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Abstract

The design of medical devices is often a lengthy and costly process,
requiring multiple stages of testing through experimental, animal,
and human trials. Therefore, computational methods are increas-
ingly used early in the design process both to explore the mechanical-
biological interactions which affect device use, and to identify promis-

ing new design options in a process known as generative design.

This thesis focusses on improving the design of ventricular catheters
used in the treatment of hydrocephalus, a relatively common but seri-
ous condition caused by excess cerebrospinal fluid (CSF) in the brain.
Current catheters have high failure rates (> 40% [1]), often due to
blockage by the Choroid Plexus (ChP), the nearby brain tissue that
produces CSF. There is consequently an urgent need to improve the

design to reduce this risk.

A 3D computational fluid-structure interaction (FSI) model was de-
veloped to assess how catheter designs influence ChP deformation.
Designs used in the UK were tested and compared, with superior de-

signs defined as those that caused less ChP deformation and hence
reduced the likelihood of blockage.

As 3D simulations take days to run, faster, reduced-order models were
developed using geometric simplifications and mechanistic approxi-
mations. Combined with a predictive machine learning layer, this
created a surrogate model able to predict ChP deformation rapidly
and accurately, enabling a large-scale optimisation over design space.
Promising new catheter designs suggested by this surrogate-aided op-
timisation were tested in the full FSI model and showed marked im-

provements in performance when compared to current devices.

This interdisciplinary thesis brings together methods from mathemat-

ics and engineering, and applies them to a critical biomedical problem.



The results here focus on ventricular catheters, however the surrogate-
aided generative design framework is general, and has the potential
to be used more widely. The modular codebases and methodologies
developed in this work have all been deliberately designed to ensure
they can be applied to other optimisation and design problems, both
within the biomedical sphere and beyond.
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Table of variables

Variable

| Description \

Catheter design

T, 2 Cartesian coordinates. mm, mm, mim
r, 0,z Cylindrical polar coordinates. mm, -, mm
o Angle of axial rotation between catheter and | °
ChP
k Index of inlet holes for a given catheter design | -
Tk Radius of the base of a conical inlet hole mim
Ok Inlet hole angle with the positive horizontal axis | °
2k Axial position of an inlet hole mm
n Number of inlet holes in a circumferential ring | -
2Posy, Axial length between neighbouring inlet holes mm
Fluid model
v Fluid velocity field. ms
P Fluid pressure. mPa
n Unit normal vector. -
\4 Discretised velocity vector. ms!
P Discretised kinematic pressure vector. mPa
A Effective wall permeability. mm? s/g
Solid model
X Reference (material) position. mm
x Current (spatial) position. mm
u=x — X | Solid displacement. mm
F = 0x/0X | Deformation gradient. -
o Cauchy stress tensor. mPa
B=F-F' | Left Cauchy Green tensor. -
I Identity tensor. -
J =det(F) | Deformation Jacobian. —
P First Piola—Kirchhoff stress. mPa
Machine learning
i Data point index. —
x Input vector. Various
Y Output: maximum equilibrium ChP displace- | mm
ment.
€ Prediction error. mm
B Internal algorithm weights. -
A Hyperparameters of the algorithm. -

Table 1: Table of key variables used in this thesis






Chapter 1

Introduction

1.1 Motivation

Traditionally, medical devices are tested for efficacy through lengthy and expen-
sive in witro, in vivo and clinical trials, often building incrementally on previous
designs with the aim of increasing the performance of a device [2]. The process
of device design is becoming more complex, with an increasing number of safety
standards and regulations to be considered, and the devices themselves operating
in increasingly intricate ways [3]. In addition, clinical trials place a heavy burden
both on the participating patients, and the organisations running and funding
the work [4]. There is a strong incentive to leverage the increasing availability of
computational power to reduce the time and cost of this process.

Currently, computational methods are used primarily in the early stages of
the design process [5]. Computational models are invariably an approximation of
the true biological scenario and so cannot replace clinical trials, but they can sig-
nificantly reduce the number of designs being sent to trials, with a corresponding
decrease in the cost and failure rate. Models can be used to gain an enhanced
understanding of biological mechanisms and domains which impact device use
[6], or to test and evaluate proposed designs and explore new design directions,
ensuring only the most promising designs pass to the next stage of testing.

In this work, the design of ventricular catheters used in hydrocephalus shunt
systems is identified as a problem of interest due to high failure rates, numerous
designs in current use, and the lack of any current metric to directly compare the
relative performance of different designs. Paediatric hydrocephalus is a serious

medical condition where an excess of cerebrospinal fluid (CSF) in the ventric-



ular system of the brain causes a build-up of intra-cranial pressure [7]. If left
untreated, the condition worsens, causing headaches, balance problems and po-
tentially proving fatal within years [8]. The most common treatment for severe
hydrocephalus is to implant a permanent drainage shunt system connecting a
ventricular catheter in the brain to a second catheter in the stomach, allowing
excess fluid to be safely cleared [9]. The ventricular catheter is a hollow tube
with inlet holes in the side wall clustered around the closed tip of the catheter.
This research focusses specifically on the size and placement of inlet holes in the
ventricular catheter.

The CSF drainage through shunt systems can cause the Choroid Plexus
(ChP), the soft, deformable, vascularised tissue rooted to the base of the ventri-
cles that produces the CSF, to be dragged into the ventricular catheter causing
it to block. This requires shunt replacement, which is complicated by the risk of
the adhered ChP tissue tearing and haemorrhaging [10]. Blockage due to brain
tissues such as ChP is responsible for over half of shunt systems malfunctioning
[10]. The aim of an improved catheter design is one that minimises the deforma-
tion of the ChP towards the catheter, hence reducing the risk the ChP will reach
the catheter and block it.

Each year, 400,000 new cases of paediatric hydrocephalus develop across the
world, with a higher incidence rate in low and middle income countries [11]. Latin
America, Southeast Asia and Africa carry 75% of the case burden [12, 13]. In the
UK, 3,000 to 3,500 shunt surgeries are performed every year, while the annual
cost of shunt surgery in the USA was estimated at $1 - 2 billion in 2021 [14,
15]. Tt is therefore crucial to better understand how to improve catheter design
to help mitigate the increasing social and economic costs. For example, a recent
innovation impregnating the shunt catheter material with antibodies is estimated
to save the UK Health Service £7 million per year by reducing infection and
therefore the need for shunt replacement surgery [16].

In this work an idealised, computational model is developed to investigate
the impact of catheter design on ChP deformation, incorporating the key parts
of the ventricular-catheter domain. The ventricle-catheter-ChP environment is a
complex biological system in which ChP deformation is driven by CSF-induced
stresses, and this deformation in turn alters the fluid domain and resulting flow.
The model therefore captures the fluid-structure interaction (FSI) coupling be-
tween the CSF (the fluid component) and the ChP (the solid component). It can



serve as a test bed for candidate catheter designs, with designs causing less ChP
deformation being considered more successful.

Ideally, the FSI model would then be combined with computational optimi-
sation techniques to search for improved catheter designs. This integration of
computational models and optimisation into a design process is known as gener-
ative design. However, while the high-fidelity model which resolves the complex
FSI coupling gives detailed mechanistic insight, it is computationally expensive
with a runtime of days. Using such a model in a generative design protocol is
infeasible, and an investigation into faster models is thus performed.

First, reduced-order models (ROMs) are developed either by considering geo-
metric reductions of the domain or by replacing key mechanisms (such as the FSI)
with simplifications. ROMs focus on a specific component of the full FSI model
and give a fast, but approximate, model of this component. Different ROMs
have different focusses, and do not necessarily model the ChP directly. To be
informative for this problem, an output from the ROM needs to be correlated to
ChP deformation. Machine learning (ML) algorithms are hence used to establish
relationships between outputs of the ROMs and the ChP deformation. This use
of data-driven techniques to enhance the predictive power of ROMs is known as
mechanistic learning (MxL) [17]. This procedure also identifies which ROMs are
the most effective in the problem of predicting ChP deformation. This combina-
tion of ROM with a predictive ML layer is defined as a surrogate model. The
surrogate model replaces the full FSI model in evaluating the effect of a catheter
design on ChP displacement.

Once established, the surrogate model is integrated into a generative design
protocol. This creates the surrogate-aided generative design pipeline, where pro-
posed designs are evaluated by the approximate surrogate model. This pipeline
identifies candidate designs which are the most successful, as evaluated by the
surrogate model. The candidate designs are then tested in the 3D FSI model to
ensure they are true improvements over existing designs. All designs suggested by
the optimisation are improvements over existing designs, meaning the surrogate
model is successful in identifying promising designs.

The structure of this thesis is shown in Figure 1.1. The colours in the Fig-
ure indicate where the different sections of the methodology will be discussed in
this thesis, with (a), in blue: Chapters 3 and 4; (b), in red: Chapters 5 and 6;
and (c), in green: Chapter 7.



(c) SURROGATE-AIDED OPTIMISATION

Optimisation algorithm

Scalar New
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capturing key details and
mechanisms of the system

Figure 1.1: Graphic of the surrogate-aided optimisation methodology presented
in this work.



This thesis suggests improvements to the design of the ventricular catheter
with the specific aim of minimising the risk of ChP blockage. This work both
extends the current knowledge of hydrocephalus catheter design and develops
highly configurable codebases and methodologies that can potentially be applied
to many other design problems. In particular, this work demonstrates how sim-
pler, approximate models can be used successfully in generative design, when
ground-truth data may not be available, or the full model is computationally too

expensive to be used in a comprehensive optimisation sweep.

1.2 Thesis plan

Chapter 2 provides a background to the catheter problem with a discussion
of the physiological and clinical setting of hydrocephalus and previous work on
improving shunt system design. The main computational modelling techniques
used in this work are introduced. A review of optimisation methods is given,

along with a discussion of previous work using surrogates in generative design.

Chapter 3 details the model and method used to create the main 3D FSI sim-
ulations. This includes adapting and coupling existing codebases used to model

fluids and solids. The model created is the blue component shown in Figure 1.1.

Chapter 4 presents results from the 3D FSI simulation, and compares three
examples of current catheter designs. A 2D FSI ROM is introduced and a com-
prehensive parameter sweep using this model motivates a first improvement to

catheter design. Again, the 3D FSI model is shown in Figure 1.1 (a).

Chapter 5 introduces two further ROMs which focus on the fluid field inside
the catheter and the stress field on the ChP respectively. A ground-truth dataset

curated from the 3D FSI model is introduced and used to quantify the accuracy
of the ROMs.

Chapter 6 combines the ROMs introduced in Chapter 5 with ML techniques
to create a predictive surrogate model which can be used as an approximation to
the full 3D FSI. The chapter focusses on Figure 1.1 (b), taking insights from the

3D FSI model discussed in previous chapters.



Chapter 7 contains results from the structured optimisation of the catheter
design space. The surrogate model introduced in Chapter 5 is combined with
generative design algorithms to propose new candidate designs. Candidate de-
signs are then simulated in the 3D FSI model, and their ground-truth performance
compared to existing catheter designs in Chapter 4. This chapter presents Fig-
ure 1.1 (c), both the optimisation protocol and the testing of optimised designs
in the 3D FSI model.

Chapter 8 presents the final conclusions of the project and discusses their im-
pact and limitations. Suggested directions for future work are given, and the

application of the computational methodology to other problems is discussed.



Chapter 2

Scientific background

This literature review begins with a description of hydrocephalus and current
treatments, focussing specifically on the shunt system which is the most common
treatment for severe paediatric hydrocephalus. A discussion of the development
of the shunt system over the last century follows, with a particular focus on
research into optimal placement of the catheter inlet holes. Finite element and
finite volume models form the basis of the computational model developed in
this thesis, and are introduced next. Computational models have already been
used extensively to investigate biomedical problems, and a range of models are
reviewed, including fluid models of cerebrospinal fluid (CSF) around the ventricles
and nervous system, solid models of brain tissue, and biological fluid-structure
interaction models. The second part of this thesis focusses on generative design,
which is introduced alongside a review of optimisation techniques. Particular
attention is given to the use of surrogate models, which play a central role in this

work. The chapter concludes with a discussion of surrogate-aided optimisation.

2.1 Healthy physiology

The nervous system is the body’s main communication network, gathering signals
from the surrounding environment and transmitting information between the
peripheral and central nervous systems (CNS) via a network of neuronal cells
[18]. The peripheral nervous system is a system of neurons spread across the
body, while the CNS is comprised of the brain and spinal cord [19].

The CSF is a homogeneous, incompressible, Newtonian fluid which forms
a critical part of the CNS. With a viscosity of 0.75 mm?/s and a density of



1000 kg/m?, CSF is rheologically similar to water [20, 21, 22]. The CSF cushions
the brain during the impact of daily activities, and provides a buoyant support
reducing the stress of the brain on the spinal cord [19]. The CSF is also the
medium for the transport of nutrients around and removal of waste from the
CNS [23]. It is produced primarily in the lateral ventricles in the centre of the
brain; two identical mirror-image, fluid filled cavities, each with a volume of ap-
proximately 5 cm? in newborns [24, 25] (see Figure 2.1 a). Within the ventricles,
CSF is primarily produced by the Choroid Plexus (ChP) which grows in a fin
from the bottom of the lateral ventricles, with the base of the tissue rooted and
the upper parts extending into the fluid they produce (see Figure 2.1 b)) [13].
Epithelial cells in the ChP secrete CSF, with the frond-like cross-section of the
ChP giving a larger surface area for the transport of CSF into the ventricles.

Multiple studies have used magnetic resonance imaging (MRI) and ultrasound
methods to determine the shape of the ChP within the ventricle. Due to the
small size of the ChP, and its location deep within the brain, this is a difficult
task [26]. Images of the ChP taken from children aged 0-16 years suggest a width
of 3.4 mm with little variation by age [27], while a separate study on newborns
gave an average width of 5.5 mm [28] (measurements taken of the maximum
width of the ChP in the lateral ventricles). The variation between these results
suggests significant measurement error, due to the difficulty in imaging the brain
and correctly segmenting these images [29]. The frond of ChP is reported to have
an average length of approximately 14.15 mm (left hemisphere) and 14.6 mm
(right hemisphere) measured in 114 foetuses at 11-13 weeks gestation [30], rising
to 22.9 mm (left) to 23.4 mm (right) measured in 50 newborns [28]. These studies
give the approximate size of the ChP, but the measurements should be used with
care due to the reported amount of measurement error and variation between
studies. It is also observed that the size and shape of the ChP vary substantially
both between patients, and for any specific paediatric patient the ChP will grow
as the child grows and develops.

After production in the lateral ventricles, the CSF drains through apertures
called the Foramen of Munro, collecting in the third ventricle, a smaller, triangu-
lar space located in the centre of the brain. From there, the fluid flows through
the Aqueduct of Sylvius into the fourth and final ventricle [8]. Once the CSF
has left the brain’s ventricular system it flows either around the spinal cord or to

the subarachnoid space surrounding the brain and spinal cord (see Figure 2.1).
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Figure 2.1: (a) Image adapted from Bitanihirwe, Lizano, and Woo [31] under
a Creative Commons Attribution 4.0 International License (CC BY 4.0 [32])
showing key regions of the upper CNS and CSF flow direction. (b) Image from
Mortazavi, Griessenauer, Adeeb, Deep, Bavarsad Shahripour, Loukas, Tubbs,
and Tubbs [33] with approximate scale added (permission to reproduce obtained
from Springer Nature) showing the position of the ChP tissue in the ventricle of
a cadaver.
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From here, the fluid is reabsorbed into the surrounding tissue [23]. This system
is very sensitive to any disturbance in the production or uptake mechanisms as
the production rate must always balance the uptake rate to maintain the correct
quantity of CSF in the system. Key components of this system are shown in
Figure 2.1 a), with the direction of CSF flow shown with arrows [22].

The flow of CSF is influenced by two factors. Firstly, the production of
CSF in the brain’s ventricular system at a rate of 400-600 mL day~! causes a
bulk movement of fluid through the system [34]. There is debate over whether
the production of CSF from the ChP is constant (due to an active transport
mechanism) [31], or varies with the cardiac cycle [19, 35]. During the cardiac
cycle, blood flow into the blood vessels in the head increases the vessels’ volume,
forcing the volume of the ventricles and other brain tissues to decrease to maintain
the overall volume of the skull (Monro-Kellie law) [34]. The incompressible CSF
is consequently pushed out of the ventricular system and into the spinal canal,
the base of which expands to accommodate the extra fluid. During diastole,
all these effects reverse causing a partial change in the direction of flow back
into the ventricles [7]. However, as this variation is small when compared with
the overall production rate, most models assume constant production rates (and
consequently flow rates) of 0.3-0.4 mL min~! [36]. Tt has been suggested that
there may also be some variation in the production rate on a slower, daily cycle,

but this has not been well quantified and is a smaller effect [33].

2.2 Pathophysiology

2.2.1 Hydrocephalus

Hydrocephalus describes the condition where an excess of CSF is present in the
lateral ventricles. Due to the directional nature of CSF flow, any production
imbalance or blockage can lead to a build-up of CSF in the brain, which quickly
causes dangerous levels of intracranial pressure [13]. The consequences of severe
hydrocephalus include headaches, cognitive changes, and commonly result in se-
vere brain damage and death [8]. Hydrocephalus was recorded by Hippocrates
in the 5" century AD, with further mentions of infant hydrocephalus being dis-
cussed in anatomical textbooks in 1701 and 1832 [37].

12



Flow imbalances may be caused by the small apertures connecting different
parts of the ventricular system becoming blocked, or by damage to the reabsorp-
tion system, meaning the brain is not able to absorb all the CSF produced [7].
Hydrocephalus is commonly divided into three types: in adults, normal-pressure
hydrocephalus is most common, where a stroke, injury or changes to the brain
during ageing gradually restricts the flow of CSF, while keeping the intra-cranial
pressure at a constant level [13, 15]. Hydrocephalus driven by ageing mostly
affects adults over 60 and is often misdiagnosed as Alzheimer’s disease due to
similar symptoms [38]. The second type is acquired hydrocephalus which can
develop any time after birth, and is usually the result of a serious head injury
or tumour causing a dramatic change in brain shape and pressure [39]. In this
project, the focus is on the third type of hydrocephalus, namely congenital hydro-
cephalus, which is present at birth and which can be caused by haemorrhage or
infection during pregnancy or during the rapid development of the infant shortly
after birth [13]. Hydrocephalus cases can sometimes be alternatively classed as
communicating or non-communicating hydrocephalus [13]. In communicating
hydrocephalus, the CSF is able to pass through the ventricular system and into
the subarachnoid space with some reabsorption possible at all points. In this
project, the focus is on non-communicating hydrocephalus, where a blockage is
present within the ventricular system preventing any flow of CSF. Ventricular
blockages are particularly dangerous as there are minimal reabsorption surfaces
in the central brain, so pressure can build rapidly [38].

Hydrocephalus is clinically diagnosed with a combination of physical signs
(primarily, an enlarged head in infants as the excess CSF distorts the flexible

skull), and confirmed with MRI imaging and CSF pressure readings [40].

2.2.2 Treatment

Making holes in the skull to ameliorate pressure build-up (decompressive trepa-
nation) was proposed as a treatment for hydrocephalus in a 10'" century medical
treatise by Abulcasis [41]. Medieval doctors including Vesalius were well aware
of the excess of CSF as the cause of hydrocephalus, and so drainage treatments
were often attempted [37, 42]. Towards the end of the 19" century, successful

insertions of drainage systems between the brain and various parts of the body
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were shown to be safer and more effective than open trepanation, as they de-
creased the risk of infection. Rubber as a material for catheters became popular
in the 1940s [43, 44], and shunt surgeries became standard after breakthroughs
in the use of silicone and drainage valves in the 1960s [41].

Shunt systems remain a common treatment for severe non-communicating,
congenital hydrocephalus, as they effectively restore normal pressure conditions
by removing excess fluid [13, 45]. Shunt insertions are one of the most common
neurosurgical procedures with over 36,000 shunt surgeries taking place each year
in the United States of America [46], 3500 in the United Kingdom [47] and an es-
timated 160,000 worldwide [48]. Shunt treatment improves survival rates to “70%
at one year, 40% at ten years” [9]. The shunt system comprises two catheters, the
ventricular catheter positioned in the lateral ventricles, and typically a peritoneal
catheter positioned in the peritoneal cavity of the stomach. Alternative outlet
catheter positions are possible, with the right atria of the heart or the pleural
cavity also common choices [8, 49]. The ventricular catheter has a closed tip (of-
ten containing a radiotracer to aid positioning) and a series of inlet holes in the
20 mm of catheter wall closest to the tip. The catheters are connected by a valve
positioned towards the back of the skull. Figure 2.2 a) shows the most common
placement of the ventricular catheter (entering from the back of the head), with
the position of the lateral ventricles and ChP also indicated. Figure 2.2 b-d) show
various ventricular catheter designs with a range of inlet hole styles.

Surgical and material improvements in the 2000s reduced the risk of infection
during surgery by minimising invasive techniques during the implant procedure
and impregnating the shunt tubing with antibiotic properties [44]. There has
also been much developmental work done on the valve, looking at pressure or
flow driven options, and allowing for programmable behaviour [43].

Modern valves monitor the flow to maintain normal pressure within the brain
and prevent backflow [53]. The first valve systems were differential pressure
driven mechanisms, used to prevent backflow of CSF or the introduction of other
body fluids, such as blood, into the brain [41]. Earlier shunt systems suffered
from over-drainage as the user changed position (e.g. from lying down to sitting
up), and so more recent valve systems actively control the flow of CSF from the
head to prevent the dramatic changes in intra-cranial pressure associated with

over-drainage.
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Figure 2.2: (a) Schematic of a shunt system positioned in the ventricle environ-
ment (image reproduced from Ref. [50] under a Creative Commons Attribution
4.0 International License (CC BY 4.0 [32]). (b) Close-up visualisation of a ven-
tricular catheter, showing the 30 mm closest to the closed tip. (¢) Two example
catheters, both manufactured by Codman ®) [51], that will be examined in this
work. (d) Ventricular catheters currently produced by Natus Medical ®) [52],
including a flanged design (second left).
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More recently, endoscopic third ventriculostomy, the process of making a small
drainage channel internally connecting the third ventricle to the sub-arachnoid
space, has been used as a hydrocephalus treatment [12, 54]. However, it is an
area of much debate as to whether this procedure is safer and more successful

than shunting, and for which categories of hydrocephalus it is most effective [55].

2.2.3 Shunt design

While shunt systems effectively deal with the excess of CSF, and can successfully
operate for years at a time, they are prone to failure, with 50-85% of patients
requiring replacement, and with 2 to 4 shunt replacements expected in the first
10 years of use [15, 56, 57]. There are two main reasons for shunt replacement:
infection during initial implant surgery or malfunction of the shunt preventing
it from successfully draining CSF. Infections occur due to contamination of the
shunt during implant surgery and occur in 5%-15% of all cases [58]. However,
the development of antibody-impregnated catheters in the 2000s has been suc-
cessful at reducing the rate of surgical infection (from 7.1% to 2.6% in a survey
of 1800 participants [59]), and catheters made from antibody resistant material
have become standard in the industry.

In this research the focus is therefore on the second cause of failure: shunt
malfunction. A main cause of mechanical failure in shunt systems is the blockage
of the ventricular catheter by the ChP. This is illustrated in a sheep model in
Figure 2.3 a). Such ChP blockage further endangers the patient as not only does
the build-up of intracranial CSF cause dangerous levels of pressure within hours,
but the shunt cannot be easily removed without tearing the vascular ChP and
causing bleeding in the brain. Of all shunt replacement surgeries, an estimated
40% are due to the catheter becoming blocked, the second highest cause of failure
after surgical infection [1, 60]. To prevent this, the catheter tip (which contains
the inlet holes) is placed as far forward in the lateral ventricle as possible, away
from the rooted ChP (see Figure 2.2 a). However as infants grow, the length of the
ventricle increases relative to the shunt length, and as a result the tip is then closer
to the ChP region [45]. Clinical studies of hydrocephalus track the success of shunt
treatments and routinely see high rates of shunt revisions. A large scale study
following 456 patients who underwent shunt surgery as infants saw 95% requiring

shunt revisions, some after a period of 20 years [62]. A second clinical study of 227
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Figure 2.3: (a) Occlusion of a ventricular catheter by ChP tissue in a sheep model,
taken from Johnston, Del Bigio, Drake, Armstrong, Di Curzio, and Bertrand [56]
(under a Creative Commons Attribution 2.0 International License CC BY 2.0
[32]) (b) Explanted catheter with ChP growing into inlet hole, taken from Levrini,
Czosnyka, Lawes, Kolias, and Mannion [61] with approximate scale added (under
a Creative Commons Attribution 4.0 International License CC BY 4.0 [32]).

patients found that 20% of patients required revision surgery, with occlusion by
tissues being the leading cause of shunt failure [14], while a third study argued that
placing the catheter away from brain tissues was the most promising predictor of
catheter success [63]. A 2017 study compared shunt treatments in 434 patients
over 40 years and found no significant improvement in infection or revision rates
over that time period despite improvement in materials and techniques [45]. A
comprehensive review of existing clinical studies of hydrocephalus treatments
found high rates of shunt revision surgeries due to occlusion in all studies reviewed
[9].

These studies show that the problem of catheter blockage remains. As clinical
studies are observational, they do not directly suggest ways to reduce the problem.
Various ventricular catheter designs have been proposed to mitigate the risk of
blockage by ChP. The flanged design (second left, Figure 2.2 d)) was proposed in
the 1970s to physically stop the ChP from reaching the inlet holes, but proved
ineffective, and particularly difficult to replace as the ChP became entangled in
the flanges [64]. Now, a variety of catheter inlet hole designs are available (Figures
2.2 b-d)) with significant variation between the size and placement of inlet holes,

but none are totally successful at preventing blockages.
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To gain a deeper understanding of the catheter blockage process, experi-
ments have been performed on animal models. Johnston, Del Bigio, Drake,
Armstrong, Di Curzio, and Bertrand [56] demonstrated the limitations of a ven-
tricular catheter in a sheep model, and found that the ventricular catheter was
blocked by the ChP within 9 days of insertion in 11 out of 16 subjects. McAl-
lister, Talcott, Isaacs, Zwick, Garcia-Bonilla, Castaneyra-Ruiz, Hartman, Dilger,
Fleming, Golden, Morales, Harris, and Limbrick [65] showed similar results in a
pig model, additionally measuring a four-fold increase in ventricular volume after
hydrocephalus was induced.

The similarity of symptoms seen in animal models and humans aids under-
standing of the symptoms and treatment of hydrocephalus [34]. However, animal
studies can only consider small populations, and hence inter-patient variability
makes it difficult to draw generalisable conclusions. This motivates the use of
computational models as an inexpensive, fast alternative to animal models which
can be used to improve the mechanistic understanding of the problem.

Improving the design of the catheter inlet holes to prevent blockage by ChP
has huge potential to improve the performance of the shunt system and minimise
the risk to the patient. In this work, an investigation into ventricular catheter hole
design is performed, and the impact of different designs on ChP deformation is
studied. As this is a complex biological system, modelling the full hydrocephalus
problem in silico requires intricate techniques based on well-established methods.
To this end, a discussion of the computational methods that are used to simulate
the ventricle-catheter-ChP domain is presented below, including a summary of
previous computational research into various parts of the ventricle-catheter-ChP

system.

2.3 Computational models

Computational modelling emerged at the end of the second world war and has
since revolutionised research across the sciences [66]. Physical systems can be
represented by a set of mathematical governing equations on a geometry, with
the governing equations determined either by the laws of nature (e.g. conser-
vation of mass and momentum), or from experimentally observed relationships
(e.g. Hodgkin-Huxley’s model of action potentials in neuron, derived from exper-

imental observations of a giant squid [67]). Computers are efficient at finding a
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good approximation to the solution of a set of governing equations, and benefit
from being cheaper, faster and non-intrusive compared to experimental models.
Computational models are removed from experimental noise and measurement
uncertainty, and can often explore beyond the range of experimental models (e.g.
a model input parameter may be limited experimentally by the materials avail-
able, but can be easily changed in the computational model simply by altering
the value of the parameter). However, models are inherently an abstraction of
the real world problem, making simplifications and assumptions to create a closed
system of mathematical equations.

Some systems of governing equations apply to many different problems. Here
for example, CSF is modelled as an incompressible, Newtonian fluid, and like all
incompressible, Newtonian fluids is governed by the incompressible Navier-Stokes

equations linking fluid velocity v with fluid pressure p:

0
V-v=0, ps <8_1t) + (v - V)v) = —Vp+ uViv, (2.1)

where py and p are the density and viscosity of the fluid respectively. These equa-
tions quantify conservation of mass and momentum in the system. Similarly, a
momentum balance in compressible solids leads to the governing equations bal-
ancing the Cauchy stress tensor o, the solid density ps and the solid displacement
vector u (specifically u = & — X is the vector difference between the initial con-
figuration of the solid, X, and the current configuration, x).

D?u

Ps D =V.o, o=G(u), (2.2)

where D /Dt denotes the material time derivative. The constitutive relation G
characterises the material response, governing the association of deformation and
stress. As a material property, G must satisfy objectivity, ensuring that the
constitutive response is not affected by the observers frame of reference, and
hence “are independent of superimposed rigid-body motions” [68].

These governing equations are applicable to a multitude of fluid and solid
problems, and consequently the computational finite element and finite volume
methods have been developed to efficiently solve these specific systems of equa-

tions.
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2.3.1 Computational methods

Computational methods transform the governing equations for the fluid and solid
(which are non-linear partial differential equations) into large systems of simpler
equations. There are two key methods: the finite element method (FEM) and the
finite volume method (FVM). These methods are similar in nature, but subtle
differences make them better suited to solving different problems. Commonly,
FEM is used to simulate the deformation of solid bodies and FVM for simulating
the movement of fluids for reasons discussed below.

The FEM dissects the geometry into convex subdomains called elements, with
every element defined by the position of its nodes. FEM solves a weak formu-
lation of the governing equations to find the solution at each node. The node
solutions are then interpolated across elements, ensuring continuity. FEM is the
preferred method for solid dynamics simulations as the node positions can be
easily updated during the simulation as the solid deforms. In contrast, FVM
divides the geometry into fixed control volumes and solves an integrated form of
the governing equations to determine a solution for each volume. FVM there-
fore intrinsically accounts for conservation laws such as mass and momentum due
to the integrated form of the governing equation. FVM is often used to solve
fluid dynamics problems due to the inherent conservation laws, but FVM meth-
ods do not necessarily give a continuous solution between neighbouring volumes
[69]. The strength of both methods is that arbitrarily complex domains can be
simulated as long as the element size is small enough to accurately capture the
geometry [70].

The first FEM model is often quoted as having been developed in 1941 [71],
with Hrennikoff publishing work discretising a 2D domain into a regular lattice
of points, and Courant separately working with 2D domains discretised into tri-
angles. The method was successfully used by Boeing in the 1950s, and aerofoil
problems are still a standard benchmark in the field [72]. FVM emerged in the
1980s as an adaption of FEM to better suit fluid dynamics problems. In the
1990s, these methods were combined to address fluid-structure interaction (FSI)
problems; introducing the arbitrary Lagrangian-Euler formulation to combine
FVM and FEM. Some of the first work on FSI problems focussed on blood flow
through arteries [73] and on the large deformation of soft biological tissues [74].

Since the 1990s, the increase in available computing power has made FEM and
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FVM popular in multiple areas of research, particularly solid mechanics and fluid
dynamics.

However, it should be noted that both FEM and FVM are intrinsically approx-
imations, and can have convergence or numerical issues which lead to erroneous
solutions [72]. In Appendix A.4.1, an example is presented where two different
element types (both superficially giving a good quality discretisation of the ge-
ometry) lead to significantly different simulation results. This emphasises the
importance of fully understanding all computational methods being used to have
full confidence in simulation results.

Previous computational work which has focussed on various parts of the hy-
drocephalus scenario is now discussed: fluid models of the CSF, solid models of

brain tissue and examples of FSI problems.

2.3.2 Fluid models of cerebrospinal fluid

There has been considerable research modelling the flow of CSF (treated as a
viscous, Newtonian, incompressible fluid) in various sections of the CNS to better
understand flow patterns.

FVM have been commonly used to simulate CSF flow as their discretisation
of the domain is well adapted to capturing complex biological geometries. How-
ever, these simulations are computationally intensive and most studies thus focus
their models on a small subdomain of the CNS. FVM studies of CSF flow dynam-
ics often take boundary geometries from magnetic resonance imaging to recreate
a physiological CSF domain, a technique able to account for inter-patient vari-
ability [75]. Various studies have focussed on the subarachnoid space [21], the
ventricular system [76], and the spinal cord [21]. These numerical simulations
confirm experimental results that CSF dynamics are pulsatile with a second or-
der bulk flow through the ventricular system [21, 22]. These studies captured
CSF flow in the CNS of a healthy patient. Recovering normal CSF flow is the
target outcome of surgical treatment, and hence it is important to understand
CSF flow in healthy patients [7].

Computational models have also been used to study the effects of the hydro-
cephalus condition on CSF flow. Linninger, Xenos, Zhu, Somayaji, Kondapalli,
and Penn [77] modelled a 2D vertical slice of the head, reducing the permeabil-
ity of the system when incorporating the effects of hydrocephalus, and finding
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higher CSF velocities throughout the system. Gholampour, Fatouraee, Seddighi,
and Seddighi [78] extended these results to 3D, using clinical data to determine
healthy and pathological model parameters. They found intracranial pressure
was five times higher in hydrocephalus patients than in healthy ones. The same
group then extended their model to incorporate a shunt system. They found that
shunting rapidly decreased intracranial pressure, but that the pressure and fluid
velocity waveforms of shunted models did not reconcile with the healthy models
even after 900 days, suggesting that the presence of the shunt systems fundamen-
tally altered the CSF fluid profile [79]. In separate work, Patel, Huang, Dengiz,
Pravdivtseva, Jansen, Quandt, and Aizenberg [80] used 2D simulations to study
biomolecular transport in a 2D ventricle domain with shunt system.

This body of work has extensively investigated the flow profile of CSF in the
ventricular system, taking a high level view to investigate the effect of hydro-
cephalus on intracranial pressure and CSF flow. This work did not account for
the detailed design of catheters, and models do not incorporate the ChP.

A separate body of research does focus on the design of the ventricular
catheter. FVM are used to examine the flow of CSF around and through the
catheter, usually by isolating the catheter in an infinite fluid domain (often mod-
elled as a large cylinder coaxial to the catheter, Figure 2.4). This removes the
catheter from its biological context, and hence never directly investigates the
effect of catheter design on ChP. The key focus of these studies is to quantify
the different inflow rates through different inlet holes with the assumption that
higher rates of inflow will exert greater forces on nearby ChP, hence causing
greater deformation towards holes.

Fluid-only models have therefore searched for catheter designs which facilitate
identical inflow through each inlet hole. The more complex model created in this
project, which does include the ChP, investigates whether this “identical influx
into each hole” requirement is a successful proxy for ChP deformation. Previous
computational studies have also been concerned with shear stress rates, as higher
shear stresses have additionally been linked to higher likelihood of small cells
suspended in the CSF adhering to the catheter, a secondary cause of blockage |1,
15, 10]. In contrast, Ref. [81] argued that very low shear stresses are also linked
to increased chance of catheter blockage caused by cells adhering to the ventricle

walls.
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The first study by Lin, Morris, Olivero, F., and Sanford [82] in 2003 used 2D
FVM to model a vertical cross-section of a catheter, and showed that over 50% of
the total fluid inflow enters the catheter in the most proximal holes. These results
were verified experimentally using ink to visualise flow patterns, and a survey
of occluded catheters showed that the ChP most often blocked the proximal
hole [83]. This work motivated a new catheter design Rivulet, manufactured by
Medtronic, which varied the size of inlet holes to enforce more uniform inflow.
These ideas were expanded by the group of Galarza, Giménez, Valero, Pellicer,
and Amigé [84] who first created a 3D FVM model which could be used to study
the flow fields inside a catheter [84]. They showed that varying only the number
and placement (and not size) of inlet holes could be used to enforce uniform inflow
[85]. This is easier to manufacture as only one drill bit size is needed, and prevents
the problems of high levels of cell adhesion in small hole diameters (the smallest
holes in the Rivulet design have a radius of 0.14 mm). They then proposed
and studied five prototype designs, showing how different flow profiles could be
achieved in different geometries [86]. The group continued to investigate catheter
design, investigating conical or tilted holes [87] and rotations of neighbouring
rings of holes respective to each other [88]. They summarised their progress in
a review [89] and moved to clinical trials with their most promising design [90].
Throughout their work computational results were qualitatively verified using
ink methods to visualise flow patterns, and the clinical trial showed promising
results as of 2021: of 40 patients implanted with a novel catheter design, none
had catheter blockages in the two years following surgery [90].

