1.0 10 B B B B
UNIT1 1.0, 1.0] [1.0, 1.0]

CSA variability across scanner manufacturers

In this section, we evaluate the variability in the CSA measurements for a single subject across
different scanner manufacturers. We used the spine-generic data-single-subject dataset [16],
which includes cervical spinal cord scans in a single healthy participant using six contrasts
(T2w, Tlw, T2*w, MT-on, GRE-T1w, and DWI) across 15 sites with 3 scanner vendors
(GE; n = 4, Philips; n = 4, Siemens; n = 7). As with the previous evaluations, we
compared three methods: sct_deepseg_sc [17], contrast_agnostic_v2.0 [18], and the

proposed contrast_agnostic_v3.0, for contrasts and sites. In all comparisons, the spinal
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Figure E.1 Variability of spinal cord CSA across contrasts separated per vendor for
segmentations generated with sct_deepseg_sc [17], contrast_agnostic_v2.0 [I18] and
contrast_agnostic_v3.0 (proposed) segmentation and contrast-agnostic of the same par-
ticipant scanned across 15 different MRI sites. Each dot represents one site; mean and
standard deviation are presented above.

cord segmentations were obtained independently for each of the above methods, and the
vertebral levels were identified using sct_label vertebrae. Then, we calculated the CSA
averaged across C2-C3 vertebral levels and computed its standard deviation (STD) across
scanner manufacturers. It is important to stress that all data points represent the same par-
ticipant. Each of the 6 contrasts compares the two segmentation methods across all 15 sites.
Figure Figure E.1 presents the CSA STD across 6 contrasts per site for both segmentation
methods, separated per MRI vendor. The STD using the contrast_agnostic_v3.0 method
yields a lower STD than when using sct_deepseg_sc for segmentation and is very similar

to contrast_agnostic_v2.0.

CSA variability with recursively generated labels

Figure E.2 plots the average CSA per contrast for the ablation study, comparing the down-
stream effect of training the contrast_agnostic_v3.0 model on the original distribution of

GT masks and the masks generated recursively without any manual correction.
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Figure E.2 Variability in spinal cord CSA across 6 contrasts on a test set of healthy partic-
ipants (n = 49) compared between the models trained with the: (i) original distribution of
GT masks created from a mix of manual annotations and automatic segmentation methods,
and (ii) GT masks regenerated with contrast_agnostic_v3.0 model without any manual
corrections. The model trained on recursively generated GT masks achieved a lower average
CSA per contrast compared to the model trained on the original distribution of GT masks
on all contrasts.
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