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Abstract

Magnesium (Mg) and its alloys are being investigated increasingly as temporary bone implant
materials due to their non-toxicity, biocompatibility, and biodegradability properties. The most
challenging aspect of Mg-based implants involves adapting the degradation rate to the human
body, which requires extensive in vitro and in vivo testing. Reliable computational models can
aid by simulating the degradation and predict its rates. In the initial phase of the study, a com-
prehensive and in-depth review of the developed degradation models up to date, revealed the
fact that developing reliable degradation models is challenging. This is due to the complexity
and multi-scale nature of the biodegradation process. Moreover, reliable models must con-
sider multiple aspects of implant composition and alloying elements, as well as the surrounding
environment. Furthermore, biodegradation models are inevitably characterized by uncertainty
associated with different aspects of them, i.e. uncertain validation data, parameters, hypothesis
and concept as well as simulator limitations. Therefore, it is critical to quantify the uncertain-
ties within these models. Uncertainty quanti cation (UQ) provides several methods to quantify
different sources of uncertainty within computational models. Overall, UQ methods are com-
putationally expensive and require a substantial number of model iterations. Thus, surrogate
modelling has gained signi cant interest in recent years, as these models can substitute ex-
pensive models within the UQ analysis.

Kriging surrogate models are constructed to calibrate and estimate the model parameters of
a generalized degradation model. This model simulates both the degradation of pure Mg in
simulated body uid (SBF) and the precipitate formation on the implant surface. The quanti ed
degradation model could predict the behaviour of Mg implants of different shapes with the same
level of uncertainty as the experiments. Moreover, the novel approach of surrogate modelling
is implemented to bridge the gap between in vitro and in vivo degradation behaviour. In this
study, Kriging models are constructed to calibrate and estimate the model parameters of actual
geometry screw of Mg-xGd(Mg-5 wt.% Gd and Mg-10 wt.% Gd) implants in complex cell culture
medium. Then the parametric space of the model is expanded to include different scenarios.
The Kriging models are recalibrated using in vivo volume loss data of the same implants. A
correlation between the in vitro and in vivo degradation of Mg?*-ions can be drawn using the
diffusivity of Mg ions.

At the nal phase of this study, a work ow to implement UQ and select the most ef cient surro-
gate model for complex degradation models is presented. A unique set of issues related to UQ
implementation is addressed, including design of computer experiments, selecting the suitable
surrogate model based on the available information of the biodegradation system.

Overall, the current cumulative dissertation presents a clear work ow to quantify uncertainty
within different types of biodegradation models. The published work and proposed work ow
can serve as a foundation for assessing the in uence of uncertainty on the reliability and ro-
bustness of the computational models of biodegradation while optimizing the ratio of accuracy
and computational cost.






Zusammenfassung

Magnesium (Mg) und seine Legierungen werden aufgrund ihrer Nicht-Toxizitat, Biokompati-
bilitat und biologischen Abbaubarkeit zunehmend als Materialien fur temporéare Knochenim-
plantate untersucht. Die grofte Herausforderung bei Implantaten auf Mg-Basis ist die An-
passung der Abbaugeschwindigkeit an den menschlichen Korper, was umfangreiche in-vitro-
und in-vivo-Tests erfordert. Zuverlassige Computermodelle kénnen helfen, den Abbau zu
simulieren und seine Geschwindigkeit vorherzusagen. Eine umfassende und eingehende Uber-
prifung der bisher entwickelten Degradationsmodelle, hat jedoch gezeigt, dass die Entwick-
lung zuverlassiger Degradationsmodelle eine Herausforderung darstellt. Darliber hinaus sind
Degradationsmodelle zwangslau g durch Unsicherheiten gekennzeichnet, die mit verschiede-
nen Aspekten verbunden sind, z.B. unsicheren experimentellen Daten, Modellparameter, Mod-
ellhypothese und -konzept, sowie Einschréankungen in der Simulationssoftware. Daher ist es
von entscheidender Bedeutung, die Unsicherheiten innerhalb dieser Modelle zu quanti zieren.
Die Quanti zierung der Unsicherheit (Uncertainty Quanti cation, UQ) bietet mehrere Meth-
oden zur Quanti zierung verschiedener Unsicherheitsquellen in mathematischen und Com-
putermodellen. Insgesamt sind UQ-Methoden rechenintensiv und erfordern eine erhebliche
Anzahl von Modelliterationen. Die Surrogatmodellierung hat deswegen in den letzten Jahren
stark an Interesse gewonnen, da diese Modelle mit begrenzten Daten aus komplexen Modellen
trainiert werden kénnen.

Kriging-Surrogatmodelle werden konstruiert, um die Modellparameter eines verallgemeinerten
Degradationsmodells zu kalibrieren. Dieses Modell simuliert sowohl den Abbau von reinem Mg
in simulierter Korper Ussigkeit als auch die Bildung von Salzen auf der Implantatober &che.
Das kalibrierte Degradationsmodell konnte das Verhalten von Mg-Implantaten verschiedener
Geometrien mit dem gleichen Unsicherheitsgrad wie die Experimente bestimmen.

Der neuartige Ansatz der Surrogatmodellierung wird umgesetzt, um die Licke zwischen dem
Abbauverhalten der Implantate in in-vitro- und in-vivo-Experimenten zu schlieRen. In dieser
Studie werden Kriging-Modelle konstruiert, um die Modellparameter fiir den Abbau einer Schrau-
be aus Mg-xGd (Mg-5 Gew.% Gd und Mg-10 Gew.% Gd) in komplexem Zellkulturmedium
zu kalibrieren. Anschlie3end wird der parametrische Raum der Modellparameter erweitert,
um verschiedene Szenarien einzubeziehen. Die Kriging-Modelle werden anhand von in vivo-
Volumenverlustdaten der gleichen Implantate rekalibriert. Eine Korrelation zwischen dem in
vitro- und dem in vivo-Abbau von Mg?*-lonen kann anhand der Diffusivitat von Mg?*-lonen
gezogen werden.

In der letzten Phase dieser Studie wird ein Arbeitsablauf zur Implementierung von UQ und
zur Auswahl des ef zientesten Surrogatmodells f ir komplexe Abbaumodelle vorgestellt. Es
wird eine Reihe von Fragen im Zusammenhang mit der UQ-Implementierung behandelt, ein-
schlief3lich der Planung von Computerexperimenten und der Auswahl eines geeigneten Ersatz-
modells auf der Grundlage der verfigbaren Informationen tGber das biologische Abbausystem.
Insgesamt stellt die vorliegende kumulative Dissertation einen klaren Arbeitsablauf zur Quan-
ti zierung der Unsicherheit in verschiedenen Arten von Computermodellen des biologischen
Abbaus vor. Der vorgeschlagene Arbeitsablauf kann als Grundlage fur die Bewertung des
Ein usses von Unsicherheiten auf die Zuverl assigkeit und Robustheit der Computermodelle
des biologischen Abbaus dienen, wahrend gleichzeitig das Verhaltnis von Genauigkeit und
Rechenkosten optimiert wird.
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CHAPTER

Introduction and motivation

1.1 Introduction

Magnesium (Mg) is one of the essential elements within the human body and one of the most
abundant elements in the earth's crust. The unique ability of Mg and its alloys to degrade under
physiological conditions has paved the way for an innovative class of metallic biomaterials. Due
to their non-toxicity, biocompatibility, and biodegradability properties, they are great candidates
for fabricating implants, thus making them for some applications an ideal replacement for non-
degradable bone implants made of titanium-based alloys, cobalt-based alloys and stainless
steel as temporary implant materials [1-4]. The rising importance of biodegradable Mg-based
implants for orthopedic applications stems from their anti-in ammatory [5, 6], antibacterial [7—9]
and osteoinductive properties [10—12], which offer promising therapeutic outcomes for patients.
Overall, the development of biodegradable Mg-based implants holds promise for the future of
orthopedic medicine, offering patients safer and more effective treatment options with fewer
long-term complications [13-17].

Developing biodegradable implants that match bone healing degradation kinetics is a signif-
icant challenge. It requires careful consideration of the implant degradation rate, ensuring that
it adapts to the body's healing process without leaving behind harmful residues [2, 18-25]. In
principle, the ideal biodegradable implant should gradually degrade as the bone heals, allow-
ing for optimal regeneration of bone and tissue. Achieving this balance requires a substantial
amount of both in vitro and in vivo experimentation to investigate the rates of degradation and
the ability of the body to handle the degradation products [13, 18,19]. The biological environ-
ment is complex and testing conditions can vary widely, leading to a signi cant gap between in
vitro and in vivo studies [26—30]. To narrow this gap, it is necessary to conduct extensive anal-
yses and tests. However, since over 115 million animals are sacri ced annually for biological
research and industry, it is imperative that alternate effective methods be developed to facili-
tate the development of biodegradable implants [31-33]. Therefore, methods to enhance the
in vitro testing to provide more accurate predictions for in vivo testing, such as 3D-cell print-
ing techniques for biological systems [34] and organ-on-a-chip technologies [35], are rapidly
gaining recognition as safer and more ethical alternatives to animal testing. However, further
development and modi cation are needed to improve the performance of these techniques [36].
Another alternative is to utilize the different approaches of computational modelling (also known
as in silico methods) to construct reliable mathematical and numerical models, which can sim-
ulate the various aspects of the degradation. Hence, reliable computational frameworks are
a promising alternative to provide valuable insights into the degradation behaviour of different
Mg-based implants under physiological conditions [13,18, 19, 37-39]. Nevertheless, the ability

3



4 CHAPTER 1. INTRODUCTION AND MOTIVATION

of degradation models to bridge the gap between experimental studies still needs to be tested.

Developing a mathematical model of the degradation of biodegradable implants is a multi-scale
challenge that requires a comprehensive understanding of the complex nature of biodegrada-
tion, the various factors affecting it, and their interactions [19]. Extensive research in the in
silico eld has led to the development of various micro- and macro-scale computational models
for modeling different aspects of degradation, e.g. the impact of degradation process on the
implant s morphological and mechanical properties [13,19]. Degradation models can be classi-
ed based on the basic principles of derivation including physical, phenomenological, analytical
and data-driven models. Alternatively, they can be classi ed based on the type of degradation
they simulate, such as uniform, stress and pitting degradation models [19, 37-39].

Degradation models for biodegradable implants are, in fact, in uenced by uncertainty. These
uncertainties arise from various sources, primarily originating from the lack of knowledge re-
garding the underlying physics of biodegradation, which impacts the computational model as-
sumptions and hypotheses [40]. Other sources of uncertainty include the variability of model
parameters, the lack of predictive power, and the uncontrolled randomness in experimental
observations [19, 41, 42]. These Uncertainties affect critical aspects such as the reliability
of input parameters, initial and boundary conditions, as well as experimental or validation
data [40, 43, 44]. To reduce the complexity of the degradation model and control associated
uncertainties, various techniques and assumptions can be employed. A common approach is
to assume that parameters have constant values obtained from experimental testing. This tech-
nique was utilized in the computational model derived in [45], where a constant porosity value
based on experimental measurements of the degradation layer was used. Another technique
for simplifying assumptions involves drawing analogies with similar systems. An example of this
approach can be seen in the model presented by [46], where the surface of a Mg biodegradable
implant is assumed to remain smooth by neglecting pitting and cracking, similar to scenarios
observed in metal degradation under low loads. However, one of the main shortcomings of
degradation models is the simpli cation of the composition of degradation layers [19, 47—-49].

