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RESUME

La sclérose en plaques est la maladie auto-immune la plus courante du systeme nerveux
central. Elle se caractérise par la présence de lésions dans le cerveau et la moelle épiniere,
visibles en imagerie par résonance magnétique (IRM). Cependant, pour extraire des infor-
mations utiles des images, il est nécessaire de segmenter les 1ésions sur ces images, ce qui
est un processus long et coliteux lorsqu’il est réalisé manuellement par un expert tel qu'un
radiologue. L’objectif de ce projet est d'utiliser des méthodes innovantes d’apprentissage

profond pour améliorer la segmentation des images médicales.

Premiérement, pour aborder la généralisation a travers différents contrastes dans la segmen-
tation de la sclérose en plaques de la moelle épiniére, nous mettons en ceuvre la modula-
tion linéaire par caractéristique (FiLM) pour tirer parti de la grande variété de parametres
d’acquisitions IRM dans le modele de segmentation, en apprenant les caractéristiques de
chaque contraste. Fait intéressant, un U-Net bien optimisé a atteint les mémes performances
que notre FiLMed-Unet sur un ensemble de données & contrastes multiples (0,72 de score
Dice), ce qui suggere qu’il existe un goulot d’étranglement dans cette tache, qui n’est pas la
généralisation a travers différents contrastes. Ce goulot d’étranglement provient probable-
ment de la variabilité interexperts, qui est estimée a 0,61 de score Dice dans notre ensemble

de données.

Deuxiemement, afin de s’attaquer a ce goulot d’étranglement, nous quantifions le style des
experts qui annotent les données sous forme de biais et de consistance. Cela nous permet
ensuite d’explorer I'impact des styles d’annotations sur les modeles d’apprentissage profond.
Deux ensembles de données publics multiévaluateurs et multicentriques sont utilisés, un de
lésions de sclérose en plaques cérébrales et un de segmentation de la matiere grise de la
moelle épiniere. Sur les deux ensembles de données, les résultats montrent une corrélation
(R? = 0,60 et 0,93) entre le biais de I'expert et l'incertitude du modele d’apprentissage
profond. L’impact de la fusion d’annotations des experts sur cette relation est également
étudié, et nous montrons que les consensus multicentriques sont plus efficaces que les con-
sensus monocentriques pour réduire 'incertitude, car le style de ’expert n’est pas spécifique

a I'individu, mais principalement au centre.
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ABSTRACT

Multiple sclerosis is the most common autoimmune disease of the central nervous system. It
is characterized by the presence of lesions in the brain and spinal cord, which are visible in
magnetic resonance imaging (MRI). However, to extract useful information from the images,
it is necessary to segment the lesions on these images, which is a long and expensive process
when performed manually by an expert such as a radiologist. The goal of this project is to

use innovative deep learning methods to improve segmentation of medical images.

First, to tackle generalization across imaging contrasts in spinal cord multiple sclerosis seg-
mentation we implement Feature-wise Linear Modulation (FiLLM) to leverage physics knowl-
edge within the segmentation model and learn the characteristics of each contrast. Inter-
estingly, a well-optimized U-Net reached the same performance as our FiLMed-Unet on a
multi-contrast dataset (0.72 of Dice score), which suggests that there is a bottleneck in spinal
MS lesion segmentation different from the generalization across varying contrasts. This bot-
tleneck likely stems from inter-rater variability, which is estimated at 0.61 of Dice score in

our dataset.

Second, as a follow-up we quantify rater style in the form of bias and consistency and explore
the impacts on deep learning models. Two multi-rater and multi-center public datasets are
used, consisting of brain multiple sclerosis lesion and spinal cord grey matter segmentation.
On both datasets, results show a correlation (R* = 0.60 and 0.93) between rater bias and
deep learning uncertainty. The impact of label fusion between raters’ annotations on this
relationship is also explored, and we show that multi-center consensuses are more effective
than single-center consensuses to reduce uncertainty, since rater style is not individual-specific

but mostly center-specific.
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CHAPTER 1 INTRODUCTION

Multiple Sclerosis (MS) is the most common autoimmune disease of the central nervous
system (CNS), affecting 90 000 Canadians [1]. MS is characterized by lesions in the CNS,
which reflect damage to patches of myelin. Since the role of myelin is to act as a protective
sheath around axons, this loss of myelin disrupts the flow of electrical impulses, causing a
wide array of symptoms (sensorial, cognitive, motor, visual) that depends on which part of
the CNS is affected.

One of the main diagnosis criteria in MS is the quantification of lesion load in the brain and
spinal cord [2]. This information is also useful for categorizing patients under different MS
subtype (phenotyping), and monitoring the progression of the lesions. However, quantifying
lesion load requires a precise segmentation (delineation) of lesions on MRI images, which
is a time-consuming and expensive process when done manually by an expert, typically a
radiologist. While some recent segmentation methods based on deep learning show promising

results [3], they still face challenges. This study will explore two of these challenges.

1.1 Problem statement & research objectives

1.1.1 Generalizing across contrasts

The first issue is the apparent inability of CNN models to generalize towards real-world data,
which has greater variability than small carefully crafted research datasets. This greater
variability is due to factors such as different imaging device vendors and varying acquisition
parameters, yielding different contrasts than those seen by the CNN model during training,
which in turn results in poor segmentation performance [4]. Methods such as transfer learning
or domain adaptation [5] are difficult to apply in a real-world scenario, where clinicians from
other centers might not have the ability or expertise to retrain a new model specific to their
data.

The goal of this first project is to explore innovative deep learning architectures that enable
a model to generalize over a variety of image contrasts to ensure high performance of medical

image segmentation. To achieve this goal, I did the following:

« Explore FiLM, a novel deep learning method [6]. In particular, I worked on learning

contrast characteristics using image metadata to modulate segmentation.

o Compare this new approach with traditional CNN methods (e.g., U-Net), in data from



MS patients acquired by collaborative clinical centers.

1.1.2 Rater variability and uncertainty

The second issue is that data heterogeneity poses challenges not only for CNNs but also
to human annotators, where it appears in the form of disagreement between experts. Dis-
agreement can be classified as intra-rater and inter-rater variability, both of which affect
CNNs’ performance since they are trained using expert annotations. While the output of
deep learning segmentation models is often binary, these models carry some inherent uncer-
tainty. Understanding the impact of rater variability on uncertainty is critical in order to
build robust non-biased models. Trust in deep learning models can only be attained if we
understand their limitations, including how human limitations are reproduced and sometimes

exacerbated in deep learning.

The goal of this second project is to understand the relationship between rater style and
uncertainty in deep learning. While it is obvious that not all raters generate the same level
of uncertainty, what makes some rating styles more of less suitable for deep learning purposes

as not been studied yet. To achieve this goal, I did the following:

o Quantify rater style in multi-rater and multi-center datasets.
o Explore the potential relationship between rater style and deep learning uncertainty.

o Compare single rater and multi-rater consensus in the context of deep learning, to
understand when consensus makes sense from a rater style perspective and how it

affects uncertainty.

1.1.3 ivadomed

A common objective to both projects is to implement these algorithms into ivadomed [7], an

open-source project developed by my host lab to allow widespread availability and testing.

1.2 Thesis outline

The chapters of this thesis are organized as follows. Chapter 2 begins with a literature review
of deep learning in a medical imaging context. Chapter 3 presents results of investigations into
contrast generalization. Chapter 4 explains how shortcomings in the contrast generalization

project led to the uncertainty project. Chapter 5 presents the article resulting from the


http://ivadomed.org/

uncertainty project. Finally, chapter 7 concludes with global discussion of results and future

steps.