Separately in 2017, Weisenberg created and studied a fluid model of the
catheter (optimised catheter design recreated in Figure 2.4 [15]). As above, she
sought a design which would lead to a uniform inflow profile. She identified the
inter-hole spacing and hole diameter as important design parameters, and ran
a local optimisation search to identify the design parameter values which would
give the most uniform flow profile, while keeping the hole arrangement fixed in
six axial rows, with each row containing four holes spread equally around the
circumference. Her optimised catheter design is similar to the Rivulet design [83]
with holes decreasing in size towards the outlet of the catheter, see Figure 2.4.

Results from models using 3D patient-specific ventricle geometries were later
compared to the work using these large cylindrical domains. The differences

in geometry were shown not to significantly influence the flow fields inside the
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(a) (b)

Figure 2.4: Optimal catheter design found by Weisenberg, recreated from values
given in Ref. [15]. The part of the catheter outside of the fluid domain does not
contain inlet holes and hence is not modelled. SubFigure (a) catheter situated
in modelled fluid domain; (b) close focus on inlet holes. Blue: simulated fluid
domain; white: catheter walls.

catheter [91]. In contrast, discrepancies of ~ 20% were seen when comparing a
2D realistic ventricle geometry to a cross section of the large cylindrical domain
[80].

The work by Galarza, Giménez, Valero, Pellicer, and Amigé [84] [85, 86, 88,
89, 90] and Weisenberg [15] provides a detailed exploration into the effect of
catheter on hole design on CSF flow, and showed how choices of hole size and
spacing could lead to significant differences in the flow field. These models placed
a catheter inside a large, cylindrical fluid domain, leading to largely axisymmetric
flow fields, and did not include the ChP as part of the model.

This project extends existing work by creating a new model that includes
the ChP as a deformable solid, allowing the ChP deformation to be specifically
quantified. It is of particular interest in this research to evaluate whether the
“identical influx into each hole” metric used previously is sufficient to judge the

overall effect of catheter geometry on ChP deformation.
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2.3.3 Solid models of brain tissue

In this work the ChP is modelled as a deformable solid, which requires knowl-
edge of its constitutive behaviour and associated material parameters to ensure
the model accurately captures the deformation. However, there is very limited
work specifically analysing the ChP, and studies that do are typically aiming to
understand the biological role and complex substructure of the ChP as part of
the blood-brain barrier motivated by attempts to regrow the ChP in an in wvitro
setting [35, 29, 92].

There has been far more investigation into the biomechanical properties of the
brain, either as a whole, or focussing on the grey and white matter (as summarised
in the reviews [93, 94]). As the specific mechanical properties of ChP are not well
understood, existing models of brain tissue are used as a basis for the ChP model:
an acceptable first estimate.

Brain tissue is a deformable, porous, composite, heterogeneous material which
exhibits a non-linear mechanical behaviour [93, 95], with a complex dependence
on the microstructure of cells and proteins [96]. A 2016 review of constitutive
models for white and grey matter gave a wide range of models used in current re-
search [94]. This review focussed on simple models which give a good macroscale
approximation to brain deformation, and so the most common models were lin-
ear elastic models, with various formulations of hyperelastic models also popular.
Elastic models have stress tensors that are dependent only on the current defor-
mation of the material and hence are simpler than models incorporating porous
and viscous effects. Simpler models have less material-dependent parameters
which is a benefit when little is known about the material. Across the models
reviewed in Ref. [94] the Poisson’s ratio was high (>0.4 in all of the 21 models
which include a Poisson’s ratio; >0.45 in 16/21 cases), with research consistently
agreeing that brain tissue is near incompressible. It should be noted that com-
pressible computational models are normally more numerically stable, and hence
truly incompressible brain tissue (with Poisson’s ratio of 0.5) is frequently mod-
elled using a high, but <0.5, Poisson’s ratio. There was much more variation in
quoted values of the Young’s Modulus, ranging from 0.7 - 44 kPa, suggesting a
high degree of uncertainty in this measurement.

The brain is known to also exhibit a visco- and poro-elastic behaviour [97].

Viscoelastic models add time-dependence to the elastic response and can be for-
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mulated by representing the mechanical response as a system of springs and dash-
pots [98], or by taking a decomposition of the stress tensor over the deformation
history [99, 100]. Poroelastic models separate the solid and fluid constituents of
brain tissue, and model the material as an elastic matrix saturated with viscous
fluid [101]. These models combine the microscale detail of the distinct fluid and
solid components into one material law which combines the elastic solid stress
tensor and the effective pore pressure [97, 102], with more complex models in-
corporating multiple distinct solid components [103]. Detailed work looking at
the microscale arrangement of blood vessels in brain tissue showed how the posi-
tion and arrangement of fluid vessels can affect the mechanical properties of the
overall tissue [104, 105].

Additionally, biological tissues grow over time, which can cause their shape
and material properties to change. Models focussing on growth are often com-
posed of an elastic component and a growth component [106], with the growth
component leading to complex internal stresses in the material [107].

Many of the above models focus solely on either grey or white matter tis-
sue, and most homogenise the tissue of interest into a uniform material. It is
also noted that models fitted to a specific loading scenario often do not cap-
ture different loadings, and many models are applicable only for a small range
of deformations [93]. While there has been a wealth of research attempting to
quantify the mechanical behaviour of brain tissue, very little of it is directly con-
cerned with the ChP, with significant variation between models depending on the
testing scenario and research focus. Consequently, and in line with the studies
reviewed in Ref. [94], a simple elastic constitutive model is used in this project to
quantify the behaviour of the ChP, thereby restricting the number of unknown
material parameters. Additionally, the simple model for ChP behaviour neglects

tissue growth.

2.3.4 Fluid-structure interaction models

All the models discussed so far have looked at either a fluid or a solid component in
isolation. In the ventricle-catheter-ChP domain however, the solid ChP deforms
due to the fluid stresses on its surface created by the flow of CSF in the system.
In turn, the movement of the ChP affects the fluid flow because of the change

to the geometry of the system and the ChP’s role in CSF production. It is

26



therefore essential to include both the fluid and solid components in the model,
which then interact during a simulation. This type of behaviour defines a fluid-
structure interaction (FSI) problem [108]. FSI models aim at providing a detailed
understanding of the multiphysics, but are typically computationally expensive
to run, as not only are FEM or FVM needed for the solid and fluid components
respectively, but multiple iterations of both components are required to ensure
convergence of the full system close to the FSI boundary [109].

To my knowledge, there has been no FSI model used to investigate the defor-
mation of ChP in the ventricle environment. However, there has been other work
using FSI methods to understand the flow of CSF in the CNS [21, 75, 76]. As
with the fluid-only models, research into the flow of CSF through the CNS incor-
porating FSI effects is limited to focus on specific sub-systems. Parts of the fluid
boundary which have been identified as of interest are modelled as a deformable
solid. Previous studies have looked at incorporating deformable effects at the
base of the spinal column [110], allowing fluid exchange with brain tissues using
a porous model [20], or investigating CSF flow through the aqueduct of Sylvius,
modelling the walls as elastic [111].

Simpler, compartment-based FSI models remove the explicit spatial depen-
dence and formulate systems of ODEs relating the pressure, volume and fluid
velocity of different regions in the ventricular system [34, 112]. These models are
far faster to solve than those containing FEM or FVM, and can replicate in vivo
measurements. However, by removing the spatial terms, these models cannot
replicate detailed flow patterns or tissue deformation. For this reason, FEM and
FVM are employed for the solid and fluid domains respectively to fully resolve
the spatial features of the system.

In summary, this section reviewed existing computational models of CSF flow
(either through the CNS or in detail about a catheter), solid models of brain
tissue, and examples of where these areas have been combined to investigate
FSI effects in the CNS. Whilst this thesis is the first example of FSI methods
being used to analyse the detail of ChP deformation, the FSI model developed
here builds on different aspects (mechanisms and material parameters) of existing

models thus extending previous research.
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2.4 Computational optimisation

The final section of this literature review focusses on the computational methods
that are used to improve the catheter design. This section introduces generative
design and discusses previous successful applications of this method for biomedical
design. The optimisation codebase used in this thesis is introduced, as are the
surrogate and ROM techniques which are used to enhance the efficiency of an

optimisation.

2.4.1 Generative design

Generative design describes the use computational models and optimisation pro-
cedures to produce design improvements [113]. The optimisation “generates” new
designs which conform to a set of user prescribed constraints, and computational
models are used to test the efficacy of a new design. This process allows a large
range of possible designs to be explored efficiently [114, 115].

The first applications of generative methods emerged in architectural prob-
lems to improve and refine initial designs [116], and quickly spread to mechanical
engineering problems [117, 118]. Generative methods are now integrated into
several mainstream software packages including Dassault Systemes [119] and the
Revit [120] and Fusion [121] products of Autodesk. Traditionally, a new design
of a medical component must undergo animal testing and finally human trials
before being released [4]. New designs are often incremental improvements on
existing designs to avoid wasting resources by testing a completely new config-
uration. Nevertheless, this experimental process is expensive, and components
that do well in animal trials may be poorly adapted for human use due to inherent
differences in biology [122]. Generative design allows for a more pragmatic ap-
proach, with many variations tested quickly in silico and only the best designs are
passed onto experimental testing. Here, the design process starts by formulating
the problem in terms of necessary constraints and practical requirements, before
allowing the computer to identify promising designs [119, 123]. This process is
cheaper than traditional design approaches in both cost and time. Generative
algorithms also have the advantage that they explore design combinations not
previously considered, as the generative algorithm has freedom to test a large

parameter space.
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Generative design techniques have been used effectively in medical contexts
to create patient-specific knee implants for osteoarthritis, adjusting the domain
of design parameters to account for inter-patient variability. There has also been
similar work to improve knee implants [124], skeletal joint replacement [125],
elbow orthosis supports [126], and ureteric flow washout devices [6]. In general,
using computational optimisation methods removes human bias in design choices
and tests designs outside of a previously considered range. The speed and low
relative cost of computational testing also makes this approach an efficient method
to explore a design space. However, two points must be emphasised. First,
generative methods often provide a family of promising designs, instead of a
single optimum design [119, 125] allowing the user to evaluate which designs
to take forward into experimental testing. Second, a finite search space must
be chosen by the user, meaning there will always be some level of parameter
constraints on the design algorithm. A larger search space requires either more
aggressive stochastic search methods or more computational time to explore,
and users must choose a balance between exploring a larger design area and
computational efficiency. This process therefore does not ensure optimality, but
the best effort, as constrained by a computational budget.

This project on ventricular catheter design can be phrased as a generative
design problem by associating a catheter design with a set of input parameters

and searching for the parameters which lead to minimal deflection of the ChP.

2.4.2 Lurtis codebase

The optimisation codebase used for this project is provided by collaborators at
Lurtis Ltd., and is presented in full detail in Refs. [127] and [128]. The structure
of the optimisation sweep is shown in Figure 2.5. The code is highly modular,
allowing the same optimisation framework to be applied to many scenarios. The
two key parts of the optimisation process are the fitness function (blue) and the
optimisation codebase (green).

As seen in Figure 2.5, an optimisation problem consists of two distinct, inde-
pendent parts. The fitness function f, which is problem specific, takes as input
a set of parameter values, interprets these values as a specific design and evalu-
ates the effectiveness of this design. The effectiveness of a design is known as its

fitness, and here is a single, scalar value. This value can be used to rank designs,
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Figure 2.5: Basic optimisation protocol structure using the Lurtis Ltd. codebase.

prioritising those with higher fitness. All models specific to the problem at hand
(construction of a design from input parameters, evaluation of the design through
FVM or FEM and any postprocessing) are contained within the fitness function.

The second part of the optimisation sweep, the optimisation algorithm, does
not interact directly with any methods specific to the design problem. This code-
base proposes new designs based on the fitness values evaluated from previous
parameter sets. The aim of this code is to find the set of parameter values that
minimise the fitness function. It should be noted that a design is characterised
both by the vector used by the optimisation algorithm (often known as the geno-
type) and the physical design implemented in and analysed by the fitness function
(often called the phenotype) [123]. The map between the genotype and phenotype

is also problem specific, and is known as the encoding [129].

2.4.3 Optimisation methods

This section provides a brief overview of common optimisation methods, with
particular detail given to those which appear in the Lurtis codebase.
Optimisation methods focus on efficiently searching a multidimensional pa-
rameter space to find the minima of the fitness function. If the space is large,
or the dimension of the parameter set is high, then searching the entire space is
computationally inefficient. Optimisation methods aim to efficiently search the

space by combining two strategies: exploitatory and exploratory. Exploratory
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strategies explore the parameter space to find promising regions and exploitatory
strategies narrow down on local minima. Most algorithms combine methods from
the two strategies to improve overall performance, but may focus more on one or
the other.

Methods with good exploitatory behaviour often use local search methods
(such as gradient search, pseudo-newton optimisation, or simulated annealing
search [117, 130]) to ensure they propose new parameter values with a smaller
fitness. Calculating the fitness of a single parameter set can be computationally
expensive, and calculating the gradient is an additional cost. Therefore batch or
stochastic gradient descent methods are used to approximate the gradient at a
point [131]. Previous work by Lurtis Ltd [128] incorporated the more complex
methods of limited memory-BFGS-B [132] or multi-trajectory-search (MTS) [133]
to efficiently explore the fitness landscape. MTS varies one entry of the parameter
vector at a time, and progresses in the direction of decreasing fitness, creating
a stepped path. BFGS uses a Newton style approach, using previous fitness
evaluations to improve its estimation of the gradient. The limited memory version
of this algorithm only stores a fixed number of recent fitness evaluations to save
computational memory.

Exploitatory search methods benefit simpler problems where constraints and
fitness functions are relatively smooth and simple [131], and can be caught in
local minima (any minima has a gradient of zero, which the gradient descent
algorithm is searching for, but a local minima does not have the lowest fitness
of the search space meaning this is a sub-optimal design). Such methods also
depend on the fitness function having a well-defined gradient. For more complex
problems with discontinuities, directional, but gradient-free, methods exist, such
as the Nelder-Mead downhill simplex method [134] or direct-search methods [135].

In contrast, algorithms with better exploratory capabilities investigate solu-
tions across the whole search space, while incorporating knowledge of the local
landscape [136]. Parameter spaces are often large and complex, and so a com-
pletely random exploration, such as stochastic sampling (Monte Carlo search),
would be prohibitively long. For their exploratory algorithm, Lurtis use differ-
ential evolution (DE), a subclass of genetic algorithms [137]. This draws in-
spiration from biology, using evolutionary approaches to tend towards optimal
solutions [138], while maintaining some randomness to ensure space exploration

[139]. New population members are constructed by either combining existing
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members, introducing new features into existing members (a mutation event), or
by combining features from two members to create a new offspring (a recombina-
tion event) [137]. If the offspring has a better fit than the parent it replaces the
parent in the population [137, 127|. Differential algorithms additionally benefit
from only needing a small number of control parameters [140]. An adaption of
the general DE method is the success-history based adaptive DE (SHADE), used
here, which allows the parameters controlling adaption and mutation to vary,
and stores all previous values of these parameters. The historical values are used
to guide the selection of the new parameter value, incorporating memory effects
into the algorithm [141, 142]. Other extensions of genetic algorithms include
probability estimation models [143] which replace the crossover and mutation
parameters, instead learning the probability distribution of promising solutions,

and consequently have a higher computational cost.

2.4.4 Surrogate-aided optimisation

Optimisation methods require efficient algorithms to explore a parameter space
and identify promising minima. However, to understand the shape of the fit-
ness landscape, multiple evaluations of the fitness function must be performed
(one for each new parameter value proposed). It has previously been noted that
FSI models based on FVM and FEM are computationally expensive, potentially
taking of the order of hours or days to run, and a fitness function using these
methods will have a comparable runtime. A complete optimisation of a high-
dimensional search space requires thousands of parameter evaluations, which is
unfeasible with the runtime of the complex models [2]. Various techniques have
been developed to improve the efficiency of optimisation algorithms [144, 145,
146]. One of the most successful techniques replaces the computationally inten-
sive fitness evaluation with an approximation to the fitness, through the creation
of a surrogate model [147, 148].

The terms “surrogate model” and “ROM” are both used in the literature on
computational optimisation, occasionally interchangeably, to refer to approximate
models that replace a complex model or fitness function. The complex model is
defined as the ground-truth for the fitness function, and the aim of approximate
models is to have good agreement with the ground-truth, with faster runtime.

Approximate models can be developed in various ways and employed at different
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stages of the optimisation process, meaning definitions in the literature are often
inconsistent or overlapping. For clarity, this thesis will use “ROM” to refer to a
simplified model designed using geometric or mechanistic approximations of the
problem. A “surrogate model”, is here defined as the combination of a ROM
with a predictive ML layer which directly replaces the 3D FSI model [149]. The
procedure as a whole, whereby an approximate model is used to speed up an
optimisation protocol, is a “surrogate-aided optimisation”, consistent with the
literature.

A ROM can be a stand-alone replacement to the fitness function, but combin-
ing the outputs of a ROM with ML techniques to create a surrogate model often
improves the agreements between the fitness (as calculated by the ROM) and the
ground-truth fitness (as calculated by the complex model). This combination of
data-driven techniques with mechanistic models, known as mechanistic learning
(MxL), has been successful in recent applications across quantitative biology [17,
150]. However if there is very little data available to train the ML layer, or if it
is very important to maintain interpretability, then adding ML to a ROM may
not improve its efficacy. Likewise it is possible to design a truly data-driven sur-
rogate model that has no mechanistic underpinning, and is simply a black box
associating input parameters with fitness values. These different approaches all
have value and will be more or less applicable depending on the problem at hand.

The approach discussed here, whereby the computationally expensive fitness
function is replaced with a cheaper approximation is also known as an offline
approach. “Offline” refers to the fact that the surrogate model is built and
trained outside of the optimisation protocol [151]. Offline creation allows for
much more fine-tuning of the surrogate with potential pitfalls such as overfitting
being identified and addressed. Different offline implementations may replace the
true fitness completely, or exchange dynamically between true and approximate
fitness functions throughout the optimisation [152, 153], as seen in previous work
in multi-resolution [154] and island injection genetic algorithms [155] which used
both a full and simplified model in their optimisations.

Offline surrogate models are popular within aerospace engineering and have
been used successfully in the design of telescope housing [115], aircraft landing
gear [156] and automotive design [157]. Surrogate methods are beginning to
be leveraged in FSI optimisation problems by creating an approximate solution
to the flow and deformation fields in the entire 3D domain [158, 159]. Due
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to the complexity of physical fields in intricate domains, these studies required
complex ML models to capture the fields to the required accuracy. To successfully
approximate large flow fields, ML either needs a large quantity of data from which
the underlying physical mechanisms can be deduced, or intricate techniques to
incorporate physical laws inherently into the training protocol [160]. Chapter 6
of this thesis is concerned entirely with building and evaluating surrogates to the
complex FSI model, with particular consideration given to careful training of the
ML algorithms used.

In contrast to offline methods, “online” models are dynamically built during an
optimisation. Here, the optimisation first uses the ground-truth fitness function
to evaluate a number of initial parameter designs. The initial parameters and
their corresponding fitnesses create a training dataset which trains an ML layer
as the optimisation runs [161]. Often, an online surrogate model is integrated
into the optimisation protocol rather than being the user-set fitness function,
and so the surrogate is not exposed to the specifics of the problem and instead
acts as a black box, attempting to map parameter values to their fitness value.
The parameter space is a subset of n-dimensional Euclidean space (where n is
the number of design parameters), and so an online surrogate models the fitness
landscape by interpolating between known values of the fitness function [162]
using either preset function shapes (linear, quadratic or radial-basis functions) or
regression techniques to determine function coefficients [134].

As the optimisation proceeds, the online surrogate acts immediately on all
new parameters proposed by the optimisation, discarding those it predicts to be
highly unpromising, and only allowing promising design candidates to progress to
the expensive fitness evaluation. This reduces the time spent investigating regions
of the parameter space with high fitness. At the beginning of the optimisation
run, the online surrogate is trained on little data and so is very uncertain in its
prediction. To account for this initial uncertainty, and the lack of interpretabil-
ity inherent to black box ML, the surrogate model is cautious, only discarding
parameter combinations that are highly likely (as defined by the surrogate) to
be worse than existing designs. This ensures that good designs are not discarded
due to an error in the surrogate approximation. However, this caution means
that the majority of new candidates proceed to the expensive fitness evaluation

[127]. As the optimisation proceeds, the dataset of parameters and associated
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fitnesses grows, and the ML can retrain with each new data point. This improves

the predictive ability of the online surrogate in the later stages of optimisation.

2.4.4.1 Machine learning

In the above section several references have been made to integrating ML tech-
niques in the development of surrogate models. In the last decade machine learn-
ing has penetrated every aspect of research and normal life, with ML models
ranging from the simplest linear regression (in essence, a line of best fit) to large
language models training on the entire internet [163]. At their heart, all ML
algorithms seek to learn relations from a given set of data, either to better un-
derstand patterns present in the data, or to predict outputs associated with new
data [164]. The specific ML algorithm is chosen to suit the size, data type and
intricacy of the dataset under consideration [165, 166]. In this thesis, ML is used
in the prediction of the approximate fitness of a new catheter design (specifi-
cally, in predicting the deformation of the ChP), making the ML applications
here all supervised regression problems, where “supervised” indicates there is an
unknown output to be predicted, and “regression” indicating that this output is
continuous [167].

ML algorithms rely on the quality and quantity of input data to learn patterns
as they do not have any inherent understanding of the context or mechanisms
behind the dataset (hence the term black box). Therefore a crucial step in de-
veloping an ML model is careful training (the process in which the ML model is
fitted to a dataset) and validation (checking that the algorithm has not overfit to
the input data) [168]. In particular, the datasets available in this project for ML
to learn from are small (where small is defined in this area as < 1000 data points),
which precludes the use of more complex algorithms such as deep neural networks
[167]. The development and training of ML models is carefully performed in the
development of the surrogate model in Chapter 6, with each step of the process
being described in detail.

This section has outlined the generative design techniques that will be em-
ployed in this thesis to enhance catheter design. It presents the optimisation
methods used to explore the design space and introduces reduced-order and sur-

rogate models, discussing their roles in accelerating the optimisation process.
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2.5 Summary

This chapter outlined the clinical and biological context that motivates the re-
search project and reviews existing work relevant to its development. It begun
by introducing the physiological and clinical background of hydrocephalus, in-
cluding standard treatment via drainage shunt systems. Particular attention was
given to the issue of choroid plexus (ChP) occlusion of the ventricular catheter,
a long-standing problem highlighted in several clinical studies, yet one for which
the underlying mechanisms remain poorly understood.

A review of computational modelling approaches followed, focussing on FEM
and FVM. Prior studies that model cerebrospinal fluid (CSF) flow in the ventric-
ular system and the mechanical behaviour of brain tissue were discussed, as they
provide valuable insight into material parameters and constitutive laws that in-
form the current model. Of direct relevance to catheter design are the fluid-based
studies by Galarza, Giménez, Valero, Pellicer, and Amigé [84] [85, 86, 88, 89, 90]
and Weisenberg [15], both of which focus on uniform inflow through each catheter
inlet hole. This research directly precedes the current project, and Weisenberg’s
proposed optimal design is re-evaluated using the new fluid—structure interaction
(FSI) model developed here.

The chapter concludes with a summary of the optimisation methods developed
previously in the group of Professor Jérusalem and with collaborators at Lurtis
Ltd. These methods, combined with the FSI model and surrogate modelling

techniques, form the framework for identifying optimal catheter designs.

2.6 Statement of originality

This work is, to the best of my knowledge, the first model that directly studies
ChP deformation in the hydrocephalus scenario. Chapter 3 presents the codebase
used for the model. The 2D FSI coupling code is adapted to the hydrocephalus
setting from 2D work by Nguyen, Sanchez Naharro, Pena, and Jerusalem [169]
on the aerofoil problem. This required substantial alterations to the methods of
Ref. [169], which are discussed in Section 3.4.4.1. The extension of the coupling
code to 3D to create the 3D FSI model is new, and is presented as a working
example in the in-house codebase MuPhiSim [170]. Chapter 4 presents new results
using the 3D and adapted 2D FSI models. The ROMs in Chapter 5 are not new
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(versions of the permeable fluid model can be seen in Ref. [171, 172]) but are
presented in a novel setting. The novel surrogate model created by combining
the ROMs with ML is trained on new synthetic data created by the 3D FSI
model. The optimisation codebase used in Chapter 7 is created by Lurtis Ltd.,
and this work provides an original application of the optimisation code to the

hydrocephalus problem.
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Chapter 3

Materials and methods

This chapter presents the computational F'SI model of the hydrocephalus scenario,
used here as the ground-truth model within the optimisation framework, see

Figure 3.1. This FSI model is used as a testing space to compare different catheter

Full model
Complex, expensive model
capturing key details and
mechanisms of the system

Figure 3.1: Optimisation methodology, highlighting the “full model” component.

designs with a focus on the impact of the design on ChP deformation, hence
allowing the designs to be ranked.

The structure of this chapter is as follows. Firstly, the geometry of the
ventricle-catheter-ChP environment is presented, followed by the governing equa-

tions. The second part of the chapter describes the computational methods used
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to simulate and solve the theoretical model. To fully capture the hydrocephalus
scenario, existing codebases and FSI coupling methods are adapted to incorporate
key mechanisms, focussing in particular on the surface of the ChP that constitutes
the FSI boundary while also being the CSF source in the fluid domain. Parts of
this chapter are adapted from the Materials and Methods section of Ref. [50] by

Hayman et al.

3.1 Hydrocephalus model

The proposed FSI model aims at capturing the ventricle-catheter-ChP environ-
ment during hydrocephalus, incorporating the following key components: the
CSF, the ventricular domain, the ventricular catheter and the deformable ChP.
The area of interest is the region surrounding the inlet holes of the catheter.
Figure 3.2 a) shows a realistic foetal ventricle geometry (recreated from data in
Ref. [173]) with a catheter and ChP tissue overlaid on the geometry to provide a
reference. The box shows the area of interest for this work.

The domain geometry and material properties in the model presented here
are chosen to be representative of a realistic scenario, albeit simplified. This
idealised model allows for the comparison of different catheter designs and could
be adapted to patient-specific geometries or more complex material properties in
future research. Figure 3.2 shows the idealised model geometry. Parameter values
are taken either from well-established values in the literature (for example, the
rheological properties of the well-studied CSF), or are chosen as representative
values taken from the range observed in the literature. Characteristic values
for lengths are given, as the geometries are curved and irregular. It must be
emphasised that there is uncertainty around the ventricle and ChP geometry
and the Young’s Modulus of the ChP. A summary of parameter values used in
the model is given in Table 3.1. The lengths given for the ventricle and ChP
are characteristic, as the shapes are irregular. Appendix A.5 gives the results of
a parameter sensitivity study which confirmed that the chosen parameter value
does not significantly affect the behaviour of the model. This is corroborated by
Ref. [91] where varying the ventricle and ChP size, shape and location was shown
to not significantly affect catheter performance.

In newly-born infants, the lateral ventricle volume is estimated at slightly

under 3000 mm?® per ventricle using ultrasound [24], or 4500-5000 mm?® using
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Figure 3.2: (a) Reference visualisation of a foetal ventricle (grey), with catheter
and ChP (red). Image created from data in Ref. [173], under a CC BY 4.0 license
[32]. An example catheter (dark grey) and Choroid Plexus (red) show relative
size and position. (b) Cross-section of the model geometry. Black markers on the
boundary of the ventricle and ChP indicate the reference points for the spline
curves. (c¢) 3D geometry front view with front wall boundary removed to show
interior surfaces. (d) 3D geometry side view with wall boundary removed: ChP
tissue (dark red), catheter (grey).
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Table 3.1: Model parameters.

Parameter Value Reference

L, x L, x L, Ventricle lengths 8 mm x 6 mm x 30 mm [24, 25|

(characteristic values)

ChP, x ChP, x ChP, ChP lengths | 0.2 mm x 3.5 mm X 30 mm | [27, 2§]

(characteristic values)

T Time scale 1 day [10]

ps Solid density 1.05 - 10% kg/m? [174]
FE Young’s modulus 50 kg /(m s?) [94]
v Poisson’s ratio 0.45 [94]
ps Fluid density 10% kg/m? [15]
@ Fluid production 6 mm?/s [76]
p Fluid viscosity 7.5 -107* kg/(m s) [175]
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MRI [25]. The ventricle shape is complex and varies between patients. The focus
of this research is on the interaction between the ChP and catheter inlet holes,
both of which sit at the front of the ventricles, see Figure 2.2 a). Accordingly, a
sub-domain of the ventricle is modelled, focussing on this key region.

While detailed patient-specific head geometries exist (e.g. Ref. [173]), here
the sub-domain is idealised into an asymmetric cylinder of length 30 mm with a
volume of 983.8 mm? to simplify the model, and provide a view across patient ge-
ometries. Comparing patient-specific to idealised ventricle geometries was shown
to give < 1% difference in the volumetric flux into catheter inlet holes [91]. Ad-
ditionally, the same study investigated different sizes of idealised ventricle and
saw < 0.1% difference in flux, corroborated by a similar study given in [15]. This
suggests that effects from the boundary of the fluid domain are not significant,
and hence an idealised ventricle geometry is acceptable.

Characteristic domain lengths are nevertheless chosen to be representative of
children younger than one year old, consistent with paediatric hydrocephalus.
The ventricle cross-section is a curved, irregular shape with maximum width of 8
mm and height of 6 mm. The curved shape is created by using the in-built radial-
basis spline functions of gmsh [176] to draw a smooth curve through a given set of
points, shown as black markers on Figure 3.2 b). The points are: {(—1ChP;,0),
(%C’hPx, 0), (%Lx, %Ly), (%C’hPx, Ly),(—%ChPx, L,), (—%Lx, %Ly)}. For reference,
a visualisation of an newborn infant ventricle is shown in Figure 3.2 d), created
from data provided in Ref. [173].

Growth effects are neglected in this model. The model focusses on the pe-
riod after a successful catheter implant surgery (any issues arising during surgery
would be immediately corrected) as the catheter-ventricle-ChP system reaches
equilibrium, a timescale of ~ 1 day. Catheter blockage by the ChP has been
reported at any times from 1 day to nearly 4000 days after insertion [10], and the
first two years of life is known to be a period of rapid growth and brain develop-
ment [177]. Looking at the effect of growth on the ventricle domain would be an
important effect to include in a more detailed future model, as growth becomes
more important over longer timescales. Here, however, growth is neglected as an
initial assumption.

In in vivo conditions, the walls of the ventricle are deformable brain tissue,
which could be modelled as either poro- or viscoelastic, or both. However, during

the function of a working catheter the deformation of the brain tissue is minimal
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compared to the deformation of the ChP as the Young’s modulus of brain tissue
is orders of magnitude higher than that of the ChP. Motivated by this, here the
ventricle is modelled as a rigid, impermeable, closed box, assuming the most
extreme scenario of hydrocephalus without any physiological exit flow (either
through apertures into the rest of the ventricular system or through uptake into
the permeable brain tissue) which forces all the CSF to drain through the catheter.

The ChP is modelled as a narrow volume of uniform cross-section, with a bi-
ologically inspired cross-section created from radial-basis splines extending along
the z axis. The width of the base of the ChP cross-section is 0.2 mm, with a
height of 3.5 mm [27, 28]. Again the cross section is created by radial-basis splines
passing through the set of points: {(—3ChP,,0), (:ChP,,0), (2ChP,, ;ChP,),

14
(%C’hPx, %ChPy), (:ChP,,ChP,), (—%ChPx,ChPy), (—%C’hPx, %C’hPy),
(=3ChP,,1ChP,)}, again shown as black markers on Figure 3.2 b). The
ChP is rooted to the base of the ventricles and extends beyond the modelled sub-
domain of the ventricle, Figure 3.2 a). The ChP is therefore fixed at the bottom
of the ventricle, with end faces flush against the flat ends of the idealised ven-
tricle. The ChP is a very soft tissue, and so an arbitrarily low Young’s modulus
of 50 Pa is chosen from the range of 1-1000 Pa [94], see Table 3.1. This value
ensures that the ChP is soft enough that collision events can be observed within
the model but not so soft that every trial resulted in a collision. Results from
different Young’s moduli are shown in supplementary Figure A.10 c). The value
of 50 Pa shows a large range of ChP responses to the different catheter designs
making differentiation between designs more efficient.

The catheter is modelled as a rigid, impermeable, hollow cylinder with circular
cross-section, also oriented along the same axis as the ventricle and the ChP.
Rigidity is assumed as the Young’s modulus of typical catheter material is orders
of magnitude greater than that of the ChP [178]. Inlet holes decrease the stiffness
of the overall catheter, but, throughout this work, sufficient catheter material
to inlet hole area is assumed, to ensure that the catheter remains much stiffer
than the ChP (catheters with a stiffness on the order of 50 Pa would not be
mechanically sound or surgically useful). The catheter has a closed end at the
tip, which is flush with the ventricle wall. Inlet holes for CSF are typically
arranged close to the closed tip (within 20 mm of the tip) in a regular formation
with ten rows along of the catheter axis of either four or two holes, with holes

in each row distributed evenly around the catheter circumference [15]. Only 30
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mm of the catheter contained within the idealised ventricle is modelled, as this
section contains the inlet holes and is the region of interest.

Physical examples of catheters were examined under an Alicoma microscope
(with a resolution of 1 um) to obtain accurate measurements of the inlet hole
radius and shape. Catheters have an outer radius close to 1.25 mm and an inner
radius of 0.75 mm, consistent with measurements previously reported [15, 86].
The inlet holes are modelled by removing a conical shape from the wall of the
hollow catheter, as Alicoma measurements showed the inlet holes had a conical
profile. The orientation of the catheter about its centreline is prescribed by «,
the angle between the horizontal and the midpoint of the first hole, see Figure 3.2
b). The angle « is not a design parameter of the catheter and instead captures
the relative position of the catheter to the ChP. As such, « is not prescribed in
surgery and the behaviour of catheters at multiple values of o thus needs to be
investigated.

In Chapter 4, a reduced 2D model is used to gain an understanding of the
scenario in a smaller and computationally cheaper domain. Briefly, the 2D model
takes a cross-section of the full domain perpendicular to the main cylindrical axis,
with the same geometry as shown in Figure 3.2 b). For investigations with the
2D model, the outer and inner catheter radii are fixed at 1.25 mm and 0.75 mm,
respectively. In the 2D model, the hollow centre of the catheter is not part of
the fluid domain. The outlet boundary is adjusted to account for this, with this
change ensuring that the fluid simulation remains purely 2D. In both 2D and 3D,
all fluid entering the catheter leaves the ventricular system: the subtle change to
boundary conditions is needed only as the 2D model cannot capture fluid flow in
the central space of the catheter. In 2D, holes are created by removing a wedge

shape from the wall of the hollow catheter.

3.2 Governing equations

3.2.1 Fluid

The CSF within the ventricle volume is modelled as a homogeneous, incom-
pressible, Newtonian fluid with a viscosity of g = 0.75 mm?/s and a density of
pr =1000 kg/m? [20, 21, 22|, see Table 3.1 for the parameter values. Body forces

are neglected as a less influential driver of flow [36]. The flow is governed by the
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continuity and Navier-Stokes equations for the pressure field p and velocity field

v:
V-v=0, (3.1)

0
pf <a—’: + (v- V)v) = —Vp+ uVw. (3.2)

3.2.2 Solid

The equations of motion for a solid with no body force is given by Equation (3.3),
where o is the Cauchy stress tensor, p, the solid density and w is the displacement
vector (where u = x — X is the vector difference between the initial configuration
of the solid, X, and the current configuration, ). Hence:
2

psg—;; V.o (3.3)
where D /Dt denotes the material time derivative. Biologically, the ChP is close
to incompressible [94] with a Poisson’s ratio of 0.45 used to approximate near-
incompressibility. A neo-Hookean hyperelastic model is chosen to describe the
constitutive behaviour of the ChP. Although, in line with other complex brain
tissues, the ChP has poro- and viscoelastic properties [93], a constitutive law
for the ChP is at the moment not established and a simpler model with fewer

unknown parameters is favoured here:

E E

U:—(J—l)]l-i-m

_5 1
3(1 - 2v) J75(B — S (tr(B))D), (3.4)

where B is the left Cauchy-Green tensor, I is the identity tensor, and J =
\/F(B)- Equation (3.4) has only two parameter values: the Young’s modu-
lus £ and Poisson’s ratio v. These equations remain the same in the reduced
2D model, with the additional requirement of plane strain enforcing exclusively

in-plane displacement, by setting axial displacement to 0 at all points.