In several models, magnesium hydroxide (Mg(OH),) has been assumed as the primary degra-
dation product. This assumption implies that degradation experiments should only consider
pH as the main controller for degradation and ignore the effect of the ionic composition of
the implant and degradation media, ow rate, temperature, and other environmental condi-
tions [19, 37-39]. In addition to that, this assumption neglects the fact that Mg(OH), forms
a stable layer in an alkaline environment (pH > 10), which is not the typical environment for
biodegradable implants to be implanted [4]. It is crucial to address the uncertainties associ-
ated with degradation models as neglecting them may lead to inconsistencies between model
predictions and actual observations. This oversight could result in poor decisions about exper-
iment design decisions and inaccurate parameter choices. Computational models developed
without considering these uncertainties will have limitations and may fail to capture the vari-
ability of the degradation process [19,47—-49]. To address these challenges, it is essential to
identify, characterize, and quantify the various sources and types of uncertainty to develop
robust computational models for simulating the degradation of biodegradable implants. Inte-
grating Uncertainty Quanti cation (UQ) methods within the computational framework would
facilitate overcoming these challenges and limitations.

The motivation to integrate the UQ methods within the computational framework to simulate
biodegradation is supported by the fact that most degradation models are deterministic, mean-
ing that input parameters, such as reaction rates, touristy, porosity, and diffusion rates, are
assigned a single set of values. Therefore, degradation models will have a single response
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without considering the uncertainty associated with these parameters. The difference between
classical deterministic and UQ methods to evaluating a mathematical model is illustrated in
Figure 1.1. A deterministic model has a xed value for each input parameter corresponding
to a single output. While UQ methods consider the entire distribution of the input parameters,
which also contains the different types of uncertainty associated with them, resulting in the
model output becoming a range of possible values, represented as a grey shade [50].

Figure 1.1: Schematic diagram of traditional deterministic model vs. applying UQ methods to
model predictions (inspired by [51]).

UQ characterises and quanti es the difference between model predictions and experimental
observations by identifying the various sources of uncertainty associated with the degradation.
The UQ of deterministic models is illustrated in the schematic diagram in Figure 1.1. UQ pro-
vides insight into the impact of these uncertainties on model predictions. This is done by con-
sidering the full distribution of input parameters and including the probabilistic nature of these
parameters, which enables the consideration of different types of uncertainty associated with
these parameters, which enables the generation of different testing scenarios [43,47,52]. As a
result of considering the probabilistic nature of the degradation model, it is possible to compile
a parameter-response map that covers all possible observations of the model and their asso-
ciated uncertainty, thus giving a realistic mathematical presentation of the real system [53-55].
Moreover, UQ takes into account the uncertainty of the model itself by providing robust and
straightforward methods to generate random coef cients and parameters used in solving the
deterministic degradation models, which are derived in the form of algebraic, ordinary (ODES)
or partial differential equations (PDEs). By using UQ methods, original model realizations are
collected, and ensemble statistics are evaluated for each realization [54-56].

Classical UQ mostly relies on easy-to-implement Monte Carlo simulations (MCS). MCS do
not impose limitations on the statistical properties of the input parameters, and do not change
the deterministic solvers of the original model. Moreover, MCS are ideal for accelerating com-
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putational model solutions using parallel computing. The main bottleneck in UQ analysis us-
ing MCS is that it is time-consuming and computationally expensive. This signi cant issue
arises from the necessity of repeatedly evaluating complex and multi-scale degradation mod-
els [19,53,56,57].

Surrogate models provide a practical alternative to classic UQ analysis. A further advantage
of surrogate models is that they allow assessments of the effect of uncertainty on the reliability
and robustness of the computational framework, while maintaining an ef cient accuracy-to-
computational cost ratio [58-61]. The complex and multi-scale degradation models are treated
as a black-box that is approximated with an easy-to-evaluate explicit surrogate model [59, 60].
Generally, surrogate models are an important component that is incorporated into the UQ
eld [59, 60]. The importance of surrogate models relies on their ability to capture the be-
haviour of more complex computational models, particularly when data is limited, by mapping
the input-response variables. This allows for ef cient UQ analysis using surrogate models in-
stead of the original, more computationally expensive models [45,57,59,60]. The reliability of a
surrogate model is directly impacted by the nature of the physical system being modelled and
its computational representation. This, in turn, determines the most suitable surrogate mod-
elling techniques. In general, a variety of surrogate models are available in the literature and
their construction has different levels of complexity and data requirements and intimately de-
pends on the nature and complexity of the original system. For example, polynomial surrogate
models, e.g. polynomial chaos expansion, are suitable for high-dimensional problems, while
Kriging, which is an interpolation method, exhibits excellent performance for low-to-medium-
dimensional problems [62]. Moreover, the availability and accuracy of the calibration/validation
data, whether linear or non-linear, will also play a signi cant role in the choice of the appropriate
type of surrogate model [57,59, 60, 63].

1.2 Thesis structure

This thesis is motivated by the challenges of modelling the complex and multi-scale degradation
system of biodegradable Mg-based implants. The main aim of this thesis is to quantify the
different types of uncertainty associated with degradation models by developing an ef cient
computational work ow to perform a variety of UQ analyses, i.g. model calibration, uncertainty
propagation and sensitivity analysis. However, the complexity and computational cost of the
quanti cation process are directly related to system complexity. This work utilizes multiple
surrogate models to quantify the uncertainty associated with different degradation models. In
order to achieve a thorough treatment of UQ, several steps must be considered

~

Characterise the relationship between different parameters that affect degradation model
predictions. This includes a critical review and screening of the available degradation
models both in vitro and in vivo;

Develop a work ow for constructing ef cient surrogate models for different scenarios and
types of degradation;

Develop suitable surrogate models and optimize their parameters based on the degrada-
tion model;

Identify areas where surrogate models can improve computational studies of degradation
systems.

To emphasize the research objectives, the thesis was structured as follows:
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Chapter 2 includes a detailed discussion of the basic concepts of uncertainty, error and un-
certainty quanti cation, together with a brief overview of the different aspects of UQ methods
and techniques, as some of these techniques will be used in subsequent studies. Chapter 3
highlights the importance of continued research and development in the eld of in silico test-
ing of Mg-based implants. It presents a comprehensive discussion of the various approaches
developed to model the degradation of biodegradable Mg-based implants in vitro and in vivo.
This chapter begins by diving into the complex factors that in uence the degradation behaviour
of Mg-based implants. Furthermore, it addresses the challenges and opportunities associated
with integrating these factors into different modeling approaches. Speci cally, a comprehen-
sive and critical discussion of the published models and their performance in capturing the
complexity of the biodegradation is presented. Additionally, different approaches to optimize
and quantify the different sources of errors and uncertainties within the proposed models have
been reviewed and discussed.

Motivated by this review, Chapter 4 introduces a novel computational model that simulates
the degradation of pure Mg under physiological conditions. The model captures the degrada-
tion behaviour of pure Mg and the formation of different precipitates on the implant surface.
Kriging surrogate models are constructed based on the degradation model. The use of Kriging
surrogate models enhances the calibration process of the key model parameters by consid-
ering the probabilistic nature of these models. Furthermore, they enable sensitivity analysis,
which provides insightful knowledge about the dynamics of the degradation, by identifying the
most in uential parameters in degradation. Furthermore, especially in precipitate formation,
sensitivity analysis yields more information about the competing reaction between calcium pre-
cipitation and phosphate ions for hydroxyapatite formation. Finally, the performance of the
calibrated degradation model against in-house experimental data shows that both degradation
and precipitate formation models are in good agreement with experimental data.

In Chapter 5 discusses the possibility to bridge the gap between in vitro and in vivo degra-
dation studies of biodegradable Mg-based implants using computational models. Kriging sur-
rogate models are constructed using a three-dimensional peridynamic model of degradation,
developed in [64]. The constructed models are calibrated to volume loss datasets from in vitro
and in vivo degradation of Mg-xGd screws in a complex cell culture medium. Based on the
similarity of the diffusion process of Mg?*-ions in both systems, Kriging models can map the
degradation between in vitro and in vivo using the diffusion rates of Mg?*-ions in both degrada-
tion systems as key parameters. Moreover, based on this calibration, time-independent ratios
between the diffusion rates of Mg?*-ions are established. These ratios can be utilized to infer
in vivo degradation behaviour based on in vitro experiments.

A comprehensive analysis of the effectiveness of the proposed UQ work ow, is presented
in Chapter 6. Different types of surrogate models are tested for degradation models, includ-
ing Kriging, polynomial chaos expansion, and polynomial chaos Kriging. Surrogate modelling
techniques are selected based on the complexity of the degradation model, available train-
ing/validation data, and computational resources. The proposed UQ work ow has been inves-
tigated using three different degradation models, in order to re ect the in uence of the degra-

dation model s complexity. In this study, the uncertainties associated with different models are
presented in terms of global sensitivity analysis and uncertainty propagation.

Finally, Chapter 7 summarises the thesis ndings. Moreover, it presents a comprehensive
and detailed outlook, offering insights into the potential applications of the computational mod-
els and uncertainty quanti cation work ows developed in this work.
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Overall, this cumulative thesis is based upon work that has been published or submitted for
publication:

" Chapter 3 [19] Albaraghtheh, T., Willumeit-Rémer, R., Zeller-Plumhoff, B. (2022). In silico
studies of magnesium-based implants: A review of the current stage and challenges.
Journal of Magnesium and Alloys. 10 (11), 2968-2996.

" Chapter 4 [45] Zeller-Plumhoff, B. , Albaraghtheh, T. , Hoche, D., Willumeit-Rémer, R.
(2022). Computational modelling of magnesium degradation in simulated body uid under
physiological conditions. Journal of magnesium and alloys. 10(4):965-78.

" Chapter 5 [65] Albaraghtheh, T., Hermann, A., Shojaei, A., Willumeit-Rémer, R., Cyron,
C.J., Zeller-Plumhoff, B. (2023). Utilizing computational modelling to bridge the gap be-
tween in vivo and in vitro degradation rates for Mg-xGd implant. Corrosion and Materials
Degradation, 4(2), 274-283 (Invited ).

" Chapter 6 Albaraghtheh, T., Willumeit-Rémer, R., Zeller-Plumhoff, B. (2024). Best prac-
tices in developing a UQ-work ow for modelling the biodegradation of Mg-based implants.
Advanced Science, under review.

In addition, Chapter 8 summarizes my collaborative involvement in published research, which
was not included in this thesis. Short articles covering the research topic of this thesis have
been written and published as part of the UQ-dictionary, which is a part of HGF Incubator -
Uncertainty Quanti cation project. These articles can be accessed at https://dictionary.
helmholtz-ug.de .
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Theoretical Background

Adapting the degradation rates of biodegradable Mg-based implants to the human body is one
of the most challenging steps, which requires extensive in vitro and in vivo testing. Compu-
tational methods are a promising alternative to predicting degradation rates and accelerating
material optimization. Mathematical models developed to simulate multi-scale complex degra-
dation systems are characterised by uncertainty. In spite of how sophisticated biodegradation
models are, they still exhibit deviations in their ability to accurately predict degradation. To
guantify the uncertainty associated with biodegradation models, it is crucial to identify and
classify the uncertainty inherent in the biodegradation system. The next section introduces the
main pillars of UQ; the difference between uncertainty and errors, types of uncertainty within
computational systems and how to classify them. Furthermore, an overview of surrogate mod-
els and the design of numerical experiments tailored speci cally to studying the degradation of
biodegradable Mg-based implants is discussed. Finally, methods of presenting uncertainty and
how they propagate within computational systems are discussed.

