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Abstract

Type 2 Diabetes (T2D) is a highly prevalent health condition, affecting hundreds of
millions of people worldwide. As this health condition progresses, it causes various
serious comorbidities. One of the critical T2D-related comorbidities is Myocardial
Infarction (MI), which is also known as a heart attack. However, with timely
and accurate interventions, the development of T2D-related MI can be prevented.
Different methods have been used to support the management of T2D-related MI,
including the use of Artificial Intelligence (Al) to predict the risk of MI development.
While Al-based methods have shown promising results, most of the existing research
has focused primarily on improving the prediction performance of the models.
However, in safety-critical domains like healthcare, the performance of Al models
alone is not sufficient. These systems also need to be developed by considering
safety to prevent harmful clinical outcomes. This thesis makes novel contributions by
embedding Al safety systematically across the modelling pipeline and by developing
a holistic safety case for T2D-related MI prediction using a large-scale real-world
healthcare dataset. Clinical hazards were proactively identified and directly translated
into safety requirements, ensuring that risk considerations were addressed in the
entire process. These requirements were embedded within a structured safety case
that combined SHARD, Bow-tie, and Goal Structuring Notation (GSN). Importantly,
the safety case was not treated as external documentation but actively shaped design
and modelling choices, guiding the application of class imbalance handling, ensemble
learning, model optimization, and explainability methods. Therefore, this research
addresses a critical gap in clinical Al by linking hazard analysis, safety assurance,
and model optimisation within a unified methodology. Beyond T2D-related MI,
this research establishes a pathway that can inform the development of safe and
predictive Al in healthcare, highlighting its potential transferability to other clinical

domains.
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Chapter 1

Introduction

1.1 Background

Type 2 Diabetes (T2D) is a lifelong health condition that causes the level of blood
sugar (blood glucose) to become very high [1]. It occurs when the pancreas is unable
to produce insulin to balance the sugar level in the blood [2]. T2D may develop at any
age and, if not managed properly, can progress and may cause various comorbidities
(medically poor outcomes) that pose serious risks for patients’ health conditions
[3]. One of the most crucial poor outcomes caused by T2D is Myocardial Infarction
(MI), commonly known as the heart attack [4]. MI is a serious emergency when the
blood supply to the heart is blocked and can cause mortality [S]. The significance of
managing the risk of developing MI for patients with T2D becomes more important
when considering the critically poor outcomes that are caused by the progression of
T2D [6]. However, there are numerous challenges in managing T2D-related MI in
the healthcare area.

There are existing clinical practices to manage the risk of developing MI caused
by T2D. These practices are conveyed by healthcare experts (clinicians) [7]. Further-
more, Artificial Intelligence (AI) (Machine Learning (ML)) developers have begun

to focus more on T2D-related problems [8]. However, because T2D is a complex
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health condition and can cause a variety of comorbidities, healthcare experts and Al
developers face numerous challenges in managing the risk of T2D-related comorbidi-
ties [9]. One of these challenges for clinicians is predicting the specific complication
that may develop according to the patient’s health condition and determining pre-
cisely when it is likely to occur [10]. Another challenge is building a personalised
T2D management plan to prevent the risk of developing MI [11]. Clinicians have
limited time and resources (i.e., detailed data analysis) to make decisions on patients’
treatment plans [12]. For Al developers, access to health data is one of the biggest
challenges for developing Al-based models for managing the progression of T2D.
Large and representative data is the most significant component for developing
ML-based models, but it is significantly difficult to obtain data in the healthcare area,
where data sharing is based on strict limitations [13]. The other challenge is that
T2D-related datasets are massive, making data processing and storage demanding.
Furthermore, because health data contains sensitive information, concerns about
patients’ safety deliver barriers for Al developers [14]. Another challenge for Al
developers is the difficulty of applying ML models in a safe and fully integrated

form to safety-critical domains such as healthcare [15].

