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For many modern design problems, e.g., in clinical de-
vice design, evaluating designs prior to experimental test-
ing typically requires high-fidelity multi-physics models
that may involve fluid—structure interaction (FSI), mul-
tiple spatial and temporal scales, and dependencies on
open systems. Such simulations can take hours or days
making them impractical for incorporation into computa-
tional optimisation protocols. Surrogate models that pro-
vide rapid assessments are therefore essential.

Traditional data-driven surrogates are fast but offer
limited interpretability, while reduced-order models cap-
ture physical mechanisms but depend on simplifying as-
sumptions and prior knowledge. Mechanistic learning
(MxL) addresses these limitations by combining machine
learning with reduced-order modelling to create a surro-
gate that retains mechanistic insight while achieving high
computational efficiency.

Here, we propose to integrate MxL based surrogates
into a computational optimisation protocol. We showcase
this methodology in the design of hydrocephalus shunt
systems. Starting from a 3D finite element FSI model,
we motivate the use of a fast surrogate model in which
fluid stresses on the FSI boundary are combined with
ML techniques to predict solid deformation. The result-
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ing MxL surrogate is integrated into a hybrid optimisa-
tion algorithm, reducing evaluation time from 3 days to
10 minutes and enabling tractable optimisation of a high-
dimensional design space. The resulting designs are ul-
timately tested in the full FSI model to confirm their im-
proved efficacy. This methodology is applicable to engi-
neering design problems characterised by computation-
ally expensive multi-physics models, particularly those
involving dominant FSI effects.

Key words.  Computational optimisation, fluid-
structure interaction, mechanistic learning, medical de-
vice design, multi-physics design, surrogate-aided opti-
misation.

1 INTRODUCTION

Design optimisation is central to many areas of engi-
neering and increasingly supported by high-fidelity com-
putational modelling for maximised time and cost effi-
ciency [1, 2]. These models can naturally be coupled with
automated search procedures, allowing candidate designs
to be generated algorithmically under user-defined con-
straints [3, 4, 5, 6]. Such methods reduce reliance on iter-
ative experimentation and enable systematic exploration
of high-dimensional design spaces [7].

The potentially quixotic complexity of design opti-
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misation is best epitomised in the context medical device
development, where computational models are used by
designers to evaluate performance prior to particularly ex-
pensive and lengthy experimental or clinical testing, of-
ten further conditioned by ethics and trial considerations
[8, 9]. In these applications, device performance often
depends on complex multi-physics interactions between
fluids and compliant evolving biological tissues. Fluid—
structure interaction (FSI) models are therefore required
to capture the governing mechanisms [10, 11]. These
models typically use the finite element and finite vol-
ume methods to solve complex 3D geometries. While
FSI models provide mechanistically rich evaluation of
a device’s performance, their computational cost makes
them impractical for direct use in an optimisation re-
quiring hundreds or thousands of candidate evaluations
[12, 13, 14]. This thus motivates surrogate-aided optimi-
sation strategies, in which a computationally inexpensive
approximation replaces the high-fidelity model within the
search procedure [15, 16].

In this paper, we propose to replace high-fidelity
multi-physics simulations—particularly those involving
FSI and multiscale interactions [10, 11, 17, 18, 19]—with
a reduced-order model (ROM) preserving the key mech-
anistic drivers of deformation, in turn wrapped in a ma-
chine learning (ML) mapping trained on data generated
from the full FSI model. This augmentation of mechanis-
tic models with data-driven techniques is often referred to
as mechanistic learning (MxL) [20, 21, 22, 23]. We note
that this approach is distinct from physics-informed learn-
ing methods [24], as mechanistic knowledge is embedded
structurally through the ROM rather than imposed within
the loss function of the ML layer.

The clinical application chosen to highlight this ap-
proach is ventricular catheter design in hydrocephalus
shunt systems. Hydrocephalus is characterised by ex-
cess cerebrospinal fluid (CSF) within the ventricles of the
brain [25]. Treatment typically involves implantation of
a shunt system that diverts CSF from the ventricles to the
abdomen [26]. A major failure mechanism arises when
the choroid plexus (ChP) tissue, which produces CSF and
is attached to the ventricular wall, is drawn into the in-
let holes of the catheter and occludes it. This complica-
tion occurs in over 50% of shunt systems [27]. Figure 1
illustrates the biological setting and an example ventric-
ular catheter geometry. Previous computational studies
modelled CSF flow through catheters using fluid-only ap-
proaches [28, 29, 30, 31, 32]. These studies employed
flow-based metrics, such as inflow uniformity, as proxies
for ChP deformation. In contrast, we previously intro-
duced a 3D FSI model of the ventricle-catheter—ChP sys-
tem [33], which demonstrated that several designs pro-

posed in fluid-only studies could potentially be outper-
formed by a novel design identified through a 2D FSI pa-
rameter sweep. This work suggested that fluid-only met-
rics are not reliably correlated with ChP deformation, and
that FSI effects are central to accurately assessing occlu-
sion risk.
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Figure 1: Figures reproduced with permission from Ref. [33]
showing: a) biological domain of the shunt system (blue, lateral
ventricle; red, ChP tissue; grey, shunt system); b) visualisation
of an example ventricular catheter, showing the 30 mm closest
to the closed tip.

The ROM employed here consists of a fluid-only
simulation of the ventricle—catheter—ChP system with
rigid boundaries, from which the fluid stress field on the
ChP surface is extracted. This stress field on the FSI in-
terface is the primary mechanical driver of ChP deforma-
tion. An ML layer then learns the relationship between
this stress field and the maximum equilibrium ChP de-
formation predicted by the full FSI model. The result-
ing surrogate is sufficiently fast for use within an opti-
misation loop, though less accurate than the full model.
The ROM is then coupled with the computational opti-
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misation protocol proposed in Ref. [7] to systematically
identify promising catheter designs beyond those previ-
ously considered. Here, an improved design is defined
as one that reduces the likelihood of ChP occlusion by
minimising the maximum equilibrium deformation of the
ChP induced by CSF flow. This target is adopted from
Ref. [33] and captures the potential for blockage of the
catheter by the ChP tissue (the primary cause of post-
operative catheter blockage). We consider designs with
precisely four inlet holes per circumferential ring, con-
sistent with previous catheter designs, as well as designs
with a variable number of holes. With further knowledge
of manufacturing constraints, additional terms could be
incorporated into the fitness function to reflect practical
considerations, such as limiting the total number of holes.
Promising designs identified by the surrogate-aided opti-
misation are subsequently evaluated in the full FSI model
to determine their true fitness and are shown to consis-
tently outperform existing designs from Refs. [33, 32].

In addition to advancing knowledge in hydro-
cephalus catheter design, this work establishes a flexible
and generalisable optimisation framework applicable to
multi-physics design problems where high-fidelity simu-
lations are too computationally expensive for direct use
in iterative search. By combining a reduced fluid-only
model that captures stresses on the FSI interface with an
ML layer trained to predict the resulting structural re-
sponse, the methodology exploits the governing physics
of interface-driven deformation while maintaining com-
putational tractability. The resulting surrogate model en-
ables optimisation in settings where repeated full-model
evaluations are prohibitive. Additionally, we show that
embedding mechanistic structure via ROMs improves
predictive robustness relative to purely data-driven sur-
rogates. We note, however, that, while this optimisation
methodology successfully decreases the number of de-
signs passed to expensive evaluation in the full model,
it does not remove the requirement for experimental val-
idation since both the surrogate and the full FSI model
remain idealised representations of the physiological sys-
tem.

