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Abstract

Ultrasound images of the fetal brain are routinely acquired during pregnancy to
assess the health and development of the fetus. It is standard clinical practice to
obtain simple in-plane measurements in 2D images that can not capture the complex
structural development of the fetal brain during gestation. Therefore, in this thesis,
I propose deep learning-based methods that can improve the understanding of
brain development from ultrasound.

Firstly, I studied the use of deep learning for subcortical structure segmentation.
Deep learning models typically need a reasonably large number of samples to
effectively learn the task. However, as subcortical structure segmentation is not a
task typically performed in clinic, it is challenging to obtain large sample numbers
with pixel-wise annotations. For this reason, I explored subcortical segmentation
in a low-data regime, demonstrating that segmentation performance close to intra-
observer variability can be obtained with only a handful of manual annotations.
The developed segmentation models were then applied to a large number of volumes
of a diverse, healthy population, generating ultrasound-specific growth curves
of subcortical development.

Predicting the gestational age of a fetus based on brain morphology can also
be used as a way to quantify developmental patterns. While conventional deep
learning methods can be used for this task, they can typically not explain their
reasoning process or provide insight into the image parts that contributed to the
final prediction. However, for clinical applications, it is vital to understand model
behaviour to identify failure modes and gain patients’ trust. For this reason, I
developed an age prediction model for fetal ultrasound that incorporates guided
attention in the architecture to make interpretable and local brain age predictions.
The attention is regularised with a segmentation loss, enforcing the network to
focus on specific parts of the image. I demonstrate that guiding the network to
focus on age-discriminative regions (the cortical plate and cerebellum) results in
significantly improved prediction performance.

Finally, I propose an alternative approach to interpretable brain age prediction
that uses an inherently interpretable network, as opposed to a post-hoc expla-
nation. The network learns a set of representative examples from the training
set (prototypes) and predicts the age of a new sample based on the distances



to these prototypes. The image-level distances are constructed from patch-level
distances, which are structurally matched using optimal transport. The prototypes
and distance computations can both be visualised, providing an understanding

of the reasoning process of the model.
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Introduction

1.1 Motivation

Pregnancies are routinely monitored using ultrasound (US) imaging due to its
low cost and high availability. During these US examinations, the development of
the fetal brain is assessed to measure growth and detect potential central nervous
system (CNS) abnormalities [1]. However, this assessment is typically performed
with a number of 2-dimensional (2D) in-plane measurements, which only provide
a limited representation of the 3-dimensional (3D) structural development of the
brain. In particular, intricate and dynamically evolving structures like the cortical
plate (CoP) and choroid plexus (CP) are challenging to capture using conventional
in-plane measurements. For this reason, the development of novel automated
methods could facilitate a more in-depth analysis of fetal brain US, and may provide
new insights into in wutero brain development.

The subcortical brain structures, such as the CP and the cerebellum (CB),
are typically included in routine and advanced examinations of the fetal brain
[1, [2], indicating their importance in assessing healthy development. Their full
structural development can be quantified by manually segmenting the structures of
interest in 3D US, but this is time-consuming and labour-intensive and, therefore,

not feasible in clinical practice. While deep learning techniques have been shown
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to produce accurate segmentations in a range of medical imaging applications
[3], such methods typically require a large number of manual annotations for
training. As such annotations are not readily available for 3D US and are costly to
acquire, this poses a key barrier to applying deep learning methods to subcortical
structure segmentation in US. Furthermore, US images pose a number of unique
characteristics that make the task especially challenging, such as the presence of
shadowing artefacts and the free-hand nature of the acquisition, resulting in an
unpredictable location of the fetal head in the acquired images. A number of
previous works have studied automating subcortical segmentations in 3D US [4}-§],
but these all have their limitations, such as segmenting only a single structure [4, 6]
or having a limited search region [5]. There is thus a need for automated methods
that segment multiple subcortical structures from 3D whole brain US.

An alternative to structural segmentation is the use of brain age predictions to
assess the development of the brain [9} 10]. In a healthy population, the development
of the brain is found to be temporally and spatially consistent during gestation
[11H20]. For this reason, gestational age (GA) predictions based on brain morphology
can be used to quantity the stage of development. This prediction can then be
compared to the ground-truth GA to determine whether the development is age
appropriate. As ground-truth GA estimates are readily available in the clinic, this
overcomes the difficulty in obtaining additional manual annotations. However, a
major limitation of applying conventional deep learning-based models for the task
of brain age prediction is that their decision-making process is not transparent
[9, 10]. This makes it challenging to understand model behaviour and limits the
additional insights that can be obtained alongside the model predictions [21} 22].
For example, a convolutional neural network (CNN) trained on the task of brain
age prediction from US can use image features extracted from anywhere in the
image, and it is not trivial to determine which image features contributed most
to the prediction. This severely limits the practical use of such a model, as no

meaningful conclusions about local structural development can be drawn.
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It is thus vital to develop brain age prediction models that are interpretable and,
hence, capable of providing insight into their reasoning process. This is essential
for the successful translation of the developed model into clinical practice, as both
healthcare practitioners and patients need to be able to understand why a certain
prediction was made to build trust in the model. Additionally, interpretability can
be essential to detect failure modes during model development 23], and can provide

useful information on how to improve model design before deployment [22].

1.2 Contributions

This thesis proposes three deep learning-based methods to automate the analysis
of fetal brain US. These methods make the analysis of large numbers of acquired
images feasible and can, therefore, improve our understanding of brain development
in utero. Furthermore, by developing deep learning models that are interpretable
(Chapters |§] and , the proposed models can provide information on which image
features were used, and how these features were used to generate the prediction.

To quantify subcortical development, I develop a method for the automated
segmentation of several subcortical structures in Chapter |5 (Contribution 1). As
obtaining manual annotations for training is costly, I specifically study training
CNNs for this task in a low-data regime. I compare using a small number of
individually annotated volumes versus using many weakly labelled volumes obtained
from atlas-based segmentations. Due to the free-hand acquisition of fetal US
images, the fetal brain position varies strongly across the acquired volumes: thus,
I also study the impact of image alignment to a common coordinate system as a
preprocessing step. Furthermore, I apply the final trained models to a cohort of
healthy fetuses, obtaining US-specific growth curves for subcortical growth during
the second trimester of gestation.

In Chapter [0}, I then address the question of identifying which image features
are used by fetal brain age prediction models (Contribution 2). 1 propose a network
that incorporates guided attention in the architecture, which can not only identify

relevant features but can also regularise the features that are used by the network.
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By regularising the networks’ attention with segmentation masks of the CB and
CoP, T explore how the brain age prediction network can be enforced to focus
on certain image areas and show that this regularisation even boosts prediction
performance. In this chapter, a number of different attention architectures are
investigated and experiments with both 2D and 3D US images are presented.

Finally, in Chapter [7} I propose a novel approach for interpretable brain age
predictions that addresses how image features are used to generate a prediction
(Contribution 8). The method is based on prototype learning and provides an
example-based explanation, specifically for a continuous prediction (i.e. brain
age). The proposed model makes a sample prediction from the distances to a set
of learned prototypes in latent space, using a weighted mean of prototype labels.
The prototypes are enforced to equate samples from the training set, and can,
therefore, be easily visualised. The image-level distances are further constructed
from patch-level distances, which are structurally matched using optimal transport
(OT). During inference, the prototypes used for the prediction can be shown, and
for each image-prototype distance, a detailed patch-level matching can be provided.
In this chapter, the network is applied to 2D US images of the fetal brain, as well
as to 2D magnetic resonance (MR) images of the adult brain, demonstrating that
state-of-the-art performance can be obtained on both datasets with an interpretable
CNN, thus providing insight in the reasoning process.

Automated methods hold the promise that they make the analysis of large
amounts of data feasible. However, large US datasets are often acquired at multiple
institutions or with different US scanners. For this reason, it is essential that
the models can generalise well to new datasets. In this thesis, I demonstrate the
generalisability of the developed models by testing the performance in each chapter
on an independent test set acquired at a different site and with a different scanner,

and show that good performance can be obtained on these US images.

1.3 Thesis Outline

This thesis is structured as follows:



1. Introduction 5

Chapter 2| describes the characteristics of fetal brain US and how it is
used to monitor brain development during gestation in clinical practice. It also
contains a review of automated methods that have been developed in the past
for the segmentation of subcortical structures and brain age predictions from

fetal US images.

Chapter 3| provides an overview of the different types of interpretability methods
used in medical imaging and summarises their respective benefits and limitations.
Lastly, it also reviews previous studies using interpretable deep learning specifically

developed for the task of brain age prediction.

Chapter 4] introduces the datasets used in this thesis and describes the main

data selection and preprocessing steps.

Chapters present the three contributions previously introduced. Each of
these chapters will have a similar structure, starting with an introduction and a
brief overview of any related literature that has not been discussed in Chapters
and [3] This will be followed by the methods and experimental set-up, describing
the proposed methods in detail. Finally, the results will be presented and discussed,

followed by a final conclusion.

Chapter (8| will summarise the main contributions and conclusions presented in
this thesis. Furthermore, it will discuss the overall limitations of the work presented

in this thesis and provide a number of recommendations for further work.

1.4 Statement of Originality

I declare that all the work presented in this thesis is my individual work unless
stated otherwise. All figures and tables included in this thesis have been produced
by me, or accurately referenced when other sources were used. Comments on

the work were provided by Prof. Ana Namburete and by group members of
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the OMNI lab. Additional comments on Chapter [5 were given by Prof. Mark
Jenkinson and Prof. Weidi Xie.

Most of the data used in this thesis has been acquired previously, and some
data selection and preprocessing steps have been adopted from earlier works. This

is described in more detail in Chapter [d] but can be summarised as follows:

o The main US dataset used in this thesis was previously acquired as part of
the INTERGROWTH-21% study [24]. Initial data selection and alignment to
a common reference space were carried out by Prof. A.N., which will also be
clearly stated in the data description Chapter [4l All manual ground-truth
annotations of the subcortical structures used in Chapter [5, both on the atlas

and individual images, were done by me.

o A second independent dataset was acquired during my DPhil by collaborators
at the Leiden University Medical Centre (LUMC). I have performed all
preprocessing for this dataset, and have created a data selection protocol
together with Dr. Moska Aliasi, an ultrasonographer in the LUMC. Data

selection was subsequently carried out by her.

o The final dataset used in this thesis consists of adult brain MR images and
is only used in Chapter [7} This is a publicly available dataset, and the

preprocessing of this dataset was carried out by Dr Nicola Dinsdale.

In addition to the dataset preprocessing, Chapter [5| uses an atlas constructed
by A.N. in earlier work [25]. To propagate manual annotations on the atlas back
to the individual volumes, and to reconstruct the atlas with a subset of volumes, I
adapted code previously written by A.N. Lastly, the work in Chapter [6] is inspired
by initial collaborative work between me and Dr Madeleine Wyburd, predicting
local brain age from cropped brain images [26]. However, the work presented in
this chapter is follow-up work representing my own contribution and does not
contain collaborative work. Only the ground-truth annotations of the CoP used in

this chapter were produced by M.W. (using an automated segmentation method
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previously developed [27]), and she also assisted in creating the 3D visualisations

of the CoP presented in Fig. [6.20]

1.5 List of Publications

A list of publications during my DPhil is listed below, followed by a description of

how the publications relate to each of the contributions presented in this thesis.

Peer-Reviewed Publications

(i)

(i)

(iii)

Linde S. Hesse, Ana I. L. Namburete. “INSightR-Net: Interpretable Neural
Network for Regression Using Similarity-Based Comparisons to Prototypical

Examples” Medical Image Computing and Computer Assisted Intervention

(MICCAI). Springer, 2022.

Linde S. Hesse, Moska Aliasi, Felipe Moser, Monique C. Haak, Weidi
Xie, Mark Jenkinson, Ana IL. Namburete, and the INTERGROWTH-21st
Consortium. “Subcortical segmentation of the fetal brain in 3D ultrasound

using deep learning." Neurolmage, 2022.

Linde S. HesseF_-L Madeleine K. Wyburd®, Moska Aliasi, Mark Jenkinson, Aris
T. Papageorghiou, Monique C. Haak and Ana I. L. Namburete “Assessment
of Regional Cortical Development Through Fissure Based Gestational Age
Estimation in 3D Fetal Ultrasound.” Uncertainty for Safe Utilization of
Machine Learning in Medical Imaging, and Perinatal Imaging, Placental and

Preterm Image Analysis. Workshop at MICCAI 2021. Springer, Cham, 2021.

Linde S. Hesse, and Ana I. L. Namburete. “Improving U-Net Segmentation
with Active Contour Based Label Correction.” In Annual Conference on

Medical Image Understanding and Analysis, Springer, Cham, 2020,

'Tndicates equal contribution
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Preprints

(v)

Linde S. Hesse, Nicola K. Dinsdale and Ana I. L. Namburete. “Prototype

Learning for Explainable Regression," available on ArXiv: arXiv:2306.09858

Additional Conference Presentations

(vi)

(vii)

(viii)

Linde S. Hesseﬂ Madeleine K. WyburdE], Moska Aliasi, Mark Jenkinson, Aris
T. Papageorghiou, Monique C. Haak and Ana I. L. Namburete “Automated
grading of fetal cortical development using deep learning algorithms: a
preliminary three-dimensional ultrasound study in healthy fetuses.” Ultrasound

in Obstetrics & Gynecology, 2021 (oral presentation)

Moska Aliasi, Linde S. Hesse, Madeleine K. Wyburd, Maartje Snoep, Ana
I. L. Namburete, and Monique C. Haak. “Success rate of the subcortical

Y

3D fetal brain segmentation using deep learning algorithms.” Ultrasound in

Obstetrics € Gynecology, 2022 (oral presentation)

Linde S. Hesse, Moska Aliasi, Monique C. Haak, Aris T. Papageorghiou,
Weidi Xie, Mark Jenkinson and Ana IL Namburete “Few-shot subcortical
brain structure segmentation in 3D fetal brain ultrasound.” Organisation of

Human Brain Mapping (OHBM), 2020

Relation to contributions The publications relate to each of the contributions

in this thesis as follows:

Contribution 1 (Chapter [5): The work in (ii) constitutes the first contribution
of this thesis, and (viii) a technical conference presentation by me of the same
work. The precursor to the work presented in this chapter was published in
(iv). Lastly, (vii) contains a clinical conference presentation in collaboration

with the LUMC, validating the segmentation performance on their data.

'Tndicates equal contribution
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« Contribution 2 (Chapter [6): Both (iii) and (vi) contain collaborative work
between me and my colleague Dr M.W. which motivated the work presented
in Chapter [6] However, the work presented in this chapter is distinct from

the previously published work in (iii) and (vi).

o Contribution 3 (Chapter [7)): The work presented in this chapter has been
written into an article (preprint available on ArXiv (v)). Precursors to this

work on a different dataset were published and presented at MICCAI 2022 (i).



Ultrasonic Evaluation of the Developing
Fetal Brain

2.1 Fetal Brain Ultrasound

Pregnancies are routinely monitored with US examinations as it is cost-efficient,
portable, and can acquire images in real-time. This section will provide an overview
of the characteristics of fetal brain US, the developmental patterns that can be
observed, and the types of US-based examinations that are performed. Additionally,
it will provide an overview of how the due date is typically estimated in clinical

practice, which is referred to as pregnancy dating.

2.1.1 Characteristics of Fetal Brain Ultrasound

US is acquired with a probe that emits a beam of sound waves that interacts with
the different tissues in the human body. At tissue boundaries, part of the beam
is reflected back to the probe, which can be measured and used to create an US
image. The pattern at a certain boundary is determined by the difference in acoustic
impedance between the tissues, meaning that boundaries between tissues with large
differences in acoustic impedance, such as the skull and the surrounding fluid, are
clearly visible on the image. Soft tissues on the other hand, which typically have

a similar acoustic impedance as they mainly consist of water, show relatively low

10
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Axial

US transducer

Figure 2.1: Example of US acquisition of the fetal brain. It can be seen that only
the hemisphere distal to the probe is well visible (delineated with a dashed line). The
other hemisphere is referred to as the proximal hemisphere. On the coronal plane, the
approximate midline of the brain has been drawn, from which it can be observed that the
orientation of the images can vary.

contrast on US. Furthermore, the appearance of a boundary depends on several
factors, such as the angle of incidence, the distance to the probe and the tissue
boundaries it has already encountered (reflecting part of the beam at each surface).
For this reason, the boundaries seen in US images are typically discontinuous and
dependent on the location and orientation of the image. In Fig. an example
US image is shown, illustrating the appearance of the fetal brain on US.

A typical characteristic of US is the presence of speckle. This refers to the
granular textural patterns present throughout the whole image, and is a result of
interference of the sound waves with each other . While speckle is dependent
on the tissue type and can therefore contain information, it is typically considered
noise as it obscures anatomical details, especially of small structures. Another
characteristic more specific to US images of the fetal brain is the shadowing of the
fetal skull. The skull increasingly calcifies during gestation which makes it more
difficult for the US beam to penetrate the skull. This is especially pronounced in
the third trimester, where the deeper brain structures are often barely visible. Due
to the strong acoustic shadowing of the skull, only the hemisphere distal to the US

probe is well visible on scans acquired from the axial plane, as shown in Fig. 2.1}
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Analysis of the fetal brain in US is therefore usually limited to a single hemisphere.

Finally, a key characteristic of fetal brain US acquired with a free-hand scanning
protocol, which is typical at the bedside, is the varying position of the fetal brain
due to the unpredictable fetal position in the womb, as well as the movement of the
transducer relative to the fetal head. An example of this characteristic is shown
in Fig. in the coronal plane, where it can be seen that the midline is not well
aligned (i.e. to an orthogonal reference system). As a result of the fetal position,
the acquired visible hemisphere also varies across individuals.

In routine clinical practice, typically transabdominal 2D US is used to analyse
fetal health. However, many modern US devices also have 3D probes, enabling
the acquisition of 3D image volumes. These enable full volumetric analysis and
facilitate the visualisation of fully orthogonal 2D planes. In clinical practice, 3D
US of the fetal brain is recommended for the targeted neurosonography [2], which

is performed when there is a suspicion of CNS abnormalities.

2.1.2 Appearance of the Fetal Brain

The description of fetal brain development is often divided into two parts: cortical
and subcortical development. Cortical development is the development of the
cortex, which, in its immature state, is referred to as the cortical plate (CoP), and
subcortical development, which is the development of all structures encapsulated

in the CoP, such as the CB, ventricular system and brainstem.

Cortical Development The cerebral cortex, which, in the adult brain, is heavily
folded, begins as a smooth surface and gradually develops sulci (troughs) and gyri
(peaks) during the fetal period. This process is known as gyrification and allows the
cortical surface area to almost scale linearly with brain volume [29], whilst being
contained in the skull, and is often linked to human intelligence [30]. Larger sulci
can be referred to as fissures, and the emergence of such fissures is temporally and
spatially consistent across healthy individuals. It has been well-timetabled with

post-mortem studies [11H13| as well as with MRI [14H17] and US-based [18| [19] in
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Figure 2.2: Fissures of interest on the CoP. Top: Examples of the SF and POF in
the axial plane, and the CaF in the coronal plane. Bottom: SF development during the
second trimester of gestation. The SF has been drawn onto the images in red in the
bottom row. It can be seen that the SF becomes deeper and more pronounced during the
second trimester, and starts operculising (i.e. folding over itself) around 26 GWs.

utero observations. For example, the Sylvian Fissure (SF) emerges around 14 weeks
of gestation [31], and is first visible as a shallow indentation. With advancing GA the
fissure starts folding over itself, referred to as operculisation, becoming narrower and
deeper, until it eventually appears as a fully branched structure . An example
of the SF appearance on US between 18 and 28 gestational weeks (GWs) is shown
in Fig. [2.2] Other fissures of interest that can be observed well on US during the
second trimester are two midline fissures, the calcarine fissure (CaF), best observed
in the coronal plane, and the parieto-occipital fissure (POF), usually visualised in
the axial plane (see Fig. [2.2)). The POF and CaF are located close together and
can sometimes be challenging to differentiate, especially at earlier GWs.
Abnormal cortical development has been linked to a number of diseases such
as congenital heart disease , CNS abnormalities , agenesis of the corpus
callosum and Down syndrome . For this reason, the degree of cortical

folding can potentially be used as a biomarker for healthy or abnormal development.
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Axial Coronal Sagittal

Figure 2.3: Example US image at 22 GWs with the visible subcortical structures drawn in:
lateral posterior ventricle horn (LPVH), choroid plexus (CP), thalamus (Tha), cerebellum
(CB) and the cavum septum pellucidum et vergae (CSPV). Due to the nature of US, with
only one visible hemisphere, lateral structures are only drawn in one hemisphere.

Subcortical Development In contrast to the CoP, subcortical structure devel-
opment is predominantly assessed with respect to their absolute and relative size in
the brain. An example US image of the brain at 22 GWs with the key structures
annotated is shown in Fig. [2.3] In early gestation, the most prominent brain
structure is the CP, which can be seen as a large bright echogenic structure. The CP
is positioned within the lateral ventricles, and almost completely fills these ventricles
early in gestation. With increasing age, the relative size of the CP reduces and the
fluid in the lateral ventricles becomes more visible. Especially the lateral posterior
ventricle horn (LPVH) is usually well visible as a fluid-filled dark cavity next to the
CP. The lateral ventricles extend as a comma-like structure encapsulating the CP
to the midline, but due to their complex shape and indistinct boundaries, they are
typically challenging to fully delineate on US scans. At the midline, the two lateral
ventricles are separated by the cavum septum pellucidum (CSP), which is also a
fluid-filled cavity between two thin membranes [39]. The CSP borders another
fluid-filled cavity, the cavum vergae, and, as these two fluid-filled cavities can often
not be clearly separated from each other on US images, I will refer to these together
as the CSPV. At the start of the second trimester, the CSPV is not yet well visible,
but it becomes clearly visible around 17 - 20 weeks [39], and can be best visualised
in the sagittal plane as a clear dark cavity. On top of the CSPV, the corpus callosum

is located. This is a pathway of white matter tracts connecting the two cerebral
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Figure 2.4: 2D US planes that are assessed during a routine second trimester of the fetal
brain: (a) transventricular, (b) transcerebellar, and (c) transthalamic plane. Adapted

from .

hemispheres with each other. However, this structure can be challenging to visualise
on US , and is typically not visible on 3D scans from older US devices.

At the back of the brain, the cerebellum (CB) can be seen. On the axial plane,
this can be seen as a butterfly-like structure (Fig. [2.4p), consisting of two hemispheric
structures (the cerebellar hemispheres) connected by the cerebellar vermis [39]. The
appearance of the CB is strongly affected by shadows from the occipital skull bone,
and it is therefore often not well visible. However, the occlusion of a complete
hemisphere is less strong at the back of the brain, and therefore, if visible, often
both cerebellar hemispheres can be seen. Behind the CB, the cisterna magna (CM)
can be seen, which is a small fluid-filled cavity at the midline, posteriorly to the
CB. In the same axial plane as the CP and LPVH, the thalami are visible. These
are two bean-like structures around the midline, but due to their poor soft tissue
contrast, the boundaries are not very well-defined. Lastly, the brainstem is located
below the thalami and appears as a darker structure around the midline, extending

until the bottom of the brain where it connects to the developing spinal cord.

2.1.3 US Examinations in Clinic

Routine Examinations Pregnant women typically receive at least two US
examinations during their pregnancy. An early examination, usually between 11
and 14 GWs, is performed to measure the growth of the fetus and confirm the
delivery date . This scan is therefore often referred to as the dating scan. During
this scan also the brain is assessed, but due to the early stage of development,

only a coarse visual inspection is performed [42].
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A second routine scan in the middle of the second trimester, usually between
18 and 24 GWs, is performed to detect any fetal abnormalities [41]. During this
scan, the fetal brain is studied in more detail, and several measurements are
performed to quantify the development and rule out any CNS abnormalities. The
examination is typically performed with transabdominal 2D US, and at least three
axial planes are used to assess the brain: the transventricular, transcerebellar
and transthalamic planes [41]. In Fig. 2.4kxamples of these three planes, often
referred to as standard planes, are shown.

In these standard planes, the visual appearance of the lateral ventricles, CP,
CB, CSPV and thalami is assessed. Furthermore, measurements of the atrial
width, which is a measurement of the LPVH, transverse cerebellar diameter (TCD)
and CM depth are taken. The TCD is predominantly used to quantify growth,
whereas the atrial width, and CM depth are key in identifying CNS abnormalities
[41]. For example, an atrial width larger than 10 mm indicates ventriculomegaly,
which can be benign, or a sign of cerebral abnormality [43]. If during this scan
there are any indications of a possible CNS abnormality, a referral for a targeted

fetal neurosonography is given [1].

Targeted Neurosonography During a targeted neurosonography the brain is
studied in more detail using a number of coronal and sagittal planes for visualisation.
It is recommended to perform this examination with transvaginal US if technically
feasible, but transabdominal US can be used when this is not possible, for example
when the fetus is in breech position [2]. Recent guidelines also encourage the
use of 3D US, as this facilitates the analysis of fully aligned views of orthogonal
planes [2]. During the targeted neurosonography the emphasis is on a detailed
qualitative analysis of brain development. This involves a more careful inspection
of the subcortical structures examined during the routine scans, as well as the
assessment of additional structures such as the brainstem and CC. Furthermore,
during this assessment also the appearance of the CoP is qualitatively examined,

which includes inspection of the SF, CaF and POF [2].
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Cortical Assessment As described, the appearance of the CoP is not assessed
during a routine examination, and, during a target neurosonography only a qual-
itative assessment is performed. While it is of clinical interest to quantify CoP
development, due to the fact that it can potentially be used as a biomarker of health
[16], 33-35], it is challenging to measure the complex shape changes it undergoes in
a quantitative way. Some grading charts [32, 44] have been proposed that aim to
divide fissure development into a number of distinct grades, ranging from a shallow
indentation to fully operculised [32, 44]. Individual fissures can then be graded
according to these charts, and compared to reference charts to determine whether
the CoP is developing as expected. Other studies proposed measuring the depth
[45-47] and angle [48] of the more prominent SF and POF. However, in practice
such methods are very user-dependent, resulting in high inter-observer variability

severely limiting their use in clinical practice [49].

2.1.4 Pregnancy Dating

The pregnancy duration is typically measured from the first day of the last menstrual
period (LMP) and this is known as the gestational age (GA). The GA is about
two weeks longer than the true fetal age measured from conception, the conceptual
age, as ovulation occurs approximately two weeks after the first menstrual day.
While the GA can also be estimated with US-based measurements of the fetus, it
is, by definition, always expressed as the time since the LMP. This definition of
GA, ‘time since LMP’, is thus distinct from the measurement technique used
to estimate the GA.

In clinical practice, the GA is usually computed from the LMP, if known, or
from an US-based crown rump length (CRL) measurement in the first trimester
[50]. This measurement is depicted in Fig. 2.5h. In the first trimester, the CRL is
the most accurate predictor of GA [51], 52|, with an accuracy of +5 — 7 days [53].
However, international guidelines recommend using the first available measure to

estimate the initial GA, which is typically the LMP, and only adjust this estimate
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CRL

Figure 2.5: Measurements used to estimate GA from an US-based examination. Crown-
rump length measurement is used during the first trimester (a), and a combination of the
biparietal diameter (BPD) or head circumference (HC), abdominal circumference (AC),
and femur length (FL) during the second and third trimester (b-d). Adapted from [42].

if the US-based CRL measurement in the first trimester deviates with more than
7 days from the LMP-based GA [53].

For women without a known LMP who receive their first US examination later
in gestation (after approximately 14 GWs), a combination of multiple US-based
measurements is recommended to estimate the GA (the head circumference (HC) or
biparietal diameter (BPD), abdominal circumference (AC) and femur length (FL);
see Fig. —d). However, the accuracy of US-based measurements to estimate
the GA decreases strongly in the second and third trimesters |53].

It should be noted that the GA computed from the known LMP assumes a
two-week gap between the start of the menstrual period and ovulation, which does
not always hold (i.e. due to irregular periods or variation in the menstrual cycle).
On the other hand, the CRL is a physical measurement of the fetus and thus relates
to the true post-conceptual age. Although this measurement is typically mapped to
the GA using LMP-based reference charts (and therefore expressed as two weeks
more than the conceptual age), these charts are population-based and will thus

not be significantly affected by individual variation.

2.2 Automated Fetal Brain Analysis

In this thesis, [ analyse the developing brain using subcortical structure segmentation
and brain age predictions. For this reason, this section will provide an overview of

past methods that have been proposed for these tasks and discuss their limitations.
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2.2.1 Subcortical Structure Segmentation

To gain a deeper understanding of the growth of subcortical structures, it is
necessary to use volumetric measurements instead of relying solely on 2D in-
plane measurements, which are very plane-dependent and can only capture a
limited representation of the full anatomy. Such 3D measurements can be obtained
through manual pixel-wise annotations, but this is extremely time-consuming,
especially for 3D volumes. For this reason, efforts have been put into developing
automated segmentation methods. This section will first summarise all previous
work aiming to automate subcortical segmentation in fetal US, and then provide
an overview of the papers that have quantified volumetric subcortical growth

during gestation in the past.

2.2.1.1 Automated Segmentation Methods

Automated subcortical structure segmentation has been widely studied in MRI
volumes of the adult brain [54-56]. However, the adult brain is structurally different
to the actively developing fetal brain during gestation, which contains structures
in transient stages of morphogenesis. For example, certain structures, such as the
CSPV, are only present during gestation and typically disappear after birth [57].
As MRI can also be safely used to visualise the fetal brain, but is clinically only
recommended to confirm or complement a diagnosis following an US examination
[2], some studies have performed subcortical structure segmentation in fetal MRI
volumes [58-62]. Notably, Gholipour et al. [61] published an annotated atlas of
the fetal brain from 21 to 39 GWs and used these labels to perform multi-atlas
segmentation for new subjects. However, segmentation methods developed for
MRI cannot be directly applied to US volumes due to the different nature of
image acquisition resulting in large domain differences. While US is based on the
interaction of the sound waves with tissue boundaries, MRI is based on protons in
the tissue that react to magnetic fields. As a result, intensities on an MRI scan
are rather uniform whereas the intensities on an US scan heavily depend on the

interactions of the US beam with the surrounding tissues. For example, the two
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lateral ventricles will appear very similar on a fetal brain MRI whereas on US
typically only one lateral ventricle is well visible due to shadowing of the fetal skull
in the proximal hemisphere. As a result of these acquisition differences, there is
no direct one-to-one intensity mapping between US and MR images, which makes
it challenging to use fetal MRI atlas labels directly for US images.

A number of previous studies have developed methods specifically designed
for subcortical segmentation in fetal US. An overview of these studies is shown
in Table 2.1 From this table, it can be seen that the early methods all used 3D
US for segmentation, and these will therefore be discussed first, followed by the

more recent studies using 2D US image planes.

3D US Images To the best of my knowledge, the first automated subcortical
segmentation method for fetal brain US was developed by Gutiérrez-Becker et al.
[6]. In that study, a statistical shape model was used to segment the CB in 3D fetal
US volumes. The performance was promising, but it was not clear how this method
can be easily extended to other subcortical structures with more shape variation
than the CB, making it challenging to develop an initial shape model. In another
study, Yaqub et al. [5] performed segmentation of the CP, LPVH, CSP and CB
in 3D US scans between 18 and 26 GWs. They proposed using a random decision
forest using both appearance and distance features. Reported performance was
good for the CP, LPVH and CSPV, but their method failed to generalise well to the
CB. Furthermore, the search region for each structure was limited to the smallest
cuboid enclosing all manual ground-truth annotations from the respective structure.