1.2 Problem Statement

Studies show that early intervention in T2D can slow or even prevent the progression
of T2D [16]. In the field of healthcare, certain methods are used in the management
of T2D, depending on the current situation in light of the health status of the patients
at the time of T2D reviews and the patient’s history [17]. These methods vary
from advising the patient to change their lifestyle to changing the dose or type of
medication they use [18]. However, diabetes reviews may be ineffective in some
cases regarding the early diagnosis and interventions of comorbidities [19]. In

addition, the fact that not every intervention has the same effect on every patient
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is another factor that makes it difficult to perform these interventions properly and
effectively [20]. The importance of early diagnosis and appropriate personalised
interventions becomes even more significant in diabetes reviews, especially for
comorbidity such as MI, which is difficult to diagnose early and causes clinically
poor outcomes [21].

There are many Al-based studies on T2D in the literature. However, these
studies mainly focus on predicting the risk of T2D [22]. There is a significant gap
in studies on estimating T2D-related comorbidities, especially the risk of MI, and
ensuring the model safety in managing the risk of progression of T2D-related MI
[9]. In addition, due to the difficulty of accessing real data in Al-based studies on
T2D, the abundance of use of synthetic data stands out as another research gap
[23]. Additionally, as managing T2D is a safety-critical area because of the critical
consequences of T2D progression, the need to develop Al-based T2D management
through a multidisciplinary approach where healthcare, Al, and safety fields work
together is also evident [24]. However, it is also seen how promising results can
be obtained by an AI model when it is developed for the appropriate domain [25].
Therefore, developing safe and effective Al-based models for managing T2D with
the help of stakeholders such as clinical experts will play a major role in meeting the

need in this field [24].

1.3 Significance of the Research

Since Type 2 diabetes can lead to different comorbidities such as myocardial in-
farction (MI), it has the potential to pose serious risks to patients’ health. Early
prediction of developing MI for Type 2 Diabetic patients is very important as the
early intevention can reduce or prevent the negative clinical outcomes [6]. However,
current clinical approaches experience difficulties to predict the risk of T2D-related

MI progression early enough. This is mainly because T2D requires complex and
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unique observation approaches, and it progresses in various ways in each individual
patient [21].

Al has been seen as a promising complementary solution for risk prediction in
complex healthcare-related problems [26]. Al-based systems can analyse complex
and large datasets in a comprehensive way and can propose meaningful results by
detecting complex patterns in complex datasets [14]. Therefore, it has the potential to
be used in safety-critical domains like healthcare as its ability to offer accurate, data-
driven insights about the patient-specific health risk and comorbidity progression
[27].

Despite this potential, the use of Al in MI risk prediction for Type 2 Diabetic
patients brings different difficulties and concerns in different ways [28]. They are
mainly related to safety of the Al models. These models give prediction results
in different ways, and these results may potentially be used for further clinical
evaluations and decisions [29]. In addition, wrong predictions provided by the Al
models may cause potential risk on the patient’s health. Some of these incorrect
predictions for clinical prediction problems are False Positives (FPs) and False
Negatives (FNs). These predictions are one of the most commonly used metrics used
and they are very important to evaluate the safety performance of the Al models
in clinical domains [30]. For example, FPs and FNs may lead to overtreatments or
missed diagnoses, causing safety risks on patient health conditions [31]. Also, since
the majority of the Al algorithms are classified as "black-box" algorithms, this also
causes safety risks in terms of the Al model reliability [32].

To deal with these problems proactively, this research focuses on proposing safe
and predictive Al for managing the risk of MI in Type 2 Diabetes. One of the most
important aspects of this research is that it develops an Al-based model by using Al
safety assurance elements, such as SHARD, Bow-tie Analysis, and Goal Structuring

Notation (GSN), in a systematic way. These methods help to identify, assess, and
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reduce risks related to incorrect Al-based MI predictions, especially during the data
management and model development stages.

The other significant aspect of this research is the use of large and real-world
healthcare dataset, the Connected Bradford (CB) dataset. Since the real-world
healthcare datasets consists of sensitive health information of the patients, the use
of this datasets require strict rules. This makes them very hard to obtain to use in
Al-based solution development stages in researches [33]. Therefore, these difficulties
force researchers to use limited or synthetic healthcare data to develop Al-based
solutions for clinical problems [34]. Although a large number of research studies
use limited or synthetic data for MI risk prediction in T2D [23], this research uses a
large and real-world healthcare data set which makes it more relevant to real clinical
settings and generalizable.