CHAPTER 2 LITERATURE REVIEW

2.1 Machine Learning

This section introduces machine learning concepts which will be useful in later sections.
Machine learning is a sub-field of artificial intelligence (AI) which aims to create algorithms
with the ability to learn and improve from data or experience. ML therefore includes classical
algorithms such as support vector machines (SVM) and decision trees, as well more recent
methods such as deep learning (DL), which will be our focus. This section aims to provide a
brief overview of basic deep learning concepts. A thorough review is out of the scope of this
thesis, and many resources already cover these concepts in detail. From general to specific,
here are resources that cover deep learning [8], DL applied to segmentation [9], DL applied
medical imaging [10] and CNNs for brain MRI analysis [11].

2.1.1 Deep learning

Deep learning is a machine learning technique which relies on artificial neural networks
(ANN). These artificial neurons are essentially learned functions applied to inputs in or-
der to compute an output. The learned parameters are called weights w and correspond to
the "importance" given to inputs x when computing an output y. A bias b is then applied,
followed by an activation function such as a sigmoid (o) which acts as a non-linearity, such
that :

y=oc(w’ -x+0) (2.1)

Artificial neurons are stacked such that the output of a group of neurons (layer) acts as the
input for another group of neurons. This stacking can lead to learning complex, non-linear
functions, and is called deep learning when multiple layers are stacked and connected in such

a fashion.



Hidden

Input

Figure 2.1 A basic MLP. Each neuron (circles) computes the weighted sum of its inputs and
passes the results to next layer to which it is connected (arrows). (Image by Glosser.ca, CC
BY-SA 3.0)

The idea is that as information flows through layers, each layer can create a higher level
abstraction based on the information of the previous layer. This abstraction allows the
extraction of complex features (in our case shapes and patterns in images) without the need
to manually encode these features. Since we are in a supervised learning scheme, weights are

learned in an iterative way through a process called backpropagation. It essentially consists

of:

1. Propagate the input through the network to compute the output
2. Compute the difference between the obtained output and the desired output (loss)

3. Tune weights by a small amount in a way to minimise the loss

The key is the use of a differentiable loss functions, which enables backpropagation to compute
how much each weight impacts to loss (partial derivative of the loss with respect to each
weight) and therefore in which way they should be updated to minimise it. The desired
output is known as ground truth and is usually determined by a human annotator (in our
case, an expert such as a radiologist). The importance of quality ground truth cannot be
understated, since it is the goal that our network tries to reach ; any error, bias, inconsistency

in the ground truth will have consequences on the model.



2.1.2 CNNs

Convolutional neural networks (CNNs) are a type of ANN particularly useful to process
images. There are two big differences over a standard MLP, the first one being that they
use sliding window (convolution) filters to share weights. Small filters can thus be easily
applied to the entire image patch-wise, keeping the number of weights to the minimum (i.e.
a single neuron for a fully connected network taking a 100 x 100 image as input would need
10k weights whereas a 3 x 3 convolution filter applied patch by patch to the entire images
requires only 9 weights. Each filter learns to recognize shapes or patterns (e.g. the curved
boundary of an MS lesion), which increase in complexity by building upon those of previous
layers. The second big characteristic of CNNs is the use of pooling layers, to decrease the

size of the feature map and therefore increase the receptive field of the following layers.

2.1.3 Segmentation

A common task for CNNs is classification. It consists of determining whether a certain image
corresponds to a class or not (e.g. is it the image of a MS lesion). In our case, we perform a
different task, segmentation which is classification on a pixel-by-pixel basis (i.e. is this pixel
part of a MS lesion or not). Therefore, the idea is for the CNN to take an image as an input
and output an image of the same size, with values corresponding to the probability that each
pixel belongs to belong to a certain class (which are then binarized). For the last few years
U-Net [12] derivatives have been the gold standard of segmentation in medical imaging [10].

It takes its name from its U-shape, as shown in figure 2.2.

3x256x256 Down - Up kx256x256
image D convi '@_' conv3 D masks
max up
pool lsample

Down Up
conv2 IC_OTcaI conve

max up
pool ample]

Down Ij Up
conv3 coneat convi

Fy

Y

max Down up
pool convd ample

Figure 2.2 U-Net architecture (Image by Mehrdad Yazdani, CC BY-SA 4.0)




Each convolutional blocks in a U-Net is composed of a succession of layers:

o Convolutional layers are the sliding filters that learn shapes and patterns that are
applied to the images. They are applied by sliding dot products, with the outputs
corresponding to feature maps that indicate where the learned shapes are positioned

in the images.

o Activation layers introduce a non-linearity in the neural network. CNNs typically use
a rectified linear unit (ReLU) which is f(x) = max(0,z). ReLU avoids the vanishing
gradient issues caused by functions such as sigmoid in deep networks, while being fast

to compute.

« Batch normalization is used to normalize layer output to means of 0 and variance
of 1 [13]. While the cause of its effectiveness is debated, batch normalization enables a

faster and more stable training.

e Dropout is the process of ignoring some nodes at random during training. Dropout
increases model robustness and reduces overfitting, by preventing the neurons from

relying too much on any individual neighbour or path [14].

The main strength of U-Net is the way it combines low-level details and high-level abstractions
with the so-called "skip connections" connecting downsampling and upsampling blocks. The
first half of the network performs downsampling, reducing image size and the second half
performs upsampling, to recreate an output with the original image size, which is required
by the segmentation task. In the first half of U-Net, downsampling is performed by pooling
blocks. They reduce the dimensions of the feature maps, aiming to capture global information
by discarding local details. There are different ways to achieve this dimension reduction, but
they all rely on the idea of taking a block of the feature map and keeping only a single value to
represent the block. Max pooling is the most commonly used, but there are other possibilities
such as average pooling. In the second half of U-Net convolutional blocks are followed by
upsampling blocks, which unlike fixed function like max pooling, are learned during training.
This is due the fact that the way to combine optimally the high-level information (from the U
part) and low-level information (from the skip connections) is task-dependent. Convolution

and pooling operations are illustrated in figure 2.3.



(a) Convolution filter (b) Max pooling filter

Figure 2.3
a) the convolution filter outputs (dark green) the dot product between the input (dark blue)
and the weights (lower right corner of each box)

b) the max pooling filter outputs (dark green) the maximum value from the input region
(dark blue)

Most state-of-the-art medical image segmentation models use a variant of the U-Net, such
as : 3D U-Net [15] which can capture the information from multiple MRI slices at once and
Attention U-Net [16] which has the ability to focus on a region of interest. These networks
are fairly general architectures which can be adapted to almost any segmentation task and

are not specific to neuroimaging.

Dice score

The Dice score [17] is the most commonly used metric to measure segmentation performance.

It’s computed as the intersection over union between two images A, B:

_ 2[|ANnB|

Dice = ——
|Al + [ B]

Where | X is the number of voxels in X. Dice is also used as a loss function [18].

2.1.4 Uncertainty

One of the practical concerns of applying deep learning in medical settings is the “black box”
nature of deep learning creates some concern due to the difficulty to interpret the model’s

decision [19]. Uncertainty is critical when making a diagnosis [20], and while an expert can



explain why a region of an image should or shouldn’t be classified as a lesion, it’s a lot harder
to interpret why a model with thousands of weights and artificial neurons made a decision.
This is where deep learning uncertainty can be useful, to identify samples were the model

output is potentially wrong or out of the training distribution.

Types

The two main types of uncertainty used in deep learning are aleatoric and epistemic [21,22].
Epistemic uncertainty corresponds to uncertainty in the model parameters. This type of
uncertainty is a result of the lack of knowledge about the data. This means that epistemic
uncertainty can be lessened by using more data to fine-tune parameters. Aleatoric uncertainty
corresponds to uncertainty inherent to the data (e.g. random noise). This type of uncertainty
does not go away no matter how much data is used, since the data is inherently unpredictable
[22].