Figure 2 summarises the surrogate-aided optimisa-
tion methodology presented in this work.

2 MATERIALS AND METHODS
2.1 Problem statement

The optimisation problem addressed in this paper is
to identify the catheter geometry that minimises the max-
imum equilibrium deformation of the ChP. Letd € Q2 C
RP denote the vector of geometric parameters defining a
catheter design (often referred to as the genotype [34]).

The number of parameters needed to describe a design
is p, which is consequently the dimension of the search
space. The admissible design space 2 imposes geometric
and manufacturing constraints to ensure that all candidate
designs are physically realisable. The precise physical in-
terpretation of d used here and its mapping to a physical
catheter geometry are described in Section 2.4.2.

As demonstrated in Ref. [33], the orientation of the
catheter relative to the ChP significantly influences the
resulting deformation. Since catheter orientation is not
prescribed during surgery, performance must be assessed
over all possible orientations. We therefore introduce a
rotation angle a € [0°,360°), measured from the hori-
zontal as defined in Figure 3, to parameterise the relative
orientation between the catheter and the ChP.

The maximum equilibrium deformation of the ChP
D(d,«) thus depends on both design and orienta-
tion. The clinically relevant performance metric is
the worst-case deformation over all orientations,i.e.,
max,efoe,3600) 12(d, @), and the optimisation problem is
therefore formulated as

D(d,a)) . (1

d* = argmin max
deQ a€[0°,360°)

Because direct evaluation of D(d,«) requires re-
peated full FSI simulations, we introduce a surrogate ap-
proximation D(d, ) constructed using the MxL frame-
work described below. The optimisation is performed us-
ing the surrogate objective

d = argmi D(d,a) ). 2

Since D is an approximation of D, there is no guar-
antee that d* = d . Instead, the surrogate-aided optimi-
sation identifies candidate designs that are subsequently
evaluated using the full FSI model to determine their true
performance. The predictive accuracy of D depends on
the quality and representativeness of the training data, and
its uncertainty is quantified during surrogate validation.

The optimisation problem above is solved using a
surrogate-aided optimisation pipeline, illustrated in Fig-
ure 2. The framework comprises three components: 1) the
full 3D FSI model, which defines the true fitness func-
tion and supplies training data; ii) a MxL surrogate that
approximates this fitness by combining a ROM with an
ML layer; and iii) an optimisation algorithm that searches
the design space using the surrogate objective. The full
model is not used directly within the optimisation loop,
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Figure 2: Schematic of the surrogate-aided optimisation methodology presented in this work.

but is employed to construct the surrogate and to evaluate
the final candidate designs.

2.2 Optimisation algorithm

The optimisation framework used in this work is the
softFEM methodology previously introduced by the au-
thors in Refs. [35, 7, 36, 37]. In this framework, a multi-
ple offspring sampling (MOS) method is employed [38].
MOS is a hybrid, self-adaptive, derivative-free strategy
that combines exploitative and exploratory algorithms to
efficiently search high-dimensional design spaces.

Exploitatory algorithms typically include gradient-
based search methods, which refine design parameters by
systematically decreasing the fitness value [39]. Here,
the multi-trajectory search (MTS) method is used, pro-
gressing step by step by varying one parameter at a time
to descend the fitness landscape [40]. Exploratory al-
gorithms, by contrast, investigate solutions across the
search space while incorporating information about lo-
cal structure [41]. In this work, differential evolution-
ary (DE) strategies are employed, in which new candi-
date solutions are generated through mutation, recombi-
nation, and selection [35, 42, 43]. We use an adapta-
tion of the DE method known as success-history based
adaptive DE (SHADE), which allows the parameters con-
trolling mutation and crossover to vary dynamically and
stores historical parameter values to guide future updates
[44, 45]. By dynamically balancing MTS and SHADE,
MOS efficiently searches the space of design parameters,
identifying promising regions while maintaining diver-
sity. Full details of the MOS implementation are provided
in Ref. [36, 37].

The optimisation is implemented using the python-
bound PyMOS package [46]. The MOS protocol is ini-
tialised with a fixed budget of 1,000 surrogate fitness eval-

uations and a population size of 15, consistent with pre-
vious work [46]. The stopping criterion is the exhaus-
tion of the evaluation budget. The total budget is split
equally between the two component algorithms, MTS and
SHADE. SHADE is initialised using default hyperparam-
eters (history of 100 population members, initial mutation
and crossover rates of 0.5 for all population members,
as described in Ref. [45]). MTS does not require addi-
tional hyperparameter initialisation, as discussed in Ref.
[36, 37].

All optimisations in this study are performed on the
surrogate objective. The full FSI model is not evaluated
within the optimisation loop, but is used subsequently to
assess the true performance of the final candidate designs.

2.3 Full FSI model

The detailed FSI model of the ventri-
cle—catheter—ChP system is described in Ref. [33],
which provides full details of the geometric assump-
tions, material properties, and numerical validation.
Briefly, this model considers an idealised 3D geometry
of the ventricle-catheter-ChP domain and uses finite
element and finite volume methods to solve for the
equilibrium displacement of the ChP and the flow of
CSF, respectively. In this 3D FSI implementation, the
fluid stresses exerted by the CSF on the ChP surface
drive its deformation. The shapes of the ventricle and
ChP are biologically inspired by measurements of infant
ventricles reported in Ref. [48, 49, 50], with dimensions
selected to lie within ranges documented in the clinical
imaging literature. The idealised domain geometry and
key modelling assumptions are presented in Figure 3.

The CSF within the ventricle is modelled as a vis-
cous, Newtonian, incompressible fluid with rheologi-
cal properties analogous to water, with density of 1000
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1 mm
Catheter:
Rigid body. No-slip,
no-flux fluid boundary.

Cerebrospinal fluid:
Viscous, Newtonian,
incompressible fluid.
Density, py: 1000 kg/ms,
Kinematic viscosity, ¢: 0.75 mm?/s.

Ventricle:
Rigid, closed domain.
No-slip, no-flux fluid boundary.

Choroid Plexus:

Deformable, Neo-Hookean solid.
Poisson's ratio, v: 0.45;

Young's modulus, E: 50 Pa.

Figure 3: 3D FSI model geometry and key modelling assumptions. Dark blue: ventricle domain; red: ChP; grey: catheter; light
blue: catheter outlet. The parameter « (the angle between the positive x axis and the first inlet hole) controls the rotation of the
catheter around its centreline relative to the ChP. Image adapted from Ref. [33] with the addition of modelling assumptions in text,
under a Creative Commons Attribution 4.0 International License (CC BY 4.0 [47]).

kg/m~3 and viscosity of 0.75 mm?/s [S1]. The ChP is
modelled as a Neo-Hookean hyperelastic solid, with a
Poisson’s ratio of 0.45 [52] and Young’s Modulus of 50
Pa [33]. This value of Young’s Modulus is chosen from
the large biologically realistic range discussed in the liter-
ature, and was selected to allow for successful discrimina-
tion between catheter designs, as discussed in Ref. [33].
The ChP is rooted to the base of the ventricle and is al-
lowed to slip along the ventricle wall at its end faces.