The final important part of this research is the use of an explainability method
to make the Al models more understandable. By adding explainability to the Al
models, this research addresses the lack of transparency in Al-driven predictions.
Showing clearly how each feature of a patient affects the prediction can help ML
developers and intended users understand and trust the model [35].

The scope of this thesis has been limited to data management and model devel-
opment supported by a structured safety argument for an intended clinical decision-
support context. Therefore, it does not consider the deployment stages of the ML
model. In this thesis, the use case is used to identify the system context and boundary
for hazard analysis and model development, rather than to propose a clinical deploy-
ment. According to this, the work does not evaluate the human factors, clinician
training, or the output of the clinical interventions. These aspects have been consid-
ered as the external components of the thesis, and they have been determined as out
of scope of the thesis. The model developed for this research is therefore considered

as a decision-support component whose outputs may inform clinical judgement, but
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do not replace it, and final responsibility for clinical decision-making remains with
the clinician.

In summary, this study connects predictive modelling with explainability and
Al safety methods in a specific area. These components collectively facilitate
a structured framework for the development and assessment of a safety-focused
machine learning methodology for the classification of T2D-related myocardial
infarction within a designated clinical decision-support environment. The thesis
primarily focuses on the data management and model development phases of the

problem, rather than on comprehensive clinical implementation.

1.4 Research Contributions and Novelty

There is one overarching contribution and supporting contributions in this thesis. The
overarching contribution is to develop a safety-oriented framework for an ML-based
model to classify the T2D-related MI event within an intended clinical decision-
support context. The supportive contributions under this overarching contribution

have been included below:

* Definition of the intended use case, system boundary, and dataset context:
This thesis defines the intended clinical decision-support context, clarifies the
role of the clinician and the model, and introduces the dataset context used
throughout the work. This establishes the clinical and analytical setting for the

thesis (Chapter 3).

* Derivation of safety requirements from hazard analysis: The research
employs SHARD analysis to determine the ML-related clinical hazards, their
causes, and the safety requirements for the identified clinical decision-support

context (Chapter 4).
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* Implementation of safety requirements in the modelling pipeline: This
thesis implements the identified safety requirements in the data management
and model development pipeline through feature selection, preprocessing,
class imbalance handling, model optimisation, and explainability choices

(Chapter 5).

* Structuring of a safety argument for the developed model: It uses Bow-Tie
analysis and Goal Structuring Notation (GSN) to show how hazards, barriers,
requirements, and supporting evidence are linked within the defined scope of

the work (Chapter 6).

Unlike the majority of the existing studies that prioritise the predictive perfor-
mance of the ML models, this thesis focuses on how safety considerations can
be embedded from hazard identification through to model development and struc-
tured assurance. Thus, the novelty of the thesis is that it develops and evaluates a

safety-oriented modelling and assurance approach for T2D-related MI classification.

1.5 Thesis Outline

1.5.1 Research Questions

In the following chapters, this research aims to answer the following research

questions:

1. What risk analysis techniques can be used to define Al safety requirements

in the context of T2D-related MI risk classification?

This research question explores the use of risk analysis techniques, particularly
SHARD (Structured Hazard Analysis and Risk Derivation), to define Al safety
requirements in the context of T2D-related MI risk classification. SHARD

enables the systematic identification of risks associated with data, model
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behaviour, and clinical decision outcomes. By applying such techniques, the
study aims to establish a foundation for embedding Al safety considerations

in the data management and model development stages.

2. How can an Al-based MI risk classification model in T2D be developed

while incorporating Al safety requirements?

This research question focuses on the development of an Al-based risk classi-
fication model for T2D-related MI by integrating Al safety requirements into
the design and building processes. The data queries, pre-processing, model
design, optimization, and validation strategies were guided by the Al safety
requirements identified in SHARD analysis. This ensures that the AI model is
not only accurate but also aligned with safety objectives such as mitigating the
risks of false positives and false negatives. By integrating safety considerations
into the data management and model-building steps, the research addresses the
gap between Al safety principles and their practical implementation in clinical

settings.