Some uncertain data

, .
Low aleatoric . e ..
4 uncertainty g
| <" .
= g ! !
.- |
2 «"‘. High aleatoric
. uncertainty

1
0

o 1 2 4 5 &

1
1

High epistemic
uncertainty

Figure 2.4 Difference between aleatoric and epistemic uncertainty illustrated. Variable z
is the input data and y is what we want to predict. The dashed line corresponds to an
(unknown) function and dots corresponds to observations (data) fed to the model.
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These two types of uncertainty are illustrated in figure 2.4. In the regions with few data
points (left, middle and right gaps), epistemic uncertainty is high since many functions (model
parameters) could satisfy the given ground truth. Aleatoric uncertainty, on the other hand,

is where data is present but scattered (right cluster vs left cluster).

Computation

Uncertainty is estimated by performing multiple inferences for each input, which generates
so-called Monte Carlo (MC) samples. These Monte Carlo samples are then combined in a way
to highlight differences (e.g. entropy, variance) [23,24] to generate a voxel-wise uncertainty
map. On the epistemic side, there are different ways to generate MC samples, including
using dropout [25,26], batch normalization [27] and ensemble models [28]. T chose to focus
on studying test-time dropout since it has already been applied successfully to MS lesions
segmentation [24]. Aleatoric uncertainty, on the other hand, can be either estimated when
combined with epistemic (since the former tends to dominate the latter on large datasets) [22]
or separately using test-time data augmentation [29]. T chose to study it separately and focus
on test-time data augmentation, since this approach has shown useful in brain MRI tumour

segmentation [30].

Aleatoric uncertainty samples are therefore generated using test-time data augmentations [29,
30], while epistemic uncertainty uses test-time dropout [25,26]. Both aleatoric and epistemic
uncertainties allow to create multiple unique outputs from the same input image, using parts
of the pipeline containing randomness, and that are usually only used for model training.
The way of combining these MC samples can give rise to different uncertainty metrics [23],
the two main one being voxel-wise and structure-wise (in the case of MS lesions, a structure
would be a lesion). Since the notion of structure is task-dependant, the information given by

structure-wise uncertainty is task specific, whereas voxel-wise uncertainty is more general.



11

(a) Input image (MS brain) (b) Ground truth (average segmentation of
all raters)

Figure 2.5 Input image and average GT

The following figures are examples of uncertainty. Figure 2.5 shows an example of input and
GT from the MS brain dataset used in section 5. 7 raters are averaged, and we can see that
disagreement occurs mostly at the boundaries of lesions. This disagreement is reflected in
figure 2.6, where we see that aleatoric uncertainty is present at the boundary of large lesions,
but their center is mostly certain (roughly 1 in the soft segmentation and 0 uncertainty).
However, for smaller lesions, the entire lesions including the center can be uncertain (such as

the 2nd lesion from the bottom left of the image).
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(a) Soft segmentation (average of MC sam- (b) Voxel-wise uncertainty (entropy of MC
ples) samples)

Figure 2.6 Aleatoric uncertainty

Figure 2.7 shows that epistemic uncertainty is less of a clean cut; the centers of large lesions
are a lot less certain than for aleatoric uncertainty. Even stranger, with epistemic uncertainty
the center of lesions is more uncertain than the boundary. This is possibly due to the high
class imbalance, and the fact that the model sees very few lesions compared to non-lesions,
which means sparsity in the training dataset and therefore epistemic uncertainty as discussed
in figure 2.4. In general we observe that epistemic type of uncertainty is smoother and more
continuous than aleatoric uncertainty, and is present everywhere in and around lesions. The
characteristics of aleatoric uncertainty therefore correspond more to what we expect from

rater disagreement [24], which is why it is the type of uncertainty used later on, in chapter
5.
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(a) Soft segmentation (average of MC sam- (b) Voxel-wise uncertainty (entropy of MC
ples) samples)

Figure 2.7 Epistemic uncertainty

2.2 Challenges in MS lesions segmentation

MS lesions segmentation is one of the most challenging segmentation tasks for both humans
and neural networks. This is due in part to the fact that class imbalance is really high since.
Lesions are often small, and the spinal cord occupies an even smaller fraction of the image
when compared to the brain. Therefore in spinal cord MRI, less than 0.1% of pixels are part
of a lesion [3]. It is not uncommon that the majority of slices in an MRI volume contain no
lesion at all. Small lesions and lesion boundaries are difficult to identify, which is why inter-
rater agreement is low and has been measured at Dice scores of 0.63 for the brain [31] and
0.61 for the spinal cord [3]. Low inter-rater agreement results in high DL uncertainty and it
has been shown that filtering segmentation based on uncertainty can improve segmentation
performance [24]. Since both uncertainty and inter-rater variability are high in MS lesions

segmentation, it is an ideal task for exploring the relationship between these two phenomena.
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Figure 2.8 shows some examples of contrasts and resolutions. MS lesions can be difficult to
identify when 1) lesions are small, sometimes a single pixel as is the case in subfigure 2.8¢c

and 2) the lesion boundary is ill-defined such as in 2.8a.



(a) T2* axial ) T2* axial

(c) T2 sagittal ) T2 sagittal segmentation

(e) T2 axial ) T2 axial segmentation

Figure 2.8 Example of different MRI contrasts with MS lesions and the corresponding seg-
mentations
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2.2.1 Partial Volume Effect

Part of the reason MS lesions boundaries are ill-defined is the partial volume effect (PVE).
Briefly, if an MRI voxel is located at the interface between two different tissues (such lesion
and non-lesion) it will have a value (intensity) that lies somewhere in between the values
of the voxels of these individual tissues. It’s a common phenomenon in medical imaging
and techniques such as Gaussian mixture models can be used to model it [32,33]. Partial
volume effect is, however, not typically taken into account in deep learning segmentation
models [34-36].

2.2.2 Contrast generalization

MRI contrast depends on hardware (manufacturer, model) and acquisition parameters (e.g.
repetition time, echo time, flip angle) meaning that it is almost impossible to cover all possible
contrasts in a training set. Domain adaptation methods such as transfer learning [4,5] can be
used to fine-tune pre-trained models. A common way to do this is freezing all layers except
the N lasts and, retraining these layers with only a few samples from the new domain, the
idea being that general patterns learned by the first layers are still applicable and therefore
less data should be needed since there are fewer weights to train. An interesting approach
that could potentially be useful to avoid the necessity of re-training (since clinicians might
not have the ability or expertise to retrain or fine-tune a model specific to their data) is called
Feature-wise linear modulation (FiLM) [6]. FiLM consists in adding layers which modulate
the output of the CNN layers (in our case U-Net) based on non-image data. Therefore,
while U-Net learns how to segment based only on the input image, FiLM layers learn how
metadata (such as information about the contrast) should modify that segmentation in order
to better predict the ground truth. FiLM’s modulation being linear, for each feature in the

CNN feature map it outputs parameters named (v, #) such that a feature z becomes :
¥=~-z+p (2.2)

2.2.3 Rater variability

While errors in ground truth (GT) appear in all domains, they are particularly important
in medical imaging. All radiologists have a different rating “style” and even though stan-
dard rating scales exists, there will always be intra and inter-rater disagreement due to the
subjective nature of the task [37-40]. This is due to variations in rater expertise, image

quality and the fact that best practices can be center-dependent. This is an issue outside of
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deep learning, since all automated methods need to be ultimately compared to some kind
of human benchmark to assess their performance. Errors in ground truth are, however, an
even bigger issue in deep learning than with other automated methods, since models learn

directly from rater data, and there is no handcrafting of features or human judgment [10].

2.2.4 Consensus

One way to avoid individual rater biases is to combine ratings from different raters in order
for errors to "cancel out'. There are multiple ways to achieve this, with the best known being
majority voting and STAPLE [40]. The combined rating is known as consensus, and can be
used to train models that are hopefully more accurate. A study on cardiovascular MRI has
shown that raters from different centers can deviate from consensus in multiple ways: some
raters have a small bias, meaning they are on average close to consensus, but at the price
of a large variance (tend to alternate between over and underestimating the volume) while

others tend to be consistently far from consensus (small variance, but large bias) [41].