The catheter and ventricle boundary are both mod-
elled as rigid and impermeable, as their respective
Young’s Moduli are orders of magnitude greater than
the ChP. The assumption of impermeability neglects the
porous nature of brain tissue, assuming the most serious
scenario of hydrocephalus where all the CSF must drain
through the catheter and not through natural outlets [33].
The catheter is positioned to the left of the ChP, with the
parameter « controlling its relative rotation (« is the an-
gle between the positive horizontal and the first inlet hole
anticlockwise, as shown in Figure 3). The full governing
equations and boundary conditions of the 3D FSI model
are given in Ref. [33] and presented in Appendix 5 for
convenience.

This model accounts for the FSI effects between the
CSF and ChP, and uses a weakly-coupled methodology
with static solvers to find the equilibrium state of the
ventricle-catheter-ChP system. As the ChP is addition-
ally the source of CSF into the ventricle system, the ChP

boundary is both the FSI interface and the fluid source,
see Ref. [33] for more details. The model uses gmsh [53]
to mesh the fluid and solid domains, openFOAM [54] to
solve the fluid part using the finite volume method, and
an in-house solver MuPhiSim [55] to solve the solid part
with the finite element method. The coupling between
fluid and solid domains is written in python and in-
cluded as an example in MuPhiSim [55].

In this work the fitness of a catheter design is the
maximum deformation of the ChP in its equilibrium po-
sition. This is a single scalar value which we use to quan-
tify the efficacy of a given catheter design. This value is
extracted from the FSI model using Paraview [56] for
postprocessing.

2.4 Surrogate model development

The idealised 3D FSI model is considered here as the
ground-truth for predicting the ChP displacement. How-
ever, it has a runtime of over 3 days when parallelised
optimally over six cores on a 12th generation i17-1265U
core laptop or shared university PowerEdge R7525 clus-
ter node equipped with AMD EPYC CPU cores, mak-
ing it inadequate for multiple evaluations of the fitness
function. This motivates the development of a surrogate
model, replacing the 3D FSI in the calculation of ChP
displacement.

9z0z 1snbny o uo 1sanb Agq ypd "0G6T -GZ -AU /9S86TIL /L¥TZLOY "T /STTT "0T / 10p /4pd -8 [0 111 jub 1sap ed 1ueydau /6 1o *ause "uo 1199 | |09 e} 16 1pause //:d 11y wo i} papeo jumod



2.4.1 Reduced-order model

We postulate here that the fluid stress field taken from
the ChP surface in its initial, relaxed position can be used
to infer the final ChP displacement prediction.

The stress field on the surface of the ChP is obtained
from a purely fluid dynamics simulation, modelling the
ChP as rigid, in its initial, upright position (as shown in
Figure 3). The same system of fluid equations, given in
Appendix 5, are solved in the ventricle-catheter-ChP ge-
ometry, now with every boundary treated as rigid (no ChP
deformation). As with the full FSI model, gmsh [53] is
used to mesh the fluid domain, openFOAM [54] to solve
the fluid problem, and Paraview [56] to postprocess the
simulation and extract the fluid stress field on the surface
of the ChP.

This simplified fluid-only model takes under 10 min-
utes to run when parallelised across four cores on a 12th-
generation Intel i7-1265U laptop. This is a runtime of
0.23% of that of the full model when tested on the same
machine—a significant speed-up. Fitness evaluations of
10 minutes are satisfactory for incorporation into an op-
timisation algorithm. By avoiding simulating the full FSI
effects, this ROM is thus significantly faster than the full
FSI model.

2.4.2  Ground-truth dataset

A ML layer is used to make a prediction for ChP de-
formation given the fluid stress data from the ROM as
input. Creating the ML layer requires data to establish
relationships between the fluid stresses and ChP defor-
mation, and library of the 3D FSI simulations thus needs
to be established.

The 3D FSI model is used to create a synthetic
dataset of 180 simulations to use in the training and fit-
ting of the ML layer. All catheter designs have inlet holes
placed in the 30 mm of catheter nearest the tip [57]. 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 catheter designs contained in the ground-truth
dataset are created as follows. First, the number of in-
let holes is chosen as a random integer between 1 and 40.
For each inlet hole, the radii and positions on the catheter
surface are chosen uniformly and independently at ran-
dom. Any proposed designs with overlapping holes are
discarded before simulation. As observed in Ref. [33],
the value of «, which prescribes relative rotation of the
catheter to the ChP and is independent of the physical de-
sign, significantly affects the maximum ChP deformation.

Clinicians do not account for o during shunt insertion,
and as such, each design needs to a priori succeed for all
values of «. Therefore several catheter designs are tested
at different values of o and included as separate indepen-
dent data points (see Appendix, Figure 10).

From each simulation, the maximum equilibrium
displacement of the ChP is extracted, along with the ini-
tial fluid stress field on the surface of the ChP. To extract
the initial stress field, the surface of the ChP is divided
into a grid of 891 (=9 x 99) rectangles, from which the
average field value over each one of the rectangles is ex-
tracted. The fields of interest are the fluid pressure, and
the three components of the fluid stress vector (where the
stress vector is given by p (Vv + (Vo)T) - n with p the
dynamic viscosity of the fluid, v the fluid velocity and
n the surface normal vector). Each simulation therefore
gives rise to 9x99x4 = 3,564 features for the input data.
These are stored as a vector of length 3,564 for each data
point, and can be concatenated together to form the input
data matrix, a matrix of size 3,564 x 180 (features by data
points).

It is worth emphasising that the proposed ML model
solely learns the relationship between the ChP deforma-
tion and the fluid stress field, and that the design param-
eters and « are not included as inputs into the ML layer.
Therefore the same design at a different value of « gives
a different fluid stress field, and consequently is a novel
data point to be learnt by the ML layer. As will be dis-
cussed below, the worst-case behaviour over « is thus en-
forced during optimisation by explicitly evaluating multi-
ple « values for each proposed design.

Before being used for the training of the ML model,
each feature of the input data is scaled so that values of
this feature across the dataset have mean and variance of
zero and one, respectively. This removes scale effects
and allows features to be directly compared for relative
importance. Due to the high ratio of features to data
points, a dimensionality investigation is performed. A
low-dimensioned feature space is beneficial as the train-
ing dataset will cover a higher proportion of the space,
and lessen the chance of multi-collinear input data. Here
we use principal component analysis (PCA) [58] to inves-
tigate the “explanatory” dimension of the data, although
other algorithms such as UMAP and t-SNE are well es-
tablished [59].

The “explanatory” dimension of the input data is de-
fined here as the dimension of the PCA component vector
set that contains the majority of the sample variance. The
fluid stress field data are highly correlated; although these
have a dimension of 3,564, only 54 and 101 dimensions
are required to explain 95% and 99% (respectively) of the
sample variance. The explanatory dimension is signifi-
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cantly smaller than the size of the ground-truth dataset
(180). This increases confidence that the ML models will
be able to predict from the training set without overfitting.