3. What is the role of safety case tools in assuring and evaluating Al safety

in T2D-related MI risk classification models?

This research question examines how safety case tools can be used to assure
and evaluate Al safety in T2D-related MI risk classification models. Af-
ter identifying safety requirements and designing and developing the model
accordingly, the research employs safety case components such as Goal Struc-
turing Notation (GSN) and Bow-Tie diagrams to systematically demonstrate
how safety objectives are being met. These tools provide a structured argu-
mentation framework, making the rationale behind safety-related decisions
explicit and traceable. By applying safety case methodology, the research
aims to bridge the gap between Al safety implementation and its assurance, a

critical aspect in clinical Al settings.
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1.5.2 Thesis Structure

* Chapter 2: Context and Literature Review: This chapter discusses existing
studies related to Type 2 Diabetes, Myocardial Infarction, MI risk predictions
used in safety-critical domains, challenges in managing MI in T2D, Al-based
solutions and Al safety in healthcare, the intersection of Al safety and Al

fairness, and explainability of Al models.

* Chapter 3: Clinical Use Case and Dataset Context: This chapter presents
the intended clinical decision-support use case, defines the system bound-
ary, explains the role of the clinician and the machine learning model, and

introduces the dataset and descriptive statistics used throughout thesis.

* Chapter 4: Establishing Safety Requirements for MI Prediction in T2D:
This chapter defines explicit safety requirements relevant to data manage-
ment and model development stages, emphasizing the clinical safety case, the
impacts of false positives and false negatives, and key model design considera-

tions essential for assuring model safety.

* Chapter 5: Developing a Machine Learning Model Under Safety Con-
straints: This chapter details the data collection, data preprocessing methods,
and the machine learning model development and optimization processes with
explainability to built a safe and reliable MI risk prediction model for Type 2

Diabetes.

* Chapter 6: Safety Assurance and Evaluation of the Model: This chapter
presents the safety assurance and evaluation strategies applied to the developed
MI risk prediction model, including visualization techniques like Bow-tie
diagrams, and structured arguments using Goal Structuring Notation (GSN),

specifically used to ensure the safety of the model during development.
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* Chapter 7: Overall Discussion: In this chapter, key findings, research limi-
tations, and areas for future potential improvement has been discussed, par-
ticularly in relation to ensuring Al safety during data management and model

development phases.

* Chapter 8: Conclusion: This final chapter summarizes all the contributions
and findings, concluding with reflections on the significance of the developed

safe Al-based MI risk prediction approach within the healthcare area.

1.5.3 Key Findings

This part discussed the key findings obtained while describing the frame of this
research. In this part, the most noteworthy findings will be identified, and they will

be discussed in detail in the following chapters.

1. Challenges in T2D Management: When it comes to predicting the risk of
developing MI in T2D, various difficulties and limitations emerge. The most
striking reason of this is that T2D is a complex health condition associated
with many different comorbidities, and it may progress in different ways in
each patient. Also, T2D-related MI prediction requires complex data analysis,
which requires large clinical datasets. However, since obtaining a real-world
healthcare dataset requires is challenging, this makes it very hard to develop

ML models for MI risk prediction using large clinical datasets.

2. Significance of Early Intervention: Early intervention in Type 2 Diabetes
progression management is crucial. To intervene early enough to T2D-related
comorbidities like Myocardial Infarction, it is very important to make accurate
and timely risk predictions. Al has a great potential to give promising results
in predicting T2D-related MI development, and this increases its significance

in clinical settings as a supportive tool. Using Al models may assist in the



1.5 Thesis Outline 11

early prediction of comorbidities, allowing for early and proper treatments and

potentially reducing mortality rates.

3. Necessity of Robust AI Safety Methodologies for Healthcare Applications:
One of the key results of this research is that there are no standard and widely
accepted Al safety implementations specifically developed for clinical predic-
tion models. This study demonstrates that using structured safety tools like
Bow-tie analysis and Goal Structuring Notation (GSN) plays a significant role
in ensuring safety, especially in certain stages of the Al building process. One
of the most significant stages is data management and model development
steps. Since the main focus is on these two Al building stages, the safety Al

Safety Assurance Methodologies become more important in this research.