2.2.5 Impact on uncertainty

Multiple recent studies have shown the impact of inter-rater variability on deep learning in
medical imaging. In particular, it has been shown that there is a correlation between areas
of an image that have high uncertainty and high rater disagreement in lung nodule CT scan
segmentation [42]. Rater variability is therefore a factor that affects uncertainty, but the full

extent is not known.

Moreover, training on consensus is not a silver bullet since, as shown by a recent study on
brain tumor MRI segmentation: this practice can lead to models becoming overconfident
and uncertainty being underestimated [43]. This overconfidence is due to the fact to models
only see the consensus and are not aware of the underlying data where there is disagreement.
A suggested alternative is to instead use label sampling, which is to select an annotation
randomly from one of the raters at each epoch. This leads to more questions and potential
pitfalls, since not all raters are equal some are necessarily more experienced and "better'
than others. While these rater disparities are not considered in this sampling scheme, they
are considered in some consensus approaches such as STAPLE, an algorithm that gives
different weight raters to minimise the impact of outliers. In the same spirit, another study
on synthetic data [44] shows that training using all available annotations yields uncertainty
maps that are more representative of inter-rater disagreement when compared to consensus
methods, while having similar segmentation performance. It was also shown that models can

learn and amplify rater style, meaning a model’s output tends to exacerbate characteristics



found in the rater that annotated the training data [45].
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CHAPTER 3 ARTICLE 1: AUTOMATIC SEGMENTATION OF SPINAL
MULTIPLE SCLEROSIS LESIONS : HOW TO GENERALIZE ACROSS MRI
CONTRASTS?

This study was presented at OHBM 2020 and at the 7th Spinal Cord MRI workshop. It is

available on arxiv.

3.1 Title

Automatic segmentation of spinal multiple sclerosis lesions: How to generalize across MRI

contrasts?

3.2 Authors

Olivier Vincent! ovincent.poly@gmail.com
Charley Gros! charley.gros@polymtl.ca
Joseph Paul Cohen? joseph@josephpcohen.com
Julien Cohen-Adad®? jcohen@polymtl.ca

! NeuroPoly Lab, Institute of Biomedical Engineering, Polytechnique Montreal, Canada
2 Mila, University of Montreal, Canada
3 Functional Neuroimaging Unit, CRIUGM, University of Montreal, Canada

3.3 Abstract

Despite recent improvements in medical image segmentation, the ability to generalize across
imaging contrasts remains an open issue. To tackle this challenge, we implement Feature-
wise Linear Modulation (FiLLM) to leverage physics knowledge within the segmentation model
and learn the characteristics of each contrast. Interestingly, a well-optimised U-Net reached
the same performance as our FiLMed-Unet on a multi-contrast dataset (0.72 of Dice score),
which suggests that there is a bottleneck in spinal MS lesion segmentation different from
the generalization across varying contrasts. This bottleneck likely stems from inter-rater

variability, which is estimated at 0.61 of Dice score in our dataset.


https://www.humanbrainmapping.org/i4a/pages/index.cfm?pageid=3958
https://spinalcordmri.org/2020/01/20/workshop.html
https://arxiv.org/abs/2003.04377
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3.4 Keywords

Deep Learning, Segmentation, MRI, Spinal cord, Multiple Sclerosis

3.5 Introduction

Multiple Sclerosis (MS) is the most prevalent autoimmune disease of the central nervous sys-
tem [46]. Lesion quantification on both brain and spinal cord MRI data is part of the diagnosis
criteria for MS, [47] and has been extensively used in clinical studies [48]. Although recent
methods based on deep convolutional neural networks (CNNs) showed promising results [3],
they are hampered by major issues [10]. One of the issues is the inability of CNN models
to generalize to heterogeneous imaging parameters (e.g. MR field strength or manufacturer,

image contrast, resolution and field of view) that were not represented in the training data.

3.6 Methods

To address the generalization problem, we adapted the Feature-wise Linear Modulation!
(FiLM) [6,49] approach to the segmentation task. FiLLM enables us to modulate CNNs fea-
tures based on non-image metadata as illustrated in figure 3.1. In order to facilitate the
model generalization, we input the MRI contrast (e.g. T2-weighted) in the FiLM genera-
tor, instead of directly inputting MR acquisition parameters which, based on preliminary
investigations, would produce too many degrees of freedom and non-linearity issues across
parameters. Each FiLM generator (multi-layer perceptron) optimises v, f based on the con-
trast information (z). Each U-Net feature map (x) is then linearly-modulated by these FiLM

parameters, such that:

FiLM(z) = v(z) oz + B(2) (3.1)

L Additional details on the FiLM architecture are available in section 4
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Figure 3.1 FiLM architecture using MRI contrast type in input. A FiLM layer is added after
each convolutional block of the U-Net to modulate the CNN feature maps. The FiLMedUnet
is trained end-to-end.

We compared this new approach with a traditional U-Net [12], on ‘real-world’ data from
642 MS patients, acquired by thirteen centers, yielding 2,549 MR volumes (T2-weighted or
T2*-weighted, 38, 855 axial slices in total), spanning a large range of acquisition parameters
(e.g. resolution, orientation, field of view). To alleviate the issue of class imbalance, slices
were cropped around the region of interest using the spinal cord segmentation (48x48 pixels).
Data augmentation was performed on both the MRI data (random affine and elastic trans-
formations) and by altering the ground truth segmentation via a series of morphological and
affine realistic operations. This was done to simulate rater uncertainty at the boundary of

lesions and have the network learn these uncertainties.

Training was done on axial slices using Dice loss [18] with the Adam optimizer [50] and a
60/20/20% training / validation / testing random split of the dataset. Hyperparameters such
as learning rate scheduler, batch size and U-Net depth were optimised using a grid search.
Models were implemented in PyTorch 1.2 [51] and trained on an NVIDIA P100 GPU, which

took 7h. The implementation is open source and available on Github: ivadomed.


http://ivadomed.org/
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3.7 Results

As shown in table 3.1, models have almost indistinguishable performance when optimised.
U-Net yielded negligible performance difference when trained and tested on single-contrast
dataset (i.e. T2w or T2*w) compared with multi-contrast dataset (i.e. T2w and T2*w),
suggesting that contrast generalization is not a bottleneck, at least in this dataset and for
this MS lesion segmentation task. This observation is consistent with the fact that FiLM

does not reach higher performance than an optimised U-Net on this dataset.

Training configuration | Dice score (higher is better)
U-Net T2w only 0.72
U-Net T2*w only 0.73
U-Net T2w + T2*w 0.72
FiLMed-Unet T2w + T2*w 0.72

Table 3.1 Results comparison between the U-Net and our FiLMed-U-Net in terms of Dice on
the testing dataset, including T2w (top row) or T2*w (second row) or T2w and T2*w (last
rows) data.

3.8 Conclusion

In this paper we implemented FiLM to modulate U-Net segmentation based on MRI contrast
type. Results show that a simple U-Net can achieve the same performance as FiLM, both on
single and multi-contrast datasets. This result however highlights a bottleneck in spinal MS
lesion automatic segmentation, and likely in medical image segmentation in general: a high
inter-rater variability, as also been reported in brain studies [31]. Inter-rater variability had
a Dice of 0.61 in our dataset [3], which is lower than our results of 0.72. The difference could
possibly be explained by some overfitting on certain rater styles. Future work will encode
the rater identity into the CNN learning in order to account for rater style and expertise.
This would enable the model to learn the difference between multiple rating styles, and to

choose a desired style at inference time.
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CHAPTER 4 ADDITIONAL INFORMATION ON THE FILM PROJECT

Due to length constraints arising from the OHBM abstract format, we present here supple-

mentary information regarding the methods and results of the FiLM project.