It is sometimes beneficial to transform input data by
projecting onto the subspace spanned by the PCA com-
ponent vectors that explain the majority of data variance.
This is investigated in the following section, projecting
onto the 54 PCA vectors that explain 95% of the data vari-
ance.

2.4.3 Machine learning layer

An ML layer is used to correlate the fluid stress field
to the maximum equilibrium ChP deformation. The fluid
stress data is the input x (a vector of length 3,564) and
the maximum equilibrium ChP deformation is the output
y (a scalar). The ML algorithm and hyperparameters are
chosen to maximise predictive power. A range of ML
models are tested, all available in the python3 module
scikit—-learn[60] with the exception of the extreme
gradient boosted regressor XGBoost which is taken from
the package XGBoost [61]. The list of tested models is
(given in order of increasingly complexity): linear regres-
sion, ridge regression, lasso regression, support vector re-
gression, decision tree, random forest, gradient boosted
regressor, XGBoost and multi-layer perceptron (a small
neural network).

Given the small sizes of ground-truth datasets avail-
able (where size is limited to ensure a reasonable time
period) from expensive computational models or experi-
mental work, overfitting is a concern. Overfitting is the
detrimental hyper-specialisation of the model, which of-
ten occurs with an overly complex model with a high
number of internal parameters capturing too much of the
details of the training data, including noise and internal
features, and consequently being less able to generalise
to new data points. To prevent overfitting, we use a robust
validation process with nested layers of cross validation,
described in detail below. The simplest ML models are
tested first, as simpler models with fewer internal param-
eters are less likely to overfit the data. For this reason,
neural networks more complex than the MLP are not in-
vestigated due to their high number of internal parameters
which make them more susceptible to overfitting.

Model selection is performed using the R? score to
compare between models, where

Zi(yi - f(flvz‘))2

R*=1- :
2y —9)?

3

¢ indexes the training data set (so each ¢ refers to a dif-
ferent catheter design), y; is the maximum ChP deforma-

tion of FSI simulation ¢, and x; is the fluid stress data
of FSI simulation ¢. The prediction of the ML layer ap-
plied to input stress data @; is f(a;), and 7 is the mean
over y;. R? = 1 means the data is perfectly explained
by the model, while R? < 0 gives a model with no ex-
planatory power. We additionally consider other accuracy
metrics: root mean squared error (RMSE), mean absolute
error (MAE) and Spearman’s correlation coefficient p to
obtain a holistic view of the ML performance.

Optimal hyperparameters for each model are de-
termined through standard five-fold internal cross-
validation, with 10% of the dataset held back for val-
idation. Hyperparameter tuning is carried out using
the GridSearchCV function from scikit-learn,
which performs an exhaustive search over the specified
parameter grid and selects the combination that max-
imises the R? score. Each model is trained and evalu-
ated with five-fold cross-validation, while the held-back
validation set is used to assess performance on unseen
data with the optimal hyperparameters. A summary of
the model selection algorithm is given in the Appendix
(Algorithm 2. The standard choice of five folds is used in
the cross validation.

Given the limited size of the ground-truth dataset, a
nested cross-validation procedure is used: the data are
partitioned into ten outer folds. In each round, one fold
serves as the validation set while the remaining nine pro-
vide training data for inner cross-validation and hyperpa-
rameter tuning (Algorithm 2). After hyperparameter opti-
misation, the models with the greatest mean R? across the
outer fold validation sets are taken forward (results for all
models shown in the Appendix, Table 6, alongside tested
hyperparameter ranges).

The highest validation R? is achieved by the gradi-
ent boosting algorithm, which also produced the lowest
RMSE and MAE. The strongest correlation metric (p) is
obtained by the random forest, while XGBoost performed
comparably across all metrics. Across these three meth-
ods, the between-fold standard deviation of R? (on the
order of 0.1) is similar to or larger than the differences
in mean R2, rendering the models statistically indistin-
guishable. All three are tree-based learners; however,
they differ in ensemble strategy: random forests use bag-
ging, whereas gradient boosting and XGBoost are boost-
ing methods. These three algorithms are therefore carried
forward as the most promising.

We also integrate PCA preprocessing of the input
data into the training pipeline, and give the accuracy
scores across each model combined with PCA in the Ap-
pendix (Table 7). The PCA projection helps to remove
noise from the input data by prioritising features that have
the highest variance, and gives a substantial increase in
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performance across the simpler regression models. How-
ever the tree-based models see a small reduction in per-
formance with PCA preprocessing as these models are
inherently more robust to outliers, and lose performance
with the dimensionality reduction. None of the PCA-
aided models outperform the tree-based models discussed
above. Subsequently, we thus avoid further PCA prepro-
cessing.

A single hyperparameter optimisation search (Algo-
rithm 2) is then rerun for each of the three best models,
now without reserving a separate validation set. The opti-
mal hyperparameters for each model are reported in Table
10. Finally each model, with its optimal hyperparameters
(as selected above), is retrained on the full dataset. This
maximises training data for the final surrogate, improving
predictive performance. The accuracy metrics are calcu-
lated 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”). Table 1 reports both the fold-averaged
scores from the second hyperparameter search, and the in-
sample accuracy when the model is retrained on the full
data set. Table 1 shows that further hyperparameter tun-
ing improved the accuracy metrics in every case. Gradient
boosting and XGBoost behave similarly, as expected for
two gradient-boosted tree implementations. The random
forest performs slightly worse than the boosted methods.
Figure 4 shows a visualisation of these models’ perfor-
mance, with the predicted values f(x;) plotted against
the ground-truth value y; for all data points ¢ in the train-
ing dataset. Points lying close to the red line f(z;) = y;
indicate good predictions. Results are shown for the three
models (columns) using cross-validated (out-of-fold) pre-
dictions (top row) and after refitting in-sample on the full
dataset (bottom row). The top row reflects performance
on data that are distinct from training folds, whereas the
bottom row reflects in-sample performance. In-sample
performance are, by definition, expected to exceed out-
of-fold performance, explaining why the bottom row met-
rics are higher. However, the extreme improvement of
the boosted models to R? > 0.999 suggests some level
of overfitting to the training data, which is a particular
concern given the small dataset size. Note that all con-
clusions regarding the predictive capability and model se-
lection are based on out-of-sample performance, and in-
sample results are reported here solely to illustrate model
behaviour and diagnose potential overfitting.

For these reasons, we select the random forest model
for integration into the surrogate, sacrificing a small
amount of accuracy (slightly lower R?) to reduce the risk
of deploying an overfitted model. The optimal hyperpa-
rameters of this random forest are given in Table 10.

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 our choice of the
Random Forest model. Each entry of the feature impor-
tance vector gives a measure of how important the cor-
responding feature is for the model predictions. In en-
semble tree-based models, a feature importance is based
on how often that feature is a decision node in any one
tree. Here, each feature corresponds to the value of a
fluid stress field at a specific point on the ChP surface.
Analysing feature importance can therefore give some
mechanistic insight into a physical problem: here features
correspond to the stress field at different points of 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 5 shows feature importance for the random
forest (subfigure a) and XGBoost (subfigure b); the gra-
dient boosting algorithm’s importances are visually sim-
ilar to XGBoost and are hence not shown. Figure 5 a)
shows that the random forest attributes greatest impor-
tance to the pressure field, with a particularly influen-
tial region between 25 and 30 mm. The y-component of
the fluid stress field also has elevated importance in this
range. This aligns with Ref. [33], where the largest ChP
deformations occurred near the catheter outlet. The most
informative features form spatial clusters instead of sin-
gle 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 con-
sistent patterns, not just individual pixels.