3.2.3 Boundary and interfacial conditions

The model geometry is shown in Figure 3.3, with the relevant volumes and bound-
ary surfaces indicated, both for the 3D (left) and 2D (smaller, right) models.
Curved arrows indicated faces which are hidden from view in this visualisation.

The fluid domain € is shown in blues and the solid domain €25 is shown in
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reds. The ventricle walls, 0Qentricle, are shown in dark blue, the catheter outlet,
OQoutlet, in bright blue and the catheter walls,0catheter, in grey. The ChP surface,
OQpsr, the FSI boundary between €2 and €2, is shown in dark red. The end faces
of the ChP, 0Q¢cup enq is shown in bright red in the 3D model, and also refers to
the face of the ChP at the far end of the domain, hidden in this visualisation
(curved arrows). The boundary 0Qcpp ena does not appear in the 2D model. In
3D, the base of the ChP,0Q¢cnp eng, is hidden under the red solid, but is visible
in the 2D visualisation. In 3D 9. 1S the distal end of the catheter tube. As
discussed above, in 2D 0yt 18 the boundary where flow from the inlet holes

enters the catheter interior. The boundary conditions at these locations are given

3D geometry 0Qyentricle 2D geometry 0y entricle

Qf: fluid domain
0Q0utlet

()Qcathetcr aﬂcathctcr

Q: solid domain
/
R

Qy: fluid domain

0Qgs]

= 0Qgs;

anChP base
Q: solid domain

0Qchp elld/' UQChP base

Figure 3.3: Geometry of the ventricle-catheter-ChP system, labelling the fluid
and solid domains and all boundaries.

in Table 3.2.

As the most severe hydrocephalus condition is assumed here, where natural
pathways out of the ventricles are blocked, a no-flux and no-slip fluid velocity
condition is applied on 0Qyentricle, and separately on the impermeable catheter
wall 0Qcatheter:

v =0 on O entricte and O catheter- (3-5)

The ChP surface, 0Qpg1, simultaneously acts as a fluid source (with total flux
(Q mm?/s) into the ventricle domain, and as the deformable FSI boundary. It is
assumed the new CSF created by the ChP is passed into the fluid domain in the

direction normal to the surface of the ChP and uniformly across the ChP surface:

v n on 0Qpg, (3.6)

Acnp

A7



where m is the unit normal to the ChP surface, of area Acpp. The uniform
velocity profile is motivated by research into the active transport mechanisms
that ensure constant CSF production [31]. It has been well established that the
CSF in the ventricular system has a production rate of 500-600 mL each day [15,
20, 7]; which is equivalent here to a total flux of @ = 6 mm?/s. In the 2D model,
the fluid flux out of the ChP boundary is adjusted so that the fluid flux out of
the ChP per unit length is considered: Qsp = Q/L..

Without loss of generality, the outlet fluid pressure is set to zero (for reference,
in vivo reference pressure would be around 10 -15 mmHg [110]). In vivo CSF flows
through the outlet boundary and continues into the rest of the shunt system. A
sufficient length of catheter is included in the model away from inlet holes for the
fluid to be assumed to be fully developed at the outlet. Therefore zero tangential

velocity and continuity of normal stress is imposed on the outlet boundary:
v—(v-nn=0, —p+n-pu (Vv + (V'U)T) ‘=0 on 0Qutiet, (3.7)

The fluid stresses exerted on the solid boundary of the ChP by the CSF drives
the solid deformation. Continuity of stress is imposed on the ChP boundary so
that

(=pI+p (Vo + (Vo)')) - n=0-n on Q. (3.8)

The solid problem is closed by imposing zero displacement along the base of

the ChP, as biologically the ChP is rooted to the ventricles:

u=0 on Ichp base- (3.9)

The ChP extends out of the sub-domain of ventricle modelled, and hence the
end-faces of the ChP, 0Qcup enqa are constrained to slip freely at the ventricle
walls, imposing zero displacement in the direction normal to the end walls and

zero tangential stress.
u-n=0and o-n—(n-oc-n)n=0 on IQcyp end- (3.10)

Table 3.2 summarises the stress and velocity conditions enforced on each

boundary region of the fluid and solid problems.
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Problem Boundary Imposed conditions

Fluid Choroid plexus Imposed normal velocity and no slip.

Continuity of normal stress

Catheter outlet and no tangential fluid velocity.
Ventricle and catheter walls No slip and no flux.
Solid ChP base Zero displacement.
Zero normal displacement
ChP end faces and zero tangential stress.
ChP fluid boundary Continuity of stress.

Table 3.2: Boundary conditions for the simplified catheter domain.

3.3 Full equations

A non-dimensional analysis of these governing equations is performed for the
characteristic scales in the hydrocephalus scenario (see Section A.1) which justifies
the decision to neglect time-dependent effects (0/0t =~ 0) in both the fluid and
solid governing equations.

The final set of equations is given below, with all variables summarised in
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Table 3.3, and parameter values given in Table 3.1.

Fluid equations:

V-v=0, piv-V)v=-Vp+puV?v in Q. (3.11)

Solid equations:

V-o0=0, where o= mu — I+ ﬁji(]& - %(tr(B))H),
(3.12)

and B = (I+ Vu)- (I+ Vu)" in Q.

Fluid boundary conditions:

v=0 on I entricte and Ocatheter, (3.13)

v = ACth on Opsr (3.14)

v—(v-mn=0, —p+n-u(Vo+(Vv)") n=0 on 0uymue. (3.15)

Solid boundary conditions:

u =0 on IQchp bases (3.16)

u-n=0and o-n—(n-o-n)n=0 on IQckp end, (3.17)

(=pI+p (Vo+ (Vv)")) n=0-n on 9. (3.18)

Table 3.3: Variables within the full governing equations

Fluid velocity @ || Solid displacement Uu
Fluid pressure p || Solid stress tensor o
Normal vector m || Solid Jacobian J =det (I+ Vu)
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3.4 Computational methods

In this section the methods used to build the computational codebase to solve
the FSI model are described. Finite element and finite volume methods (FEMs
and FVMs) were reviewed in Section 2.3 and are well established for solving
complex 3D fluid and solid problems. Four routines are combined to form the
computational pipeline to solve the FSI model: meshing, fluid solver, solid solver
and coupling code. The fluid and solid solvers draw from pre-existing codebases:
OpenFOAM [179] for the fluid solver and MuPhiSim for the solid solver [170]. Meshes
for both parts of the simulation are created in the openCascade suite of gmsh
[176]. The FSI coupling was adapted from the methods in Ref. [169] which are
tailored to accommodate the large deformation seen in soft biological tissues.
This method is weakly coupled: the fluid and solid solvers are kept separate, and
coupled only through the exchange of stress and (relaxed) displacement fields on
their mutual boundary. Relaxation is a numerical technique to improve the com-
putational stability of the framework and will be discussed below. A schematic

of the computational framework is shown in Figure 3.4.

SIMULATION COUPLING

fluid stresses l

CREATE MESH > FLUID SOLVER SOLID SOLVER

gmshToFoam

A
(relaxed) node displacement I

Figure 3.4: Schematic of computational FSI framework.

3.4.1 Meshing software: gmsh

To model a 3D volume (or 2D area) using FEMs or FVMSs, the volume (or surface)
needs to be broken down into elements which capture the domain geometry but
are small enough that a linear or quadrilateral approximation captures the vari-
ation of a physical field across the element. The resulting “meshes” are typically
composed of tetrahedra or hexahedra (equivalently, in 2D, triangles or quadrilat-

erals) though many other element types exist.
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To create these meshes, the codebase gmsh [176] with the openCascade kernel
[180] is used, as these softwares contain the ability to build or import model ge-
ometries and algorithms, and to create meshes from a given geometry. Full details
of the mesh types and styles used, mesh quality analysis and mesh postprocessing
are given in Section A.2.

In short, the geometry described in Section 3.1 is created in an ASCII file
with .geo extension, separately for the fluid and solid domains. For a numerical
solver to correctly interact with a geometry, labels must be given to all boundary
surfaces to impose the correct boundary conditions on the correct surfaces. The
labels are imposed by creating Physical Surface groups at the end of the .geo
file. Each boundary condition is linked to one label. Multiple, disjoint boundary
surfaces can be given the same physical label and this will impose the same
boundary condition on all surfaces. Using this approach can be very useful: if a
geometry has multiple outlet regions and only the total flux across all outlet is
known, then all the outlet surfaces can be grouped under one label “outlet”, and
the total flux condition applied on this composite surface.

Internal meshing algorithms within gmsh are then used to create a conformal
mesh. Conformal means that no elements overlap, a critical condition in creating
a valid mesh. In this project the Delaunay algorithm [181] is used as it best
captures the curved geometry of the biological surface. This creates tetrahedral
elements for both the solid and fluid domains. As errors on the fluid validation
study are over 10%, the mesh was transformed to its polyhedral dual using the
polyDualMesh function of OpenFOAM. The mesh created is shown in Figure 3.5
showing both the fluid, subfigure a), and solid, subfigure b) meshes. Figure 3.5
c¢) shows the mesh refinement near the inlet holes on the surface of the catheter,
with the smaller elements needed to capture the regions of high curvature near the
inlet holes. A detailed discussion of the standard methods used in mesh creation,
analysis and validation is given in Appendix A.2.

Further detail on the mesh styles available in gmsh and the mesh quality

analyses are discussed in Section A.2.2 and A.2.3.

3.4.2 Fluid solver: OpenFOAM

Fluid modelling is a complex task and the choice of solver is highly dependent on

the specific problem being addressed. OpenF0AM [179] is used for fluid simulations
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as it is highly configurable and well established. In this section the setup for the
fluid solver and the numerical methods used by OpenFOAM are discussed. To vali-
date results from OpenFO0AM, and to further justify the use of a time-independent
solver, validation and time-independence studies are performed, and results given
in Appendices A.4.1 and A.4.2. The time-independence study compared the re-
sults of a time dependent solver after sufficiently long time with results of the
steady fluid solver, and showed, consistent with the non-dimensional analysis per-
formed in Section A.1, the steady and time dependent flow profile results matched
in the parameter regime being considered in this problem.

Appendix A.3 gives the folder structure and files needed to run a fluid simu-
lation, and Algorithm 1 gives the commands that configure, initialise and run a
fluid simulation. These commands are contained in the run.sh script placed in

the fluid folder, allowing them to be executed automatically.

Algorithm 1 Commands to run a complete fluid simulation

gmsh fluidGeometry.geo -3 < use gmsh to create 3D fluid geometry and
mesh with tetrahedra,
gmshToFoam fluidMesh.msh <« create an OpenFOAM compatible mesh
structure from the fluid mesh,
polyDualMesh 60 -overwrite < create a polyhedral mesh from the existing
tetrahedral mesh and overwrite into the file structure,
if running in parallel on n cores then
decomposePar <« subdivide domain into n self-contained sub-domains,
mpirun -np n simpleFoam -parallel < run the simulation on n cores,
reconstructPar < reconstruct the fluid domain from subdomain
solutions,
else
simpleFoam <— run the simulation on one core,

end if

3.4.2.1 SimpleFOAM algorithm

In Section A.1 the CSF is established as a incompressible, Newtonian, viscous
fluid with constant density. The flows are steady and laminar (non-turbulent),
which motivates the use of the simpleF0AM solver [182], the only time-independent,
incompressible solver offered by OpenF0AM. simpleF0AM implements the SIMPLE

(Semi-Implicit Method for Pressure Linked Equations) algorithm to solve static,
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incompressible, Newtonian flow scenarios. simpleFOAM assumes a constant den-
sity throughout the fluid and consequently considers the kinematic pressure p/py,
so that the fluid behaviour is controlled by only one physical parameter, the kine-

matic viscosity v = u/py. The equations to be solved are:

V-v=0, (3.19)

thﬁn:—V(%)+wV%. (3.20)

The Navier-Stokes equations lead to four coupled equations for the four un-
known variables (kinematic pressure and the three velocity components). How-
ever, numerical solvers are challenged by the fact that pressure never arises ex-
plicitly in the equation, only through a gradient, as the pressure field can be
considered a Lagrange multiplier enforcing incompressibility on the velocity field.
To obtain an equation for p/py, the simpleFOAM algorithm rearranges Equations
(3.19) and (3.20). A brief overview of the simpleF0AM algorithm is given in Algo-
rithm 2, with a complete description given in Ref. [183]. The first step discretises
the system, introducing the vectors V' and p contain the velocity and kinematic
pressure in each of the finite volumes. For these vectors, Equation (3.20) takes
the form

AV -H(V)=-V,p, (3.21)

where V, is the discretised analogue of the gradient operator, the diagonal matrix
A is independent of V' and p, and H is a matrix function of V' that contains the
non-linear terms of the momentum equation. As a diagonal, non-singular matrix

A can be easily inverted to give an explicit expression for V'
V=A"'(~Vep+HV)). (3.22)
From mass conservation V' has no divergence and so:
Vi (A7 (Vap)) = Va- (A H(V)). (3.23)

This is the pressure Poisson equation and is an inhomogeneous elliptic equation
for p with a known V. This formulation inherently preserves mass conservation,
but represents the pressure and velocity fields in each element with a single value
for each value, meaning that there are inherently discontinuities in the physical

fields between neighbouring elements.
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Algorithm 2 Sketch code for simpleF0AM solver

Initially set Vy = 0 and p, = 0 everywhere,

while Not converged do
Use Equation (3.22) to update V ey = A~ (=Vapyg + H(Vo)),
Solve Equation (3.23) for p,.,, in terms of V ey,
Apply relaxation factors to assist convergence.

end while

3.4.2.2 Numerical parameters

To ensure the simpleF0AM algorithm produces an accurate and complete solu-
tion, several choices of numerical parameters and numerical methods need to be
made. These are contained in the files fvSchemes and fvSolutions. fvSchemes
stores the numerical methods used to calculate the derivatives of the velocity and
pressure fields, see Appendix A.3. These methods need to be chosen carefully,
accounting for the local mesh structure, but for most derivatives the default Gaus-
sian schemes used by OpenF0OAM are sufficient. However in the gradient calculation
the leastSquares scheme is used as this is far more accurate when calculating
gradients on unstructured meshes [184]. The leastSquares method takes an
average over neighbouring cells, and hence has a higher accuracy when elements
have a high number of neighbours, which is true of the polyhedral mesh.

The numerical tolerances are applied to the residuals of the individual steps of
the simpleF0AM algorithm, and need to be satisfied for that step to be considered
converged. Fach step of the simpleF0AM algorithm solves a matrix system A-x =
b for some matrix A and vectors b, & where x is unknown. This system is
solved using iterative methods which are cheaper than matrix inversion, and the
residual is defined as b — Az, for a current proposed solution vector x.,. Here,
the tolerances are set to an absolute tolerance of 107% and relative tolerance of
10~3. The absolute tolerance is normalised by the average value of the field being
calculated, making both tolerance values dimensionless. Relaxation factors are
used to scale the update to the pressure and velocity fields to ensure smoother
convergence and are kept at the standard values of 0.3 for pressure and 0.7 for
velocity. The restrictions on the pressure field are usually tighter than those
on the velocity, as the simpleFOAM algorithm calculates velocity as an explicit

function of pressure.
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A suitably large bound on the number of allowed iterations is set at 2500,
ensuring that the convergence is attained. T'wo non-orthogonal corrector loops are
incorporated for the pressure equation to correct for the shape of mesh elements
(last step of Algorithm 2) [184].

3.4.2.3 Boundary conditions

simpleF0AM requires a boundary condition (or a consistent placeholder) on every
boundary, for both (kinematic) pressure and velocity. It is important to emphasise
that this does not overprescribe the mathematical problem, but is necessary as
the simpleF0AM solver reforms the governing equations as an elliptic equation for
pressure, an equation form that requires conditions on every boundary. In many
cases the condition is a placeholder, which directs the solver to look to the other
field for the true condition.

Table 3.4 gives the boundary conditions imposed on the fluid solver, defined
by a keyword designating the boundary type and a second line giving additional
information about the boundary condition. These boundary conditions give the

same mathematical system as Table 3.2.

Table 3.4: Boundary conditions used in the OpenFOAM solver.

Boundary Pressure Velocity

ChP surface | fixedFluxPressure flowRateOutletVelocity

volumetricFlowRate constant 6

Catheter outlet fixedValue pressurelnletOutletVelocity

value uniform O | tangentialVelocity uniform (0 0 0)

Ventricle and | fixedFluxPressure noSlip

catheter walls

The noSlip velocity condition on the ventricle and catheter walls imposes a

zero value of the velocity at the surface, and similarly the fixedValue condition
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sets the pressure value to 0 on the catheter outlet. flowRateOutletVelocity
imposes a set total outflux from the surface, here the volumetricFlowRate key-
word is used to prescribe the total volumetric outflux in mm?3/s. Without any
further keywords, flowRateOutletVelocity imposes the velocity uniformly over
the surface and in the normal direction to the surface.

fixedFluxPressure is the complementary condition imposed on kinematic
pressure when the velocity field is known. This condition combines Equation
(3.22) with the known velocity on the boundary to derive an expression for the
pressure gradient at the wall in terms of the known velocity on this boundary.
This ensures the solution to the pressure Poisson equation is compatible with an
incompressible velocity field.

Similarly, pressureInletOutletVelocity is the complementary condition
for the velocity at an inlet or outlet when the pressure value is known, and is

equivalent to dv/0n = 0.

3.4.3 Solid solver: MuPhiSim

The deformation of the ChP is simulated in MuPhiSim, an in-house FEM code-
base specialising in large deformations [170]. A tetrahedral mesh is used for the
ChP solid model, taking advantage of the ability of tetrahedra to capture curved
geometry. However, non-quadratic tetrahedral elements can be problematic in
incompressible solid simulations, motivating the use of a compressible formula-
tion with high, but < 0.5, Poisson’s ratio. Here, the ChP is modelled with a
compressible formulation and Poisson’s ratio 0.45 to improve numerical stability.

A validation study for this mesh style is presented in Appendices A.4.3 and A .4.4.

3.4.3.1 Large deformation FEM

The following gives a brief description of the methods used by MuPhiSim to
solve for the solid problem with no body forces, with a full description given in
Ref. [185], or in the MuPhiSim documentation available at https://github.com/
muphisim. Solid deformation problems seek to find the map between the initial
configuration of the solid, given by X and the current configuration x = x(X).

The displacement vector of a point used in the governing Equation (3.3) is
u = x — X. The deformation gradient F := 0x/0X is hence related to the
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displacement vector by F' = I + V xu where the subscript on V x indicates the
gradient is being taking with respect to coordinates in the initial configuration.
Here, the stress as presented in Equations (3.3) is designated by the Cauchy
stress o, related to the first Piola-Kirchhoff stress P by o = (detF) ' PFT.
In short, MuPhiSim considers the weak form of the solid governing equations,
looking at possible perturbations 1 to the deformation vector . Known shape
functions related to each mesh element e are then used to approximate & and n

in each element by
2= S NHEt, m— Y N (3.24)
a€ element e a€ element e
where x, is the position of node a in element e and N¢(€°) is the polynomial
shape function approximation for new coordinates £° also specific to the element.

Here the linear tetrahedral meshes use linear equations for the shape functions.

Combining the shape functions with the weak form of the governing equation

gives
3 (/ psONeNedV> Rl +ZZ/ (P-VxNg)-n"dV (3.25)
e a,bce e bee
=> ) N{T -mPdS,  (3.26)
e bee aQS,n

where a, b index nodes in element e. Traction boundary conditions are captured
by T', and the 0 subscript in pso indicate this is the solid density in the initial
configuration.

As discussed above, solid problems are closed by imposing a constitutive re-
lation ¢ = o(u) or P = P(F). This relation must hold for all admissible

displacements at all nodes 7, and hence Equation (3.25) looks to find values x*

such that
Z < dt2 Z emt a Z e,ext (327)

is true for all b. Here,

ab = Z/ psoNENEAV, foit = P-V xNf dV and fo = N¢T dS.

ace 0 898,71

fent gives the interior stresses in element e arising from the constitutive re-

lation, and f&®* gives the stresses arises from the traction boundary conditions.
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These, alongside M¢

ap» are calculated from the known shape equations, giving a

matrix system to solve for x®.

The static formulation of the problem is then
POFANCOED DN (3.28)

with all variables defined as above.

3.4.3.2 Static and dynamic solvers

The dynamic and static versions of the problem use different numerical methods
to find their solution, either iterating to converge on the equilibrium solution (in
the static case), or solving the system at each time point using an implicit Newton-
Raphson algorithm (in the dynamic case). A full description of the processes can
be found in the appendix of the MuPhiSim documentation [170]. Here, it suffices
to remark that dynamic solvers have the advantage of being more numerically
stable than static solvers due to the influence of the time step dt, which appears
as a 1/dt component on the diagonal of the matrix M, increasing the relative
weight of the diagonal, and making the matrix more stable during the inversion
procedure.

For this reason, the dynamic solver is sometimes used instead of the static
solver in this project, when large deformation of the ChP leads to the static
solver not converging. The dynamic solver has time dependence, and in this case
the solid solver was run for time steps of 0.1 s for time between 0 and 100 s.
These time values were chosen as sufficiently long in comparison to the natural
timescale or internal elastic oscillations, making dynamic effects negligible. The
static and dynamic methods are compared in Appendix A.4.4 and are shown
to be indistinguishable for these choices of time parameters, ensuring this is a

quasi-static implementation of the dynamic solver.

3.4.4 Fluid-structure interaction coupling

The FSI coupling algorithm that combines the solvers OpenFOAM and MuPhiSim is
now introduced. Existing FSI frameworks such as preCICE [186] can be config-
ured to couple the OpenFOAM and MuPhiSim solvers, but struggle to numerically
converge in scenarios where the fluid and solid densities are similar [187], or when

the solid deformation is large. Both are the case in the hydrocephalus scenario,
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and hence the static nature of the problem is leveraged in the creation of a new
coupling code which solves for the equilibrium configuration of the hydrocephalus
system. This codebase containing the FSI coupling is presented as an application
in the MuPhiSim repository https://github.com/muphisim.

The overall approach of the FSI framework, described below in detail, is shown
in Figure 3.4. The method is weakly coupled and partitioned, keeping the fluid
and solid solvers self-contained and independent within the simulation. The solid
and fluid regions are distinct and coupled through their common boundary, the
ChP surface, over which stress or displacement data are passed iteratively. The
simulation solves for the equilibrium state of the FSI system. Intermediate iter-
ations are therefore non-physical, with only the last, converged iteration having
a physical interpretation as the equilibrium state of the FSI system.

At each iteration, the equilibrium state of, first, the fluid and then the solid
system is found for the current domain boundaries (fluid part) or FSI boundary
condition stress (solid part). This equilibrium state then produces the updated
condition on the FSI boundary that will be passed to the next solver. The
full system is considered converged when the update to the displacement field
of the solid part is below a relative tolerance, here set to 0.01. A relaxation
factor, w, scales the update to the solid displacement field to improve numerical
convergence. A value of 0.5 is used for w in the majority of simulations presented,
which balances computational speed with numerical stability. Simulations are
scrutinised to ensure that there are no numerical oscillations and the system
has converged smoothly to its true equilibrium. If such oscillations are detected
then the simulation is rerun with a lower value w = 0.25, which in all cases was
sufficient to see smooth convergence to equilibrium. A sketch of the coupling

algorithm is given below in Algorithm 3.

3.4.4.1 Novel coupling method

The FSI coupling mechanism is adapted from the methods used in Ref. [169],
which consider the 2D scenario of airflow past an aerofoil. To adapt this method

to the hydrocephalus scenario three adjustments needed to be made:
e adapt the method to 3D,

e impose a non-trivial source condition on the FSI boundary,
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Algorithm 3 Sketch code for the FSI simulation

w <« relaxation factor (w < 1),
Create a list of points describing the FSI boundary,
while Not converged do
Build solid and fluid geometries using boundary points,
Run fluid simulation in simpleFOAM,
Extract fluid pressure and stress at the boundary nodes,
Impose stress boundary condition on the FSI interface,
Run solid simulation in MuPhiSim with stress boundary conditions,
Extract the deformed positions of the boundary nodes.
Boundary nodes positions are scaled by w and updated.
The maximum change in position is calculated, and compared to the con-
vergence tolerance = 0.01.
end while

e incorporate viscous fluid stresses.

The FSI boundary is generated by first creating a suitably small mesh with gmsh
from the idealised geometry file. In Ref. [169], the boundary is a 1D closed loop
and an ordered list of boundary nodes is used to track nodal connectivity. The
deformation of the boundary nodes combined with nodal connectivity informa-
tion gives the deformed FSI boundary. To extend this method to 3D, the list
of elements creating the FSI surface is stored, and the nodes creating each sur-
face element are saved. This stores the nodal connectivities, and tracking the
displacements of these nodes during solid deformation allows the position of the
boundary to be tracked.

In this model, the ChP surface is a source of CSF into the fluid domain, in
addition to acting as the interface boundary between solid and fluid components.
In a dynamic simulation, the fluid velocity imposed on the ChP surface would
need to incorporate the velocity of the moving boundary as well as the flux from
the source term. In this coupling method all parts of the domain are assumed to
have achieved their static equilibrium and hence the velocity of the boundary is
0. Therefore, it is sufficient to impose only the CSF outflux as the fluid boundary
condition on the ChP surface.

In the aerofoil work of Ref. [169], viscous stresses are negligible and the defor-
mation of the solid is driven by pressure. In the hydrocephalus scenario, viscous

stresses are significant and so it is important to include both effects. Thus,
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the fluid stresses from OpenFOAM are extracted, and drive the solid deformation
through the novel stress boundary condition discussed in Section 3.4.4.3.
The coupling code is written in python3. For reference, it is included as the ex-

[43

ample “py-FSI-3D” in MuPhiSim, accessible at https://github.com/muphisim.
To test the accuracy of this code a validation study was completed, replicating a
benchmark problem considering flow through a deformable pipe (results given in

Appendix A.4.5).

3.4.4.2 Extracting the fluid stress field

In the FSI model, fluid stresses on the boundary of the ChP drive the solid
deformation. The weakly coupled FSI solver therefore requires the stress field on
the surface of the ChP to be extracted from the simpleF0AM solver. The fluid
stress field is defined as (—pl + (Vv + (Vv)T).

OpenFOAM contains functionality to extract the pressure of each element on
a given boundary surface. This is implemented in the functions dictionary of
the system/controlDict file. OpenFOAM does not have an in-built function to
calculate the full stress tensor, and hence a specific extraction code was writ-
ten to extract the value of u(Vo + (Vv)') at any boundary surface. It is
possible to write novel code in a separate local folder, which is then compiled,
and dynamically linked to the simpleFOAM run folder with the command libs
("libstressTensor.so"), written in the system/controlDict file. To keep all
the fluid code contained within one folder, here the stress tensor extraction was
written directly into the functions dictionary of the system/controlDict file.
While this implementation required the stress extraction code to be recompiled
every time it is used, the compile time is on the order of seconds, and consequently

does not significantly affect the overall run time of the FSI model.

3.4.4.3 Solid boundary condition

For each iteration of the weakly coupled FSI methodology, the solid deforma-
tion resulting from the fluid stress field on the FSI boundary, ors; := —pl +
1 (Vv + (VU)T) is found. To correctly solve this problem, in each solid iteration
the solid starts in its initial, relaxed state, and its equilibrium displacement under

the current fluid stress field are found. There may be large deformations between
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the relaxed and equilibrium positions of the ChP, meaning that the normal vec-
tor to the ChP surface m changes significantly as the solid solver converges to
equilibrium.

The FSI boundary condition is imposed via a prescribed stress tensor: o rs;-n
on the ChP surface. This incorporates both the viscous stress components and
the effect of large changes in the normal vector throughout the deformation.

The Cauchy stress in the current configuration o, is related to the first Piola-
Kirchhoff stress in the initial configuration P (used in the solid solver) via o =
JIPFT,

To impose this condition, a new boundary condition was required in MuPhiSim,
written in the src/solvers/classNeumannBCs file. This class requires six nu-
merical values that define the symmetric Cauchy stress tensor, automatically
computes the current normal vector of the solid surface to find the traction vec-

tor o rgr - m and applies this vector in the Neumann traction condition.

3.4.5 Computation

For the simulations in this project, the code was run on a combination of i7
core laptop and university cluster with 60 CPU cores. The 2D model did not
need to be parallelised because of its efficiency, with each fluid-solid coupling
iteration taking ~20 s. The fluid and solid simulations within the 3D model were
parallelised over six cores to speed up runtime as a full simulation takes over
24 hours. Six cores were chosen to maximise efficiency while allowing multiple
independent simulations to be run concurrently on the cluster. The coupling
between the fluid and solid simulations is kept on one core for simplicity as
coupling takes significantly less time than the solid and fluid simulations.
Investigating the run time of each component of Algorithm 3 for the 3D model
showed that the slowest steps by far were the solid simulation ( 75% of runtime),
followed by the fluid remeshing step ( 20% of runtime). In contrast, the fluid

simulation took < 1% of runtime.

3.4.6 Visualisation and data extraction: ParaView

Visualisation of the model output was done in ParaView [188]. ParaView was
also used for data extraction, configured and automated using python-like scripts

which must be executed through ParaView’s in-house version of python, pvpython.
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3.5 Chapter summary

This chapter introduces a model for the hydrocephalus ventricle-catheter-ChP
system. While idealised, the model incorporates all key biological components:
CSF, ChP, ventricle and the catheter. Model parameters were selected based
on established literature values or chosen within biologically plausible ranges.
When exact values were uncertain, a parameter sensitivity study was conducted,
which demonstrated that the model consistently preserved the ranking of different
catheter designs across the range of parameters considered.

The second part of the chapter presents the computational framework used
to determine the model’s equilibrium configuration. The FSI framework consists
of four components: the fluid solver, solid solver, meshing, and coupling. Each
of these components is discussed in detail, with attention given to numerical
considerations affecting accuracy.

Validation studies for the fluid, solid, and FSI solvers (detailed in the Appen-
dices) confirm the accuracy of the individual solvers and the overall codebase.
With this validation, the FSI model can be used to simulate ChP deformation in

an idealised hydrocephalus scenario.
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Chapter 4

F'SI model results

The framework presented in Chapter 3, the “full model” component of the opti-
misation methodology, Figure 3.1, is used in this chapter. These FSI simulations
allow for an examination of the detailed flow structures and solid deformation
in the ventricle-catheter-ChP environment during hydrocephalus. Two existing
catheter designs manufactured by Codman®) [51], along with the design pro-
posed by Weisenberg [15] are considered. The Codman@®) designs were chosen
as they are routinely used in the UK National Health Service and have two very
different hole configurations. Weisenberg’s design, which aims to take in the same
quantity of CSF through each inlet hole, was chosen as it is similar in style to
Medtronic’s Rivulet catheter, currently in clinical use, and was created through
a computer-guided design process combining an optimisation sweep with CFD
methods [15].

For the design of Codman catheter A, the FSI simulation is visualised, with
results from different subdomains of the ventricular-catheter-ChP system high-
lighted. Various quantitative metrics which could be used to assess catheter
performance are introduced and discussed. A selection of these metrics are then
evaluated for each existing catheter design for a range of rotation angles of the
catheter about its centre axis.

In particular, the maximum equilibrium ChP deflection is computed. This
quantity is of particular interest, as designs that produce equilibrium ChP posi-
tions close to the catheter are more likely to result in blockage, whereas designs
maintaining greater separation are less susceptible. The model neglects addi-
tional biological processes such as growth and cell adhesion, which would further

increase the likelihood of blockage when the ChP approaches the catheter. In
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particular, configurations in which the ChP comes into direct contact with the
catheter are treated as worst-case scenarios. A design that results in less ChP
deflection across the range of rotation angles is considered a better design within
the framework of this model.

The 3D FSI model contains all the detail of the ventricle-catheter-ChP do-
main, but has a long runtime of >3 days. This motivates the development of a
geometrically reduced-order model (ROM) considering a 2D cross-section of the
3D domain. This ROM neglects axial effects occurring along the centreline of the
catheter, but has a significantly reduced computational time and maintains the
key FSI mechanism. The 2D ROM is used to systematically explore the space of
hole parameters (size and circumferential position), and shows that a high num-
ber of large, equally sized holes positioned uniformly around the circumference
of the catheter lead to the minimum ChP deflection. Results from this ROM are
compared to the full 3D FSI model in Appendix B.1, and shown to quantitatively
agree.

Results from the 2D parameter sweep are consequently used to motivate a
new 3D design, which is then modelled in the 3D FSI model, and the resulting
equilibrium ChP deformation is compared to results using the three existing de-
signs. Selected material from this chapter is published in Ref. [50] by Hayman et

al.

4.1 Existing designs

Codman’s catheter A, shown in Figure 4.1 a), has ten axial rows of holes with
two holes in each row, where the holes are positioned circumferentially opposite
each other. Each row contains one large hole and one small hole, diametrically
opposite, with rows offset along the catheter length. Codman’s catheter B, also
shown in Figure 4.1 a), has holes positioned much closer along the axis of the
catheter, with each of the ten axial rows containing four holes each: two large,
two small. Rows are again offset, so that large and small holes alternate along
the catheter axis. The example catheters were examined with a focus-variation
Alicona microscope to obtain measurements of hole diameter to the nearest 10
nm, see Table 4.1. Weisenberg’s design parameters are given in page 68 of Ref. [15]

and feature six rows of holes with four equally spaced holes per row. Holes on
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each row have the same radius, and the radius decreases along the catheter with

holes at the tip having the largest radius.

Table 4.1: Existing catheter design model parameters.

Catheter example Catheter diameter Largest hole | Smallest hole
diameter diameter
Catheter A Outer diameter: 2.77 mm 0.97 mm 0.61 mm

Inner diameter: 1.43 mm

Catheter B Outer diameter: 2.50 mm 0.80 mm 0.50 mm

Inner diameter: 1.27 mm

Weisenberg Outer diameter: 2.70 mm 0.85 mm 0.524 mm

Inner diameter: 1.5 mm

4.1.1 3D simulation visualisation

The 3D FSI model enables visualisation of the detailed flow structures and ChP
deformation arising during the simulation. Figure 4.2 examines Catheter A, fo-
cusing on the region near the inlet holes. Different panels in the figure show the
range of information that can be extracted and quantified from the 3D model.
Figure 4.2 a) shows the equilibrium deformation of the ChP. The “tip” of the
ChP, defined as the set of points satisfying = 0,y = 3.5mm in the undeformed
configuration, is indicated by a gold line. The maximum displacement of the ChP
occurs at this tip in the vicinity of the holes closest to the outlet (red colour).
Figure 4.2 ¢) shows the displacement along the ChP tip, plotting both the mag-
nitude of the displacement field, |u| and its z-component, u - e,. The close
agreement between these curves indicates that deformation is predominantly in
the x direction, with negligible contributions in y and z. The results also show
that the ChP comes into contact with the catheter for all points with z > 15 mm
(red markers). The ChP moves slightly away from the catheter for z < 4 mm,

and here |u| =~ —u - e,. While it is positive to see the ChP moving away from
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_ Catheter A Catheter B Weisenberg

Figure 4.1: Geometries of existing catheter designs. Image adapted from Ref. [50],
reproduced under a Creative Commons Attribution 4.0 International License (CC
BY 4.0 [32]).

the catheter, the blockage of holes near the closed tip of the catheter is less of a
concern as the remaining downstream holes are still able to take in CSF. In con-
trast, the large deformation towards the outlet holes suggests blockage at these
downstream holes is likely, which will cause the catheter to stop working entirely
if they block. To further quantify this risk, the minimum distance between the
ChP surface and the catheter holes can be evaluated. In this case, parts of the
ChP overlap with a catheter hole, giving a minimum distance of 0 mm, suggesting
a high likelihood of potential blockage.

Figure 4.2 b) shows the pressure field and the axial fluid flux (:= [ fx?y'v .
e.,dx,dy) along the centreline of the catheter. Jumps in the flux curve indicate
the axial positions of the inlet holes; the magnitude of each jump corresponds
to the influx of fluid entering the catheter at that location. Holes closer to the
outlet (at z = 30 mm) draw a greater proportion of the total influx. A total of
6 mm?/s enters the domain from the ChP, and, due to incompressibility and the
static domain of each fluid iteration, the same flux exits through the catheter
outlet. In this case, the holes nearest the outlet, at z = 25.4 mm, admit a flux of
2.16 mm3 /s, accounting for over one third of the total influx.