4.1 FiLM architecture

4.1.1 Input encoding

As described in equation 3.1, image metadata is being fed into the FiLM generator. All
metadata, both categorical (e.g. contrast type such as T2 and 72*) and continuous (acqui-
sition parameters such as TE, TR, and flip angle) are one-hot encoded in order to have a
single format of input for the FiLM generator. To achieve this, continuous data was catego-
rized, using kernel density estimation (KDE) to perform clustering. While some information
is lost in the process, this discretization enables faster prototyping since the same pipeline
can be used for both types of data. This one-hot vector is the fed into what is called the
FiLM generator, which is a simple neural network (MLP) with the task of predicting a pair
of values (v, ) for each feature in the feature maps of the U-Net. These (v, ) pairs then

modulate the values in the features maps in a linear fashion, such that a feature x becomes :
¥=~-z+4+0 (4.1)

4.1.2 Architectural details
U-Net

U-Net was composed of 8 layers (meaning a U of height 3) with FiLM applied after each
layer. The rationale behind this is that while FiLM may potentially be more useful after some
layers than others, this optimal location should be learned instead of hard-coded. Adding
more layers (thus more downsampling) to the U-Net was not helpful due to the small image
size (48 x 48). Kernels were 3 x 3 with a stride and padding of 1. A cosine annealing learning
rate (from 1072 to 1073) was applied with an Adam optimizer. Dropout was applied with
a rate of 0.3 and batch normalization with a momentum of 0.1. Models were trained from
scratch (no pre-training) and both networks were trained at the same time (FiLM and U-Net)

using the same Dice loss function.
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FiLM

The FiLM generator is composed of a MLP. Multiple variations of FiLM generators (dark
pink block at the top in figure 3.1) were tested, with the major ones being :

« Width of hidden layers (from 32 to 256 for the first layer)
» Depth of the network (from 2 to 5 layers)

o Non-linearity functions

— ReLlU

— Leaky-ReLLU
— Sigmoid

— Tanh

o Loss function

— Dice loss

— Cross-entropy loss

— Focal loss

— Generalized Dice loss

— Focal Dice loss

First, when gradually increasing first layer width (w;) and network depth (d), performance
plateaued at a width of 64 and a depth of 3 layers. These were therefore the chosen values
for the network size, since additional complexity proved unnecessary. Width for subsequent
layer is w,, = w,_1/4. The output layer has two outputs for each convolutional filter in the

U-Net (e.g. 2 X Nepannel)- The architecture is illustrated in figure 4.1.
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Figure 4.1 Simplified illustration of the FiLM generator architecture (from left to right :
input layer, 3 hidden layers and output layer). 2 input neurons correspond to the simplest
case, which is a single metadata type with a 2D one-hot vector (e.g. contrast type with only
2 available contrasts). The full width of the first hidden layer is not shown here to achieve
a reasonable image aspect ratio (i.e. Full width of 64 is reduced). Finally, in practice, there
are 2 output neurons per U-Net channel (varies for each U-Net layer, but there are lot more
than illustrated here).

Next, for the activation functions, I found that ReLU, Leaky-ReLU and Tanh all offered
similar performance. However, sigmoid gave 5% higher Dice score than ReLU as shown
in table 4.1 and it was selected for this reason. Finally, various loss functions were tested

to deal with the class imbalance issues, since losses such as focal loss and its variants have
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been shown to achieve higher performance in some segmentation datasets with small objects.

However, in our case, Dice loss was the one yielding the highest Dice scores.

Lesion segmentation Dice score of U-Net vs FiLM
Epochs 10 20 50 100
U-Net 0.53 | 0.53 | 0.53 | 0.55
Dice score | Base (ReLU) FiLM | 0.52 | 0.50 | 0.50 | 0.46
Sigmoid FiLM 0.57 | 0.57 | 0.56 | 0.60

Table 4.1 Comparison between the U-net and our FiLMed-U-net (ReLU vs sigmoid for the
FiLLM generator MLP) in terms of Dice on the testing dataset

4.2 FiLM preliminary results

The original goal of this project was to improve MS lesion segmentation. Chapter 3 presented
the final results of efforts to improve segmentation of MS lesions by using FiLLM [6]. However,
not shown are preliminary results which motivated the project. FiLM initially showed a 5%
increase higher Dice in FiLMed U-Net when compared to baseline U-Net, as shown in table
4.2. This difference disappeared after performing an extensive hyperparameter optimization
(batch size, learning rate, scheduler function, U-Net depth, loss function, positioning of FiLM
layers), and fine-tuning of preprocessing (cropping around the spinal cord, binarizing ground
truth) the performance of both models is increased such that there is no difference between
the two as was described. Multiple variations were tried (in terms of network architecture, of
where to apply the modulation and which metadata to feed) without success. As an example,
I tried directly input the values of main acquisition parameters (TR, TE, flip angle), since
they offer more granularity contrast types, but results were similar. This suggested that a
bottleneck that looked data dependant instead of architecture dependant, since a theoretically
more advanced architecture which had proven to be better on this task in preliminary tests

was faced with the same hurdle as a basic U-Net.

Unoptimized model (Dice score) | Optimized model (Dice score)
U-Net T2w only 0.552 0.721
U-Net T2*w only 0.585 0.726
U-Net T2w + T2*w 0.545 0.724
FiLMed-Unet T2w + T2*w 0.598 0.723

Table 4.2 Comparison between the U-net and our FiLMed-U-net in terms of Dice on the
testing dataset, including T2w (top row) or T2*w (second row) or T2w and T2*w (last rows)
data.
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4.3 From improving MS lesions segmentation to understanding the impact of

rater variability

This bottleneck is what prompted investigations into the rater variability phenomenon. Mod-
els were already achieving score higher than inter-rater variability, and therefore it appeared
as the logical bottleneck. The focus thus shifted from simply getting a higher Dice to under-
standing what is the impact of rater variability on deep learning segmentation. As discussed
in Chapter 2, some studies have looked at the impact of consensus on models’ confidence,
but in the real world, obtaining ratings from multiple raters if often not possible. Therefore,

some of the remaining questions are :

o How can we quantify what rating style is more suitable for deep learning purposes?
o Which factors in rater style impact model performance and uncertainty?

o Is it possible to identify a less suitable rating styles for deep learning purposes without

knowing the consensus?

o Does any consensus systematically lower uncertainty or are some combinations of raters

better than other when creating consensus?

These questions appeared following the FiLM project, and are what the article presented in
Chapter 5 aims to answer. The idea is that uncertainty could be a good indicator of the
bias/consistency of a rater, and we aim to bridge the gap between investigations on rater
style [41] and those on uncertainty [42-45]

4.4 Shift from spinal cord MS to brain

Datasets for the inter-rater projects were different. The FiLM project used a large private
spinal cord MS lesion dataset that encompassed a variety of 'real-life" contrast, and there
are no comparable public datasets. With the constraint of generalization removed (since
the bottleneck is elsewhere), we decided to use public datasets for the inter-rater project.
While these are in general smaller and more carefully crafted (less representative of real-
world data) it allows for better reproducibility, since both the code and data are open. This
is why in chapter 5 we use an MS brain dataset instead of a spinal cord dataset. However,
we still wanted to include a spinal cord aspect, which is why a second dataset, gray matter

segmentation (also publicly available), was used to replicate some findings.
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CHAPTER 5 ARTICLE 2 : IMPACT OF INDIVIDUAL RATER STYLE
ON DEEP LEARNING UNCERTAINTY IN MEDICAL IMAGING
SEGMENTATION

This study has been submitted at the Journal of Machine Learning for Biomedical Imaging
(MELBA).