Since the introduction of deep learning for image segmentation, particularly
with the U-Net architecture [63], there has been a notable improvement in the
performance of various segmentation tasks in the field of medical imaging. However,
only a few studies have applied deep learning methods to subcortical structure
segmentation in 3D US, as usually a relatively large dataset with ground-truth labels
is needed. Venturini et al. [7] used MRI atlas labels to overcome this need for manual

annotations. Labels from the respective GW of the fetal brain MR atlas proposed
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by Gholipour et al. [61] were registered to the individual US volumes, resulting
in weak labels for the white matter, brainstem, thalami, and CB. These labels
were subsequently used to train a multi-label 3D CNN to segment the respective
subcortical structures in 3D US volumes. The reported performance was good,
with extracted TCD measurements closely matching expected population-based
averages, but a severe downside of this study was that testing was performed on
the same weak MR atlas labels as used in training. As the registered MR atlas
labels can be erroneous, and do not always align well with the structures visible
in the US volumes, this therefore yields a biased assessment of performance and,
as such, does not analyse the effect of using weak labels. In previous work [4], T
used active contours to improve atlas-based labels as a preprocessing step before
training a 3D U-Net, and showed that this resulted in increased performance for
CSPV segmentations. However, I only validated that approach for an age range
between 20 and 26 GWs, and do not expect this approach to translate well to
all subcortical structures, as most have less distinct boundaries than the CSPV.
Lastly, Venturini et al. [8] segmented the CB using unlabelled images in addition
to fully annotated images to train a CNN. While the best performance was close
to intra-observer variability, the number of labelled images required to obtain
this performance (n=80) was relatively high. Furthermore, the approach was not

extended to any other fetal subcortical structures.

2D US Images A number of other studies have developed segmentation models
for 2D US planes [64-68]. Huang et al. |[64] proposed to use a region-based based
descriptor to segment the CSPV (referred to as corpus callosum [64]) and CP in 2D
US planes. More recently, several papers all used modified versions of the U-Net for
automated segmentation of the CB [65-67] and CSPV [69] in 2D standard planes.
A similar approach was used to segment the CB in Maraci et al. [70], but a smaller
CNN with only a single skip connection was used. Lastly, Chen et al. [68] aimed
to obtain automated measurements of the atrial width by segmenting the LPVH,

but no segmentation performance was reported. However, the sampled 2D slices
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in all these studies were limited to standard US planes, making the segmentation
task substantially less challenging than full 3D segmentation. Furthermore, the
obtained segmentations can only provide a 2D measurement of subcortical growth,

which only captures a limited part of the full volumetric growth.

Semi-automatic Methods In addition to the previously mentioned fully au-
tomated methods, some clinical studies report using multiplanar segmentation or
Virtual Organ Computer-Aided AnaLysis (VOCAL) software (GE Healthcare) to
perform their volumetric measurements in 3D US [71H74]. These methods estimate
the structural volume from 2D contours drawn on parallel (multiplanar) or oblique
(VOCAL) planes and are typically available in clinically used US devices. Although
this does speed up analysis compared with fully annotating the volume, it still
requires substantial manual annotation. Furthermore, the volume measurements
have to be performed during US acquisition and take 2 to 10 minutes for a single
structure [75]. These measurements would thus significantly lengthen an US session,

and can not be used on a dataset of retroactively acquired 3D US volumes.

2.2.1.2 Volumetric Analysis of Subcortical Fetal Growth

Most studies analysing subcortical growth during gestation use 2D measurements
routinely acquired in clinic [39]. Studies that do analyse volumetric development
of subcortical structures during gestation most frequently use MRI volumes, either
by manually annotating the volumes |76-78| or by using an atlas-based approach
[79]. Theoretically, volumetric measures should be independent of the acquisition
type (MRI or US), but in practice, these measures can vary due to the different
appearance of tissues in each modality [80].

A number of studies have analysed 3D subcortical development using US [71-74,
81-84], and all have used the previously described multiplanar or VOCAL software.
Both Benavides-Serralde et al. [73] and Zeng et al. |[71] computed total intracranial,
frontal, thalamic and cerebellar volumes to estimate the average volume differences
for growth-restricted fetuses |73] and fetuses with congenital heart disease |71]

compared against a normal control group. Several other studies measured thalamic
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[72, 74] and cerebellar volumes [72, 81-84] in order to construct normal ranges

for subcortical development during gestation.

2.2.1.3 Summary Subcortical Segmentation

In summary, even though several studies have proposed automated methods for
subcortical segmentation in fetal US, a single method obtaining good performance
across multiple structures is lacking for 3D US. Furthermore, due to the absence
of accurate automated segmentation methods, only thalamic and cerebellar vol-
umetric development during gestation have been studied in previous work. In
my first contribution (Chapter , I address these limitations by developing a
segmentation method that obtains competitive segmentation performance across
multiple subcortical structures (CB, LPVH, CSPV and CP). I then apply this
method to obtain novel volumetric growth curves for the respective structures

during the second trimester of gestation.

2.2.2 Brain Age Prediction

It is challenging to quantify the complete development of the brain only with
structural segmentation methods, especially since segmentation labels are not usually
available. Alternatively, prediction of the GA based on the brain morphology can
be used to quantify the stage of development [10, [85]. The predicted age can be
compared to the true GA to determine whether the development is age-appropriate
or possibly advanced or delayed.

An important consideration when performing brain age predictions for the
developing brain is whether to use size features for the prediction. Size features will
typically increase the prediction accuracy as they are highly age-discriminative, but
quantify growth rather than the stage of development. In this thesis, I am interested
in quantifying the stage of development rather than growth, and for this reason, will
not use any size-related features in the prediction model. In literature, studies that

do not use size information (i.e. by only using appearance features [9] or scaling all
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images to the same size [86-88]), and studies that do use size information to obtain
the most accurate age prediction [89-92], which will both be discussed in this section.

Another aspect that should be considered is the determination of the ground-
truth GA used for training and evaluating the model. As discussed earlier, it is
not possible to determine the true post-conceptual age unless the exact day of
conception is known, either from a known ovulation day or when conceived through
h in-vitro fertilisation (IVF). However, estimates from the LMP, if known accurately,
or a CRL measurement in the first trimester are typically a good approximation of
the ground-truth (up to £ 5-7 days [53]). These approximations of GA are thus a
golden standard rather than an actual ground-truth, but for clarity ground-truth
will be used throughout this thesis.

A complete overview of prediction models developed for fetal brain age predic-
tions from US is presented in Table It can be seen that most methods have been
developed for 2D or 2D+t (i.e. video) images, and that, except for a single older study
[9], all age prediction models used deep learning methods. As for the segmentation

methods, all early studies used 3D US and these will therefore be discussed first.

2.2.2.1 3D Ultrasound

There are only a few previous studies that perform automated brain age prediction
from 3D US volumes [9, 26, 86]. Namburete et al. [9] used a machine learning
approach to predict the brain age of healthy fetuses between 18 and 34 GWs. From
the 3D US images, hand-crafted features were extracted that were then used to
predict the GA of each fetus with a regression forest [93]. Two types of image-based
features were proposed: appearance-based features that characterised shape patterns
in cranial surface voxels, and local size-based features that computed the distance
between sampled cranial surface points. In addition, the head circumference was
used as an optional feature, which was extracted automatically from the cranial
surface. Results were reported as root mean squared error (RMSE), resulting in an
error of 7.52 days for including only appearance-based features, 6.72 days for both

size and appearance-based features, and 6.20 when adding the head circumference



2. Ultrasonic Fvaluation of the Developing Fetal Brain 26

as a feature. In Table only the performance for the appearance-based features
is reported, as that model resembles the work in this thesis most closely.

In later work, the same dataset was used for brain age predictions using a shallow
deep learning model [86]. Size-based image features were removed by spatially
normalising all image volumes to a reference coordinate system, which involved
scaling all image volumes to have a similar brain volume. A mean absolute error
(MAE) of 7.72 days was reported, which was said to improve upon the earlier
developed regression forest method, but this is difficult to verify due to the different
measures used (RMSE versus MAE). Lastly, in Wyburd et al. [26], we proposed
a deep learning model that received bounding boxes around fissures of interest as
input to the prediction model. By predicting the age based on the appearance of a
single fissure, this thus achieved local brain age predictions. That work [26] was
carried out in collaboration between me and my colleague Dr. Wyburd, and has
been the inspiration for the guided attention network for local brain age prediction
proposed in this thesis (Chapter @

In all three of these studies [9, 26, |86] images from the same dataset were used
(INTERGROWTH-21%). In that dataset, the ground-truth GA was computed from
the LMP, which had to be known accurately, and confirmed with an US-based
CRL measurement (< 14 weeks). This dataset will also be used in this thesis and

will be described in more detail in Chapter [

2.2.2.2 2D Ultrasound

It can be seen in Table that more studies have explored age prediction for 2D
US images. However, only two of these studies focussed on quantifying the stage

of development by excluding scale features [87, 88|.

No Scale Features In Lee et al. [87] a large number of 2D images were used to
train a neural network that was able to predict the GA of the fetus and provide an
uncertainty measure in the form of a standard deviation. The input images were
acquired 2D transthalamic planes, which were directly used without any information

on the pixel spacing. During acquisition, ultrasonographers will typically zoom
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in until the brain fills most of the image, before saving the view. For this reason,
using these images as input is thus similar to upscaling all images to the same size
as done by Namburete et al. [86]. An MAE of 12.5 days was obtained, which is
substantially worse than the previously discussed 3D models [26, |86].

A considerable performance improvement was reported in Lee et al. [8§],
obtaining an MAE of 4.5 days for 2D images. That study used a dataset similar
to [87], but in addition to the transthalamic planes of the brain (referred to as
head circumference planes in the paper) also a femur and abdominal plane of
each individual were used (as shown in Fig. [2.5)). All three planes were given as
input to a ResNet-like classifier that predicted the GW of the fetus. However, to
consider it as a classification problem, the ages were binned per GW, removing
some label information. On the test set of healthy fetuses, an MAE of 4.5 days was
reported when using only the transthalamic plane as input to the model. The 2D
images used in these studies [87, 88| also originated from the INTERGROWTH-
215" dataset, and the ground-truths were thus determined from the LMP and

confirmed with a CRL measurement.

Scale Features Several other papers did provide size as an input feature (70,
8991}, 94|, either implicitly or explicitly, and thus focussed on determining the GA
as accurately as possible (rather than quantifying the stage of development). Maraci
et al. [70] developed a segmentation network to automatically segment the CB in
2D transcerebellar planes. From these segmentation masks the TCD was computed,
which was then used to predict the GA using well-established parametric equations
mapping cerebellar size to GA [94]. However, no performance measure for the final
GA prediction was reported. In Burgos-Artizzu et al. [89] both 2D transthalamic
planes and the image resolution (i.e. size feature) were given as input to a model
predicting the GA. Additionally, manual biometric measurements were used as an
optional additional input to the last layer of the network. The ground-truth GA
was determined from a CRL measurement in the first trimester, and the reported

MAE was 4.76 days (without the biometric measurements). Similarly to Maraci
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et al. [70], Dan et al. [92] used a segmentation-based approach that first segmented
the whole brain, abdomen and femur, and then used a regression network to predict
the GA from these segmentation masks. Ground-truth GA was established at each
individual examination using sonographic manual measurements of the HC, AC and
FL [95]. While this is the recommended method to date a pregnancy in the second
and third trimester [53], these estimates can have large errors (£7-21 days [53]) and
this thus constitutes a very weak ground-truth GA. The additional value of training a
segmentation model rather than directly predicting the GA from the images was also
not specifified, and the reported error was higher than in similar studies (5.39 days).

Lastly, both Pokaprakarn et al. [90] and Gomes et al. [91] used a similar dataset
of 2D US sweeps (i.e. video data) to predict the GA between 9 and 39 GWs. These
studies were both aimed at accurately dating the pregnancy, with an emphasis
on resource-constrained settings where women typically only receive their first US
examination later in pregnancy. Based on the site of acquisition, the ground-truth
GAs were established either from the LMP and confirmed with a CRL measurement
(USA), or with biometric measurements at the first US examination (Zambia). In
both studies, a comparable MAE of 3.9 [91] and 3.8 [90] days was obtained on
the main test set. Interestingly, Pokaprakarn et al. [90] also studied a subset of
data in which the fetuses were conceived with IVF and for this subset the date
of conception was thus exactly known. On this test set the reported MAE was
only 2.8 days, demonstrating that inaccuracies in the ground-truth (i.e. golden

standard) can contribute to a higher error.

2.2.2.3 Summary Age Prediction

In summary, a number of studies exist that predict fetal brain age from both 2D
and 3D ultrasound, achieving high MAE performance. However, a large part of
these studies aim to accurately date the pregnancy (using also size features) rather
than quantifying the stage of development. Except for my previous work [26], most
studies also only assess the developmental stage of the whole brain, whereas the

local development could be more useful from a clinical perspective. For this reason,
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in Chapter [6] I will propose a local brain age prediction model that predicts fetal
age based on only part of the brain appearance.

Furthermore, almost all methods use deep learning models to perform fetal brain
age prediction. While these methods resulted in improved prediction performance,
a drawback is that it is challenging to understand why a certain prediction was
made. In my last contribution (Chapter @ I will address this limitation, and
propose a deep learning model that is interpretable, and can provide insight into

its reasoning process.

2.3 Conclusion

In this chapter, I introduced fetal brain US and how this is used in clinical practice to
monitor the health and growth of the developing fetus. Furthermore, I reviewed past
studies that addressed either automated subcortical segmentation or brain age pre-
dictions from fetal US images, and described their limitations. Finally, I summarised

how these limitations motivated the contributions proposed in this thesis.



Interpretable Deep Learning

One of the limitations of conventional deep learning models is that they are not
able to to provide an intuitive understanding of how the prediction was made,
which is often also referred to as being a black box. To overcome this limitation,
numerous methods have been developed that aim to provide human-understandable
explanations for a prediction of a neural network while being faithful to the
original model prediction [96]. In this context, faithfulness can be defined as
being an accurate and complete representation of the decision-making process
(i.e. highlighting the actual image features that are used by the model for the
prediction) [96].

Interpretability of deep learning models is considered important for a variety
of reasons |21} 23| 97]. For example, during model development, it is important
to understand model behaviour for effective debugging and the identification of
failure modes (23] |97, [98]. Such insights can then be used to iteratively improve the
model before deployment. Similarly, insights into model behaviour can potentially
lead to an improved understanding of the underlying causal relationships [23]
(i.e. which parts of the image are most predictive for a certain task) or to the
discovery of novel scientific knowledge [21]. Specifically for the healthcare domain,
interpretability is also key in obtaining patients’ and clinicians’ trust, vital for the

successful translation of developed methods into clinical practice [99).

31
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A Note on Terminology The field of interpretable machine learning is not very
well-defined [97], with definitions ranging from “providing transparency” (i.e. a
sense of understanding the mechanism by which the model works) [97], or “the
ability to present in understandable terms to a human” [21], to broader definitions
like “extracting relevant knowledge about domain relationships contained in data”
[96]. In this thesis, I will adhere to a broad definition of interpretability and consider
interpretable deep learning methods as methods that can provide insight into the
prediction process [97] or identify relevant patterns contained in the data [96]. In the
literature, both ‘interpretability’ and ‘explainability” are used, with ‘interpretability’
often used for methods that provide a sense of inherent understanding (i.e. such
as decision trees), and ‘explainability’ preferred when a more active explanation is
provided (i.e. post-hoc explanations) [100]. However, this difference is very subjective
and there is a large grey area where both terms are used interchangeably. In this
thesis, I will mainly use ‘interpretability’, as all contributions aim to incorporate
a degree of inherent interpretability, but I will also use ‘to explain’ (as it has a

different meaning than ‘to interpret’) and ‘an explanation’ when applicable.

Interpretability approaches can be categorised in many ways [101-103], however,

there are a few key characteristics that are usually considered [101]:

o Post-hoc versus inherently interpretable: post-hoc methods analyse the predic-
tion of a trained black-box model whereas inherently interpretable methods are
prediction models designed to be simple enough to understand [96, [101]. Many
traditional machine learning methods, such as linear regression or (small)
decision trees, are considered to be self-explanatory, as their parameters (i.e.
regression coefficients) can be provided as explanation. Such methods are
by design faithful to the model prediction as they reflect the actual decision-
making process. On the other hand, post-hoc methods typically approximate
the complex function with a simpler human-understandable function, which

may be less faithful to the actual model’s behaviour [100].
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Figure 3.1: Categorisation of interpretability methods reviewed in this chapter. The
characteristics given to each group (i.e. post-hoc) are the typical characteristics for a
certain explanation class, but exceptions exist. The categories are also not mutually

exclusive, for example, Grad-Cam [98] is a class-activation mapping method, but also
uses the model gradients.

o Model-agnostic versus model-specific: model-agnostic explanation methods
work for any prediction model, typically by probing the model with different
inputs, and observing the change in output. The input can be varied, for
example by occluding part of the image. These methods do not need access
to internal model parameters or gradients. On the other hand, model-specific
methods require certain network architectures and access to model gradients

or weights.

o Local versus global: a local explanation explains a specific data sample, which
is typically only valid in the small neighbourhood around that sample (i.e. for
small perturbations of pixel values), whereas a global explanation provides an
understanding of model behaviour across the dataset (e.g. what is the impact

of a certain image feature across the whole dataset).

In the remainder of this review, the explainability approaches have been cate-
gorised into two main classes: visual attribution methods and example-based methods.
An overview of these classes and their main characteristics is shown in Fig.

Visual attribution methods aim to obtain a pixel-wise importance map indicating

the importance of each pixel in the sample image, and are usually post-hoc and local.
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Dependent on the implementation they can be either model-agnostic, e.g. gradient-
based methods [104], or model-specific, e.g. perturbation-based methods [105].

Example-based methods provide similar images to the input image, either from
the training set or model generated, as an explanation. These are typically model-
specific, as they require a method for generating the examples, and can be either
post-hoc or inherently interpretable. Dependent on the method, they can provide
local explanations (i.e. the most similar image for a single sample) or global (i.e.
the most representative examples for a certain class).

Finally, there are methods that do not fall into either of these two categories,
such as concept-based explanations [106, 107] or text-based explanations [108].
However, as these typically require additional labels for training, these are considered
out of scope for this review.

This review aims to provide a summary of the interpretability methods used in
medical imaging, rather than being an exhaustive review of all applications (this has
been extensively reviewed in previous work [101]). After discussing the individual
approaches, the last section (Section will provide a review of which methods

have been applied specifically to the task of brain age prediction.

3.1 Visual Explanations

The most commonly used explanation methods in medical imaging are visual
attribution-based methods [101]. These methods aim to obtain the contribution
of each image pixel with respect to the prediction. Given an image X € R**"
the black-box prediction model f makes a prediction as § = f(X). In this section,
I assume the prediction to be a single value §j € R!, either the predicted scalar
value (regression) or the logit of a single class. A feature attribution method then
assigns an importance score to each pixel, or to groups of pixels, in X, based
on their contribution to the prediction, resulting in an attribution, or saliency,
map: A € R**". For classification, this thus results in class-specific attribution

maps explaining the contribution of pixel values to the prediction of a certain



3. Interpretable Deep Learning 35

class, whereas for regression a single attribution map is generated that explains
the contribution of pixels to the predicted value.

Attribution-based methods are often divided into two categories: gradient-
based methods and perturbation-based methods. Gradient-based methods use
the networks’ gradients to generate attribution maps, and are thus model-specific.
On the other hand, perturbation-based methods perturb the input image (i.e.
by occluding part of the image) and observe the effect of this perturbation on
the prediction. These methods are thus model-agnostic, and can be applied to
any prediction model.

While commonly considered under the gradient-based explanation methods,
in this review I will discuss Class Activation Maps (CAM) as a third category,
as, in their simplest form, they do not require gradient computations. These
methods are only suitable for certain model architectures and are therefore also

considered model-specific.

3.1.1 Gradient-based

Gradient-based explanations typically compute local gradients with respect to the

input image to generate an explanation. Formally, this can be written as:

0f(X)

G="9x

(3.1)

with G € R¥*" the pixel-wise gradient map. As this is a linear approximation of the
function f at X, which is highly non-linear, this only holds for very small changes
in X. Rather than estimating the global contribution of pixels in X (i.e. how much
contributed a certain pixel value to the prediction), the resulting attribution maps
thus only describe the sensitivity of the prediction to changes in the pixel values of X.

Explanation methods using gradients can be classified into methods that provide
the gradient map directly (Agraa = G, with Agraq the attribution map) and
methods that compute feature contributions with respect to a baseline image,

Xo € R This is illustrated in Fig. (a) and (b). It can be seen that for
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a) gradients-only b) gradients - baseline c) integrated gradients

Figure 3.2: Schematic of different visual attribution based methods for (a) gradients
only (e.g. backpropagation [104]), (b) gradients w.r.t. a baseline (e.g. LRP [109]), and
(c) integrated gradients [110]. The red lines are different approximations of the (local)
decision boundary and the two colours represent two classes. The dashed line for the
integrated gradients is the path along which the gradients are computed. The decision
space is drawn as a binary 2-class problem for visualisation purposes but is, in reality,
the continuous value of an output node. In practice, the line orthogonal to the decision
boundary is computed (i.e. the direction of most change).

the gradient-only approach, the linearisation around X is only valid for a small
neighbourhood and does not translate well to a global decision boundary.

On the other hand, methods that compute feature contributions with respect to
a baseline typically linearise the contributions of features between X and Xj (see
Fig. [3.2b). As this considers not only the local neighbourhood of X, but considers
the change between X and Xg, these methods are sometimes referred to as global
gradient methods [111] (i.e. Fig. can be considered as a better approximation
of the overall decision boundary than (a)). However, it has been shown [110} |112]
that under certain conditions such methods can be simplified to the element-wise
multiplication of the local gradient with the input (Agrad—base = G @ X). This
demonstrates that these methods are thus not always truly global, and I will therefore

avoid this terminology and refer to these methods as gradients w.r.t. a baseline.

3.1.1.1 Gradients Only

The gradients only approach (Agraa = G) can be considered as computing the
effect of changing a certain image pixel by a small amount (e.g. locally) on the
prediction. Around the same time, three well-known gradient-based explanations

methods were proposed: Deconvolution [113], Backpropagation [104] and Guided
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Figure 3.3: Schematic overview of the handling of the ReLLU on the backward pass for
backpropagation [104], deconvolution [113] and GBP [114]. The green grids represent
example feature maps. Numbers that are changed by the ReLU (i.e. set to 0) on each
pass are shown in orange.

Backpropagation (GBP) [114]. While each was introduced as a somewhat different
method, they only differ in their handling of the Rectified Linear Unit (ReLU)
non-linearity in the backward pass.

A schematic example of the backward ReLLU for all three methods is shown
in Fig. 3.3l Backpropagation uses the vanilla back-propagation gradient, which
implies passing through all pixel values that were positive in the forward pass,
and setting the other values to 0, regardless of their values in the backward
pass [104]. It should also be noted that this differs from backpropagation during
network training, where the derivatives with respect to the network weights are
computed. Deconvolution treats the ReLU in the backward pass the same as in
the forward pass and only passes through positive signals [113]. Finally, GBP is
a combination of both approaches, essentially having a regular ReLU followed by
a ReLU conditioned on the forward pass |114].

While each of these methods is widely used to explain neural networks [101], it

has been shown that only back-propagation results in valid class-specific attribution
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maps. Both Deconvolution and GBP result in sharper, less noisy, attention maps,
but are not a faithful representation of the model prediction [115]. That work
also showed that both Deconvolution and GBP do partial image recovery (i.e.
reconstruct part of the input image) [115], which, while resulting in crisp attribution
maps, is not the desired or expected outcome of an explanation method. This was
also confirmed in [116], where it was shown that GBP results in visually appealing
attribution maps for neural networks initialised with noise.

To reduce the noise in attribution maps obtained with backpropagation, Smooth-
Grad [117] proposed to use the average attribution over a set of noisy input images.
The noisy input images were sampled around the original image X with additive
Gaussian noise: X + N(0,0?%). This essentially attempted to approximate the
average gradient in the neighbourhood of X, and resulted in visually sharpened

attribution maps.

3.1.1.2 Gradients with respect to a Baseline

Explanation methods that use a reference baseline aim to compute the contribution
of each feature value (i.e. pixel values) with respect to this baseline. This is typically
done using a linearisation between X and Xgq (see Fig. , and aims to find the
contribution of each pixel value to the prediction §. This contribution can be
considered as the dy that each pixel induces, which, for a linear approximation,
can be obtained as follows:

Agrad—base - ag(}z() (X - XO) (32)

in which the elements of A represent the 0y of each pixel (a;; = dy). It can be seen
that Eq. boils down to G ® X for a zero-valued baseline (Xo = 0) [111].
Gradients w.r.t. a baseline methods are often said to fulfil the completeness
axiom [110, 112], which states that the pixel-wise attributions should sum up
to the difference in output (f(x)) between the sample X and the baseline Xp.

This can be formalised as follows:
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> ai = f(X) = f(Xo) (3.3)

i€ny
with a; ; the attribution at pixel (7, j) and n, the total number of pixels in the image.
Several gradient-based methods w.r.t. a baseline have been proposed in the
literature that I will now briefly discuss, and show, under which conditions, they
reduce to G ® X. It should also be noted that choosing a baseline for images is
non-trivial, as it is not possible to simply remove a certain feature. The baseline is
therefore often chosen to be a black, white image or mean intensity image (i.e. with
all pixel values set to the mean intensity of the image, or images in the dataset),

but this might not always be the most optimal choice.

Relevance Propagation Layer-wise relevance propagation (LRP) [109] and Deep
Learning Important FeaTures (DeepLIFT) |112] both use the concept of relevance
propagation to find the contribution of each pixel value to the final prediction.
Relevance propagation involves determining the relative contribution, referred to
as relevance, of all inputs to a certain network node. For example, for the output
node (i.e. the prediction), the contribution of each node in the previous layer has
to be determined. This is performed consecutively until the input (image) space is
reached. At each node the distribution of relevance across the previous layer nodes
is performed according to the conservation of relevance rule: the relevance of a single
node should be equal to the sum of the relative relevance of all input nodes. This
conservation of relevance rule is equivalent to the completeness axiom in Eq. [3.3]

Implicitly, LRP computes the relevance of each pixel with respect to a zero-
valued baseline, i.e. how much did each pixel contribute compared to a prediction
of zero with an input image of only zeros [118] (Eq. with Xo = 0). Similarly,
DeepLIFT explains the difference in prediction ¢y, between X and a reference
input, Xo [112] (Eq. with a chosen baseline). For both methods, a set of
rules determine how the relevance is distributed at the non-linearities, which have

to be selected heuristically for each layer.
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While the relevance propagation has a different intuition to the previously
discussed gradient computations, LRP is equivalent to a scaled version of G ©® X
when only ReLU activations are used [111]. Further, DeepLIFT with a zero-
baseline also equals G ® X for a network with only ReLLU activations and no

bias terms in the layers [111].

Deep SHAP An extension to DeepLIFT was proposed in [119], in which the
rules were adapted so that the pixels’ relevance would match the Shapley values.
Shapley values are a classical concept from cooperative game theory quantifying
the individual contribution of each player in a game [120]. This concept can be
extended to determining the importance of individual image pixels and provides

theoretical guarantees over the heuristically chosen rules in the original paper [112].

Integrated Gradients Integrated gradients (IntGrad) attempts to overcome the
limitations of local gradients by using an average gradient on the path between the
image X and the baseline Xo [110] (Fig. [3.2k). Considering the path between X
and Xg, integrated gradients computes the gradient across all points on the path.

Defining a point on the path as Xg + a(X — Xg), with « ranging from 0 to
1, the average gradient can be obtained by integration over that path. It is then
multiplied with the difference between the baseline and image to obtain the final

attribution map. This can be formulated as follows:

Anreaa(X) = (X — Xo) & /1 OF (Xo + (X = Xo)) - (3.4)

a=0 0X
which, for a zero-valued baseline simplifies to G,,can © X with Gy,eqn the average
gradient on the path between X and Xj.

In practice, the integral in IntGrad is computed with a Riemann sum, which
requires the gradients to be evaluated at multiple values of X. This makes IntGrad
slower to compute than most of the aforementioned methods using only a single

local derivative.
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3.1.2 Class Activation-based

A different approach to obtaining attribution maps was proposed by Zhou et al.
[121]. In their work, they introduced Class Activation Maps (CAM), that were
specific to CNNs ending with a Global Average Pooling (GAP) layer followed
by a single fully connected (FC) layer (e.g. a ResNet architecture [122]). The
generation of CAMs is depicted in Fig. [3.4] The feature representation after the
last convolutional layer, defined by Z € R"*%=X¢ with h, and w, the latent spatial
dimensions of the respective layer and c, the channel dimension, is used to generate
the CAM attribution. These representations are combined with the FC layer weights
connecting each feature map to the output node (or the output node of interest for

classification), denoted by w € R, to generate the attribution map as follows:

kec,

with Z;, being the k*" feature map in the channel dimension, wy, the weight connecting
the k' feature map with the output node of interest, and Acam € R**%+ the
resulting attribution map. The attribution map is therefore of the same resolution
as the last convolutional layer, which can subsequently be upsampled to the input
size of the image for visualisation. However, this means that, depending on the
resolution of the last convolutional layer, the resolution of the explanation can be
coarse compared to gradient-based pixel-level attribution maps.

As discussed, CAM can only be applied to CNNs ending with a GAP layer
followed by a single FC layer. To enable the application of CAM to other
CNN architectures Grad-CAM was proposed [98]. This can be considered as
a generalisation of the CAM method and uses gradients to compute importance
scores for each of the feature maps in Z, as opposed to the FC layer weights. The
gradients are computed from the output node with respect to the last convolutional
feature representations, and are subsequently pooled with GAP to obtain scalar

weights for each of the feature maps:
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Feature Representations FC

w1y

CNN GAP O

Figure 3.4: Schematic overview of class activation maps (CAM) [121]. CNN is
restricted to be fully convolutional as the CAMs are generated from the extracted
feature representations.

WGrad—CAM — GAP(S%) (36)

with w&rad—CAM ¢ Re: - The total representation is then filtered with a ReLU

to only keep the positive attributions for each class.

AGrada—cam = ReLU( Y Zywgrod=cAM) (3.7)

kGCz

It can clearly be seen that this is a generalisation of CAM in which the weights
of each feature map are computed with gradients. For a CNN with a GAP layer
followed by a single FC, the gradients over the last layer are simply the FC layer
weights, resulting in the same formulation as CAM in Eq. (except for the ReLU).

In addition to Grad-CAM, Selvaraju et al. [98] also proposed guided Grad-
CAM, which is a simple element-wise multiplication of Agraa—cam, upsampled
to the image resolution, and the attribution map obtained with GBP [114]. The
motivation for this was to combine the high resolution of GBP with the class-

specificity of Grad-CAM [98].
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Several extensions of Grad-CAM have also been proposed [123| [124], which

wGrad—CAM) f each feature map are generated

mainly vary in how the weights (
from the gradients (i.e. instead of using GAP). Another work [125] criticised the use
of gradients over the non-convolutional layers to generate the weights, due to their
limited local validity. They instead proposed to use importance scores obtained
from masking the image with the respective activation map and observing the
change in the output logit [125]. This approach essentially generalises CAM with a

perturbation-based approach instead of a gradient-based approach. Perturbation-

based approaches will be discussed in more detail in the following section.

3.1.3 Perturbation-based

Perturbation-based explanation methods apply a certain perturbation to the input
image (e.g. occluding a certain area) and observe the effect of this on the predicted
value. They can thus be applied to any prediction model, and are, therefore,
considered model-agnostic. However, perturbation-based explanations are typically
slow to generate as the model predictions must be evaluated for several perturbed
images. A schematic overview of perturbation-based explanation methods is
shown in Fig.

The attribution maps resulting from perturbation-based methods depend heavily
on the type of perturbation used. Typically, we are interested in explaining which
image regions contributed most to the final prediction, and it thus makes sense to
remove certain image regions. On the other hand, region removal might not be able
to explain a predictor that relies on image intensities throughout the whole image

(e.g. differences between images acquired with different MR scanners).