4. Explainability Techniques Improve Trust in AI Models: The integration
of model explainability techniques has been found to significantly enhance
the interpretability and transparency of the Al models. This enables ML
developers and other intended users like healthcare professionals to understand
the rationale behind model predictions clearly, maintaining greater clinical
acceptance and trust in Al-driven predictions [36]. Therefore, Al explainability
acts as the crucial component of the overall safety assurance framework,

particularly during the data management and model development stages.



Chapter 2

Context and Literature Review

This chapter provides the background required for the remainder of the thesis and
explains why each topic is relevant to the later chapters. First, it introduces the
clinical context of Type 2 Diabetes (T2D) and Myocardial Infarction (MI), which
supports the intended use case and dataset context presented in Chapter 3. It then
reviews relevant prediction and treatment approaches and summarises the challenges
of managing MI in patients with T2D, helping to motivate the problem addressed in
this thesis.

The chapter next introduces machine learning concepts that are directly relevant
to the modelling approach used later in Chapter 5, including learning paradigms,
selected model families, preprocessing, class imbalance, and evaluation issues in
healthcare datasets. It then presents the safety concepts required for Chapter 4 and
Chapter 6, including SHARD, Bow-Tie analysis, and Goal Structuring Notation
(GSN). Finally, it discusses fairness and explainability in the limited context of this
thesis, because these concepts inform how model behaviour is interpreted and how

safety arguments are later structured.
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2.1 Type 2 Diabetes & Myocardial Infarction

T2D is a life-long serious health condition, and it progresses if it is not managed
properly [37]. T2D occurs when the pancreas is unable to produce a sufficient
amount of insulin to balance the blood sugar level [38]. A Long-term high blood
sugar level is life-threatening because it may cause damage to blood vessels, nerve
damage, kidney damage, blindness, foot loss, and more [39]. According to the
National Health Service (NHS), to reduce the risk of T2D progression, it needs to be
diagnosed early and managed properly [40, 41].

The diagnosis of T2D diabetes is done by General Practitioners (GPs) in the UK.
If a patient has T2D symptoms (i.e. feeling thirsty all the time, feeling very tired,
blurred vision, losing a significant amount of weight in a short period) may consider
going for a T2D diagnosis at GP [42]. Then T2D diagnosis is conducted by the
GP with routine blood tests [43]. The routine blood test mainly consists of checks
for the patient’s laboratory results such as blood pressure, cholesterol level, and
Body-Mass Index (BMI) [44]. However, laboratory-based glucose measures are used
for diagnosing T2D, while additional factors such as lifestyle, family history, ethnic
background, and age are important for assessing an individual’s risk of developing
T2D. [45]. This makes T2D a complex health condition for both diagnosis and
management.

Besides T2D is a complex health condition to diagnose and manage. Its privilege
is dramatically increasing [37]. According to the World Health Organization (WHO),
it is predicted that over half a billion people will be diagnosed with T2D by 2040 [46].
T2D may develop at any age, and when a patient is diagnosed with T2D, it poses a
risk of developing various comorbidity [47]. This means that highly prevalent T2D-
related comorbidities may bring a significant future burden for patients and healthcare
services. [48]. One of the most common and serious T2D-related comorbidities is

MI among the world population.



14 Context and Literature Review

MI is a medical emergency in which the blood supply to the heart is suddenly
blocked [49]. During the event of MI, the symptoms of MI may be chest pain,
shortness of breath, coughing, and sweating [50, 51]. However, it is very hard to
predict the MI in advance [52]. MI may progress without any early signs and develop
at any time [52, 53]. It also may be caused by many different conditions, such as
eating habits, lifestyle, family history, or other health conditions [54, 55]. This makes
MI a complex clinical event to predict and manage properly [52]. Nevertheless, the
studies also show that the risk of developing MI can be reduced or prevented with
early detection and proper interventions [52, 54].

In addition to the complexity of M1, its incidence is significantly high and this
poses arisk of an increased number of T2D-related MI [56]. Having T2D is clinically
serious, but having both T2D and the risk of MI is more dangerous [57]. Because
of this, it is crucial to focus on early predictions and interventions for MI caused by
T2D.