In contrast, Figure 5 b) shows the gradient boosted
model’s feature importances, which exhibit sharp, iso-
lated peaks: consistent with overfitting, where a few fea-
tures can dominate the algorithm and correspond to noise
specific to the training data.

The random forest surrogate (comprised of feature
weights and tree structures) is saved in a pickle file
(~5MB). 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
one core of an i7 laptop.

Efficacy of ROM features The surrogate developed
above uses fluid stress field features generated by a fluid-
only ROM as inputs to the ML layer. To assess the im-
portance of this mechanistic component, we additionally
trained surrogate models in which the ML layer only takes
as input the 40 catheter design parameters described in
Section 2.4.2. This study evaluates the predictive perfor-
mance of a surrogate model without the ROM component.
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Accuracy averaged over validation folds

In-sample accuracy

Model R?

RMSE MAE
(mm)  (mm) (mm)  (mm)

p R?> RMSE MAE o

Random forest | 0.718 £0.051 0.149 0.116 0.860 || 0.938 0.070 0.055 0.977

Gradient boost | 0.763 £0.048 0.136  0.105 0.879 || 0.999 0.010 0.003 0.999

XGBoost

0.764 £0.057 0.136  0.105 0.879 || 0.999 0.010 0.004 0.999

Table 1: Performance metrics with optimal hyperparameters, showing both the accuracy averaged across validation folds (left) and
the in-sample accuracy after retraining on the full dataset. Where applicable, R shows mean4- standard deviation across folds;

RMSE/MAE/p show fold means.
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Figure 4: Predicted vs. ground-truth of the final ML models with optimal hyperparameters for the cross validation (a,b,c) and when
retrained on the full dataset (d.e,f). Red line, prediction=ground-truth.

The same nested cross-validation procedure (Algo-
rithm 2) is used as in the ROM-based surrogate. Table 2
reports the mean 122 performance across the ten outer val-
idation folds for each ML model, both with and without
PCA preprocessing. Negative R? values are truncated at
0. These results should be compared directly with Table
6, which reports performance when ROM-derived stress

features are used.

Table 2 shows that the predictive performance is uni-
formly poor when the ML models are trained directly
on catheter design parameters. Although the boosted
tree methods (Gradient Boost and XGBoost) perform
marginally better than other models, R? values remain
below 0.11. In contrast, substantially higher predictive
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Figure 5: Feature importance plotted on the projected ChP surface for (a) random forest and (b) XGBoost. The feature importance
colourbar is common to both algorithms, as is the visualisation of the ventricle geometry shown at the top of the figure. Dark pixels
show areas of the stress field on the ChP which are significant in determining ChP displacement.
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Linear Ridge Lasso Decision ~ Support Vector
Regression  Regression  Regression Tree Regressor
Without PCA 0.000 0.000 0.000 0.000 0.030
With PCA 0.005 0.008 0.039 0.000 0.034
Random Gradient Multi-Tayer

Forest Boost XGBoost Perceptron
Without PCA 0.007 0.102 0.107 0.000
With PCA 0.000 0.000 0.000 0.000

Table 2: Mean R? performance across ten outer validation folds for ML models trained directly on catheter design parameters.

Negative scores are truncated at 0.

performance is achieved when ROM-derived stress fea-
tures are used as inputs, see Table 6. These results demon-
strate that the ROM component provides essential mech-
anistic information that is not recoverable from geomet-
ric parameters alone. The stress field representation cap-
tures physically meaningful features governing ChP de-
formation, and its inclusion significantly enhances surro-
gate predictive capability.

2.5 Design encoding

The optimisation results are applied to the design of
a hydrocephalus shunt system. For this specific design
problem, a parameter encoding and problem-specific fit-
ness function must first be defined.

2.5.1 Parameter encoding

An encoding describes the map between the vector
used by the optimisation algorithm (often known as the
genotype) and the physical catheter design implemented
in the ROM (often called the phenotype) [34].

We first build on the results of Ref. [33], which show
that equally sized inlet holes spread uniformly around
the catheter circumference are beneficial in reducing both
ChP displacement and rotational dependence. A catheter
design is therefore constructed by considering circum-
ferential rings of inlet holes. A restriction of up to six
circumferential rings of inlet holes is implemented, con-
sistent with commercially available specimens [62] and
the computational investigations of Ref. [32, 28]. Each
ring k of inlet holes has: a hole radius r; (the same for
all holes on the ring), a number of inlet holes n; evenly
spaced around the circumference, an offset angle ¢;, that
defines the angle between the first hole on the ring k£ and
the horizontal axis, and a pitch length zPos;, specifying
the axial distance along the catheter between neighbour-
ing rings, see Figure 6. The design dimension is therefore
six rings X four parameters per ring = 24. The design

parameter vector is a vector of length 24, with entries
(P15 76, M1y oy NG, P14 -ev, P, 2P0S1, ..., 2P0sg).  The
design parameter vector is both a member of 24 dimen-
sioned Euclidean space (the genotype), as required by
the optimisation algorithm, and also prescribes the phys-
ical catheter design which can be incorporated into the
ventricle-catheter-ChP geometry of the reduced and full
models (the phenotype).

Natural bounds on each design parameter are defined
in Table 3. By allowing both the hole radius and the

Table 3: Parameter value ranges for the optimisation encoding.

Variable Lower bound | Upper bound
Hole radius: 7}, 0 mm 0.6 mm
Number of holes: ny, 0 10
Offset angle: ¢y, 0° 360°
Pitch length: zPosy 0.05 mm 10 mm

number of holes to take a zero value one of the rings of
inlet holes can be omitted if this results in a favourable
design. The upper bound of the hole radius is chosen to
be similar to the maximum hole radii observed in physi-
cal examples, to account for potential, a priori unknown,
manufacturing constraints. The pitch length and the num-
ber of holes in a ring are likewise bounded to be less than
10 mm and 10, respectively. These values are deliber-
ately large, exceeding the ranges seen in physical speci-
mens, which defines a larger search space than that found
in existing designs, thus allowing new areas of the design
space to be explored.
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Figure 6: Visualisation of the design encoding used in optimisation, illustrating the design parameters for the first two rings of inlet
holes (those closest to the closed tip). Cross sectional slices perpendicular to the centreline of the catheter are shown to illustrate
the effect of parameters ¢, and n;. The inlet holes are constrained to lie within the 15 mm segment of the catheter nearest the

closed tip.