Occlusion One of the first works using perturbation-based explanations measured
the occlusion sensitivity by occluding parts of the image with overlapping grey
squares (i.e. a pixel value of 128 for 8-bit images) and observing the resulting
classifier output [113]. An attribution map was then created by showing the average

change in logit value (i.e. Ag) for each occluded region.
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a) Perturbation-based explanations b) LIME

Ag
effect of
occluded
region

Figure 3.5: Overview of (a) perturbation-based explanations, and (b) local function
approximation with LIME . For LIME the coloured stars and circles show perturbed
samples (X') in the neighbourhood of X to which the (local) approximation of the decision
boundary is fitted.

LIME Another approach using occlusion is Local Interpretable Model-agnostic
Explanations (LIME) . In LIME, the main idea is to approximate the complex
model, denoted by f, that we want to explain by a local linear (or other interpretable)
function. The local function is estimated by drawing samples, denoted by X', in
the local neighbourhood of the image X. These samples are generated by greying
out parts of the image with superpixels, which are groups of perceptually similar
pixels obtained by the oversegmentation of an image.

For each perturbed sample, the prediction is obtained: § = f(X'), as well as
a sample weight based on a kernel function of its distance to the original sample.
In the original LIME formulation an exponential kernel was used resulting in the

following formulation for each sample weight:

_d(X7X/>2> (3.8)

wxr = exp( =
with d(X,X’)? the Ly distance between X and X', o the standard deviation of the
exponential kernel and wx: the resulting weight of sample X'.

Both the weights and predictions of all X’ can then be used to fit a local linear

classifier or regressor (see Fig. [3.5b). This will result in coefficients for each of the

superpixels that can be used to visualise the contribution of each image region.
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A key element of LIME, when used for image-based predictions, is the choice of
superpixel method. The original LIME paper used an out-of-the-box segmentation
algorithm (Quickshift [126]), but any segmentation method generating superpixels
could be used. Notably, in [127] it was proposed to use nuclei segmentations as
superpixels for the explanations of histopathology image predictions, resulting in

sharpened attribution maps that correlated better with tissue boundaries.

KernelSHAP Combining LIME with Shapley values, Lundberg and Lee [119]
modified the exponential kernel so that Shapley values were generated for the

importance scores of each superpixel.

Meaningful Perturbations To make the explanations less dependent on a
certain selected occlusion method, Fong and Vedaldi |[128] proposed to use meta-
learning to learn the mask that maximally reduced the output activation of the
class of interest. The learned masks were constrained to be smooth to limit the

artefacts that could be encoded in the masks.

3.1.4 Trainable Attention

Trainable attention was not specifically developed as an interpretability method and
is, therefore, not always described in interpretebility reviews. For this reason, it is
also not clearly defined as belonging to one of the classes in Fig. As it assigns
importance scores to individual pixels (or groups of pixels) [128], in this review, it has
been classified as a visual attribution method. However, in contrast to all other visual
attribution methods, trainable attention is inherently interpretable and not post-hoc.
Trainable attention incorporates an attention module into the architecture that
learns to generate a pixel-wise mask for each sample and applies this to the image
to mask out irrelevant features [129]. While this was initially developed to boost
performance, the attention weights can also be visualised as a type of explanation.

A more detailed review of trainable attention will be provided in Chapter [6]



3. Interpretable Deep Learning 46

3.1.5 Local Function Approximation

Recent work |130] showed that many gradient and perturbation-based explanation
methods can be considered as local (simple) function approximators. The main
difference between these methods is how the local function is approximated, which

can be summarised by three aspects:

o The loss function used to approximate the local function (gradient matching

for gradient-based methods and mean squared error for perturbation-based

methods, see Fig. and [3.5p).

« The type of noise used to define the neighbourhood (for example infinitesimal
small additive noise for gradients only, multiplicative noise for G ® X and

element-wise multiplication with a mask for perturbation-based methods).

« How the neighbourhood is weighted: normally distributed (gradients), uniform

(G ® X)) or a kernel function (LIME and KernelSHAP).

This perspective shows that while the different visual attribution methods
might appear very different at first glance, there are in fact many similarities
between them. Most importantly, almost all attribution methods compute local
linear approximations of the complex decision model which are only valid in the
neighbourhood of the sample that is being explained. A notable class of models
that do not fit in this framework are all gradient-based explanation methods w.r.t.

a baseline that do not simplify to G ® X (i.e. DeepLIFT [112]).

3.1.6 Limitations of Visual Attributions

Visual attribution explanations have been the most popular explanation method in
the field of medical imaging [101]. While they can be a very powerful explanation
technique, in recent years numerous works have appeared highlighting the inherent

limitations of such methods [115, |116, (123} 131} [132].
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Gradient-based Methods As already mentioned in the previous section, most
visual attribution methods compute local gradients at the point of the sample image,
effectively approximating the non-linear network with a local linear approximation.
This explanation differs from the one typically desired and should, therefore, be
interpreted with care. For example, a particular feature can be very important
around the decision boundary, but as the function flattens (resulting in a gradient
of close to 0), the feature might lose its local importance, and is, therefore, not
highlighted in a feature attribution map.

Numerous papers published in the last couple of years have also questioned
the reliability and effectiveness of gradient-based feature attribution methods in
explaining highly non-linear neural networks [115} 116} 131} 132]. Adebayo et al. [116]
proposed a set of sanity checks was to verify the sensitivity of explanations to model
weights and training data. Model weight sensitivity was tested by randomising layer
weights of the network (either layers individually or cascading randomisation) and
data sensitivity by training with true and completely randomised labels. Experiments
were performed for a number of gradient-based explanation methods, showing that
all tested methods computing an explanation with respect to an (implicit) baseline,
produced explanations that were dominated by the input when the gradients were
noisy (as is the case when the model parameters or data labels are randomised).
This made the visual appearance of the attribution map insensitive to both model
parameters and training data, which is clearly undesirable for an explanation method.
Furthermore, it was shown that GBP also had very low sensitivity to these factors
with its explanations resembling an edge detector output. This confirmed earlier
work [115] that showed that both GBP and Deconvolution reconstruct part of the
input image rather than providing a faithful explanation.

Another sanity check was introduced by Kindermans et al. [132], stating that
reliable explanation methods should be shift invariant. This means that the
attribution map should be unchanged when applying a shift to the data, such as
adding 1 to all pixel values, and changing the prediction model accordingly (i.e.

by adjusting the bias terms). In their work they demonstrated that all tested
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gradient-based methods with a baseline (LRP, IntGrad, and G ® X) were not shift
invariant, failing the sanity check. In the same work [132], it was also shown that
the resulting explanations of such methods were highly dependent on the choice
of baseline. Finally, a recent paper [131] proved theoretically that gradient-based
attribution methods fulfilling the completeness axiom (Eq. are not able to
correctly explain model behaviour for complex neural networks (i.e. models that
can not be well approximated by a linear function), further questioning the use
of such attribution methods.

In summary, vanilla backpropagation-based [104] methods (without reference
baseline) produce valid explanations, but these are only valid in a very small
neighbourhood around the sample. They should therefore be interpreted with care.
On the other hand, gradient methods with respect to a baseline produce unfaithful
explanations under several conditions [116] |131} [132] and might, therefore, be better

avoided until a better understanding of these methods becomes available.

Class Activation-based Explanation methods based on CAM [121] have been
shown to produce faithful explanations, that are sensitive to model weights and
data labels [116]. Their main limitations are that they can only be used for CNNi,
and that the resulting attribution maps have a resolution equal to the output size
of the last convolutional layer. As this is typically a number of times smaller than
the original image due to max-pooling layers, the resulting attribution maps are
coarse, limiting the level of detail in the explanation.

The generalisation of CAM, Grad-CAM [98], has received criticism in that the
averaging of the pixel-wise gradients by a GAP into a single weight per feature map
is heuristically chosen, which sparked some alternative implementations [123) 124].
Furthermore, given that GBP can produce unfaithful attribution maps, guided
Grad-CAM (which is an element-wise multiplication of Grad-CAM and GBP) can

thus also be considered unfaithful.
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Perturbation-based Perturbation-based explanations are highly dependent on
the types of perturbations applied. Ideally, the image would be perturbed in a
way that removes a certain image feature while still representing a realistic image.
This is however challenging, especially for medical imaging. Methods like LIME
[105] use superpixel methods to produce segmentations used for the explanation.
While showing good results on natural images, such segmentation methods do not
always translate well to medical images, especially in a modality like US where
object boundaries appear visually very different from in natural images. Dedicated
segmentation methods can be used instead [127], but the drawback of such methods
is that they are potentially prone to confirmation bias [116,133], since an explanation
matching all structural boundaries might look visually appealing by default, but
does not reveal any useful model behaviour. Furthermore, the removed regions
need to be replaced with a sensible value, which is not trivial for medical images
but can have a large effect on the resulting explanation.

Meaningful perturbations do not require a choice of segmentation method as the
mask is learned by optimisation. However, the mask is applied to the image with
either of three options: a constant value replacement, noise injection or Gaussian
blur. The results are therefore dependent on this choice, and they do not always
translate well to medical imaging tasks |[134]. Furthermore, optimizing an additional

meta-learner to produce explanations for each sample is impractical in practice.

3.2 Example-based Explanations

Example-based explanation methods provide example images as explanation for a
prediction. For example, this could be the n most similar samples in the training set,
or an image generated from the latent space to visualise changes in the prediction.
This class of explanation models is typically model-specific, as it requires specific
architectures or loss functions to provide the examples with the prediction.

In this section, I will give a brief overview of example-based explanation methods,

their applications to medical imaging tasks and their limitations.
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3.2.1 Prototype Learning

In prototype learning, a set of feature representations in latent space is learned during
model training, the so-called prototypes, which can be considered representative
examples for a certain class label. Subsequently, inference for a new sample is
performed using the distances to the learned prototypes in latent space, for example
by using nearest-neighbour classification [135]. In most early deep prototype learning
approaches, the learned prototypes were unconstrained points in latent space [136,
137], making it challenging to visualise or interpret the learned prototypes. These
early prototype models therefore cannot really be considered true interpretability
methods, but they inspired later methods.

To achieve visualisation of the prototypes, Li et al. [138] introduced an au-
toencoder [139] to reconstruct an image from the latent representation. In their
approach, they simultaneously learned a set of representative prototypes in latent
space and a decoder network that was able to reconstruct a learned prototype into
image space. Furthermore, a sample prediction was made by passing the prototype-
sample distances through an FC layer, effectively weighting the prototypes for
the final prediction, followed by a softmax layer generating the class probabilities.
In that approach, the prototypes did not have associated class labels, but their
contribution to each of the classes was learned by the weights in the FC layer.
The learned prototypes looked visually plausible, but their methods were only
demonstrated on three small toy datasets: MNIST [140], Fashion MNIST [141]
and a simple car dataset [142].

To extend these methods to more challenging datasets, Chen et al. [143] proposed
to constrain the prototypes in the final model to be equal to latent representations
of images in the training set, which could easily be visualised. This was achieved by
training the prototype model, referred to as ProtoPNet, in three stages: (1) regular
training of network weights with the last FC layer weights frozen, (2) projection of
prototypes, and (3) optimization of the last FC layer weights. The projection of
the prototypes entailed replacing all prototype representations (points in the latent

space) with the closest latent representation of an actual training image. In contrast
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to the work by [138], the prototypes were also assigned a class label at the beginning
of training. Further, a latent image representation Z € R"*%=X¢: wags considered
as a set of h,w, vectors with length c,, each representing part of the image. The
prototypes were then defined as vectors of the same size: representing an image
part. This enabled more fine-grained comparison, and resulted in explanations
of the form of ‘which part of the image looks like which prototype’ The single
image-prototype distances required to make the final prediction were obtained by
taking the minimum overall distances between the respective image parts and the
prototype. To regularise the latent space, distances between samples and prototypes
of the same class were maximized whereas distances between different classes were
maximized, as illustrated in Fig. [3.0p.

Variations on the ProtoPNet architecture have been applied to several classifica-
tion tasks in medical imaging [144-148|. Kim et al. [144] applied such an architecture
to the classification of chest X-rays. Their network was extended with an occurrence
module, predicting where in the image a certain prototype pattern was likely to occur.
These prototype-specific weights were then used to pool the image representation
into a single vector before computing a single image-prototype distance (as opposed
to taking the minimum distance over all patches). Classification of chest X-rays
was also considered by [146] and Singh and Yow [147|, where they modified the
distance computations between the image and prototypes [146] or the loss function
to train the last FC layer weights [147]. Barnett et al. [148] proposed a variation
on ProtoPNet for skin melanoma classification, using fine-grained annotations to
enforce prototypes to be similar to medically relevant image regions. This resulted
in more representative prototypes, but required the availability of such annotations
during training. Finally, Wolf et al. [149] proposed an interpretable model for the
classification of adult MR brain images, combining a prototype-based model for
images with the interpretable analysis of tabular data.

Importantly, prototype-based explanation models are inherently interpretable
as they are able to provide the distances and prototype images the prediction is

based on. While not being completely transparent, due to the mapping from the
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image to the latent space, the explanations are by definition faithful to the model
prediction as they represent the actual reasoning process, rather than approximating
it post-hoc. Furthermore, they can provide both local (the decision-making process
for a single sample) and global explanations (the set of learned prototypes).

The ProtoPNet architecture has not been applied for regression as the regularisa-
tion of the latent space requires the notion of same and different class. An extension

of a prototype-based model for regression will be presented in Chapter [7|of this thesis.

3.2.2 Counterfactuals

Counterfactual visual explanations aim to generate an image representation that
demonstrates what changes to an image would result in a different prediction
[150]. This thus not only demonstrates which image areas are important, as in
attribution-based explanations, but also how the areas affect the prediction (i.e.
by showing how the image would look for a different prediction).

One of the first works applying counterfactuals in medical imaging was by
Baumgartner et al. [151]. In that work, counterfactuals were produced by finding
a (minimal) additive map that, when added to the sample image, changed the
prediction to a given class (i.e. diseased versus healthy). The additive maps were
created by training a generative adversarial network (GAN) [152] to produce realistic
images that would be classified as the other class. The approach was demonstrated
by transforming MR images of patients with Alzheimer’s disease to resemble Mild
Cognitive Impaired images. Similarly, Narayanaswamy et al. [153] and Schutte et al.
[154] used GANSs to generate images that changed the prediction with minimal
image changes. Effectively, this also transformed images from one class to the
other. Narayanaswamy et al. |[153] applied this for the detection of diabetic macular
oedema from retinal images, whereas Schutte et al. [154] to knee osteoarthritis
grading from X-ray images. However, a disadvantage of such approaches is that
only a single deterministic translated image is created per sample, whereas multiple

different changes could result in a different prediction.
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A different approach was introduced by Pawlowski et al. [155], which integrated
a causal graph with a generative model. The causal graph was designed based
on the prediction problem (e.g. including nodes for age and sex for brain MR
images), and the generative model was able to generate counterfactual images
with respect to changes in the causal graph (i.e. what would the brain image
look like for an increased age). This approach was demonstrated on a toy MNIST
dataset and a brain MRI dataset. For the brain MRI dataset, whole brain volume,
ventricular volume, sex and age were all incorporated into the causal graph, enabling
counterfactual image generation with respect to these parameters. Around the
same time, Interpretable Classification via disentangled representations and feature
attribution Mapping (ICAM) was proposed by Bass et al. [156]. In their approach,
a continuous latent space was learned in which class-specific and class-irrelevant (i.e.
subject-specific) features were disentangled. Image reconstructions were learned
by a combination of a variational autoencoder (VAE) [157] and a GAN loss. The
reconstructions were then used to analyse the prediction during test time by sampling
from the latent space. Like Baumgartner et al. [151], they applied it to the detection
of Alzheimer’s disease from brain MRI scans. To make ICAM also suitable for the
explanation of continuous variables, an extension of this model was proposed by
Bass et al. [158], named ICAM-reg. This method was demonstrated on several

regression tasks for adult brain MRI, including brain age prediction.

3.2.3 Distance-based

One of the most straightforward interpretable models is learning to map the
data to a meaningful latent representation space in which inference can be done
through distance-based predictions. Explanations can then be provided in the
form of the closest samples in the training set. While not specifically designed for
interpretability, such methods can thus provide an intuitive explanation of their
prediction. These methods are also closely related to prototype learning as both

approaches regularise distances in latent space (Fig. . While reviewing all such
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Figure 3.6: Schematic overview of (a) metric and (b) prototype learning for categorical
and continuous labels, illustrating the similarities between the two approaches. Colours
represent different classes or continuous values. The training objective for classification
is minimizing the distances between samples of the same class (green arrows) while
maximizing those of different classes. For regression, the distances are trained to be
proportionate to their label difference.

approaches is considered out of scope for this review, I will give a summary of how
metric learning approaches have been applied for regression and interpretability.

Learning a mapping to a meaningful representation space is often referred to
as (deep) metric learning, and aims to generate a representation space in which
distances between similar samples are small and, inversely, distances between
dissimilar samples are large [159]. In metric learning, the mapping by a neural
network is typically achieved by training with contrastive or triplet losses |160)].
These losses were initially developed for tasks with a clear distinction between
similar and dissimilar samples, such as classification, and were less suitable for
regression tasks with continuous labels [159, |161]. Early work simply quantised
the continuous differences |162, |163], but more recent extensions have also adapted
the triplet loss for continuous labels [164-167]. Specifically designed for regression,
Chao et al. [168] suggested regularising the latent space by enforcing the feature
distances between samples in a batch, computed with the Euclidean distance, to
be proportionate to their difference in label space. Furthermore, samples were
weighted by a Gaussian function so as to weigh samples close to each other more
than those far apart. This was motivated by the fact that distances in the feature
space should be computed along the manifold (geodesic distances), and that simple

distance measures, such as the Euclidean distance, are only a good approximation
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for small distances. Inference was then done using a weighted mean of neighbouring
training sample labels, and these could be visualised as an explanation.
Notable are also some recent methods developed for natural images that used
metric learning in combination with patch-based matching to provide improved
interpretability |[169-171]. This approach was used for several tasks such as image
retrieval [170], face identification [171] and few-shot learning [169]. To provide
patch-based matching, OT optimisation was used, which will be discussed in

more detail in Chapter [7]

3.2.4 Limitations of Example-based Explanations

While example-based explanations can be very effective, there are also a number

of limitations of current methods that should be considered.

Challenges in Training Both prototype and counterfactual models can be
challenging to train due to the large number of hyperparameters that need to be
tuned. For example, ICAM-reg [158] has 10 tunable parameters just to weight
the loss elements, whereas the ProtoPNet architecture requires three stages for
training, each having separate learning rates and training durations that need to be
optimised. Furthermore, counterfactual methods (as well as early prototype-based
models using generative models) require training generative models to produce
realistic explanations. This is known to be a challenging task requiring large
amounts of training data, which might not always be available, especially when
working with medical images.

Distance-based explanations are typically easier to train, but all latent repre-
sentations of the training set images need to be available at inference to provide a
nearest neighbour explanation. These can either be stored in memory, or accessed
at inference, slowing down the predictions substantially. Additionally, during
training, the distance-based losses normally rely on regularising distances within

a batch, requiring large batch sizes. Both of these factors can be problematic for
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large datasets (or datasets consisting of large images) due to memory constraints,

especially for 3D volumes, such as 3D US.

Level of Detail in Explanation Both distance and prototype-based approaches
typically provide comparisons to whole images or to image parts as an explanation.
This is by definition of a lower resolution than visual attribution methods, which
typically provide pixel-level importance scores. Counterfactual explanations can,
on the other hand, provide pixel-level maps by computing difference maps between

the sample image and the generated image.

Classification Only While showing promising results for medical imaging, the
ProtoPNet has so far only been applied for classification tasks [143]. Due to loss
elements that are based on the notion of same class and different class, these

can not be directly applied to regression.

3.3 Interpretability for Brain Age Predictions

Several studies have attempted to introduce interpretability into brain age prediction
models, predominantly for adult MRI. Most commonly, visual attribution methods
were used to explain brain age predictions [10, (172, [173].

Dinsdale et al. [10] used backpropagation [104] to create saliency maps. The
saliency maps were averaged across the whole test set and used to illustrate the
differences between brain age models trained with linearly and non-linearly registered
MR images. Alternatively, Hofmann et al. [173] used LRP to explain brain age
predictions from MR images. The relevance with respect to the mean prediction
value was computed (the mean was encoded in the bias term of the last layer),
meaning that positive relevance indicated an increase, and negative a decrease from
the mean value. However, due to the aforementioned problems with baseline-based
attributions 131, 132] these results have to be interpreted with care. Finally,
Lombardi et al. [172] used SHAP and LIME to explain a brain age prediction model

from MR images. However, the brain age prediction model was not trained with the
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MR image data but with a set of morphological features previously extracted from
the images. The resulting explanations are therefore the attributions of higher-level
features as opposed to image pixels.

In a different study, explaining brain MR classification rather than regression,
several explanation methods were compared [174] (G ®X, LRP, GBP and occlusion).
This study showed that the visual attribution methods are not always consistent or
comparable between different methods, confirming earlier introduced limitations
of visual attribution methods (Section [3.1.6).

While not specifically a method for interpretability, predicting local brain age
can also be considered under the umbrella of interpretability. These approaches
attempt to determine which image areas (or features) are used most during the
prediction. Both Bintsi et al. [175] and Ballester et al. [176] used patch- or slice-
based approaches to predict local brain age. While these methods provide a
more detailed prediction, separate networks had to be trained for each slice or
patch, increasing the computational overhead. Using only a single model, Popescu
et al. [177] used a U-Net to predict brain age voxel-wise. The predictions were
more fine-grained than previous slice- or patch-based approaches, but the reported
prediction error was considerably higher than the error obtained with baseline
models (average MAE ~10 years vs. 3 years).

Alternatively, as described in Section , in [151} (155, 158], generative models
were used to demonstrate the changes that would be expected in the image for
different ages. However, as discussed, training generative models is challenging and

typically requires large amounts of training data which is not always available.



Datasets

In this thesis, two datasets containing 3D US images of the fetal brain from healthy
fetuses were used: the INTERGROWTH-21%" dataset [24] and a dataset from the
Leiden University Medical Centre (LUMC). The last contribution of this thesis
(Chapter [7)) also demonstrates the proposed method on an adult brain MRI dataset

(the IXI dataset). Each of these datasets will now be introduced in more detail.

4.1 INTERGROWTH-21%% Dataset

The INTERGROWTH-21%" dataset is the main dataset used throughout this thesis.
This dataset contains 3D US images acquired as part of the INTERGROWTH-21%*
Fetal Growth Longitudinal Study [24] (FGLS). That study aimed to describe human
growth and neurodevelopment from early pregnancy up to 2 years of age in an
optimally healthy population drawn from eight urban areas worldwide. Inclusion
criteria specified healthy women who met a list of strict criteria based on, for
example, age, BMI and medical history |24]. The initial inclusion was done before
14 GW, and subsequently, the women received an US examination every 5 weeks
until birth. A total of 4607 women were initially included, of which 4321 delivered

a baby without congenital malformations. Due to the rigorous selection criteria,
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this population can be considered as optimally healthy, which enables the study
of healthy development in this thesis.

Each woman included in INTERGROWTH-21%* FGLS underwent multiple
scanning sessions, resulting in a total of 19702 sessions that were included in the
dataset. During each session, both 2D and 3D US images of the fetal brain were
acquired on a Philips US machine (Philips HD-9, Philips Ultrasound, USA) with
a curvilinear abdominal transducer. In this thesis, I will only use the 3D image
volumes and perform any 2D experiments on planes extracted from the 3D volumes.

All 3D brain images in this dataset were acquired from the axial plane.

Age Estimation In this thesis, fetal brain development is assessed with respect to
the GA. For this reason, it is important to have an accurate measure of ground-truth
GA. The ground-truth GA in the INTERGROWTH-21%" dataset was determined
by the LMP, and confirmed with an US-based CRL measurement before 14 GWs.
If this measurement deviated by more than 7 days from the LMP, the fetus was
excluded from the dataset. Furthermore, to be included in the study, women needed
to have a regular menstrual cycle and know their LMP accurately [24]. While
always being an estimate of the true post-conceptual age (as described in Section

2.1.4)), these criteria thus ensured an accurate estimation of ground-truth GA.

4.1.1 Previous Data Processing

Due to the characteristics of US, such as the presence of shadows and speckle
(described in Section , the quality of the acquired US volumes can vary
considerably. In order to develop algorithms based on the presence of structural
information, it is important to only use the US volumes in which sufficient anatomical
information is present. Both initial data selection and initial processing of the
images in the INTERGROWTH-21% dataset were carried out by Prof. Namburete
in previous work [25]. From the full dataset, two subsets were selected: the atlas

subset and the validation subset. An overview of the age distribution in the two

data subsets is shown in Fig. [4.1h.
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Figure 4.1: Data distribution across GA in the (a) INTERGROWTH-21%" and (b)
LUMC datasets, Chapter [5] uses images between 18 and 26 GWs, Chapter [6] between
18 and 28 GWs, and Chapter [7] the full age range. The combination of the atlas and
validation subsets in the INTERGROWTH-21% dataset is referred to as the extended

subset.

Atlas Subset A subset of 1062 3D image volumes with optimal US quality was
selected from the INTERGROWTH-21% dataset to create a weekly US-specific
atlas between 14 and 30 GWs . For that selection, an extensive list of selection
criteria was used, which is detailed in Appendix [A] Fig. [A. T In summary, the

most important selection criteria were:

(i) Absence of motion artefacts
(ii) Head fully contained in the image
(iii) Minimal acoustic shadows in the distal hemisphere

(iv) High contrast between fluid-filled and dense (i.e. CP, skull) regions

To create the atlas, all volumes were manually aligned to the same reference
coordinate system with a rigid transformation, resampled to an isotropic voxel size
of 0.6 mm and resized to a size of 160x160x160 voxels. The atlas was then created
using Demons diffeomorphic groupwise registration per GW , which mapped all
images from the rigidly aligned orientation to a reference atlas space. The registered
images were subsequently averaged to obtain a template image for each GW (i.e.

average intensity images). Due to the diffeomorphic nature of the transformations,
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the inverse transformation can be used to map annotations from the atlas space
back to individual volumes, which will be used in Chapter [5]

For each of the images in the atlas subset, whole brain masks are available, which
were used to compute whole brain volumes in Chapter[5] These masks were obtained
by binarising template images in an MRI fetal brain atlas [61], and subsequently
manually aligning these to the individual US images using an affine transform (rigid
+ scale). The MRI atlas contained template images for each GW between 21 and
31. For each US image, the MRI-derived mask of the corresponding GW was used,
and for fetuses younger than 21 GWs, the template image of 21 GWs was used.

Extended Subset To extend the selected subset with US images of moderate
quality, another subset was selected in previous work [9], which I will refer to as the
validation subset. To perform this selection, some selection criteria were relaxed,
such as allowing a lower contrast between fluid-filled and dense regions and accepting
a higher number of acoustic shadows. In Appendix [A] Fig. the selection criteria
that were relaxed for the validation dataset are indicated with a (*).

For the validation subset a total of 3203 image volumes were selected. These
volumes were also resampled to an isotropic voxel size of 0.6 mm and resized to a
size of 160x160x160. All volumes were then aligned to a common reference system
using an automated algorithm, referred to as BEAN [178]. The combination of the
atlas and walidation subset will be referred to as the extended subset. To ensure
equal processing between the two data parts, the atlas volumes in this subset were

re-aligned with BEAN [17§] (as opposed to the previous manual alignment).

4.1.2 Selection in this Thesis

An overview of the images selected for each of the chapters in this thesis can be
found in Table £.I] In Chapter [f the atlas subset was used, and in Chapter [¢]
and [7] the extended subset. In Chapter [5 I used manual annotations in the atlas
space to generate weak segmentation labels for the individual images. These were

obtained by propagating the labels using the inverse transformation obtained during
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Table 4.1: Overview of images of the INTERGROWTH-21% dataset used in each
contribution chapter. 2D images consist of transventricular planes extracted from 3D
image volumes.

2D /3D task  age range [weeks] subset  no. images
Chapter [5) 3D  subc. segm. 18-26 atlas 537
Chapter |6 2D&3D brain age 18-28  extended 3359
Chapter 2D brain age 14-30  extended 4265

atlas registration. For this reason, only image volumes of the atlas subset could
be used for model development in this chapter. Furthermore, when completing
the work in Chapter [5] the extended subset was not readily aligned to a common
reference system, as BEAN had not yet been developed. For this reason, only the
atlas subset was used in Chapter [5] In Chapter [6] and [7] no label propagation was
needed, and therefore the larger extended subset was used.

Due to the different requirements, I used a dedicated age range for each chapter.
In the subcortical segmentation chapter (Chapter , I used an age range between
18 and 26 GWs. Before 18 weeks the structures of interest were too small to
consistently segment, whereas past 26 weeks the (manual) segmentation task became
too challenging due to a decrease in the quality of the volumes (i.e. due to acoustic
shadowing). In Chapter @I regularised the attention of a brain age prediction
model with segmentation masks, however, the masks do not have to be pixel-level
accurate. To make clinically meaning predictions, it is desired to have an age
range as large as possible, and the age range was, therefore, extended to 28 weeks.
Lastly, in Chapter [7] the full extended subset was used, ranging from 14 to 30
GWs. Each chapter will contain an overview of the number of images available
in the respective age range. In Fig. 4.2 example volumes for both the atlas and

validation set are shown across the GA range.

4.1.3 Additional Preprocessing

In Chapter [5| the atlas dataset was used without any additional processing. However,
for the extended dataset used in Chapter [6] and [7] I performed some additional

preprocessing steps.
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Figure 4.2: Example US volumes from the INTERGROWTH-21% dataset over the
GA range. Images shown have been aligned to a common coordinates system but not
size normalised. For visualisation the images were also mirrored across the midline so
that always the bottom hemisphere is visible. (a) shows examples from the atlas subset,
and (b) from the validation subset. It can be seen that the atlas images are of slightly
better average quality than the validation images (i.e. better contrast and visibility of
anatomical details).

Size Normalisation As described in Section [2.2.2] an important consideration
for brain age prediction models is whether to use size features [86] [88]. In this
thesis, I am interested in quantifying the stage of brain development and therefore
do not want to use size information. To enforce the network to focus on structural
developmental patterns rather than on size alone, all image volumes were spatially
normalised to the average brain volume at 30 GWs. This was done using the same

automated algorithm used for the alignment of the volumes (BEAN) [17§].

2D Slice Extraction To perform experiments with 2D images, transventricular
standard planes were extracted from the aligned and size-normalised 3D volumes.
The planes were extracted using a set of fixed coordinates, and interpolated with

bilinear interpolation. Examples of extracted transventricular planes across gestation

for the INTERGROWTH-21% dataset are shown in Fig. [4.3h.
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Figure 4.3: Example transventricular planes extracted from the (a) extended dataset,
and (b) from the LUMC dataset. The LUMC dataset spans an age range from 18 GWs,
and is therefore not shown at 14 GW. 2D images consist of transventricular planes
extracted from 3D image volumes.

4.2 LUMC Dataset

To test the generalisability of the methods developed in this thesis, I also tested the
performance on an independent dataset, namely the LUMC dataset. This dataset
was acquired in the LUMC as part of a collaboration during my DPhil to study
the brain development of children with CHD. For that study, 3D brain images
of both healthy fetuses and fetuses with congenital heart disease were acquired
with a Canon Aplio I800. The women were recruited from around 20 GWs and
subsequently scanned at 4-week intervals. At each scanning session, multiple 3D
volumes were typically acquired. In this thesis, the aim of an independent dataset
is to validate the generalisability performance and therefore only images of the
healthy fetuses were used. The images used for testing in each chapter were selected
to match the age range used during model training. Example images of the LUMC
dataset across the GA range are shown in Fig. [£.4]

Data Selection Data selection was carried out by Dr Moska Aliasi, an ultra-
sonographer in the LUMC, after a joint discussion between us to determine the
selection protocol. During the data selection, four subcortical structures (CB, CP,

LPVH and CSPV) were assessed, along with the SF. For each individual structure,
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Table 4.2: Overview of images of the LUMC dataset used in each contribution chapter.
Images were selected based on the visibility of the structures noted in the selection criteria
column. For Chapter 5] the no. of images indicates the number of images on which any
one of the subcortical structures were visible.