The mean and standard deviation of the influx across the ten axial rings of
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Figure 4.2: (a) Equilibrium configuration of ventricle-catheter environment, view
into ventricle domain from outlet. (b) Fluid flux and pressure along the centre-
line of the catheter. (c) Displacement of the tip of the ChP, showing both the
magnitude (solid line), and the displacement in the z direction (dashed line). (d)
Side view of the ventricle-catheter domain, with selected streamlines shown en-
tering the catheter holes. (e) Normal traction exerted by the fluid on the surface
of the ChP, showing both the faces towards (upper) and away from the catheter
(lower). Image reproduced from Ref. [50] under a Creative Commons Attribution
4.0 International License (CC BY 4.0 [%])



inlet holes are 0.586 mm?/s and 0.706 mm? /s, respectively. For comparison, an
equal influx into each axial ring of holes would yield (6 mm?/s) / 10 = 0.6 mm?/s
per ring, which is close to the mean value obtained. However, the large standard
deviation highlights the strong non-uniformity in influx evident in Figure 4.2
b). Previous studies have emphasised redistributing flux across axial hole bands,
making the standard deviation of influx a key performance metric. This catheter
design performs poorly under both criteria, exhibiting both large ChP deforma-
tion and highly non-uniform inlet flux.

The imbalance in influx is due to the pressure in the catheter interior dropping
from ~0.6 Pa at the closed tip to the reference pressure of 0 Pa at the outlet end.
The pressure away from the catheter in the ventricle domain is approximately
uniform (and comparable to the pressure at the closed tip) and so there is a
greater pressure difference over the catheter holes near the outlet, driving the
flow of fluid. Figure 4.2 c¢) shows selected streamlines in the ventricle-catheter-
ChP domain. Again, a greater number of streamlines can be seen entering to
inlet hole closest to the outlet (right), consistent with the graph of Figure 4.2 b).

It is also of interest to evaluate the fluid stress field exerted on different parts
of the domain, as this field underpins the dominant FSI mechanisms: fluid stresses
acting on the ChP surface drive its deformation. In Figure 4.2 e), the normal
component of the fluid stress vector (referred to here as the normal traction),
n-(—pn+p(Vo+ (Vo)) n) is visualised on the ChP surface. Dark blue
regions indicate lower values of the normal traction on the surface of the ChP, and
the ChP will deform away from regions. Analogously, red values indicate higher
values of normal traction and the ChP will deform towards these regions. Dark
blue regions on the side of the ChP facing the catheter lead to ChP deformation
towards the catheter, which is undesirable. On the surface of the ChP facing away
from the catheter, the traction is spatially uniform and dominated by the pressure
contribution, —p, which is itself approximately homogeneous. In contrast, on the
side facing the catheter, the normal traction exhibits significant spatial variation,
with extreme values localised near the inlet holes, particularly those closest to
the outlet. The pressure on the near side of the ChP ranges between 500 and
701 mPa, while the viscous contribution, n - (u (Vv + (Vo) ") - n) lies between
-3.76 and 3.03 mPa. This indicates that, although viscous stresses contribute to
the local structure of the traction field, the overall the normal traction is strongly

pressure dominated.
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Tracking intraventricular pressure is a key objective in the study of hydro-
cephalus, as excess CSF can lead to dangerous increases in intracranial pressure.
In the model, the reference pressure is set to 0 mPa at the outlet, which therefore
corresponds to the minimum pressure within the fluid domain. The maximum
pressure in this equilibrium solution is 717.6 mPa, occurring on the ChP surface
facing the catheter at z = 25.5 mm, where the ChP approaches contact with the
catheter. These values are taken from the final iteration prior to collision, at
which point a very narrow gap exists between the ChP and catheter, leading to
locally elevated pressures required to drive the flow.

To provide a more global characterisation of the pressure field, the 10", 50",
and 90" percentiles of the pressure distribution are computed as 561.3, 572.3,
and 573.4 mPa, respectively. This indicates that the majority of the domain is
at a relatively uniform pressure, with deformation driven primarily by localised
high-pressure regions near the catheter interface. The maximum pressure at the
ventricular wall is 578.6 mPa, slightly above the 90" percentile, suggesting limited
spatial variation in pressure away from the catheter. The pressure distribution
along the ventricular wall is of particular interest, as localised increases may
influence the surrounding brain tissue. However, it is important to note that
fluctuations of less than 1 Pa are several orders of magnitude smaller than the
intracranial pressure variations observed during the cardiac cycle, which have
amplitudes on the order of 5000 Pa [189].

4.1.2 Comparison of existing designs

The 3D FSI model is used to simulate the equilibrium configuration of the
ventricle-catheter-ChP system for each catheter shown in Figure 4.1.As catheters
are not always inserted with the same orientation, the results are compared for
various axial rotations «. Figure 3.2 b) shows the placement of «, with o = 0°
placing a row of holes horizontally to the right of the centreline, and increasing
« rotating the placement clockwise. The choice of & = 0° is an arbitrary deci-
sion, and so results should not be compared at specific values of a but viewed
holistically. Fifteen simulations spanning the full 360° were run for each catheter
example, changing the axial rotation a by 24° each iteration. The results of

Figure 4.2 are taken from Catheter A at a = 0°.
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Each simulation takes ~ 3 days to run, when parallelised optimally across six
cores. With 60 cores on a shared university cluster available, this configuration
allowed 10 different simulations to be run concurrently. Nevertheless, the simu-
lations used to obtain the data plotted in Figure 4.1 required over two weeks to

create.
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Maximum ChP deformation (mm)

a (°) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A| 0.55 0.55 0314 0330 0297 0.132 0.I134 055 055 055 055 055 055 055 055 055 [0.468 0.158
Catheter B | 0.507 0.396 0.240 0.292 0.455 0.259 0.342 0.457 0.444 0.313 0.291 0.464 0.510 0.310 0.362 0.507 | 0.324 0.072
Weisenberg| 0.55 0.55 0.456 0.55 0.55 0.55 0.440 0.55 0.55 0.542 0452 0.55 0.55 0.486 0.505 0.55 |0.542 0.017
Maximum influx over axial rings of holes (mm?/s)
a (°) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A|2.313 2.395 2383 2392 2401 2415 2430 2.253 2.266 2.2v4 2483 2.550 2.376 2.366 2.356 2.346 | 2.372 0.089
Catheter B | 2.002 1.986 2.051 2.032 1.96 2.013 2.085 2.057 2.094 2.035 2.118 2.081 2.009 2.08 2.051 2.002 |2.047 0.044
Weisenberg | 1.062 1.049 1.033 1.065 1.047 1.036 1.035 1.07 1.052 1.045 1.04 1.046 1.046 1.034 1.053 1.062 |1.048 0.011
Mean influx over axial rings of holes (mm?/s)
a (°) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A|0.617 0.614 0.615 0.6I3 0.61 0.613 0.617 0.612 0.615 0.617 0.6I7 0.617 0.617 0.615 0.617 0.617 | 0.615 0.002
Catheter B | 0.614 0.613 0.615 0.612 0.613 0.613 0.614 0.615 0.614 0.617 0.618 0.617 0.614 0.618 0.616 0.614|0.615 0.002
Weisenberg | 1.015 1.017 1.014 1.015 1.015 1.014 1.013 1.016 1.016 1.014 1.014 1.014 1.015 1.014 1.014 1.015 |1.015 0.001
Standard deviation of influx over axial rings of holes (mm?/s)
a (° 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A[0.712 0.728 0.723 0.726 0.73 0.736 0.743 0.703 0.706 0.707 0.74 0.735 0.715 0.714 0.714 0.715[0.721 0.014
Catheter B | 0.598 0.592 0.604 0.598 0.582 0.596 0.613 0.606 0.614 0.61 0.624 0.615 0.597 0.611 0.611 0.598 | 0.605 0.011
Weisenberg | 0.027 0.017 0.02 0.04 0.019 0.015 0.014 0.034 0.021 0.022 0.017 0.023 0.018 0.012 0.028 0.027 | 0.022 0.008
Maximum pressure on ventricle walls (mPa)
a (°) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A|575.2 567.4 567.0 564.6 562.2 560.250 558.3 572.1 570.5 575.5 567.3 580.1 579.1 577.3 575.5 573.7|570.7 6.572
Catheter B | 580.9 581.1 585.5 580.7 591.1 583.9 578.9 579.8 583.6 580.1 578.9 582.3 5H84.3 5H83 580.4 580.9|582.4 3.247
Weisenberg | 917.7 914.8 913.9 921.2 916.9 915.1 914.2 917.5 915.2 913.6 913.6 918.8 914.6 912.7 9153 917.7|915.7 2.315
Maximum normal traction on ChP surface (mPa)
a (°) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 | mean std
Catheter A [-520.7 -552.9 -557.3 -555.0 -552.7 -551.350 -550.0 -533.9 -530.4 -555.5 -543.6 -516.0 -549.4 -546.6 -543.8 -541.0[-541.9 13.83
Catheter B |-517.2 -571.3 -578 -571.4 -580.5 -575.7 -572.2 -564.8 -572.6 -571.7 -570.7 -563.9 -572.7 -574.3 -570.9 -517.2|-572.2 4.369
Weisenberg |-887.1 -899.9 -902.3 -873 -891.5 -900.9 -903 -889.3 -896.7 -900.3 -898.6 -888.1 -898.9 -900.5 -887.6 -887.1|-894.5 8.262
z position of maximum normal traction on ChP surface (mm)
a (%) 0 24 48 72 96 120 144 168 192 216 240 264 288 312 336 360 [mean std
Catheter A|25.49 2549 2549 24.49 2349 2459 25.69 25.09 2549 2529 2329 2329 23.09 23.757 24.423 25.09 [ 24.69 1.051
Catheter B | 23.14 23.09 24.09 23.69 23.29 23.09 24.09 24.49 24.09 24.09 24.49 2449 2449 24.09 23.29 23.14|23.92 0.531
Weisenberg | 7.106 1.709 1.709 8.904 7.106 1.709 1.909 8.904 3.308 1.709 10.7 8.904 5.307 1.709 8.904 7.106 |5.307 3.46
Table 4.2: Comparison of quantitative metrics for different catheter designs across a € [0, ..., 360]. The mean and standard

deviation computed over a are also given.



Table 4.2 summarises some of the key metrics discussed above, for each
catheter design and at each value of a. For each metric, the mean and stan-
dard deviation (std) across « are also given in the right-most columns. Table 4.2
provides a basis for ranking the catheter designs. The maximum ChP deformation
varies significantly both between designs and across values of ar. Weisenberg’s de-
sign exhibits deformation exceeding 0.55 mm (indicating contact) for the majority
of cases, while Catheter A also shows multiple instances of contact. In contrast,
Catheter B exhibits no contact for any value of v and has the lowest mean de-
formation (0.324 mm). These trends are illustrated in Figure 4.3. Displacements
greater than 0.55 mm, indicating contact between the ChP and catheter, are
marked with red dots. Although Weisenberg’s catheter was designed to enforce
uniform influx through each inlet hole (as confirmed in Figure 4.4), it exhibits
collisions for most values of a. This highlights that uniformity of inflow alone
is not sufficient to rank catheter performance. Overall, Catheter B provides the
most robust performance across all values of «, despite Catheter A achieving the
minimum deformation at o = 120°.

There remains a strong dependence of ChP deformation on « for all designs.
As this orientation is not controlled during implantation, reducing sensitivity to
a is a key consideration in catheter design.

Previous work has focussed on influx into the catheter, particularly the stan-
dard deviation of influx across axial rings of inlet holes. Catheters A and B
have relatively large standard deviations (with the mean over a of the stan-
dard deviation over axial rings of holes of 0.721 and 0.605 mm?/s respectively),
whereas Weisenberg’s design is very successful at minimising this value (mean
0.022 mm?/s), see Figure 4.4 a). This is also reflected in the close agreement be-
tween maximum and mean influx values for Weisenberg’s design, indicating that
flow is distributed more evenly across all rings of inlet holes. It is notable that for
each catheter design, the influx metrics vary very little with «, suggesting that
flow within the catheter lumen is relatively insensitive to catheter orientation
within the ventricle. This supports the findings of Ref. [91], who also observed
limited dependence of lumen flow metrics on ventricle geometry. Figure 4.4 a)
shows the fluid centreline fields for the catheter developed in Weisenberg’s com-
putational study. This design was chosen to enforce uniformity of flow into each
inlet hole, which can clearly observed.Nevertheless, Figure 4.3 shows that this de-

sign results in large equilibrium ChP deformation for all values of «, performing
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Commons Attribution 4.0 International License (CC BY 4.0 [32]).

worse than both Codman examples. This demonstrates that uniformity of inflow

alone is not a sufficient design criterion.
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Figure 4.4: (a) Velocity flux and pressure along the centreline of Weisenberg’s

catheter [15]. (b) Normal traction on the surface of the ChP.

The maximum pressure on the ventricular wall is also recorded. There is rela-
tively little pressure variation in the ventricle domain, so this maximum pressure

is comparable to pressure values throughout the ventricle. Catheters A and B
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both exhibit maximum pressures around 570-580 mPa (means of 570.7 mPa and
582.4 mPa respectively), while Weisenberg’s design requires a significantly higher
pressure (mean 915.7 mPa) to drive flow through the catheter. Although this is
notably larger, it remains below 1 Pa and is therefore small compared to daily
intracranial pressure variations. This increase is likely due to Weisenberg’s inlet
holes being positioned further from the outlet, resulting in a longer section of
catheter lumen over which fluid must travel before reaching the outlet bound-
ary at 0 mPa. It should be noted that the model assumes rigid ventricular walls,
whereas in reality the surrounding brain tissue would deform, reducing local pres-
sure increases. As with other metrics, there is very little variation in maximum
pressure across «, and the z-location of maximum pressure is consistently at z = 0
for all o and for all designs, corresponding to the region furthest from the outlet.

Also of interest is the maximum (least negative) normal traction on the ChP
surface, and the z position at which this occurs. From Figure 4.2 e), the maximum
normal traction occurs on the surface facing the catheter and is highly localised
near specific inlet holes. For Catheters A and B, the inlet hole closest to the outlet
admits the largest influx and exerts the strongest traction on the nearby ChP. This
is reflected in the relatively consistent z-position of maximum traction (means of
24.69 mm and 23.92 mm respectively) which correspond to the z position of the
inlet hole nearest to the catheter outlet. In contrast, the z-position of maximum
traction for Weisenberg’s design varies more significantly (mean 5.307 mm, std
3.46 mm), indicating that multiple inlet rings contribute comparably to the local
traction field. Inspection of simulation results, Figure 4.4 b), shows that each of
the six axial rings of holes produces a strong local traction, and small changes in
« shift the location of the maximum between these different rings.

Given the range of metrics considered, it is clear that different measures cap-
ture different aspects of catheter performance, and a multi-objective approach
could incorporate several of these simultaneously. For this work, the maximum
equilibrium ChP deformation is used to quantify catheter performance, as it di-
rectly captures the strength of the FSI and identifies cases where the ChP comes
into contact with the catheter, corresponding to a high likelihood of occlusion.
It also shows sensitivity to a not captured by other metrics discussed. While
fluid-based metrics such as influx uniformity and pressure provide useful com-

plementary information, they do not consistently reflect this failure mechanism.
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Maximum ChP deformation therefore provides a simple, robust, and clinically
meaningful basis for initial design comparison and optimisation in this work.
This section showed that the 3D FSI model is effective at comparing existing
catheter designs, and ranking their performance by considering the maximum
equilibrium ChP deformation seen. The 3D FSI model also gives detailed insight
into the complex flow fields and ChP deformation in the ventricle-catheter-ChP
system. A range of further metrics can be extracted from the 3D FSI model,
including fluid flow structure within the catheter lumen, intraventricular pressure
values and the spatial structure of surface traction exerted by the fluid.
However, each 3D FSI simulation takes over 3 days to run, even with internal
parallelisation. To explore and improve catheter design and assess a large range of
catheter design parameters, a simpler ROM is developed, applying the same FSI
model and codebase to a 2D cross-section of the ventricle-catheter-ChP system.
This model geometry is described in Section 3.1, and the ROM has the advantage
of a considerably reduced computational time (2D model taking ~10 min on one
core of an i7 laptop), which allows large sweeps over parameter regimes to be
completed. Whilst the ROM neglects effects occurring along the axis of the
catheter, results from the ROM can nevertheless be used to identify promising

design directions which can be reinterpreted back into 3D.

4.2 Reduction to cross-section

Figure 4.5 shows results from the 2D model for two sizes of catheter hole radii:
0.11 mm and 0.87 mm. The subfigures a) and ¢) show ChP displacement for
the two hole sizes. The highest displacement is around the tip of the ChP, as
expected, in both simulations, with the maximum displacement being a factor of
three higher for the smaller hole configuration. Selected streamlines show that
the flow field pattern is similar for both simulations, with streamlines joining the
ChP source to drainage at the catheter holes. Holding the catheter hole pressure
at 0, but reducing the area across which fluid can drain causes an increase in
the fluid velocity within the catheter inlet holes. To drive this, a higher relative
pressure is needed in the ventricle (see subfigures b) and d)). The scenario with
smaller holes generates a pressure drop across the catheter holes of 50 mPa, while
the larger holes need only 2 mPa. These pressures are approximately uniform

across different angles « for the same hole size. Maintaining a normal intracranial
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pressure is a key aim of hydrocephalus treatments, so hole configurations which
cause a lesser increase in pressure are a priori desirable. The pressures seen in
the 2D model results are smaller than those seen in the 3D model as removing the
third dimension significantly shortens the path length of fluid particles travelling
from the ChP to the outlet. As discussed above, 50 mPa is a small increase

compared to the normal range of intracranial pressure.

ChP Displacement Magnitude (mm) Pressure mPa
0.0 0.0 0.1 0.15 0.2 0.25 0.3 ).0 10 20 30 40 50.0
— ‘ b — ———
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(c) (d)

Figure 4.5: Representative cross-section model simulations for two different hole
widths (a), (b) 0.11 mm hole radius; (c), (d) 0.87 mm hole radius for the same
a = 0. (a), (c) Streamlines which flow out of the ChP and into the outlet holes
of the catheter, and the displacement field on the ChP tissue in mm (red high,
blue low). (b), (d) Fluid pressure field in mPa (red high, blue low). Note the
different pressure scales in (b) and (d). Image reproduced from Ref. [50] under a
Creative Commons Attribution 4.0 International License (CC BY 4.0 [32]).
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The 2D model is not able to capture the z dependence seen in the streamlines
and hence flow field of Figure 4.2 ¢) or in the ChP deformation of Figure 4.2
a). Loss of detail is expected with the reduced dimensionality of the solver.
However, both the 2D and 3D models have qualitative similarities, with the point
of maximum deformation of the ChP occurring at the upper tip. Appendix B.1

gives further results on the comparison between the 2D and 3D FSI models.

4.2.1 2D parameter sweep

The 2D ROM is used to perform a systematic investigation into the response of
the ChP deflection to changes in hole size and circumferential position. As the
axial rotation « is not clinically imposed, it is necessary to test catheter designs
for multiple values of a. Figure 4.6 shows how «, and the hole radius r are

determined.

(a) (b)

Figure 4.6: (a) Radius r and offset angle o shown on two representative outlines
of the cross-section model. Each catheter has four symmetrically positioned holes.
(a) Catheter with equal sized holes, (b) catheter with two larger and two smaller
holes, with radius r + dr and r — dr. Image reproduced from Ref. [50] under a
Creative Commons Attribution 4.0 International License (CC BY 4.0 [32]).

Results from the parameter sweep are shown in Figure 4.7; panels on the left
of the Figure show variation of the parameter of interest. The range of ChP dis-
placement over av are shown as light blue shading, with the average displacement
for that parameter value also indicated. Panels on the right show the impact of «
on the maximum displacement of the ChP boundary (some with reduced ranges
due to symmetry in the hole position). Light colours show lower values of the

parameter, and darker for the high colours.
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The first sweep (Figure 4.7 a), b)) considers the effect of hole radius. Four
equally sized symmetrically positioned holes are modelled. The hole radius ranges
between 0.04 mm and 0.96 mm to quantify the effect of larger or smaller inlet
hole area on the ChP displacement. The results show that a smaller hole results
in higher deflection of the ChP. In addition, the axial angle « has significant
influence on the deflection of the ChP, particularly for smaller holes. Previous
work has linked higher wall shear stresses (associated with smaller holes) with an
increased chance of cell and debris adhesion [90], an additional factor in favour
of larger inlet holes.

For the second sweep (Figure 4.7 c), d)), the effect of unequal hole sizes is
tested. To quantify a measure of hole discrepancy, dr is introduced, see Figure 4.6
b). Two (diametrically opposite) holes have radius r + 0r, and the other two
holes are smaller with r — or for or taking values between 0 mm (equal holes)
and 0.436 mm (greatest disparity), and r held fixed at 0.54 mm. This form
was chosen so that the total area for fluid to enter the catheter remains the same.
Here, there is a two-fold symmetry so values of a between 0° and 180° are plotted.
The average ChP deflection was approximately uniform for different values of dr,
but larger values of dr are more affected by varying a.

The third sweep, Figure 4.7 e), f), fixes the total area of the inlet holes and
considers different numbers of equally sized holes positioned at symmetric inter-
vals around the circumference of the catheter. A larger number of holes reduces
both the average ChP deflection and the sensitivity to changes in . However,
the catheter designs presented in this sweep, and in Figure 4.5, do not account
for physical manufacturing and structural constraints. To maintain structural
integrity, a catheter requires a sufficient amount of material between adjacent
holes, which is not the case for larger values of r in Figure 4.7 a) and b), or in
the example visualisations of Figure 4.5 ¢) and d). Extremely small holes are also
undesirable from a manufacturing perspective, both due to the limitations of drill
bit size and the increased likelihood of blockage by cellular debris suspended in
the ventricles.

The 2D model cannot resolve axial variations in the same way as the 3D FSI
model. Nevertheless, it still provides useful insight into alternative performance
metrics beyond maximum ChP displacement. Figure 4.8 shows the maximum
pressure (on a logarithmic scale) in the equilibrium configuration for the catheter

designs in the first sweep, where four equally sized holes of constant radius are
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Figure 4.7: Maximum ChP displacement at equilibrium. Figures (a) and (b):
impact of hole size, (¢) and (d) impact of unequal holes, (e) and (f) impact of
multiple holes. (a), (¢) and (e) ChP displacement averaged over « (dark line),
and the full range over « (light shading). Example catheter geometries overlaid
in grey. (b), (d) and (f) same data with « on the z-axis, and colours showing
model parameter (light - small, dark - large). Image reproduced from Ref. [50]
under a Creative Commons Attribution 4.0 International License (CC BY 4.0
32)).
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distributed uniformly around the circumference of the catheter. Figure 4.8 rein-
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Figure 4.8: Maximum pressure (log scale) for various hole radius, for the catheter
designs tested in Figure 4.7 a) and b).

forces the observation from Figure 4.5 that higher pressures are required to drive
flow through smaller inlet holes. Even on a logarithmic scale, the increase in max-
imum pressure for decreasing hole size is pronounced. For each hole radius, there
is minimal variation with respect to «, consistent with the weak dependence of
ventricle pressure on catheter orientation observed in the 3D results (Table 4.2).
Although the observed pressure increase for the smallest 2D holes (on the order
of 50 mPa) is not clinically significant in isolation, these results further support
the conclusion that larger inlet holes are preferable.

This analysis using the 2D ROM indicates that catheter designs with larger
inlet holes, combined with a greater number of holes distributed uniformly around
the circumference, lead to reduced ChP deflection and exhibit less sensitivity to a.
However, it is important to recognise the manufacturing and clinical constraints
that limit the feasible design space from the wider range of configurations explored

here.

4.3 Initial design improvement

Results from the 2D parameter sweep suggest potentially promising design di-
rections for catheters that motivate further interrogation. In this section a new
3D catheter design is proposed, motivated by the parameter sweep of the 2D
ROM. Larger, equally sized holes result in smaller deflections in the 2D ROM

and less dependency on a. However, this must be balanced with the possibility
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that a large number of closely placed large holes is likely to reduce the structural
integrity of the catheter.

To allow for such manufacturing constraints and structural stability, the hole
proportion of the catheter design is considered, again defined as the fraction
of surface that is hole (see Section B.1). The hole proportion of the improved
catheter is matched to the average of the existing examples (0.15 for Catheter
A and 0.05 for Catheter B), i.e., 0.1. A hole diameter of 0.9 mm is chosen,
comparable to the largest hole diameter seen in physical examples. This diameter
is far smaller than the optimal radius identified above in the 2D model, but
balances the need to take practical structural considerations into account. Equally
sized holes are noted to be easier to manufacture, as only one size drill bit is
needed [86]. This choice of hole radius and total hole proportion permits 24
holes in the catheter. The 2D sweep informed that a large number of holes
placed circumferentially would be beneficial for reducing ChP displacement, A
hole arrangement is chosen with four rows of holes and six holes in each row,
as a higher hole number in each axial slice was shown to reduce ChP deflection
(Figure 4.7 e)). To improve structural stability the rows of holes are placed at
an axial offset, to place more catheter wall between each hole placement. The
geometry of this newly proposed catheter design is shown in Figure 4.9 a).

Figure 4.9 b) compares the maximum ChP deflection for the three existing
geometries (blue, orange, and green) and the new design (red). The new design
leads, on average, to lower ChP deformation than the existing designs, exhibits
reduced sensitivity to «, and shows no collision events, making it more robust
overall. This is further supported by the visualisation in Figure 4.9, which ex-
amines the improved design at o = 72°, corresponding to its worst performance.
Figure 4.9 ¢) shows the displacement magnitude and z-component of the ChP
tip, with the maximum displacement occurring at z = 20.50 mm.

Further details of this configuration are shown in Figure 4.9 d), which illus-
trates the fluid fields within the catheter lumen. As with Codman catheters A and
B, this design exhibits an imbalanced flux across axial rows of holes. The mean
influx is 0.767 mm?®/s (noting that for eight axial rows, a uniform distribution
would correspond to 6 mm?/s / 8 = 0.75 mm?/s), while the standard deviation
is 0.890 mm?/s, indicating no improvement in flow uniformity relative to the
Codman designs. This is consistent with the design objective, which prioritised

minimising ChP deformation rather than enforcing uniform inflow.
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Figure 4.9: (a) Improved design geometry. (b) Maximum ChP deflection plotted
against axial angle for the improved and existing designs. Image adapted from
Ref. [50], focussing on the initial improved design, reproduced under a Creative
Commons Attribution 4.0 International License (CC BY 4.0 [32]). (c¢) ChP tip
displacement. (d) Fluid fields in the catheter lumen. (e) Normal traction on the
surface of the ChP.



Of all the designs considered, this configuration exhibits the lowest pressure
and traction values. The maximum pressure on the ventricle wall is 351 mPa
(again occurring at z = 0 mm), suggesting reduced resistance to flow through
the catheter. Figure 4.9 e) shows the normal traction field on the ChP surface,
with values in the range —350 mPa to —340 mPa, representing smaller absolute
magnitudes than those observed in the previous catheter designs. As before,
localised regions of elevated traction occur near specific inlet holes, particularly
in the range 20 < z < 25 mm, coinciding with the region of maximum ChP
deformation.

Consistent with the trends observed in Table 4.2, the fluid, pressure, and
stress metrics show minimal variation with respect to a. Figure 4.9 b) shows
that there is still variation in the maximum ChP deformation for this improved

design, and there is potential for further improvements to be made in this area.

4.4 Chapter summary

This chapter presents results from the 3D FSI model, demonstrating its ability to
discriminate between various catheter designs and highlighting those that reduce
the likelihood of obstruction by the ChP. Results from the 3D FSI simulation
give a detailed investigation into the flow fields and deformation patterns of the
ventricular-catheter-ChP system and allow a range of relevant metrics to be quan-
tified, including maximum ventricular pressure, uniformity of influx into different
catheter holes and axial position of maximum traction on the ChP surface.

A 2D FSI ROM is also introduced, which offers a significantly shorter run-
time. This model is used to perform a comprehensive investigation into the effects
of hole size, differences in hole width, and hole number. Whilst the 2D model
can only be used to investigate circumferential design variables, its short runtime
allows a comprehensive exploration of these variables. A larger total hole area
distributed across evenly spaced, equally sized holes is found to reduce ChP de-
flection and to produce designs less sensitive to a. Results from the 2D model,
combined with manufacturing constraints, are used to motivate a candidate ge-
ometry for an improved catheter. This design is then tested in silico in the full
3D model and shown to outperform the Codman designs, Catheters A and B,
and the catheter proposed in Ref. [15].
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While the 2D model has assisted in motivating a design that reduces maximum
equilibrium ChP displacement, the results in Figure 4.9 show only a modest
improvement over Catheter B. Detailed analysis of the 3D FSI simulation reveals
that the improved design still produces localised regions of high traction on the
ChP near inlet holes at the outlet end of the catheter. The 2D model does not
provide information on the axial placement of inlet holes, which in this case were
chosen to ensure sufficient material between successive hole rings. However, these
results suggest that a more optimal axial arrangement of inlet holes likely exists,
and that further improvements may be achieved by considering axial positioning
within a higher-fidelity model.

Nevertheless these results illustrate how a ROM, despite its simplifications,
can be efficiently leveraged to inform and improve 3D design. The use of the 2D
model to guide catheter development, followed by validation in the 3D model, rep-
resents a first step toward the optimisation methodology outlined in Figure 1.1.
While no formal optimisation is presented in this chapter, results from the 2D
FSI model are successful when translated back into the 3D model, highlighting
the promise of ROMs in catheter design. The following chapters build on this ap-
proach by introducing additional ROMs that can be leveraged to further improve

catheter design.
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Chapter 5

Reduced-order models

In Chapter 4, the fluid-structure interaction (FSI) model is shown to successfully
simulate the hydrocephalus scenario, with the finite element and finite volume
methods allowing the fine detail of the flow fields and ChP deformation to be
determined. However, the long runtime of the 3D FSI model makes it infeasible to
use when performing a systematic search over catheter design space. In Chapter
4 results from a reduced-order model (ROM), in this case a 2D version of the FSI
model, were shown to moderately improve the catheter design when translated
back into 3D.

This motivates the exploration of other ROMs for use in the generative design
of catheters. In the remainder of the thesis, the aim is to systematically optimise
over the space of catheter designs. Due to the computational cost of the 3D FSI
model, it is infeasible to use it directly within an optimisation framework. The
objective is therefore to develop ROMs that are reliable predictors of catheter
performance, while offering significantly reduced computational cost. For use in
subsequent optimisation studies (expected to require the evaluation of thousands
of designs) a ROM should ideally have a runtime of under 10 minutes.

In this chapter, two further ROMs are presented, motivated by insights from
the results of the detailed FSI model presented in Chapter 4, with a view to
combine them with machine learning (ML) techniques in later chapters to create
a surrogate model. This chapter therefore focusses on the ROM component of
the optimisation methodology, as shown in Figure 5.1.

The first ROM aims at capturing the fluid flow within the catheter interior.
Approximations of axisymmetric flow fields and a long, thin catheter geometry

are combined with a permeable wall approximation to derive a 1D linear model

89



Reduced-order model
Model which captures
simplified geometry or

physics of the full model

Physical
mechanisms

Figure 5.1: Optimisation methodology, highlighting the ROM component which
will be the focus of this chapter.

for fluid pressure in the catheter interior. This ROM is compared to results
from the 3D FSI model and shown to agree well. The second proposed ROM
approximates the equilibrium fluid stress field on the ChP using a rigid wall
model. The permeable wall ROM is the subject of Ref. [190], and the stress
field ROM is part of the surrogate model development presented in the Methods
section of Ref. [191].

5.1 Ground-truth dataset

To test the accuracy of the ROMs and to train and tune the machine learning
(ML) layer of the surrogate model in later chapters, a ground-truth dataset is
needed. Within this research, the 3D FSI model is the ground-truth for ChP
deformation.

The 3D FSI model was used to create a dataset of 180 simulations. The
catheter designs contained in the ground-truth dataset are representative of all
catheter designs. In the physical examples of catheters examined previously, holes
are placed in regular arrangements with a set number of two or four holes per

ring. It is possible, however, that an optimal hole arrangement will not have
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such a design, and so the ground-truth dataset is curated to contain a mix of
catheter designs with regular hole arrangements, and designs with holes placed
more generally. For all designs, inlet holes are placed in the 30 mm of catheter
nearest the tip. This is required to ensure that inlet holes remain contained in the
ventricle and do not interact with the surrounding brain tissue. An additional
constraint of a maximum of 40 inlet holes is imposed to match the maximum
number of inlet holes seen in physical examples.

The position and size of an inlet hole can be identified by three variables:
a radius r (specifically, the radius of the base of the conical section of catheter
which is removed to form the inlet hole), the z coordinate of the centre of the inlet
hole and a value ¢ as the angle between the hole and the horizontal (e.g. ¢ =0
places a hole horizontally to the right of the centreline, while increasing ¢ rotates
the placement clockwise). Note that ¢ is a design dependent parameter that is
different for each inlet hole, whereas « is not prescribed in design, but measures
the relative position between an inlet hole and the ventricle environment. When
looking at various values of « therefore, the actual angular offset of a specific
inlet hole is ¢ + a.

Figure 5.2 provides a visualisation of this ring-based encoding. Design param-
eters controlling the first two inlet holes are indicated. Inlet holes are described
in order of decreasing hole radius (i.e., the first inlet hole of a design is the one
with largest radius, the second hole has the second-largest radius and so on).

New designs are generated by independent and identically distributed random
sampling across the design space. Given the high dimensionality of the problem
(120 design variables) and the substantial runtime of the 3D FSI model, any
sampling strategy that is computationally feasible will necessarily be very sparse.
Consequently, simple random sampling is considered sufficient, rather than more
sophisticated space-filling approaches such as Sobol sampling [192]. For each new
design the number of inlet holes is first chosen as a random integer between 1 and
40. For each inlet hole the radius, z position and ¢ are then chosen uniformly and
independently at random using the np.random.uniform function from the ranges
given in Table 5.1. Each new design is preprocessed to ensure that holes do not
overlap. Overlapping holes may appear due to the independence of parameter
choice when choosing the position and size of inlet holes, and these designs are

discarded as non-physical.
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Figure 5.2: Schematic of the design encoding used in the creation of the ground-
truth dataset. The design parameters for the two largest holes are indicated: r, z
and ¢.

Table 5.1: Parameter value ranges for the ground-truth dataset.

Variable | Lower bound | Upper bound

z position 0.5 mm 29.5 mm
10} 0° 360°
Hole radius 0.05 mm 0.6 mm
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From the results of Chapter 4, particularly Figure 4.1, the value of «, which
prescribes the relative axial orientation of the catheter to the ChP, is seen to have
a significant effect on the maximum ChP deformation. Therefore several catheter
designs are tested at different values of a and included as separate data points in
the ground-truth dataset. This helps separate the influence of inlet hole design
from the influence of . When searching for improvement to catheter design in
later chapters, it is important that improvements are due to the inlet hole design
rather than a fortuitous choice of a.

Figure 5.3 shows a histogram of the number of values of « tested for each
catheter design. Where av > 1 the values of a are chosen uniformly in the range
(0°, 360°). Most designs have have between 1 and 4 values of « tested (with the
number of « values to test at also chosen uniformly at random), which balances
the need to investigate a large variety of catheter designs, while explicitly includ-
ing o dependence into the dataset. In total, 65 distinct catheter designs were

simulated.
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Figure 5.3: Frequency histogram showing the number of o values considered for
different catheter designs in the ground-truth dataset.
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5.2 Permeable fluid model

In this section, the first ROM is presented. In Chapter 4, the 3D FSI model is
used to simulate the hydrocephalus scenario, giving a detailed view of the CSF
flow. Certain characteristics of the flow field were common across all catheter
designs tested. In particular, there is a distinct difference in the behaviour of the

CSF within the catheter, and in the ventricular domain exterior to the catheter:

e catheter exterior: the pressure field is approximately constant (relative
variation of ~ 1%). The magnitude of the velocity field is approximately
constant and low compared to velocities in the catheter lumen (average ve-
locity magnitude external to the catheter is 0.05 mm/s, whereas the average

velocity at the catheter outlet is 3.4 mm/s),

e catheter interior: the pressure field decreases rapidly and monotonically
towards the outlet, and the velocities have a larger magnitude, reaching

greatest magnitude at the catheter outlet.