2.1 The challenge in modelling the degradation of biodegradable
implants

Several mathematical models have been proposed to simulate different aspects of the biodegra-
dation process, with the ultimate goal of accurately simulating the degradation behaviour in in
vitro and in vivo experiments. However, modelling the degradation of biodegradable implants
poses signi cant challenges and uncertainty due to the complex, multi-scale nature of the
biodegradation process, as illustrated in Figure 2.1. According to the schematic diagram, dif-
ferent types of reactions and changes occur at different stages and times during the biodegra-
dation process [66].

One of the signi cant challenges in modelling the biodegradation process is the limited knowl-
edge and understanding of the various factors that in uence degradation. Under physiological
conditions several factors affect and contribute to the complexity of biodegradation, which can
be summarised as: medium composition, pH, temperature, CO, and O, concentrations, and
medium ow rate, as well as alloying elements and materials processing methods [19, 23, 67].
These factors play a considerable role in controlling the nature of degradation by affecting
both degradation rates and products [23,68,69]. A summary of the effect of these factors is
presented in Chapter 3, moreover, a comprehensive discussion can be found in Gonzalez et
al., [23]. Added to this, a study by Zeller-Plumhoff et al., [70] explored the ionic interactions of
individual ionic components of simulated body uids (SBF) and predicted the degradation rate
of pure Mg. Here a non-linear relationship was reported between degradation rate and the pre-
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10 CHAPTER 2. THEORETICAL BACKGROUND

cipitation of calcium salts. A comparative study presented by Walker et al., [69] compared the
degradation rate of pure Mg and ve Mg-based alloys; namely: AZ31, Mg-0.8Ca, Mg-1Zn, Mg-
1Mn, Mg-1.34Ca-3Zn, in three in vitro media; Earle s Balanced Salt Solution (EBSS), minimum
essential medium (MEM) and MEM with 40 g/L Bovine Serum Albumin (BSA) buffered with
CO2/HCQ,. In this study, degradation rates within EBSS matched in vivo rates. In addition, all
tested implants displayed increased degradation rates when BSA was added.

Figure 2.1: Schematic description of the complexity of the biodegradation process. Adapted
from [66] under CC BY 4.0 license.

The speci ¢ mechanisms and interactions of degradation under different conditions need to be
fully comprehended, in order to develop a reliable computational model that accurately predicts
degradation behaviour [13, 19, 38, 39, 71]. Additionally, the gap between in vitro and in vivo
degradation behaviour adds another challenge to biodegradation models. For example, a re-
cent study by Martinez et al., [72] investigated the in vitro and in vivo degradation behaviour of
Mg-0.45Zn-0.45Ca (ZX00) screws. In this study, the ZX00 screws were immersed for 28 days
in -MEM for in vitro testing, while human-size screws were implemented in the diaphysis of
sheep (Ovis aries) over 24 weeks. The degradation layer was found to have the same elemen-
tal composition, but the elemental distribution and thickness of the layers varied between the in
vitro and in vivo tests. As a result of this variation, it is evident that degradation mechanisms
are highly dependent on the surrounding environment under physiological conditions. Martinez
et al., ndings agree with a review by Sanchez et al., [73], which presented a detailed compar-
ison of several published studies to examine whether it is possible to correlate the in vitro and
in vivo degradation behaviour of Mg and Mg-based alloys. However, this study concluded that
a clear correlation could not be established.

Another challenge reported is due to the limited adequate experimental data to validate and
calibrate the biodegradation models, especially for newly developed implants or speci ¢ degra-
dation conditions, can affect the reliability of the model and its predictions [13, 19]. Bajger et
al., [42] reported the lack of experimental data for the reaction rate constants, as well as the
absence of diffusion coef cients values in the literature. Similar issues of lack of experimental
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data were reported by Sanz-Herreraa et al., [74], which resulted in only obtaining qualitative
results from the model, which investigated the role of multiple chemical components involved
in the in vitro degradation of Mg-based implants. In a recent study by Barzegari et al., [75],
Bayesian optimization was implemented to overcome this problem. However, Bayesian opti-
mization increases the computational cost of the model and only considers a limited number of
parameters based on the assumption of the most effective parameters. Furthermore, dealing
with non-linear and time-dependent degradation equations can introduce instability issues in
the numerical methods used to solve these equations [76, 77]. The instability arises from the
dependency of these equations on the mesh, which can be controlled using a convergence
study, as in the case presented by Boland et al., [78] for calibrating a pitting corrosion model
of WE43 implants. Moreover, the computational models of degradation can be computation-
ally demanding due to the different length scales considered in the modelling, e.g., macro-
scopic, microscopic and considering interactions at multiple levels, i.e. cellular, tissue, bone,
implant [19, 79-84]. Due to this, most biodegradation models are run on high-performance-
computing (HPC) clusters. For example, a biodegradation model developed by Zeller-Plumhoff
and Albaraghtheh et al., [45] required twenty-eight minutes for a single run using 80-core 2.40
GHz Gold 6148 processor Maxwell cluster, while a biodegradation model developed by Her-
mann et al., [64] required around three hours for single run using 24-core 2.1 GHz Intel Xeon
Scalable Platinum 8160 processor.

Overcoming the mentioned challenges involves continuous improvement and validation of biodegra-
dation models through rigorous experimental data collection and comparison. The develop-
ment of a reliable computational framework for degradation that handles the various challenges
mentioned above may also play a signi cant role in accelerating the optimization of biodegrad-
able implants. In this case, biodegradation models should be able to process an arbitrary
number of biodegradation scenarios to create a comprehensive map of the prediction space.
Moreover, computational models can provide valuable insights into possible responses and an-
ticipate challenges, resulting in developing exible computational frameworks that effectively
adapted to the changes in biodegradation behaviour under various text conditions [85, 86].
Considering different biodegradation scenarios increases the uncertainty associated with the
computational framework, which must be addressed and quanti ed. This thesis employs UQ in
order to quantify the uncertainty associated with different biodegradation models for biodegrad-
able magnesium implants. Nevertheless, implementing UQ for a complex system, such as
biodegradation models, presents a challenge due to the computational load associated with
various UQ methodologies. In order to overcome this challenge, different surrogate models are
tested and utilised.

2.2 Uncertainty quanti cation

Uncertainty quanti cation is a multidisciplinary eld that encompasses applied mathematics,

statistics and engineering. UQ is not a single-step process; it can broadly be de ned as a
framework, which employs computational models, observational data and theoretical analysis
to identify, analyze and mitigate uncertainty associated with mathematical models, simulations
and data-driven predictions [87—90]. Importantly, UQ is implemented to analyse and quan-
tify uncertainty in different computational models, as well as to identify uncertainty sources
[55,91,92]. In addition, identifying the in uence of uncertainty facilitates a reliable understand-
ing of physical phenomena, accurate prediction of quantities of interest (Qol) and identi ca-
tion of the most in uential uncertainty sources that play a crucial role in model responses.
Within computational frameworks, UQ includes several tasks, for example, characterization of
uncertainty, uncertainty calibration, sensitivity analysis, uncertainty propagation and inverse
analysis [49, 89-91]. Within scienti c computing, UQ is closely combined with the concepts of
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veri cation and validation.

As part of model-based predictive analysis and design, veri cation involves the connection be-
tween mathematical and computational models. The goal is to eliminate implementation errors
and ensure numerical methods are used correctly. The correct implementation of numerical
simulations is checked by comparing the simulation output with previously validated simula-
tions, analytical or exact solutions of the model [89, 90]. While validation aims to check the
reliability of the simulation for predicting physical system behaviour under different conditions.
Validation Ensures the accuracy of a numerical simulation representing the physical system,
which involves comparing the results of the simulation with experimental data or with known
physical or mathematical models of the physical phenomenon [89, 90].

2.2.1 Variability, uncertainty and error

Uncertainty and error are fundamental concepts in scienti c measurements and estimations.
UQ considers inherent variability within a physical system. A quantity is considered variable
when it changes between the same parts, over time, or between places. Notable examples
of variability include manufacturing tolerances, uctuations in working conditions and material
scatter [89], as well as, the variation in degradation rate, volume loss and pH for the same
time point and same implants under in vitro or in vivo conditions. Uncertainty encapsulates the
degree of ignorance related to the exact behaviour, mechanism or response within any phase
of a computational system. More precisely, uncertainty is an attribute of lack of knowledge
and it signi es a limitation in possessing a comprehensive understanding of the computational
model s actual response, encompassing its inputs, hypotheses, and assumptions [93]. Uncer-
tainty can be visualized as a con dence interval of the model output, representing the range
of possible true output values with a certain level of con dence, e.g. 90%, 95% and 99%.
This interval resembles a cloud of potential model response scenarios, capturing the inherent
variability and unpredictability of the computational model [47,94]. Error, in contrast, is a de-
terministic value that is de ned as deviations from the exact/standard measurement value. In
general, error can be considered an attribute of a measurement or an estimate [89, 93]. Errors
can arise from various sources, such as measurement inaccuracies, modelling assumptions, or
data inconsistencies [95, 96]. To understand the difference and connection between variability,
uncertainty and error terms, let us consider an experiment to measure the gravitational accel-
eration (g) as an example. The exact or standard value for g is 9.81 ms 2, when measuring the
acceleration using a pendulum in the lab we can get values of 9.91, 9.84, 9.72, and 9.65 ms 2.
The variation in the measurement is variability, which is a result of error. The deviation in g
value from the standard value of 9.81 ms 2 is the error, while uncertainty is the range between
9.65 and 9.91 ms 2.

Within computational frameworks, the categorisation of errors includes systematic errors, also
known as deterministic or statistical bias, which can emerge as calibration errors and are quan-
ti able through validation against experimental data. They can also be quanti ed by calculating

the average difference between model observations and measurements obtained through a
standard or reference method. Another error category is random errors, indeterminate and
uncontrollable in nature, often arising from variations among different observations in the sys-
tem. These errors are inherent and cannot be eliminated. Moreover, the deviation from ex-
perimental observations or validation data in the model s predictions is known as modelling
errors arising from incorrect assumptions, inaccurate measurements and failed modelling tech-
niques [56,93,95]. On the other hand uncertainties are categorized based on their nature, level
of knowledge or sources [47,93,94]. The term uncertainty is used throughout the current thesis
to refer to the various types of uncertainty from different sources that are associated with the
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biodegradation models, unless a different speci cation is given.

2.2.2 Uncertainty characterization

A comprehensive comprehension of the types, nature and sources of uncertainty within compu-
tational models is paramount to effectively address the diverse uncertainty associated with var-
ious aspects of computational models, including inputs, responses and assumptions. Although
identifying and categorizing uncertainty can be challenging, especially within model-based sys-
tems, they can generally be classi ed into two main categories: aleatory and epistemic [97].

Figure 2.2: Schematic diagram of epistemic and aleatory uncertainties within the modelling
domain.

Epistemic uncertainty arises from a lack of knowledge or an incomplete understanding of the
nature of the system. As a result, models exhibit non-deterministic behaviour, particularly within
the unobserved domain of the physical system in which the observations of the system are not
available or measured, as illustrated in the schematic diagram in Figure 2.2. Epistemic un-
certainty can be viewed as reducible uncertainty. It can be reduced by conducting additional
experiments, deepening knowledge, consulting experts in the eld, utilizing advanced models
and employing accurate approximations [88, 98, 99]. Aleatory uncertainty, on the other hand,
is characterised as irreducible. The nature of this uncertainty is illustrated in the schematic
diagram in Figure 2.2. It encompasses inherent randomness, natural variability and stochastic
uncertainty. Aleatory uncertainty is mathematically presented through probability or frequency
distributions within the observed domain of the physical system. Moreover, aleatory uncertainty
increases as observation data uncertainty increase [48,49, 98-100].