5.1 Title

Impact of individual rater style on deep learning uncertainty in medical imaging segmentation

5.2 Authors
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5.3 Abstract

While multiple studies have explored the relation between inter-rater variability and deep
learning model uncertainty in medical segmentation tasks, little is known about the impact
of individual rater style. This study quantifies rater style in the form of bias and consistency
and explores their impacts when used to train deep learning models. Two multi-rater public
datasets were used, consisting of brain multiple sclerosis lesion and spinal cord grey matter
segmentation. On both datasets, results show a correlation (R? = 0.60 and 0.93) between
rater bias and deep learning uncertainty. The impact of label fusion between raters’ anno-
tations on this relationship is also explored, and we show that multi-center consensuses are
more effective than single-center consensuses to reduce uncertainty, since rater style is mostly

center-specific.


https://www.melba-journal.org/
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5.4 Keywords
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5.5 Introduction

Inter-rater variability limits the achievable segmentation performance of deep learning seg-
mentation by introducing human error to the ground truth [31]. Tasks such as multiple
sclerosis (MS) lesions segmentation are highly challenging due to the smallness of lesions and
the poorly defined borders, leading to a low inter-rater agreement and high deep learning
model uncertainty [3,24]. For instance, some experts tend to over-segment, others under-
segment, yielding “confusion” for the segmentation model trained on data labelled by different
raters [44]. Understanding the rater style could allow for better performance of models, e.g.,

by integrating this knowledge within the deep learning training scheme.

5.5.1 Related Works

Previous studies have shown that the rater style can be learned [45], and therefore the
inter-rater disagreement patterns could potentially also be learned by the model [42]. There
has also been work on jointly learning individual rater characteristic at the same time as
"true" consensus segmentation, in classification [52], segmentation [53] , and object detection
[54]. Also shown was that the method used to generate the ground truth from multiple
rater annotations, e.g., label fusion [44] and label sampling [43] largely impacts the model

uncertainty.

5.5.2 Contribution

While many studies have addressed the uncertainty introduced by multiple raters, less work
addressed the uncertainty introduced by a single rater. A model trained with data from
a single rater will still exhibit some level of uncertainty due to rater style, and our goal is
therefore to find what factors in a rater’s style generate uncertainty. Those factors could
include tendency to under/over-segment, consistency across images, non-independence of
raters (e.g. influence of the expert who trained the rater). Intuitively, a non-biased and
highly consistent rater would be the ideal candidate for training a deep learning model. We
therefore expect a correlation between a rater’s bias/consistency and the uncertainty of the
model trained with their annotations. This would mean that characterization of the rater’s

bias could eventually be incorporated as prior knowledge within the learning scheme or in
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the reporting of uncertainty (post-processing).

5.6 Material and Methods

5.6.1 Datasets

Two public MRI datasets with multiple raters annotations were used. The first is a brain
multiple sclerosis (MS) lesion dataset introduced at a MICCAI 2016 challenge [55]. It consists
of 15 subjects each annotated by seven raters from three different centers. The second dataset
is a spinal cord (SC) gray matter (GM) introduced at a segmentation challenge [56], which

includes 40 subjects with annotations from four raters (all raters from a different center).

5.6.2 Metrics

In this paper, we characterize rater’s style using rater bias and consistency. Since the con-
sensus of all raters is the closest we have to the real ground truth, we define a rater’s bias to
be the average difference (in terms of positive voxels count) between the rater’s annotation

and the consensus across all volumes:

Zimages Nrater — Tlconsensus (51)

bias =
s # of images

With nxx the number of positive voxels in a segmentation mask (i.e., belong to the target
segmentation class). Consensus is defined by majority voting, as explained in section 5.6.3.
A positive or a negative bias therefore measures if a given rater has a tendency to over-
or under-segment, respectively. Images refer to 3D volumes, but using 2D slices as a basis

instead would give the same results up to a constant factor, since bias is an average.

Similarly, we define rater consistency as the standard deviation of the difference (in terms of

positive voxel count) between the rater’s annotation and the consensus across all volumes:

Zimages (nrater — Nconsensus — bias)2
# of images

consistency = \J (5.2)

Consistency therefore measures whether a rater is either always over-segmenting or under-
segmenting (consistent, close to zero) or if they are doing a bit of both (inconsistent: higher

values).
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We choose to use an absolute bias metric as opposed to a relative one since we do not think
all slices deserved the same weight. For example, it would be unfair to penalize a rater by
the same amount for a 10% error on a slice showing only a single 10-voxel lesion, versus for
a 10% error on a slice with multiple lesions totalling hundreds of voxels. The error in the
former case is likely negligible, whereas the error in the latter case is large and systematic
(multiple lesions), but both would have the same impact on the computed bias if we had
used a relative metric. We however considered using relative instead of absolute metrics, by
normalizing the difference used in bias and consistency by the number of positive voxels in
the consensus in each image. Results of these investigations are in appendix 5.10, and show
that the bias/uncertainty relationship in figure 5.2 and 5.3 still holds when using relative

bias

5.6.3 Processing

Images were resampled (1 x 1 x 1mm? for MS brain and 0.25 x 0.25 x 2mm? for SC GM) and
cropped (respectively 160 x 224 and 128 x 128) before being fed to the models. Data augmen-
tation (rotation, translation, scaling) was applied slice-wise. Datasets were split 60/10/30
randomly for training/validation/testing respectively. 2D U-Nets [12] were trained slice-wise
with the annotation of each individual rater. While it is no more state of the art, a 2D U-Net
is sufficient since it can achieve near inter-rater variability levels of performance [3,57]. Ad-
ditional performance would not be beneficial since the main goal is to study uncertainty and
not segmentation performance. A more advanced architecture would probably only result
in overfitting on some rater styles. Training was done on NVIDIA P100 GPUs using the
open source framework ivadomed ! ©2.1.0 [7] which is based on PyTorch [51]. Configuration
files containing all hyperparameters for both datasets are also available here 2. Models were
trained using a Dice loss [18]. Inference was then done on the test set to measure model’s
performance (Dice score) and aleatoric uncertainty [30]. Uncertainty is estimated using test-
time data augmentation (rotation, translation, scaling), and is computed as the entropy of
10 Monte Carlo samples for each image. The exact settings for the transforms are described
in the config files linked above. The choice of aleatoric uncertainty was made because it is
considered as being representative of “inherent” uncertainty in the data, whereas epistemic
uncertainty is considered dependent on the model parameters (i.e. it could go away with more
data) [21,22]. All the previous steps (pre-processing, data augmentation, training, evaluation
and uncertainty computation) were done with ivadomed. Preliminary experiments on the MS
brain dataset showed that generating ground truth with STAPLE [40] yielded similar results

http://ivadomed.org/
’https://github.com/0l1ix86/paper_rater_uncertainty
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in terms of rater style (bias & consistency) compared to majority voting. The only difference
was a constant offset to all raters bias, meaning that majority voting has a tendency to over-
segment when compared to STAPLE. Since this affects all raters and doesn’t have an impact
when comparing styles between raters, ground truths were generated using majority voting
due to it being easier to interpret (i.e. consensus voxel = 1 if at least 50% of raters voted
1). By default, the term “consensus” will refer to this combination of all raters for a given
dataset, however, single-center consensuses were also computed using the same method and

will be compared to the global consensus.

5.7 Results

5.7.1 Rater style

We first examine rater style in the form of bias and consistency relative to consensus for
MS brain. Styles are shown in Figure 5.1 and solely depend on the ground truths from each

rater; they do not involve any deep learning model.

Rater style
MS brain dataset
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Figure 5.1 Rater style is characterised by consistency and bias. Dots colour corresponds to
each rater’s center.

We notice 3 clusters which are clearly delimited by the center to which raters belong. This
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implies that rater style depends a lot more on the rater’s center than its individual charac-
teristics. Indeed, cluster radii of [0,1.8,12] x 10? are a lot smaller than the distances between
pairs of clusters centroid [21,36,47] x 103. To assess the quality of the clustering we use the
Davies-Bouldin index [58], a metric which quantifies the quality of clustering through ratios
of intra-cluster scatter to inter-cluster distance (lower is better). Here, DB = 0.21, meaning
that intra-cluster scatter is quite lower than inter-cluster distances. Our hypothesis is that
uncertainty for individual raters should follow a similar center-centric pattern assuming it
depends on the rater style. This does not apply for the GM dataset since it contains only a

single rater per center.

5.7.2 Uncertainty

Next, we look at how uncertainty in models trained separately for each rater relates to rater
style for both datasets, in Figure 5.2 and 5.3.