2D/3D  age range [weeks] selection criteria  no. images
Chapter 5| 3D 18-26  CP, CB, LPVH, CSPV 149
Chapter || 2D&3D 18-28 SF 156
Chapter 2D 14-30 SF 185

a single 3D image was selected (of the multiple acquired images during a single
session) on which the respective structure was most clearly visible. If a structure
was not well visible in any of the image volumes acquired in a session, the structure
was excluded from the respective scan session. This resulted in a different subset

of included image volumes for each of the structures.

In Chapter [5] the subset of volumes in which any of the subcortical structures
were visible was selected. The segmentation algorithm was applied to all these
volumes, and the performance is only reported for the images where the respective
structure was visible. In Chapter [6] and [7] the subset of images on which the
SF is visible was used as this was considered the most important structure for
brain age predictions. An overview of the images from the LUMC dataset used

in each chapter is shown in Fig. [4.2]

Preprocessing The LUMC image volumes were preprocessed in the same way as
the INTERGROWTH-21% volumes. This involved resampling them to an isotropic
voxel size, resizing them and then aligning them to the same coordinate system
using BEAN [178]. Lastly, for Chapter @ and |7 all volumes were spatially normalised
and 2D transventricular planes were extracted. An overview of example extracted

planes from this dataset is shown in Fig [{.3p.
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Figure 4.4: Example US volumes over the GA range from the LUMC dataset. It
can be observed that the volumes have slightly better soft tissue contrast than the
INTERGROWTH-21% volumes, especially at the higher GAs.

HH - 25 G-29 IoP - 43 G-58

;A

Figure 4.5: Example slices extracted from the 3D MR brain images in the IXI dataset.
The title of each image indicates the institution where the image was acquired (HH:
Hammersmith Hospital, G: Guy’s Hospital, IoP: Institute of Psychiatry), followed by the
chronological age in years. The ventricles have been indicated with red arrows in the first
and last image, from which the difference in ventricular volume can be clearly observed.

4.3 IXI MRI Dataset

In Chapter [7, I also demonstrate the developed method on a dataset of T1 MR
images of normal, healthy subjects. This dataset is publicly availabld'| and has been
acquired in three different institutions in London, UK. Preprocessing of this dataset
has been performed by my colleague Dr Dinsdale using the FSL Anat pipelind?}
This pipeline involved skull stripping, bias field correction and linear registration
to the 1 mm MNI template [179]. Subjects that did not successfully complete this
pipeline were excluded for further analysis, which resulted in a total of 561 images
between the age of 20 and 86 years. From each preprocessed 3D image volume, I
then extracted an axial plane containing the ventricles. These 2D images were then

used in Chapter [7] Example slices from the IXI MR images are shown in Fig.

'https://brain-development.org/ixi-dataset/
thtps ://fsl.fmrib.ox.ac.uk/fsl/fslwiki/fsl_anat
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In this chapter, I study the the quantifications of subcortical development using
automated deep learning-based segmentations in 3D US. As obtaining manual
ground-truth annotations is costly, I explored how a segmentation network can
be optimally trained using only a limited number of annotations. Subsequently, I
applied this network to a large cohort of healthy fetuses, generating novel US-specific
growth curves for four subcortical structures of interest. The work presented in

this chapter has been published in:

Linde S. Hesse, Moska Aliasi, Felipe Moser, Monique C. Haak, Weidi Xie, Mark
Jenkinson, Ana IL Namburete, and the INTERGROWTH-21st Consortium.

“Subcortical segmentation of the fetal brain in 3D ultrasound using deep learning."

NeuroImage (2022): 119117.
Early versions of this work have also been presented at:

Moska Aliasi, Linde S. Hesse, Madeleine K. Wyburd, Maartje Snoep, Ana I.
L. Namburete, and Monique C. Haak. “Success rate of the subcortical 3D fetal
brain segmentation using deep learning algorithms.” Ultrasound in Obstetrics &

Gynecology, 2022

Linde S. Hesse, Moska Aliasi, Monique C. Haak, Aris T. Papageorghiou,
Weidi Xie, Mark Jenkinson and Ana IL Namburete “Few-shot subcortical brain
structure segmentation in 3D fetal brain ultrasound.” Organisation of Human

Brain Mapping (OHBM), 2020

5.1 Introduction

During routine US examinations, the size and appearance of several subcortical
structures in the fetal brain are assessed. The abnormal development of these
structures can be a potential sign of CNS abnormalities, and it is, therefore,
important to monitor them during gestation. Their full structural development is
best quantitatively assessed with 3D volumetric information. However, as described

in Section [2.2.1.2] most studies analysing these structures during gestation only use
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in-plane measurements obtained from 2D US [180} 181]. While these are routinely
acquired during a basic examination of the fetal brain, they only provide a limited
representation of anatomical development. For this reason, it is desirable to use
3D US to obtain volumetric measures of subcortical development. As manually
annotating several structures is not feasible in routine clinical practice, automated
subcortical segmentation methods for 3D US could facilitate this analysis and may
provide new insights into in utero subcortical development.

Structural segmentation in fetal brain US is a challenging task due to the
low soft tissue contrast, reverberation artefacts and the characteristic presence of
speckle. Consequently, precise structural boundaries can be hard to distinguish,
resulting in high inter- and intra-observer variability in manual annotations. Since
manual segmentation is not a task usually performed in clinical practice, even
trained ultrasonographers can have difficulty in accurately segmenting subcortical
structures in 3D US volumes.

While only limited previous studies have explored automated subcortical segmen-
tation in 3D fetal US (as described in Section [2.2.1)), subcortical segmentation has
also been studied in MR images of the fetal brain [61], [182-185]. These studies use
predominantly atlas-based segmentations, in which annotations from an atlas space
are used to segment individual image volumes [186]. The atlas space can consist
of a number of individually annotated images [183-185|, or of an average intensity
image (referred to as template image) that is annotated |61]. These annotations
are then used to segment a new image by using image registration methods. Due
to the lack of an annotated atlas for fetal brain US, atlas-based methods have not
been applied widely for brain structure segmentation in fetal US.

On the other hand, it has been shown that deep learning methods can be
successfully applied to other segmentation tasks in 3D US volumes of the fetal
brain |4, [8, 187, 188|, resulting in higher performance than traditional segmentation
methods. However, due to the difficulty of obtaining manual annotations for
subcortical structures, a key barrier to applying deep learning methods to this task

is obtaining sufficient ground-truth annotations for training.
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To overcome the need for a large manually annotated dataset, few-shot learning
can be used, in which only a small number of manual annotations are used to train
a CNN. Several few-shot learning approaches have been proposed for segmentation
tasks in the medical image domain [189-191], showing that good segmentation
performance can be obtained using only a very limited amount of voxel-wise
manual annotations. In this chapter, I will develop a deep learning-based method
for the segmentation of several subcortical structures in 3D US in a low-data
regime. Inspired by previous atlas-based segmentation methods in MRI [61], T
will compare two types of ground-truth labels for training, where both have been
obtained using only a few manual annotations: (1) a small number of individually
annotated US volumes (referred to as expert labels), and (2) a large number of
weakly labelled US volumes obtained by propagating annotated template images
(referred to as atlas labels).

Additionally, I investigate the impact of image alignment to a common coordinate
system as a preprocessing step. As the anatomical orientation of the fetal brain
varies in US image volumes, initial global (affine) registration of the brain is expected
to have a positive effect on the segmentation performance. Although the alignment
of US volumes is a non-trivial task, methods have been developed for the automated
alignment of fetal brain volumes [192, |193]. Furthermore, compared to the voxel-
wise annotation of several subcortical structures, manual image alignment requires
considerably less effort. For these reasons, alignment of the volumes to a common
coordinate can be preferred over the additional voxel-wise manual annotation, and,
as such, it is important to explore global alignment as a requisite preprocessing step.

In this work, I aim to segment the CP, LPVH, CB, and CSPV during the
second trimester of gestation. This trimester is of particular interest since this
is when women undergo an US examination as part of routine care to screen for
anomalies [194]. Furthermore, in this trimester most subcortical structures have
developed enough to be visible on US but are less affected by acoustic shading due to

progressing calcification of the skull and amniotic fluid reduction later in gestation.
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3D US volume Multi-label 3D U-Net Individual 3D 3D multi-label
segmentations segmentation

Figure 5.1: Schematic overview of segmentation pipeline. The segmented structures
shown are the CB (pink), LPVH (green), CSPV (yellow) and CP (orange). The LPVH
and CP are shown in both hemispheres for visualisation purposes but are only segmented
in the visible hemisphere. A detailed overview of the U-Net architecture is shown in Fig.

b2

Finally, to obtain an improved understanding of volumetric subcortical de-
velopment during the second trimester, the developed segmentation model will
be applied to a large cohort of healthy fetuses. The resulting model predictions
will be validated for the CB, as volumetric growth curves for the CB have been
reported in previous studies [72, [76178, (82} 84, |195], and subsequently used to
generate novel US-specific growth curves of subcortical volume development during

the second trimester of gestation.

5.2 Methods

In this chapter, a single segmentation network is developed that segments the
CB, LPVH, CP and CSPV in 3D US volumes using a minimal number of manual

annotations for training. A schematic overview of this pipeline is shown in Fig. [5.1]

5.2.1 Notation

Given a dataset of m image volumes, the set of image volumes in their original
acquired orientation is denoted as X = {}V(l, e Xm} with X € R3, and the set of
image volumes rigidly aligned to the same reference coordinate system as X =
{X1,...,X,n}. Referring to either X or X will simply be done by using X, and
the original and manually aligned images will also be referred to as unaligned and
aligned, respectively. The ground-truth multi-label segmentation masks are denoted

by Y. The binary mask of a single class will be denoted by a subscript ¢, with ¢
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being the class (structure), and the type of the ground-truth label (abbreviated as
atl for atlas labels and exp for expert labels) is marked with a superscript (Y2%7¢).
Similarly to the images, the set of labels will be denoted by ).

To avoid ambiguity between image volumes and a volume measurement, in the

remainder of this chapter, I will refer to the 3D image volumes as images.

5.2.2 Network Architecture

A multi-label 3D U-Net [63] with batch normalisation [196] was used as network
architecture for the subcortical segmentation. The network, denoted by 6, predicts
a multichannel segmentation, denoted by Y, for a 3D US input image: Y = 0(X),
with each channel corresponding to a class. A schematic overview of this pipeline
is given in Fig. . Following the same convention as for the images, 0 and 6
correspond to networks trained with X and X respectively. To obtain probabilities
for each class, a softmax function is applied across the channel dimension of Y,
which will be denoted as Y.. Final predictions for a single class are subsequently
obtained by assigning each voxel to the class with the highest probability. Based
on initial experiments, the network was designed with a depth of five, and with
16 feature maps in the initial block of the encoder. A schematic overview of the
full network architecture is shown in Fig. [5.2] While this network obtained the
best performance in initial experiments, the main objective of this chapter is not
to study the effect of the model architecture, but to explore the optimal way of

training a CNN with a small number of manual annotations.

5.2.3 Few-Shot Training Labels

Defining n, as the number of images that are manually annotated, two types
of training labels will be considered, both obtained from an equivalent number

of manual annotations:
o expert-based labels: a set of n, individually annotated images.

o atlas-based labels: a large number of images with weak propagated atlas

labels obtained from annotating n, 3D template images.



5. Subcortical Segmentation of the Fetal Brain 73
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%% concatenation
max-pool(2x2x2) 2 x [conv(3x3x3) + RelLu + batch norm]
up-sampling 2 x [conv(3x3x3) + RelLu + batch norm]
input + conv(1x1x1)

Figure 5.2: Overview of the 3D U-Net architecture used in this study. The numbers on
top of the grey blocks indicate the number of feature maps in the respective layer. The
input is a 3D ultrasound volume and the network outputs a multi-class segmentation of
the same dimensions.

These labels will, in mathematical notation, be abbreviated by exp and atl respec-
tively. The set of expert-based labels can be obtained by directly annotating the set
of individual images. However, to generate the atlas-based labels some additional

steps were performed that will now be detailed.

5.2.3.1 Atlas Labels

Atlas-based labels were obtained for the images by manually annotating 3D template
images as opposed to annotating individual images (Fig. [5.3]). Template images
were created by registering a subset of s rigidly aligned images S € X to each
other using a Demons diffeomorphic groupwise registration approach , resulting
in a set of non-rigid transformations that can transform each image from the
rigidly aligned orientation to a reference space R defined by: T = {T; : X; —
Xirli = 1,...,s}. The registered images were subsequently averaged to obtain
a template image K = 1Y/=5 X p.

In this template K, the four subcortical structures of interest were manually
annotated (see Section , resulting in a set of labelled template images.

For simplicity, the annotated template images will also be referred to with K.

Subsequently, these labels were non-linearly registered back to the individual images
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using the inverse transform of the registration to the reference space, given by:
Tow = {T;' : K — Yl\z = 1,...,s}. Due to anatomical variations between
individuals and potential errors in the registration, the resulting labels may contain
imperfections and are thus considered to be weak labels. To clearly differentiate
between the annotated template images (which could be referred to as an atlas)
and the propagated atlas-based labels, I will refer to the former only as annotated

template images and to the latter as atlas labels.

Standard Template Construction In order to generate template images, rigidly
aligned images from a GA range of 1 week were used, resulting in one template
image per GW. To capture possible differences in anatomy between the left and
right cerebral hemispheres, template images for each hemisphere were constructed
separately using the respective images and fused together at the midsagittal plane
by joining the interhemispheric fissure in the two templates (Fig. top row).
The set of annotated template images (one per GW) is denoted by K, containing
annotations of all segmented structures (LPVH, CB, CP and CSPV).

Cluster-Based Template Construction During initial experiments with the
atlas labels, it was seen that the LPVH shape was not well captured by a single
template image per GW. For this reason, I extended the atlas construction to
generate multiple templates for this structure using a clustering approach (Fig.
bottom row). I selected images from an age range of two GWs, grouped them
using k-medoids clustering and subsequently constructed n. template images of the
LPVH using this grouping. In our experiments, n, was empirically set to four as
for this number the resulting template images captured the most important shape
variations (based on a visual assessment of the templates). As any anatomical
variation between left and right can be captured by the clustering, images of the
left and right hemispheres were combined by flipping the right side images across
the midline. In the resulting clustered template images (denoted by K¢Ust) only
the LPVH was manually annotated, resulting in an additional set of atlas labels

for the LPVH. Unless explicitly stated otherwise, the labels propagated from the
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Figure 5.3: Schematic overview of atlas label generation. Standard whole brain templates
(top row) were constructed for each GW and all structures (CB, CP, CSPV and LPVH)
were annotated in these templates. Cluster-based template construction (bottom row)
was only performed for the LPVH.

cluster-based template images are used for the LPVH in the remainder of this study
(i.e. Vel . is obtained from the cluster-based template annotation).

To perform the k-medoids clustering, all images were cropped to an area around
the LPVH (same bounding box dimensions across the whole GA range) and the
intensities of the cropped images were normalised using histogram equalisation.
The size of this crop was empirically set, and this was predominantly performed to
reduce computation time. Next, all bounding boxes were pairwise registered to each
other (using the same Demons registration used for standard template construction)
and the sum-of-squared-differences (SSD) was computed over a region of interest
(ROI) around the LPVH. This ROI was manually set for every two-week gestational

window. The resulting square matrix of pairwise SSD values was subsequently used

as input for the k-medoids clustering. As k-medoids clustering can be sensitive
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to outliers, I excluded a few outliers based on their visual appearance prior to
clustering. After the clustering step, each outlier was assigned to the nearest cluster
based on the distance to the cluster centre. Once all images were assigned to
a cluster, templates were created from the images in each cluster, including the
outliers, as described earlier. The k-medoids clustering was set to repeat 500 times,

and results containing clusters with less than three images were discarded.

5.2.4 Manual Annotation Process

Both the constructed template images, K for all structures and ¢ for the LPVH,
as well as a subset of individual images, X, had to be manually annotated. Since
subcortical segmentation is not a task usually performed clinically, and structural
boundaries can be very challenging to distinguish in 3D US images, I designed a be-
spoke segmentation protocol in consultation with experienced ultrasonographers (M.
Aliasi and M.C. Haak). An overview of the manual segmentation protocol is shown
in Table[5.1] Based on this protocol, I performed the manual annotations (for both
template and individual images), and these were subsequently verified by M. Aliasi.

As described before, typically only one hemisphere is well visible in the 3D
US images. For this reason, annotation of the CP and LPVH in X was only
performed in the most visible hemisphere. However, as the whole brain template
images (K) were created for both the left and right hemispheres separately and
subsequently fused together, manual annotation of these images involved annotation
of the CP and LPVH in both hemispheres, thus resulting in two manual template
annotations per GW for these structures. As both the CSPV and CB are structures
near the midsagittal plane, these are less affected by acoustic shadowing and are
segmented in full. As a result, when setting an equal n,, defined as the number
of manually annotated (template) images, between expert and atlas labels, this
results in an equivalent number of annotations for the CB and CSPV, but twice
as much annotation of the CP and LPVH for the atlas labels.

The annotation of the LPVH in both the left and right hemisphere in the standard

template images also means that the annotation effort required to annotate the
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Table 5.1: Overview of manual segmentation protocol.

77

Structure

Segmentation Protocol

CP (Choroid
Plexus)

Identify in transventricular plane as cir-
cular echogenic (bright) structure inside
the ventricular cavity.

Segment complete CP, which moves from
the midline (posteriorly) to a more lateral
location (inferior).

Use all three planes, predominantly the
axial and coronal, to ensure consistent
segmentation.

LPVH
(Lateral
Posterior
Ventricle

Horn)

Ventricular cavity posterior to the CP.
Identify in transventricular plane as a
hypoechoic (dark) cavity.

Segment inside the echogenic boundary.
Use all three planes to ensure consistent
segmentation.

CSPV
(Cavum
Septum
Pellucidum
et Vergae)

Identify in the midsagittal plane as a
fluid-filled cavity.

In older fetuses the cavum septum pel-
lucidum (anterior) and cavum vergae
(posterior) can be seen as two adjoining
cavities but are segmented together.
Use the axial plane to determine the
lateral boundaries of CSPV.

CB (Cerebel-
lum)

Include bright echogenic boundary”.
Identify in the axial plane as the two
cerebellar hemispheres connected by the
vermis.

Determine superior and inferior bound-
aries in sagittal planes.

Use all three planes to ensure consistent
segmentation.

* Cerebellar boundary included for consistency as the TCD is clinically measured
including this boundary
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Figure 5.4: Data distribution of the 537 US images used in this chapter (a) shows the
distribution over the subsets and (b) the proportion of images with a visible right or left
hemisphere.

LPVH in Kt (four templates per two GWs) was the same as annotating the
LPVH in K (one template per GW, annotating both the left and right LPVH). For
consistency among the structures, for the atlas labels n, will refer to the number of
standard template images that were annotated, which is thus equal to one per GW.

All manual annotations were performed on the aligned images, X. Labels for
X images were generated by transforming the labels back to the unaligned space

using the inverse of the rigid manual alignment transform.

5.3 Experimental Set-Up
5.3.1 Dataset and Preprocessing

In this chapter, 3D US images from the atlas subset of the INTERGROWTH-21%*
dataset were used (as described in Chapter [d}). All images in this subset between 18
and 26 weeks of gestation were selected, resulting in a total of 537 images. This age
range in the second trimester was selected as the subcortical structures of interest
are too small to accurately segment before 18 GWs, whereas after 26 GWs the
images in the dataset were heavily affected by reduced amniotic fluid and acoustic
shadowing of the fetal skull that becomes increasingly calcified. In Fig. the

data distribution over the GA range is shown.
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Of these 537 images, 321 were used for model development and the remaining 216
to generate volumetric growth curves of the four subcortical structures (referred to
as the analysis subset or Xynarysis). Of the 321 images used for model development,
20 were used for testing (Xjes) and the remaining for training (X4, ) and validation
(Xyar). These 20 test set images were evenly distributed across the GA range, with
four images for every second GW (at 18, 20, 22, 26, and 26 GWs). Furthermore,
it was ensured that the training, validation, and analysis subsets were also evenly
distributed across the GA range. I manually annotated all test images and all of
these thus had expert ground-truth labels (as described in Section [5.2.4)). Ten test
images were twice manually annotated, in order to obtain intra-observer variability.

To obtain atlas labels for the dataset Y template images had to be generated
for the dataset (K and K“s*). These template images were created using all images
in the dataset (Xiyqin,Xpai; Xiest; Xanalysis), as these were available from earlier work
[25]. However, the effect on the appearance of the template images of using all
images versus only the one used for training is very small, and as such not expected
to have a significant effect on the resulting atlas labels.

As the GA of the dataset used in this study ranges between 18 and 26, n,, for
the training data was set to 9. This yielded two overlapping training sets, one with
301 images containing weak atlas labels, and one with 9 images containing expert
labels. During training of the networks, 15% of the 301 was used as validation.
For the 9 expertly labelled individual images, no validation set was used, but all
settings were kept the same as when training with atlas labels. An overview of
how the data were separated into different subsets, and the number of available

labels in each set is summarised in Table (5.2

5.3.2 Experiments

In order to study the effect of using only a small number of manual annotations,
multiple experiments were performed. Models trained with either expert or atlas

labels are denoted by 6 and 6P,
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Table 5.2: Overview of the number of images and available labels for each of the data
subsets in this chapter. All images originate from the atlas subset of the INTERGROWTH-
215 dataset (as described in Chapter .

volumes atlas labels expert labels

Analysis subset 216 0 0
Model Development subset

Testing 20 20 20

Training 256 256 9

Validation 45 45 0

Comparison between Atlas and Expert Labels Firstly, I aimed to study the
effect of using n, expertly annotated images versus many weakly labelled images,
obtained from annotating n, template images. This first experiment was performed
with images from the full GA range in the data, resulting in n, = 9. Defining n, as
the number of training images used during training, two separate networks were
trained: one that used all atlas-labelled images (6%, n, = 215) and a second that
only used the expertly labelled images (6P, n, = 9). As the alignment of the
images was expected to influence the performance, this experiment was repeated for
the aligned images, X, as well as for images in their original orientation, X. Models

trained with aligned images were evaluated on aligned test data, and vice-versa.

Varying the Number of Manual Annotations Next, n, was reduced to study
the performance decrease when using even fewer manual annotations for training.
For VP a simple subset of n, images were used whereas for Y% all images obtained
from n, annotated templates were used. The models trained with these labels are
noted as 65”7 and 6%, and in the experiments n, ranged from 2 to 9. The images used
for training were selected to be uniformly distributed over the whole GA range, e.g.
for n, = 2 the images from 20 and 24 GWs were selected. Even though these models
were only trained with images from selected GWs, evaluation was performed on all

test images. As for the previous experiment, this was repeated for both X and X.

Cluster-based atlas labels During initial testing, I observed that using atlas

labels from multiple LPVH templates, K" increased performance compared
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to using the labels from a single annotated template per GW, K (see Table .
For this reason, all aforementioned experiments using atlas labels were performed
with the LPVH annotations from the clustered template images. To quantify the
performance increase from these improved template images, I also annotated the
LPVH in K, and trained a network with these labels. As this only applies to the

atlas labels, no expert training labels were used in this experiment.

5.3.2.1 Network Training

For training, I used a combination of multi-class squared DSC (Lyp) [197] and

Cross-Entropy (CE) loss (Lcog), which are, for a single sample, defined by:

Nclass 2’YC N YC| Nclass .
Liotal = Laip +Mcop = (1= > ~—)—X > Yclog(Y.) (5.1)
c=1 ’(YC>2’ + |(YC>2| c=1 ( )

with A as a relative weighting parameter between both loss terms, ng,.ss the total
number of classes (which equals 4 in this study), and Y. the predictions for each
class before binarisation. It was observed during initial experiments that the DSC
loss term resulted in higher performance for individual structures due to the high
unbalance between the structures and background, whereas the addition of the CE
loss term ensured convergence for all structures. Based on these experiments the A
was set to 1, but it did not have a strong effect on performance for values within
the same order of magnitude (see Appendix , Fig. for the quantitative
result of varying \).

To prevent overfitting, for each sample, a combination of the following geometric
augmentations was performed: horizontal flips (across the midline for aligned
images), rotation (+30°), translation (£10 voxels) and scaling. The scaling range

(defined by Spin and Sp..) was set for each GW separately and given by:

w

Smin(W) = mazx (‘ 09 (Uavg(18)>,1/1.5)

Vavg (W)

w

Vawg (W)

1.1 - vgp0(26
Smaz (W) = min ( L(), 1.5)
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with w the GA of the fetus in weeks and v,,4(w) the average whole brain volume
at a certain GW. This ensured that scaling was only performed to brain sizes
within the dataset (i.e. images at 18 GW were predominantly up-scaled whereas
images at 26 GW were mostly down-scaled). I applied augmentation for training
with both X and X. For X, this meant that the network was trained with images
slightly deviating from the initial alignment to the same coordinate system, making
it more robust to imperfect alignment.

As the size of the training set varies strongly across experiments, all models
were trained for the same number of iterations (defined as passing a single batch of
data through the network). This number was empirically set to be equivalent to
training with all atlas-labelled images for 100 epochs. I used the ADAM optimiser
[198] with an initial learning rate of 0.001 for training, and a batch size of four.
This relatively small batch size was constrained by the GPU memory due to the
large input images (160 x 160 x 160). The results reported in this chapter are the

performance after the last training epoch averaged over three training runs.

5.3.3 Implementation

All models were implemented in Python 3.7 using PyTorch (version 1.7.1) and
trained on an NVIDIA Tesla V100 with 32 GB of memory. To generate the template
images used to obtain the atlas labels Matlab (version 9.8) was used, and all manual

annotation was performed using the freely available MITK-Workbench.

5.3.4 Evaluation
5.3.4.1 Post-processing

During visual inspection of the resulting segmentations, it was noticed that for some
images (about 25% of the test images for X and 50% for 5(), 6°*P made predictions
that were also in the hemisphere proximal to the transducer (which is partly occluded
due to shadowing), whereas the ground-truth only contained manual annotations of
the distal hemisphere for both the CP and LPVH. However, these predictions were

always smaller in size than the predictions in the distal hemisphere, as only part



5. Subcortical Segmentation of the Fetal Brain 83

of the structure was clearly visible. Furthermore, for X some very small spurious
areas were predicted for a few test images. Quantitatively, this can also be seen
from the resulting large Hausdorff distances before post-processing (see Appendix
, Fig. . For these reasons, I post-processed the binarised predictions Y, by
taking the largest connected component as the final prediction, denoted by ngost.
As the evaluation metrics are computed both with and without post-processing, for
simplicity the notation Y. is used in the remainder of this section to represent either

case. For evaluation, Y, will always refer to the binarised predictions per class.

5.3.4.2 Metrics

The binary predictions for each class, \?C, were separately evaluated against the
binary manual expert labels for the respective class, YS*P. For evaluation, the
Dice Similarity Coefficient (DSC) and the 95" percentile Hausdorff distance

(Hgs) were used.

DSC The DSC measures the overlap of the prediction with the ground-truth,
and is defined by:

exp X 2|Y(c;xp N YC|
DSC(YC p,Yc) == W (53)

with n, the total number of voxels per image. A DSC of 1 indicates perfect overlap

between the ground-truth and prediction, whereas a DSC of 0 indicates no overlap.

Hausdorff The 95 percentile Hausdorff distance (Hys), which is the maximum
(or 95" percentile for this case) over the set of boundary points of the minimum
distances (between a boundary point in one set and any boundary point in the other
set). If B, and B, represent the surface points of Y& and Y. respectively,
the Ho; is given by [199:

A A

H95(Bc7 Ec) = maX(hgs(Bc, Bc), h95(BC7 Bc)) (5-4)
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where h is the directional Hausdorff distance given by:
_ geth
hos(A,B) = ‘?\EA min d(a,b) (5.5)

with d(a,b) the Euclidean distance between points a and b, and 95" being the
95" percentile. I used the 95" percentile distance as it is more robust to very small
outliers than the standard maximum Hausdorff distance. As the Hausdorff distance
represents the distance between prediction and ground-truth, lower distances indicate

better segmentation performance.

In addition to the DSC and Hgs also the signed and unsigned relative vol-

ume differences were computed. These results are presented in Appendix [B]

(Fig. and [B.3).

5.3.5 Volumetric Subcortical Growth Trajectories

In order to generate growth curves for the subcortical structures, I finally applied
the trained models to the US images in the analysis subset. Subcortical volumes
(Vchpost) were predicted for Xamlysis using both #°? and 6% in order to analyse the
differences. Subsequently, a linear or quadratic polynomial was fit to the predicted
volumes as a function of the GA. The quadratic term was only added if it proved to
be statistically significant for both 87 and % (determined by a two-sided t-test),
as the underlying structural growth should correspond between the two networks.

In addition to structural volumes, also the relative structural volume with respect

to the whole brain volume was computed, defined by:

VA
‘/;“elibrain = V}v/‘:’pOSt (56)
brain

with Vj.ein the whole brain volume of the respective image. These whole brain

volumes were computed from whole brain masks derived from an MRI fetal brain

atlas [61] (as described in Section [4.1)).
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5.4 Results

All performance values presented in this section were obtained from ?Cmst (pre-

dictions post-processed to only keep the largest connected component). Results

without post-processing are given in Appendix (B| (Figs. and [B.3)).

5.4.1 Weak Atlas Labels

In order to quantify the number of inaccuracies in the weak atlas training labels,
the DSC overlap between the naive atlas propagated labels (Y*) and the manual
ground-truth labels (V°*?) was determined in the test set. These results are shown
in Table as prop. atlas. For the LPVH, the DSC overlap of the atlas labels
obtained from the clustered template images, K, is shown. It can be observed
that the naive propagated atlas labels obtained relatively low DSC, ranging from
0.68 for the LPVH to 0.80 for the CB, indicating that the atlas labels used as weak

ground-truth labels contain a substantial amount of label noise.

5.4.2 Comparison between Atlas and Expert Labels

The resulting segmentation performance of the trained networks 6% (n, = 239)
and 6P (n, = 9) are shown in Fig. and Table [5.3] For both networks, the
number of images that were manually annotated to obtain the training labels was
the same (n, = 9). The results shown were based on experiments that were trained
and tested on images with the same alignment, either X or X. Table shows
the performance for the aligned images (statistical results for these comparisons
are provided in Appendix , Table , whereas in Fig. results for both the
aligned and unaligned settings are presented.

It can be observed that, somewhat surprisingly, in the aligned setting, the best
performance is obtained using only nine expertly annotated images, as opposed to
a much larger number of weakly annotated images. This indicates that even though
segmentation in 3D US by a human annotator is a challenging task, a network
is able to learn the correct features from only a small set of manual annotations,

provided that the images are all aligned to the same coordinate space.
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Table 5.3: DSC performance of the segmentation networks using aligned images compared
to results of previous studies (obtained on different datasets). Numbers in between brackets
indicate the standard deviation and the best performance for each structure is shown in
bold (only regarding results on 3D images). For both 6P and " results of statistical
testing with respect to the propagated atlas labels are shown with (**) p < 0.005 and (*)
p < 0.05. Full overview of statistical results can be found in Appendix |B| (Table .

Cp LPVH CSPV CB

2D image planes

Huang et al. [64] 0.76 (0.08) 0.81 (0.06)

Wu et al. [69) 0.78 (0.12)

Singh et al. [65] 0.87 (0.13)

Sreelakshmy et al. [66] 0.91 (0.08)

Shu et al. [67] 0.91 (0.03)
3D image volumes

Gutiérrez-Becker et al. 0.80 (0.05)
6]

Yaqub et al. [5] 0.79 (0.09)  0.82 (0.10)  0.74 (0.11)  0.63 (0.15)

Venturini et al. [8] 0.73 (0.014)
This work

prop. atlas 0.79 (0.07)  0.68 (0.10)  0.72 (0.10)  0.80 (0.09)

ot 0.82 (0.05)** 0.7 (0.11)**  0.76 (0.07)  0.86 (0.03)*

feor 0.85 (0.04)** 0.85(0.05)** 0.78 (0.13) 0.90 (0.02)**

Intra-observer variability — 0.85 (0.05) 0.86 (0.03) 0.86 (0.04) 0.91 (0.03)

& Search region limited to cuboid around ground-truth annotation
b Segmentation in 2D standard planes

5.4.3 Varying the Number of Manual Annotations

The results of reducing the number of manual annotations, n,, are shown in Fig. [5.6]
It can be seen that for HZ'Z, only a slight decrease in performance is observed when
decreasing n,. Even by training with labels generated from just 2 GWs (coming
from 2 manual annotations), the performance is close to the maximum performance
(average DSC of 0.78 versus maximum DSC of 0.80 for the aligned case).