To understand the difference between aleatory and epistemic uncertainty let us again con-
sider the simpli ed experiment to measure gravitational acceleration. Epistemic uncertainty
arises from uncertainty in the physical parameters of the experiment such as unknowing the
precise length of the pendulum due to manufacturing tolerances or measurement errors. Con-
sequently, measuring the distance traveled by the pendulum may be dif cult due to a lack of
knowledge. In addition, the variability in the material properties of the pendulum bob may in-
troduce errors to the mass measurement of the pendulum, as well as the limitation in the time
measurement. Another important source of epistemic uncertainty arises from neglecting the
drag force of the system when considering the standard value for g of 9.8 ms 2, where in reality
the air resistance could be measured and incorporated to reduce the uncertainty. Meanwhile,
for the same experiment, the aleatoric uncertainty arises from the inherent randomness in the
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initial conditions and external disturbances, such as variations in the initial release angle or
velocity of the pendulum with each run of the experiment. The imparted random disturbances
in the motion of the pendulum are due to the presence of air currents or vibrations in the envi-
ronment. Moreover, aleatoric uncertainty is a result of undetectable variations in the detection
of the motion or time of release. Overall, even if we managed to eliminate the epistemic un-
certainty by exactly setting and knowing the physical parameters a variation and variability in
the measured values of the gravitational acceleration across repeated trials of the experiment
would be repeated due to the aleatoric uncertainty.

Distinguishing between epistemic and aleatory uncertainties directly during system data and
parameter analysis is not straightforward. This challenge creates a third category known as
mixed uncertainty [88,99, 101]. Classifying uncertainties into aleatoric, epistemic or mixed un-
certainty depends on the perspective from which the system is observed [102,103]. There is,
however, a wide variation between researchers when it comes to identifying and classifying
different types of uncertainty. Based on the literature, it is evident that there are contrasting
perspectives, for example, Enserink et al., [101] characterise uncertainty based on knowledge
as only epistemic and aleatory. In contrast, Der Kiureghian and Ditlevsen [103] argue that this
classi cation is not general but context-driven, where the classi cation depends on the pur-

pose and application of the computational model under consideration. This alternative view-
point suggests further characterisation or the adoption of different terminologies, particularly
for uncertainty associated with computational frameworks guided by the target Qol. Another
classi cation presented by Kirchner et al., [98] and Walker et al., [99] indicates that broadening
the characterisation of uncertainty can involve de ning and manifesting them at different levels
within the model itself. Characterising uncertainties based on their level indicates that uncer-
tainties are de ned as a broad spectrum ranging between known and unknown, encompassing
systematic or random statistical uncertainties. The spectrum of knowledge starts with determin-
istic knowledge and goes to total ignorance. Deterministic knowledge represents uncertainties
that can be expressed using statistical methods, including probability theory, bounds, means
and standard deviation. This type of uncertainty is associated with any part of the model where
the deviation from the reference values can be statistically characterised [98,99]. Conversely,
total ignorance refers to uncertainty directly linked to a lack of knowledge about the system,
which arises from poorly understood phenomena or complex interactions among multiple vari-
ables. A clear indication of recognized ignorance is the absence of understanding regarding
the model s functional relationships and mechanisms. This level of uncertainty can be divided
into two sub-levels: reducible and irreducible ignorance. Reducible ignorance entails dimin-
ishing uncertainty through enhancing knowledge through an exploratory approach, including
additional experiments and studies [98, 99, 102]. In contrast, irreducible ignorance represents
indeterminate uncertainty that cannot be reduced. Overall, the total ignorance level is unlimited;
in fact, this level cannot be quanti ed, and it is characterised by high uncertainty [98, 99, 101].
In addition, there is a system-based classi cation of uncertainty, where uncertainty is catego-
rized in accordance with its location within a complex computational framework. This approach
of classifying uncertainty based on its location is followed to highlight the importance of the
uncertain locations within the complex computational frameworks, as can be seen in the work
by Ricciardi et al., [104], Qian et al., [105] and Posch and Pilz [106].

Based on the discussion above, accurately characterising and managing uncertainty is a crit-
ical component of any reliable computational framework and it depends on the perspective
of the physical system under consideration. Once the uncertainties have been identi ed and
characterised, it is necessary to quantify them using UQ methods. These methods can be
implemented forward or backward (inverse). Moreover, based on the modi cation levels of the
mathematical model equations or source codes, UQ methods can be seen as intrusive and
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non-intrusive methods [90, 107].

2.2.3 Forward and backward uncertainty quanti cation

Forward UQ and Backward (or Inverse) UQ are the main two approaches to dealing with uncer-
tainty in computational frameworks. Figure 2.3 illustrate the information ow of the UQ analysis
for both forward and backward UQ analysis.

Figure 2.3: Forward and backward uncertainty quanti cation.

Forward UQ, Figure 2.3 green lines, refers to the ow of uncertainty information from the input
to the output through the computational models and how it is propagated within the computa-
tional framework [90,108,109]. The main aim of Forward UQ is to quantify the range of possible
model predictions while considering uncertainty in its inputs [108]. This is typically done through
methods like Monte Carlo simulation, Latin Hypercube Sampling (LHS) and Polynomial Chaos
Expansion. Moreover, further optimization is performed to nd the optimal input parameters
that minimize the discrepancy between the model and the observed data. This involves devel-
oping quantitative measures of the discrepancy using error metrics, goodness-of- t, statistical
analysis, calibration, sensitivity analysis as well as model validation [91, 108-110].

Forward UQ can be formulated mathematically by representing the uncertain input parameters

as random variables with known probability distributions, p( ). Then the input uncertainty
is propagated through the computational framework (G) to obtain the probability distribution of
the output (Qol), ygo = G( ). At the end of the analysis, it is possible to compute the statistical
properties of the output, such as mean, variance, and sensitivity indices. For this the mathe-
matical presentation of the joint probability density function of the input parameters p( ) and
the probability density function of the output p(y) is given by

Z

p(y)= p() (y G()d: (2.1)

On the contrary, in backward UQ the uncertainty information ows backwards from the output
to the input through the computational models (Figure 2.3, in blue). Backward UQ methods aim
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to match model predictions with observed or experimental measurement data. In this case, the
probability distribution of the input parameters is gathered during the simulation process. By ad-
justing and optimizing the combination and ranges of input parameters, Backward UQ methods
guantify the agreement between a computational model s output and measured data. As for
forward UQ, this involves optimization or Bayesian inference methods to nd the best- t param-
eters that minimize the discrepancy between the model and the observed data [90, 108, 109].
For example, the Bayesian inference method establishes a prior distribution, which re ects
the assumption of what distribution best describes the model s parameters, and subsequently
uses observed data to update this distribution, which is known as the posterior distribution.
The posterior distribution is used to quantify the uncertainty associated with parameters and
predictions [111,112]. Mathematically this can be presented by the random input parameters
but unlike forward UQ here have unknown probability distributions. Assuming that yyat4is the
observed (experimental) data with a normal error, then the likelihood function, which models
how likely the observed data is given the parameter is de ned as Likelihood piike(Ydataj ) @and
given by

Pike( J Ydatd) = N (Yool ))i Zocervel (2.2)

where yqq is the output (solution) of the model,with parameter and gbserve 4s the standard
deviation of the observed data. To update the uncertainty in  the posterior distribution is

required, computing it using Bayes' theorem resulted in

Piike( | Ydatd) /' Pike(Ydata) )P( ) ; (2.3)

where pike( | Ydata) iS the posterior probability density function of the input parameters given
the observed data Yyata Piike(Ydata] ) iS the likelihood function, and p( ) is the prior probability
density function of the input parameters. Based on the posterior distribution in equation 2.3 it
is possible to perform statistical analysis to estimate the most likely value for based on the
observed data Yyata

A simpli ed formulation of forward and backward UQ can be presented by applying the con-
cepts to the simpli ed experiment of measuring the gravitational acceleration. If the following
computational model for measuring g is assume

g=G(L;mt) ; (2.4)

where L is the distance traveled by pendulum in meters, m is the mass of the pendulum bob
in kilograms and t represents the time in seconds. Here, L, m and t are uncertain input pa-
rameters. In terms of forward UQ methods, this system can be expressed mathematically as
follows

Lym;t  p(L;m;t); (2.5)
g= G(Iz' m; t); (2.6)
p(@ = pL;mt) (g G (L;m;t))dLdmdt (2.7)

where p(L; m;t) is the joint probability density function of the input parameters and p(g) is the
probability density function of g. While for backward UQ, we need to infer the probability distri-
butions of the uncertain input parameters given measured data of g. The prior distributions of
input parameters are

L p(L); (2.8)

m  p(m); (2.9)
t pe): (2.10)
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If the prior distributions in equations 2.8-2.10 are assumed to have a Gaussian distribution with
amean of and variance of 2, the prior distributions are denoted as

L N () (2.11)
m N (m f) (2.12)
t N (o P (2.13)

here, the joint prior distribution is given by

p(L; m;t) = p(L) p(m) p(t) : (2.14)

Assuming the measurement of g is also following a Gaussian distribution, then the likelihood
function pjike(observell; M; t), which represents the probability of observed g (gopserved given the
input parameters is given by

Pike(Gobservel-; M;t) = N (g; G(L;m;t); 5); (2.15)

where S is the variance and G(L; m;t) is the forward model for g. The posterior distribution for
this system using Bayes' theorem, given the input parameters and observed data g is given as

P(L;m;t | Jobserved/ P(Jobserved Ly M;t) p(L;m;t) (2.16)

by substituting the likelihood expressions equation 2.15 into equation 2.16 we get
P(L; M; tjgopserved/ N (G GLim;t); HN(L; 15 N mi DN o 2): (2.17)

Based on equation 2.17 the uncertainty in the inputs can be updated by computing various
statistics, i.e. the posterior mean, variance and con dence interval.

For addressing uncertainty in computational frameworks, both forward and inverse UQ meth-
ods are essential, providing insights into the range of possible inputs and improving accuracy
and reliability. However, backward UQ methods are more complex than forward UQ and there-
fore require higher computational power. This is also re ected in the simpli ed example of pure
Mg degradation. It is the forward UQ methods and analysis that will be the focus of the current
thesis.

2.2.4 Non-intrusive and intrusive uncertainty quanti cation

Two distinct approaches are used to address uncertainties in the computational framework:
intrusive and non-intrusive UQ methods. Figure 2.4 presents a schematic diagram illustrat-
ing the distinction between implementation of UQ using intrusive (red lines) and non-intrusive
(light blue lines) methods. De ning a forward UQ problem (dark blue lines, Figure 2.4), starts
by de ning the Qol, discretization the mathematical model to build the numerical model, then
identifying the sources of uncertainty within the system. The intrusive UQ methods (red lines)
involve modifying the mathematical equations of models or the source codes of numerical mod-
els to incorporate uncertainty-related parameters directly, also referred to as stochastic param-
eters [113-115].

Consider a simpli ed case of pure Mg degradation under physiological conditions, the degra-
dation can be assumed to be governed by the diffusion of Mg?* ions from the implant surface
within the degradation medium. In this case the uncertain parameter is the diffusivity of Mg?*
ions, and the govering equation is

@wg

@ (Dmgr mg) (2.18)
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where cyg and Dyg are the Mg concentration and the diffusion rate constant, respectively. If
Dwg is assumed to follow a Gaussian distribution with a mean of and a standard deviation
of ,ie,Dug N (; 2). Under intrusive UQ, this model will be modi ed by incorporating
uncertainty directly into the model by considering Dyg as a stochastic process. The modi ed
model equation 2.18 is given by

@wg
@

where D(t) is a stochastic process modeling Dug's temporal evolution. A simpli ed modi cation
can be done using the Ornstein-Uhlenbeck process, which is a stochastic process that uses
a random number generator to describe the mean-reverting behaviour and incorporating it
directly into the mathematical or numerical models [116,117], and D(t) is given as

=1 (DO owg) (2.19)

D
d— = (D Y+ () ; (2.20)
dt
where and are decay rates and white noise processes, respectively. Intrusive UQ converted
the biodegradation model presented in equation 2.18 to account only for the stochastic nature
of D(t).