Previous work on catheter design also focussed primarily on the fluid flow
through the inlet holes of the catheter [15, 86]. The observations from the FSI
model therefore motivate a set of assumptions from which a simple, linear, 1D
model of the CSF fluid fields within the catheter interior is derived. The assump-

tions used in the derivation of the model are as follows:

e Fluid external to the catheter is modelled at a constant, unknown pressure
po- This neglects the detail of the ventricle geometry and FSI effects from
interaction with the ChP.

e The detailed geometry of the inlet holes is replaced with an axisymmetric
permeable boundary condition. Subsequently, only the fluid flow within the

central lumen of the catheter is modelled.

e The cylindrical geometry of the catheter motivates an axisymmetric flow

approximation for flow with the catheter lumen.

e The long, thin geometry of the catheter motivates the use of the lubrication

equations to govern leading order flow [193].
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These assumptions introduce modelling errors that depend on catheter geom-
etry. The assumption of axisymmetry is most accurate for geometries with many
uniformly distributed inlet holes; configurations with fewer or irregularly spaced
holes are expected to exhibit 3D flow effects. The lubrication approximation re-
lies on a small aspect ratio, here (r;/L ~ 1/40), which implies neglected terms
of order (O(1/40)), corresponding to errors of approximately 2.5%. Lubrication
theory also assumes radial inflow through the inlet holes is small compared to ax-
ial flow in the lumen. This holds when many inlet holes are present to distribute
the inflow, but may break down when only a few holes are present.

The permeable boundary condition replaces the detailed 3D flow through
individual inlet holes with an axisymmetric approximation, in which the normal
velocity is linearly related to the pressure difference. The proportionality constant
is derived from Poiseuille flow, and is therefore most accurate when the inlet holes
behave like short tubes with fully developed profiles. Given the fixed catheter wall
thickness of 0.5 mm here, this approximation is more valid for small-radius holes.
Overall, the ROM is expected to perform best for geometries with many small,
evenly distributed inlet holes. Despite these simplifications, the model remains
tractable and is shown to predict centreline pressure to within approximately
3.5% of the full FSI solution for the majority of catheter geometries considered.

This model is the subject of Ref. [190] where it is presented in more detail
in non-dimensional form, allowing assumptions to be formally justified through
a rigorous small-parameter approximations. In this thesis the model is directly
applied to the hydrocephalus catheter and so a briefer derivation is given, with

all equations presented in dimensional form.

5.2.1 Model derivation

As presented in Section 3.3, the catheter is modelled as a hollow, rigid tube with
cylindrical cross-section, of length L = 30 mm, inner radius r; = 0.75 mm and
outer radius r, = 1.25 mm. The wall is punctured by inlet holes distributed along
the length of the catheter. For this model, a cylindrical polar coordinate system
is used: (7,0, z), with corresponding coordinate directions (e,,eq,e.) with e,
aligned along the catheter centreline. The catheter tip at z = 0 is closed and the
outlet at z = L is open to fluid. Each catheter has a set of inlet holes indexed

by n, where the n'" inlet hole has a radius rén) and sits with its centre at axial

95



position z,(L"). In previous chapters, inlet holes are established as conical. For

simplicity here, inlet holes are modelled as cylinders with radius 75, and height

equal to the width of the catheter wall, r, — ;.

5.2.1.1 External fluid at constant pressure

Motivated by observations from the 3D FSI, this ROM assumes that the catheter
sits in a fluid volume where the fluid external to the catheter is spatially constant,
with unknown constant value py. The ROM therefore models only the fluid inter-
nal to the catheter, accounting for the effect of fluid external to the catheter only
through a boundary condition involving pg at the entrance of the inlet holes. This
assumption is motivated by results in Chapter 4 and has been used in previous
work, e.g., Ref. [171]. As in the 3D FSI model presented in Chapter 3, the zero
value of pressure is set at the catheter outlet.

The boundary of the ROM fluid domain is divided into three parts: the solid
impermeable walls I',,, the outlet of the catheter I',, and the entrances of the
inlet holes I';. A schematic of this geometry is given in Figure 5.4, top subfigure,
with boundary areas indicated.

As in Chapter 3, the fluid is modelled as an incompressible, Newtonian, viscous
fluid with density p and dynamic viscosity u, with parameter values as in Table
3.1. The fluid velocity v and the fluid pressure p are modelled using the steady,

incompressible Navier-Stokes equations:
V-v=0 and p(v-V)v=—Vp+ uV3v, (5.1)
subject to the boundary conditions:

v=0 onl,, (5.2)
v—(v-nn=0, —-p+n-oc-n=-py only (5.3)

v—(v-nn=0, —-p+n-oc-n=0, /’U-ndA:Q onT,. (54)

where n is the outward-pointing unit normal vector to a boundary surface. On
I',, n = e, everywhere, whereas on I'; the normal vector varies for different inlet
holes. The fluid stress tensor is o = $4(Vv + (Vo)?). These conditions are
equivalent to no-slip conditions on every solid wall, with continuity of normal
stress and no tangential velocity on the inlet and outlet boundaries. The zero-

value of p is imposed at the outlet, and the total flux through the catheter outlet is
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Figure 5.4: (a) Cross section of the catheter geometry used in the permeable
model, with key dimensions shown, and boundary regions labelled. Dark blue:
modelled fluid domain, black lines: domain boundary; light blue: fluid external
to the catheter, not part of the modelled fluid domain and assumed to be at
constant pressure pg; grey: catheter wall. Lower figure: detail of inlet holes is
replaced by a permeable boundary condition. (b) Inlet holes in the catheter, with
a height equal to the thickness of the catheter wall, are modelled as axisymmetric
permeable regions.
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prescribed. The majority of the model governing equations are identical to those
presented for the full FSI model in Section 3.3, with the only new conditions
at I'; which is a new boundary of the reduced fluid domain. The value of py is
related to the catheter geometry and (), and will be a key output of the model
(po thus acts as the exterior pressure needed to drive the prescribed flux through

the system).

5.2.1.2 Permeable boundary condition

The key simplification of the model is an axisymmetric permeable wall approx-
imation whereby the detailed geometry of the inlet holes, which have a finite
height equal to the width of the catheter walls, is replaced with an axisymmet-
ric permeable boundary region I',, Figure 5.4 b). The width of each permeable
region is equal to the diameter of the inlet hole it replaces, allowing the ROM to
maintain some knowledge of inlet hole placement.

This process is shown in Figure 5.4 b), and subsequently the ROM models
only fluid in the central lumen of the catheter, the cylindrical volume with circular
cross section {0 <r <r;, 0<z < L}. This ROM does not resolve the flow field
in a permeable catheter wall (as is done in, e.g., Ref. [194]), but instead uses a
permeable model as a boundary condition to understand the flow in the catheter
interior.

The boundary conditions at I'; in Equation (5.3) are replaced with
v=A(p—po)n onT,. (5.5)

This new condition states that the total influx per unit axial length into the
catheter is proportional to the pressure difference between the catheter interior
and exterior, as used by Refs. [171, 172]. Here, A is the effective wall perme-
ability factor that quantifies the permeability to influx across the catheter wall,
accounting for the wall and inlet hole geometry. With this formation, the no-slip
and no-flux conditions on the wall boundary region I',, can be obtained from the
condition on I', by setting A = 0. The union of regions I',, and I',, is precisely the
boundary region r = r;. In the following, any permeability measure A defined on
I', can be extended to the entire boundary » = r; by setting A = 0 in suitable

regions.
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5.2.1.3 Axisymmetry and long, thin geometry

To make the governing equation tractable, the axisymmetric and long, thin ge-
ometry of the catheter lumen is leveraged to identify dominant terms. An ax-
isymmetric flow profile of v = u(r, z)e, + w(r, z)e, is assumed.

The geometry of the catheter has a small aspect ratio: ¢ = r;/L ~ 0.01,
and the Reynolds number Re =~ 4, see Section A.1. Therefore ¢2Re and €* are
both small and terms of this order in the governing equations can be neglected.
For example, the inertial terms (v - V)wv scale with ¢2Re and are consequently
neglected. It is well established by lubrication theory (see Refs. [190] or [193])
that the leading order equations for axisymmetric flow in this parameter domain
are:

0= %, 0= —% + %% (rg—f) | %ﬁ(m) )
which are solved subject to the following boundary conditions (neglecting the

terms involving the fluid stress tensor which is of order o(e?))

u=0=w at 2z=0, (5.7)

w=0, u=Az)(p—p) at r=r (5.8)

p =0, 27r/ Z wrdr=0Q at z=1, (5.9)
r=0

along with regularity of all fields at » = 0. These conditions correspond to static
fluid at the closed catheter tip at z = 0, unidirectional fluid flow at the outlet
with the integral equation giving the total prescribed flux, and with the pressure
set to zero. Flow into the permeable boundary (r = r;) is solely in a direction
normal to the boundary, with magnitude determined by the wall permeability,
and the pressure difference across the wall.

This system can be solved for a given A(z), with the unknown py calculated
as a solution of the problem. Solving Equations (5.6) with boundary conditions

given in Equations (5.7) generates a second order ordinary differential equation

for p:
d*>p  16p
b A po) (5.10)
dp dp 8u
%:0 at z =10, and E:_ﬂ_er’ p=0 atz=0L. (5.11)
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The fluid velocity components w and u are defined in terms of p as follows

w=-——(r*—=7r?) and u= Lalg—p(%r»2 — %) (5.12)
16pdz2" * ' '
The axial flux through a cross-section of the catheter at any point z (defined

as ¢(z)) can also be calculated:

mrd dp
8u dz’

q(z) =27 /Oﬂ' wrdr = — (5.13)

5.2.1.4 Permeability formulation

Here, a form of the permeability factor A(z) is established which reconciles the
ROM with realistic catheter designs while avoiding introducing new parameters
which require calibration. Assuming parabolic Poiseuille flow through each inlet
hole, in line with the work of Ref. [171], an expression for A is calculated which
combines each inlet hole’s contribution linearly.

A cylindrical inlet hole with cross section radius r}(l"), height r, — r; and po-

sitioned at axial position z}(L") has a resistance to flow proportional to the fourth

power of its radius, and inversely proportional to its height [193]. The inlet hole
experiences a pressure differential of (pg — p(zi(ln))) and therefore permits a influx

Ghole Of 4
Ty,

Ghole = )(po —p(z™)). (5.14)

8u(r, —r;
The inlet hole occupies part of the catheter wall within the region z € [z,(l”) —
n)

ré"), z}(L") + ré ]. In the ROM, this inlet hole is replaced by an axisymmetric per-
meable boundary region occupying all of {z € [z,(Ln) — rzn), z,(L") + rgn)], 6 € [0,2n]}.
The flux into the catheter lumen over this section of the catheter boundary is

given by
qrOM = //U(T =1y, 2) rdfdz = 2ry, - 27ty - u(r =1y, 2 = z}(ln)), (5.15)
zJo

with the approximation assuming the fluid velocity does not change significantly

in the interval z € [z}(Ln) — rén), Z}(Ln) + rf(bn)]. This is an approximation which will

be more valid with small-radius inlet holes, when T}(Zn) is small.
An expression for A is derived by equating Equations (5.14) and (5.15), so

that the ROM permits the same influx into the catheter lumen as a cylindrical
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inlet hole. Substituting in for u using the permeable wall boundary condition in

Equation (5.5) gives

9 (n) 9 ( (n)> 4 (n) A( ) W(Tf(Ln)yl ( )
- 2rru(r =1, 2 =2 = 4mr;r — = (Ghole = 57—~ (P — Do),
h h h D = Po) = Ghol 8u(ro —17) P—Po
(5.16)
hence
1 n n n n n
A(2) (7",(1 ))3 for z € [z,(1 ) _ 7",(1 )72;(1 ) 4 7‘,(1 )]. (5.17)

- 32uri(re — ;)

The contributions from each hole are summed linearly over n to account for

all inlet holes in the catheter design, hence

1 (m)*
= ; 32uri(ro — 1y) <Th > i) o, 204 (5.18)

where 7,4 indicates the indicator function taking value 1 between a and b, and
0 elsewhere.

This form of A gives a step function, with A taking positive values in regions
of the catheter where inlet holes are present, and A = 0 in regions of the catheter
where no holes are present. This expression for A therefore holds for all z € [0, L],
maintains detail of hole placement, and is simple to calculate, with no unknown
parameters to calibrate. It does, however, make several approximations on the
fluid flow in the junction region between inlet hole and catheter: inlet holes are
modelled as cylinders with circular cross section, height equal to the width of
the catheter wall (r, — r;), and small aspect ratio (inlet hole radius ré") is much
less than inlet hole height (r, — r;)). In the ventricular catheter examples in
the ground-truth dataset, inlet holes are conical, and may have a hole radius
close to that of the catheter wall width. Disagreement between simple models
incorporating Poiseuille assumptions (like the ROM here) and models resolving
full flow detail have been previously observed, with discrepancies of up to 30%
when considering the flux in a branching channel [195, 196, 197], with effects
such as eddies, flow reversal and recirculation seen in the junction region of more
complex models [198, 199, 200].

To attempt to reconcile the simple model presented in the ROM with the
more complex flow behaviours seen in fully resolved models, the behaviour of a
fluid particle entering an inlet hole is considered. In the ROM, the fluid particle

travels in the radial direction while in an inlet hole, but upon entering the lumen
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of the catheter immediately switches to travelling in a purely axial direction. In
contrast, Figure 5.5 shows the fluid streamlines entering the catheter through an
inlet hole in a 3D FSI simulation. Colour shows the length of the streamline, as
measured from the top of the inlet hole. The height of the inlet hole is 0.5 mm,
but the majority of the fluid travels a longer path, before making a 90° turn and
joining the main flow at the black line which shows the edge of the inlet hole.
The extra length of this path is not currently included in in the ROM.

Streamline length (mm)
0.0 040608 1 121416 20

— || —

ViV
i/
Figure 5.5: Visualisation of 20 selected streamlines entering the catheter through
a single inlet hole. Colours shows the length of the streamline as measured from

the top of the inlet hole. The black vertical line indicates the edge of the inlet
hole.

To account for this extra length, a heuristic adjustment to the permeability

expression is suggested as follows:

1 3
A(z) = ((”))In Wy, - 5.19
() ; 32uri(re — ri 4+ ry/2) " ey =i, 2 4] ( )

The additional factor of ry, /2 accounts for the extra length the fluid particles travel
when entering the catheter lumen from an inlet hole. Appendix B.2 contains
further justification of this choice of heuristic, using material and results that
will be published in Ref. [190].

5.2.2 Permeable model agreement

In this section the accuracy of the permeable ROM is tested by comparing the per-
meable model results (using the augmented permeability expression from Equa-
tion (5.19)) with results from the flow fields of the 3D FSI model, with governing
equations presented in Section 3.3. Specifically, the pressure taken along the cen-
treline of the catheter lumen p(r = 0,z) and the axial flux ¢(z) are calculated

from both models and compared.
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For a specific catheter design, the arrangement and size of inlet holes can
be translated to the effective wall permeability function A(z). This function is
non-zero at z values corresponding to inlet holes. The 7} term in the expression
for permeability, Equation (5.19), means that larger inlet holes dominate the
function.

Figure 5.7 shows the FSI and permeable model results for three catheter
designs. Subfigures a), ¢), and e) show the effective wall permeability (left), the
centreline pressure (middle) and the cross-section flux (right). Subfigures b),
d), f) show visualisations of the corresponding catheter designs. The catheter
geometries shown are taken from the ground-truth dataset described in Section
5.1, and the inlet hole parameters of the three examples are given in Appendix
B.3. In the three designs shown in Figure 5.6 the agreement is very good between
the permeable model and FSI results. The three designs portrayed show a range
of permeability profiles: the first design shown in subfigures a) and b) has a large
number of inlet holes across the length of the catheter. The second and third
designs have many more sparsely positioned inlet holes, with clear “jumps” in
the flux profile that correspond to the position of the inlet holes. The second
design has smaller holes, with the permeability values never above 0.05 mm?s/g,
while the third design has a maximum permeability of 0.5 mm?s/g.

Agreement between the model and simulation is quantified for designs across
the ground-truth dataset by calculating the relative percentage error (RPE) of the
cross-section flux. As seen in the derivation of the model, the cross-section flux
is proportional to the derivative of the pressure curve so this measure captures

the agreement of both flux and pressure. The RPE is

L
ermeable ~ dZ
fzzo(% i bl qrsi) % (5.20)
Sy apst dz

This is nevertheless an integrated quantity, with the axial flux itself being inte-

RPE =100

grated over the radial coordinate. The RPE therefore provides an overall view of
model agreement across the whole catheter with less focus on spatial fluctuations
in the radial direction. In particular, there is likely to be higher level of model
disagreement near the junction of the inlet holes and catheter lumen, which may
not be highlighted in the RPE measure.

Figure 5.7 shows the RPE between the permeable and FSI models for all

catheter designs in the ground-truth dataset. The agreement with the permeable
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Figure 5.6: Examples of agreement between 3D FSI model and permeable model

for three different catheters.
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Figure 5.7: Relative percentage error between the permeable model and 3D FSI
model results for every design in the ground-truth dataset.

model is good, with all the dataset within 10% relative error, and 80% of the data
has a RPE of less than 3.4% (the 10" and 90" quartiles are, respectively, -3.07%
and 3.37%). This agreement is very good, particularly considering the number of
simplifying assumptions within the permeable model (constant external pressure,
axisymmetric flow, narrow aspect ratio of inlet holes) which do not necessarily
hold in the computational FSI model. The RPE is an integrated metric eval-
uated along the catheter centreline of the FSI model. Discrepancies between
the ROM and FSI model are expected to be largest near the inlet hole-lumen
junctions, where significant radial velocities and inherently three-dimensional,
non-axisymmetric flow structures arise, violating the assumptions of the ROM.
However, the strong agreement in centreline RPE indicates that such localised
errors at the catheter wall, I',, do not propagate significantly into the core lumen
flow.

Additionally, model errors are concentrated in the junction regions where
inflow from the inlet holes merges with the axial lumen flow. These regions
occupy only a small fraction of the total catheter length L, and are consequently
downweighted in the integrated RPE.

The permeable model evaluates in under one second, providing a rapid and
sufficiently accurate approximation of the catheter flow field. While discrepancies
are expected near inlet junctions, the ROM accurately captures centreline quan-

tities such as pressure, as well as integrated measures such as axial flux. Previous
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studies on catheter design have focused on achieving uniform CSF influx across
inlet holes, using this as a proxy for reduced ChP deformation, and have relied on
computationally expensive finite volume methods (FVM). The strong agreement
in axial flux between the permeable model and the FSI model (which employs
FVM for the fluid phase) suggests that the ROM is an effective a priori surrogate

for optimisation studies focused on metrics derived from fluid flux, as in [15].

5.3 Stress field on the Choroid Plexus

Here, a second ROM using physical reductions motivated by the 3D FSI model,
is introduced. The FSI is critical to predictions of the full model, but is com-
putationally expensive, requiring 5-10 iterations of the fluid and solid parts to
converge to the static equilibrium position, with each iteration taking ~8 hours
to complete.

As the ChP deformation is driven by the stress exerted by the surrounding
fluid on the surface of the ChP, the fluid stress field can be thought of as a
reasonable proxy for ChP displacement. In fact, at the first iteration of the
3D FSI model, the deformation of the solid is driven solely by the initial fluid
stress field on the ChP surface as the geometry of the ChP is still in its initial
configuration, i.e., undeformed.

This ROM is proposed to focus on the initial fluid stress field, with the ChP
in its initial, upright position. Solving for the initial fluid stress field requires a
fluid-only model, with the same governing equations as the fluid part presented
in Section 3.3. All fluid domain boundaries are modelled as rigid as FSI effects
are discarded. This model requires a single openFOAM simulation (configured in
the same way as the fluid part of the FSI model, as discussed in Chapter 3),
which has a runtime of under 10 minutes, significantly below the computational
requirements of the full 3D FSI model.

The initial fluid stress field drives initial ChP deformation, and Figure 5.8
shows a strong correlation between the maximum displacement of the ChP at
equilibrium, and the maximum displacement of the ChP after one iteration of
fluid and solid parts has been performed, with a data point for each simulation
in the ground-truth dataset. As discussed in Chapter 4, collision events occur
for displacement >0.55 mm. If this occurs then the simulation terminates with

a maximum equilibrium ChP displacement of 0.55 mm, which can be seen in
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the horizontal line of points at the top of the figure. Calculating the Pearson’s
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Figure 5.8: Maximum ChP displacement at equilibrium against maximum dis-
placement after one iteration for every 3D FSI simulation in the ground truth
dataset.

correlation coefficient for all points in the ground-truth dataset gives a value
of 0.90. Examination of Figure 5.8 shows 58 of the simulations in the ground-
truth dataset underwent a collision between the catheter and ChP (indicated
by a maximum equilibrium ChP displacement of 0.55 mm). The points which
have not undergone a collision event (indicated by a maximum equilibrium ChP
displacement less than 0.55 mm) show a strong linear trend between the initial and
equilibrium ChP displacement, and evaluating Pearson’s correlation coefficient on
data with maximum equilibrium displacement < 0.55 mm gives a value of 0.94.

Intermediary iterations in the FSI model are non-physical, but the strong
correlation seen in Figure 5.8 suggests that the ChP displacement after the first
iteration is strongly related to the maximum equilibrium displacement. Therefore
the initial fluid stress field on the ChP surface is also expected to be informative
for equilibrium ChP displacement.

The correlation between initial and equilibrium maximum displacements is
particularly strong when the maximum displacement is low. In the optimisation
of future chapters, a low maximum ChP displacement at equilibrium defines a

more successful catheter and hence it is particularly important to design ROMs
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which are informative in regions of low maximum equilibrium displacement. The
initial stress field is therefore particularly appropriate for this optimisation as the
correlation is stronger in this area.

This relationship is emphasised in Figure 5.9, which shows visualisations of an
example catheter (Figure 5.6 d), with parameters given in Appendix B.3) taken
from the ground-truth dataset. The Figure shows the boundary of the ventricle
domain and catheter (black lines) with the magnitude of the initial deviatoric
stress vector (subfigure a)) and the equilibrium displacement of the ChP (sub-
figure b)) shown on the ChP surface. The region of high initial fluid stress in
Figure 5.9 a) corresponds to the region of highest equilibrium displacement in
Figure 5.9 b). The region of high stress can be seen to correspond to one inlet
hole, which is neither the largest nor the closest to the outlet, but does have

significant effect on the deformation of the ChP.

Deviatoric stress magnitude (mPa)
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— ‘ D l—
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Figure 5.9: Side view visualisation of the initial fluid stress (a) and equilibrium
displacement (b) fields for an example catheter. Ventricle domain and catheter
outline shown in black, mutual coordinates shown on the lower figure.

108



5.4 Chapter summary

This chapter developed two ROMs motivated by the results of the 3D FSI model.
The CSF flow through the inlet holes and down the centre of the catheter have
previously been a focus of computational studies to improve hydrocephalus design
[15, 86]. Motivated by this, a permeable wall ROM is developed and employed in
a simple, 1D linear model for flow through the catheter interior. Several assump-
tions are required to complete the model: assuming that the flow is axisymmetric
with the fluid external to the catheter held at a constant pressure and the fluid in
the catheter inlet holes taking a parabolic, Poiseuille profile. These assumptions
are all simplifications of the detailed 3D FSI model, but, nevertheless, agree-
ment between the fluid pressure and velocity fields was shown to be good when
comparing between the ROM and FSI simulations.

The second ROM presented discards the FSI, and focusses on the initial fluid
stress field on the surface of the ChP, treating the ChP as a rigid boundary of the
fluid domain. The high correlation seen between the maximum equilibrium ChP
displacement, and the maximum displacement after one solid iteration suggests
that the initial stress field is directly related to the maximum equilibrium ChP
displacement. In the following chapter, ML is used to establish and quantify this

relation.
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Chapter 6

Surrogate model development

The creation of a surrogate model that will replace the full FSI model in the
optimisation process needs to be done carefully. Any approximation of the full
domain will, by definition, not contain all the available information, and must
balance the need for simplicity and speed with a model that contains sufficient
information to discriminate between designs. The surrogate model created for

this thesis therefore has three requirements:
e accurate predictor (either directly or indirectly) of ChP deformation,
e computationally fast to run,
e mechanistically motivated.

Being able to accurately predict the results of the 3D FSI model is the main
requirement of a surrogate. For the optimisation to run in a realistic computa-
tional time, the surrogate model must also be fast to evaluate. A comprehensive
optimisation will require at least 1,000 designs to be assessed, and multiple fit-
ness evaluations may be needed for any one design (for instance, to test different
values of a, as seen in Figure 4.1). Being mechanistically motivated is not a
strict requirement of a surrogate model, but helps to improve the interpretability,
particularly in models incorporating ML methods, which often operate as black
boxes. Interpretability gives confidence that the ML is identifying key mecha-
nisms of the domain instead of focussing solely on correlated patterns in the data.
Incorporating the predictive power of ML into mechanistically-motivated ROMs

is a process known as mechanistic learning (MxL), and will be implemented here.

111



To satisfy these requirements of the surrogate model, a ML layer is com-
bined with the reduced-order models (ROMs) presented in the previous chapter
to create a strong predictor of ChP displacement. Unlike the 2D FSI presented
previously, the ROMs proposed in Chapter 5 cannot be used to directly examine
the ChP, as they focus on different areas and mechanisms of the system and do
not directly give the fitness value required by the optimisation. A ML layer is
therefore used to establish and quantify possible correlations between outputs of
the ROM and the fitness value, i.e., the ChP displacement. This composite model
(ROM and ML layer) is referred to as the surrogate model, as seen in light red
in Figure 6.1.

Surrogate model
Fast, approximate prediction of the full model

Machine learning layer
Correlates reduced-
order model outputs to
full model fitness

*

Training data

Figure 6.1: Optimisation methodology, highlighting the surrogate model compo-
nent, which combines ROMs and an ML layer and is the focus of this chapter.

6.1 Machine learning language

The surrogate models presented in this chapter predict the maximum equilibrium
displacement over the surface of the ChP for a given catheter design. The maxi-
mum displacement takes values in the interval [0 mm, 0.55 mm]| (a range which

spans from no movement of the ChP, up to collision with the catheter). Hence
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predicting this value is a regression problem, in which known input data x are
used to predict an output scalar y. Here, y is always the maximum equilibrium
displacement of the ChP. In this chapter, the effect of different input vectors «x is
explored. The input data could be simply the parameters determining catheter
design, or could be more complex data taken from one of the ROMs of the previ-
ous chapter: for example,  could be the values of the fluid pressure field sampled
along the centreline of the catheter from the permeable wall ROM. Whatever the
source, the input data & must be formatted as a 1D vector of constant length,
whose components are called “features”.

Regression problems can be phrased as searching for the best function f such

that the error €, defined as

€= ||y—f(93,ﬁ,>\)||

is minimised, for some norm || - ||, typically Ls. In this research, the form of
f is predetermined by the ML algorithm being investigated, but the internal
parameters 3 and X are a priori not. The vector of hyperparameters A are user-
set and constant, and control factors such as the learning rate or penalty costs
of the algorithm. The weights vector 3 is selected by the algorithm to minimise
€ in a process known as “training” or “fitting” an ML model to a specific set of
data. This process is itself an optimisation, with constraints imposed through
the choice of XA. The optimal 3 is also affected by the choice of & and y used in
training.

In this chapter, the various input datasets considered are derived from the
ground-truth dataset, described in Section 5.1. The ground-truth dataset is in-
dexed by i, where each i represents a different 3D FSI simulation (i € {1, ..., 180})
with @; and v; thus being the input and output data associated with the ‘"
ground-truth simulation.

The 3D FSI simulations with accompanying ROM results contain a large
amount of information. Consequently x; need to be defined, e.g., the input data
x; could be the vector of design parameters associated with the catheter in sim-
ulation i. Alternatively, x; could be a vector of fluid velocity values along the
catheter centreline, as calculated by the permeable model ROM for the catheter

design used in ground-truth simulation i. The components of the vector x; are
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commonly called features. For all input datasets considered, the output y; re-
mains the same, as the aim is always to predict the maximum equilibrium ChP
displacement.

This chapter now looks to identify the most promising combination of ML
algorithm (with associated hyperparameters) and input data @; to create a strong

prediction layer for the surrogate model.

6.2 Machine learning algorithms

The choice of input data, ML algorithm and ML hyperparameters are found by
testing for best fit to the ground-truth dataset. The majority of ML algorithms
tested are taken from the python3 module scikit-learn[201], with the excep-
tion of the extreme gradient boosted regressor XGBoost which is taken from the
package XGBoost [202].

Given the small size of the ground-truth dataset (180 data points), it is es-
pecially important to ensure that models do not overfit to the data. Overfitting
is the detrimental hyper-specialisation of the model, which often occurs with an
overly complex model with a high number of internal parameters capturing too
much of the details of the training data, and consequently being less able to gener-
alise to new data points. To prevent overfitting, a robust validation process with
nested layers of cross-validation is used, described in detail below. The simplest
ML models are tested first, as simpler models with fewer internal parameters are
less likely to overfit the data. The most complex model tested is a multi-layer
perceptron (MLP), a neural network model with a larger number of hyperpa-
rameters compared to the other models tested. It was not found to outperform
simpler models (due to its high number of internal parameters which makes it
more susceptible to overfitting), and so more complex deep neural networks are
not investigated.

Below is a summary of the ML models tested, with a brief description of each.
These are roughly arranged in order of increasing complexity, and consequently
increasing runtime and number of hyperparameters. For more information about
the precise formulation, benefits and drawbacks of each method, Ref. [203] is one

of many detailed works on the subject.

e Linear regression: simple model where all features contribute linearly to
the prediction [204].
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e Ridge regression: linear regression with a penalty term of \;||3|| using
the Ly norm [205].

e Lasso regression: linear regression with a penalty term of A\||3|| using
the Ly norm [206].

e Support vector regression: uses hyperplanes to divide data into regions

associated with a specific output [207].

e Bayesian ridge regression: ridge regression with additional Bayesian

techniques to quantify uncertainty in the parameter estimates [208].

e Decision tree regressor: graphical method using a tree structure to sep-
arate data into different leaf nodes, each associated with a specific output

209].

e Random forest regressor: ensemble of (small), randomly initiated deci-

sion trees, each contributing information to the output value [210].

e Gradient boosted regressor: random forest method with extra optimi-

sation layer in the initialisation step. XGBoost is a version of this [202].

e Multi-layer perceptron: simple neural network with one or two hidden

layers and connections between all hidden layers [211].

6.3 Input data

The 3D FSI simulation ¢ from the ground-truth dataset provides the value of y;.
The surrogate model used in the optimisation of future chapters must be rapid to
execute, and therefore the input data of the ML layer must be quick to generate.
This precludes the use of the 3D FSI model in generating input data. However
the ROMs described in Chapter 5 are both sufficiently fast, and can be used to
generate the input data a;. The aim of this chapter is to identify the form of x;
that gives the best predictions.

The length, and components (features) of x; are not a priori determined.
In general, more features will always increase predictive power, and any non-

informative feature can be ignored by the algorithm when creating the prediction
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of y; (for example by having its coefficient set to zero in the contribution). How-
ever, each new feature adds a further dimension to the input space. It is always
desirable to have more ground-truth data points than features, to allow for good
estimation of the weight vector 3, and to reduce overfitting. Here, the number
of ground-truth data points is fixed at 180, as discussed in Section 5.1.

Table 6.1 shows examples of potential input data that can be extracted from
the ROMs, also noting the corresponding number of features for each input data.

This selection of input data form is by no means exhaustive. For example, the

Table 6.1: Model parameters.

Preposed ROMs Data features Feature size

Catheter design pa- | Radius, 2z position and offset angle | 3 x 40 = 120
rameters ¢ for each inlet hole

Permeable fluid model | Flux and pressure fields sampled | 2 x 100 = 200
down the catheter centreline

Initial fluid stress field | Pressure and three components of | (9 x 99) x 4 =

on ChP viscous fluid stress sampled across | 3564
the ChP surface

All input data All of the above 3884

fluid stress field on the ChP requires one fluid simulation to be run, which contains
data from all the fluid fields such as the fluid velocity and pressure at every
point in the domain. The choice to extract only data from the ChP surface is
motivated by a mechanistic understanding of the domain: that the stress field on
this subdomain strongly influences ChP deformation. The set of catheter design
parameters is included as an ML input option, though this dataset is not the

result of a mechanistically driven model.

6.3.1 Data preprocessing

Before beginning to train a ML model, input data should be analysed, and
if necessary, preprocessed. Input data may contain missing values or outliers,

which need to be removed to prevent them skewing the model prediction. Here
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the ground-truth data is derived from deterministic models, and convergence is
checked through internal methods in the FSI model. There are therefore no miss-
ing values in the set y;. All catheter designs in the ground-truth dataset are
feasible designs, and therefore not outliers, and so the dataset is kept complete.

In certain applications, the features of a given input dataset are modelled as
mutually dependent random variables, with @; representing the i*" sample of the
features. Under this interpretation, the dataset comprises independent samples
drawn from the underlying feature distribution. For input data with continuous
values, as is always the case here, it is advisable to scale each feature such that
the sample set for any one feature has a sample mean of 0 and sample standard
deviation of 1. This ensures that different features contribute the same weight to
parameter estimations and allows the features weights to be directly compared
when determining feature importance.

A second preprocessing step undertaken here is dimensionality reduction.
Working in a low-dimensional feature space is generally beneficial for ML mod-
els. Each ground-truth simulation corresponds to a single point in this feature
space, for which the target value y; is known. When the number of simulations is
large relative to the dimensionality of the feature space, the relationship between
the features and y; is more densely sampled, improving the ML model’s ability
to learn the underlying mapping. Dimensionality reduction algorithms seek to
find a low-dimensioned representation (often a projection) of an input dataset
that maintains key relationships such as variance. Principal component analysis
(PCA) [212] is a common choice of dimensionality reduction, and will be used
here, though other algorithms such as uniform manifold approximation and pro-
jection (UMAP) and t-distributed stochastic neighbor embedding (t-SNE) are
well established [213].

Using the random variable formulation of input data discussed above, the
sample covariance matrix is the matrix with (j, k) entry equal to the covariance
between features j and k. The ;'™ diagonal entry corresponds to the sample
variance of feature j and the total sample variance is the sum of the diagonal.
PCA projects the input data through an orthogonal transformation onto compo-
nent vectors that maximise the sample variance (i.e., the first PCA component
is the linear combination of features that itself has the greatest sample variance,
the second PCA component is the linear combination of features that has the

next greatest sample variance and is orthogonal to the first component etc.).
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This preserves total sample variance as the trace of a matrix is preserved under
orthogonal transform. As PCA seeks to maximise variance, it is especially im-
portant to scale all features to unit variance first, to prevent the PCA artificially
prioritising features taking larger values.

The “explanatory” dimension of the input data is defined here as the number
of PCA components that contains the majority of the sample variance. By defi-
nition, PCA components are ordered so that the first component has the largest
variance, the second component the second largest and so on. For highly cor-
related data, such as is seen on the fluid stress field model (where neighbouring
features will have highly related values), the explanatory dimension can reduce
drastically after an application of PCA. This is useful as it gives a better sense
of the ratio of dataset size to feature dimension. Table 6.2 shows the number of
PCA components required to explain 95% and 99% of the total sample variance,
for each of the input datasets. In each case, the explanatory dimension is now
smaller than the size of the ground-truth dataset (180). This increases confi-

dence that the ML models will be able to predict from the training set without

overfitting.
Table 6.2: PCA on input data.
Input data Total number | Number of features required to explain
of features | 95% of variance 99% of variance

Catheter design parame- 120 11 24

ters

Permeable fluid model 200 11 22

Fluid stress field on ChP 3564 57 101

All input data 3884 61 108

Figure 6.2 shows the variance of the PCA components (given cumulatively as
a fraction of the total sample variance), for the data taken from the fluid stress
model. The number of components needed to explain 95% and 99% are shown

by vertical lines. By design, the first PCA component explains the maximum
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possible variance, and each subsequent component explains a smaller fraction of
the total variance. This is particularly noticeable in Table 6.2 where the 4%
difference in variance between 99% and 95% requires nearly the same number of

extra components as the first 95%.

o
©

I
9

o
0

Cumulative Explained Variance
=] =)
» (=)

—— Cumulative Explained Variance
---- 57 components (95% variance)
---- 101 components (99% variance)

0 %5 50 75 100 135 180 175
Number of Principal Components

o
w

o
)

Figure 6.2: Cumulative variance explained by subsequent PCA component vec-
tors for fluid stress dataset, normalised to a total variance of 1.

PCA is successful at investigating the explanatory dimension of a dataset.
Separately, it is sometimes beneficial to take the low-dimension projection (the
projection onto the first PCA component vectors that contain, for example, 95%
of the sample variance) instead of the raw data as input into a ML model. Using
PCA transformed data reduces the impact of highly correlated features (which
can lead to unstable estimates of 3). However, PCA-transformed data is less
interpretable as each new feature is a linear combination of all existing features
and therefore lacks a direct physical interpretation.