2.5.2  Parameter preprocessing

A preprocessing check is required to ensure that inlet
holes do not overlap. This involves checking the values of
ri, and ny to ensure that holes do not overlap around the
catheter’s circumference. Specifically, the requirement is
2rgn, < 2mac Vk where a = 1.25 mm is the external
radius of the catheter, and 0 < ¢ < 1 is a constant related
to manufacturing constraints. For structural integrity, it
is desirable to maintain a reasonable quantity of catheter
material between neighbouring holes. Here, ¢ = 2/3 to
match the physical specimens seen in Ref. [33, 28, 32].
The value of ¢ can be easily updated as improved infor-
mation on the manufacturing process becomes available.
Axial overlap is not possible as the encoding enforces
positive zPosy.

A second preprocessing check ensures that holes are
placed within the closest 15 mm of the catheter tip, by
enforcing that )", zPos;, < 15 mm. This requirement
is also based on examination of available specimens and
previous work, ensuring that inlet holes remain contained
within the ventricle and do not interact with the surround-
ing brain tissue.

Each design that fails these checks is immediately as-
signed an infinite fitness, and the optimisation passes to
the next proposed design. We note that the modular na-
ture of the PyMOS codebase makes it easy to alter the pre-
processing function if new information on the biomedical
or manufacturing requirements needs to be incorporated.

2.5.3 Fitness function

As surgical insertion is done without prescribing a
particular angle «, the maximum fitness evaluation over
the range of « is considered the “worst-case” scenario,
and consequently is considered the final fitness to be min-
imised in the optimisation, see Algorithm 1.

This fitness evaluation requires one fluid simulation
to be run for each catheter design at each value of a.
The fitness evaluation is easily parallelised, running each
value of « concurrently, and additionally parallelising
within each openFOAM simulation using inbuilt meth-
ods. For this work each fluid simulation is parallelised
over four cores, meaning each optimisation run required
four x 15 =60 cores. The optimisations are run on a uni-
versity cluster with 60 CPU cores with each fitness eval-
uation taking 15 minutes, with the full optimisation of
1,000 evaluations taking approximately two weeks. Note
that the 180 3D FSI required to train the ROM took c.
two months, which, taken together with the MxL optimi-
sation, still remains significantly less than the years-long
endeavour of optimising with the full 3D FSI model.

3 RESULTS
3.1 Optimisation convergence

The optimisation algorithm contains stochastic ef-
fects, and hence multiple realisations are run, each with
a different random seed. Figure 7 a) shows the conver-
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Algorithm 1 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 o and
inlet hole design,

Run a fluid simulation in openFOAM,
Extract fluid pressure and stress at the ChP sur-
face,

Use the pre-trained random forest to predict
ChP displacement,

end for
Return fitness = maximum predicted ChP dis-

placement across all .
end if

gence history of each of the optimisation realisations. For
each run, the fitness decreases rapidly during the first
200 iterations, with a few, smaller, fitness gains later in
the algorithm. This confirms that the budget of 1,000
is sufficient for this problem, with a converged fitness
value of around 0.2 mm, despite different starting points.
While all realisations reported here used 1,000 iterations,
the rapid plateau in performance suggests that, in future
applications, a budget of approximately 500 evaluations
would likely achieve comparable improvement. Figure 7
b) shows the performance of a single optimisation reali-
sation, with the blue line showing the fitness at each iter-
ation. For the first 500 iterations, the explorative SHADE
algorithm is used, which searches a large area of the fit-
ness 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 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 improve-
ments to the current fitness. The cut out shows the current
best fitness in the second half of the optimisation, ampli-
fied to show that fitness improvements are made through-
out the optimisation, though the most significant gains in
fitness occur in the first 200 iterations.

3.2 Optimised designs

Each completed optimisation realisation suggests a
new candidate design that the surrogate-aided optimisa-
tion has identified as having the lowest fitness. Figure 7
shows that all the optimisation realisations suggest can-
didate designs where the surrogate model has predicted
fitnesses of around 0.2 mm. However, from the accuracy
metrics evaluated during the training procedure, the ML
layer has an average error of 0.1 mm (Table 1). In partic-
ular, Figure 4 a) shows the performance of the ML layer
on new data. For low values <0.3 mm, the scatter plot
is below the red line (that indicates perfect predictions),
meaning that the ML layer here tends to overestimate pre-
dictions in this region. As a result, while the multiple
concurrent optimisation realisations produce a set of can-
didate designs which are predicted by the surrogate model
to have a similar, low fitness value of 0.2 mm, these fit-
ness predictions come with an uncertainty of 50%. To
confirm and quantify the improved performance of these
candidate designs, we test their performance in the full
FSI model at all values of . Specifically, we consider
the two most promising designs (as evaluated by the sur-
rogate model), though a greater number could be exam-
ined as computational time and resources allow. Figure 8
shows visualisations of these two designs.

The two identified designs both show a cluster of
holes close to the closed tip, and a second cluster close
to the midpoint of the catheter, where z = 15 mm. There
is a visible difference in the radii of the inlet holes, with
design (a) having consistently larger inlet holes than those
in design (b). Interestingly, both designs recover the find-
ings of Ref. [33], in that larger n; values (catheter with
a high number of holes placed circumferentially for each
ring of holes) are desirable.

These improved designs are then tested in the full 3D
FSI model to evaluate their true performance. Figure 8
shows the maximum ChP displacement of the improved
designs evaluated by the full model plotted at various val-
ues of « in shades of green, along with the surrogate pre-
dictions (green, dashed), compared to the results of previ-
ous designs in current clinical use, presented in Ref. [33]
in shades of blue. These results confirm that promising
results proposed by the surrogate model are indeed true
design improvements after testing in the 3D FSIL.

The optimised designs outperform all three of the
previous designs at almost every value of a. There are
no ChP collision events, and the optimised designs addi-
tionally show close to no sensitivity to «, a highly desir-
able characteristic, as it is not possible to select a during
implant surgery. The two designs, despite differences in
their inlet holes lead to very similar ChP displacements.
This is a positive for the design process as it suggests that
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Figure 7: a) Optimisation convergence history: current minimum fitness for each iteration number. Colours: different optimisation
realisations, run concurrently from different seeds. b) Algorithm performance for a particular realisation. Blue: current iteration
fitness; red: current minimum fitness. The minimum fitness for the final 600 iterations is amplified in the cut out.
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Figure 8: a) and b) Optimal catheter designs identified by the
surrogate-aided optimisation framework. ¢) Maximum ChP dis-
placement against «, comparing designs suggested by the op-
timisation (green shades) to the physical design examples in-
vestigated in Ref. [33, 32] (blue shades). The surrogate model
predictions for the new designs are shown in dashed lines. Col-
lision with the ChP is marked by red dots.

the fitness of the catheter is not overly sensitive to small
changes in the design parameters (for example, the small
errors introduced during the manufacturing process).

In both cases, the true performance of the designs,
as evaluated by the full model, is better than the surro-
gate prediction (ChP displacement of 0.15 mm compared
to surrogate predictions of 0.2 mm). As discussed ear-
lier, we quantified the uncertainty in the surrogate model
predictions as an absolute error of 0.1 mm, and hence
this discrepancy is unsurprising. This difference empha-
sises the need to test the optimal designs identified by the
surrogate-aided optimisation in the full model, so as to
identify the true fitness of the design and remove the un-
certainty inherent to the surrogate fitness evaluation. Im-
portantly, Figure 8 ¢) confirms that the optimised designs
achieve reductions in deformation that exceed the average
surrogate prediction error, demonstrating the meaningful
improvement provided by the proposed MxL approach.