On the other hand, for 6;;*7 a performance decrease was observed when reducing
the number of training images, showing a stronger decrease for the unaligned
images than for the aligned images. As in this experiment as little as two images
were used for training, while evaluating on images from the whole GA range, this

drop in performance was expected.
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Figure 5.5: Resulting performance values after post-processing for 8" and 6% For the
unaligned images, larger Hos are observed than for the aligned set-up, most pronounced
for the #¢*P. For % the segmentation performance between the aligned and unaligned
settings shows only a small difference.

5.4.4 Effect of Image Alignment

To explore the sensitivity of the models to brain pose, I also studied the effect of
image alignment on the segmentation performance. From Fig. [5.5]it is evident
that higher performance was obtained for the aligned images compared to the
unaligned images, which is most pronounced in the lower Hgys for these images.
As segmenting the structures in aligned images can be considered an easier task,
this was in line with the expectations.

When comparing the performance between the aligned and unaligned settings
for both models in more detail, a large performance difference can be observed for
0°“P between the unaligned and aligned setting, being most pronounced in Fig[5.6
On the other hand, this difference was not as pronounced for #?. This can be
explained by the fact that in the unaligned setting the segmentation task consists
of a combination of structure localisation and subsequent segmentation. The weak,
atlas labels contain imperfections at the boundaries of the segmentations, but
are always approximately in the correct location. For this reason, these labels
provide more information for the localisation task than the few expertly annotated

images and, as such, obtain better segmentation performance in the unaligned case.
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Figure 5.6: Varying the number of manual annotations (n,) used for generating the
training labels. Reducing n, has only a small effect on the performance of 8% whereas a
drop in performance is observed for §¢*P. Note the different ranges of the y-axis of the
bottom right plot.

The few expertly annotated images in this setting are not sufficient to provide
both localisation and segmentation, especially when reducing n, below nine (Fig
5.6). These results thus suggest that a large amount of weak labels is better for
localisation, whereas few expert labels perform better if the task consists of solely

delineating a structure in approximately the same location.

5.4.5 Comparison to Previous Work

In Table [5.3] the resulting DSC performance using aligned images is compared to
the intra-observer variability and to previous work performing subcortical structure
segmentation. The intra-observer variability was obtained by annotating ten images
from the test set twice. Furthermore, for §¢ and 6% the significance with respect
to the naive propagated atlas labels is shown. The p-values shown were obtained by
a repeated measures Analysis of Variance (ANOVA) for each structure, followed by
post-hoc testing with a paired t-test. Reported p-values are from the post-hoc testing
and underwent Bonferroni correction for the four structures, as well as for the three

model comparisons (see Table in Appendix [B| for full statistical results).
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image ground-truth o2t 6exp

Figure 5.7: Example prediction of a test set volume at 22 GW (randomly chosen from 5
best-performing images, average DSC across structures of 0.85), visualised in the (a)axial,
(b) sagittal and (c) coronal plane (segmentation was performed in 3D). The structures
shown are the LPVH (green), CP (orange), CSPV (yellow), and CB (pink). Only the
outer boundary of the segmentation is shown in colour for visualisation purposes.

However, it should be noted that performance metrics reported in different
studies have to be carefully interpreted. Factors such as US image quality, structural
definition (i.e. what is included in the segmentation), and GA range can all affect
the difficulty of the task. The GA range affects the difficulty of the segmentation
tasks as acoustic shadowing increases with advancing GA, due to calcification of
the fetal skull. Furthermore, overlap measures, such as the DSC, generally report
higher values for larger structures because a single (erroneous) voxel has a smaller
effect on the resulting DSC value for these structures. I also want to stress that
small performance increases are very difficult to quantify in 3D US segmentation
due to the high intra- and inter-observer variability predominantly resulting from
the ambiguity of the exact location of structural boundaries.

For all structures, superior performance is obtained compared to previous work
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(a)

(b)

(c)

Figure 5.8: A set of examples showing the most prominent segmentation errors from
9e*P and 69 after post-processing (a) axial plane of an image from a subject at 26 GW
demonstrating over-segmentation of the LPVH (green) (b) axial plane of an image from a
subject at 22 GW demonstrating over-segmentation of the CB (pink) for 99t and slight
under-segmentation for §¢*? (c) sagittal plane of an image from a subject at 18 GW,
demonstrating over-segmentation for #% as well as the difficulty of manually segmenting
the CSPV (yellow) at young ages.

on 3D US images. The best performance obtained for the CB, LPVH and CB is also
very close to the intra-observer variability in the manual annotations (DSC of 0.85,
0.85 and 0.90 versus an intra-observer variability of 0.86, 0.85 and 0.91 for the CP,
LPVH and CB, respectively). An especially large performance increase was observed
for the CB (DSC of 0.90 versus DSC of 0.80, 0.63 and 0.73 in previous studies).
However, part of this increase can be attributed to the fact that in this study the CB
was manually annotated including the bright echogenic boundaries, thus resulting in
a larger segmented region, whereas this boundary was not included in earlier work
, . This choice was made based on the fact that the TCD, which is clinically used
to assess growth during a standard fetal examination, also includes this boundary
[200]. Furthermore, manual segmentation is more consistent when including this
boundary as the outside edge is generally clearly visible in the US images.

For the CSPV a larger difference with the intra-observer variability is observed
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(DSC of 0.78 versus 0.86). This can be largely attributed to poor segmentation
performance at 18 GWs, when the CSPV is small and the boundaries are ill-
defined (Fig. [5.8)), as well as to the difficulty of defining the lateral boundaries
of the CSPV in the 3D volumes.

Previous work on 2D US images showed superior performance for both the
CSPV [64] (0.81 versus 0.78) and CB [66, 67] (0.91 versus 0.90). However, these are
segmentations in 2D standard planes (midsagittal and transcerebellar), making the
task substantially less challenging. Furthermore, due to differences in structural
definition [§8], a limited search region [5], as well as unavailability of code, it was not
possible to do a direct evaluation of past methods on the current dataset. Although
the reported comparisons should thus be interpreted with care, they do show that

competitive segmentation performance was obtained.

5.4.6 Qualitative Results

In Fig. 5.7 an example prediction is shown for an aligned image at 22 GWs.
The manual ground-truth as well as the predictions from both 8% and 6% are
shown. A qualitative inspection suggests that the predictions of the two networks
closely resemble each other as well as the ground-truth. In Fig. slices are
shown containing the most prominent error modes in the aligned test set. From
Fig. —c, it can be observed that 6% tends to over-segment in some areas
whereas the predictions from 0 align better with the ground-truth. In Fig.
a CSPV segmentation at 18 GW with a very low DSC (0.51) for #* is shown.
It can be observed from this figure that the CSPV is challenging to (manually)
segment at this young GA, due to the small structural volumes as well as to the

boundaries that are not yet very well-defined.

5.4.7 Clustered Template Labels

I extended the atlas-based labels with a clustering approach for the LPVH. This
approach was only applied for the LPVH, as the other structures did not display as
much shape variation within GWs. In Table[5.4]the LPVH segmentation performance
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Table 5.4: LPVH segmentation performance using two different types of atlas-based
annotations: LPVH labels obtained from annotating a single template per week (K) or
annotating a set of clustered template images (ust).

Network (template type) DSC Hys [mm)]
6 (KC) 0.69 (0.13) 2.2 (1.40)
gt (JCetust) 0.77 (0.11) 1.6 (1.2)

of training §° with atlas labels either propagated from K or st is shown. Training
a network with the propagated clustered template annotations significantly improved
the DSC performance from 0.69 to 0.77 (p<0.001) and Hgs from 2.2 to 1.6 (p<0.05).
Significance values were calculated using a paired t-test. This thus suggests that
the additional variation captured by the clustered templates contributed to an

improved segmentation of the LPVH.

5.4.8 Subcortical Growth Curves

The growth curves obtained from applying the trained networks to 278 images of
healthy fetuses are presented in Figs. and [5.11] In Fig. the predicted
structural volumes are shown, whereas in Fig. the predicted relative volumes
with respect to the whole brain volume (V,¢; prain), are shown. The growth curves
were fitted with a linear or quadratic fit based on the significance of the quadratic
component computed with a two-sided t-test.

To illustrate the level of consistency between 6¢P and !, in Figs. and
the samples were coloured based on their residual value in the growth curves
obtained from 0P For a certain structure, samples with matching colours between
the growth curves of the ¢ and 6% thus correspond to the same image. The
choice of colouring the samples based on 0% was made because of its better DSC
performance (Table , but as it is only used to visualise the matching images,
this choice is relatively arbitrary.

It can be observed that both of the models, 87 and #!!, result in a similar growth
trend and that the relative sample distribution is largely preserved (i.e. values above

or below the growth curve are respectively above or below the curve for the other
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method, by a similar amount). It can also be seen that 6" predicts larger volumes
than 67, which was also confirmed by the fact that #! resulted in positive unsigned
relative volume differences, corresponding to over-segmentation (see Appendix
Fig. |B.2). However, as the visualisation of structural boundaries can be subjective
in US, a consistent (albeit overestimating) segmentation demonstrates the utility
of this method in comparison to manual delineation.

Previous work on volumetric subcortical development during gestation from US
has largely been limited to cerebellar and thalamic growth [71-74]. Therefore, this
study provides novel US-specific volumetric growth curves of the CSPV, CP and
LPVH for a geographically diverse, healthy population. To validate the volumetric
measures obtained in this study, I compared the growth curves of the structural CB
volume to previously reported CB growth curves from US and MRI |72, |76H{78) |82,
84}, |195], which are shown in Fig. [5.9} This showed that the generated curves showed
excellent agreement with past US studies, especially in the first half of the GA range.
After 24 GWs the growth rates of the CB (slope of the growth curves) found in this
study are slightly lower than in previous work. However, as described previously,
the CB becomes more challenging to segment with advancing GA and, as such, this
could explain the slightly deviating volume measurements at the end of the second
trimester. Compared to the MRI studies a larger volume is predicted for most of the
GA range, which matches the observation that the CB, when including the bright
echogenic boundary, appears slightly larger on the US volumes than on MR images.

From the resulting growth curves (Figs. and , it can be observed that
the CB undergoes rapid growth during the second trimester of gestation, whereas
the relative cerebellar volume, with respect to the total brain volume, remains
mostly consistent (between 1.5% and 2.5 %). As the TCD is expected to increase
linearly during the second trimester [39], this matches the quadratic growth of CB
volume. The CP only shows a very small increase in structural volumes during the
second trimester. However, the relative volumes show a rapid decline with respect
to the total brain volume, ranging from 12% of the total brain volume at 18 GWs to

3% at 27 GWs. This aligns with the observation that early in the second trimester
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Figure 5.9: Comparison of growth curves obtained for the CB in this study to previous
work. In the left panel the CB growth curves from our study (6“7 (blue) and 6% (orange))
are compared to other studies reporting cerebellar growth curves from US: Babucci et al.
[72] (green), Hata et al. [82] (dark orange), Chang et al. [84] (pink), and the right panel
compares our curves to previously reported MRI growth curves: Scott et al. [76] (green),
Andescavage et al. [78] (dark orange), Hatab et al. [77] (pink), and Kyriakopoulou et al.
[195] (light blue).

the CP almost completely fills the lateral ventricles and comprises a large part of
the fetal brain, whereas later in gestation it appears as a small structure only partly
filling the lateral ventricles. The LPVH structural volume increases linearly from
about 0.1 cm? to 0.3 cm? in the studied GA range, which is in agreement with
the fact that the atrial width remains stable in healthy fetuses during the second
trimester [39]. The CSPV shows a linear increase in structural volume during the
studied GA range (from about 0.01 cm?® at 18 GWs to 0.6 cm?® at 26 GWs) but its
relative volume increases early in the second trimester and remains constant after
approximately 24 GWs. As a deviating measurement of the CSPV has been related
to agenesis of the corpus callosum [201] but is not widely studied, the presented

growth curves might facilitate this in future work.

5.4.9 Generalisability

In order to validate the segmentation performance on a completely unseen dataset,

the developed models were also applied to the LUMC test set. For this dataset, no
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Figure 5.10: Estimated structural volumes for subcortical structures as a function of
GA. Volumes were fitted with a linear or quadratic fit (black), in which the quadratic
term was only added if it was significant for both networks (per structure). The 95%
prediction confidence intervals were also computed and are shown with red dashed lines.
For each structure, samples were coloured based on their residual for 8¢*P, and the same

colours (per sample) were used for §*,
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Figure 5.11: Estimated relative volumes (Rel. Vol.) with respect to the whole brain
volumes (Vyei prain) for subcortical structures as a function of GA. Volumes were fitted
with a linear or quadratic fit (black), in which the quadratic term was only added if it
was significant for both models (per structure). The 95% prediction confidence intervals
were also computed and are shown with red dashed lines. For each structure, samples
were coloured based on their residual for %7, and the same colours (per sample) were

used for §at,
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voxel-level manual ground-truths were available, and the segmentation performance
was therefore qualitatively assessed and graded by a trained ultrasonographer (Dr

M. Aliasi) using the following four grades:

1. High segmentation quality (correct segmentation of the structure)

2. Intermediate segmentation quality (small segmentation boundary errors, less
than 20% of the structure is over- or under-segmented)

3. Low segmentation quality (major segmentation boundary errors, 20-50% of
the structure is over- or under-segmented)

4. Very low segmentation quality (incorrect identification of the structure and/or

>50% of the structure is over- or under-segmented)

The results on the INTERGROWTH-21%" dataset showed that optimal perfor-
mance on aligned images was obtained using a few individually annotated images for
training, and that increasing the number of training images (from 1 to 9) increased
segmentation performance (Fig. |5.6). It could thus be inferred that including
more than 9 training volumes will likely improve the segmentation performance
further. As the analysis on the LUMC dataset was intended for clinical research in
future work (i.e. comparing cohorts of healthy fetusses with fetusses with congenital
heart disease), optimal performance on this dataset was desired. Each model-
generated segmentation had to be manually graded by an ultrasonographer, and
the generalisation performance on this dataset was therefore only evaluated using a
model retrained with 20 individually annotated image volumes. These 20 training
images contained the 9 training images used in the rest of this chapter as well
as 11 images from the original test set.

The results of this retrained model on the LUMC dataset are shown in Table
(.5 It can be seen that a majority of the images have a high segmentation quality,
and that, except for the LPVH, close to 90% of the images have been graded as
either having high or intermediate segmentation quality. Considering that this
dataset was acquired with a different US scanner, with different settings and at

a different institution, this shows that good segmentation performance can be



5. Subcortical Segmentation of the Fetal Brain 98

obtained without fine-tuning the model with images from the new domain. The
LPVH obtained a lower performance, with only about 70% of the images being
graded as having high or intermediate segmentation quality. However, in the
majority of the failure cases, the ventricular cavity appeared substantially less dark
than in the INTERGROWTH-21%" images, which most likely explains the difficulty

of the model to segment these cases accurately.

Table 5.5: Segmentation results on the LUMC test set, the grades represent (1) high
segmentation quality, (2) intermediate segmentation quality, (3) low segmentation quality,
and (4) very low segmentation quality. The numbers represent the percentages of each
grade, with the number of images between brackets. The total number of images per
structure varies as only images where a certain structure was visible were graded.

CP LPVH CSPV CB
no. images 114 116 116 109
Grade 1 85.1 (97) 63.8 (74) 83.6 (97) 79.8 (87)
Grade 2 4.4 (5) 11.2 (13) 6.0 (7) 10.1 (11)
Grade 3 7.0 (8) 11.2 (13) 6.0 (7) 7.3 (8)
Grade 4 3.5 (4) 13.8 (16) 4.3 (5) 2.8 (3)

5.5 Discussion

This chapter showed that only a small number of annotated images are needed
to successfully train a network for subcortical segmentation in 3D US images.
To obtain optimal performance, alignment of the images is required beforehand.
However, on unaligned testing images, a high performance can still be achieved
using several weakly annotated images. By applying the trained networks to a large
cohort of fetuses, novel US-specific growth trajectories of the CP, LPVH, CSPV and
CB were generated for a geographically diverse, healthy population. This chapter
thus demonstrates the feasibility of subcortical segmentation in 3D US using deep
learning, and shows that volumetric measures obtained from these models can be
used to obtain an improved understanding of subcortical growth during gestation.

A limitation of the work presented in this chapter is that no methods were used

that were specifically tailored for training with noisy labels (the atlas labels), or
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for training with only a handful of annotations (the expert labels). However, due
to the high intra-observer variability as well as the relatively small test set, it is
challenging to measure small increases in segmentation performance potentially
obtained by these methods. Additionally, the experiments demonstrate the feasibility
of subcortical segmentation in fetal US by showing that good performance (i.e.
close to human-level performance) can be obtained using simple methods that
can easily be reproduced.

Even though the segmentation performance was shown to be close to intra-
observer variability, the test set used in this chapter contained a limited number
of 20 image volumes. Furthermore, the annotations of a single annotator were
considered to be the ground-truth in this study. In further work, the presented
models and growth charts could be validated in more detail by increasing the
size of the test set and by obtaining more accurate ground-truths from consensus
segmentations of multiple annotators.

The resulting performance on the LUMC test set showed that without fine-
tuning, good segmentation performance for most structures can be obtained on a
dataset acquired at a different site. While the evaluated model on the LUMC dataset
slightly deviates from the models evaluated in the rest of the chapter (i.e. using 20
individually annotated images for training instead of 9), it nevertheless demonstrates
the ability of the network to make accurate predictions for a completely new domain.
This indicates that the domain gap in US might be smaller than that seen in, for
example, MRI [202, |203]. In further work, the models developed in this chapter
offer the promise of comparing subcortical development between different fetal
cohorts without doing time-consuming manual annotations. However, more work is
necessary to extensively validate the segmentation performance for datasets acquired

at a larger number of sites and containing a range of pathological conditions.
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In this chapter, I study the development of the brain by quantifying the stage

of development with brain age predictions. Specifically, I introduce a method that

100
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can quantify local brain age by enforcing the network to focus on only part of
the brain using guided attention. The focus of the network can be regularised
with a segmentation mask of a specific structure, or region of interest, obtaining
information about the structural development of specific brain regions. This chapter
demonstrates that guiding the network to known age-discriminative regions such
as the CoP improves the prediction performance significantly while providing local

age predictions (i.e. based primarily on the CoP appearance).

6.1 Introduction

Deep learning models that predict the GA of a fetus from US volumes have the
potential to be used to quantify the stage of development of the fetal brain in
utero [9]. To draw any meaningful clinical conclusions from the predicted ages, it is
important to gain insight into the factors that contributed to the final model output,
or, more specifically, how deviations in structural appearance contributed to the
final age prediction. For example, a particular trained model might only predict
the GA based on the skull appearance, which is known to change in appearance
during gestation (i.e. due to the increased calcification). While this model might
result in accurate age predictions and can inform us about the stage of development
of the skull, it would be incorrect to use this model to conclude anything about,
for example, subcortical development.

The most commonly used explanation methods for CNNs are post-hoc attribution-
based, which are not always able to consistently and accurately explain the
prediction of a model [116] (as described in Chapter [3)). To illustrate this point,
Fig. shows three different attribution methods ‘explaining’ the age prediction
from the same model for the same test set image. It can be seen that there is
significant disagreement between the methods, making them hard to interpret
and prone to confirmation bias (i.e. selecting the explanation that confirms a
certain hypothesis)|116] 204].

Attribution-based methods can, at best, only provide the contributing regions for

an already trained model. For an US brain age prediction model, these regions can
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Figure 6.1: Three different attribution-based explanation methods explaining the
prediction of the same model for a single test set sample: backpropagation , integrated
gradients , and occlusion . While explaining the same sample of the same model,
the three methods clearly assign importance to different image regions.

be expected to correspond to age-discriminative regions in the visible hemisphere,
such as the SF or the CP. However, the attribution is likely to cover large parts
of the image (as seen in Fig , as multiple brain structures are, to a degree,
age-discriminative. Additionally, the attribution might not match the structures
of interest for a certain research question (i.e. assessing the stage of development
of the CoP), limiting their practical use.

For this reason, in this chapter I propose to regularise which features the network
uses for the age prediction task by incorporating guided Attention Gates (AG) in
the architecture 206]. An AG aims to learn an attention mask that can
exclude irrelevant feature activations in intermediate feature representations to
focus on relevant areas. Furthermore, a guided AG applies a segmentation loss to
the learned masks, which regularises them with a Region of Interest (ROI), thereby
effectively enforcing the network to focus on that area. Importantly, segmentation
masks are only required during training and not at inference time, as the attention
mask is learned by the network.

In this chapter, I will primarily use the CoP as the ROI. As discussed in
Chapter 2.1.4] CoP development during gestation is well timetabled, and it has
been shown that in a healthy population individual fissures develop in a temporally
consistent way , . Furthermore, abnormal cortical folding has been correlated
with fetal abnormalities, such as congenital heart disease , illustrating the

importance of assessing cortical folding. However, assessing the CoP folding in
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clinic is challenging and current assessment methods, such as grading charts [32,
44], are very subjective and therefore user-dependent [49]. For this reason, it is of
clinical interest to develop prediction models that can assess brain development
by predicting the GA while focussing on the CoP.

In addition, experiments with the CB as the ROI are performed. As described
in Chapter the CB is always assessed during routine US examinations to
measure the TCD, used to quantify growth. While size information will mostly
be removed from the US images by size normalising them (to enforce the network
to focus on structural development, as described in Chapter , it is of interest
whether the CB appearance alone can be age discriminative.

I will start this chapter with a short overview of the different types of attention
architectures that have been proposed in previous studies, followed by a detailed
overview of the methods and experimental set-up. The results will then first
be presented for 2D US images, where the attention is regularised with CoP
segmentation masks. This will be followed by the results for the 3D images, which
contain experiments for regularising both the CoP and CB individually, as well
as a combination of the two.

The contributions in this chapter are as follows:

o It demonstrates how guided attention can be applied to train age prediction

models that focus on specific brain structures of interest.

e A number of different attention architectures are explored to determine the

optimal architecture for the task.

e The methods are applied to both 2D and 3D fetal brain US images, achieving
significantly better performance than baseline CNNs for both domains, while

limiting the number of features that are used.

o Average attention maps per GW are created that demonstrate that the learned

attention closely matches the known areas of development in the CoP.
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Figure 6.2: Schematic overview of a trainable AG. The parameters of ©° are learned
during training. The dashed line going into the attention module indicates an optional
second input to this module. The dashed line between the attention mask and the ROI
ground-truth mask indicates the (optional) segmentation loss, which makes the AG into a
guided AG. The multiplication between the attention mask and the feature representation
is element- and channel-wise.

6.2 Review of attention methods

In this section, I will give a short overview of how AGs have been used in

previous studies.

6.2.1 Attention Gates

In this work, I mainly focus on soft trainable attention gates that adhere to the
following definition. Given a feature representation Z € R"*%=%¢ g trainable AG
aims to generate an attention mask, A € R"=*": with a;; € [0, 1], that modulates
the importance of each spatial location in Z. A masked, or attended, feature
representation can then be generated by multiplying Z and A element- and channel-
wise: Z=A0Z. Intuitively, the AG thus enables the network to adjust the relative
importance of spatial features in the representation Z, and weight key features more
than undescriptive features (e.g. background). The attention mask A is generated
by an attention module, denoted by ©°, which is a function of the local feature

representation Z. A schematic overview of a trainable AG is shown in Fig. [6.2]
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Figure 6.3: Schematic overview of the attention mechanism proposed by Jetley et al.
[208]. The local feature represents an intermediate feature representation of the network,
and the global feature vector represents the vector representation before the last FC layer.
The attention map is generated by computing the compatibility (c(zg, z¢)) between each
vector in the local feature representation zj and the global feature vector zg4.

In soft AGs the learned attention map A is directly multiplied with the feature
representation, without any form of thresholding. This makes them differentiable
and therefore suitable for end-to-end training. On the other hand, hard AGs
typically apply thresholding and use the resulting masks for intermediate steps such
as region proposals [207]. As thresholding operations are non-differentiable, they
can usually not be trained end-to-end. Furthermore, a trainable AG refers to the
learning of the attention mask during training, as opposed to extracting feature
attribution maps post-hoc (e.g., as is the case for attribution-based methods).

Using trainable soft AGs for the classification of natural images was first proposed
by Jetley et al. [208]. In that work, the local feature representation was considered as
a set of h,w, feature vectors, each of size c,. The attention mask was then generated
by computing the compatibility of each local spatial feature vector with the global
feature representation, which was the vector representation before the last FC layer.
This is illustrated in Fig. 6.3 The motivation for this approach was that spatial
features that align well with the global feature vector must contain important
features for the prediction and should thus be upweighted. The compatibility
between the vectors was computed either by their dot product or by a simple
addition [208]. Increased performance was reported for classification tasks on
several natural image datasets (e.g. CIFAR [209]), demonstrating the use of a

trainable attention mechanism in a CNN.
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Trainable attention was introduced in medical imaging tasks by Schlemper et al.
[129]. The key difference with the work by Jetley et al. |[208] was the introduction
of an image-grid feature representation (with the same number of dimensions as the
local feature representation) as a global feature, as opposed to a flattened vector.
Grid-based gating enabled the global representation to be location specific, providing
a richer gating signal. In the AG both local and global representations were linearly
mapped to the same number of channels, summed together and sampled to the
same spatial dimensions. This was followed by a ReLLU activation and another
linear mapping to a single channel. Finally, a sigmoid activation normalised the
attention coefficients between 0 and 1, resulting in the final attention mask. The
AGs were incorporated in a variant of VGG-Net for fetal US scan plane detection
[129] and in a U-Net for abdominal organ segmentation from computed tomography
[129]. Improved segmentation and classification performance was reported, and the
resulting attention mask demonstrated good overlap with ground-truth structures
of interest. However, to obtain optimal performance the network had to be trained

separately per AG, followed by fine-tuning of the whole network.

6.2.2 Guided Attention Gates

All aforementioned works have so far incorporated AGs but did not directly regularise
the learned attention masks [129, 208]. On the other hand, Yan et al. [205] used
a similar AG as by Schlemper et al. [129], but the learned attention masks were
also regularised with a segmentation loss. This was done to guide the attention
towards regions known to be important for the prediction tasks, in this case, lesion
segmentation masks. I will refer to AGs regularised with a segmentation loss
as guided AGs.

Similar to Yan et al. [205], Yang et al. [206] regularised the AGs towards
diagnostically relevant regions in breast histopathology images. However, their
AG differed from previous work [129, [205] in that the feature representations of
all intermediate layers were first concatenated, which was then used as input to

the AG. The AG computed an attention mask using a single convolutional layer
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and a sigmoid activation, and subsequently multiplied that with the concatenated
feature representation. The final prediction was then made using a GAP operator
and a single FC layer.

Slightly different from the previous guided AGs, but worth mentioning for
completeness, are works that directly regularise feature maps (as opposed to learning
an attention mask). In Yin et al. [210] the feature maps before the last FC layer
were extracted and summed together with a weighted sum, the weights being the
weight of the respective channel in the FC layer. The resulting summed map was
then regularised with a segmentation loss. However, the disadvantage of such an
approach is that the regularisation has a strong effect on all features, forcing the
activations of all regions of interest to be high. On the other hand, the masking
approach only enforces activations outside the regions of interest to be low, and
does not constrain the attention inside the ROI. Furthermore, because the feature
maps are extracted at the end of the network, these are of a lower resolution than

the original image resolution, when using a standard encoder (i.e. ResNet).

6.3 Methods
6.3.1 Problem Definition

The guided attention network aims to make a prediction for a sample image X
focusing on a certain ROI. This is achieved by incorporating an AG that masks out
irrelevant regions with an attention mask learned with an attention module (©°%).
Furthermore, the attention mask is regularised with a segmentation loss to match
the desired ROI. In this section notation is used for 2D images, however, by replacing

the respective 2D by 3D operations they also apply for the 3D image volumes.

6.3.2 Network Architecture

Given an image X € R**" with w and h the spatial dimensions, the networks
predicts a continuous value, in this case the GA, denoted by ¢. The network
backbone is based on the ResNet-18 encoder [122] that extracts intermediate feature

representations, denoted by Z;, with a number of consecutive layer blocks.
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Figure 6.4: ResNet backbone encoder extracting intermediate feature representations, Z;,
of an input image X € R**". All convolutional layers have a kernel size of 3 x 3 except for
the first one that has a larger 7 x 7 kernel. The numbers in square brackets in each block
indicate the number of feature maps in the convolutional layers. Each convolutional layer
is followed by a ReLLU activation and batch normalisation. Downsampling is performed
with 1 x 1 convolutions with a stride of 2.

All illustrated in Fig. [6.4] the ResNet encoder consists of four blocks, each
containing four consecutive convolutional layers with a 3 x 3 kernel. The number of
filters per convolutional layer is 64 for the first block, and doubles for each consecutive
block. Within the blocks, each set of two convolutional layers has a residual
connection summing the output of the two layers with the input, allowing gradients
to pass through directly. The first convolutional layer of the last three blocks has
a stride of 2, gradually downsampling the extracted feature representations. In
contrast to the standard ResNet-18 architecture, no stride of 2 is applied in the first
layer block. This choice was made to maintain a higher resolution in the extracted
feature representations, later used in the AGs. The first residual connection in each
block also contains a single 1 x 1 convolution to match the feature size for summing.

Before the first block, the encoder also contains one convolutional layer with
a 7 X 7 kernel and a stride of 2, as well as a max pooling layer that downsamples
the input by two. All convolutional layers are followed by batch normalisation
[196] and a ReLU activation. In the case of the residual connection, a single ReLU
is applied after summing the feature representations. Finally, the output of the
last block is pooled into a vector using a GAP operation, followed by a single
FC layer to make the final prediction.

The extracted intermediate feature representation after block 7 is denoted by

Z; € Rv=xh=x¢: with w, and h, the latent spatial dimensions and c, the channel
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Figure 6.5: Overview of different AG configurations. (a) and (b) show the local and
global AG architectures, and (c) and (d) the structure of the AGs with (c) one and (d)
two inputs respectively. The AG schematics include the attention module (©%), which
learns the attention mask, in a shaded box.

dimension. In Fig. these are annotated with their respective sizes.

6.3.3 Attention

In this chapter, I explored different types of AGs, which can be classified into local
and global AGs. Here I define local AGs as AGs that only receive a single intermediate
feature representation as input and output a masked feature representation of the
same size. These can be positioned in between blocks of the encoder without any
additional changes to the architecture (Fig. [6.5h). On the other hand, global AGs
are defined as AGs that receive more than one intermediate feature representation

as input. As such, these need to be positioned on top of the encoder architecture,
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and the prediction is made from the output of the AG (or from the combination

of outputs of several AGs), as illustrated in Fig. [6.5p.

6.3.3.1 Local Attention Gates

A local AG multiplies a local feature representation Z; with a learned attention
mask, A;, to obtain a masked feature representation: Zz = 7Z,; - A,. The masked
feature representation is subsequently passed through the remainder of the network.
The attention mask is learned by an attention module, ©%', that consists of a
convolutional layer with a 1 x 1 kernel mapping the feature representation to a
single channel, followed by a sigmoid activation to produce a mask with values

between 0 and 1.

6.3.3.2 Global Attention Gates

A global AG receives multiple intermediate feature representations as input. Based
on the literature [205] 206], two variations of global attention were explored: global-
concat, where the intermediate feature representations are concatenated before
providing them to a single AG [206], and global-multi, where multiple AGs are
combined and each of them receives exactly two feature representations as input

[205], of which one is typically the last (Z4).