This clinical background is important for the remainder of the thesis because it
defines the healthcare context in which the intended use case is later described in
Chapter 3. It also explains why incorrect classifications in this problem can be safety-
related, which motivates the hazard analysis and safety requirements developed in

Chapter 4.

2.2 Existing Risk Prediction & Treatment Models

In the literature, there are various prediction and treatment models for T2D-related
comorbidities. In this section, the most popular existing models used for clinical
settings will be discussed.

The UKPDS Risk Engine [58] is a sophisticated tool that predicts the 10-year
risk of MI and other cardiovascular events in people with T2D. This model predicts

the risk of developing a cardiovascular event using a complete collection of patient-
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specific factors such as age, gender, ethnicity, diabetes history, blood pressure,
lipid levels, and glycemic management [58]. By combining these variables, the
UKPDS Risk Engine estimates absolute CHD risk in people with T2D, supporting the
identification of high-risk patients and the determination of optimal care for primary
prevention of CHD, including MI. [58]. Its extensive use and validation make it an
important tool for directing clinical decisions and enhancing cardiovascular event
treatment in T2D patients.

The Reynolds Risk Score [59] is a cardiovascular risk prediction tool that uses
traditional and novel risk variables to estimate the 10-year risk of cardiovascular
events, including M1, in initially healthy adults. In addition to classic risk variables
including age, gender, and cholesterol levels, the Reynolds Risk Score takes into
account a family history of early coronary heart disease, high-sensitivity C-reactive
protein (hs-CRP) levels, and hemoglobin Alc (HbAlc). By taking into account
these new criteria, the Reynolds Risk Score improves cardiovascular risk assessment
accuracy, allowing doctors to execute individualized preventative interventions and
treatment methods to lower the risk of MI.

The American Heart Association (AHA) Atherosclerotic Cardiovascular Disease
(ASCVD) Risk Estimator [60] is a popular tool for determining the 10-year risk of
atherosclerotic cardiovascular events, including MI, in people with T2D. To evaluate
cardiovascular risk, it takes into account a variety of factors such as age, gender,
race, total cholesterol, HDL cholesterol, diabetes status, systolic blood pressure,
and usage of blood pressure-lowering medications. The ASCVD Risk Estimator
offers clinicians a complete risk assessment that aids in the adoption of preventative
measures and therapeutic interventions to reduce the risk of MI in T2D patients. Its
easy-to-use interface and rigorous validation make it an invaluable tool for guiding
therapeutic decisions and enhancing cardiovascular treatment in this group.

In the United Kingdom, the National Institute for Health and Care Excellence

(NICE) guidelines give evidence-based recommendations for managing type 2 dia-
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betes (T2D) and preventing cardiovascular complications, such as myocardial infarc-
tion (MI) [61, 62]. The NICE recommendations stress a comprehensive approach
to diabetes treatment, with an emphasis on risk assessment, lifestyle modifications,
and pharmaceutical therapy to lower the risk of cardiovascular events in people with
T2D [61, 62]. The NICE guidelines include risk assessment using proven techniques
such as the UK Prospective Diabetes Study (UKPDS) Risk Engine, which takes into
account age, gender, ethnicity, duration of diabetes, smoking status, blood pressure,
lipid levels, and glycemic control [58, 63]. NICE’s guidelines for decreasing car-
diovascular risk in people with T2D include lifestyle adjustments such as dietary
changes, weight control, and regular physical exercise [61, 62]. Pharmacotherapy is
also discussed, with NICE prescribing medicines such as metformin, statins, ACE
inhibitors, and ARBs depending on specific patient characteristics and cardiovas-
cular risk factors [61, 62, 64]. Regular monitoring of critical indicators, as well as
organized yearly assessments, are recommended to improve diabetes management
and lower the risk of cardiovascular problems, such as MI [65]. NICE guidance for
adults with T2D covers education, dietary advice, cardiovascular risk management,
blood glucose management, and the identification and management of long-term
complications. [61]. Because NICE is one of the most comprehensive and widely-
used tools employed in the UK for T2D, we built our ML model and safety assurance
cases based on this guideline.