Individual rater uncertainty
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Figure 5.2 Relationship between the uncertainty of models trained for each rater and the bias
of the corresponding rater for the MS brain dataset. Each colour corresponds to a center.
R? = 0.60
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Individual rater uncertainty
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Figure 5.3 Relationship between the uncertainty of models trained for each rater and the bias
of the corresponding rater for the SC GM dataset. R? = 0.93

In both datasets raters with a higher bias also have higher uncertainty. Over-segmentation
(bias > 0) seems to be associated with higher uncertainty than under-segmentation (bias
< 0). Raters are also clustered by center for the MS brain dataset, but in this case the
distance between clusters is smaller than in the rater-style graph, since other factors also

influence uncertainty, such as noise in data and the limited size of the training set.

It is interesting to note that while a higher rater bias produces higher uncertainty, it does
not affect model performance as assessed by the Dice score (R? = 0.07), as shown in Figure
5.4.
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Model performance by rater
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0.6

0.5
0.4
0.3 [ J

0.2

Dice on test set

0.1

-3.0 -2.0 -1.0 0.0 1.0 2.0 3.0 4.0

. . x 10000
Rater bias (average voxel count difference from consensus)

Figure 5.4 Relationship between the Dice score on the test set of models trained for each rater
and the bias of the corresponding rater (R? = 0.07). Dice score is computed for each model
on the same ground truth that was used for training (e.g. model trained on data from rater
X is evaluated with respect to ground truth unseen during training from the same rater).

5.7.3 Consensus

All raters exhibit some level of bias and as we saw earlier, bias is correlated with uncertainty
(Figures 5.2-5.3). We now investigate whether combining raters through consensus would
lower uncertainty when compared to single-rater training. Results of this investigation are
shown in Figure 5.5, highlighting a consensus uncertainty 30% lower than the average across

individual raters.
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Aleatoric uncertainty for multi-center consensus and single raters
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Figure 5.5 Comparison of uncertainty for individual raters and multi-center consensus for the
MS brain dataset. Dotted line is the average of single raters uncertainty.

Center-wise consensuses do not, however, exhibit the same characteristic, as they have higher
uncertainty than the global (multi-center) consensus and are comparable (lower for center
2, slightly higher for center 1, and irrelevant for the single rater of center 3) to the average

uncertainty of their raters used individually (Figure 5.6)
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Aleatoric uncertainty for consensus compared to average of
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Figure 5.6 Per-center comparison of average rater uncertainty and consensuses uncertainty
for the MS brain dataset.

Finally, the previous results are also reflected in the performance (Dice score) of models with
the global consensus scoring a full 0.1 above the average of individual raters, and scoring
[0.05 — 0.09] above single center consensuses as shown in table 5.1. Thus, it seems that
combining raters from different centers has a more positive impact on uncertainty and Dice

than combining raters from the same center.

Dice score for consensus

Raters average 0.42
Center 1 consensus 0.47
Center 2 consensus 0.46
Center 3 consensus 0.43
Multi-center consensus | 0.52

Table 5.1 Dice score for different combinations of raters for the MS brain dataset. Dice score
is computed for each model on the same ground truth that was used for training (e.g. model
trained on data from center X’s consensus is evaluated with respect to ground truth unseen
during training from the same center).
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5.8 Discussion

This study shows that rater style can be characterised by measuring rater consistency and
bias. Moreover, results from the brain MS dataset suggest that rater style is mostly center-
specific instead of rater-specific. Results also show on both MS brain and SC GM that when
using annotations from a single rater to train a deep learning model, a high rater bias leads
to high model uncertainty. This is interesting since these models are trained on annotations
from a single rater and therefore have never “seen” the consensus although bias relative to
consensus still impacts uncertainty. While rating style impacts the amount of uncertainty,
bias doesn’t directly affect the average performance (Dice score) of the model meaning that
the rater style can be learned by the model regardless of uncertainty. A mechanism that
could potentially explain why oversegmentation leads to higher uncertainty is partial volume
effect. Indeed, a rater that undersegments (e.g. labelling only voxels that contain 100% lesion
tissue, and not those at the boundary that contain some other tissue) would give an easier
task to the model; voxels labelled as lesions are homogeneous, and simple to identify. At the
opposite, a rater that oversegments also includes voxels containing a varying percentage of
lesion tissue, which is potentially harder since there is less homogeneity, therefore yielding

more uncertainty.

Another interesting result is that uncertainty was lower for the global consensus model (i.e.,
when fusing all raters’ annotations into a single binary annotation) than for models trained
using annotations from a single rater. We hypothesize this phenomenon originates from the
biases of individual raters which get smoothed away when combining raters from different
centers which have different styles. This is also probably why combining raters’ annotations
from a single center (center-wise consensuses) does not reduce a model’s uncertainty : indi-
vidual bias can’t cancel out since we combine raters with similar styles and shortcomings. A
single rater, such as the one from Center #3, can therefore have lower uncertainty than the
consensus from the four raters of Center #1 due to their higher bias. Multi-center consensus

could therefore be a mechanism to lower the impact of rater style.

This lower uncertainty for the global consensus, however, opens up questions regarding the
impact of inter-rater variability on uncertainty. Inter-rater variability by definition is not
present for single-rater models, but is present in center-wise consensuses, and is at its highest
for the global consensus since it combines raters with diverging styles. Our results therefore
suggest that the reduction in rater bias when going from single rater to global consensus has
a bigger impact on uncertainty than the addition of inter-rater variability. It is therefore
possible that inter-rater variability is indeed present but relatively constant throughout the

dataset, thus not generating much uncertainty. A limitation of this study is that the number
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of raters (7 for the MS dataset and 4 for the SC GM dataset) is relatively small, therefore
our results would benefit from further validations in datasets with larger pools of raters from

different centers.

5.8.1 Impact and perspectives

Raters used in the MS brain study were junior raters trained by senior raters from their
center [55], therefore the mutual influence among raters during the learning and segmentation
process probably drives the similarities in rating style. This center-wise rater style pattern
raises a few questions concerning label fusion, which is largely used in deep learning medical
imaging studies. Indeed, in the case of the MS brain dataset, since the split between centers
is 4-2-1, if one uses a majority voting consensus it essentially becomes the vote of the four
raters from a single center, negating the benefits of having two additional centers with raters
in the study. It is doubtful that STAPLE and its variants could really solve the issue since
it is based on majority voting, only with weights updated iteratively. If the four raters from
one center dominate during the first iteration, the remaining raters will see their weighting

be progressively reduced until convergence.

Future studies should therefore consider whether raters from the same center can really
be considered independent, or if voting should be weighted by centers instead of raters.
Weights of raters could also be considered as hyperparameters that can be optimised in
order to minimize uncertainty. Alternatively, raters weight could be incorporated into the
input ground truth segmentation using a “soft training” pipeline [59]. While our rater style
was defined as simple metrics independent of deep learning models, it would be interesting

to see if learned rater style approaches [52-54] show a similar relationship to uncertainty.

Other potentially interesting metrics include measuring boundary difference instead of vol-
ume difference. An example would be the average symmetric surface distance (ASSD) which
computes the average Euclidean distance between the object boundaries across raters. This
metric would be particularly relevant for the MS lesions task where there is a large het-
erogeneity of object shape, and therefore it could be interesting to complement the volume
difference analysis with some shape analysis. Indeed, an increase of lesion radius (e.g. evenly
adding 1 voxel along the lesion boundary) would have a different impact on the relative
increase of the lesion volume if the lesion is small or large (e.g., 10-voxels vs. 100-voxels
lesion). Therefore, from a "radius segmentation style" perspective, it could be said that our
absolute metric overweights large lesions at the expense of small ones, whereas it would be
the opposite for our relative metric. However, measures based on boundaries also have draw-

backs. It is possible that two raters segment the same lesion volume with a slightly different
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boundary (translation, change of shape, etc.). Therefore such a metric would measure a bias
even though there is none (there is indeed a disagreement, but not in the form of over/under-
segmentation that we are looking for). To summarize, the main drawback of our volumetric
bias is the possibility that it turns out to be non-linearly dependant on some other underlying
bias (e.g. if it in facts depends on the radius). While we present two bias metrics here, a
detailed comparison with other relevant metrics would be interesting to explore in future

research.