Global-concat The global-concat AG (Fig. [6.5p1) closely resembles the local
AG architecture. However, instead of using a single intermediate representation
as input, the concatenation of a set of intermediate representations is used as
input for the attention module (©%'). Before concatenation, all intermediate
representations are upsampled to the same size, and convolved with a set of
additional convolutional layers (one for each Z;). After the attention module, the
masked feature representation, 7. is pooled with GAP and passed to a single FC
layer, resulting in the final prediction. As the concatenated feature representations
are given to a single attention module, this type of AG results in only a single

learned attention mask.
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Global-multiple The global-multiple AG (Fig. [6.5b2) follows the architecture
proposed in [129], in which each attention module receives the feature representation
after the last block, Z4, and a local intermediate feature representation, Z; as input.
As this type of attention module receives two inputs, its architecture differs and
will be denoted by ©%2. Each attention module learns an individual attention
mask and multiplies this with the respective intermediate feature representations
to obtain the masked feature representations. To make a single prediction, the
masked feature representations are pooled with a GAP operation, resulting in a
single vector per attention module. These vectors are then concatenated and given
as input to a single FC layer to make the final prediction.

The architecture of this attention module, ©*2, is illustrated in Fig. . First,
both representations are linearly mapped to the same number of feature channels
using 1 X 1 convolutions. The feature map with the smallest spatial dimensions is
then upsampled to match the size of the other representation. Subsequently, both
feature representations are summed together and activated with a ReLU activation.
The summed representation is then convolved with another 1 x 1 convolution,
reducing the number of channels to 1. Finally, a sigmoid activation is applied

resulting in the final attention mask (A).

6.3.4 Network Training

The network is trained with a combination of a regression loss, regularising the
predicted ages, and a segmentation loss, regularising the learned attention masks.

For the regression loss, the mean squared error (MSE) (£LMS¢)

was used, and
for the segmentation loss the DSC overlap (£LP5¢). The DSC loss was computed
between the predicted attention mask (A) and ground-truth attention mask down-

sampled to the same size using nearest neighbour interpolation. The total training

loss was then given by:

L= LM 4 aLPse (6.1)
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with a as a weighing factor between the two loss components. It was hypothesised
that the network should first learn to attend to the desired ROI, which is enforced
with the segmentation loss, and then focus on learning accurate age predictions
rather than optimising the segmentation loss further. For this reason, a weight
scheduler was used for « that decayed during training, so that the weight was

high early in training and low later.

6.4 Experimental Set-up

Experiments were performed with 2D US images and 3D US volumes, with the

task being GA prediction.

6.4.1 Dataset

INTERGROWTH-21%%  For the main experiments 2D images and 3D volumes
from the INTERGROWTH-21% study were used (as described in Chapter [4]). The
volumes used in this chapter were all aligned to the same coordinate reference system
and size normalised by scaling them to the average brain volume at 30 GWs [178].
Size normalisation was performed to enforce the network to focus on structural-
developmental patterns rather than predominantly on size differences. The 2D
images used were transventricular standard planes extracted from the 3D volumes.

A total of 3359 volumes from the INTERGROWTH-21%¢ dataset were used,
which were split into train/validation (80%) and test volumes (20%). For the 2D
experiments, the train/validation volumes were used for 5-fold cross-validation
where for each fold 10% was used for validation. Due to computational constraints,
for the 3D experiments only a single fold was trained. The images were evenly
split across the GWs, with each split containing a comparable number of images
showing a visible left (or right) hemisphere. An overview of the distribution of
data in this chapter is shown in Fig.

Segmentations of the ROI were required to train the network with the segmenta-
tion loss. In this work, CoP and CB segmentations were used. The CB segmentations

were obtained using the subcortical segmentation network presented in Chapter
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Figure 6.6: Data distribution of the 3359 INTERGROWTH-215¢ US volumes used in
this chapter, (a) shows the train/test data split across gestation, and (b) the visible
hemispheres of each of the image volumes.

As it is well known that an increased number of training volumes results in
increased performance, the segmentation network was retrained using the nine
training volumes as well as part of the test set volumes used in Chapter [5| (resulting
in a total of 20 training volumes). This corresponds to the network used to evaluate
the segmentation generalisation performance on the LUMC dataset in Section

The CoP segmentations were obtained by applying TEDS-Net to the 3D volumes
, an algorithm developed for topologically correct segmentations that can be
used to segment the CoP in 3D volumes. Both segmentation algorithms were
applied to the aligned (non-size normalised) 3D volumes. The segmentations were
then upscaled to the size normalised volumes using a scaling transform with the
known scaling parameters. Segmentations for the 2D images were extracted from
the 3D images using the corresponding plane coordinates.

Both the TEDS-Net and subcortical segmentation networks were originally
developed for US volumes from 18 to 26 GWs. However, it was observed that up
until 28 GWs the resulting segmentations were of reasonably good quality, which is
illustrated in Fig. As the segmentations are only used to guide the networks’
attention to the desired ROI, and segmentation performance is not the main
objective, the quality of the masks does not need to be perfect. Furthermore, the

DSC segmentation loss is computed on the resolution of the feature representation
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Figure 6.7: Example of segmentation quality at 28 GWs, (a) and (b) show axial planes
with the CoP segmentation produced by TEDS-Net [211], and (c) and (d) coronal planes
with the CB segmentation (produced with the subcortical segmentation model from
Chapter [5)). For clarity, an approximate outline of the CoP has been drawn in red, and
arrows indicate where the produced segmentations show errors. It can be observed that
most errors are for high-resolution details, and will have little effect on the loss computed
in the downsampled resolution.

(Z;), with the ground-truth mask downsampled to match this resolution. As the
earliest feature representation, Zi, is already downsampled by a factor of 4, high-
resolution details in the GT mask will not have any effect on the computed loss. As
a larger GA range is desired to increase the clinical application of the model, it was

therefore decided to use an age range between 18 and 28 GWs for all experiments.

LUMC Dataset To assess the generalisability of the proposed network, I also
tested the final 2D and 3D models on a second independent test set, namely the
LUMC dataset (as described in Section . For this analysis, all available image
volumes between 18 and 28 GWs on which the SF was visible were used, resulting
in a total of 156 volumes. As for the INTERGROWTH-21% dataset, all volumes

were aligned and size normalised as preprocessing steps [178].

6.4.2 2D Experiments

For the 2D images, standard transventricular planes were used, as this is one of the
most important planes in routine US examinations. On this plane, the CB is not

visible, and therefore all 2D experiments were only performed with the CoP as ROL.
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Model Configuration Five-fold cross-validation was performed to determine
the optimal model configuration. As introduced in Section [6.3.3] several AG
architectures were explored. For each of the architectures, the best configuration

was determined using cross-validation and was as follows:

o local: Two AGs were used, one after the second layer block, and one after the

third (ZQ and Zg)

o global-concat: The AG received all intermediate feature representations as
input (Z;_4) and each of the individual convolutions before concatenation had
a number of filters equal to half of the number of input channels (i.e. ¢, /2 for

7. c ]haxwzxcz>
K3

o global-multi: three AGs were used, after blocks 1, 2 and 3. Each AG received
the respective intermediate feature representation (Z;_3), and the feature
representation after the last layer (Z4) as input. The number of filters in the
first two layers of the attention module was set to half the number of channels

in the respective intermediate representation.

The global-concat AG configuration was found to result in optimal performance
and was therefore used for the remainder of the experiments.

The weight of the attention loss, «, is another key hyperparameter as it balances
the contribution of the MSE prediction loss and the DSC segmentation loss. For
this reason, experiments were performed with a range of weight values for «, both

with and without decay of the weight.

Baseline Comparisons After determining the optimal model configuration, the
best cross-validation fold was selected based on the validation MAE and applied to

the test set. The resulting performance was compared to several baseline models:

e ResNet baseline: network architecture without AGs
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» ResNet baseline - masks only: ResNet baseline trained with binary segmenta-
tion masks as input instead of US images. This experiment was performed to

determine the amount of information contained within the mask itself.

o ResNet baseline - masked images: ResNet baseline trained with US images
masked with the ground-truth segmentations. This experiment resembles
the baseline of masks only, but also provides the network with intensity

information in the ROI.

o unguided attention: optimal AG architecture but trained without the segmen-

tation loss (i.e. o =0).

6.4.3 3D Experiments

In the 3D volumes both the CB and CoP segmentations were used as ROlIs

individually, as well as their combined region.

Model Configuration The optimal architecture was assumed to be the same
for 2D and 3D images, and was thus not individually adjusted but rather set to
the optimal 2D architecture (global-concat with all intermediate representations as
input). Due to the importance of the loss weighing value «, this parameter was tuned

specifically for the 3D experiments using a single training run per parameter value.

Baseline Comparisons For the 3D experiments, the same baseline comparisons
were carried out as for the 2D volumes. For the experiments trained with masks
or masked images, the CB and CoP masks were used individually as well as the
union of both regions. The reported performance for this comparison is the test

set performance of the single training run.

6.4.4 Visualisation of Attention Maps

To visualise the learned attention, both the learned masks (A) and the masked
feature representation 7 will be visualised. To visualise the multichannel masked

feature representations, I used the same approach as proposed for the visual
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attribution method CAM [121], and summed the representations across the channel
dimension using a weighted sum. The weights are determined from the FC weight
of each respective channel after the (GAP) layer. All individual average maps
were then normalised between 0 and 1.

Furthermore, weekly average attention maps were created. For the 2D images
and the 3D volumes with the CoP as ROI, these were created by grouping the
attention maps by GW and visible hemisphere, and then averaging per group by
taking an average of the attention intensities. The averages for the left and right
hemispheres were then concatenated together at the midline, and again normalised
between 0 and 1 to obtain a single mean representation per GW. For the 3D volumes
trained with the CB as ROI, the attention maps were only grouped by GW and
not by hemisphere as typically both CB hemispheres are well visible.

While a simple average is likely a good approximation of the mean representation,
it does not account for shape differences between the individual volumes. Therefore,
it would be better to non-linearly register the activations to a common atlas space
before taking the average. The network used for segmenting the CoP generates a
deformation from an initial prior shape, resulting in a segmentation. The inverse of
this deformation can be used to register all activation maps back to the prior shape,
in which they can be averaged more accurately. While resulting in a more accurate
average, and thus demonstrating the locations of high attention more precisely, this
mapping does lose information about the width (i.e. spread) of the attention, as
all activations maps are registered to the same prior shape. For this reason, it will

only be used to generate 3D surfaces of the attention across gestation (Fig. [6.20)).

6.4.5 Implementation

The networks were implemented with Pytorch Lightning using Python 3.8 and
Pytorch 1.13. All experiments were performed on an Nvidia A10 with 24 GB RAM.

A 2D ResNet-18 pre-trained on ImageNet was used as a backbone encoder for
the 2D experiments. For the 3D experiments, a 3D ResNet-18 encoder was used

without any pre-training. The learning rate was set to 5e-4, decaying with a factor
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Figure 6.8: Comparison of the different attention architectures. For each type, the
average validation performance across 5 folds is shown with 95% confidence intervals. On
the left, the MAE is shown for each AG type, and on the right the DSC between the
predicted attention mask (A) and the ground-truth ROI mask. If multiple AGs were
present in the architecture, a mean of the individual DSC is reported. The global-single
model outperforms the other models in terms of DSC significantly (p < 0.001, paired t-test
with Bonferroni correction for multiple comparisons), whereas the MAE performance is
not significantly different across the model architectures.

of 2 every 50 epochs. The 2D networks were trained for 200 epochs with a batch
size of 30. Due to GPU memory constraints, the 3D volumes were only trained
with a batch size of 8, and for a total of 250 epochs as it was observed that these
converged more slowly than the 2D networks. For the 2D experiments, the initial
weight of the segmentation loss, «, was set to 103, and decayed by a factor of 10
after every 20 epochs. This a was set to 10* for the 3D experiments, decaying

only every 40 epochs, also due to the slower convergence.

6.5 Results

In this section, an overview of the experimental results will be presented. The
results for the 2D standard planes are presented first, in which the CoP is used as
a ROI mask. This is followed by results on the 3D volumes, using both the CoP

and CB as segmentation masks (combined and individually).
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6.5.1 2D Standard Planes
6.5.1.1 Model Configuration

An extensive hyperparameter search was carried out to determine the optimal AG
model configuration using 5-fold cross-validation. The results presented in this

section are the validation performance averaged across the 5 folds.

Architecture In Fig. the performance of the different AG architectures
(as presented in is shown. Additionally, also the global-concat architecture
without representation-specific convolutional layers is shown as global-concat(® .
It can be observed that the MAE is largely comparable across most AG
architectures (MAE of 3.84, 3.85, 3.86 for the local, global-concat("®) and global-
concat AG, respectively), with the global-multi AG performing somewhat worse than
the others (MAE of 3.95). On the other hand, the DSC performance shows a larger
variation between the architectures (DSC ranging from 0.48 for the global-multi
to 0.63 for the global-concat), indicating that some AGs are able to learn more
accurately (i.e. matching the ground-truth ROI) attention masks. As both the local
and global-multi architecture have more than one AG, and therefore more than one
learned attention mask, the reported DSC is an average of the individual AG masks.
The global-concat architecture significantly (p < 0.001, a paired t-test with
Bonferroni correction for multiple comparisons) outperformed the other architectures
in terms of DSC. This architecture can, in contrast to the other configurations, use
all intermediate feature representations to learn a single attention mask, which,
as expected, results in more accurate attention masks. For this reason, this
architecture was used in the remainder of the experiments, and will simply be

referred to as guided attention.

Attention Inputs The effect of varying the number of input features to the
global-concat AG is shown in Fig. [6.9 It can be observed that including more
intermediate feature representations results in an improvement of the MAE. Further,

using the last three feature representations (Zy_4, MAE of 3.88) as inputs clearly
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Figure 6.9: Overview of the performance for different inputs to the AGs. The
ResNet architecture with the respective intermediate feature representations is illustrated
underneath. Providing all intermediate feature representations (Zj_4) as input results in
the best MAE performance and DSC overlap of the attention map.

result in better prediction performance than using only the first three (Z;_3, MAE of
3.96). This indicates that the deeper feature representations are more important for
the MAE, aligning with the fact that representations of deeper layers are typically
more informative for the task objective. On the other hand, the DSC performance
shows an opposite effect, with a higher DSC for including the Z;_5 (DSC of 0.63)
than for the Zy_4 (DSC of 0.55). This could be explained by the fact that earlier
representations contain high-resolution information that is lost in deeper layers,
therefore contributing to a better segmentation performance. For all experiments in

the remainder of this chapter, all feature representations were used as inputs (Z;_4).

Attention Loss Weight The performance for different weighting values «
between the MSE and DSC loss is shown in Fig. [6.10] demonstrating the performance
for experiments with and without attention weight decay. It can be seen that when
using weight decay, the MAE performance improves up to an a of about 10° (MAE
of 3.86). This confirms the hypothesis that by guiding the network to known
areas of interest (i.e. the CoP), it is able to better learn the discriminative age

patterns, resulting in improved performance. The DSC performance also behaves
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Figure 6.10: Overview of average performance across 5 folds for different weights of the
DSC in the training loss. The shaded areas indicate the 95% confidence intervals. The
left panel shows the MAE performance and the right the DSC of the resulting binarised
attention masks with the ground-truth segmentation masks. The performance is shown
for a model trained with decay of the weight during training (att. weight decay), and for
a model with a continuous weight (no decay). For the experiments with weight decay, the
initial « is shown. The attention weight decay can be seen to result in better MAE for a
similar DSC.

Table 6.1: Performance on the test set with 2D images for the guided attention and
several baselines. The attention DSC is computed between the learned attention mask
and the ground-truth CoP segmentations, (*) indicates significance with respect to the
ResNet baseline trained with images (1la, p<0.01).

MAE [days] | < 1GW [%]1 DSC*?*

Lee et al [8§] 3.9 86.9 -
1. ResNet baselines
la. images 3.98 (3.21) 83.73 -
1b. masks only (CoP) 4.67 (3.82) 77.37 -
lc. masked images (CoP) 4.73 (3.98) 74.96 -
2. Attention experiments
2a. Unguided AG 3.88 (3.19) 85.71 0.13 (0.01)
2b. Guided AG (CoP) 3.73 (2.99)*  87.69 0.63 (0.05)

as expected, with higher weights resulting in better segmentation performance.
Furthermore, the segmentation performance obtained with the attention decay is
close to that without, especially at higher initial weight values (DSC of 0.64 versus
0.69, respectively, at an « of 103). For all remaining experiments on the 2D images,

a weight of 10% was used with attention weight decay.
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6.5.1.2 Performance Analysis

After determining the optimal model configuration, the performance on the test
set was obtained for the guided attention and several other baselines. These

results are shown in Table [6.1]

Baselines It can be observed that the guided attention significantly outperforms
the ResNet baseline trained with the same 2D US images (MAE of 3.73 vs. 3.98
for the guided attention (2b) and ResNet baseline (1a) respectively, p < 0.01 from
a paired t-test), showing that the addition of the guided AG results in improved
performance. The baseline only trained with CoP masks (1b), achieves a lower
performance than those trained with the 2D images itself. However, the MAE of
4.67 days demonstrates that the shape of the CoP contains a considerable amount
of age-predictive information. As the CoP shape changes notably during the second
trimester, this is as expected and confirms the importance of this structure for
the age prediction task. The effect of providing the network with not only the
CoP shape, but also with intensity features, can be observed from the model
trained with masked CoP images (1c¢). While these should contain more information
than only the binarised masks, the comparable performance (MAE of 3.67 vs.
4.73 for the masks only and masked images respectively) demonstrates that the
intensity features are either less age-discriminative or that the network is not able

to successfully use this information.

Unguided Attention To assess the effect of the segmentation loss, the AG
network was also trained without this loss component (referred to as unguided AG).
It can be seen in Table that the guided attention obtains better performance
than the wunguided attention (MAE of 3.73 versus 3.88, respectively), clearly
demonstrating that guiding the network’s focus to age discriminative patterns
improves the performance. For the unguided attention also the DSC with the CoP
was computed, resulting in a low DSC of 0.13. This illustrates that the AG does
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Figure 6.11: Brain age predictions of the single best fold on the 2D images using guided
attention. The left panel shows the true GA versus the predicted age with a linear fit.
The right panel shows the difference between predicted and true age across gestation
in a modified Bland-Altman plot, where the true GA has been plotted on the x-axis as
opposed to the mean of the two measures. The dashed lines in the Bland-Altman plot
indicate the mean difference and the 1.96 SD range.

not learn to attend to the CoP without the AG segmentation loss (qualitative

results are shown in Section [6.5.1.3)).

Comparison to Other Work The guided AG obtains a competitive MAE of
3.73 days with 87.69 % of the errors being within 1 GW. This is better than the
previously reported error (MAE of 3.9 days) for fetal brain age prediction from 2D
US images in the second trimester . In also images without size or scale
information were used, making it most similar to this work. However, the images
used in that study were 2D images acquired with a 2D probe, as opposed to
extracted 2D planes from 3D volumes used in this study. It is difficult to assess
whether using directly acquired 2D images makes the age prediction task more or

less challenging, and a completely fair comparison is therefore difficult to make.

Individual Predictions In Fig. the true versus predicted GA for all test set
samples is shown with a linear fit. It is evident that the model is able to accurately
predict the GA, and that the linear fit is close to the line of equality. On the right

in Fig. [6.11 a modified Bland-Altman plot is shown with the prediction error versus
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Figure 6.12: DSC segmentation performance of the learned attention mask with ground-
truth CoP segmentations grouped by GW. The DSC performance is relatively stable
accross gestation, showing a slow decline in performance at the end of the GA range.

the true GA. It can be seen that there is a small deviation towards the mean, with
more positive errors for the lower ages (i.e. prediction higher than the true age) and
negative for the higher ones. This indicates a slight deviation towards the mean,

but is to be expected for a model trained with regression loss.

Segmentation Performance In Fig. the DSC performance on the test set
is shown across the GA range. DSC were computed between the learned attention
masks and ground-truth CoP segmentations. It can be observed that the DSC is
relatively stable across the GWs with few outliers. However, a slight performance
decrease can be observed at both ends of the age range, most pronounced at the
later GWs. This can partly be explained by the fact that the model has seen more
comparable training samples in the middle of the age range. Furthermore, with
increasing GA, the shape of the CoP becomes gradually more complex (due to
operculisation, as described in Section and there is an increase in shadowing
artefacts due to the calcification of the skull, which both make it more challenging

to compute an accurate attention mask.
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6.5.1.3 Qualitative Results

Having shown that the proposed guided AG architecture obtains improved predic-
tion performance, the learned attention can be visualised to obtain an improved

understanding of the features used for the prediction.

Individual Images In Fig. the results for three test set volumes with a
different GA are shown. The sample image is shown on the left, followed by the
ground-truth CoP mask, the learned attention mask (A) and the masked feature
representation after the AG (Z). It can be seen that the learned attention masks
closely match the ground-truth masks in overall shape. The learned masks do appear
less fine-grained, especially at the SF, but this is a result of the lower-resolution
features used in the AG. From the masked feature representations it can be observed
that the network mainly focuses on the SF for the first and third image, while it
attends more to the midline (around the POF) in the second image. Both of these
fissures undergo significant shape changes in the second trimester [32], showing

that the model is able to learn salient image features.

Weekly Averages To achieve a better understanding of the attention throughout
the GA range, Fig. shows the learned masked attention maps (Z) of the test
set averaged per GW (see Section . The attention maps were averaged and
then scaled back to their original size. In Fig. the average attention maps are
overlaid on top of age-specific atlas images. It can clearly be seen that there is high
activation around the SF, most concentrated at the earlier GWs (i.e. 18-20 GW).

The SF is one of the first fissures to develop and can be seen from about 14
GWs on fetal US [31]. Tt is therefore in line with the expectation that the network
focuses on this area at the beginning of the age range. From about 23 GWs the
attention shifts towards the POF, located around the midline. Then, at later
weeks, the attention seems to shift back its focus towards the SF. This matches

the observation that the POF is barely visible at the beginning of the second



6. Local Brain Age Prediction using Guided Attention 126

image ground truth learned mask A masked repr. 7

1.0

0.8

0.6

0.4

0.2

0.0

Figure 6.13: Qualitative results of guided attention for three test set images. Images
have a ground-truth GA of (a) 18.3, (b) 22.7, and (c) 25.7 GWs, and are predicted (a)
19.3, (b) 22.1, and (c) 25.5. Shown is the ground-truth CoP mask, the predicted attention
mask (A) and the masked feature representation (Z) The masked feature representation
(Z) is used for most other visualisations in this chapter.
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Figure 6.14: Average masked feature representations per GW (Z) for 2D images, higher
values (i.e. yellow) indicate high average attention. Maps were obtained by averaging the
attention per GW grouped by visible hemisphere, and concatenating them at the midline
for visualisation. After computing the averages, these were scaled back to their true size
and visualised as an overlay on weekly atlas images ﬂgﬂ The attention is high at the SF
(indicated with an arrow at 18 and 28 GWs), and at the POF (indicated with an arrow at
24 GWs).
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Figure 6.15: Average masked feature representations (Z) per GW for the network
trained without segmentation loss. Averages were downscaled to their original size and
shown overlaid on the atlas images.

'0.2

-0.0

trimester, and undergoes rapid chances from about 21 GWs, developing from a
shallow indentation to a well-defined fissure in a few GWs [32].

To illustrate the differences between the guided and unguided attention, Fig.
shows the same weekly averages for the model trained without segmentation
loss. The smaller size of the attention at younger ages is due to the fact that
they were downsampled to their original size for visualisation. It can be seen
that the attention shows a very block-like pattern, which is likely caused by the
fact that the feature representation at the lowest resolution (Z,) has the largest
contribution to the learned attention masks (due to their higher number of channels).
The attention up to about 26 GWs is mainly focused on a background or skull
pattern in the left bottom corner, whereas this shifts to the right top corner later
in gestation. Furthermore, the attention between different training runs varied
significantly, indicating that the areas of focus are largely determined by random
initialisation of the model rather than developmental patterns. This thus clearly
shows the advantage of the addition of a segmentation loss to guide the attention.

Finally, Fig. shows the averaged saliency maps across gestation for the
baseline ResNet model (1a in Table with three explanation methods: (a)
backpropagation [104], (b) integrated gradients [110], and (c) occlusion [113]. It
can be seen that the attribution is quite spread out through the images, and differs

substantially between the three methods. For all methods, there appears to be some
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Figure 6.16: Average attribution maps per GW for three different saliency methods:
(a) backpropagation [104], (b) integrated gradients [110], and (c) occlusion [113]. It is
evident that, even when averaged across all test set samples, the attribution methods
assign importance to different regions in the image.

focus on the SF and CP, but, due to the large variability, no meaningful conclusions
about developmental patterns can be drawn. Furthermore, the differences between
the explanation methods make them susceptible to confirmation bias, as the

explanation that best matches the hypothesis could be preferred.

6.5.2 3D Image Volumes

While experiments with the 2D standard plane images provided interesting results,
the ROI that can be selected is limited as it only contains a single slice of the
brain. Therefore, experiments were also performed with 3D volumes, using both

the CoP and the CB as regions of interest.

6.5.2.1 Model Configuration

Due to the computational complexity of training 3D image networks, the same
AG architecture was adopted as for the 2D image models, namely the global-

concat architecture.

Attention Loss Weight As learning a 3D segmentation is more challenging

than a 2D, the attention weight loss was tuned specifically for the 3D volumes
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Figure 6.17: Hyperparameter tuning for the attention weight («) for the 3D volumes
with the CP as ROIL. Only a single fold was trained for each «, and therefore no error
bars are shown. The experiments shown were with a decaying o with a factor of 10 every
40 epochs.

using the CoP as ROI. These results are presented in Fig. [6.17] It can be seen
that there is a large drop in MAE when increasing the weight up to about 10,
already demonstrating the positive effect of the segmentation loss on the prediction
performance. After 10* the MAE increases only very slowly, especially considering
the large range of values used (10! - 10°, note the difference in range with the 2D
images). It was observed that training converged slower with the 3D volumes than
with the 2D images, likely due to the more challenging task. This suggests that
the network requires a higher initial weight to learn an accurate attention mask,

which then improves prediction performance later in training.

6.5.2.2 Prediction Performance

An overview of all quantitative results for the 3D volumes on the test set images is
shown in Table It can clearly be seen that the guided AG obtains the highest
performance, with all models (5a-c, trained with CoP, CB or both) obtaining
better MAE performance than the baselines (significantly better for the CoP
and both). The highest performing model is obtained using both the CB and
CoP masks as ROI, resulting in an MAE of 3.45 days and 88.56% of errors

within 1 GW. This thus demonstrates that the guided attention can significantly
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Table 6.2: Performance of 3D models on test set compared to several baselines. The
values between brackets indicate the standard deviations and ‘< 1 GW’ refers to the
percentage of test set volumes having a prediction error less than 1 GW. Stars indicate
significance with respect to the ResNet baseline trained with images (1, (*) p<0.05, (**)
p<0.01)

MAE [days] | <1GW [%] 1 DSC't
Namburete et al. (2017) [86] 7.72
Wyburd et al. (2021) [26] 4.1
ResNet baselines
1. Volumes 3.77 (3.03) 84.75 -
2. Masks only
2a. CoP 4.48 (3.66) 79.10 -
2b. CB 4.91 (4.00) 75.28 -
2c. Both 4.37 (3.57) 79.66 -
3. Masked images
3a. CoP 4.08 (3.29) 81.92
3b. CB 4.89 (4.08) 76.00
3c. Both 4.00 (3.29) 81.92
Attention experiments
4. Unguided Attention 3.78 (2.96) 85.73 -
5. Guided Attention
ba. CoP 3.50% (2.84) 87.85 0.64 (0.05)
5b. CB 3.61 (2.76) 87.57 0.79 (0.09)
5c. Both 3.45%* (2.82) 88.56 0.67 (0.05)

1 DSC is computed with each of the respective structures

improve prediction performance when regularising the attention with known age-

descriminative areas of the brain.

Baselines The same types of baselines were trained as for the 2D images, but
experiments were performed with not only the CoP as ROI, but also the CB, as
well as a combination of both the CB and the CoP (both). It can be seen that
for all experiments performed with the three mask options (masks only, masked
images and guided attention), the combination of both structures obtains the
highest performance (MAE of 4.37, 4.00, and 3.45, respectively), closely followed
by the CoP (4.48, 4.08, 3.50), and, with a larger margin, the CB (4.91, 4.89,

4.61). This aligns with the observation that the CoP undergoes more significant
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shape changes during the second trimester than the CB. The CB mainly grows
in volumetric size during the second trimester, but these changes were removed
by upscaling all volumes to the same size.

In Table [6.2]it can also be seen that from all baselines, training a ResNet with
the image volumes itself results in the highest performance (MAE of 3.75). Training
with masks only obtains the lowest performance (MAE of 4.48 for CoP), followed
by training with masked images (MAE of 4.03 for CoP). This suggests that the
3D ResNet is able to use the additional intensity features present in the masked
images, resulting in better prediction performance. This is in contrast to the 2D
results, where both masks only and masked images obtained similar results.

The unguided attention experiment (Table|6.2+4) results in a similar performance
as the ResNet baseline, which is significantly lower than the guided attention
experiment. This confirms that the AG without segmentation loss is not able to

recognise salient image regions, thereby not improving the performance.

Comparison of Models with Different ROIs In Fig. the true versus
predicted GA is shown for three models trained with different ROIs in the segmen-
tation loss: the CoP, the CB and the union of both. For each model, a linear fit is
shown, and the individual samples have been coloured according to their residual in
the first plot (trained with both). In the two other plots, the same colours have been
used per sample, demonstrating the agreement between the three models. From the
colours, it is evident that there is good agreement between the models, with outliers
being largely preserved between them. This suggests that some of these outliers
might show patterns of delayed or advanced development, resulting in larger MAE
errors. In a healthy population, brain development is temporally consistent |11} 13|,
and therefore good agreement between models trained with different areas of interest

is expected. This thus validates the performance of the guided attention model.



6. Local Brain Age Prediction using Guided Attention 152

Both CoP CB

28
7
-—é 26
£ 24
<
O
= 22
(9]
S
=20

18
g 98 _ee Seente 80 % +1.96 SD
- 2 % 1-30 1.27
> 0 iy H 0.03 = o
E 0"‘{‘:’9:'.}‘3!'& : o
+ o ...7"«.:;:%..."‘.;“:.’“&:".:5‘3 °03!
-1 Tot O o & 0f. ¢ ] -1.96 SD
—8' ”””” = ST ,2.’ "‘f”."." 0 4 e % -1.23
2 —2 e S = *

18 20 22 24 26 28 18 20 22 24 26 28 18 20 22 24 26 28
true GA [weeks] true GA [weeks] true GA [weeks]

Figure 6.18: True vs predicted GA for models trained with the following segmentation
masks: CoP, CB and the union of both. Linear fits are shown for each plot. Points in
the top row were coloured based on their residual in the first column (both), and shown
in the same colour in the other two plots. It can be seen that there is good agreement
between the three models.

6.5.2.3 Qualitative Results

In Fig. [6.19| and Fig. the average attention per GW is shown for the 3D
volumes trained with a CoP ROL In Fig. [6.19] the averages were obtained with an
arithmetic mean of the individual activation intensities, and for each week a single
axial plane is shown. Fig. [6.20] shows average attention maps that were obtained
by projecting the individual attention maps back to a prior shape, corresponding
to the CoP shape at 22 GWs, and averaging them there (as described in Section
6.4.4]). For these attention maps, 3D visualisations are shown, for which both the
left and right hemispheres are displayed side-by-side. It can be seen that for all
GWs there is some focus on the SF, most pronounced at the start of the GA range
and at 25 and 26 GWs. In the first half of the GWs, there is also a clear focus on
the front of the brain. While this area does not correspond to a specific fissure,

substantial changes in this area of the CoP can be observed in the second trimester.
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Figure 6.19: Averaged masked feature representations (Z) per GW for the 3D model
trained with the CoP as ROI. Higher values (i.e. yellow) indicate high average attention.
Maps were obtained by averaging the attention per GW grouped by visible hemisphere,
and concatenating them at the midline for visualisation. After computing the averages,
these were scaled back to their true size and visualised as an overlay on weekly atlas
images [9]. Axial planes are shown for each GW. Arrows point towards the SF (at 18
GWs) and the POF (19 and 28 GWs) where the attention is high.