3.3 Four-hole designs

In the encoding described above inlet holes are posi-
tioned in rings around the circumference of the catheter,
with any number of holes allowed in a ring (up to 10),
and rings allowed to be offset from each other (param-
eter ¢i). However, the physical designs reviewed in
Ref. [33, 28, 63] all restrict their investigation to designs
with four inlet holes in each ring and no relative circum-
ferential offset between the rings. We now consider an
optimisation restricted to this subspace of designs. This
is of interest: i) for comparison against previous work,
ii) because of the likelihood that the current manufactur-
ing process has a preference for four-hole designs given
that all current examples are of this form, and iii) to eval-
uate whether designs generated with this restriction can
perform as well as the more general designs previously
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studied. Under these conditions n, = 4 and ¢, = 0 Vk
for each ring of inlet holes, reducing the design space to
a dimension of 12.

Figure 9 shows two designs with the four-hole con-
figuration generated from two separate runs of the optimi-
sation algorithm. As with the designs presented in Figure
8, 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.

(a) (b)
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Figure 9: a) and b) Optimal catheter designs enforcing a regular
four-hole arrangement on each ring of inlet holes. ¢) Maximum
ChP displacement against o, comparing the four-hole designs
(red) to designs suggested by the general encoding (green) and
to the physical design examples investigated in Ref. [33, 32]
(blue). Collision with the ChP is marked by red dots.

The optimised four-hole design is then tested in the
full model for 16 values of « across the range (0°, 360°).
Figure 9 shows the maximum ChP displacement plotted
against values of .

The four-hole designs identified by the optimisation
are again improvements over the existing designs. There
is still dependence on «, but the overall ChP displace-

ment is reduced. The displacement of the ChP for the
four-hole designs varies between a minimum displace-
ment of ~ 0.2 mm and a maximum displacement of just
under 0.3 mm. While the variation due to « is less for
the four-hole design than for the pre-existing examples
shown in blue, this optimisation suggests it is not possible
to completely remove the sensitivity to « with a four-hole
design. Again, despite differences in the design of the
two catheters shown in Figure 9, the ChP displacement
curve is very similar (red lines), suggesting a variety of
designs lead to similar improvement in catheter perfor-
mance. These are however still outperformed by the pre-
viously identified designs of Figure 8 a) and b).

4 CONCLUSION

This paper presented a surrogate-aided MxL method-
ology for computational optimisation, and illustrated its
use in the context of hydrocephalus catheter design. De-
sign problems can often be defined as a computational op-
timisation, but using the solutions of high-fidelity, com-
plex computational models as fitness functions in opti-
misation algorithms is expensive. Accordingly, earlier
work on hydrocephalus catheter design neglected the use
of computationally expensive FSI models, instead mak-
ing use of fluid-only models and evaluating performance
using fluid-based metrics [64, 28, 29, 30, 31]. In our pre-
vious study [33], we introduced the first 3D FSI model of
the hydrocephalus scenario and demonstrated that fluid-
only metrics, when used without accounting for tissue
mechanics, are not reliably correlated with ChP defor-
mation. As the full 3D FSI model is too expensive to
be used for more than a few tens of runs and thus can-
not be directly incorporated into an optimisation sweep,
we proposed here the development of a MxL-based sur-
rogate model to directly replace the full model at every
fitness evaluation.

A key advantage of this methodology is that it pre-
serves the mechanistic structure and low computational
cost of fluid-only models, while augmenting them with
an ML layer trained on outputs from the full FSI simula-
tions. Doing so, physically interpretable fluid features are
correlated with the quantity of interest (here, the ChP de-
formation) as trained with high-fidelity data. The result-
ing surrogate model therefore combines the capability of
the full model at a fraction of the computational cost, en-
abling its integration within optimisation workflows that
would otherwise be computationally prohibitive. While
the ML component does not impose explicit physics con-
straints within its loss formulation (as is done in physics-
informed neural networks, among others), the surrogate
structure remains mechanistically grounded through the
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ROM, which encodes the governing fluid physics and
supplies physically interpretable features to the ML layer.
An important final step consists in testing the design pro-
posed by the optimisation in the high-fidelity full model
due to the error in the surrogate fitness evaluations (which
here can reach c. 50%). The final ranking of candidate de-
signs is therefore based on a full model evaluation rather
than surrogate prediction.

For the specific case of hydrocephalus shunt design,
our methodology suggests new designs that are clear im-
provements over examples currently used in the UK Na-
tional Health Service, as evaluated by our fine-grained
model. Our results, which recover those of Ref. [33], sug-
gest that a large number of inlet holes spread around the
catheter circumference are particularly beneficial in re-
ducing the impact of the insertion angle a. We addition-
ally found that the proposed optimal designs cluster holes
near the closed tip and the axial midpoint of the catheter,
suggesting that such arrangement participates in reducing
ChP deformation.

The surrogate models constructed using this method-
ology can only be as accurate as the full model used to
generate the training data. In this work, the ground truth
is a 3D FSI model, which remains an idealisation of the
in vivo ventricle—catheter scenario and incorporates sim-
plified geometry, material representations, and boundary
conditions. Consequently, the optimisation results are
conditioned on these modelling assumptions and should
be interpreted within this context. Experimenta and/or
clinical validation is therefore a necessary next step to as-
sess the real-world performance of the proposed designs.
Furthermore, if other clinically relevant objectives were
to become of interest, the framework could readily ac-
commodate alternative fitness definitions. For example,
maintaining low intracranial pressure is clinically desir-
able, and a modified fitness function could incorporate an
additional term to account for this. With further knowl-
edge of manufacturing constraints, additional terms could
be incorporated into the fitness function to reflect practi-
cal considerations, such as limiting the total number of
holes.

While the present work focuses on hydrocephalus
shunt occlusion, the underlying methodology is not
application-specific. The surrogate constructed here maps
features of the initial fluid stress field on the fluid—solid
interface to the resulting equilibrium solid deformation.
This structure applies to problems in which (i) design
performance is evaluated by a computationally expensive
multi-physics model, (ii) a ROM is available to capture
key physical mechanisms, and (iii) the quantity of inter-
est cannot be sufficiently well recovered from the ROM
alone. Many engineering and biomedical design prob-

lems satisfy these conditions, and particularly those in-
volving FSI where device performance is determined by
solid deformation. Examples include the optimisation of
heart valves [65], implant devices (focussing either on
porous [66] or patient-specific properties [67, 68]), skele-
tal joint replacement [69], and ureteric flow washout de-
vices [70]. In such settings, full multi-physics simula-
tions are often too expensive for direct use within op-
timisation loops, while ROMs lack sufficient predictive
accuracy. The present framework provides a systematic
approach to embedding high-fidelity information within a
computationally efficient surrogate suitable for computa-
tional optimisation.

More broadly, the framework is independent of the
specific ML architecture, optimisation algorithm, or gov-
erning physics. Its contribution is therefore method-
ological as well as application-specific, providing a gen-
eral strategy for enabling tractable optimisation in multi-
physics design problems where direct use of the full
model is infeasible.
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APPENDIX A: 3D FSI GOVERNING EQUATIONS

Here, we present the full set of governing equations
for the 3D FSI model. These equations are solved using
the finite element and finite volume approaches, as de-
tailed in Ref. [33], with the geometry shown in Figure 3.
The variables used in these equations are summarised in
Table 4, with constant parameter values given in Table 5.