Figure 2.4: Forward intrusive (red lines) and non-intrusive (blue line) quanti cation analysis.

The intrusive modi cation allows for UQ analysis at various simulation stages, and entails the
embedding of uncertainty propagation within the computational framework [114], as illustrated
in Figure 2.4. However, intrusive methods can signi cantly increase complexity when dealing
with intricate model equations or extensive source codes [107,114]. Several methods have
been developed and adapted for this analysis, largely focusing on the spectral expansion of
stochastic variables, as detailed in Le Ma'tre et al., [113]. One popular example of this ap-
proach is the stochastic Galerkin method. Due to its intrusive nature, this approach necessi-
tates modifying and developing stochastic models based on the fundamental principles of the
study system. When the number of uncertain quantities increases, the size of the stochastic
system also grows, as it requires code modi cation to evaluate model functions [113,114]. The
extensive discussion of these complex modi cations and developments is beyond the scope of
this thesis. A more detailed discussion can be found in [114,118].
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In general, longer computational times and increased CPU (cores per CPU) usage are of-
ten required, especially for large nonlinear or complex partial differential equation (PDE)-based
models [90, 115], which is one of the signi cant drawbacks of intrusive methods. Moreover,
these methods are limited by source code availability. For instance, adapting these methods
to quantify uncertainties becomes unfeasible if the source codes are commercial or not acces-
sible to end users, such as COMSOL, Fluent, OpenFOAM codes. Non-intrusive UQ methods
have been developed to overcome intrusive methods' limitations. These methods treat compu-
tational models as black-box models, which refer to models in which computational models are
perceived as inputs and outputs by an analyst [119].

Non-intrusive UQ methods, illustrated in Figure 2.4 (light blue lines), eliminate the need to refor-
mulate equations or modify the model s source codes for quantifying associated uncertainties.
Instead, they rely on sampling techniques, which sample the model s input space and evalu-
ate its responses without altering its internal structure. Furthermore, these methods provide a
more exible and adaptable method for reconstructing the statistical properties of uncertainty
through the use of multiple iterative deterministic simulations [49, 90, 107, 114]. In addition,
these methods separate computational model evaluation and UQ analysis, as illustrated in Fig-
ure 2.4, which simpli es the implementation of these methods and reduces computational time,
CPU and memory usage [114].

Throughout the current thesis, non-intrusive forward UQ methods are implemented. Non-
intrusive forward UQ methods and tools effectively handle high-dimensional problems and
reduce the computational burden associated with intrusive methods [43, 49, 114]. Most im-
portantly, non-intrusive forward UQ methods are more ef cient when dealing with highly sen-
sitive models because they provide a non-invasive analysis without interfering with the original
model s functionality or behaviour. Therefore, non-intrusive UQ methods are effective in quan-
tifying uncertainty associated with biodegradation models.

2.3 Quantifying uncertainty in complex biodegradation models

As mentioned before, uncertainty is categorised as aleatory and epistemic. However, for a
complex computational framework, as is the case for modelling the degradation of biodegrad-
able implants, it is more convenient to deal with uncertainty based on the speci c locations,
namely input, model and output uncertainty. Considering the complexity of degradation mod-
els, this systematic classi cation would facilitate the quanti cation and description of forward

uncertainty.

Input uncertainty is one of the most in uential factors in computational models. It is primarily
associated with the observed data that describe the physical system [88,99]. When deviations
from the physical system are observed and linked to the model s parameters, it is referred to
as parameter uncertainty. Parameter uncertainty represents the inherent variability in parame-
ters or the lack of knowledge about the true values of the model s key parameters [104-106].
Model input includes uncertain parameters, boundary and initial conditions and experimental
measurements of physical properties (physical constants), e.g. density, molar mass, mass
and heat capacity. Additionally, some model parameters are assumed to have constant val-
ues, which can be based on previous studies, empirical equations of state, and constitutive
models, or are not directly measured, such as geometry, reaction rates, and transport proper-
ties [88, 100, 120]. However, it is crucial to acknowledge the deterministic nature of constant
and exact parameters within the model input, as these parameters have negligible uncertainty,
which is known or minimal uncertainty, examples of exact parameters include universal con-
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stants such as the ideal gas constant R, and e[59, 88]. Biodegradation models can consider
input and parameter uncertainty in terms of implant material properties, such as density, poros-
ity, the geometry of the implants as well as the boundary and initial conditions. For example,
Jia et al., [79] investigated the in uence of geometrical factors on the degradation of AZ91D
magnesium alloy in contact with mild steel. According to the Boundary Element Method (BEM)
model, the distribution of current density in this study was similar to that observed experimen-
tally. There was, however, a signi cant difference between experimental and eld degradation

rates. This deviation was the result of simplifying the geometry. For the same model, bet-
ter agreement was achieved in a study by Lacroix et al., [121], in which a realistic geometry
was integrated and normal and radial components of the current distribution were calculated.
Moreover, reliable literature values for parameters would not have a signi cant impact on the
accuracy of the model. This can be seen in the biodegradation model derived in Zeller-Plumhoff
and Albaraghtheh et al., [45], where only eight key parameters of the model were optimized, but
several model parameters were taken from literature, such as molecular weights, density and
diffusion coef cient. Moreover, this model considered the constant porosity of the degradation
layer and its value was adopted from previous experimental studies for the same degradation
systems. A similar approach was followed by Barzegari et al., [75], where only three model
parameters were optimized, while the rest of the parameter values were obtained from the lit-
erature.

Model uncertainty represents the second primary source of uncertainty. In the scope of this
thesis, model uncertainty is categorized into mathematical model uncertainty and discrete (nu-
merical) model uncertainty. The conceptualization, hypotheses, simpli cations, and numerical
approximations applied to mathematically represent the physical system introduce uncertainty
into the computational models [47,88,122,123]. Additionally, model uncertainty encompasses
the uncertainties of variables and precisely de ned parameters as evaluated by the model
equations [59, 88]. Typical examples of this uncertainty associated with biodegradation models
include assumptions of a homogeneous degradation layer, uniform degradation and simpli ca-
tions related to the composition of the degradation media or degradation layer. As an example,
phenomenological and physical biodegradation models of AZ31 Mg-based stents derived by
Grogan et al., [124, 125] have reported high uncertainty regarding an analytical formula when
tted to experimental data. The deviation in the predictions is a result of the derived mathemati-
cal models. While the physical model predicted a greater mass loss on the outside of the hinge
and a smaller mass loss on the inside of the hinge, the phenomenological model observed
non-local mass transfer [19]. Discreet model uncertainties, which are associated with discrete
or numerical models are primarily induced by model structure and computational resources.
Due to this, in some UQ terminologies, this uncertainty is referred to as model technical un-
certainty [126-128]. In forward UQ, model technical uncertainty contributes to discrete model
uncertainty and uncertainty propagation through the computational framework [126-128]. The
numerical treatment, the accuracy (resolution) of the discretization method, and the numeri-
cal parameters contribute to the model s technical uncertainty. Moreover, the discrete model
uncertainty is propagated by imposing mathematical formulations, numerical schemes for the
solutions and discretization over time and space of the mathematical model [47,88, 122]. Fur-
thermore, the limitations of computing resources contribute to both model uncertainty by re-
stricting the number of calculations, suf cient model evaluations and the computational ca-
pacity needed for further analyses; i.e. sensitivity analysis, Bayesian and bootstrap methods
for parameter estimation, and model reliability analysis [97,127,129]. Within biodegradation
models, discrete model uncertainty can be induced by the type of numerical schemes used to
solve the mathematical equations or the implementation method of the model using different
programming languages or commercial software (e.g. COMSOL).



2.3. QUANTIFYING UNCERTAINTY IN COMPLEX BIODEGRADATION MODELS 21

An additional location for uncertainty is the output uncertainty, which is the cumulative un-
certainty associated with all other locations within the computational framework, re ecting the
propagated uncertainties in the model s predictions. In some cases, when the true values of
the Qol are known, this is referred to as prediction error. However, this scenario is not always
applicable since computational models often explore a broader prediction range than known
or experimentally reported scenarios. For example, Albaraghtheh et al., [65] extended the
biodegradation model up to 100-days for both in vitro and in vivo tests, however, the experi-
mental data is only available for 56-days and 85-days for in vitro and in vivo, respectively. In
such cases, output uncertainty is described as an interval in a speci c range rather than a
speci ¢ numerical value. This interpretation needs to be chosen carefully to avoid introducing
more uncertainty to the output of the computational framework. More details are presented in
Chapter 5 of this thesis. However, output uncertainty can be reduced through additional cal-
ibration and optimization tasks, as well as quantifying the uncertainties associated with other
parts of the computational framework [97,99]. A typical example of output uncertainty within
biodegradation models is the deviation between the prediction of the biodegradation models
and the experimentally reported degradation behaviour of the implant, and the prediction er-
ror within Qol, i.e. degradation rates, volume loss, or mean degradation depth, based on the
predicted values of the Qol and the observed experimental values for the same quantity under
similar conditions. For example, the biodegradation model of commercially-pure Mg presented
in Barzegari et al., [75] was able to simulate the pH change in NaCl and SBF solutions with
an error of 5%, while the degradation rate was predicted by the biodegradation model derived
in Zeller-Plumhoff and Albaraghtheh et al., [45] of pure Mg in SBF with an error of 7% with
respect to experimental data. Similar percentage of error was reported by Deshpande [82] for
the biodegradation model investigating the micro-galvanic degradation and the effect of differ-
ent metallic phases present.

In addition to uncertainty associated with the mathematical framework, uncertainty is inevitable
in the experimental data used to calibrate and validate computational models. This type of
uncertainty is known as measurement uncertainty and it is caused by measurement system
errors and noise [130,131]. It should be taken into account in the analysis of the outputs of the
computational framework. For example, in biodegradation models, measurement uncertainty,
in terms of standard deviation, is higher in in vivo testing compared to in vitro, which is due to
the complexity of the system and limited data points available [26, 132]. It is important to note
that this deviation affects the validation of biodegradable models as well. Biodegradation mod-
els of in vivo testing presented by Montoya et al., [133], Gartzke et al., [134] and Sanz-Herrera
et al., [74] only reported qualitative measurements.