This chapter has, so far, described the various input datasets available from
the ground-truth dataset and the machine learning algorithms that are appro-
priate for use on this input data. The chapter now turns to identifying the
combination of ML algorithm and input data which is best able to predict the

maximum ChP displacement.
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6.4 Assessing machine learning models

6.4.1 Accuracy metrics

Above, a selection of ML algorithms and input datasets have been presented. To
decide the optimal combination of model and dataset for the surrogate model the
fit of each combination needs to be evaluated. Various accuracy metrics are used
to assess the efficacy of an ML model for specific input data.

A popular accuracy metric is the R? score (coefficient of determination), de-

oy il — f(=))?
=1 Zz(yz —@)2 7

where 7 is the mean of y;, and f(x;) is the ML model applied to input data a;

fined as

(6.1)

(the ML approximation of the output data). If R? = 1, the data is perfectly
explained by the model, and R? = 0 means that the ML model has the same
efficacy as a model that returns the mean for any input values (i.e., f(x) =7
for all ). Negative R? scores indicate a model that performs very poorly, and
should be discarded.

A second metric is Spearman’s correlation coefficient p, which focusses on the
order of the y;, as opposed to the specific value obtained. The y; are ordered
by value into an ordered list, and the rank of a y; is the position in the list.

Spearman’s correlation coefficient is defined as

pzl—ﬁ;dﬁ, (6.2)

where d; is the difference between the rank of the true value y; and the rank of
the prediction f(a;), and n is the dataset size. A value of p = 1 indicates perfect
preservation of the ranking, while p = 0 indicates no monotonic relationship.
Unlike R?, Spearman’s coefficient detects any monotonic trend, not just linear
relationships. Rank-based metrics such as Spearman’s p are most commonly used
to compare relative performance between methods across multiple cases; while
they can be used as an accuracy metric, this is not their primary application and
other metrics such as R? are better. As p depends only on ranks, it provides no

information about the magnitude of prediction errors.
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Other popular metrics for assessing the fit of a ML model are root mean
squared error (RMSE) and mean absolute error (MAE) which are defined respec-

tively as:

RMSE = %\/Z(yi ~ f(x))?, MAE = %Z i f@)l. (63)

RMSE uses the Lo-norm, and is significantly influenced by outliers, whereas MAE
gives a more balanced view that does not penalise outliers. Both of these metrics
have the same dimension as y;, here (mm).

All four of these metrics can be calculated for an ML model, and a good
model will have p and R? close to 1, and low RMSE and MAE scores. Going
forward, R? is selected as the metric as it gives a view of both model accuracy and
rank preservation, and is directly interpretable (R? scores of 0.7 or more always
indicate a good model, for example, whereas, e.g., MAE = 0.01 mm is dependent
on the scale of the problem and thus is harder to evaluate as a “good” or “bad”

score).

6.4.2 Cross-validation

To compare the ML models outlined above, the standard cross-validation algo-

rithm is used [167]. A summary of this algorithm is given below.

Algorithm 4 Cross-validation

for ML model with hyperparameters A, do
Initialise five folds: splitting the data into five equally (or close to equally)
sized, distinct groups,
forie {1...5} do
Select fold i to be the test set,
The remaining four folds becoming the training set.
Fit the ML model to the training data,
Make predictions on the inputs of the test data,
Compare predictions with outputs of the test data,
Calculate the R? score for the fold.
end for
Calculate the mean and standard deviation of all fold scores.
end for
Identify the best ML models from the fold scores.
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In short, this algorithm splits the input dataset into equally sized subsets
called “folds”. Here, the standard choice of five folds is used. For each fold, a
ML model with known hyperparameters is fitted (the optimal 3 is identified)
using the only the x; and y; in the remaining four folds. The trained model is
then evaluated on the held-out (“test”) fold by comparing its predictions with
the corresponding y; values. This procedure yields one R? score per fold, with
model performance assessed on data that were not used during training.

Cross-validation makes efficient use of the available data, with each data point
used four times for training and once for testing. This reduces sensitivity to any
single train-test split and helps to prevent overfitting. Consistently high accuracy
metrics across folds indicate that the model is identifying features that generalise
well to unseen data and that similar features are deemed informative in each fold.
Under these conditions, the model may be retrained using the full dataset to
maximise the use of available information, as the dominant features are expected

to remain unchanged.

6.5 Selection of machine learning models

Above, a range of ML models and input datasets have been proposed. To iden-
tify promising combinations the ML models are trained on each input dataset
separately, and their predictive power compared. However, the ML algorithm is
further influenced by the choice of user-set hyperparameters A. To correctly eval-
uate the best performance of each ML algorithm, the optimal hyperparameters
A for that model first need to be found.

The hyperparameters are model-specific, user-set parameters that control how
the ML model trains on a dataset. These vary greatly in value and nature de-
pending on the ML model used. For example in ensemble tree-based algorithms
the hyperparameters give bounds on the depth and number of features allowed
for any individual tree. Alternatively, a regularised regression model has hy-
perparameters controlling the relative weight of feature coefficient size to model
accuracy.

To tune the hyperparameters the GridSearchCV function of scikit-learn is
used. This function takes in a grid of potential hyperparameters and tests each
combination to find the one that maximises the R? score for the dataset. The

algorithm is outlined in Algorithm 5. This method is similar to Algorithm 4, but
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contains an extra step in separating the data initially into training and validation

sets.

Algorithm 5 Hyperparameter testing

Split the dataset into ten external validation folds.
forie{1,...,10} do
Fold i is the validation set.
The remaining nine folds form the training set.
for hyperparameter combination in GridSearchCV do
Perform an internal five-fold cross-validation as outlined in Algorithm 4
on the training set (the nine remaining external folds),

end for

Save the hyperparameter combination with the best R? score,

Retrain the model with optimal hyperparameters on all the training set,
Evaluate model performance by calculating the R? score on the external

validation fold.
end for

Models are ranked by the mean R? score across validation folds.

The withholding of the validation dataset throughout the hyperparameter
testing allows the final, optimised ML model to be tested on a completely unseen
set of data. This separation ensures that the model is not tested on any data
which has influenced the choice of hyperparameters, and hence gives an unbiased
view of the efficacy of the model. Given the limited size of the ground-truth
dataset, allocating a single fixed 10% hold-out would leave too few examples for
a reliable validation set. Therefore, a nested cross-validation procedure is used
(Algorithm 5): the data are partitioned into ten external folds. In each round,
one fold serves as the validation set while the remaining nine provide training data
for internal cross-validation and hyperparameter tuning (Algorithm 4). After all
ten rounds, models are ranked by the mean R? across the external validation sets.
This gives a better view on the generalised performance of the algorithm. Full
details of the tested hyperparameter ranges are provided in Appendix Tables C.1
and C.2.

Figure 6.3 shows the average R? score for the best hyperparameter configura-
tion of each ML model applied to each dataset. Negative R? scores are truncated

and given a value of 0, as any score < 0 indicates poor performance and that the
model should be discarded.
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Figure 6.3: Average R? score for each ML model applied to each dataset, without
(a), and with (b) PCA preprocessing.
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The initial exploration indicates that the catheter design parameters, and the
permeable fluid model are not informative for ChP deformation, as none of the ML
models are able to predict an R? score of more than 0.1. This matches the results
of Chapter 4, where o was seen to be a highly influential parameter. Neither the
catheter design parameters (which are independent of the ventricle domain) nor
the permeable fluid model (which is axisymmetric) has any « dependence. In
itself this is a key result, as previous computational studies focussed on the flow
patterns within a hydrocephalus catheter as a proxy metric for ChP deformation.
The results of Figure 6.3, however, suggest that flow fields alone are not good
predictors.

The fluid stress field is more promising, with several models giving R? scores
of greater than 0.6. The tree-based ensembles, i.e., random forests and gradient
boosted methods, perform best. The results for the “all input data” dataset are
very similar to the fluid stress field, as the stress features are by far the most
informative features in the full dataset.

Figure 6.3 b) shows the same investigation, performed on the datasets after
a PCA transformation which projects onto the component vectors that explain
95% of the variance. Again, the design parameters and permeable fluid are less
informative. PCA preprocessing improves the performance of regression-based
models, as it mitigates multicollinearity in the input data, which harms the per-
formance of linear models. In contrast, PCA slightly reduces the efficacy of
tree-based models, which rely on recursive data partitioning rather than linear
projections and are therefore less naturally aligned with PCA representations.
This explains why random forests and XGBoost perform better without PCA
preprocessing, and suggests that the underlying problem is not inherently well
suited to PCA-based dimensionality reduction.

Going forward, the fluid stress field will be used as the input data for ML
models, and no PCA preprocessing will be used. The design parameters and
permeable model are uninformative in all cases. In most cases the “all models”
dataset slightly outperforms the fluid stress field dataset, as it has access to a
greater variety of data. However, to keep the number of input data features small,
future models use only data from the fluid stress field as input data.

Table 6.3 gives all the accuracy metrics for all the models applied to the fluid
stress field data. Again, the mean over the ten validation datasets is shown, for

each of the accuracy metrics after hyperparameter optimisation. A good model
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has high R? and p scores and low RMSE and MAE. The best value for each
metric is highlighted in bold.

Model R? RMSE (mm) | MAE (mm) p
Linear regression —2.411 £4.308 0.462 0.296 —0.073
Ridge 0.030 £ 1.131 0.252 0.177 0.714
Lasso 0.509 £ 0.126 0.194 0.160 0.796
Decision tree 0.517 £0.201 0.189 0.143 0.750
Support vector regressor | 0.652 4+ 0.139 0.162 0.132 0.824
Random forest 0.694 4+ 0.092 0.153 0.119 0.867
Gradient boost 0.725 4+ 0.095 0.143 0.108 0.857
XGBoost 0.717 £ 0.105 0.145 0.113 0.851
MLP —0.064 £ 0.974 0.261 0.197 0.625

Table 6.3: Mean of performance metrics on input data derived from the stress
field ROM, across-validation folds. R? shows mean+std; RMSE/MAE/p show
fold means.

The highest validation R? was achieved by the gradient boosted algorithm,
which also produced the lowest RMSE and MAE. The strongest correlation met-
ric (p) was obtained by the random forest, while XGBoost performed comparably
across all metrics. Across these three methods, the between-fold standard devia-
tion of R? (on the order of 0.09-0.10) is similar to or larger than the differences
in mean R?, rendering the models statistically indistinguishable. All three are
tree-based learners, only differing in ensemble strategy: random forests use bag-
ging, whereas gradient boosting and XGBoost are boosting methods. These three
algorithms were therefore identified as the most promising to take forward.

A single hyperparameter optimisation search (Algorithm 5) was then rerun

for each of the best models, now without reserving a separate validation set. This
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allows all observations to contribute to both fitting and validation across folds
which is useful for small datasets. The structure of the five-fold cross-validation
continues to ensure that metrics are evaluated on unseen data within each fold.
Table 6.4 reports the fold-averaged scores, showing that further hyperparame-
ter tuning improved the accuracy metrics in every case. Gradient boosting and
XGBoost behave similarly, as expected for two gradient-boosted tree implemen-

tations. The random forest performs slightly worse than the boosted methods.

Model R? RMSE (mm) | MAE (mm) p

Random forest | 0.718 £ 0.051 0.149 0.116 0.860
Gradient boost | 0.763 £ 0.048 0.136 0.105 0.879
XGBoost 0.764 £+ 0.057 0.136 0.105 0.879

Table 6.4: Mean of performance metrics across cross-validation folds. R? shows
mean+ standard deviation across folds; RMSE/MAE/p show fold means.

6.6 Final surrogate model

To create the final ML model to integrate into the surrogate, the best algorithms
with their optimal hyperparameters (as selected above) were retrained on the
full dataset. This maximises training data for the final surrogate, improving
predictive performance. The accuracy metrics are calculated again for the final
model, analysing the accuracy of the models performance on the whole dataset.
In this case only, the model is tested on the same data that it is trained on (“in-
sample”). Figure 6.4 shows a visualisation of these models’ performance, with
the predicted values f(x;) plotted against the ground-truth value y; for all data
points ¢ in the training dataset. Points lying close to the red line f(x;) = y;
indicate good predictions. Results are shown for the three models (columns)
using cross-validated (out-of-fold) predictions (top row) and after refitting in-

sample on the full dataset (bottom row). The top row reflects performance on
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data that are distinct from training folds,

sample performance.
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ground-truth of the final ML models with optimal
hyperparameters for the cross-validation: a), b), ¢) and when retrained on the
full dataset: d), e), f). Red line, prediction=ground-truth.

The extreme improvement of the boosted models to B* > 0.999 suggests

overfitting to the training data, which is a particular concern given the small

dataset size. This is further justified below in the feature importance analysis.

As such, the random forest model is selected for the surrogate, sacrificing a small
amount of accuracy (slightly lower R?) to reduce the risk of deploying an overfitted

model. The optimal hyperparameters of this random forest are given in Table

6.5.
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Table 6.5: Optimised hyperparameters for the random forest.

Hyperparameter | Optimal value
n_estimators 200
min_samples_split 3
min_samples_leaf 4
max_features sqrt
max_depth )

6.6.1 Feature importance

Feature importance is a useful metric to examine the internal workings of an ML
layer, and will be used here to further justify the choice of the random forest
model. FEach entry of the feature importance vector gives a measure of how
important the corresponding feature is for the model predictions. In ensemble
tree-based models, a feature importance is based on how often that feature is
a decision node in any one tree. Analysing feature importance can therefore
give some mechanistic insight into a physical problem. Feature importance only
shows correlation, and further studies are required to confirm causation. Here,
each feature corresponds to the value of a fluid stress field at a specific point on the
ChP surface. Features being identified as important therefore identifies specific
locations of the stress field on the ChP surface that are decisive in determining
ChP deformation. Figure 6.5 a) shows that the random forest attributes greatest
importance to the pressure field, with a particularly influential region between 25
and 30 mm. The y-component of the fluid stress field also has elevated importance
in this range. This aligns with results seen in Chapter 4, where the largest ChP
deformations occurred near the catheter outlet. The most informative features
form spatial clusters instead of single hot spots. This is expected as the underlying
pressure and stress fields change smoothly across the surface, so neighbouring
locations tend to carry similar information. This means the random forest is

detecting physically consistent patterns, not just individual pixels.
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Figure 6.5: Feature importance plotted on the projected ChP surface for (a)
random forest and (b) XGBoost (common scale). Dark pixels show areas of the
stress field on the ChP which are significant in determining ChP displacement.



In contrast, Figure 6.5 b) shows the gradient boosted model’s feature impor-
tances, which exhibit sharp, isolated peaks. This is yet again consistent with
overfitting in small datasets, where a few features can dominate the algorithm
and correspond to noise specific to the training data.

The random forest surrogate (comprised of feature weights and tree struc-
tures) is saved in a pickle file (~5 MB). The file is small and can be moved and
reloaded easily. Given a new instance of fluid stress data, the model returns a

ChP deformation prediction in under 1 ms on a single core of an i7 core laptop.

6.7 Chapter summary

This chapter created a surrogate model for ChP displacement, drawing from
MxL techniques by combining outputs of the mechanistic ROMs presented in the
previous chapter with a predictive ML layer. The stress field ROM was identified
as the most informative for prediction, and in combination with a random forest
ML method, created an accurate and fast surrogate model. Feature identification
plots highlighted the key areas of the ChP that are particularly informative for the
model. These areas matched observations made in Chapter 4, giving confidence
that the ML model was identifying physical mechanisms within the domain which
will generalise well when applied to new input data in an optimisation.

ML methods establish correlations between the various input data forms
tested and the prediction target of maximum equilibrium ChP displacement. A
secondary result of this chapter establishes that there is very little correlation
between the ChP displacement, and the catheter design parameters alone, and
separately very little correlation between the ChP displacement and the fluid
fields internal to the catheter, suggesting that both these input data forms are
unpromising. Previous work on catheter design focusses on using characteristics
of the fluid field within the catheter when models did not account for ChP dis-
placement. The results of this chapter suggest that this is not a good metric to
use.

The surrogate model created in this chapter is well correlated with the max-
imum equilibrium ChP displacement and has a fast run time. This makes it an
appropriate model for use as a surrogate fitness function in a generative design
procedure. In the next chapter this surrogate model is integrated with an opti-

misation protocol and used to rigorously search for improved catheter designs.
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Chapter 7

Generative design

This chapter presents the results of the catheter design optimisation, the green
component of the methodology shown in Figure 7.1. This chapter directly applies
generative design to the catheter problem, bringing together the work of the
previous chapters. In this research, catheter designs are evaluated based on their
impact on choroid plexus (ChP) displacement with the fitness of a catheter defined
as the maximum equilibrium displacement of the ChP. The optimal catheter
design minimises this displacement, assuming that the lower the fitness value,
the better the design.

The 3D fluid-structure interaction (FSI) model is treated as the ground-truth
for evaluating ChP displacement. However, as seen in Chapter 4, each 3D FSI
simulation has a runtime of over three days, making it computationally impracti-
cal to use the full model for every fitness evaluation during optimisation. There-
fore, faster surrogate models are required which approximate the behaviour of the
full model while enabling efficient computational exploration of the design space.

The surrogate model for ChP displacement developed in Chapter 6 is used
here to determine the fitness function utilised within the generative design frame-
work. Since this surrogate can only approximate the ground-truth, fitness values
are only accurate to the extent that the surrogate model itself is accurate. There-
fore one cannot a priori expect to find the true global minimum of the full model
while using a surrogate. The surrogate-aided generative design methodology pre-
sented here does not therefore aim to find the global minimum; instead the results
from the surrogate-aided optimisation are used to suggest promising new design
directions. These candidate designs are then tested using the full 3D FSI model

to assess their true performance. It should also be noted that the accuracy of
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SURROGATE-AIDED OPTIMISATION

Optimisation algorithm

Scalar New
fitness design
value

Candidate designs are
tested in the full model

Figure 7.1: Generative design methodology, highlighting the green “optimisation”
components, which are the focus of this chapter.

the machine learning (ML) layer, and hence of the surrogate, is influenced by the
quality and quantity of its training data.

The optimisation results presented in this chapter are also discussed in detail
in Ref. [191].

7.1 Optimisation

7.1.1 Optimisation algorithm

The generative procedure used here builds on the soft FEM framework introduced
in Refs. [128, 169, 137]. In this framework a multiple offspring sampling (MOS)
method is employed [214]. MOS is a hybrid self-adaptive strategy that com-
bines multiple optimisation techniques to dynamically balance exploration and
exploitation to efficiently search the design space.

Specifically, the multi-trajectory search (MTS) is used as the algorithm which
focusses on exploitatory techniques. MTS progresses step by step, varying one
design parameter at a time to descend the fitness landscape [133]. The algo-

rithm chosen to provide a more exploratory strategy is the success-history based
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adaptive differential evolutionary algorithm (SHADE), where the parameters con-
trolling adaption and mutation vary throughout the optimisation leading to im-
proved performance [141, 142]. By dynamically balancing these complementary
methods, MOS efficiently searches the space of designs parameters. MOS is self-
adaptive, dynamically switching between the exploratory SHADE [127, 137] and
the exploitatory MTS [133] to efficiently identify local minimum, while main-
taining good coverage of the space. This method is described in full detail in
Ref. [169].

The optimisation codebase used here is the python-bound PyM0OS package [127].
Figure 1.1 ¢) illustrates the optimisation process, with the optimisation protocol
interacting with a surrogate fitness function. Before evaluating a new parameter
set, a user-defined filter ensures that the parameters correspond to a physically
valid catheter design. This filter is closely linked to the choice of parameter
encoding and is discussed in Section 7.1.2.

At each stage of the protocol, a population of candidate designs and their
associated fitnesses is active. At each step, new candidates are proposed by
either MTS or SHADE and replace existing population members if they improve

the overall fitness. MOS therefore requires only two hyperparameters:

e Population size, the number of candidate designs held in memory during

optimisation,

e Fitness budget, the total number of times the fitness function may be

evaluated.

Here, the population size is set to be of 15, in line with default values used in
Ref. [127]. This population size balances two competing factors: a larger pop-
ulation helps maintain genetic diversity, while a smaller population allows for
quicker adaptation and mobility within the design space. Having few hyperpa-
rameters is a strength of the MOS protocol, and of the internal algorithms MTS
and SHADE as fewer hyperparameters reduces concern that the specific choice of
hyperparameter value is influencing the results of the optimisation. The fitness
budget is equally split between the two component algorithms, MTS and SHADE.
SHADE is initialised using default hyperparameters (history of 100 population

members, initial mutation and cross over rates of 0.5 for all population members
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as described in Ref. [142]). MTS does not require any hyperparameters to be
initialised, as discussed in Ref. [169].

PyMOS also includes a built-in online surrogate model, as described in Section
2.4. To focus solely on the surrogate created using mechanistic learning (MxL)

techniques in Chapter 6, this additional online surrogate is disabled here.

7.1.2 Parameter encoding

An encoding defines the mapping between the parameter vector proposed by the
optimisation algorithm and a catheter design evaluated by the fitness function.
In PyMOS, parameter inputs must be provided as a fixed-length vector of decimal
values. This structure naturally accommodates continuous variables, which can
take any value within a specified range, but can also be adapted to represent
discrete inputs. For example, the number of inlet holes is inherently an integer
variable. This can be represented by rounding a continuous value to the nearest
integer.

Different encoding schemes may require different types and numbers of pa-
rameters to represent a catheter design. One example used in the creation of the
ground-truth dataset discussed in Chapter 5 represents each inlet hole individu-
ally using three parameters: the radius r;, circumferential position ¢, and axial
position z. For designs with up to 40 inlet holes, this results in a 120-dimensional
parameter space and requires preprocessing to avoid overlapping holes. Physical
constraints on these parameters are given in Table 5.1.

The 2D FSI model results presented in Chapter 4 indicate that larger, uni-
formly distributed inlet holes arranged uniformly around the circumference of the
catheter reduce both ChP displacement and sensitivity to a. This insight mo-
tivates an alternative encoding based on circumferential rings of inlet holes. In
this revised scheme for use in the generative design procedure, a catheter design
is constructed by defining multiple rings of inlet holes. Each ring ¢ is described

by four parameters:
e Hole radius r;, identical for all holes on the ring,

e Number of holes n; (a discrete input), spaced evenly around the circumfer-

ence,
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Figure 7.2: Graphic of the design encoding used in optimisation.

e Offset angle ¢;, the angle between the first hole and the positive horizontal

axis,
e Pitch length zPos;, the axial distance from the previous ring.

As seen previously in physical examples, inlet holes are conical, and r; refers to
the radius of the base of the cone, on the exterior wall of the catheter. Figure 7.2
provides a visualisation of this ring-based encoding. As shown, ¢; = 0 places a hole
horizontally to the right of the centreline, and increasing ¢; rotates the placement
clockwise. As discussed in Section 5.1, as various values of o (which determines
the relative orientation of the catheter compared to the ChP) are considered, the
actual angular offset of the first inlet hole is ¢; + a. The permissible ranges for
each design parameter are listed in Table 7.1. Enforcing constraints on the size
of each design parameter makes this a constrained optimisation.

By allowing both the hole radius and the number of holes to be zero, the
encoding enables the optimisation to effectively remove a ring of holes from a
design if this proves beneficial. Inlet holes with radius <0.1 mm are difficult to
manufacture (and not seen on physical examples). Furthermore, results of the
permeable wall ROM separately showed that fluid uptake into an inlet holes is

arguably proportional to r{, meaning that holes with r; < 0.1 mm have minimal
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Table 7.1: Parameter bounds for the optimisation encoding.

Variable Lower bound | Upper bound
Hole radius 7; 0 mm 0.6 mm
Number of holes n; 0 10
Offset angle ¢; 0° 360°
Pitch length 2z Pos; 0.05 mm 10 mm

influence on inflow into the catheter. Therefore all proposed r; < 0.1 mm are
mapped to zero (in effect, removing the ring of holes).

The upper bounds were chosen based on physical examples while allowing
room for novel configurations, thus expanding the design space beyond known
designs. A maximum of six rings is allowed, in line with prior computational and
physical investigations [15, 86]. This results in a 24-dimension design space (six
rings x four parameters), but allows up to 60 holes on a design, a 50% increase

over the previous encoding.

7.1.2.1 Parameter preprocessing

Two preprocessing steps are applied to ensure that a new vector of parameters
corresponds to a physical catheter design:
Hole overlap prevention: Holes must not overlap around the catheter’s

circumference. As such, for each ring, the condition

2r; -n; < c-2nr,, Wi

must be satisfied, where r, = 1.25 mm is the catheter’s external radius, and ¢ = %
reflects manufacturing constraints and ensures sufficient material between holes.
This value is based on physical examples in Chapter 4 and can be updated as
manufacturing processes evolve.

Placement constraint: All inlet holes must lie within 15 mm of the catheter

tip. This is enforced by
Z zPos; < 15.
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This requirement is also based on examination of available specimens and previous
work [15, 86|, ensuring that inlet holes remain contained within the ventricle and
do not interact with the surrounding brain tissue.

The three types of constraints described above are implemented differently

within the optimisation code:

e The maximum number of rings determines the length of the parameter

vector proposed by PyMOS.
e Parameter bounds constrain the range of values that PyMOS can propose.

e The preprocessing checks apply problem-specific constraints after parameter
generation but before fitness evaluation. This allows the tracking of how
many proposed designs are rejected prior to evaluation, offering insight into

the encoding’s efficiency.

Each design that fails these checks is immediately assigned an infinite fitness,
and the optimisation passes to the next proposed design. The modular nature
of the PyMOS codebase makes it easy to alter the preprocessing function if new
information on the biomedical or manufacturing requirements needs to be incor-

porated.

7.1.3 Fitness function

In this chapter, the fitness function is the surrogate model developed in Chap-
ter 6, which approximates the true maximum equilibrium ChP displacement for
each proposed parameter set. Chapter 4 identified «, the rotation of the catheter
around its central axis, as a key factor influencing ChP displacement. To ensure
good coverage of a, 15 evenly spaced values are tested within the range (0°, 360°).
Since « is not surgically prescribed, the worst-case scenario (defined as the max-
imum predicted ChP displacement across all values of «) is used as the fitness
value for each design, see Algorithm 6.

The fitness evaluation is easily parallelised, running each value of o concur-
rently, and additionally parallelising each OpenFOAM simulation (the ROM inte-
grated into the surrogate model requires one fluid simulation to extract the initial
stress field) using built-in methods. For this work each OpenFOAM simulation is

parallelised over four cores, i.e., each optimisation run requires 4 x 15 = 60
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Algorithm 6 Fitness function for optimisation

New parameter vector is proposed by PyMOS,
Preprocess parameter to test for a physically reasonable design,
if not physically reasonable then:
Return fitness = infinity
else:
for « € [0°360°) do,
Create the catheter geometry for given a and inlet hole design,
Run a fluid simulation in openFOAM,
Extract fluid pressure and stress at the ChP surface,
Use the pre-trained random forest to predict ChP displacement,
end for
Return fitness = maximum predicted ChP displacement across all a.
end if

cores. The optimisations are run on the shared University PowerkEdge R7525
cluster node, using an allocation of 60 AMD EPYC CPU cores, with each fit-
ness evaluation taking 15 minutes, with the full optimisation of 1000 evaluations

taking approximately two weeks.

7.2 Results

7.2.1 Optimisation convergence

When performing an optimisation over a large design space, a key challenge is
achieving sufficient exploration while controlling computational cost. Optimisa-
tion algorithms aim to search efficiently without neglecting promising regions of
the design space and, in principle, seek the global minimum of the fitness func-
tion. However, the true global minimum of the ground-truth fitness (as defined
here by the 3D FSI model) cannot be guaranteed when using a surrogate fitness
function, due to uncertainty in surrogate predictions.

Moreover, the numerical precision achievable during optimisation often ex-
ceeds the tolerances relevant to physical manufacture, such as in the catheter
design considered here. In such cases, refining design parameters beyond a few
decimal places does not lead to any meaningful change in the realised design.
Consequently, pursuing extremely small improvements in the surrogate fitness
proposed here below this manufacturing resolution has no physical significance,

and hence the optimisation should be stopped before this point.
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The optimisation algorithm includes stochastic elements, and multiple realisa-
tions therefore rely on different random seeds. Figure 7.3 a) shows the convergence
histories of these runs. In all cases, the fitness decreases rapidly during the first
200 iterations, followed by smaller, incremental improvements. Despite different
initial conditions, the runs converge to similar final fitness values of approximately
0.2 mm, indicating that a budget of 1,000 fitness evaluations is sufficient for this

problem. Figure 7.3 b) shows the performance of a single optimisation realisation,
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Figure 7.3: (a) Optimisation convergence history: current minimum fitness for
each iteration number. Colours: different optimisation realisations, run concur-
rently from different seeds. (b) Algorithm performance for a particular realisation.
Blue: current iteration fitness; red: current minimum fitness. The minimum fit-
ness for the final 500 iterations is amplified in the cut out.

with the blue line showing the fitness at each iteration. For the first 500 itera-
tions, the explorative SHADE algorithm is used, which searches a large area of
the fitness landscape. This can be seen in the large spread of fitness values in this
section of the optimisation. In the second half of the optimisation, MTS is used,

which leverages exploitative techniques to improve the current fitness. This can
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be seen with the blue trajectory, with values much closer to the red line, as the
MTS algorithm looks for nearby designs with small incremental improvements
to the current fitness. The cut out shows the current best fitness in the second
half of the optimisation, amplified to show that fitness improvements are made
throughout the optimisation, though the most significant gains in fitness occur
in the first 200 iterations.

7.2.2 First optimisation

The optimisation identifies catheter designs that minimise ChP deformation, as
evaluated by the surrogate model. Each completed optimisation realisation sug-
gests a new candidate design that the surrogate-aided optimisation has identified
as having the lowest fitness. Figure 7.3 shows that all the optimisation realisa-
tions suggest candidate designs with fitnesses of around 0.2 mm. However, the
ML layer of the surrogate model has an average MAE of 0.1 mm when tested on
unseen data (Table 6.4), and Figure 6.4 top left shows that the random forest is
particularly uncertain on predictions with low fitness (towards the boundary of
its training region), and tends to overestimate its prediction when the true value
is less than 0.2 mm.

The multiple concurrent optimisation realisations therefore produce a set of
candidate designs which are predicted to have low fitness, but with an uncertainty
of approximately 50% on that prediction. To confirm and quantify the improved
performance of these designs the full FSI model is used. The three candidate
designs with the lowest fitness are taken forward for further investigation. Vi-
sualisations of these candidate designs are presented in Figure 7.4. The design
parameters for each proposed design are given, respectively, in Appendix D.1.

Each optimisation realisation generated a distinct catheter design, yet all three
candidate designs share structural similarities suggesting the the optimisation
realisations all identified important design structures. Each design has large n;
values, consistent with the findings of the 2D reduced model in Chapter 4 that
designs with a high number of holes placed circumferentially are desirable. Each
design additionally has one cluster of large-radius holes near the closed catheter
tip and a second cluster of large-radius holes near the midpoint (z = 15 mm),

with relative few, much smaller holes in between.
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(a)

Figure 7.4: Candidate catheter designs identified by the optimisation realisation.
Design parameters given in Tables D.1-D.3.

The large number of circumferential holes reduces the material between adja-
cent holes, which could compromise the structural integrity of the catheter and
increase the risk of damage during insertion. This was partially accounted for in
the optimisation through a circumferential spacing constraint, but the tendency
to form two closely packed axial clusters suggests this constraint may need to be
tightened, or extended to include an axial spacing constraint.

The clusters of large-radius holes may also locally weaken the catheter wall,
particularly near the tip where mechanical stresses during placement are highest.
The smaller holes between clusters present further challenges, both in terms of
manufacturing tolerances and increased likelihood of blockage by cellular debris.
The variation in hole size along the catheter also adds complexity to fabrication,
likely requiring multiple drilling steps or more advanced manufacturing tech-
niques. It is encouraging that multiple optimisation realisations produced very
similar designs, suggesting that small geometric variations are not particularly

important, and that extremely high precision may not be required in practice.

7.2.2.1 Optimised designs: ChP deformation

The optimised designs are then tested using the full 3D FSI model to determine
their effect on ChP displacement. Figure 7.5 compares the performance of the
candidate designs in the full FSI model (green, solid) with the prediction of
the surrogate on these candidate designs (green, dashed), with previously tested

designs (Chapter 4) shown in blue for reference. As before, each design is tested
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for multiple values of a.
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Figure 7.5: Maximum ChP displacement as a function of rotation angle «, com-
paring optimised designs (green) to those investigated in Chapter 4 (blue). The
surrogate model predictions for the new designs are shown in dashed green. Red
dots mark collisions with the ChP.

The optimised designs outperform all three of the previous designs at almost
every value of a. There are no ChP collision events, and two of the optimised
designs (light and middle green) additionally show close to no sensitivity to «, a
highly desirable characteristic, as « is not prescribed during implant surgery. This
Figure shows the surrogate-aided optimisation methodology has been successful
in generated an improved catheter design.

For all of the three candidate optimised designs the surrogate prediction is a
flat curve with value of 0.2 mm, consistent with Figure 7.3. However, the per-
formance of the three candidate designs in the full FSI model is not uniform.
The two designs shown in Figure 7.4 a) and b) lead to very similar ChP dis-
placements despite differences in their inlet holes. This suggests that the fitness
function is very flat across large region of design space, and that other designs
could be equally effective. From a manufacturing standpoint, this is highly bene-
ficial. A flat surface implies robustness to small variations in geometry, so minor

deviations during production are unlikely to significantly impact performance.
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The design shown in Figure 7.4 ¢), however, shows a different behaviour, with
higher ChP displacements than suggested by the surrogate. Inspecting the hole
design of Figure 7.4 c¢) shows that the final ring of inlet holes has parameters
re = 0.427 mm, ng = 5, ¢g = 337° and is positioned at z = 11.7 mm. The ChP
displacement curve associated with this design (Figure 7.5 dark green) shows five-
fold periodicity, suggesting that this ring of inlet holes is particularly influential
on ChP displacement. Further, it is reasonable to expect that this design could
be improved by increasing the value of ng, thereby reducing the a-dependence of
this ring of inlet holes. This contrasts with the designs shown in Figure 7.4 a) and
b), for which ng = 9 and the resulting ChP displacement exhibits substantially
lower sensitivity to a. This design direction was not explored by the optimisation
algorithm for the design in Figure 7.4 c), likely due to the inherent uncertainty
in the surrogate fitness functions, and increasing ng may not be identified as
beneficial by the surrogate. In this case, insight gained from the ground-truth FSI
model enables further design refinement beyond the capabilities of the surrogate-
aided generative design framework.

This example shows the importance of exploring designs suggested by the
surrogate-aided optimisation methodology. While the three designs shown in
Figure 7.4 all have similar performances according to the surrogate model, differ-
ences between designs lead to different performances in the full model. Figure 7.5
suggests the designs of Figure 7.4 a) and b) should be taken forward to manu-
facturing and further testing, while the design in Figure 7.4 ¢) (while still more
successful than any existing designs) should be discarded.

Figure 7.5 demonstrates that the designs identified by the surrogate model
indeed lead to performance improvements in the full 3D FSI model. This validates
the overall optimisation methodology introduced in Figure 1.1. In all cases the
true performance of the designs is within 0.05 mm of the surrogate prediction. In
Chapter 6, the uncertainty in the surrogate prediction was quantified, with the
MAE for the ML layer ~0.1 mm (see Table 6.4), and hence this discrepancy is
unsurprising, but re-emphasises the important of testing promising designs in the
full model.
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7.2.2.2 Optimised designs: additional metrics

The candidate designs shown in Figure 7.4 all perform better than previous de-
signs when tested in the full 3D FSI model, and all share two distinctive design
features: a large number of inlet holes on each circumferential ring of holes, and
two distinctive groups of holes, one near the closed tip and one near the catheter
midpoint. A high circumferential number of inlet holes was seen in the 2D model
parameter investigation in Chapter 4 to reduce ChP displacement, and this fea-
ture is also seen in the candidate designs of Figure 7.4. The second common
design feature seen in Figure 7.4 is a split between a grouping of larger holes
near the closed end of the catheter, and a grouping of larger holes near the axial
midpoint, with a relatively large section of catheter with few, smaller holes in
between. This configuration has not been reported in previous studies, which
instead favoured designs with larger holes near the closed tip that progressively
decrease in size towards the catheter outlet, prioritising uniform inflow through
each inlet hole [15, 86, 89].