A

Figure 6.20: Average masked feature representations ((Z)) per GW for the 3D model
trained with the CoP as ROI. 3D visualisations of the attention on the CoP are shown
for each second GW.

Lastly, clear attention can also be observed around the midline at the back of the

brain, which corresponds to the location of the POF.

In Fig. [6.21] an axial plane for three individual test set volumes is shown for a
model trained with CB attention masks. It can clearly be seen that the learned
attention focuses solely on the CB, showing a relatively uniform spread across
the CB. This demonstrates that guided attention is not only able to learn the

GA from the CoP but also from the CB.
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Figure 6.21: Masked feature representation (Z) of three individual test set volumes
trained with the CB as ROI. Axial planes on which the CB is visible are shown for each
sample.

6.5.3 Generalisability

So far, I have demonstrated the performance on the INTERGROWTH-215 test
set volumes. In order to validate the performance on an external test set, the
trained models were also applied to the LUMC dataset without any fine-tuning.
The results on this dataset (N=156) are shown in Table[6.3] It can be seen that
for both the 2D images and 3D volumes the best performance is obtained using
the guided attention with the union of CoP and CB masks. This confirms the

hypothesis that guided attention can improve the performance on unseen domains



6. Local Brain Age Prediction using Guided Attention 135

Table 6.3: Age prediction performance on an independent test set (LUMC). The values
between brackets indicate the standard deviations and ‘< 1 GW’ refers to the percentage
of test set volumes having a prediction error less than 1 GW. All guided attention results
(6) were found to be not significant with respect to the ResNet Baseline.

MAE [days] | error < 1 GW [%] 1

2D Images
1. ResNet Baseline 5.37 (4.89) 69.87
2. Unguided Attention 5.52 (4.77) 71.15
3. Guided Attention (CoP) 5.24 (4.74) 75.00
3D Volumes
4. ResNet Baseline 4.21 (4.21) 80.77
5. Unguided Attention 4.67 (4.70) 80.13
6. Guided Attention

6a. CoP 4.01 (4.11) 88.46

6b. CB 3.83 (3.94) 89.74

6a. Both 3.73 (4.11) 90.38

by learning more transferable features.

While the reported MAE on the LUMC dataset is slightly lower than that on
the INTERGROWTH-21%* dataset (MAE of 3.73 for the LUMC dataset versus 3.45
on INTERGROWTH-21%*, using both CoP and CB as masks), this is a minimal
drop in performance considering that the volumes were acquired with different
scanners and at different institutions. Furthermore, the percentage of scans with
an error lower than 1 GW is more than 90%, indicating that the larger MAE can
be attributed to a few samples with large errors.

Interestingly, the performance with only the CB as ROI is better than that
with the CoP only for the LUMC dataset. This suggests that the CB appearance
might be more similar across the two datasets than that of the CoP. However, the
combination of both segmentation masks results in the best performance, which is

in line with the experiments on the INTERGROWTH-21%* dataset.

6.6 Discussion

In this chapter, I have shown that guided attention enables a model to focus on

a specific ROI, and that this can also lead to improved prediction performance
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compared to a vanilla ResNet (5 and 10% MAE improvement for 2D and 3D images
respectively). These results indicate that a vanilla ResNet does not optimally use
the available information present in an image. This might be explained by the fact
that multiple regions in the fetal brain can, to some degree, be age-discriminative,
and that the vanilla network is not always able to identify the most discriminative
ones. By guiding the network in early training to recognise the CoP (or CB),
the network is forced to focus on that area, resulting in improved age prediction
performance later in training. Furthermore, by constraining the model to focus
on specific parts of the brain, more detailed conclusions can be drawn about the
development of individual structures.

The models presented in this chapter were developed with US images of healthy
fetuses, with the motivation of learning the developmental patterns of an optimally
healthy population. In future work, the developed models could be applied to assess
structural brain development in diseased cohorts by comparing the predicted to the
true GA, also referred to as the brain age gap |10}, 212]. As the guided attention
is able to attend to specific regions of interest, local brain ages can be obtained,
providing potential novel insight into fetal brain development in new cohorts.

In the proposed guided attention approach segmentation masks of the ROI
are required during training, but, importantly, not during inference. This makes
the guided attention more practical than a two-step approach where first the
ROI is detected and segmented, followed by age prediction based on this region.
Furthermore, in this chapter, I have shown that using masked volumes (with the
ROI) results in considerably lower performance than using the guided attention.
This suggests that the network needs additional image features to achieve optimal
performance. For example, when using the CoP as ROI, an important feature
could be the distance to the skull.

While the attention masks can be regularised to focus on specific brain regions,
the large receptive field of the convolutions, especially at deeper layers, makes it
impossible to ensure the exclusion of all other image features. Care should therefore

be taken when interpreting the final results. However, it has been shown that
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the contribution of image features on a value in a CNN (the effective receptive
field) is typically Gaussian distributed, and covers only a fraction of the theoretical
receptive field [213]. Furthermore, convolutional layers usually preserve spatial
relationships, as illustrated by their ability to perform weakly supervised object
detection [214] (i.e. with only whole image labels). This property is, for example,
also used in CAM (as introduced in Section [3.1.2).

While obtaining segmentation masks for training can be a bottleneck, the
masks are not required to be pixel-level accurate. Rather, they should contain the
approximate region that the network should focus on. For this reason, the required
segmentation masks could be obtained with automated segmentation models such
as presented in Chapter 5] Furthermore, future work could explore training the
AGs semi-supervised, where segmentation masks are only available for a subset
of the data. As shown in Chapter [5] a small set of annotated image volumes can
be sufficient to train a segmentation model for subcortical segmentation. For this
reason, | expect a small subset of masks to be sufficient to guide the AG, thereby
relaxing the need for a fully annotated dataset.

In this chapter, I showed that local brain age predictions can be obtained using
guided attention, significantly improving the prediction performance. Further, I
demonstrated that guided attention also improved the prediction performance on
an independent test set (MAE of 3.73 days, compared to a MAE of 4.21 for the
ResNet baseline). This demonstrates that the developed models can be used to
analyse independent datasets, enabling the comparison of local brain age in cohorts

with specific conditions in further research.
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stage of development of the fetal brain. However, while the last chapter addressed
which image features were used for the prediction, this chapter addresses how these
image features are used to make the prediction. It introduces a novel inherently
interpretable model architecture of which the reasoning process can be visualised,
providing an understanding of the prediction. The work presented in this chapter

has been written into a paper, of which a preprint is available online:

Linde S. Hesse, Nicola K. Dinsdale and Ana I. L. Namburete. “Prototype

Learning for Explainable Regression," available on ArXiv: arXiv:2306.09858

7.1 Introduction

Deep learning models are typically considered to be black boxes, meaning that they
produce output predictions without providing insights into the decision-making
process. This severely limits the adoption of such methods in clinical practice, as the
decision-making process needs to be transparent to understand model behaviour and
gain patients’ trust [99]. It is therefore vital to develop models that are interpretable
and hence capable of providing insight into their reasoning process |100].

The most frequently used methods to explain a model’s prediction are attribution-
based, which explain the prediction of a trained model post-hoc |[101]. However, as
described in Chapter [3] these explanations are not always a faithful representation
of the original prediction and can, for example, resemble edge maps rather than
being dependent on the trained model [116]. Furthermore, they can only show
which features were used for the prediction, and not how these features were
used to generate the prediction.

A promising example-based interpretable model for the classification of natural
images was proposed by Chen et al. [143]. That method was able to show how
the image features were used to generate the prediction. Their model architecture
(ProtoPNet) learned a set of embeddings in latent space, referred to as prototypes,
and used the distances to each of these prototypes to classify a new sample. Each

prototype was assigned a class label, and could thus be considered as a representative
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example (in latent space) for that class. The prototypes in the final model were
enforced to equate representations of actual training images, which made it possible
to visualise the prototypes. In contrast to post-hoc methods, this type of architecture
is thus inherently interpretable, as the final prediction is directly generated
from the prototype distances.

However, many important medical image tasks are continuous regression prob-
lems, such as brain age prediction [10, 26]. As ProtoPNet uses the categorical labels
to pull (or push) samples together (or apart), this architecture cannot be directly
applied for regression. Furthermore, the prototypes in ProtoPNet represent only
image parts, with the intuition of discovering whether the pattern in a prototype
is present in any of the image patches. This provides patch-level detail in the
prediction but is less suitable for continuous regression problems where more
gradual structural changes have to be detected.

In this work, I propose PRINT': a Prototype-based model for Regression using an
Interpretable neural Network and optimal Transport. Motivated by the similarities
to metric learning, the images are mapped to an inherently continuous representation
space in which the distances between images and prototypes in latent space are
proportionate to their differences in label space. The prediction for a new sample
is subsequently made from a weighted average of prototype labels within a given
distance. As all prototypes can be visualised, this provides an intuitive understanding
of the prediction for a regression task.

In contrast to ProtoPNet, the prototypes in PRINT are latent representations
of whole training images. To also incorporate spatial detail into the model’s
decision-making process, the image-level distances are decomposed into patch-wise
similarities between image patches. The patch-wise similarities are computed in
latent space and then structurally matched using optimal transport (OT). The OT
finds an optimal matching matrix that contains the soft assignment scores between
the image patches of the sample and prototype. This matrix is then used to compute

a single image-level distance. The resulting matches can be inspected to verify
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whether anatomically corresponding patches are matched together between an image
and prototype, thus providing a detailed decomposition of the image-level distance.

The network is trained using a combination of two losses: A metric loss, which
enforces the prototype-image distances to be proportionate to their label differences,
and a consistency loss that encourages the distances between identical image patches
under an anatomically justified transformation to be small. The network and all loss
elements are fully differentiable and, thus, the network can be trained end-to-end.

In this chapter, I demonstrate the proposed model on the task of brain age
prediction for both fetal US images and adult MR images.

In summary, the key contributions of this chapter are:

« [ propose a novel interpretable model for continuous regression and demon-
strate that it obtains competitive performance for brain age prediction on two

datasets: fetal US and adult MRI.

o I demonstrate how OT can be incorporated into a prototype-based model,
providing patch-level matching scores while computing a single image-level

distance.

o [introduce a geometric consistency loss which improves the model performance
and leads to more anatomically correct matching between patches of the

prototype and sample image.

7.2 Optimal Transport

In the proposed architecture, OT is used to match the image patches of the sample
image and prototype with each other. This section will introduce the concept of
OT and describe how it can be efficiently solved.

OT aims to find the matching matrix, also referred to as optimal flow or
coupling matrix, that results in the minimal distance (or lowest cost) between two
distributions. In this section, I will focus on discrete distributions, but it can also

be applied to continuous distributions. In literature, OT is often explained as
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‘moving one pile of sand (distribution 1), into another pile of sand (distribution 2),
in the most efficient way’. For this reason, it can also be referred to as the Earth
Movers Distance [215]. However, moving piles of sand is still a rather abstract
concept, and does not give a very intuitive understanding of the problem. In this
section, I will explain OT from its simplest formulation: the assignment problem,

and generalise it from there to the broader concept.

7.2.1 Assignment Problem

The assignment problem assigns a number of n tasks to m workers in the most
optimal way, given a cost matrix. In this example, the cost matrix could denote how
much time each person takes for a certain task, and the objective to minimize the
total time needed to complete all tasks by the workers. The formulation as tasks and
workers aims to provide an intuitive understanding of the problem, but these can
in practice represent any concepts. Given a set of m = 4 workers, [wy, ws, w3, wy], a
set of n = 4 tasks, [t1, s, 3,14], and a cost matrix, C € R™*"  the objective is to
find the assignment matrix, Q € R™*", that assigns each worker to a task, resulting

in the lowest total cost (cto). The total cost can be defined by:

Ctot = Z Z Cij4ij (7-1)

i=1 j=1
where ¢;; and g;; are the elements of C and Q, respectively. This cost is minimised

with respect to Q, resulting in the following objective:

HlQiIl Z Z Cijqij (72)

i=1j=1

An additional constraint in this optimisation problem is that all tasks need to
be assigned to a worker, and all workers need to be assigned a task. Specifically,
each row and column of the assignment matrix, Q, needs to sum up to 1. This

can formally be written as:

gy =1Vjem, > g;=1Vien (7.3)

i=1 j=1
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Assignment Problem
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Figure 7.1: Schematic overview of the assignment problem. Given a set of m = 4
workers, w1, ws, w3, wy], and a set of n = 4 tasks, [t1,t2, 3, t4], the aim is to assign tasks
to workers in the most optimal way. This is defined as the assignment with the lowest
cost (i.e. time). The problem is constrained in that each worker needs to be assigned one
task, and each task one worker (i.e. the rows and columns of Q need to sum up to 1).

An example assignment problem is shown in Fig. [7.1] with the cost matrix,
C, shown in orange and the optimal assignment matrix, Q, in blue. In the
assignment problem setting the entries of the assignment matrix can only be 1
or 0, with a 1 representing that that worker is assigned to the respective task.
The assignment problem can be solved with brute force by computing the cost for
all possibilities, but, more efficient algorithms exist to solve this problem, such
as the Hungarian method [216].

In order to satisfy both constraints given in Eq. [7.3] the number of workers
needs to be equal to the number of tasks (m = n), which is referred to as a balanced
assignment problem. If this is not the case, dummy columns or rows can be added

to transform the problem into a balanced one.

7.2.2 Monge Formulation

In the assignment problem, individual tasks and workers need to be assigned to
each other. However, consider now the scenario where the set of tasks represents
task types, and there can be more than one item of a single type. For example, given
the list of task types as [t1,ts, t3, 4], we now also have a vector representing the
number of tasks of each type: = [2,1,3,1]. This can be pictured as a frequency

histogram of tasks or a distribution of tasks. For the workers, we can make the same
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Figure 7.2: Schematic overview of the Monge-Kantorovich problem. Given a set of
workers and a set of tasks, the aim is to assign tasks to workers in the most optimal
way. This is defined as the assignment with the lowest cost (i.e. time). The problem is
constrained in that each worker needs to be assigned one task, and each task one worker.
(a) shows the Monge formulation, in which a one-to-one mapping is required, and (b) the
Kantorovich relaxation where a worker type can be assigned to multiple tasks.

assumption and denote these counts by: v = [3,2, 1, 1]. This is schematically shown

in Fig. [7.2], where the counts are drawn as histograms around the cost matrix.
For this formulation, the constraints in Eq. have to be adapted so that

the rows and columns now sum up to the respective counts (instead of to 1)

This can be written as:

Sai=m¥iEm, > q;=vVien (7.4)
=1

j=1
This formulation is referred to as the Monge formulation [217]. In this formula-

tion, like in the assignment problem, the objective is to find a one-to-one mapping



7. Interpretable Brain Age Prediction using Prototype Learning 145

between the two distributions. In our example, this means that all workers of a
certain type (i.e. all three w3) must be assigned to the same task. It can be seen
that there are only two possible solutions that satisfy this constraint for the cost
matrix shown in Fig. as wy must be assigned to t3, and, likewise, w3 to t;.
In order for a solution to exist, the initial distributions, v and u, need to match
up with each other (i.e. be a permutation of each other in the discrete case). The
resulting matrix Q in this scenario is usually no longer referred to as the assignment
matrix but as the coupling or optimal flow matrix. In this chapter, I will also refer to

this matrix as the matching matrix, as it matches two distributions with each other.

7.2.3 Kantorovich Relaxation

The Monge formulation (Section only allows a one-to-one mapping, which
makes it ill-defined for non-matching distributions. For this reason, the Kantorovich
relaxation was proposed [218], which states that the mass at a certain point (i.e.
a number of workers) can be split across targets (i.e. the tasks). This means
that there is no longer a one-to-one mapping required between the distributions.
However, the two distributions are still required to have the same area under the
curve (i.e. the sum of all counts in the histogram). In many cases, probability
distributions are used as initial distributions, which always sum up to 1.

The optimal solution for the example under the Kantorovich relaxation is
shown in Fig. [7.2b. It can be seen that the workers w; are now split across
tasks t; and %9, and that the optimal solution can achieve a lower total cost than
under the Monge formulation.

This complete formulation is often referred to as the Monge-Kantorovich problem,

and in this thesis, I will refer to this as simply the OT problem.

7.2.4 Entropic Regularisation

The OT problem is computationally expensive to solve, and therefore an entropic

regularisation term was added to smooth the optimisation problem [219]. En-
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tropic regularisation transforms the optimisation objective in Eq. into the

following objective:

mln Z Z ciigi; + eH(Q) (7.5)

i=17j5=1

where H(Q) denotes the entropy function, given by:

= i log(gi) (7.6)

i=1j=1
and e the strength of the entropy regularisation. The advantage of this formulation

is that it can be rewritten as followdlt

mmz Zc”q” +eH(Q) = mén(DKL(Q | K)), with K = ¢~ ¢/ (7.7)

i=1j=1
with K a kernel function of the cost matrix (C), k;; an element of K, and Dxj,
the Kullback-Leibner divergence between Q and K [220].

The objective can now be considered as minimising the KL divergence between
K and Q, under the constraints given in Eq. [7.4] This can efficiently be solved
using the Sinkhorn algorithm that initialises Q with K, and then iteratively projects
the matrix on the individual constraints, converging into the solution that satisfies
both constraints [221]. This is shown in Fig. where both constraints are shown
as coloured semicircles in a simplified schematic decision space. The objective
is to find the closest Q to K that satisfies both constraints, which can be found
with Sinkhorn iterations [221].

7.2.5 Optimal Transport in CNNs

By formulating the OT optimisation problem with entropic regularisation, the
optimisation is provably convex and fully differentiable, and can thus be incorporated
into deep learning architectures [219, 222]. Most comparable to the work presented
in this chapter are previous studies that used OT to compute patch-based distances

between pairs of natural images [169-171]. In those studies, each image was

Lthe full derivation can be found in Appendix
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K

7Q

Constraint A , Constraint B

Figure 7.3: Schematic of the decision space of Sinkhorn optimisation solving the
OT problem. The solution is initialised with K and then iteratively projected on the
constraints A and B to arrive at the optimal solution. The coloured semicircles represent
the constraints introduced in Eq.

considered as a distribution of patches, and the latent distances between the patches
of both images were computed as the cost matrix. OT was then applied to match
the patches of both images with each other, resulting in the matching matrix. Both
the cost matrix and matching matrix were then used to compute a single image-level
distance (i.e. as described by Eq. [7.1)). Both Zhao et al. [170] and Phan and Nguyen
[171] used these patch-based distances to improve the distance computations in
latent space between sets of images without retraining any network weights. This
resulted in improved performance for metric learning [170] and face identification
[171], and also added interpretability as the patch-based distance computations
could be analysed in detail. On the other hand, Zhang et al. [169] used OT in an
end-to-end trainable architecture and applied it for few-shot learning, also resulting

in improved performance and interpretability.

7.3 Methods

The proposed PRINT model aims to learn a set of prototypes in latent space, each
representing a whole image from the training set. Each prototype has a continuous
label (e.g. age), and sample predictions are made using a weighted mean of distances

to these prototypes. To incorporate patch-level detail, the image-level distances
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between the image and prototypes are decomposed into patch-level distances and
structurally matched using OT matching [169-171]. A schematic overview of the
PRINT model architecture is shown in Fig. [7.4]

7.3.1 Network Architecture

Given a 2D image X € R¥*"*1 4 feature extractor f is trained that can extract a
latent representation of X, denoted by Z € R®¥=*"=X¢: with w, and h, the spatial
dimensions and c, the channel dimension. The feature extractor f is composed
of a base encoder (g), and an additional block (h) with two convolutional layers
with 1 x 1 kernels and a sigmoid as the last activation. Simultaneously, a set of
prototypes is learned, which are essentially learned embeddings in latent space,
each of the same size as Z: P = {Py € Rv=*"=x= VL € [1,n,]}, with n, as the
number of prototypes. Each of the prototypes also has an assigned label, resulting
in a vector of prototype labels, denoted by yP"°*. These prototype labels are
fixed at the beginning of training and are not optimised. On the other hand,
the prototypes themselves are considered model parameters, and can therefore
be trained end-to-end with the feature extractor. For each sample, the network
computes the distances to each of the prototypes in latent space, resulting in a

vector of prototype distances of length n,, denoted by d.

7.3.2 Prototype Projection

During training, the prototypes are updated with each step and can therefore be
located throughout the latent space. However, as proposed in [143], every N epochs
these are replaced by the closest latent representation of an image in the training
dataset, which is referred to as the prototype projection. The model checkpoints
are saved only straight after the projection, ensuring that in the saved model each

prototype can be visualised using the corresponding image from the training set.



7. Interpretable Brain Age Prediction using Prototype Learning 149

Prototypes P

a) Model Architecture [np X ws x ha X c]
Latent

Image Feature Extractor f Representation Prototype
[wx hx1] v/ distances

encoder  add-on [n ]

© layers [wy X hy X ¢ P

) v
Optimal
—> D D D —> ) Transport ) d > | Lm
Z Optimal Transport

Patch-wise distances Image-prototype distance

[m x m]

/

image patches

—> di =300 200 cijdig

prototype patches

Q [m x m] EC

Figure 7.4: Detailed overview of the (a) PRINT architecture and (b) patch-based
matching with OT. The OT matching is shown for one sample and prototype, and is
repeated for each prototype to obtain d. The m is the total number of patches per sample
or prototype, given by w,h,.

7.3.3 Distance Metric Loss

The distances between samples and prototypes need to be regularised, so that
for a certain sample with ground-truth label y, the distance in latent space to a
prototype k is related to its difference in label space: d oc |y7 " — y|, with dj,
and y7"" as the distance to and label of the kth prototype (i.e. the kth element
of d and yP"°%), respectively.

However, as the latent space exists on a high-dimensional manifold, computing
the feature distances on the manifold between prototype and sample, the geodesic
distance, is non-trivial. In this work, the geodesic distance in the local neighbourhood
of a sample representation is approximated using the Euclidean distance, which
is a good approximation for small distances on the manifold.

The proposed network is trained using an adapted version of a loss proposed by
Chao et al. [168]. Instead of regularising distances over the samples in the batch
[168], the distances between samples in the batch and each of the prototypes in the

local neighbourhood are regularised. The neighbourhood is determined by differences
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in labels between prototypes and samples, as opposed to the feature distance. The

total loss for a single sample with ground-truth label y is thus given by:

Lon(d. g y) = > (Is - di — (10" =y (7.8)
k=1

where s is a learnable parameter scaling the feature distances to the label differences
train train

and wy " the weight of the kth prototype. w}*" weights the prototype with a

Gaussian function based on the label differences, and is defined by:

proto _
vy, Yl

Wy =T 207 +a (7.9)

where o controls the size of the neighbourhood (i.e. the standard deviation of
the Gaussian kernel), and « is a small number to prevent the latent embeddings
from tangling. Without it, samples and prototypes with a large label difference
have a negligible effect on each other and could therefore embed close together

in feature space despite being dissimilar.

7.3.4 Patch-based Distance Metric

In order to train the network with the distance metric loss, distances need to be
computed between the sample and each of the prototypes, both of size h, xw, xc,. A
common approach is to use an average pooling operator that compresses the spatial
dimensions, resulting in a vector of size c,. The Euclidean distance can then be
computed between these vectors [164, [168] but this discards all spatial information.
To provide information about the spatial makeup of the distance between a prototype
and a sample, I use a patch-based distance metric based on OT matching instead.

The latent representation Z and a single prototype Py can both be considered
as sets of m feature vectors: [z1, za, ..., Zm] and [p1, P2, ..., Pm], With m = h,w,,
and each vector of size c,. The proposed distance metric computes the Euclidean
distances between both sets of feature vectors, d(z;, p;)Vi,j € {1,...,m}, resulting
in a cost matrix C € R™*™. As not all pairwise distances should contribute equally
to the image-level distance (i.e. the distance between a skull patch and patch

containing the ventricles is not meaningful), I use OT to obtain a matching matrix
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Original Image Z Transformed image Z;

Figure 7.5: Overview of the used consistency loss between a latent image representation
(Z) and the representation of a transformed image (Z¢) for a single triplet. The grid
indicates the size of the latent pixels. The objective is to encourage the d,,s to be larger
than dyeq (by a certain margin ).

between the patches of Z and Py, Q € R"™*™ (as described in detail in Section
. This matrix Q can be considered as a soft assignment matrix, in which each
feature vector z; can be partly matched with more than one feature vector p;. These
matching and cost matrices can subsequently be used to compute the image-level

distance between the sample and the kth prototype as follows (in line with Eq. :

i=1j=1
where ¢;; and ¢;; are the elements of C and Q, respectively. Intuitively, OT thus
assigns image patches to each other, and then only uses distances between assigned
patches to compute the final image-level distance.

The OT optimisation is constrained by the initial distributions (i.e. the number
of task types or worker types in the example given in Section . These
distributions can be considered as importance scores for each of the image patches,
and are in this work set to uniform distributions for both the image and prototype
patches. The OT problem is formulated with entropic regularisation so that it

can be solved using Sinkhorn iterations [219].
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7.3.5 Consistency Loss

The OT optimisation aims to find structural matches between the image and
prototype patches. To achieve anatomically correct matching, I also introduced a
consistency loss that acts on the distances between feature vectors in the latent
representation of an image z; € Z = f(X) and the feature vectors of the same
image under an anatomically justified transformation 7" : z;; € Z¢ = f(T'(X)). The
consistency loss encourages distances of the same image content, d(z;, z;,,/) with
i" = T(i), to be small, while encouraging distances between patches of the same
spatial location, d(z;, 2t;), to be large. This resembles a contrastive learning problem
where certain feature vectors are pulled together (positive pairs) whereas others are
pushed apart (negative pairs). Therefore, the contrastive loss is formulated as a
triplet loss, which encourages the distance between an anchor and a positive vector
to be larger than the distance between an anchor and a negative vector by a certain
margin v [160]. To create triplets, all vectors of z; were used as anchors, and the
respective vectors in z; as positive (2:7) and negative (2¢;) samples, excluding any
triplets for which the positive and negative sample were the same. The Euclidean
distance was then computed from each anchor to the positive sample, dp,s, and
the negative sample, d,.,. The total consistency loss per image computes the sum

over all triplets, and can be described by:

L.=> max(d(z;, zi) — d(2i, 23) +7,0) [z, # 21,4] (7.11)
i=1
For training, I used a combination of the distance metric loss (Eq. [7.8]) and

consistency loss as Lioptq; = L + BL., where [ is the weight of the consistency loss.

7.3.6 Inference

At inference, a prediction for a new sample is made using a weighted average of

the prototype labels within a certain radius r, given by:

d
Np test, proto — %%k .
> ko1 Wi Yy, test _ {6 2032 ifsedp <

(7.12)

y= np test ) k

k=1 Wk 0, otherwise
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Figure 7.6: Schematic overview of model inference of PRINT. (a) The prediction for
a new sample is made using a weighted sum of prototype labels within a certain radius
(shown by the dashed circle around the sample). All prototypes represent real images
from the training set and can thus be visualised. (b) Each image-level distance in latent
space (i.e. dj) is based on patch-level matchings between the patches of the image and
prototype, which results in a single image-level distance. Patches can be partly matched
with each other, which is indicated by thinner lines connecting them. For visualisation,
only four patches per image are shown (i.e. h, =2, and w, = 2), but this will be a higher
number in practice.

in which the weight of each prototype is thus determined by a Gaussian with
standard deviation r/3. This is schematically shown in Fig. [7.6p, where it can
be seen that the prototypes (latent representations of training images) within a
certain radius in latent space contribute to the model prediction for a sample.
Fig. [7.6b shows how the image-level distances can be decomposed into patch-level

matches between the image and prototype.

7.4 Experimental Set-Up

7.4.1 Datasets
7.4.1.1 Fetal Ultrasound

In this chapter, all 4265 2D images from the extended subset of the INTERGROWTH-
21°¢ dataset were used. As described in Chapter [4] the 3D volumes used were
aligned to the same coordinate system and scaled to the average brain size at
30 GW using an automated alignment method [178]. After alignment, the 2D

transventricular plane was extracted from each of the 3D volumes using fixed
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Figure 7.7: Overview of the INTERGROWTH-21%" data across GA used in this chapter,
(a) shows the distribution for the train and test split, and (b) for images with a visible
left and right hemisphere.

coordinates, resulting in a total set of 4265 2D images of size 160 x 160 with an
isotropic pixel size of 0.6 mm. For the experiments, this set was split into test
(20%) and train/validation (80%). An overview of the data distribution used in

this chapter across gestation is shown in Fig. [7.7

7.4.1.2 Adult MRI

In this chapter, I also demonstrate the proposed approach on T1 MR images of the
adult brain from the IXI datasetﬂ which contains MR images from healthy subjects
between the age of 19 and 86 years. All 3D images were linearly registered to the
same template orientation, as well as skull stripped (as described in Section. From
each 3D image volume an axial plane was extracted, which was selected to contain
the ventricles, as the increase in ventricle size with ageing and the corresponding
brain atrophy is well established [223]. This resulted in a total of 561 MR images,
each of size 160 x 192, which was also split into test (20%) and train/validation set

(80%). An overview of the LUMC data used in this study is shown in Fig. [7.8]

’https://brain-development.org/ixi-dataset/
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Figure 7.8: Overview of the MRI images from the IXI dataset used in this chapter. The
distribution across the chronological age is shown, with the train and test split indicated.

7.4.2 Implementation

I implemented the proposed network architecture with Pytorch Lightning, using
PyTorch 1.13 and Python 3.10. All experiments were performed on a single Nvidia
A10 with 24 GB RAM. The OT optimisation was performed with an entropic
regularisation strength of 0.1 (e in Eq. , and it was optimised using Sinkhorn
iterations implemented in logarithmic space to prevent numerical instabilities. A
ResNet-18 was used as a base encoder, g, pre-trained on ImageNet.

Five-fold cross-validation was used to tune all hyperparameters, of which an
overview is given in Section The reported test set performance was then
obtained by applying the best fold (on the validation set) to the test set. All
experiments were run for 300 epochs for the US data and 150 for the MRI, with a
learning rate of 5 x 107% and 1 x 1074, respectively. The prototypes were projected
to the closest sample in the training set every 25 epochs. Unless otherwise reported,
for both datasets o and ¢ in Eq. were set to 0.05 and 1, respectively, and
r in Eq. to 3; the number of channels in the additional layer block, h, and
prototypes, c., to 512, and, the number of prototypes, n,, to 100. The latent space
dimensions w, and h, were both 5 for the US dataset, and 5 and 6, respectively,
for the MRI dataset. Prototype labels were assigned uniformly at the beginning

of training within the label range present in the training dataset.
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Due to shadowing artefacts of the fetal skull, usually only one of the two brain
hemispheres is visible in fetal brain US images [1]. As it is desired to match the
two visible hemispheres with each other, the consistency loss for this dataset was
implemented with horizontal flips along the midline of the brain as a geometric
transformation (see Fig. . The weight of the consistency loss, 3, was set to 10,
and the margin, ~, to 0.1. For the adult MR images, however, both hemispheres
are visible and so a consistency loss is not required. This was confirmed by cross-
validation, and therefore this loss element was set to 0. During inference, only
prototypes within a certain radius r of a sample are considered when generating the
final prediction. Therefore, it can occur that for a certain sample, no prototypes are
within this area, resulting in an invalid prediction. To report also a performance
value for these samples, I used nearest-neighbour predictions and assigned the

label of the closest prototype to these samples.