Building upon the preceding discussion, it becomes possible to quantify the uncertainty in-
herent in the computational framework by identifying its sources. Uncertainty is quanti ed
through various UQ tools and methods, which will be discussed in detail in this thesis s upcom-
ing section 2.4. However, the mathematical complexity of presenting the degradation system
of biodegradable implants is a challenge. Assumptions and simpli cations are necessary in
order to construct discrete biodegradation models. These assumptions and simpli cations con-
tribute to additional uncertainty within the computational framework. To address this challenge,
biodegradation models must consider various testing scenarios [19, 85]. These scenarios are
developed by combining different assumptions and ranges of the main factors and key parame-
ters that have been identi ed as in uential on the degradation process. Each scenario includes

a range of potential model responses [99]. This approach is referred to as scenario modelling
and it is a qualitative quanti cation that aims to bridge the gap between deterministic knowledge
and total ignorance, as discussed in the previous section 2.2.2. Scenario modelling enables
the testing of scenarios that have not been tested yet in the experiments. Walker et al., [99]
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de ne scenario as "a scenario is a plausible description of how the system and/or its driving
forces may develop in the future”. This de nition indicates that a scenario is directly linked to
a set of assumptions describing key relationships and driving forces. However, scenarios are
not intended to predict the future, but rather provide a spectrum of potential model outcomes.
In biodegradation models, scenario modelling is implemented to create a correlation between
biodegradation behaviour under in vitro and in vivo testing. In this case, different scenarios can
be developed to create a set of assumptions describing key relationships between the differ-
ent parameters that control the biodegradation, i.e. the variation in pH, concentration pro les of
ions, or porosity or composition of the degradation layer. Moreover, scenarios related to param-
eter uncertainty will help in providing best-guess estimations based on the correlation between
parameters and expert knowledge. These scenarios are accepted only if they de ne credible
parameter ranges or incorporate conditional probabilistic features, as it is the case in creating a
parametric space for the key biodegradation model parameters [135]. Moreover, scenarios re-
lated to model uncertainty can reveal various interactions and correlations within computational
and numerical models. This can aid in the quanti cation of these uncertainties. Unlike quanti-
tative quanti cation of uncertainty, scenario uncertainty, being qualitative in nature, cannot be
presented with probabilities; instead, it can be presented as discrete possibilities [98,99, 102].
Integrating UQ with various possible testing scenarios of the model yields a deeper under-
standing of uncertainties associated with the computational model s response. This, in turn,
aids in developing robust computational frameworks that can withstand a range of potential
responses [55, 56, 88, 89].

2.4 The presentation of uncertainty

Communicating the results of UQ analyses transparently and coherently within UQ is crucial
to effectively presenting uncertainty. A variety of strategies can be used to address the issue
of uncertainty, ranging from more straightforward approaches such as probability distributions,
con dence intervals, and error metrics, which represent uncertainty as a deviation between
the model predictions and the reference values (experiment or reference dataset), to more
complex approaches, which involve combining predictions from multiple models to achieve en-
hanced accuracy in prediction and representation of uncertainty [52, 136-138]. UQ employs
a variety of techniques, methods, and tools to assess the accuracy and reliability of computa-
tional models and simulation predictions.

Even though there are studies that have adapted these techniques to biodegradable implants,
these studies have never been devoted to quantifying the uncertainty associated with compu-
tational models. The Bayesian inference method, for example, is one of the most commonly
used techniques at UQ. Barzegari et al., [75] employed Bayesian inference to minimize the
number of optimization iterations to calibrate the key model parameters of the biodegradation
model of Mg in both NaCl and SBF solutions. The calibration process required a cumulative
of 120 optimization iterations with a computational cost of 276 hours of simulation execution
time using 170 computing nodes for each simulation. Another frequently employed method is
the Monte Carlo method (MC). MC methods are statistical sampling methods that involve run-
ning the computational model multiple times with varying input data sets to cover the assumed
range of input parameters The different data sets are generated from an assumed probability
distribution of Qol through a large number of random samples. These data sets are then used
to estimate a function s expected value or simulate a system. The resulting outputs enable the
guanti cation of uncertainty in statistical measures such as mean and variance [43, 49, 139].
Chang et al., [140] presented a three-dimensional model for semi-autonomous computational
pitting corrosion based on MC method. Here, the degradation probability for each micro el-
ement was assessed at each time step and MC was used to identify elements with different



2.4. THE PRESENTATION OF UNCERTAINTY 23

material characteristics from the surrounding conditions. The computational results obtained in
this study were validated using micro-computed Tomography (micro-CT). Ensemble modelling
can be utilized to measure uncertainty. These methods employ multiple supervised learning
algorithms to enhance the model s predictive performance. This involves training the model
with randomly resampled data from the original data sets. The prediction variability is sub-
sequently estimated based on the resulting model [141-143]. This method was applied by
Zeller-Plumhoff et al., [70] to predict the degradation rate of pure Mg in SBF. In this study, ran-
dom forests were compared with decision trees. The algorithm was evaluated 50 times using
21-fold cross-validation, divided into training and evaluation sets. Experimental experimental
measured (i.e. initial and controlled pH, ion concentrations, precipitation rate, uid volume to
sample area ratio, weight percentage of precipitated elements) were tested to assess their in-
uence on the degradation rate and derived mechanisms. The goodness of the regression was
evaluated using mean squared error and mean absolute error.

In the context of the present thesis, three primary methods are employed to present uncertainty
associated with biodegradation models. These methods include the Error metrics, which are
used to assess the quality of the calibration process of different models. Errors can be seen as
a mathematical representation of uncertainty [96]. Another signi cant tool at UQ is sensitivity
analysis. These methods assess uncertainty by measuring the sensitivity of the model s out-
put to variations in input parameters. Moreover, sensitivity analysis identi es parameters that
substantially in uence model predictions and identi es their interactions [60,104, 128, 144]. Fi-
nally, uncertainty propagation, which is a tool that depends on the other UQ methods in use.
Propagation analysis involves running the complex model several times for varying values of
unknown parameters. By quantifying the propagation of input uncertainty through the mathe-
matical or computational model, it is possible to quantify the propagation of uncertainties in the
model s outputs and predictions [145, 146].

2.4.1 Error metrics

In general errors present uncertainty as the discrepancy between model predictions and ac-
tual values. The actual values, or in other terminology, the reference data set, could consist
of experimental data, observations from optimized models or case studies [147]. The most
commonly used error metrics are: coef cient of determination (R?). R? measure the statistical
proportion of the variance in the dependent variable that can be explained by the independent
variable, mathematically it is calculated as
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where vy;i, B, Vi are the observation (actual), the predicted (estimated) and the actual mean,
respectively. N is the number of test samples. Overall, R? values range between 0 and 1. As
the R? value approaches one it indicates a better t and lower uncertainty associated with the
model predictions [148, 149]. The mean absolute error (MAE), which presents uncertainty as
an average measure of the absolute differences between predicted and actual values. MAE is
suitable for assessing the overall accuracy of a system because it calculates the average errors
without considering their direction [95, 150], mathematically MAE is calculated as
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The mean square error (MSE), which measures the average squared deviation between the
estimated values and the actual values. This error can be seen as a risk function corresponding
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to the expected value of the squared error loss and it is given by
MSE= i B (2.23)

where y; and B; are the observation value and the predicted value, respectively. N is the number
of test samples. Furthermore, a large MSE indicates that the data set is dispersed widely
around its mean value. Moreover, since the errors are squared before they are averaged, MSE
results in a relatively high weight for large errors. Due to this, it is better to use either the root
mean square error (RMSE), which is mathematically measured as the square root of MSE or
normalized root mean square error (NRMSE), which is given as [95, 150]
e
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With Ymax and ymin the maximum and minimum experimental values. Overall, MSE is preferred
over MAE. In comparison to a non-differentiable function such as MAE, MSE is a differentiable
function, which facilitates the application of mathematical operations. A model s t to experi-
mental data can be evaluated using RMSE, which is more straightforward to interpret than MSE
since the RMSE is measured in the same units as the response variable, whereas the MSE is
expressed in squared units of the response variable [151, 152]. Moreover, within biodegra-
dation models employing error metrics provides an adequate quanti cation of the deviations
within the system and assesses the accuracy and reliability of the calibration process of the
biodegradation models with respect to experimental or reference data.

2.4.2 Sensitivity analysis

Sensitivity analysis identi es and ranks uncertain model parameters signi cantly impacting its

predictions, which help in simplifying the model by xing unimportant input variables to their
nominal values without affecting the reliability of the model [60, 104, 144]. Moreover, sensi-
tivity analysis determines the variation in the uncertainty associated with Qol based on the
variation in the uncertainty associated with each input parameter [153, 154]. In the literature,
various sensitivity analysis methods are discussed. These methods are classi ed into three
categories: sample-based methods, linearisation, and global methods.

Sample-based methods, which use post-processing after MC sampling. These methods are
relatively simple and express the system s sensitivity as a correlation between input parame-
ters and model output [60, 155]. The linearisation methods assume that the model is linear or
can be linearised around a center value. Despite the fact that these models are simple and do
not require a large number of model evaluations, they are ineffective at identifying non-linear
behaviour and interactions between input variables at a higher level [60,155]. The global meth-
ods, also known as global sensitivity analysis (GSA). GSA are desirable methods that measure
sensitivity across the whole input space. Moreover, they can deal with nonlinear responses,
and they can measure the effect of interactions in non-additive systems [60, 155]. In the last
few years, attention has been drawn to Sobol decomposition and variance-based sensitivity
indices, or simply known as Sobol indices [60, 153, 156-158]. To estimate the Sobol indices
MC or Quasi MC (QMC) technigues are implemented, which is computationally expensive for
complex models [158-160]. In this dissertation, however, the computational cost challenge
motivated the development of more ef cient methods. The mathematical presentation of Sobol
decomposition and variance-based global sensitivity indices is explained in a review by Chang
et al., [60] and can be summarised as follows: assuming a computational model y = g(x) with
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n-dimensional input variable x = (x1; X2; :::;Xn). According to Sobol sensitivity analysis, the total
variance of model output y is attributable to each input variable, taking into account their inter-
actions. To simplify the mathematical presentation in this thesis, the computational model is
assumed as a square-integrable function, which can be decomposed into 2" orthogonal func-
tional terms of increasing dimensions as [60,161,162]
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here fx, (xk) is the probability density function of x, and x | = (X1; X 1;Xi+1; ::Xn). The decom-
position of the total variance of g(x), takes into account the orthogonality of the e component
functions in equation 2.25,
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V= Vi + Vij+ i+ Vy (2.27)
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where V, V; are the total variance of g(x) and the partial variance contribution of x;, respec-
tively. And V, is the interactive variance contribution of parameters x,, which quanti es the
interactions among x, [60]. Results for Sobol decomposition are expressed by two sensitivity
indices: the Sobol rst order sensitivity indices S, given by equation. 2.28b, which indicates
the importance of each parameter considered individually by measuring the individual variance
contribution of x; to the total variance (equation 2.27). While the total sensitivity indices Sy, is
determined by the equation. 2.28c, which accounts for the importance of individual parameters
and interactions between parameter pairs [161]. Moreover, Sy, is de ned as the sum of all
partial sensitivity indices S, (equation. 2.28a) involving variable i.

S, = % X (2.28a)
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where S j is the sum of all partial sensitivity indices S, except S. Sobol indices are computed
using MC-based methods [161, 163]. Where the model is evaluated N(d + 2) times, where d is
the number of parameters and N is a numerical variable of the order of hundreds or thousands
of runs. For complex models the computational cost increases drastically due to the depen-
dency of Sobol indices over computationally expensive MC methods [60, 139, 161].
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2.4.3 Uncertainty propagation

In the forward UQ, uncertainty propagation aims to quantify how the input uncertainty propa-
gates through the computational framework, ultimately affecting the uncertainty of the output
Qol [164-167]. Quanti cation work ows contribute to uncertainty propagation by identifying un-
certainties and their sources within the computational framework as well as testing several un-
certainty scenarios associated with the computational framework [98,167,168]. Moreover, per-
forming sensitivity analysis, which involves exploring different scenarios of uncertain input and
observing the variation in the output associated with the tested scenario, helps in simplifying
the tracking of uncertainty propagation and optimizing efforts to mitigate their impact [139,169].
For simple computational models possessing analytical forms, uncertainty propagation can be
executed by calculating the statistical quantities of the Qol; i.e. mean, variance and covari-
ance matrices. Methods such as Taylor series expansion can be used to perform the statistical
calculations. However, for complex computational frameworks, uncertainty propagation is ex-
pressed in terms of probability of failure and probability density functions (PDF), which need
special numerical methods i.e. polynomial chaos expansion (PCE) and or Monte Carlo meth-
ods [164,168,170].