To investigate the potential mechanisms behind this design choice, the results
of the 3D FSI models are analysed and compared to previous designs discussed
in Chapter 4. Figure 7.6 a) shows the fluid fields down the centre of the catheter.
This is a very different profile to previous catheters, where the aim has been to
make the influx profile as uniform as possible. Here the maximum influx of 2.268
mm? /s through an axial hole again occurs at the band of holes at 2 =15 mm, those
nearest the outlet. Across the six axial hole positions that average fluid influx is
1.015 mm?/s and the standard deviation is 0.867 mm?/s, a larger range standard
deviation of influx than any of the designs presented in Chapter 4. However, if
the catheter design is instead interpreted as having two key groups of inlet holes,
those near z = 5 mm, and those near z = 15 mm, the group located around
z =5 mm take a total influx of 2.984 mm?/s, meaning that the total influx into
the catheter is roughly split in half between the two key groups.

Figure 7.6 b) shows the ChP tip displacement. The maximum displacement
is at 2=6.27 mm, with regions of the ChP in z < 10 mm moving ~ 0.15 mm
towards the catheter, and regions of the ChP with z > 15 mm moving away from
the catheter. As before, the greatest movement of the ChP towards the catheter

occurs in the region surrounding the inlet holes.
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Figure 7.6 ¢) shows the normal traction, n - (—p n+ pu (Vo + (Vo)) - n),
on the ChP surface facing the catheter (lower) and on the opposite side (upper),
evaluated at the equilibrium configuration obtained from the 3D FSI model. A vi-
sualisation of the catheter is shown between the two subfigures, with its centreline

aligned with the z axis, allowing the inlet hole placement to be seen.
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Figure 7.6: (a) Fluid pressure and axial flux along the lumen of the catheter design
shown in Figure 7.4 a). (b) ChP tip displacement. (c¢) The normal component of
the traction vector. Blue shows lower than average traction, and red higher than
average traction.

Several features of the normal traction are consistent with the traction visual-
isations presented in Chapter 4. On the side of the ChP facing the catheter, the
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normal traction is spatially heterogeneous, while the opposite side experiences an
approximately uniform traction field.

Regions of high traction on the catheter-facing side of the ChP can again be
consistently associated with nearby inlet holes, in agreement with previous results.
The fluid traction on the ChP surface ranges between —850 and —860 mPa, lying
within the range observed for the existing catheter designs in Chapter 4. The
variation in traction, of approximately 10 mPa, is also comparable to that seen
in earlier configurations.

Taken together, Figure 7.6 provides a possible explanation for why the opti-
misation consistently favours designs with two distinct groups of inlet holes. The
candidate design shown in Figure 7.6 a) separates the dominant inlet holes into
two axially distinct regions, each admitting approximately 50% of the total fluid
influx. This results in two corresponding regions of elevated traction on the ChP
surface, which may act to distribute loading on the ChP more evenly and reduce
maximum deformation.

Finally, Figure 7.6 a) shows that the smaller holes located between the two
main inlet hole groups have negligible impact on ChP deformation, as there is
little discernible traction on the ChP surface. This observation is consistent with
the permeable reduced-order model presented in Chapter 5, in which the influx
through the catheter wall scales with the cube of the hole radius. As a result, small
inlet holes contribute minimally to the local flow field and could potentially be
removed, if preferred by manufacturing constraints, without significantly affecting

catheter performance.

7.2.3 Four-hole designs

In the encoding described above, each ring may have up to ten holes and an
arbitrary angular offset ¢;. However, both physical prototypes (Chapter 4) and
prior computational studies [15, 86, 88] only consider designs with exactly four
holes per ring and no offset between rings.

It is of interest to consider an optimisation on this reduced design space: i) for
comparison against previous work, ii) because of the likelihood that the current
manufacturing process has a preference for four-hole designs, and iii) to evaluate
whether designs generated with this restriction can perform as well as the more

general designs that were previously identified. In this setting, each ring has
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n; = 4, ¢; = 0 Vi. This reduces the dimensionality of the design space to 12,
considering only variation in hole radius and axial spacing between rings.

Figure 7.7 a) and b) shows two designs with the four-hole configuration gen-
erated from two separate runs of the optimisation algorithm, with design param-
eters given in Appendix D.1. As with the designs presented in Figure 7.4, both
four-hole designs have one group of large holes clustered close to the closed tip
and another group close to the axial midpoint of the catheter, near z = 15 mm.

Figure 7.7 ¢) compares the four-hole designs to the optimised designs above,
and to the example catheters used currently. The red curves represent the four-
hole designs, which show four-fold rotational symmetry in displacement. As ex-
pected, this periodicity is reflected in a 90° period for a. Both four-hole designs
achieve a minimum displacement near 0.2 mm and a maximum just under 0.3
mm. While the variation due to « is less for the four-hole design than for the
previous examples, this optimisation suggests it is not possible to completely re-
move the sensitivity to a with a four-hole design. Again, despite differences in the
design of the catheters identified as optimal, the ChP displacement curve is very
similar, suggesting a variety of designs lead to similar improvement in catheter
performance.

The best design produced by the general encoding outperforms the four-hole
configurations at all values of a. This aligns with the 2D FSI results from Chap-
ter 4, which showed that increasing the number of inlet holes reduced the sensi-
tivity of ChP displacement to catheter rotation. Figures 7.4 a) and b) confirm
that the optimisation algorithm also identifies this trend, with both designs in-

corporating a large number of inlet holes per ring.

7.2.4 Improving the surrogate model

Testing the new designs in the 3D FSI model allows the assessment of ground-
truth performance, but additionally gives a new dataset of ground-truth ChP
displacement. These new data are combined with the ground-truth dataset pre-
sented in Section 5.1, and are used to improve the surrogate model.

Testing design candidates in the full FSI model above contributes 24 new data
points to the ground-truth dataset, a 13% increase in the size of the dataset.
Importantly, these new data points all have low fitness values, and improve the

predictive power of the surrogate fitness function in this region.
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Figure 7.7: Maximum ChP displacement as a function of rotation angle o, com-
paring optimised four hole designs (red) to the best performing candidate from
Figure 7.4 (green) to those investigated in Chapter 4 (blue). Red dots mark col-
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150



As in Chapter 5, the same design with a different value of « is considered a
separate data point and treated independently. Due to the four-fold rotational
symmetry of the new four-hole designs, only values of a € [0°,90°] are included
in the extended dataset. This is because the symmetry of the design means that
the geometry of the catheter-ventricle environment is identical after a rotation of
90°, leading to the same stress distribution on the ChP wall, and the same ChP
displacement (as can be seen in Figure 7.7, red lines). Consequently, including
data values of these catheter designs for multiples of 90° will duplicate samples
in the dataset, unfairly biasing the model towards these data points. The op-
timal designs taken from the general encoding do not have an exact rotational
symmetry, and so all values of « are included in the addition to the dataset.

With the extended dataset, an improved surrogate model is created by train-
ing a random forest algorithm. As described in Chapter 6, a hyperparameter
optimisation is performed using five-fold cross validation with a 10% validation
sample. The same hyperparameters as Table 6.5 were identified as the optimal
combination, providing confidence in the model’s robustness to new data. Test-
ing on the reserved validation set leads to an R? score of 0.831, an improvement
over the R? score of 0.783 seen in the same process when creating the surrogate
(Figure 6.3, middle left).

As described in Chapter 6, the surrogate model is then retrained on the entire
dataset for maximal information. This results in accuracy metrics of R? = 0.908,
MAE = 0.060 mm, RMSE=0.083 mm and Spearman’s correlation coefficient of
0.953, in all cases giving slight improvements over the model presented in Section
6.6.

Figure 7.8 shows the predicted value for each data point using the improved
surrogate model. This should be compared to Figure 6.5 a). The improved sur-
rogate has better predictive power (points closer to the red line), particularly for
data points with small fitness, a critical area. The feature importance visualisa-
tion shown in Figure 7.9 is similar to that of the original surrogate, (Figure 6.5
b)). The revised ML model gives slightly more importance to the pressure values,
and less to the y component of the stress vector (note the different scale used in
the stress vector components). This could be due to the added data points all
having a restriction of inlet holes to the 15 mm of the catheter closest to the
closed tip. The area of importance identified in the y component of the stress

tensor for the first surrogate model (Figure 6.5), is between 25 mm and 30 mm.
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Figure 7.8: Predicted vs ground-truth of the surrogate fitness, with new FSI
data. Red line, prediction=ground-truth. Red points: new data points; blue
points: original data points.

The new designs interact less with this region as their inlet holes are positioned
at the other end of the modelled domain, and so reduce the importance of this

region for the improved ML model given here.

7.2.5 Second optimisation

With the improved surrogate model, a second set of optimisation realisations can
be run. The optimisation setup, parameter encoding and hyperparameter choices
remain the same, with the only change being the new surrogate model to allow
direct comparison.

Figure 7.10 a) and b) shows two designs proposed by the optimisation using
the improved surrogate, with design parameters given in Appendix D.1. These
designs, tested in the 3D FSI model, are shown in Figure 7.10 c) in purple. Sur-
rogate predictions, and previous designs explored are also shown for comparison.
As with the first optimisation, designs with high numbers of inlet holes on each
circumferential ring, and one group of large-radius holes near the closed tip, and
a second group near the axial midpoint are identified as promising. In both the
designs identified in the second optimisation, the algorithm takes advantage of
the encoding’s ability to remove rings of inlet holes, and both designs have only

three rings of holes. This is consistent with the observation made earlier that the
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large ring of holes near the catheter midpoint, and the large ring near the closed
tip are the most significant design features.

The optimisation protocol presented here does not impose any penalty on the
number of inlet holes (which could be enforced, for example, by adding a penalty
term proportional to the total number of inlet holes to the design fitness). The
fact that the protocol nevertheless identifies less rings as optimal, shows that any
further rings in addition to the important ones at the midpoint and closed tip do
not contribute to improved catheter performance.

As seen in Figure 7.10 the surrogate predictions are similar, giving fitnesses
slightly under 0.2 mm. Again there is discrepancy between the surrogate pre-
dictions and the full model performance, comparable to the improved surrogate
MAE of 0.08 mm.

One design from the second optimisation (in maroon) performs similarly to the
previous best design (green), while the other significantly outperforms it (purple).
This both shows the improvement that can be obtained by iteratively improving
the surrogate, and also the need to test all new proposed designs in the 3D FSI
model, as designs identified as equally promising by the surrogate can perform
differently in the ground-truth.

This improvement could be continued, iterating between generating optimal
designs, testing in the ground-truth model and using new additions to the ground
truth dataset to refine the surrogate. This is a continuous process of improvement,
approaching an online surrogate formulation. As with all aspects of generative
design, this process should be terminated when the computational time involved

in the process outweighs the diminishing returns of improving the surrogate.

7.3 Chapter summary

This chapter presents results from the generative design protocol, which is com-
bined with the surrogate model for ChP displacement introduced in Chapter 6
to search for improved catheter designs. Insights from the full model results,
discussed in Chapter 4, also inform the choice of parameter encoding.

The generative design process successfully proposed new catheter designs,
which are subsequently confirmed as design improvements when tested using the

detailed 3D FSI model. These results complete the surrogate-aided optimisation

155



methodology outlined in Figure 1.1. The FSI model is then further used to under-
stand why certain design traits are identified as promising by the optimisation,
giving a deeper understanding of the design process.

Manufacturing considerations are incorporated into the design process in a pa-
rameter preprocessing step. These focus on ensuring a structurally sound catheter
with sufficient material between inlet holes, and as such, place limits on size and
number of holes that can be present in any one axial ring. As the results from
Chapter 4 suggest that catheter designs with large holes perform well when min-
imising ChP displacement, this was an important consideration to include in the
optimisation process to ensure structurally sound designs were produced.

With the generative design methodology established, two extensions to the
methodology are presented. The first restricts the design space to examine only
designs with regular arrangements of four circumferential holes, a common feature
of existing designs. The generative design process still produces improvements
over existing designs, but the four-hole designs do not outperform those found by
optimising the whole space.

The second extension leverages the need to test promising surrogate-identified
designs in the full ground-truth model to determine their true performance. These
validated simulations can additionally be used to expand the training dataset for
the surrogate model, enabling its refinement and improved results in subsequent
optimisation iterations.

This chapter completes the surrogate-aided generative design methodology
outlined in Figure 1.1. Each chapter has contributed a distinct component of
this framework, which are here successfully combined to generate demonstrable
improvements in hydrocephalus catheter design. In the final chapter, the broader
implications of this work are discussed, along with its limitations and directions

for future research.
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Chapter 8

Conclusions

This chapter summarises the key findings of the thesis and reflects on contribu-
tions to the field. Limitations of the work are evaluated and areas of possible

future research discussed.

8.1 Thesis summary

The primary objective of this thesis was to improve the design of the ventricular
catheters used in the treatment of hydrocephalus, with the aim of minimising
the chance of ChP blockage. This has been successfully achieved with several
new catheter designs proposed. The research also contributes to the broader
field of medical device design by developing a generalisable surrogate-aided design
methodology based on a combination of mechanistic insight and machine learning
(ML) applicable to a wide range of biomedical and engineering problems.

The design of medical devices is often a slow and expensive process, with
all new instruments required to pass through a range of clinical trials before
being deemed safe for use. While modelling to date still relies on clinical trials,
computational models can be effectively leveraged to address the high failure rate
seen in clinical trials, as they can act as a filter to screen and remove unpromising
designs, or motivate new design directions.

Recently, the growth in computing power has enabled an increase in model
complexity. While finite element and finite volume methods to solve fluid and
solid problems have existed for over 70 years [69, 70|, only recently has the re-

quired computational power and memory reached a level that can accommodate
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the incorporation of complex effects, including multiphysics and multiscale mech-
anisms, interdependence between systems and fluid-structure interaction (FSI).
However, while these detailed computational models can provide impressive res-
olution of a problem, they remain computationally very expensive, thus often
prohibiting comprehensive parameter exploration or optimisation studies. To
overcome this reduced-order models (ROMs) are needed, which capture the key
mechanisms of a simulation, but run in a fraction of the time.

This thesis presented the development and application of a generalisable
surrogate-aided design methodology, applied to the problem of hydrocephalus
shunt design, specifically the design and placement of inlet holes in the ventric-
ular catheter component. Despite recent improvements in antibacterial shunt
materials, which have successfully reduced post-surgical infection rates, studies
indicate no significant improvement in long-term patient outcomes over the past
forty years, suggesting that advances in shunt design may still have life-saving po-
tential [11]. Previous computational studies have proposed design improvements
based on achieving uniform influx across inlet holes. However, to date, no model
has incorporated the ChP, requiring catheter performance to be inferred solely
from fluid flow.

A complex FSI model of the design problem was presented in Chapter 3, with
detailed results of the ventricle-catheter-ChP system presented in Chapter 4. This
model is successful in capturing the interplay between underpinning mechanisms
of the system, but has a runtime of over three days, making it infeasible for incor-
poration into an optimisation protocol. Therefore several ROMs are proposed. In
Chapter 4 a geometrical reduction was presented, considering a 2D cross-section
of the full model.

This reduction of the FSI setting to 2D proved effective in evaluating the
circumferential position and size of inlet holes in the catheter. As there are
a limited number of inlet hole configurations possible in 2D, it is feasible to
consider an exhaustive search across all possible designs. It therefore was possible
to identify the optimum inlet hole configuration in 2D, and this catheter design,
when reinterpreted back into 3D was shown to outperform existing examples.
However, this reduced-order model was restricted to 2D and could not capture
more general three-dimensional effects, motivating the development of additional
ROMs.
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Chapter 5 introduced two further reduced-order models based on physical re-
ductions, in which key mechanisms are approximated or neglected. The first
model addressed the flow field within the catheter, exploiting assumptions of ax-
isymmetry and a long, thin catheter geometry to motivate a 1D reduction. The
flux through the inlet holes was modelled using a permeable-wall boundary con-
dition, and the resulting model showed good agreement with full computational
simulations. The second model focussed on the initial fluid stress field on the
surface of the ChP in its undeformed, upright configuration. In this case, FSI
effects were neglected, focussing on the initial fluid stresses which drives initial
ChP displacement. Since the initial and equilibrium displacements are strongly
correlated, the initial fluid stress field was expected to be a strong predictor of
the equilibrium ChP displacement.

These ROMs are informative in their own right, but to be useful for design
optimisation, they needed to be capable of accurately predicting the maximum
equilibrium ChP displacement, here used to quantify the fitness of a catheter
design. A mechanistic learning (MxL) approach is therefore implemented, com-
bining a predictive ML layer with the ROMs, which transformed outputs of the
ROMs into an approximation for the maximum equilibrium ChP displacement. A
range of ML algorithms and input data was considered and the highest predictive
accuracies were obtained by combining the stress field model with a random forest
predictor. This composite model was successful at predicting ChP displacement
and was consequently carried forward as a surrogate fitness function for use in
the optimisation.

The integration of surrogate models with an optimisation codebase using mul-
tiple offspring sampling was successfully used to generate improved catheter de-
signs through a generative design procedure. These designs were then tested in
the full 3D FSI model which confirmed that they were a true improvement over

existing devices.

8.2 Summary of accomplishments

This thesis has achieved two main objectives: direct improvements to hydro-
cephalus shunt system design, and the development of surrogate-aided generative

design methodologies. These are discussed separately below.
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8.2.1 Hydrocephalus shunt design

Clinical solutions to the medical problem of hydrocephalus have been sought
since antiquity [41], with shunt drainage systems becoming standard from the
early 20th century [215]. Despite over 36,000 shunt surgeries taking place each
year in the United States alone, the failure rate of devices remains stubbornly
high, with severe consequences for the patient [46].

Shunt design has been the focus of previous computational studies, notably
the extensive work of the group of Galarza and Giménez (Refs. [86, 87] etc.), and
separately the doctoral thesis of Weisenberg, Ref. [15]. These studies also focussed
on ChP occlusion of the ventricular catheter component, and investigated the
effect of the size, position and relative angle of inlet holes. They explored how
variations in the size, position, and angle of inlet holes affected flow patterns and,
by inference, the likelihood of obstruction.

However, these earlier works modelled only the fluid domain, positioning the
catheter inside a large, axisymmetric region of cerebrospinal fluid (CSF) (Fig-
ure 2.4) and employing computational fluid methods to study the resultant flow
fields. While informative, such fluid-only models necessarily rely on indirect met-
rics, here the uniformity of flow through inlet holes, as a proxy for design suc-
cess. Designs that distributed CSF inflow more evenly were considered preferable,
based on the heuristic observation that inlet holes near the outlet tend to receive
disproportionately high inflow and are more frequently blocked.

This thesis marks a significant extension of that literature by being the first to
incorporate a solid model of the ChP, and capture the interplay between the ChP
and surrounding fluid, enabling direct simulation of the FSI between the ChP and
the catheter. This advancement allows for a more realistic representation of the
biological environment in which the catheter operates, capturing not just fluid
dynamics but also the physical deformation of the ChP in response to catheter
placement and flow. The 3D FSI model developed here confirms prior findings
(that inlet holes near the outlet often dominate the influx of CSF and that the
ChP often deforms more towards inlet holes near the fluid outlet).

In Chapter 7 several new catheter designs are found through the generative
design procedure, all of which are shown to be improvements over existing designs
when compared in the 3D FSI model. Consistent with the findings of the 2D

reduced model, all designs proposed have a high number of inlet holes positioned
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around the circumference of the catheter. Additionally, the proposed designs all
prioritise a circumferential ring of large inlet holes near the closed tip, and a
separate ring of large inlet holes near the midpoint of the catheter.

This represents a clear departure from previous computational studies of hy-
drocephalus catheter design, which enforced uniform inflow through each inlet
hole and therefore favoured designs with larger holes at the closed tip and pro-
gressively smaller holes towards the catheter outlet [15, 216]. Analysis of the
fluid stress field acting on the ChP surface shows that the designs proposed here
distribute fluid stress more evenly across the ChP than earlier designs, highlight-
ing the critical role of FSI in capturing the interaction between the ChP and its
surrounding fluid environment.

This work therefore represents a significant advancement in both the under-
standing of the interaction between hydrocephalus catheters and their environ-

ment, and in the tools available for future design.

8.2.1.1 Limitations

The 3D FSI model presented here was used effectively to discriminate between
existing and new catheter designs, but remains an idealised representation of
the brain’s ventricular environment. Several simplifications were made to ensure

computational tractability:

e Geometry: the ventricular and ChP domains were modelled using smooth,
idealised shapes. This was necessary due to the difficulty in obtaining high-
resolution, segmented anatomical data, particularly for the relatively small
ChP. As a result, the model lacks patient-specific detail or anatomical vari-

ability.

e Material properties: mechanical parameters such as the Young’s modu-
lus of the ChP were not taken from direct measurements, as such data is
currently unavailable in the literature. Instead, values were selected from
a biologically plausible range based on related soft biological tissues. The
ChP was modelled as a hyperelastic material with a near-incompressible
response, which, although a reasonable assumption, is an approximation
of true tissue behaviour. Additionally, the deformation of the surrounding

brain tissue was not included in the model, nor were growth effects or fluid
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absorption at ventricle boundaries. The model the only exit for the CSF is

through the catheter, as is true in the most severe hydrocephalus cases.

e Lack of experimental validation: the model predictions have not yet
been directly validated against experimental or clinical data. This includes
both the fluid dynamics and the mechanical deformation fields. While the
model shows consistent and biologically plausible trends, quantitative vali-

dation remains an essential step.

Nevertheless, the above model simplifications were chosen to balance the com-
plexity of the crucial FSI mechanism with a feasible computational runtime. The
model was successful at clearly differentiating between catheter designs in the

ventricle environment.

8.2.1.2 Recommended future extensions

This work offers several promising directions for future research into hydro-
cephalus shunt design, both experimental and computational. An important
direction for future work is the validation of the newly proposed catheter designs.
While these designs performed well in the 3D FSI model, experimental testing,
such as experiments using physical ventricular replicas or in vitro systems incor-
porating synthetic or porcine ChP tissue, would provide important confirmation
of their efficacy. Longer-term goals include collaboration with clinical researchers
to enable retrospective analysis or clinical trials.

From a computational perspective, future models could incorporate patient-
specific geometries derived from high-resolution imaging data such as MRI or
CT scans, such as those presented in Ref. [173]. Improvements in image seg-
mentation, especially for soft, small and irregular tissues like the ChP, would
enable more anatomically faithful simulations and allow investigation into vari-
ability between patients. Alongside this, more sophisticated constitutive models
could be developed. The incorporation of growth effects is an important future
step to investigate the effect of changes in the ventricle and ChP geometry on
catheter occlusion. The current use of a hyperelastic material model for the ChP
is a simplification; future work could instead explore poroelastic or viscoelastic
descriptions that incorporate the porous nature of brain tissues. Similarly, the

assumption that all natural CSF exit pathways are closed could be relaxed.
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Given the current lack of understanding into the mechanical properties of the
ChP, it would be valuable to explore targeted experimental testing of these prop-
erties. This tissue is poorly characterised in the literature, and measurements
of stiffness, deformation thresholds, and dynamic response to loading would sig-
nificantly enhance the accuracy and credibility of future models. Techniques
like indentation testing or high-resolution imaging during controlled deformation
could be used to inform the derivation of more accurate models.

Finally, as more complex geometries and material behaviours are introduced,
ensuring numerical stability and convergence of the computational models will be
essential. This may require refinement of meshing strategies or solver strategies.
However, the modular design of the simulation framework developed in this thesis
makes it easy to make changes in the geometry or material properties under

investigation.

8.2.2 Surrogate-aided generative design

While this research has been applied directly to the problem of hydrocephalus
catheter design, the surrogate-aided generative design methodology is generalis-
able and could be applied to a wide range of design problems, particularly those
with a dominant FSI component. The value of the methodology (shown in Fig-
ure 1.1) has been demonstrated, with the improved catheter designs produced by
the surrogate approach showing true improvements when tested in the 3D FSI
model.

The idea of using reduced models to improve optimisation algorithm perfor-
mance is not new, with research on this topic dating back to at least 2001 [152].
As discussed in Section 2.4, previous work often integrated ML techniques di-
rectly into the optimisation algorithm, whereas in this research, the approach
presented constructs and trains the surrogate model offline (i.e., outside of the
optimisation algorithm), enabling the careful curation of a ground-truth dataset,
selection and integration of appropriate ROMs, and more careful tuning of the
ML layer, for example in avoiding overfitting.

Testing the new designs using the 3D FSI model allowed their efficacy to be
assessed with full consideration of FSI effects. This represents a crucial final step

in the optimisation procedure, as up to this point the designs have only been
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evaluated by the surrogate model, which is inherently an approximation of the
3D FSI model.

The surrogate-aided methodology consists of three core components: the op-
timisation codebase, the expensive high-fidelity model, and the faster surrogate
model which combines ROMs with a predictive ML layer. Figure 1.1 illustrates
the exchange of information between these components over the course of a single
optimisation run, as implemented in Chapter 7. However, this flow of information
need not be limited to a single iteration. As described in Section 7.2.4, testing
promising designs in the full 3D FSI model not only validates their performance
but also yields a new dataset of ground-truth ChP displacement. This data can be
combined with the original training set to enhance the accuracy of the surrogate
model.

This iterative enrichment is particularly valuable when access to ground-
truth data is limited, due to the high computational cost of full-model simu-
lations. In the present case, the four new designs contributed 24 additional FSI
runs—representing a 13% increase in dataset size. Retraining the surrogate model
on this extended dataset results in improved predictive performance and offers a
further opportunity to test its robustness: for example, evaluating whether the
original ML hyperparameter choices generalise well to new data.

Once retrained, the improved surrogate can replace the previous version within
the optimisation loop and be used in subsequent iterations. This continuous
feedback loop is illustrated in Figure 8.1: each iteration proposes new designs
via the surrogate model, evaluates them using the high-fidelity simulation, and
incorporates the results into a progressively more accurate surrogate. Because
the newly added data points are typically located in low-fitness regions (where
the surrogate initially extrapolates with limited confidence in its predictions) this
process also improves accuracy in precisely the areas where it is most needed. This
iterative process approaches an “online” surrogate training formulation, in which
the surrogate model is progressively developed and refined by each new design
proposed in an optimisation protocol. Unlike a fully automated online surrogate
approach, the procedure here is manual at each stage, with the surrogate model
kept the same for each optimisation realisation of Figure 8.1. This allows failures
to be identified and further surrogate refinements to be made only when potential

improvements are explicitly observed.
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Figure 8.1: The optimisation protocol, the ground-truth model and the surrogate
model form a feedback loop allowing for continuous improvement.

8.2.2.1 Limitations

Because the surrogate model is an approximation of the ground-truth physics,
the fitness values it provides are limited by the accuracy of the model itself. As a
result, identification of the true global optimum, or the globally optimal catheter
design, cannot be guaranteed using the surrogate alone. Instead, the optimisation
results should be interpreted as identifying promising regions of the design space.
Candidate designs can then be evaluated using the full ground-truth model to
determine their true performance.

The generative design methodology also relies on the availability of a surrogate
model that is both sufficiently fast and sufficiently accurate. In this work, the
surrogate runtime was under 10 minutes and achieved an R? value exceeding 0.75.
For other applications, however, it may not be possible to achieve this balance
between computational efficiency and predictive accuracy. These limitations are
inherent to the framework and must be considered when applying the method

and interpreting its results.

8.2.2.2 Recommended future work

A natural extension of this methodology would be the development of a general-
purpose computational package, enabling other researchers to apply these tech-

niques to their own problems. Such a tool could include automated training and
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validation routines, in-built model selection tools, and integration with common
optimisation frameworks. Additionally, experimental validation of the surrogate-
predicted designs, as discussed above, would help demonstrate the effectiveness

of the protocol.

8.3 Closing remarks

This research presents a generalisable surrogate methodology, which can be lever-
aged to speed up the investigation of design problems with a significant FSI com-
ponent. In this thesis, the methodology is successfully applied to improving hy-
drocephalus shunt design, a medically important and computationally challenging
problem. A detailed 3D finite element and finite volume model was constructed
to capture the complex interplay between the ChP and ventricular catheter. Al-
though highly informative, this model was computationally expensive, motivating
the development of ROMs including a geometrical reduction to 2D that effectively
constrained the design space, and a physically simplified fluid stress model that
serves as a fast and accurate surrogate fitness function.

These components were integrated into a comprehensive design optimisation
framework, which yielded novel catheter configurations with improved perfor-
mance when tested in the full 3D model. This work contributes to the advance-
ment of hydrocephalus catheter design, an area that lacks systematic analysis
and standardisation of current devices. More broadly, it offers a framework for
leveraging detailed, high-fidelity simulations to inform the creation of efficient
surrogate models, enabling rapid exploration of design spaces. In doing so, this
research responds to the growing need for scalable, adaptable optimisation tools
in biomedical and engineering applications, especially as modelling capabilities

continue to expand with advances in computational power.
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Appendix A

This appendix contains further details on the methods used to create the 3D FSI
model, including a non-dimensional analysis which is used to motivate the choice
of solvers. It also contains the validation studies confirming that the model is

sufficiently accurate for use.

A.1 Non-dimensional analysis

In this section, a non-dimensional analysis of the FSI model governing equations
is performed to justify the steady solvers. Parameter values in Table 3.1 show
that the scale of the time derivatives in both the fluid and solid problems are
negligible, and can be excluded from the governing equations. This justifies the
use of equilibrium solvers for the FSI model.

The non-dimensionalisation uses the following scalings:

{z,y,2} = L{%,y, 2}, t=Tt wv=Vo, p=5"—

u=Uu, o=~FLo,

where the capital letter denotes a constant, characteristic value of the variable,
and the tilda denotes the non-dimensional counterpart. Length scales in the
domain range from 0.2 mm (ChP width) to 1.5 mm (catheter diameter) to 30
mm (domain length). Therefore a characteristic value L =1 mm is chosen. The
largest velocities in the domain are seen at the catheter outlet, where the total
flux @ passes through a cross-section of area 7r?, where r = 0.75 mm (the internal
radius of the catheter). This gives a maximum velocity scale V ~ Q/(7r?) ~ 3
mm/s. A timescale T = 10° s (~1 day) is chosen as the minimum period post-
surgery for a successfully inserted catheter to become blocked. Catheter implant

surgery takes over an hour to perform, and any immediate ChP blockage that
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occurs during the surgery is expected to be noticed and corrected. The model
therefore focusses on the period post-surgery where the catheter-ventricle system
settles into a new equilibrium. The viscous pressure scale pV/L is chosen so that
viscous terms balance the pressure gradient in the Navier-Stokes equations. In
occlusion scenarios, the ChP deforms sufficiently to collide with the catheter so
U = L =1 mm. The solid stress tensor o is scaled with £, the Young’s modulus
of the ChP.
Substituting and rearranging Equations (3.1), (3.2) and (3.3) leads to

V.-v=0, (A.1)
pfVL | L Ov
-~ . = — A A2
; 7T B +(v-V)v Vp + Av, (A.2)
—— \
:=Re =€
psL D?*u
ET2 D2 7 (4-3)
<~

B

where the tildes have been omitted for readability. Here, the Reynolds number,
Re = p;V L/pu, is the ratio of inertial to viscous forces in a flow and € (resp. 5'/2)
is the ratio of the natural timescale of the fluid (resp. solid) to the timescale of
interest. The natural timescale of the fluid is L/U, the time it takes for a fluid
particle with velocity U to travel length L. The natural timescale of the solid
is the period of elastic vibration with no external loading. With the parameter
estimates in Table 3.1, the flow has a Reynolds number of approximately four,
well within the laminar flow region (Re < 2,000). The dimensionless parameters
e and 3 are both on the order of ~ 1079, justifying the decision to neglect time-

dependent terms in both the solid and fluid equations.

A.2 Mesh creation

This section contains further detail on standard methods used in mesh creation,

style choice and mesh quality analysis.

A.2.1 Geometry creation

To create finite element (FE) meshes, the codebase gmsh [176] is used, as it con-

tains the ability to build or import model geometries and algorithms to create
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meshes from a given geometry. Geometries can be created in two ways: gmsh’s in-
built kernel allows a bottom-up approach with points defined in space, and lines
defined between specific points. Surfaces can be created from closed loops of lines,
and volumes from groups of surfaces. B-splines (polynomial curves) through mul-
tiple points can be defined as well as simple linear line segments. This allows con-
siderable configurability, with the ability to create arbitrarily complex surfaces.
For greater speed, gmsh is also compatible with the openCascade kernel [180],
which enables simple volumes (boxes, spheres and cylinders) to be introduced
fully formed, with all associated surfaces, lines and points. openCascade allows
complex geometries to be created quickly by taking intersections and unions of
the simple building blocks, but is limited by the initial shapes of the building
blocks. Together, the two kernels can be used with their respective strengths
complementing each other.

gmsh is used via a C-based scripting language in an ASCII file with .geo

extension, with visualisation possible in the inbuilt graphical user interface (GUI).

A.2.2 Mesh styles

Once a geometry has been created in gmsh, internal meshing algorithms are used
to transform the geometry into a 3D mesh. gmsh allows for a great deal of
configurability in mesh design, with various options allowing for changes in mesh
style, size, and refinement of the mesh in specific areas.

An important quality for any FE mesh is ensuring that the mesh is conforming:
the condition that no elements overlap. This is enforced in gmsh by meshing the
lowest dimension entities first and using these to form the boundaries of higher
order elements. This ensures that neighbouring elements do not overlap as they
are defined by their common boundary.

A FE mesh will never completely match a curved surface as the mesh is com-
posed of elements with straight edges. The mesh needs to be small enough to
capture any curves on the geometry boundary but not so small that the compu-
tational simulations take too long to run. Mesh size is prescribed on each point
in a gmsh geometry, with the command Characteristic Length{Point{:}} =
meshSize; enforcing a uniform size on all points in the geometry. For mesh-
ing areas with a high curvature (such as a small radius tube), the command

Mesh.CharacteristicLengthFromCurvature = k; enforces at least k-6/27 mesh
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elements around an arc of angle # (and so k elements around a full circle). This
is a useful command to enforce a smaller mesh around critical areas of high cur-
vature, without reducing the mesh size of the whole domain.

A key feature of any mesh is the shape of the elements created. In 3D, the
simplest element available is a tetrahedron (in 2D, a triangle) and gmsh creates all
its meshes initially with tetrahedra, as these elements are the most able to capture
a complex geometry. However, non-quadratic tetrahedral elements are not always
advisable in FE simulations, as their shape can introduce an artificial increase in
stiffness. Often FVM, including openFO0AM, are designed with a hexahedral mesh
in mind, and methods to approximate partial derivatives assume that elements
are arranged in a regular pattern. Gmsh has the capability to create a hexahedral
(cube) mesh by using the Recombine command to post-process a tetrahedral mesh
into a hexahedral mesh.

Mesh styles can be subdivided into structured and unstructured. Unstruc-
tured meshes place elements wherever the algorithm determines the best position.
These algorithms are more flexible, and can cope with more complex geometries.
Structured algorithms place elements in a regular pattern and produce more
reliable regular elements, but are harder to generate due to their stricter require-
ments. To implement a structured mesh style in gmsh, the key word Transfinite
is applied to each boundary surface. For this research, the complex geometry of
the biological domain (even in an idealised setting) necessitates unstructured al-
gorithms. Figure A.1 shows examples of triangular and quadrilateral, structured
and unstructured mesh on a 2D disc. Note, in Figure A.1 d), the structured
elements experience greater deformation near the curved boundary as it is harder
to maintain the regular pattern.

The meshing algorithms used in gmsh are based on adaptions of the Delaunay
triangulation. As noted above, gmsh always meshes 2D surfaces first, before
extending the surface mesh to mesh the 3D volume. This ensures all volume
elements are conforming.

Meshing algorithms first apply the Delaunay triangulation to all existing nodes
in the geometry. The triangulation is then subdivided to create smaller mesh ele-
ments until the mesh size constraint is reached. gmsh contains different methods
to optimally subdivide the triangulation when creating the final mesh, either by
locally refining the mesh through edge splitting and swapping (MeshAdapt [217])

or sequentially inserting new nodes into the circumcentre of the largest triangle

188



=
I
2
Aﬂ

N

NN

iy
A/

)
X
Iy

A

A

N
]

7

\

Vil

N

%
X
o

l

/
<3

O
S
i
&
[

\
<

AV S
T
S
]
K%
A

VAN

N

N

Figure A.1: Example of mesh styles on a 2D surface: (a) unstructured triangu-

and (d) structured

structured triangular; (¢) unstructured quadrilateral;

b)
quadrilateral.

(

b

lar:

189



(Delaunay [181]). In this project, the Delaunay method is used as recommended
by gmsh. Adaptations of the Delaunay meshing algorithm to ensure triangles are
close to equilateral (Frontal-Delaunay [218]), or close to right-angled (Frontal-

Delaunay for Quads [219]), also exist, but are not used here.