These existing approaches are relevant to this thesis because they show that
MI-related assessment in T2D is already clinically important, but they do not by
themselves provide a safety-oriented machine learning framework for the bounded
decision-support context examined in this work. This gap motivates the later focus

on safety requirements, modelling choices, and structured assurance.
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2.3 Challenges in managing MI for T2D Patients

Managing MI for T2D patients presents significant challenges due to the complex

relationship between these two conditions [56]. These challenges may include:

Increased Risk

T2D patients are at a greater risk of having cardiovascular problems, including MI,
than non-diabetics. Managing MI in this population necessitates careful evaluation
of both diabetes and cardiovascular risk factors. Williams et al. [66] refer to
the increased risk of developing MI for T2D patients and suggest different drug

treatments according to various personalised factors.

Atypical Symptoms

T2D patients may develop unusual or silent MI symptoms such as shortness of
breath, tiredness, or moderate pain, which can cause diagnostic and therapeutic
delays. Recognising and appropriately interpreting these signs is critical for prompt
action. Angerud et al. [67] mentioned different MI symptoms varying in many
factors and proposed possible interventions that can be undertaken according to the
patient’s health condition. However, they also noted deciding to type of intervention
is challenging as the atypical symptoms can be misdiagnosed easily. Hughes et
al. [68] also reviewed and suggested five different possible actions that can be
undertaken before the event of MI according to NICE guidelines published in the
UK.

Complex Treatment Requirements

T2D patients frequently have several comorbidities and extensive treatment reg-
imens, which include glycemic control medicines, blood pressure management,

lipid-lowering therapy, and antiplatelet medications. Coordinating such treatments
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with those for MI can be difficult and may require changes to adjust medication
interactions and side effects. Munkhaugen et al. [69] also mentioned this challenge
and stated that many reasons challenge drug adherence in individuals with T2DM in
MI, with side effects being among the most commonly reported challenges. Shah et
al. [70] stated that managing T2D-related MI treatment is complex due to it requires
continuous monitoring of lifestyle and continuous adjustment of drug treatment with

personalized recommendations.

Shared Decision-Making

Engaging T2D patients in shared decision-making for their MI treatment and sec-
ondary prevention initiatives is critical, but it can be difficult owing to inadequate
health literacy, cultural issues, and psychological challenges. In the study [71], it
has been concluded that T2D-related MI management is a complex problem, and
the necessity of ethical and clinical limitations for proposing personalised treatment

models makes it more difficult.

2.4 Artificial Intelligence and Machine Learning

Artificial Intelligence (Al) is a broad field concerned with systems that perform tasks
normally associated with human intelligence. Machine Learning (ML) is a subset
of Al in which models learn patterns from data in order to support prediction or
classification tasks. In this thesis, the focus is not on general forms of Al, but on ML
methods that are directly relevant to a supervised clinical classification problem.
For this reason, the discussion in this section is restricted to ML concepts that
support the later model development chapter. These include learning paradigms
relevant to healthcare data, the selected model families used in this thesis, and the

main preprocessing and evaluation issues that influence safe model development.
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24.1 Types of ML

1. Supervised Learning

Supervised Learning is an ML type used when the data is labelled [72]. In
Supervised Learning models, the variables (features) are categorised as input
and output variables [72]. The objective is to learn patterns using input vari-
ables and to make predictions on outputs [73]. There are two main supervised
learning methods: Classification and Regression [74]. While Classification
deals with estimating the categorical labels such as predicting the risk of heart
attack or classifying spam emails, Regression models handle problems by
predicting continuous target variables such as the future price of the house
or amount of sales of a product [74]. In this thesis, the modelling problem
is treated as a supervised clinical classification task. For this reason, the
later model development stage focuses on model families commonly used
in structured healthcare data, namely Naive Bayes (NB), Neural Networks
(NN), Random Forest (RF), and Support Vector Machines (SVM) [74]. These
models were selected because they offer different strengths and weaknesses for
classification problems and therefore provide a useful comparative basis for
the safety-oriented modelling work presented later in Chapter 5. Regression

models are outside the scope of this thesis.