Uncertainty propagation in complex systems is important to ef ciently identify uncertainty arises
from intricate relationships between key parameters, including nonlinear transformations, feed-
back loops and complicated data ow [169,171]. Most uncertainty propagation methods, such
as MC simulations, PCE, LHS and sensitivity analysis, are sample-based. With an increasing
complexity and dimensionality of the model, performing the uncertainty propagation analysis
becomes increasingly challenging due to the need to generate a large number of random sam-
ples based on the PDF of uncertain inputs [164—166].For example, to test various scenarios
of a computational model, MC simulations generate a large number of samples based on the
PDF of input parameters to identify potential outcomes [98, 172]. Despite the high compu-
tational cost of MC simulations, they are particularly valuable in the case of correlated input
parameters, which require dealing with complex probability distributions. Due to the exibility
of MC methods, they are suitable for handling high dimensional problems as well as nonstan-
dard distributions, particularly in the case of joint probability distributions of correlated param-
eters [163,173]. In contrast, LHS requires a smaller number of random samples for each
uncertain input parameter. The reason for this can be explained by the fact that LHS distributes
samples more evenly across the probability distributions, making it computationally more ef -
cient than MC [139, 174, 175]. Various methods can be used to visualise the propagation of
uncertainty, including error metrics, sensitivity plots (bar, scattered or linear plots), histograms,
kernel density estimates, PDF plots or cumulative distribution functions. To compare the spread
of predictions for different scenarios, box plots may also be used [56, 90].Uncertainty propaga-
tion has also been shown to be an important concept in the design of scienti c instruments, the
analysis and post-processing of experimental data, in order to determine the reliability of test
results [145, 146,168, 176]. This approach is not directly applicable to experiments related to
biodegradation due to the high cost and time required. However, it ensures that a certain level
of accuracy is achieved by eliminating impossible scenarios from the calculations. Moreover,
during the design of an experiment it is possible to utilize uncertainty propagation to ensure a
minimum number of measurements and samples [145, 168].

2.5 Challenges and limitation of UQ

Constructing UQ problems typically involves modelling complex systems with several correlated
uncertain parameters. UQ analysis is directly impacted by the quality and quantity of the data
and information available in these models. Therefore, a number of challenges and limitations
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remain in order for UQ to achieve its full potential.

In general, two signi cant challenges emerge when dealing with complex computational mod-
els such as biodegradation models. The rst challenge is the high computational costs, as, in
general, UQ analyses require signi cant computational resources. These costs are primarily
due to the signi cant amount of simulation time, memory usage and processing power required
to run the UQ analysis on complex models as well as the limitations of the computational re-
sources available for these analyses [49, 56]. Computational cost is directly proportional to the
number of uncertain parameters and computational model complexity. The complexity of the
computational model increases as the number of uncertain parameters increases. Therefore,
computational costs can become prohibitively expensive even in the current state-of-the-art
super-computing infrastructure [59, 177, 178]. Additionally, the ef ciency and accuracy of UQ
analysis are impacted by computational limitations, which restrict comprehensive uncertainty
exploration. This is because UQ analysis includes running multi-scale and complex simulations
or numerical optimization, contributing to a substantial computation burden. Consequently, this
limitation results in approximation and computational errors that affect model prediction accu-
racy. Moreover, this challenge can restrict the scale of the models that can be analyzed and
the level of detail that can be included in the UQ analysis [59,172,177,178].

The second challenge encountered is the curse of dimensionality, which refers to the ex-
ponential increase in computational complexity as the number of parameters or dimensions
grows [56, 167]. More precisely, the curse of dimensionality refers to the exponential increase
in the amount of data required to cover the space of possible outcomes of the model as the
number of uncertain key variables (dimensions) increases [179]. In general, physical phenom-
ena can be described through highly nonlinear computational models. Overall, these models
can be characterized by multiple key inputs and multiple outputs, in which complex interactions
can be observed. This means the number of key parameters greatly impacts the number of
model runs [179, 180]. Therefore, it is imperative to minimize the number of key parameters
by excluding parameters that do not signi cantly affect model predictions. This will reduce the
curse of dimensionality [181]. However, it is critical to keep in mind that the lack of reliable data
in this case can lead to over tting, where the models are tted to noise rather than the actual
data. In contrast, under tting may result from too simpli ed models, which miss signi cant data
patterns [179, 180].

It is dif cult to identify uncertainty sources within complex systems under these challenges,
which affect the implementation of UQ methods and hence the quanti cation process. In con-
clusion, it is essential to overcome these challenges to fully utilize and effectively apply UQ
techniques in biodegradation systems. Consequently, a trade-off must be made between the
complexity of the model, the quality and quantity of the data obtained, and the availability
of computational resources. Up-to-date, several studies have been conducted on developing
more ef cient algorithms and techniques for model analysis, simpli ed modelling and ef cient
dealing with high-dimensional data [181, 182]. Furthermore, within the UQ eld, attention is
driven by exploring new methods for data acquisition and analysis to improve input data accu-
racy and reliability as well as to improve UQ methods ef ciency and make them more scalable
for larger models [56, 167,179, 182]. The current thesis utilizes the surrogate modelling ap-
proach to reduce the complexity and computational load of biodegradation models, allowing
UQ analysis to be performed.
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2.6 Surrogate models

Surrogate models, also known as metamodels, are a series of easy-to-evaluate functions that
approximate complex and computationally expensive models while maintaining high predic-
tion accuracy [58, 65,107]. The concept of surrogate modelling represents a widely adopted
non-intrusive strategy intended to tackle the computational complexities inherent in classical
UQ analysis, which arises from common general-purpose methods requiring repeated itera-
tive model assessments under UQ analysis and scenarios [59, 107]. Through the utilization of
a limited dataset containing input values and their corresponding responses, surrogate mod-
els are capable of mapping the behaviour of the original computational model, treated as a
black-box [58, 65, 107, 180]. Replacing computationally expensive and complex models with
a surrogate model allows UQ analysis at a reasonable time and computational cost [65, 183].
Furthermore, the use of a black-box model eliminates the mathematical complexity of com-
plex behaviours and interactions among sub-models, rather it focuses on capturing the Qol
behaviour modelled by the original model [58, 65,119, 183].

Figure 2.5: Schematic diagram of the construction of a surrogate model for a system charac-
terised by two input parameters.

The construction of surrogate models is summarised in Albaraghtheh et al., [65] as "The training
data for the surrogate model consist of a set of input parameters and their corresponding re-
sponses, which are collecby sampling the input distribution in the parametric space of the input
parameters. The sampled parameter combinations are evaluated using an expensive compu-
tational model, and the resulting observations are exploited to build the surrogate model on the
whole domain of the input distribution”. A visual summary of constructing a surrogate model
for a FEM system characterised by two input parameters, denoted as X; and Xo, is presented
in Figure 2.5. It is imperative to clarify that surrogate models are non-physical functional ap-
proximations that do not preserve any speci ¢ mechanisms of the original systems [183, 184].
Nevertheless, surrogate models are trained to identify critical parameters and their associated
physical phenomena while understanding the input-output relationships. This approach en-
hances predictive accuracy and reliability, distinguishing itself from purely data-driven models,
ultimately enhancing the robustness of the constructed surrogate model [185-187].

From an abstract mathematical point of view, the core objective in constructing a surrogate
model is to learn and map the response of a computationally expensive black-box model to vari-
ations in its uncertain input parameters, while minimizing the cost per model evaluation [187].
The general equation describing a surrogate model is [59]

y=M(x) ; (2.29)
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where M is the surrogate shape function that maps the black-box model for the input parame-
ters f(x), which is presented as a vector M (x)) 2 D, RM, to a vector of Qol, which is denoted
by y. The key idea of implementing this approach is to calibrate the surrogate model based on
the assumptions related to y using a limited number of model runs of the black-box model M for
selected values of the input parameters x = (X1; X2; :::;Xn), this is known as experiment design.
Intuitively, the runs should cover the parametric space of the input parameters D x [59, 188].

2.6.1 Classi cation of surrogate models

Surrogate models are presented and used in the literature in different forms. These models can
be classi ed based on their types, the data required to construct them or training strategies.
Further classi cation is done based on the speci ¢ applications of these models. Recently, hy-
brid surrogate models evolved, in which two or more surrogate models are combined to form a
new surrogate model [56,180,189,190]. Figure 2.6 summarize the most common classi cation
of surrogate models.

Surrogate models can be classi ed based on their type, which is identi ed based on the approx-

imation methods used to approximate the surrogate shape function M . Polynomial surrogates
use polynomial functions to approximate the relation between the input-output of a model. Ex-
amples of these models include PCE and Response Surface Methodology (RSM). Gaussian
Regression (GPR) models, for example Kriging, employ Gaussian processes to capture the
underlying trends and correlations within the training data. Support Vector Regression (SVR)
surrogate models approximate the input-output relation by utilizing support vector machines,
while Radial Basis Function (BF) surrogate models interpolate the input-output relation by im-
plementing radial basis functions. Furthermore, a family of surrogate models based on arti cial
neural networks (ANN) is developed, in which ANN are implemented to approximate the input-
output relation [59,119, 180,188, 189].

Figure 2.6: Classi cation of surrogate models.

It is also possible to categorise surrogate models according to their speci ¢ eld of application

in engineering design, nancial modelling, and environmental analysis. Surrogate models can
also be classi ed into global and local models based on the cover of data sets in the para-
metric space. Global surrogate models are constructed using a representative data set that
covers the entire parametric space. A well-sampled parametric space is required to create
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such a data set. On the other hand, if the input-output relationship exhibits non-linearity or
non-uniformity across the parametric space, it is better to construct a local surrogate model,
in which the model focuses on speci ¢ regions of the parametric space and only requires data
sets related to these regions [176,191]. The type of dataset used in the training strategies
to build the surrogate model also differentiates the type of model. Fixed sets of training data
without incorporating an adaptive learning strategy, resulting in xed surrogate models that are
limited to ceain ranges. Using one-shot sampling techniques holds the advantage of promptly
establishing a sample size, yet it produces a solitary xed dataset. Nonetheless, a notable
drawback inherent in one-shot sampling lies in the potential for under- or over-sampling [60].

By contrast, iteratively constructing the surrogate model by implementing certain criteria to
select new data points results in adaptive surrogate models that are generally characterised by
improved accuracy and performance [192,193]. Moreover, adaptive surrogate model to handle
complex and non-uniform parametric spaces by focusing on the most important regions within
the parametric space [169, 194]. Added to that, adaptive surrogate models are more exible to
incorporate new data and update the model as needed, which leads to an ef cient use of com-
putational resources compared to repeatedly running the full complex original model [192—-194].
It is worth mentioning that adaptive sampling techniques do not require direct modi cation of the
surrogate model but address the imbalance in necessary sampling effort across the surrogate
model sampling domain. However, if the collected samples are closely clustered, the inherent
randomness of the sampling process may shift toward determinism, possibly leading to the
construction of inaccurate surrogate models. Adaptive sampling incorporates different active
learning algorithms to bridge the gaps within the sampling domain, ensuring the assembly of
high-quality and representative datasets. Moreover, adaptive sampling technigues incorporate
prede ned stopping criteria, such as error metrics ( R?, MAE, MSE), wherein the addition of
new sample points no longer enhances model performance, indicating the suf ciency of the
sample size [61,126].