A.2.3 Mesh quality

For the numerical solvers to give an accurate solution to the model the mesh
must be of sufficiently good quality. Deformed or misshaped elements will add
errors which may cause non-convergence of the solver or non-physical results.
Solvers often have mesh requirements to ensure a compatible, good quality mesh
is accepted: for example OpenFOAM will only parse meshes containing simple tetra-
hedral or hexahedral elements.

OpenFO0AM uses the command checkMesh to evaluate the quality of a mesh,
producing a set of summary statistics for the user and highlighting any mesh
characteristic metrics which do not indicate a good quality mesh. It is worth not-
ing that checkMesh often records the maximum or “worst-case” for each metric,
and a failure of a small number of isolated elements to satisfy a criterion does
not mean the overall mesh is of poor quality.

Two key metrics which determine the quality of a mesh are non-orthogonality
and skew. These metrics can take slightly different forms in different computa-
tional solvers. In OpenFOAM non-orthogonality describes how far from a perfect
cuboid element (2D, rectangle) a cell is. This is measured as the angle between
the vector joining neighbouring cell centres, and the vector normal to their shared
face, illustrated in Figure A.2 a) with vectors ¢; and b; respectively, where i in-
dexes the neighbours of a specific cell. Non-orthogonality is expressed as an
acute angle in degree between 0° and 90°, where 0° is a perfectly orthogonal
mesh. Meshes with non-orthogonality greater than 70° require additional non-
orthogonality corrector loops, and those with non-orthogonality greater than 85°
often fail.

A second measure of mesh quality is skewness, which in OpenF0AM is defined as
the deviation of the face centre between two elements from the vector connecting
their centroids, normalised by the length of the centroids vector (see Figure A.2

b)). Skewness provides a measure of how regularly packed elements are, with zero
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Non-orthogonality Skew

Figure A.2: Visual description of (a) non-orthogonality given by the angle be-
tween ¢; and b;, (b) skewness measure: d;/|c;|. i indexes the neighbours of any
one cell.

skewness if elements pack in a regular grid pattern, and a high skew measure if

the elements are significantly offset.

A.2.4 Mesh postprocessing

In Section A.2.2, it was noted that it is easiest to create an irregular tetrahe-
dral mesh for a general, curved geometry, and that enforcing regular hexahedral
meshes on a curved geometry will cause distortion of elements close to the curved
boundary. However, in Section A.2.3, it was seen that the optimal mesh for the
fluid solver is a regular hexahedral mesh.

To reconcile the flexibility of a tetrahedral mesh with the numerical regularity
of a hexahedral one, the OpenFOAM postprocess command polyDualMesh is applied
to a tetrahedral mesh. This generates the mesh dual, transforming tetrahedra into
polyhedra by replacing the centroid of each tetrahedron with a node and placing
each original node at the centre of a new element. This is shown graphically in
Figure A.3. polyDualMesh requires one numerical parameter between 0 and 90,
which refines the mesh dual near sharp corners of the domain boundary.

As polyDualMesh postprocesses an existing tetrahedral mesh, the polyhedral
dual always exists and is inherently a good approximation to the domain ge-
ometry. Polyhedra are additionally superior to tetrahedrons as they have more
neighbours, which ensures a better approximation to gradients as calculated by
the fluid solver (see Section 3.4.2.2). Polyhedral meshes also contain a smaller
number of elements making them faster to solve compared with a tetrahedral

mesh.
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Original mesh: —
Dual mesh: —

Figure A.3: polyDualMesh creates the dual (red) of an existing tetrahedral mesh
(black).

The mesh quality analysis discussed above is focussed on OpenF0AM’s methods,
relevant for the fluid part of the model. The solid solver MuPhiSim will also benefit
from a good quality mesh (quantified using the same metrics) but does not have

the in-built methods to assess mesh quality.

A.3 OpenFOAM folder structure

OpenF0AM requires a run directory that contains a specific layout of subdirectories
and files containing the information necessary for a fluid simulation. This folder

structure is shown below.

simulation folder
| _constant
ttransportProperties
turbulenceProperties
L0

-

,_system
controlDict
decomposeParDict
fvSchemes
fvSolutions

| fluidGeometry.geo

| _run.sh

The three subfolders 0, constant and system contain information on the

boundary conditions, mesh geometry and numerical parameters, respectively.
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The controlDict contains simulation parameters, such as which solver to use,
maximum allowed iterations, and how to write output data. decomposeParDict
contains parallelisation information on splitting the domain if the simulation is
run on n > 1 cores. fvSchemes and fvSolutions contain the numerical param-
eters and approximations used by the solver, discussed in Section 3.4.2.2. The
folder O contains the boundary conditions, discussed in Section 3.4.2.3.

The folder constant contains the physical parameters and geometry mesh
of the simulation. Here, the kinematic viscosity is the only physical parame-
ter value required to solve the incompressible, laminar fluid simulation, and is
written in transportProperties. turbulenceProperties contains any turbu-
lence models required by the simulation. In this project, the fluid is modelled
as non-turbulent, so only the line simulationType:laminar is written here as a
placeholder. In the pipeline created for this project, an additional two files are
necessary: the fluidGeometry.geo file which contains the gmsh geometry with
configurable catheter, and run.sh which contains the terminal commands needed

to execute the fluid part of the FSI pipeline.

A.4 FSI model validation

A.4.1 Fluid validation

A validation study is performed to test the choices of fluid mesh style and size,
and the numerical parameters and schemes used in the fluid solver. This study
is performed for both the 3D and 2D models.

This study calculates the pressure gradient needed to drive a fluid flux of )
and viscosity pu through a cylindrical tube of radius @ = 0.75 mm and length L =
10 mm. The tube is oriented with its centreline along the 2z axis. These lengths
and flux are chosen to be close in magnitude to the hydrocephalus fluid domain,
ensuring all the modelling assumptions made above are still relevant here. This

problem has the well-known Poiseuille flow solution for pressure p, that is

Q="22 (A.4)

In 2D the pipe is interpreted as a rectangle domain of height 2a =2 x 0.75 mm

= 1.5 mm, and length 10 mm and has solution

_ a7 dp (A.5)



At the inlet a total fluid flux of @ = 6 mm?/s is imposed with parabolic inlet
flow profile in the normal direction. A reference pressure of 0 Pa is imposed on
the outlet. No-slip conditions are imposed at all other walls.

The Poiseuille solution establishes that the pressure field is constant across
the cross section of the tube, but to negate the effect of numerical fluctuations,
the average pressure over the tube cross section is extracted. To establish agree-
ment with the analytic Poiseuille solution the relative percentage error (RPE) is

calculated as
100 (ZL'CFD - xanalytiC) (A6)

Lanalytic
where here zcpp and Tanaytic are the (constant) pressure gradient along the tube
as evaluated, respectively, by the CFD model and analytic solution.

Figure A.4 shows the RPE for a) 3D and b) 2D mesh styles. Different mesh
styles are analysed (colours), at characteristic mesh lengths between 0.05 mm
and 0.2 mm (z-axis). Depending on the style of the mesh, the same characteris-
tic length leads to different numbers of mesh elements. RPE of less than 1% is
considered acceptable (blue shaded region). Figure A.4 a) shows results for the
3D study. Both unstructured meshes styles have relative percentage errors above
15 %, and the structured tetrahedral mesh has errors above 1 % which is not
acceptable. The structured hexahedral mesh has good agreement with the ana-
lytic solution for meshes with over 100,000 elements, as expected. The cylindrical
domain is a sufficiently simple geometry to admit a regular mesh which is not the
case in the more complex geometry of the hydrocephalus scenario so this is not a
useful mesh style despite the accuracy. The polyhedral mesh style has excellent
accuracy even for very small numbers of mesh elements, and is flexible enough
to capture the complex hydrocephalus geometry. The polyhedral mesh has far
less elements for the same characteristic mesh size as it is created by merging
multiple neighbouring tetrahedra. Simulations on this mesh are therefore faster

and more efficient.

A.4.2 Fluid time dependence study

In Section 3.3 the model equations are shown to be time independent, which
motivates the use of static solvers in the computational framework. To show
that dynamic effects are not present in the fluid part of the model, a dynamic

simulation run on a long timescale is shown to give results indistinguishable from
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Figure A.4: Fluid validation study for (a) 3D and (b) 2D domains.
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those of a static solver. The timescale considered in Section A.1 is one day, but
the fluid evolves to equilibrium on a much faster time scale so it is sufficient to
consider a smaller time interval.

The static simpleFoam solver is compared to results from pimpleFoam (one
of openFOAM’s time dependent solver options). A time step of 0.01 s is used
for the time dependent problem, and the initial velocity of the fluid set to O,
and the pressure to 0 everywhere. The problem is run for a total length of 1
s, after which the steady equilibrium has been found. Figure A.5 compares the
results of the simpleFOAM (lower axis, iterations) and pimpleFOAM (top axis,
physical time) solvers. The first 0.4 s of the time dependent solution is shown as
this is sufficient to reach the steady state. The fluid velocity at the outlet of the
catheter is extracted and the average (solid line) and interquartile range (shading)
are plotted. This region is chosen as it has the highest velocities and so will take
the longest to reach equilibrium. The solvers show good agreement between the
equilibrium solutions after the initial period of fluctuation. An additional benefit
of static solvers is a generally faster runtime: in this study simpleFoam took 14

minutes to run on one core of an i7 laptop while pimpleFoam took 2 hours.

Time (s}sfor dzynamic solver
0.00 0.05 0.10 0.15 0.Z0 0.25 0.30 0.35 0.40

8

~

U O

1.

Average outlet velocity (mmy/s)

4
3 \/
2 .
—— SimpleFOAM
1 —— PimpleFOAM
0 5 10 15 20 25 30

Iteration for static solver

Figure A.5: Comparison of fluid evolution with a static (lower axis) and dynamic
(upper axis) solver.
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A.4.3 Solid validation

To validate the static solver used by MuPhiSim a benchmark study is performed
on a cylindrical cavity embedded in an infinite elastic material. The cavity has
length 10 mm and radius 1 mm. The geometry of this problem is shown in
Figure A.6, with the infinite area modelled as a cube with side length 50 mm.

The solid deformation is driven by a constant internal pressure py.

A 00 Internal

. 7
. p pressure pg
50 mm @ L,
7
mm

Amm

Figure A.6: Geometry of the solid validation study.

50 mm

A linear elastic constitutive model is used which permits analytic solutions,
testing the accuracy as well as the convergence of the solver. A Young’s modulus
of £ = 50 Pa and Poisson’s ratio of v = 0.3 are used. A pressure py = 5 Pa is
imposed on the interior of the cavity and a zero displacement condition imposed
on the “infinite” boundaries. In 3D, the geometry has boundaries on the end faces.
Here, zero tangential stress and zero normal displacement are imposed. In 2D, a
cross section of the geometry is modelled and an additional assumption of plane
strain is used. These modelling choices mean that the 2D and 3D models lead to
the same solution, which in 3D is independent of the z coordinate. MuPhiSim is
used to find the equilibrium configuration of the problem.

This problem has an analytical solution. The cavity is modelled as a hollow
cylinder with radius @ = 1 mm. Cylindrical polar coordinates are used with the z
axis oriented with the centreline of the cylinder. The problem is axisymmetric and
independent of z which motivates an axisymmetric deformation field w = u(r)e,,

and stress fields independent of z.
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The equation for the equilibrium deformation of the solid is

do, o0, — o0y

=0 AT
dr r (A7)

where o, is the radial component of the stress tensor, and oy is the circumferential
component. For a linear elastic constitutive model, the relation between the stress

tensor and the deformation field is

oy = b ) <<1 LI ﬂ) (A3)

(1+v)(1—2v dr T
E u du
09 = (1—|—I/)(1—2]/) <(1—I/);+V%> . (Ag)

This gives a governing equation with corresponding boundary condition of
d (du wu
—|—+-]=0 A.10
dr (dr * r) ( )
o,=0 as r—o00, 0, =—-py at r=a (A.11)

where pg is the constant interior pressure. This system gives a solution

2
poa”(1+v)
=0 7 A.12
u(r) = 2 (A.12)
The displacement at r = a is then
1
u(a) = W 013 (A.13)

in both the 2D and 3D formulations.

Figure A.7 shows the relative percentage error of the solid solver compared
to the analytical solution for the 3D (lower axis) and 2D (upper axis) formula-
tions. The relative percentage error is defined as in Equation (A.6), for u(a).
Only tetrahedral meshes are tested as these are the most configurable. Relative
percentage errors of 1% (blue shading) are acceptable, and are achieved in both

dimensions when the characteristic mesh size is less than 0.15 mm.

A.4.4 Solid time dependence study

As with the fluid part, a time dependence study is performed for the solid part.
The implicit dynamic and implicit static solvers available in MuPhiSim are com-

pared.
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Figure A.7: Solid validation study for the 3D (lower axis) and 2D (upper axis)
domains.

In the FSI codebase, the stress boundary condition is imposed as a linear ramp
from 0 to allow the deformation of the ChP to evolve in a numerically stable way.
Figure A.8 shows the comparison between static and dynamic implementations.
In Figure A.8 a) the stress is imposed over a time of 5 s, and in Figure A.8 the
stress is imposed over a time of 100 s. In all cases 1000 sub-iterations are used,
which in the dynamic solvers should be interpreted as a time step (of 5-107*
s in Figure A.8 a), and 0.1 s in Figure A.8 b)), and in the static solver is non-
physical. In both subfigures, the static curve is the same, a straight line, as the
solver is independent of the time parameters. In Figure A.8 a) the expected
dynamic oscillations can be seen, whereas in Figure A.8 b) the amplitude of the
oscillations is minimal as timescale of 100 s is suitably long compared to the
natural timescale of elastic oscillations. 100 s is short compared with a day, the
timescale of interest, meaning the static solver is sufficient for this problem. As
seen in the fluid simulations, the dynamic solver is more time consuming than
the static solver.

Figure A.8 b) shows the dynamic and static implementations are interchange-
able with a sufficiently long time scale of 100 s as the deformation profile is

indistinguishable.
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Figure A.8: A comparison of solid deformation using static and dynamic solvers.
A simulation time of (a) 5 s and (b) 100 s is used.

A.4.5 FSI validation

The FSI model was validated against a standard benchmark in the literature [220,
221] to ensure model accuracy. This benchmark considers a 2D fluid channel, rigid
except for one section of the top wall which is modelled as a deformable solid. The
wall has thickness 0.1 cm with a pressure external to the channel of 1.755 Pa. The
fluid flow is driven by a parabolic velocity profile on the left boundary with average
velocity of 3 cm/s. The geometry of the problem is shown in Figure A.9. Material
parameters are taken from Ref. [221], page 113: py = 1 g/cm®, py = 1 mPa
s. In Ref. [221] the solid is modelled with a compressible St Venant-Kirchhoff
hyperelastic model in plane strain with Young’s Modulus 35.9 kPa and Poisson’s
ratio 0.45. A 2D FSI model and a 3D counterpart for a rectangular channel with
depth 1 cm are developed for comparison against these results. To ensure that
the 3D interpretation replicates the 2D system, additional constraints of zero
out-of-plane displacement for the solid, and planar flow with no z-dependence for
the fluid, are enforced on the system.

The equilibrium displacement of the FSI interface in this system is found and
compared with values extracted from Ref. [221]. Figure A.9 b) shows excellent
agreement with the benchmark.

This concludes the model validation, with both the fluid and solid solvers
separately validated against analytic problems, and both shown to be time inde-
pendent. The FSI code as a whole was then validated against a problem from

the literature, and excellent agreement seen.
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Figure A.9: (a) Geometry of the FSI benchmark problem, with the deformable
solid shown in red, for 2D (upper) and 3D (lower). The driving velocity is in-
dicated on the left boundary. All other fluid boundaries have a no-slip fluid
condition imposed and all solid boundaries have zero displacement. (b) Compar-

ison of equilibrium boundary position between the FSI model and results given
in Ref. [221].

A.5 Model parameters sensitivity study

When building the 3D FSI model, physical parameters were taken from the liter-
ature to best replicate the biological scenario. However, in many cases, there was
significant uncertainty in the value of the parameter either due to measurement
error, inter-patient variability, or a lack of existing research. In particular, the
dimensions and shape of the ventricle and ChP and the Young’s modulus of the
ChP were taken from large ranges of values. To ensure the model is not sensi-
tive to these specific choices of parameter value, a parameter sensitivity study is
performed. Each parameter is varied by 20% of its value (i.e., for a parameter
with value p, values of 0.8p and 1.2p are tested). This considers a large degree of
variation in each parameter while ensuring that the geometry remains physically
coherent. Adjusting parameter values will change the results of the simulation,
however it is only important that the adjusted model provides the same ranking
of catheter designs. As the aim of the model is to compare catheter designs, it
therefore is sufficient to use a single choice of parameter value going forward.
Table A.1 summarises the model parameters investigated in this parameter

sensitivity study and gives the parameter values used. For each test, only one
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parameter is varied and all others are held constant at the base value. For compu-
tational efficiency, the 2D FSI model is used to investigate the effects of changing
the parameter value. Six of the seven parameters under investigation are char-
acteristic lengths of the domain. The last parameter is the Young’s Modulus
of the ChP. As this is a parameter expected to have a significant effect on the

deformation of the ChP a larger range of values are tested.

Table A.1: Model parameters.

Parameter Base value | Lower value | Upper value
Domain width 8 mm 6.4 mm 9.6 mm
Domain height 6 mm 4.8 mm 7.2 mm

ChP width 0.2 mm 0.16 mm 0.24 mm

ChP height 3.5 mm 2.8 mm 4.2 mm

Catheter to ChP 2 mm 1.6 mm 2.4 mm

horizontal distance

Catheter to ChP 2.5 mm 2 mm 3 mm

vertical distance

ChP Young’s modulus 50 Pa 30 Pa 150 Pa

In each study three different catheter designs are simulated in the FSI model.
The three catheter designs are shown in Figure A.10 a), b) and c). In Figure
A.11, design a) corresponds to blue results, design b) to orange, and design c)
to green. The results of the parameter study are shown in Figure A.11 a) and
b). Each subplot shows the effect of varying one design parameter by 20% of
its base value. For each combination of parameter values the model successfully
and consistently discriminates between the three catheter designs tested: green

is always ranked best, followed by orange, then blue.
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Figure A.10: (a), (b), (c) Catheter designs used in parameter variation study.
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Appendix B

This chapter contains further results on the reduced-order models (ROMs) pre-
sented in Chapters 4 and 5, which are separately presented in Ref. [50] and
(shortly) in Ref. [190]. The first section directly compares the maximum equi-
librium ChP displacement for the 2D and 3D FSI models. The second section
contains further detail on the formation of the expression for permeability used
in Section 5.2.

B.1 Reconciling 2D and 3D FSI models

To quantify the agreement between the 3D and 2D FSI models, the maximum
equilibrium ChP deformation for a range of hole sizes is compared. For this
study, a 3D catheter design with ten rows of four holes of variable radius posi-
tioned symmetrically around the catheter circumference is used. This inlet hole
placement corresponds to the 3D design shown in Figure 2.2 b), and here the
constant radius of the inlet holes is allowed to vary. This geometry interpreted
in 2D is shown in Figure 4.5.

To directly compare the models, a measure of hole proportion is introduced,
defined as the proportion of catheter surface that is hole. In 3D the catheter
surface means only the cylindrical walls, and not the circular faces on each end.
In 2D, the hole proportion takes a simple expression of arctan(r/r,)/45° where
r is the radius (of the conical base) of an inlet hole (see Figure 3.2), r, is the
exterior radius of the catheter (r, = 1.25 mm here). In 3D, a closed analytical
expression is not available and so the hole proportion is extracted from surface
area calculations in ParaView.

In both models, the maximum equilibrium displacement of the ChP occurs
along the top of the ChP (see examples in Figures 4.2, 4.5). In 2D, the x compo-
nent of displacement is extracted from the top of the ChP. To reconcile the extra
dimension of the 3D model, a line average of the z component of the displacement
field, extracted from the top line of the ChP, is used: = ( fnne u- e, ds) /L. The
computational speed of the 2D model is leveraged to extract displacement data
for values of @ between 0° and 90° (appreciating the four-fold rotational sym-
metry of the design) to give a range of displacements for each hole proportion.
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Displacements in the 2D model of 0.71 mm indicate a collision between ChP and
catheter.

©
]

2D maximum displacement, range over a
3D with a=10", displacement line average

ChP displacement (mm)
© o © © o
N w D ul (o)}

©
[y

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Hole proportion

Figure B.1: ChP displacement against hole proportion, 2D: blue shading, 3D:
orange markers. Image reproduced from Ref. [50] under a Creative Commons
Attribution 4.0 International License (CC BY 4.0 [32]).

Figure B.1 shows that the line average of the 3D FSI is contained within the
range of 2D FSI model displacements for each hole proportion. This is qualita-
tively acceptable, and lends confidence to the use of the 2D FSI as a ROM for
the 3D FSI, despite the 3D model containing more detail than the cross-section.

B.2 Adjusted permeability expression

This section provides further exploration and results for the permeable wall ROM
introduced in Section 5.2, with particular focus on the factor of 7, /2 used in the
heuristic adjustment to the permeability factor in Equation (5.19). Equation
(5.18) is referred to as the initial permeability factor and Equation (5.19) is the
adjusted permeability factor. The results presented here will be published in
Ref. [190].

To assess the agreement of the ROM to the full model, and the effect of using
the adjusted versus initial permeability expression, a sweep over a range of inlet
hole designs and geometries is performed. To isolate the effect of the permeability
factor, the “full model” used in this analysis is defined by Equations (5.2) — (5.4),
with the geometry shown in Figure 5.4 a). This model is fluid-only, resolving
only the flow within the catheter, and neglecting the ventricular domain and
fluid—structure interaction effects associated with the Choroid Plexus. Fluid ex-
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ternal to the catheter is modelled as being at a spatially constant value py in
both the full model and ROM. The full model is solved using the simpleFOAM
solver and the ROM is solved using standard integration functions from the scipy
package.

For this hole geometry sweep, all inlet holes are modelled as cylindrical with
circular cross-sections. This differs from the ventricular catheter designs consid-
ered in all earlier parts of this thesis, which use conical inlet holes, in line with
physical examples. The choice of circular inlet holes in this section is chosen to
better align the full model with the assumptions of the ROM.

Each tested geometry has a constant hole radius and a regular hole arrange-
ment. As a result, three design parameters define the geometry. The non-
dimensional hole radius satisfies r;, € [0.1,0.5], spanning values observed in ex-
isting catheter examples. Holes are arranged in n, € {1,...,5} circumferential
rows, with n, € {1,...,20} holes per row. The parameter n. controls the circum-
ferential distribution of holes, while n, controls their axial distribution. Rows are
placed uniformly around the catheter circumference, and holes within each row
are distributed uniformly along the catheter axis.

The full model and ROM are solved for all combinations of n,, n., and rj,, with
ry, sampled at nine equally spaced values. For the case n. =5 and 7, = 0.5, inlet
holes overlap circumferentially and the corresponding geometries are therefore
excluded from the analysis.

Model accuracy for each geometry is quantified using the relative percentage
error (RPE) metric defined in Equation (5.20). Figure B.2 b) shows the RPE
between the ROM and full model for each catheter design using the initial per-
meability factor. Figure B.2 b) shows the RPE for the same geometries with
adjusted form of the permeability factor with the additional heuristic of 7, /2.

Figure B.2 b) has RPE ranging between 0% (excellent agreement) and -20%.
There is a significant trend that increasing the hole radius rj, leads to larger
discrepancies, as does increasing the number of axial hole rings n,, arguably be-
cause error in the permeability accumulates across a larger number of permeable
regions, amplifying discrepancies in axial flux and pressure. In contrast, varying
the number of circumferential hole rows n. has little effect on RPE, suggesting
that non-axisymmetric effects are negligible and that the catheter flow is well
approximated as axisymmetric.

The adjusted permeability factor used in Figure B.2 ¢) gives a much better
agreement between the ROM and full model, with the RPE now bounded by —6%
in all cases, a three-fold reduction in error compared to the unadjusted Figure
B.2 b). There is still some dependence between RPE and parameters controlling
the catheter inlet hole geometry: low 7, and n, still correlate to better RPE,
showing the adjustment to the permeability measure does not completely cap-
ture the complex flow near the inlet holes. It is likely that the model could be
further improved by incorporating either dependence on the n, and n. parame-
ters. However, each extra complexity added to the model needs to be quantified,
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Figure B.2: (a) Example catheter geometry used in this sweep of inlet hole con-
figurations, this example with 7, = 0.2, n. = 4 and n, = 10. (b) and (c) RPE
for each catheter design using, respectively, the initial and adjusted permeability
factors. Different subplots: different n., r, rows and n, columns. Yellow shows
good agreement between the full and reduced models and dark colours show poor
agreements. Note the different scale ofytige different subfigures. The largest hole
radius r, = 0.5 mm is excluded from the plot with n. = 5, as these designs have
overlapping holes.



either requiring detailed mathematical treatment of higher order effects, or a
large quantity of data for calibration and parameter fitting. The factor of rj,/2
is therefore considered a simple adjustment that has mitigated the largest source
of error, and is sufficient in this ROM.

B.3 Permeable model visualisation parameters

This section lists the design parameters of the catheters used for example visual-
isations in Chapter 5. The catheter designs presented in Chapter 5 are parame-
terised with three variables for each inlet hole, as described in Section 5.1. The
following three tables give the parameter used by the catheter shown in Figure
5.6. The catheter design of Table B.2 is also used in the visualisation of Figure
5.9.
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Table B.1: Design parameters for Figure 5.6 a)

Hole radius | z position 10} Hole radius | z position [0)
rm) | (mm) | () rm) | () | ()
0.553 6.139 197.602 0.552 9.511 314.777
0.544 23.329 193.0 0.529 9.218 9.475
0.522 22.346 60.054 0.516 26.389 158.221
0.511 22.018 | 342.344 0.496 20.392 192.584
0.493 14.656 70.723 0.492 15.91 290.896
0.477 18.923 132.991 0.476 8.595 110.875
0.455 22.595 | 330.829 0.455 5.401 128.026
0.452 16.888 | 286.047 0.452 2.873 86.953
0.425 21.592 47.129 0.403 25.332 193.765
0.403 1.596 115.464 0.386 10.521 46.091
0.367 26.379 | 295.967 0.357 8.593 240.931
0.344 27.41 96.792 0.326 6.235 292.711
0.319 15.729 140.292 0.314 2.727 355.679
0.302 16.065 13.361 0.237 21.096 125.578
0.213 23.509 148.591 0.195 13.434 | 332.128
0.179 13.068 162.748 0.176 16.812 | 327.972
0.174 24.934 | 213.029 0.158 4.219 263.644
0.154 10.005 125.715 0.147 14.672 173.397
0.146 12.133 213.64 0.127 2.947 65.795
0.126 24.536 | 216.17%]10 0.104 28.103 57.869




Table B.2: Design parameters for Figure 5.6 c)

Hole radius (mm) | z position (mm) | ¢ (°)
0.445 16.674 159.396
0.423 9.066 185.092
0.348 6.631 67.264
0.347 1.188 254.235
0.286 5.629 286.16
0.239 4.369 204.183
0.166 5.599 87.68
0.116 11.248 302.956
0.111 19.327 320.071

0.1 25.879 100.104
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Table B.3: Design parameters for Figure 5.6 e)

Hole radius | z position 10} Hole radius | z position [0)
rm) | (mm) | () m) | (mm) | ()
0.567 15.0 270.69 0.561 20.0 311.96
0.551 10.0 277.817 0.535 25.0 152.22
0.521 15.0 261.801 0.52 15.0 274.331
0.466 15.0 4.353 0.455 10.0 164.678
0.443 25.0 22.399 0.436 15.0 94.207
0.423 15.0 86.476 0.421 10.0 0.964
0.416 25.0 93.089 0.406 25.0 166.212
0.402 15.0 26.45 0.371 20.0 258.543
0.335 20.0 214.879 0.316 5.0 266.911

0.3 20.0 160.274 0.252 15.0 326.741
0.248 25.0 333.96 0.214 15.0 139.703
0.205 20.0 93.303 0.203 10.0 119.263
0.188 5.0 35.588 0.18 15.0 353.887
0.18 15.0 118.179 0.169 15.0 346.042
0.126 25.0 259.322 0.106 15.0 17.96
0.077 25.0 112.962 0.072 5.0 156.747
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Appendix C

This chapter of the appendix gives further detail on the development of the ma-
chine learning layer used in the surrogate fitness function, with further accuracy
metrics and the hyperparameters explored during training.

C.1 Hyperparameter optimisation

Tables C.1 and C.2 give a brief summary of each hyperparameter for each ML
model, and the values tested in the gridsearch. The three graph based models:
random forest, gradient boost and XGBoost share several hyperparameters due
to their similar structure.

The values chosen for investigation are taken from a small range around de-
fault values.

C.2 Further accuracy metrics

In this section figures analogous to Figure 6.3 are shown, for the other machine
learning (ML) accuracy metrics discussed in Chapter 5: mean absolute error
(MAE), root mean squared error (RMSE) and Spearman’s correlation coefficient
p. In all cases yellow indicates a good accuracy score, and purple a poor score.
Values of RMSE and MAE are clipped at an upper bound of 1, and Spearman’s
p at a lower bound of 0 to aid visualisation (any model with values outside this
range performs very poorly).

All the metrics identify the same tree-based models as the most promising
for further investigation: the random forest and the gradient boosted regressors.
This is in agreement with the models identified by considering the R? metric in
Section 6.5, which increases confidence in this choice of model as it is robust to
all metrics.
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Table C.1: Hyperparameter optimisation (part one).

ML model Hyperparameter Values tested
Linear regression fit_intercept: Whether to include intercept true, false
positive: Restrict coefficients to be positive false

Ridge alpha: Regularisation strength 0.01, 0.1, 1.0, 10.0,
100.0
fit_intercept: Whether to include intercept true, false
solver: Optimisation algorithm auto, svd, cholesky,
Isqr, sag, saga
Lasso alpha: Regularisation strength le-4, 1le-3, le-2, le-

1, 1.0

fit_intercept: Whether to include intercept

true, false

selection: Coordinate descent update order

cyclic, random

Decision tree

max_depth: Maximum depth of tree

none, 2, 3, 5, 7, 10

min samples_split: Minimum samples to split node

2,95, 10

min samples_leaf: Minimum samples at each leaf

1,2, 4,8

max_features: Features considered at each split

none, sqrt, log2

splitter: Split selection strategy

best, random

Ipport vector regressor

C': Regularisation strength

0.1,0.5, 1

~: Influence of individual samples

le-5, le-4, 0.001

e: Width of the no-penalty region 0.1, 0.3, 0.5
Random forest n_estimators: Number of trees 100, 200, 300
max_depth: Maximum depth of trees 2,3,5
max_features: Features &fisidered at each split sqrt, log2
min samples_split: Minimum samples to split node | 2, 3, 5
min samples_leaf: Minimum samples at each leaf | 1, 2, 4




Table C.2: Hyperparameter optimisation (part two).

ML model Hyperparameter Values tested
Gradient boost n_estimators: Number of trees 100, 200, 300
learning rate: Contribution of each tree 0.05, 0.1, 0.15
max_depth: Maximum depth of trees 2,3, 5
subsample: Fraction of samples per tree 0.8,0.9, 1.0
min samples_leaf: Minimum samples at each leaf | 1, 2, 4
XGBoost n_estimators: Number of trees 100, 200, 300
learning rate: Contribution of each tree 0.05, 0.1, 0.15
max_depth: Maximum depth of trees 2,3,5
subsample: Fraction of samples per tree 0.8,0.9, 1.0
colsample bytree: Fraction of features per tree 0.8,0.9, 1.0
MLP hidden layer sizes: Number/size of hidden layers | (50,), (100,),
(100,50), (50,50,50)
activation: Hidden layer activation function relu, tanh
solver: Optimisation algorithm adam, Ibfgs

alpha: Regularisation strength

le-5, le-4, le-3, 1le-2

learning rate: Learning rate schedule

constant, adaptive

learning rate_init: Initial learning rate

le-3, 1le-2

early_stopping: Use validation to stop training

True, False
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Figure C.1: Average MAE score for each ML model applied to each dataset,
without (a), and with (b) PCA preprocessing.
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Figure C.2: Average RMSE score for each ML model applied to each dataset,
without (a), and with (b) PCA preprocessing.
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Figure C.3: Average Spearman’s p score for each ML model applied to each
dataset, without (a), and with (b) PCA preprocessing.
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Appendix D

This appendix lists the design parameters of the optimised catheter designs, which
are then explored in the full 3D fluid-structure interaction model in Chapter 7.

D.1 Optimised design parameters

The tables in the section give the design parameters for catheters identified as
optimal in the optimisation work of Chapter 7, which are visualised in Figures
7.4, 7.7 and 7.10. As described in Section 7.1.2, each circumferential ring of inlet
holes is described by four parameters.

Table D.1: Design shown in Figure 7.4 a).

Row number i | Radius r; | Number | Pitch length | Offset ¢,
of holes n; zPos;
Row 1 0.235 mm 6 2.31 mm 219.3°
Row 2 0.411 mm 6 0.765 mm 214.6°
Row 3 0.345 mm 4 1.173 mm 169.7°
Row 4 0.148 mm 3 1.1768 mm 103.7°
Row 5 0.216 mm 8 4.298 mm 147.8°
Row 6 0.269 mm 9 0.549 mm 140.3°
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Table D.2: Design shown in Figure 7.4 b).

Row number i | Radius r; | Number | Pitch length | Offset ¢,
of holes n; zPos;
Row 1 0.22 mm 10 2.860 mm 158.7°
Row 2 0.135 mm 4 0.796 mm 163.4°
Row 3 0.149 mm ) 1.110 mm 89.7°
Row 4 0.105 mm 3 1.499 mm 114.6°
Row 5 0.126 mm 2 4.973 mm 152.6°
Row 6 0.226 mm 9 1.135 mm 291.5°
Table D.3: Design shown in Figure 7.4 c).
Row number i | Radius r; | Number | Pitch length | Offset ¢,
of holes n; zPos;
Row 1 0.119 mm 10 2.860 mm 66.8°
Row 2 0.381 mm 9 0.796 mm 326.1°
Row 3 0.119 mm 9 1.110 mm 28.0°
Row 4 0 mm 0 1.499 mm 276.6°
Row 5 0.25 mm 7 4.973 mm 230.6°
Row 6 0.427 mm 5 1.135 mm 337.2°
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Table D.4: Design shown in Figure 7.7 a).

Row number ¢ | Radius r; | Number | Pitch length | Offset ¢;
of holes n; zPos;
Row 1 0.47 mm 4 1.187 mm 0°
Row 2 0.485 mm 4 0.854 mm 0°
Row 3 0.231 mm 4 3.228 mm 0°
Row 4 0.146 mm 4 1.193 mm 0°
Row 5 0.365 mm 4 3.543 mm 0°
Row 6 0.443 mm 4 0.356 mm 0°
Table D.5: Design shown in Figure 7.7 b).
Row number i | Radius ;| Number | Pitch length | Offset ¢,
of holes n; zPos;
Row 1 0.41 mm 4 0.858 mm 0°
Row 2 0.494 mm 4 1.646 mm 0°
Row 3 0.248 mm 4 3.228 mm 0°
Row 4 0.132 mm 4 0.627 mm 0°
Row 5 0.456 mm 4 3.231 mm 0°
Row 6 0.278 mm 4 0.787 mm 0°
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Table D.6: Design shown in Figure 7.10 a).

Row number i | Radius r; | Number | Pitch length | Offset ¢;
of holes n; zPos;
Row 1 0.4 mm 6 0.341 mm 254.3°
Row 2 0.205 mm 4 0.697 mm 3.5°
Row 3 0.194 mm 0 3.929 mm 260.5°
Row 4 0 mm 3 2.14 mm 0.2°
Row 5 0.255 mm 0 0.643 mm 332.7°
Row 6 0.247 mm 10 3.883 mm 358.1°
Table D.7: Design shown in Figure 7.10 b).
Row number i | Radius r; | Number | Pitch length | Offset ¢,
of holes n; zPos;
Row 1 0.365 mm ) 0.496 mm 9.733°
Row 2 0 mm 2 1.692 mm 35.487°
Row 3 0 mm 2 5.047 mm 48.386°
Row 4 0.128 mm 7 0.95 mm 61.835°
Row 5 0 mm 8 2.006 mm 141.903°
Row 6 0.281 mm 9 2.136 mm 56.236°
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