Fluid equations:

V.-v=0, (C))
pr(v-V)v=—Vp+ uViv. Q)
Solid equations:
V-o=0 ©6)
E
where o = W(J -1 @)
s E-E®D. ®
and B = (I+ Vu)(I+ Vu)’. )
Fluid boundary conditions:
v = 0 on ventricle walls and catheter material, (10)
v = n on ChP surface, (11
ChP
v—(v-n)n =0, and (12)
—p+n-p(Vo+ (Vv)") -n=0 atfluid outlet,
(13)
Solid boundary conditions:
u = 0 on ChP base, (14)
oc-n—(n-o-n)n=_0and (15)
u -n =0 on ChP end-faces, (16)
(=pI+ p (Vo + (Vv)")) -n =0 -n on ChP surface.
(17

Table 4: Variables within the full governing equations

Fluid velocity: v Solid point displacement: u

Fluid pressure: p Solid stress tensor: o

Normal vector: m || Solid Jacobian: J = det(I + Vu)
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Table 5: Model geometry parameters.

APPENDIX C: MACHINE LEARNING MODEL SE-
LECTION AND HYPERPARAMETER OPTIMISA-

Parameter Value Reference TION
5 When training the ML layer of the surrogate model,
Acp ChP surface area 220.33 mm [71, 721 jnitial model selection is done using the standard cross-
ps Solid density 1.05 - 10? kg/m? [19] validation procedure, with the algorithm given below.
FE Young’s modulus 50 kg /(m s?) [52]
v Poisson’s ratio 0.45 [52]  Algorithm 2 Hyperparameter optimisation
p¢ Fluid density 103 kg/m3 [32] Remove 10% of the ground-truth data and save as the
. . 3 validation data,
@ Fluid production 6 mm/s [73] Initialise five folds, splitting the data into five equally
1 Fluid viscosity 7.5 -10~* kg/(m s) [74] sized, distinct groups,

APPENDIX B: GROUND-TRUTH ALPHA DEPEN-
DENCE

In the ground-truth dataset used in the training of the
ML model (Section 2.4), several data points relate to the
same physical catheter design, tested at different values
of a. Figure 10 shows a histogram of the number of val-
ues of « tested for each catheter design. Where @ > 1
the values of o are chosen uniformly in the range [0°,
360°]. Most designs have between 1 and 4 values of «
tested, which allows the investigation of a wide variety
of catheter designs, while explicitly including some « de-
pendence into the dataset.

25

20

fay
v

Frequency

=
o

0 | |
2 4 6 8 10
Number of values of a considered

Figure 10: Frequency histogram showing the number of a val-
ues considered for different catheter designs in the ground-truth
dataset.

for Hyperparameters values do
for fold € {1,...,5} do
fold is the test set,
The remaining four folds become the training
data.

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 of the fold R? scores.
end for
Identify the best hyperparameters by the highest mean
fold R? score.
Retrain the model with optimal hyperparameters on all
fold data,
Evaluate model performance by calculating the R?
score on the validation data.

As discussed in the main text, the small training
dataset size requires the use of a nested cross-validation
procedure. Table 6 gives the mean over the ten validation
datasets of each of the accuracy metrics, for each of the
ML models after hyperparameter optimisation for each
model with no initial PCA preprocessing. A good model
has high R? and p scores and low RMSE and MAE. The
best value for each metric is highlighted in bold. Full de-
tails of the tested hyperparameter ranges are provided be-
low, alongside further visualisations of the performance
of the models on the validation data (Figure 11).

Table 7 shows the accuracy scores from the nested
cross-validation hyperparameter sweep where a PCA pre-
processing step is included in the pipeline are given.
Again, the best score across all the ML models consid-
ered is shown in bold.
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Model: without PCA R? RMSE (mm) | MAE (mm) p

Linear regression —2.411 +4.308 0.462 0.296 0.526
Ridge —0.257 £ 1.564 0.284 0.195 0.653
Lasso 0.525 £ 0.169 0.188 0.155 0.761
Decision tree 0.538 £ 0.263 0.182 0.142 0.699
Support vector regressor | 0.652 £ 0.139 0.162 0.132 0.788
Random forest 0.699 £+ 0.093 0.152 0.118 0.838
Gradient boost 0.721 + 0.099 0.144 0.111 0.827
XGBoost 0.705 £ 0.122 0.147 0.114 0.816
MLP 0.298 £ 0.423 0.222 0.171 0.706

Table 6: Mean of performance metric across ten outer validation folds. R? shows mean+ standard deviation across folds;

RMSE/MAE/p show fold means.

Model: with PCA R? RMSE | MAE p

Linear regression 0.478 £0.136 | 0.143 | 0.202 | 0.781
Ridge 0.473 £0.139 | 0.143 | 0.205 | 0.778
Lasso 0.533 £0.118 | 0.152 | 0.193 | 0.751
Decision tree 0.387£0.205 | 0.172 | 0.221 | 0.640
Support vector regressor | 0.687 = 0.097 | 0.120 | 0.158 | 0.823
Random forest 0.567£0.126 | 0.155 | 0.186 | 0.811
Gradient boost 0.679£0.102 | 0.125 | 0.160 | 0.828
XGBoost 0.670 £0.108 | 0.126 | 0.162 | 0.815
MLP 0.486 £0.174 | 0.136 | 0.202 | 0.861

Table 7: Mean of performance metric across ten outer validation folds with a PCA preprocessing step. R? shows mean= standard

deviation across folds; RMSE/MAE/p show fold means.

Tables 8 and 9 give a brief summary of each hyper-
parameter for each ML model, and the values tested in
the grid-search. The three graph based models: random
forest, gradient boost and XGBoost share several hyper-
parameters due to their similar structure. The values cho-
sen for investigation are taken from a small range around
default values.

Figure 11 shows the performance of each optimised
ML model on the validation data. As discussed in the
main text, the random forest model is chosen for the sur-
rogate as it has the highest predictive power. The opti-

mised hyperparameters for this model are given in Table
10.
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Table 8: 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 True, 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, 1e-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

2,5,10

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

Support vector regressor C': Regularisation strength 0.1,0.5, 1
~: Influence of individual samples le-5, 1e-4, 0.001
€: 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 considered 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
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 0.8,09,1.0
colsample_bytree: Fraction of features per tree 0.8,0.9, 1.0
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Figure 11: Predicted and ground-truth data for the validation set, with optimal hyperparameters, for each model (colours: different
validation folds).
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Table 9: Hyperparameter optimisation (part two).

ML model Hyperparameter Values tested
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, 1e-3, le-2

learning._rate: Learning rate schedule

constant, adaptive

learning_rate_init: Initial learning rate

le-3, le-2

early_stopping: Use validation to stop training

True, False

Hyperparameter Optimal value
n_estimators 200
min_samples_split 3
min_samples_leaf 4
max_features sgrt
max_depth 5

Table 10: Optimised hyperparameters for the random forest.
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