Another category of surrogate models is hybrid surrogate models, which have evolved to
enhance the predictive capabilities of existing surrogate models and adapt to more intricate
systems. The two main approaches to hybrid surrogate models are combination and fu-
sion [119, 188, 189]. The combination approach involves combining multiple surrogate models
to enhance the properties and prediction of the surrogate model. For example, the Polynomial
chaos Kriging model (PCK), which is a combination of Kriging and PCE [57,188]. While the
hybrid surrogate model constructed under the model fusion approach is fused with alternative
techniques based on other physical models or expert knowledge to leverage the accuracy and
reliability of the new surrogate model [119, 180, 189].

The most commonly used types of surrogate models within the eld of material science are
Polynomial and Kriging surrogates, due to their computational ef ciency, robustness and sta-
bility, and their ability to adapt and re ect the multiphysics, complexity aon-linear nature [195].
Moreover, these models are more ef cient in parameter estimation problems where direct val-
ues of these models are not available. For example, within the eld of metal corrosion, a recent
study conducted by Wang et al., [196] focused on the multi-physics modelling of tribocorrosion
in aluminium alloys. In this study, Kriging surrogate models were employed to solve the param-
eter estimation problem. UQ analysis using Kriging models provided con dence intervals for
each evaluation of the FE model, which enhanced the model s predictions. Moreover, a com-
parison study of the Kriging model with a neural network (NN) surrogate model was performed.
For the comparative study, Kriging models demonstrated excellent computational ef ciency
and predictability. Similar results were concluded by a study by Tak et al., [197] constructed
a model to evaluate and optimise corrosion rates within a crude unit situated in an actual re-
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nery plant. This study estimated and optimized a model with six key parameters using the
Kriging model. Moreover, Tak et al., compared Kriging models with two well-known forecast-
ing models, multiple linear regression and an arti cial neural network. In both cases, Kriging
models were able to accurately estimate and optimize key parameters. This study s outcomes
underscore the versatility and effectiveness of Kriging algorithms, particularly the consideration
of real-world re nery plant scenarios. In the literature, PCE models can be appropriately used
in the propagation analysis of random input parameters in the eld of engineering structures.
For example, YiFei et al., [198] implemented PCE combined with a hybrid K-means clustering
optimizer to identify the structure damage of materials. In this study, the PCE model was used
as a cost-effective substitute for an FEM model simulating the expensive structural of a small-
scale laboratory dam. Implementing PCE improved the optimization strategy s ef ciency and
reduced the associated computational cost. Zhang and Qiu [199] proposed an ef cient and
accurate uncertainty analysis method for structural fatigue life prediction and fatigue reliability
analysis, in which PCE was adopted to deal with independent normal random variables. This
method was tested over several numerical examples of corroded metals and cracks.

The current thesis investigates the application of advanced surrogate modeling techniques to
address UQ challenges in various biodegradation models. As a means of ef ciently approxi-
mating biodegradation models in parameter estimation problems, Kriging surrogate models are
implemented and evaluated in the subsequent chapters. Speci cally, Kriging surrogate mod-
els are implemented and evaluated across the subsequent chapters as a means of ef ciently
approximating biodegradation models in parameter estimation problems. Furthermore, the cur-
rent thesis draws upon established literature in the UQ eld [200-204], which recommends the
utilization of PCE models to extend the scope of the research toward UQ analysis, sensitivity
analysis and uncertainty propagation within the material science domain. Thus, the current the-
sis presents a comprehensive work ow for addressing UQ problems in biodegradation models.
The comprehensive UQ work ow developed within Chapter 6 integrates different algorithms,
UQ analysis, and comprehensive comparisons to determine the most effective computational
experimental design (DOE) and the ef cacy of surrogate models is compared across three
distinct biodegradation models.

2.6.2 Challenges and limitations of surrogate models

The ef cient utilization of surrogate models for UQ faces several challenges, starting with the
accuracy of the surrogate models. These models should not introduce more uncertainty into
the system. However, due to their simpli cations and assumptions, a certain level of uncertainty
is inherently introduced to the analysis; due to this, a trade-off between accuracy and compu-
tational ef ciency needs to be considered [56, 180]. Implementing surrogate models for a par-
ticular problem involves considering speci c types of data or assumptions related to the study
system. Not all surrogate models apply to different problems. In some cases, applying surro-
gate models to different problem domains may require signi cant modi cations or even devel-

oping a novel surrogate model [205]. Furthermore, selecting the appropriate surrogate model
requires careful consideration of the problem characteristics and available data. Additionally,
a representative set of training data is needed to enable the constructed surrogate model to
capture complex model s behavior accurately. However, obtaining such data can be expensive
and time-consuming. In other cases, this data may be unavailable, limited, or biased. This
leads to poor surrogate model performance and limited generalisability [59, 188, 206]. A sur-
rogate model s output can be challenging to interpret, particularly when complex relationships
and interactions between parameters and corresponding model responses exist. Furthermore,
surrogate models are sensitive to input space changes, which may raise questions about the ro-
bustness of these models, especially in unfamiliar regions of the input space [59, 180]. In order
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to verify the accuracy and reliability of surrogate models, it is imperative to consider their pure
mathematical nature and their non-direct relation to the physical laws or governing equations of
the system under consideration [207]. Therefore, it is essential to establish suitable validation
procedures and metrics to assess the performance of surrogate models [59, 126, 208].

2.6.3 Assessment of surrogate models

Assessing the accuracy of surrogate models is crucial to evaluating their ability to capture the
original model s behaviour. Estimating the performance of surrogate models is essential due to
the numerical approximation nature of these models before utilizing them for further estimation,
prediction, and analysis. Moreover, knowledge of the local and global accuracy of the sur-
rogate models is essential in selecting the most ef cient surrogate model to approximate the
original computational model. Furthermore, this knowledge can be used for ne-tuning, i.e.,
using adaptive sampling or active learning techniques to re ne and improve surrogate models.
A further bene t is the reduction of uncertainty associated with surrogate models through the
assessment of accuracy and quanti cation of error [59, 126, 208]. The choice of assessment
methods depends on the nature of the physical problem, the type of surrogate model, and its
outputs.

The assessment can be conducted through comparative analysis, in which the predictions
of the surrogate models are compared with the original model s predictions. This comparison
indicates the ability of surrogate models to capture the underlying relationships and connec-
tions [209,210]. Furthermore, it is possible to evaluate the performance of surrogate models by
testing them against domain knowledge or outlier detection. In this context, surrogate models
are subjected to testing against the developer s domain expertise, which must extend beyond
the scope of the original model s domain [180, 209]. Additionally, supported by domain knowl-
edge, the performance of the surrogate models will be tested against outliers or extreme values.
This testing aids in detecting the generalization of the model [180,183,211]. To illustrate, in the
present thesis, these test approaches were employed by re-calibrating Kriging surrogate mod-
els, which were constructed based on a biodegradation model calibrated using in vitro data, to
the in vivo domain and validating these models using in-house in vivo experimental data [65].
In speci ¢ scenarios, interval validation can be used, involving computing the con dence inter-
vals for individual predictions, which are subsequently compared to actual values within these
intervals. However, for complex computational models, this method may introduce more uncer-
tainty into the analysis due to data limitation [212]. Another validation approach is based on
test-set evaluation. Several validation methods align with this approach. Holdout Validation, for
instance, involves dividing the original data set into a training set used to build the surrogate
model and a test set used for performance evaluation. Then, the predictions of the surrogate
model for the test sets are compared to the original model or experimental data [147]. Cross-
Validation (CV) is another method within this approach. CV involves dividing the dataset into
multiple folds, and the surrogate model is trained on a subset of the folds. The training process
is iterated across all folds to generate performance metrics. CV is used for regression tasks to
analyze the distribution of prediction errors across different CV folds. It is considered one of the
most reliable techniques, particularly when dealing with complex and multi-scale computational
frameworks, as is the case for biodegradation models [147,207,212]. One of the most common
error metrics used to estimate the performance of surrogate models using this method is the
Leave-one-out error (" Loo), Which is given by [45]

2p 3
) 1 E N< (M () M (i)(xi))zz _

LOO = Nk Var[M (X)] (2.30)
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where N is the number of data points considered during constructing the surrogate model,
M (xi) M ((x) is the difference in prediction between the original and surrogate model
observations for all training sets except x;, and M (X) is the corresponding surrogate model
response of the initial experimental design.

Moreover, error metrics can be employed to evaluate the accuracy of surrogate models. Here,
different errors (MAE, MSE, NRMSE), as described in section 2.4.1 of this thesis, are com-
puted between the surrogate model predictions and either the original model predictions or
experimental validation data. RMSE provides a measure of global error over the entire design
domain, indicating the accuracy of the actual surrogate model [207,213]. However, for interpo-
lating surrogate models, RMSE requires additional error analysis to be evaluated at test points.
In this case, both MAE and relative absolute error (RAE) only indicate local deviation in the
performance of the surrogate model [207]. “Nevertheless, a comprehensive comparison of dif-
ferent error measures for assessing the performance of surrogate models, considering the data
used in their construction, was conducted by Goel and Stander [147]. This study concluded
that the Prediction Sum of Squares (PRESS) error (Equation 2.31), which is derived based
on the LOO-cross-validation error (Equation 2.30), provided a better assessment of surrogate
model performance compared to other methods. These conclusions align with ndings from
other studies, for example Mehmani et al., and Queipo et al., [207,213]

X .
PRESS= % G b (2.31)
i=1

where §; is the prediction of the surrogate model, which is constructed using all samples at the

it training point, and lyi( ) and the surrogate constructed using all sample points except the it
point.

Finally, the performance of surrogate models can be inspected using visual presentation of
the predictions. In this case, scatter plots, residual plots and Q-Q plots are used to visually
assess the agreement between surrogate model predictions and the original model or experi-
mental data. Several studies, for example, see Mehmani et al., [207], Goel and Stander [147]
and [212], investigated the different assessment methods and concluded that combining var-
ious assessment methods provides a more comprehensive view of surrogate model perfor-
mance and accuracy.

In the context of this thesis, cross-validation is considered the primary assessment method,
and " oo is used to identify the best surrogate model. Furthermore, several error metrics are
also used and implemented based on the degradation model type, available data, and the study
objectives. Notably, an important application of surrogate model performance assessment is
model re nement, in which several strategies and methods have been developed to improve
the accuracy and robustness of surrogate models. This is detailed in Chapter 6 of this thesis.
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CHAPTER

In silico studies of Magnesium-based
Implants: a review of the current stage
and challenges

This chapter discusses how different in silico methods are implemented to study the biodegra-
dation of Mg-based implants. In silico methods offer a powerful alternative to traditional testing
of the materials in temporary orthopedic applications. Controlling the biodegradation of Mg-
based implants is essential for designing implants that support bone during healing. It is imper-
ative to identify and investigate the complex interactions between the various factors that play a
crucial role in the degradation of biodegradable Mg-based implants. This investigation involves
studying the effect of environmental conditions, such as temperature, pH, and ow rates, on
degradation. By examining the interactions between these factors, a comprehensive under-
standing of the degradation mechanism can be achieved. This understanding will enhance the
reliability and ef ciency of degradation models. However, due to the complex nature of the
biodegradation process, several modeling approaches have appeared in the literature. This
raises the question of which of these approaches is the most effective at accurately modeling
and simulating biodegradable implant degradation. To address this question, we conducted
a thorough investigation and screening of the degradation models reported in the literature.
We screened both in vitro and in vivo degradation systems, focusing on biodegradable implant
degradation. Our discussion provides a comprehensive and critical analysis of the published
models and their performance in capturing the complexity of the biodegradation process. Addi-
tionally, we explore different approaches to optimize the various sources of errors and quantify
the uncertainties associated with the proposed models.
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