Finally, uncertainty could have potential applications for quality control such as identifying
biased raters when there are not many ratings available. As an example, a rater generating
significantly higher than expected uncertainty for a given task could be excluded as an outlier.
Conversely, rating style could be used as a pre-processing step to “correct” biases on an
individual rater basis or incorporated as a prior in future deep learning architecture. Model
segmentation could be modulated using metrics about the rater style (e.g used as inputs for

FiLM layers [6,60]).
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5.10 Appendix A. Relative bias

In this appendix we present the equivalent of figure 5.2 and 5.3 using relative instead of
absolute bias. Relative bias is defined in equation 5.3 in a similar way as absolute bias in
equation 5.1, with the only change being the fact that we normalize the difference between
rater and consensus by the number of positive voxels in the consensus in each image, therefore

ensuring no volume has a disproportionate weight.

Nrater — Mconsensus
Zimages

relative bias = Zof iﬁ‘;‘ge@‘;ws (5.3)

Figure 5.7 and 5.8 show that on both datasets, the relationship between uncertainty and
bias is still present using relative bias. Correlation is slightly stronger (0.64 vs 0.60) for MS
and identical for (0.93) for GM than when using relative bias compared to absolute. On the
qualitative side, for MS lesions we observe in figure 5.7 that one rater is an outlier (blue
dot close to orange ones). It already was relatively far from its peer in figure 5.2, but this
is exacerbated here. On GM segmentation, figure 5.8 shows that switching from relative to
absolute bias makes pretty much no difference. The rater distribution is almost identical
to figure 5.3. Overall GM bias is a lot lower than MS in both the absolute and relative
cases, since the task is easier there is less disagreement between raters. The lack of difference
between the relative and absolute bias for GM is potentially explained by the fact that the
GM volume varies a lot less across slices and subjects than MS lesions. It is inline with our
expectations that relative bias is useful to accentuate the errors on very small lesions, which

is why this re-weighting affects mostly the MS dataset.
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Figure 5.7 Relationship between the uncertainty of models trained for each rater and the
relative bias of the corresponding rater for the MS brain dataset. Each colour corresponds
to a center. R? = (.64
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CHAPTER 6 GENERAL DISCUSSION

In summary, our results suggest that contrast generalization is not necessarily what limits
performance in MS lesions segmentation. Instead, this limitation likely stems from rater
style variability. We have shown that rater bias is correlated with aleatoric uncertainty.
Rater style (bias and consistency) mostly varies across centers and less across individuals, as
initially thought. Therefore, it follows that consensus can reduce uncertainty, but only when
combining raters with different styles (centers). This center-centric rating style is further
confirmed by the fact that U-Net has similar performance (Dice) on single-rater and single-
center whereas performance is better on multi-center consensus. We also found no correlation
between rater bias and single rater Dice score, suggesting that U-Net has no problem learning
single-rater style, which is consistent with a previous study [45]. Consensus is therefore a
tool among others, but in no way silver bullet. Having many raters annotate a dataset is not
automatically "better" when training a DL, model, especially if they are from the same center
or have had similar training. Consensus doesn’t guarantee lower uncertainty and better
Dice, since a single low-bias rater can fare better than multiple combined high-bias raters.
The center-centric style also highlights potential improvements in rating protocols. A recent

review of clinical guidelines highlights these flaws which lead to subjective assessments:

“Current MRI criteria for multiple sclerosis are based on imaging features that
are characteristic of the disease, but are not sufficiently specific. Over time, re-
visions of the multiple sclerosis diagnostic criteria have improved the sensitivity,
particularly adding the capability to confirm the diagnosis at first clinical presen-
tation. However little attention has been given to describing the imaging features
included in these criteria in detail, and guiding neurologists and neuroradiologists

in correctly interpreting them.” [61]

A high sensitivity but low specificity means in our terms a high positive bias, which is what
we have shown to be correlated with uncertainty. Therefore, improvements in image inter-
pretation and diagnostic criteria would likely benefit deep learning segmentation, yielding

less oversegmentation and lower uncertainty.

It is also interesting that this bias vs. uncertainty correlation was replicated in gray matter
segmentation (large objects relative to image size, systematic presence of the object across
all slices) which is very different from MS lesions segmentation (small objects relative to the

image size, variable object sizes, non-systematic presence of the object across slices, very large
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class imbalance). GM segmentation is a task that is a lot easier, with a lot less uncertainty
and rater disagreement. While this bias vs. uncertainty relationship needs to be replicated
in other multi-rater datasets, the fact that it is present in two very different datasets suggests

it could also apply to other segmentation tasks.
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CHAPTER 7 CONCLUSION

In this work we explored two topics in MS lesions segmentation. The first, FiLM, aimed to
improve generalization across contrasts but failed to improve segmentation performance. The
second, uncertainty and its relation to rater style, yielded some interesting insight on what
rater characteristics influence uncertainty. The main finding was that rater bias is correlated
with aleatoric uncertainty, and that the main variations in rater style (bias and consistency)
are across centers rather than individuals. Both of these projects left some open questions

for future research, which are discussed in this section.

7.0.1 FiLM

The FiLM project was continued by my colleague Andréanne Lemay who went on to show
that that FiLM can improve segmentation of spinal cord tumors using the tumor type as
metadata instead of contrast type [60]. It therefore looks plausible that MS lesion was
simply a bad task to utilize this architecture, since simpler models can already attain inter-
rater levels of performance. She achieves a 5.1% higher Dice using FiLLM, which is consistent
with my 5% higher Dice in "non-optimized" MS lesions results presented in chapter 4. While
here FiLM was used with contrast type as metadata, there are other applications such as
using it to deal with multi-class datasets with missing labels (by specifying which labels are
present/missing as a metadata). Models can still learn from data with missing labels since
model’s weights are shared between tasks. FiLM is therefore an architecture which could

have many uses, even though it was ineffective here [60].

7.0.2 Uncertainty

While many studies focus on developing new and more complex neural network architectures,
we have to wonder if the higher theoretical performance makes sense. Indeed, Dice scores
and performance metrics are not everything and they are often only the tip of the iceberg.
In the case of MS lesions, attaining scores higher than the inter-rater variability makes no
practical sense, since it probably only means overfitting on one or more rater styles. Tools
such as soft segmentation [59] and uncertainty provide valuable information absent from

binary approaches.

In the end, there is not a unique "true" binary segmentation for a given image. Considering

the partial volume effect at the boundary of lesions, there is some inherent ambiguity in the
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data that and 2 raters could potentially disagree without committing an "error". Therefore,
another way to look at the problem would be to see centers with different styles as different
"domains" or style, with neither of them being wrong. We could imagine two-steps approaches
were a model predicts a segmentation and another one translates the segmentation into the
desired center style. A U-Net trained on X center could deploy this model in center Y by
adding a post-processing step that converts between the two centers’ style. This is similar as
transfer between artistic styles which has been studied [49], and rating style could be viewed

in the same way since it contains a subjective component.

7.0.3 ivadomed

All the processing for both projects was done using ivadomed [7]. While basic tools such
as pre-processing transforms and some models such as U-Net were already implemented
before the beginning of my master, many others were implemented during the projects. A
particularly useful tool I developed in ivadomed is automate_ training, an end-to-end multi-
GPU training and evaluation pipeline which enables quicker experiments with reproducible
of results. Other models, losses and improvements were implemented along the way, as the
need arose. These tools will be useful for other MRI segmentation and classification projects
since ivadomed is now the backbone of Spinal Cord Toolbox (SCT) [62]. In the future other
imaging methods will also benefit from them since the ivadomed team is now working towards

histology and EEG compatibility.
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