7.5 Results
7.5.1 Fetal Ultrasound

Baseline Comparisons The MAE prediction performance of the fetal US dataset
is shown in Table [7.I] The proposed PRINT architecture has been compared to
two baseline models: ResNet Baseline — a vanilla ResNet 18 model (pre-trained
on ImageNet) trained with mean squared error loss on the brain age task, and
AvgPool Baseline — a network with the same architecture as the proposed model
but computing distances not with patch-based OT but by first pooling the feature
representations into a single 1D vector and computing Euclidean distances between
these. It can be seen that the proposed method outperforms the ResNet baseline
by 0.11 days, showing that the common assumption that increased interpretability
results in a decrease in prediction performance does not hold. However, the
performance improvement did not pass a paired t-test (p = 0.15). The reported
prediction performance of several previous studies is also shown [26] [86 8§],

demonstrating that the prediction errors are in line with previously reported values
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Table 7.1: Quantitative results for fetal brain age prediction from US on the test set.
The values between brackets indicate the standard deviations. The ablations show the
results without consistency loss (£.) and without add-on layers in the feature extractor
(h). The GA range of each study is given in weeks. (la-c) show age prediction performance
reported in other studies, (2a-b) baselines implemented in this work, and (3) the proposed
network architecture with ablation study (3a-c)

Ablations
GA range L. h MAE [days]
(1a) Namburete et al. (2017) [86] 18-36 - - 7.72 (6.01)
(1b) Wyburd et al. (2021) [26] 19-31 ; ; 4.1 (3.7)
(1c) Lee et al. (2023) [8§] 13-41 - - 4.5
18-28 - - 3.9
(2a) ResNet Baseline 14-30 - - 4.04 (3.16)
(2b) AvgPool Baseline 14-30 - - 4.09 (3.24)
(3a) PRINT (no L., h) 14-30 X X 4.16 (3.50)
(3b) PRINT (no £,) 14-30 X v 3.96 (3.19)
(3¢) PRINT (no h) 14-30 v x 4.08 (3.53)
(3) PRINT 14-30 v v 3.93 (3.12)

T Study used 3D image volumes

for fetal brain age predictions. For a fair comparison, only studies that did not use

size features were included in this table (as described in Section [2.2.2)).

Predicted versus True GA In Fig. the predicted GA versus the ground-
truth GA is shown for the fetal US dataset. The samples have been fitted with
a linear fit, which is close to the identity line (i.e. = = y), demonstrating good

prediction performance throughout the whole GA range used.

Example Prediction Fig[7.10h shows an example prediction of the PRINT model
for the US dataset. The prediction is composed of a weighted average of the labels
of prototypes within a certain radius, and these neighbouring prototypes are shown
next to the sample image. The weight of each prototype is inferred from its distance
using a Gaussian function and shown on the right. The colour of each point indicates
the prototype label, which is also shown with a coloured border around each image.

In addition to visualising the prototypes used to make a prediction, the computed
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Figure 7.9: Predicted versus ground-truth age for (a) fetal US and (b) adult MRI. The
fetal age estimation shows a high correlation between the true and predicted age, whereas
the errors are larger for the adult age prediction.

distances can also be decomposed into patch-level matching matrices, which are
shown in Fig. [7.11] For each sample-prototype pair, the matching (soft assignment)
matrix is given in the last column of each panel, indicating which patches are
most similar between the prototype and sample. The reshuffled prototype shows
the OT matching more intuitively, in which at each image location the prototype
patch with the highest matching score is shown. It is evident that the two visible
hemispheres are correctly matched (Fig. [7.11]1a, b), illustrating the advantage

of using OT matching in the network.

Effect of Consistency Loss As evidenced by the ablation study presented in
Table [7.1], both the consistency loss and the add-on layers improve the prediction
performance for the US dataset, demonstrating the need for both components in
the model. The effect of the consistency loss on the US images is further illustrated
in Fig. showing sample-prototype pairs for (a and b) the full model trained
with consistency loss and, (c¢) for the model without consistency loss. It can be
seen that for the pair in Fig. the image and prototype both have a visible
right hemisphere (with the SF annotated), whereas in Fig. and c, the visible
hemisphere of the prototype is opposite to that of the image. The full model

correctly identifies this and matches the patches in the visible hemisphere with
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Figure 7.10: Example predictions for (a) US and (b) MRI. The image sample is shown
on the left, and the four closest prototypes are shown in the middle. The right-most graphs
indicate the weight of each of the prototypes in the final prediction. Prototypes with
a label below the predicted value were plotted with negative distances for visualisation
purposes, but unsigned distances were used in the model itself. For the US image, both
the predicted and ground-truth age were 148 days and for the MRI the ground-truth age
was 24 years, and the predicted age 25.6 years.

each other. This can also be seen in the reshuffied prototype, in which the sides
are flipped. The same pattern of matching between hemispheres was found for
all test set images indicating that the model correctly matches the patches of the
visible hemispheres. Important to note here is that no annotations for the visible
hemispheres were used during training, as the consistency loss is unsupervised.
On the other hand, in Fig. [7.I1k it is evident that for the model trained without
consistency loss, no matching occurs between the two visible hemispheres. Instead,
the same spatial location in both the image and prototype are matched, as shown
by the diagonal matching matrix. This thus illustrates that the consistency loss
is responsible for matching the correct hemispheres. In this work only flipping
across the midline of the brain has been used as a geometric transformation in
the consistency loss. In future work, other transformations could be considered,

based on the geometric variation present in the dataset.



7. Interpretable Brain Age Prediction using Prototype Learning 160

[ Full model |
reshuffled
prototype prototype matching matrix
-0.03
-0.02

image patches

DE”DDEL -0.01
-0.00

3 EFFFF -0.03
S

& dﬂjdj -0.02
(]

5 27

g s -0.01

image patches
o
fe=}
[NS]

prototype patches

Figure 7.11: Tlustration of OT matching between image and prototypes patches for
the US dataset. The obtained OT matching matrix (Q) is given in the last column of
each panel, with the most similar prototype patch to each image patch given a black
border. For each image patch, the most similar prototype patch is shown at the respective
image location in the reshuffled prototype. Patches that are incorrectly (according to the
structural anatomy) matched are shown with red borders, and in all images, the SF is
annotated in red to clearly indicate the visible hemisphere. For (a) and (b), the results
are obtained from the full PRINT model, in which (a) illustrates the case where for both
image and prototype the same hemisphere is visible, and (b) where a different hemisphere
is visible. Row (c) is generated from the model trained without consistency loss.

Sensitivity to Hyperparameter Choice The average validation performance
across the 5 folds for each of the important hyperparameters is shown in Fig. [7.12]
for the US dataset. For the consistency weight (Fig. [7.12h), the top plot shows the
patch-matching accuracy, which is computed from the overlap with approximated
ground-truth matching matrices determined from the known visible hemisphere in
each of the samples. It is evident that increasing the consistency weight results in
an improvement of both the MAE and patch-matching accuracy up to a weight
of 10 after which it slowly starts deteriorating again. It should be noted that the

consistency loss is about four orders of magnitudes smaller than the metric loss
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Figure 7.12: Overview of hyperparameter tuning for the US dataset for the (a)
consistency weight (), (b) standard deviation in metric loss (o), (c) number of prototypes
and (d) number of channels in the add-on layers and prototype representations. For o two
types of inference are shown, keeping the inference radius, r, constant (top) or varying it
in line with the training sigma, r = 30, (bottom).

during training, which explains the small effect for very low weights.

In Fig. the standard deviation (o) in the metric loss (Eq. is varied.
The top and bottom panels show the results of the same training runs, but during
inference, the radius is either fixed (r = 3, top panel) or adapted based on the
o during training (r = 30, bottom panel). The training sigma has only a small
effect on performance throughout the range of values tried, whereas the inference
radius does considerably affect the performance, most notably at higher values.
This is beneficial as the inference r can be easily adjusted after training, and
can thus be optimised offline.

The number of prototypes and the number of channels in the prototype repre-
sentations (and in the add-on layers) are shown in Fig. and d, respectively.
Both show improved performance when increasing the number of prototypes or
channels, levelling off for higher values.

Overall, these results show that the hyperparameters introduced in the proposed
model behave expectedly. This confirms the stability of the method and shows that

the results are not too sensitive to the hyperparameter selection.

Generalisability to LUMC Dataset To determine the generalisability of the
proposed model to a new US dataset, the model trained on the INTERGROWTH-
21%¢ US dataset was also applied to the LUMC dataset. The model was applied
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Table 7.2: Results of the PRINT model on the LUMC dataset without any fine-tuning,
the values indicate standard deviations and the stars indicate significance with respect to
the ResNet baseline (p < 0.01)

MAE (days)
ResNet 8.9 (7.54)
ProtoNet 7.15% (5.7)

with frozen weights to the new dataset without any fine-tuning. The results of this
experiment are shown in Table [7.2], demonstrating that PRINT outperforms the
ResNet baseline significantly (p < 0.01 using a paired t-test). However, the reported
error is substantially larger than the MAE reported on the INTERGROWTH-21%*
US dataset (MAE of 7.15 vs. 3.93), which is mainly caused by large errors for
images late in the GA range. As the images of the LUMC dataset show a large
domain gap with the INTERGROWTH-21%" images later in gestation, due to the

higher image quality of the LUMC images, this is in line with the expectation.

7.5.2 Adult MRI

Baseline Comparisons In Table the performance for the MRI dataset is
shown, with the same two baselines as implemented for the US dataset (a vanilla
ResNet-18 and the AvgPool baseline). In brain MR images, both hemispheres are
visible, and, therefore, there is no need to enforce inter-hemispheric patch similarity
with a consistency loss. As such, this loss was not applied to the MRI dataset, and
the only ablation performed for this dataset were the add-on layers (h). It is evident
that these, in line with the US findings, improve the prediction performance (an
MAE of 6.19 vs. 6.37 without). Furthermore, the PRINT architecture performs
on par with the two implemented baseline architectures. It has been argued that
due to differences in the age range in the data, the weighted MAE, which simply
divides the MAE by the age range in years, is a better measure to compare MR
brain age prediction studies with each other [224]. For this reason, the weighted
MAE is also shown in Table When considering the large age range of the IXI

dataset (in the weighted MAE), and the relatively small size of the training dataset
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Table 7.3: Quantitative results for MRI on the test set. The values between brackets
indicate the standard deviations. The wMAE represents the weighted MAE which is
obtained by normalising for the age range of the dataset by dividing by it (MAE/age range)
[224]. The ablations show the results without add-on layers in the feature extractor(h).
All MRI experiments were performed without consistency loss (L)

Ablation
h MAE [years| wMAE
ResNet Baseline - 6.29 (4.79) 0.094
AvgPool Baseline - 6.41 (5.47) 0.096
PRINT (no h) X 6.37 (5.11) 0.095
PRINT v 6.19 (4.95) 0.092

(i.e. compared to using UK Biobank images), the reported errors are also in range

with previous studies for adult brain MRI age prediction [224].

Predicted versus True Age In Fig. the true versus predicted chronological
age is shown for the MRI dataset. It can be observed that, compared to the
US predictions, larger errors are observed. This can be attributed to the smaller
training dataset size as well as to the larger variability present in the IXI dataset,

as it is acquired at three different sites.

Example Predictions An example prediction showing the nearest prototypes
for an adult brain MR image is shown in Fig. [7.10] It can be seen that the
closest prototypes have a similar ventricular size to the sample image, aligning with
the observation that the ventricular size is highly age-discriminative for adult
brain MR images.

The patch-based matching results for three sample-prototype pairs are shown
in Fig. [7.13] Tt is evident that the matching matrices are mostly according to
the diagonal, suggesting that each patch in the image is matched with the same
spatial location in the prototype. As the images were aligned to the same coordinate
system, this matching is expected and indicates that the model can learn the

similarity between corresponding patches.
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Figure 7.13: Illustration of OT matching between image sample and prototypes for
MRI. The MR images are shown in the same orientation as the US images, with the
midline on the horizontal axis. The obtained OT matching matrix (Q) is given in the last
column of each panel, with the most similar prototype patch to each image patch given a
black border. These patches are shown in order of the sample image in the reconstructed
prototype, with patches that are incorrectly matched shown with red borders. For MRI
three examples are shown for the model without consistency loss.

For almost all test set volumes, the sample-prototype pairs were matched
correctly (i.e. according to the structural anatomy), but Fig. shows one of
the few samples where a few patches were mismatched (shown with red borders).
However, even in this case, most patches were correctly identified. This thus
demonstrates that anatomically correct image patches are matched, even when the
volumes are acquired on different MRI scanners (Fig. ), despite known

harmonisation effects [99].

7.6 Discussion

In this chapter, I proposed a novel interpretable model for continuous regression

tasks based on prototype learning and patch-based OT matching. I showed that
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the model obtained competitive prediction performance on two brain age prediction
datasets; fetal US and adult MRI. On both datasets, the patch-based distance
metric was able to correctly learn the structural matches between the sample image
and prototypes. The proposed method is versatile and can in future work be
applied to other continuous regression problems.

The primary focus of this chapter is not merely achieving competitive age
prediction performance. Instead, I aimed to demonstrate that it is possible to attain
a more interpretable model without sacrificing prediction accuracy. The type of
explanations obtained in this chapter differs from the traditional attribution-based
methods, where pixel-level importance scores are generated. Instead of answering
the question of which image features are used, this chapter sought to address
how these features are used to make a prediction. It thus provides an alternative
approach to making neural networks more interpretable, and could, in future work,
be combined with attention- or attribution-based methods. Furthermore, while in
this study uniform initial distributions were used in Eq. (i.e. all patches get the
same importance weight), this could in further work be replaced by other options
such as cross-correlation between the patches [170] to generate importance scores
for each of the patches, further improving the interpretability of the model.

The images used in this chapter were all aligned to a common coordinate system
as preprocessing step and, as such, the only geometric variation present in these
images is which of the two hemispheres is visible in the US images. For this reason,
the consistency loss was only applied to the US dataset, using horizontal flips
across the midline as geometric augmentation. In future work, the consistency loss
can easily be adapted to other geometric variations present in the dataset. For
example, the PRINT architecture could be trained with US images in their original
orientation (i.e. not aligned to a common coordinate system), and consistency could
then be enforced for translation, rotation and flipping.

A limitation of the consistency loss is that it regularises the distances between
patches in latent space, where the spatial resolution is several times lower than in

the image space. The consistency can thus only be enforced for larger geometric
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augmentations. However, future work could investigate the effect of a higher-
resolution latent space on performance, as this would enable the regularisation
of smaller geometric augmentations.

This chapter provided experiments with the interpretable PRINT model on
2D images only. In theory, the proposed architecture can also directly be applied
to 3D image volumes by replacing all 2D operations with the corresponding 3D
operations. However, as the complexity of the Sinkhorn algorithm scales with O(n?),
with n the number of patches, this will lead to a substantial increase in training
time. While not investigated in detail in this chapter, the Sinkhorn algorithm
typically converged within a few iterations to a relatively good estimate of the
optimal matching matrix. It could therefore be considered to reduce the maximum
number of iterations to reduce the computational time.

In summary, this chapter demonstrated the feasibility of an inherently inter-
pretable network for brain age prediction. In further work, it can be extended to

3D images as well as to US images acquired in their original orientation.



Conclusion

In this thesis, I developed several methods for the quantitative analysis of fetal
brain US during the second trimester of gestation. In Chapter [5] I made use of
automated segmentation masks to measure the volumetric growth during gestation,
whereas both Chapter [6] and [7] quantify the stage of development of the brain by
using brain age predictions. All of the developed methods make the analysis of
large datasets feasible, and can, as such, provide novel insight in brain development
during gestation. This section will summarise the main contributions presented in

this work, and identify the limitations and directions for further research.

8.1 Contributions

The main contributions presented in this thesis can be summarised as follows:

1. Subcortical Segmentation in 3D US
In Chapter [5] I have shown how a limited number of manual annotations can
be used to train a subcortical segmentation network that achieves performance
close to the intra-observer variability for four structures of interest in 3D
US: the CB, LPVH, CP and CSPV. This chapter demonstrated that few
individually annotated images resulted in better performance when the images

were aligned to the same reference system, whereas a larger number of weakly
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labels achieved better performance for images in their original orientation.
The developed models were then applied to a large subset of healthy fetuses,
generating novel US-specific growth curves. The growth curves were validated
by comparing the CB growth to previously reported volumetric measures of
the CB, showing excellent agreement between them. This contribution thus
demonstrated the feasibility of automated subcortical structure segmentation

in 3D US, even when manual annotations are costly to obtain.

2. Local Brain Age Prediction from US with Guided Attention
In Chapter [6] I introduced a network architecture that is able to predict
local brain age. The network architecture incorporates a guided attention
module that forces the network to focus on specific structures in the brain.
Similar guided attention architectures have been used in two previous works
[205, [206], but, to the best of my knowledge, this is the first work that uses
guided attention to achieve local predictions (i.e. based on only part of the
image). I performed experiments with both 2D images and 3D image volumes
and showed that there was a significant increase in brain age prediction
performance (5 - 10 % MAE improvement) when regularising the attention
with known age-discriminative regions such as the CoP and CB. This clearly
demonstrated the benefit of guiding the networks’ focus towards structures of
interest. The obtained attention maps for the CoP-guided training also showed
high attention at the location of two fissures (the SF and POF) that are known
to actively develop during the second trimester of gestation, confirming that

the developed age prediction network focuses on age-discriminative areas.

3. Protoype Learning for Interpretable Brain Age Prediction
In Chapter [7]I proposed a novel architecture for the interpretable prediction of
brain age. The network can provide inherently interpretable predictions based
on patch-level similarities to a set of learned prototypes. The architecture
was specifically tailored towards continuous regression, and predicts the brain

age of a sample image based on a weighted sum of prototype labels in the
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vicinity in latent space. In the architecture, OT is used to match the patches
of the image and prototype with each other, and it was demonstrated that
this enables the opposite sides of the brain hemispheres to match with each
other (i.e. the visible hemispheres). Experiments were performed on 2D US
images of the fetal brain, as well as on a dataset of 2D MR images of the adult
brain, resulting in competitive performance for both datasets, demonstrating
that increased interpretability can be achieved without sacrificing prediction

accuracy.

4. Generalisability of Developed Models
In each of the Chapters I also demonstrated the performance on an
independent test set (the LUMC dataset, as described in Chapter 4f) without
any fine-tuning. This dataset was acquired at a different institute and with a
different US scanner than the images in the training dataset, and therefore
provided a good measure of generalisation performance across datasets. The
predictions of the segmentation network were examined and graded according
to the quality of the segmentation by a trained ultrasonographer. This showed
that for most structures, almost 90% of the images had a high or intermediate
segmentation quality, indicating that the learned features transferred well to a
new US dataset. Furthermore, the brain age prediction performance (Chapter
@ and [7]) on the independent test set was high, especially for the 3D images
in the second trimester (MAE of 3.73 days). This clearly demonstrates the
feasibility of using the developed models for datasets acquired at different

sites or with different scanners.

8.2 Limitations and Future Work

The individual algorithms and methods developed as part of this thesis have a
number of limitations, which have already been addressed in the individual chapters.

However, the work presented in this thesis also has some overall limitations. These
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limitations often motivate future work and these will therefore be discussed together

in this section.

8.2.1 Datasets

Image Quality and Age Range The models developed in this thesis were
mainly trained with images from the INTERGROWTH-21% dataset during the
second trimester of gestation. In this dataset the image quality strongly reduced in
the 3" trimester, primarily due to an increase in shadowing artefacts as a result of
the increased calcification of the skull. For this reason, it was not possible to train
the segmentation and brain age algorithms far into the third trimester.

Furthermore, as the quality of the US images decreases during gestation, the
image quality is thus, to some degree, dependent on the GA. As a result, image
quality can possibly be learned by the network as an age-discriminative feature,
especially for the larger GA range used in Chapter [7| (14 - 30 GWs). However,
the learned attention masks shown in Chapter [6] (Fig. demonstrated a clear
focus on age-discriminative regions of the CoP (i.e. the SF and CoP), suggesting
a limited contribution of image quality to the prediction.

In future work, the developed models can be extended into the third trimester
using a dataset with higher image quality in that trimester. For example, the
LUMC dataset shows a substantially better image quality in the third trimester
than the images in the INTERGROWTH-21% dataset, due to the acquisition

with a newer US device.

Size Normalisation An important consideration in this thesis is that size
information was removed from the US images for brain age prediction (Chapter
|§] and Chapter , by upscaling them to the same whole brain size. This was
motivated by the fact that the aim is to develop a model that can assess structural
brain development rather than volumetric size, as size can be readily inferred with
2D or 3D measurements. While it is not possible to completely separate structural

development from volumetric size, as both are inter-dependent, scaling the images
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to the same brain size should remove most of the size information and is in line with
previous works [86, 88]. A possible drawback of this approach is that interpolation
artefacts can be introduced into the images that could then be used by the network
to predict the age. While this can not be ruled out completely, early experiments
for brain age prediction with strong up- and downsampling scaling did not indicate
any such effects. In addition, the high attention at age-discriminative regions also
suggests that the network does not predominantly use interpolation patterns. In
future work, other methods could be considered to remove the volumetric size
information such as dedicated confound removal techniques [10, [225], however, due

to the strong dependency between age and size, this is a non-trivial task.

Data Dimensionality All experiments with 2D images in this thesis were
performed with 2D planes extracted from aligned 3D US volumes with a set
of fixed coordinates. While this provided a direct way of obtaining a large number
of 2D standard plane images, this is not completely representative of clinical 2D
US acquisition. In a routine US examination typically 2D+t videos are acquired,
and certain planes are saved as 2D images. However, due to factors like the fetal
position and the ultrasonographers’ experience, such images might not always
capture exactly the same anatomical plane. As a result, the variation between
such images is usually larger than that seen in the 2D images used in this thesis.
Further work should look into adapting the developed algorithms to create an
end-to-end pipeline that can make predictions from routinely acquired US images
in clinical practice. As the 2D+t videos contain more structural information than
the individually acquired planes, it would be of interest to integrate the developed
models with a 3D volumetric reconstruction algorithm [226], so that the 3D models

developed in this thesis can be applied to the 2D+t videos.

8.2.2 Generalisability

Domain Performance In this thesis, I have demonstrated the generalisability

performance of the developed models on an independent test set, the LUMC dataset.
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While achieving good segmentation performance for most subcortical structures, the
segmentation of the LPVH was graded considerably lower than the other structures.
Likewise, brain age prediction accuracy on this dataset was high for the second-
trimester images in Chapter [6] (MAE of 5.24 and 3.73 for the 2D and 3D images,
respectively), but substantially lower for the larger GA range used in Chapter
(MAE of 7.15). This decrease in brain age prediction performance can likely be
attributed to the large differences in US quality between the INTERGROWTH-215
and LUMC dataset later in the GA range (i.e. from about 28 GWs), as described
above. In this thesis, the developed models were applied to the LUMC dataset
without fine-tuning. Further work could investigate the use of dedicated domain
adaptation techniques to further improve the segmentation and brain age prediction

performance on external datasets |203] 227].

Age Prediction Ground-Truth Another consideration, specifically for the
brain age prediction models, is the difference in the estimation of ground-truth GA
between the datasets. In the INTERGROWTH-21%* dataset the GA was computed
from the LMP, but only women with an accurately known LMP were included in
the study. On the other hand, in the LUMC dataset the ground-truth GA was
determined with an US-based CRL measurement in the first trimester. These
differences in ground-truth estimation might thus also contribute to the difference
in age prediction performance. This is also an important aspect to consider when
applying the age prediction models to study the structural development in new
cohorts, as the difference between predicted and ground-truth GA (the brain age
gap) is only meaningful if the ground-truth GA is an accurate estimate. In future
work, it would be of interest to validate the brain age prediction models with a
dataset of fetuses conceived with IVF [90], as for this group the day of conception
is exactly known. However, such datasets are challenging to obtain and this might

therefore not be very feasible.
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Population Research The reported average performance for the task of brain age
prediction in this thesis is high, with the best MAE being only 3.45 days. However,
the relatively large standard deviations (2.82 days) indicate that the predictions
on an individual level can vary considerably. This can partly be attributed to
the natural variation present in the structural brain development of individuals in
a healthy population, and individual predictions can thus not directly be linked
to normal or abnormal brain development. For this reason, the proposed brain
age prediction methods are, at this time, intended for population research rather
than for predictions on an individual level. For example, the methods could be
applied to study brain development in a cohort of fetuses with congenital heart
disease. To further improve performance and reduce the variability introduced by
the stochastic nature of training deep learning models, also an ensemble of models

could be considered, as these typically result in better prediction performance.

8.2.3 Interpretability

Visualisations In Chapter [6] and [7] dedicated methods have been designed to
improve the interpretability of brain age prediction models. Both of these chapters
addressed a different question, with Chapter [6] focussing on which images features
are used in the prediction, and Chapter [7] on how features within individual images
are used for the prediction. The masked feature representations obtained in Chapter
6] could be directly visualised, providing an intuitive way to present the importance
of individual image features. On the other hand, it was more challenging to visualise
the complete decision-making process of PRINT, as it consists of similar prototypes
as well as of patch-based distances between all image-prototype pairs. In further
work, interactive graphical user interfaces could be developed that allow the user
to explore the visualisations in more detail. This could provide insight into model
behaviour that can then be used to improve the prediction model. For example,
the consistency loss was motivated by the observation that the visible hemispheres

in the US images were not correctly matched with each other.
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Receptive Field As the methods in Chapter[6are based on CNNs, it is important
to consider that information from outside the region of interest (which is enforced
with a segmentation loss) could contribute to the prediction to some degree, due
to the large receptive fields of the convolutional filters. A similar consideration is
present in Chapter [7] where distances between patches in latent space might also
be influenced by image features outside the image patch obtained by upsampling.
Both of these chapters use the assumption that convolutions largely preserve
spatial relationships, but this might not always hold in practice. In future work,
experiments can be carried out that study this relationship in more detail, for
example by occluding parts of the image outside the region of interest (Chapter @

or patch (Chapter [7)), and observing the effect on the model predictions.

8.2.4 Future Applications

Abnormal Development In this thesis, the developed models have only been
trained using a dataset of healthy fetuses. Therefore, only changes in the speed of
development (i.e. whether a certain structural pattern is age-appropriate) can be
detected, as such images will resemble images from the training set. On the other
hand, the models will not be able to quantify structural patterns that bear little
resemblance to healthy development. For example, the segmentation algorithm will
most likely fail to segment the LPVH in fetuses with severe ventriculomegaly, as the
model has not seen such cases during training. In future work, the segmentation
algorithm can be extended with non-normal training data so that it is more robust
to changes in brain appearance. This is more difficult for brain age predictions, as
the concept of the brain age gap can only be reliably used to quantity whether the
stage of development is age-appropriate. However, strong abnormalities are often
straightforward to detect by an ultrasonographer, and as such, these cases can be
excluded from analysis. More subtle changes are more challenging to detect visually,

and brain age prediction models can thus aid the analysis of these cases.
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Analysis of Non-Normal Cohorts The models developed in this thesis enable
the analysis of large cohorts of data, without the need for costly manual annotations.
While the developed models were only applied to images of healthy fetuses, in
future work these models could be applied to non-normal cohorts to study brain
development in those groups. For example, children born with congenital heart dis-
ease often show delayed cognitive development in childhood, but the developmental
origin of this delay is unknown. While earlier work has studied brain age predictions
in this group [228|, the local brain age model proposed in this work (Chapter @ can
identify local changes and, as such, might provide novel insight in the structural
brain development in this group. An important consideration when applying the
developed models to study non-normal cohorts, is that a control (healthy) group is
required with the same characteristics (i.e. same site and scanner). This ensures
that any observed changes in the predictions can be correctly attributed to the

abnormality, rather than being a result of domain shift.
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INTERGROWTH-215 Data Selection

Criteria

Overall 3D image

Midsagittal Plane

Absence of maternal or fetal motion artifacts

Head fully contained within the image

Minimal acoustic shadows in the distal hemisphere*

High contrast between fluid-filled (cavum septi pellucidi, ventricles) and
dense (e.g. skull, choroid plexus) regions*

Cavum septi pellucidi visible

Eye sockets not visible

Facial profile clearly visible (<24 weeks’ gestation)*
Choroid plexus not visible (<18 weeks)

Transthalamic plane

Transcerebellar plane

Symmetrical plane

Head occupying at least 30% of image
Cavum septi pellucidi visible

Choroid plexus visible within ventricular cavity
Thalami visible

Posterior ventricle cavity visible

Sylvian fissure visible

Cerebellum visible*
Cerebellar vermis visible*
Cisterna magna visible

* relaxed for validation subset selection (i.e. minimal shadows = minimal large shadows,

high contrast -» medium-high contrast, visible = partly visible)

Figure A.1: Inclusion criteria for the data selection of the INTERGROWTH-21% dataset.
All criteria were used for selection of the atlas subset, and a relaxed set of criteria (those
marked with a * were relaxed) for the validation subset. These criteria were created by

Prof. Namburete for earlier work.
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Additional Results Subcortical
Segmentation

Table B.1: P-values obtained from comparing the DSC segmentation performance of
both networks, § and §°*P, with each other as well as with the naive propagated atlas
masks (prop. atlas). For each structure a repeated measures ANOVA was performed
followed by post-hoc testing with a paired t-test. Reported p-values are post-hoc tests
corrected with Bonferonni correction for the four structures, as well as for the three model
comparisons. For the CSPV the ANOVA returned non-significant differences (p=0.08),
and as such the post-hoc tests are not reported.

prop. atlas vs. 9%t atlas vs. 9P gatl s, gerp
Cp <0.005 <0.001 <0.001
LPVH <0.001 <0.001 <0.01
CSPV - - }
CB <0.05 <0.005 <0.001

178



B. Additional Results Subcortical Segmentation

2.5
ézo
= O ¢
= /.\ /1
e
p 89 ©
0 10° ot 10 10?
A

O

DS

179
[ (]
0.85 ——
.—.\./. —_ P
0.80
A 4 = [, PVH
._././.\f CSPV
0.75 == = — &

Figure B.1: Segmentation performance when varying the weighing parameter between

the Lyp and Log, A in Eq.
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Figure B.2: Signed and unsigned relative volume differences after post-processing for

6°"P and 6% after largest component post-processing.

6" shows an average AV,.; higher

than 0 (except for the CSPV in the aligned setting), corresponding to over-segmentation.
0¢*P shows, on average, a slight negative AV,..;, thus under-segmentation, for the unaligned
images while the differences are centred around zero for the aligned data. The clear
outliers for the CSPV and LPVH correspond to images at 18 or 20 GW where the total
ground-truth volume of the respective structures is very small, resulting in large relative

volume differences.
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Figure B.3: Signed and unsigned relative volume differences before the largest connected
component post-processing step was applied for both % and #*. Tt can be seen that
post-processing has only a very small effect on the resulting volume measurements (i.e.
compared to Fig[B.2).
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Figure B.4: Resulting performance values before the largest connected component
post-processing step was applied for #%¢ and 6. Note the log scale for the y-axis
of the bottom row. It can be seen that the reported Hausdorff distances are without
post-processing are large, which is due to spurious segmented regions, predominantly in
the less-visible hemisphere.



Optimal Transport Derivation

The optimal transport (OT) objective between a cost matrix, C, and a coupling

matrix, Q, with entropic regularisation in Eq. was given as:

mcizn<2 Z Cijij — =min(y_ > cyay — € > aisloglay)  (C1)

i=1j=1 i=1j=1

This objective can be rewritten in matrix notation with inner products as:

min((T, Q) + (Q,log(Q))) (C.2)

with all log(+) and e) functions in this section being element-wise. Leaving the
in’n out for clarity, and using the linearity of inner products, this formulation

can be written as:

—(Q.C +clog(@) = (Q, T + log(Q) (3

Considering that = log(e™"), this can be simplified to:

= (@~ log(e ) + 1og(Q)) = (@ log( ) (C4)

Defining a new matrix K as a kernel function of C:
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K =¢ ©/° (C.5)
then Eq. [C.4] simplifies to:
= (@ log()) (C6)

which is the definition of the KL divergence between Q and K, scaled by e. As
the objective is minimized with respect to Q, the scaling factor will not have
an effect, and can be left out of the expression. The full objective, written as

a KL divergence is now given by:

mén(DKL(Q | K)), with K = e ¢/ (C.7)
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