Supervised ML Algorithms Commonly used for T2D-related Problems:

(a) Naive Bayes [75, 76]:
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Fig. 2.1 Illustration of Naive Bayes

In statistics, Naive Bayes classifiers belong to a category of linear "prob-
abilistic classifiers" that assume features are conditionally independent,
given the target class. The simplicity (naivety) of this assumption is
what characterizes the classifier. Naive Bayes classifiers are considered
among the most basic Bayesian network models. These classifiers offer
high scalability, as they require several parameters proportional to the
number of variables (features/predictors) in a learning problem. Training
via maximum-likelihood estimation involves evaluating a closed-form
expression, which operates in linear time, contrasting with the costly
iterative approximation common in many other classifier types. In statis-
tical literature, naive Bayes models go by various names, such as simple
Bayes and independent Bayes. These names allude to the application of
Bayes’ theorem in the classifier’s decision rule, yet it’s important to note

that naive Bayes is not necessarily a Bayesian method.
One of Naive Bayes’ strengths is its scalability. It can be trained effec-
tively and usually does not need a large amount of computational power.

This makes it attractive for large structured healthcare datasets. But this
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is mainly due to the assumption of conditional independence. Many
variables in clinical datasets are related to each other, such as blood
pressure, age, kidney markers, and other metabolic indicators. Thus,
the independence assumption may oversimplify clinically meaningful
relationships and may compromise the model’s ability to represent more

complex patterns.

(b) Neural Network [77-82]:
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Fig. 2.2 Ilustration of Neural Network

Neural networks, also known as artificial neural networks or neural
networks (ANN or NN), are a type of machine learning model inspired by
the organization of biological neural networks found in the human brain.
NN consist of nodes, called artificial neurons, which mimic neurons
in the brain. These artificial neurons are connected by weighted links,
which form the neural network structure. Each artificial neuron receives
signals from connected neurons, processes them, and transmits a signal
to other connected neurons [77]. Signals are represented as real numbers,
and each neuron’s output is calculated using a nonlinear function of the
sum of its inputs, known as the activation function. Neurons and edges

typically have weights that are adjusted during learning, affecting the
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signal strength at the connection. Neurons are often organized in layers,
where different layers perform different transformations on their input.
Signals propagate from the input layer to the output layer, potentially
passing through multiple hidden layers. A network with at least 2 hidden
layers is called a deep neural network. NNs find applications in predictive
modelling, adaptive control, and a variety of other areas where they can
be trained using datasets. They are also used in solving problems in
artificial intelligence because they can learn from experience and draw

conclusions from complex and seemingly unrelated data.

The main strength of Neural Networks in this respect is their flexibility.
They may be able to model complex interactions between clinical vari-
ables and can therefore capture patterns not easily modelled with simpler
models. But this flexibility also comes with limitations. Neural Networks
are typically less interpretable than simpler models, sensitive to design
choices such as design and optimisation settings, and may require careful
tuning to avoid poor generalisation. Such limitations are important in a
safety-critical setting, as good predictive performance is not enough if

the model remains hard to interpret or justify.

(c) Random Forest [83-86]:
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Fig. 2.3 Illustration of Random Forest

Random Forest is a powerful supervised machine learning technique that
combines multiple decision trees. It can be used in both classification
and regression problems. The core principle underlying Random Forest
revolves around leveraging the synergy of several independent models,
represented by the individual decision trees. In classification tasks, each
tree contributes a classification or "vote," and the forest ultimately adopts
the classification favoured by the majority of votes. In regression settings,
the forest computes the average of the outputs from all trees. The critical
aspect here lies in maintaining low (or negligible) correlation among the
constituent models, namely the decision trees comprising the overarching
Random Forest model. While individual decision trees may exhibit errors,
the consensus among the majority steers the collective outcome toward

the correct direction.

Random Forests are robust learners and work well on many types of
tabular data problems. It can work well even when the relationships
between predictors and outcomes are complex, and is often less sensitive
to noise than a single decision tree. Its limitations, however, should also

be acknowledged. It is more interpretable than some of the black-box
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models, but not entirely transparent, as a simple statistical model might be.
It can also overfit if not carefully controlled, particularly if optimisation
and validation are not handled appropriately. These points are relevant in
this thesis as later chapters assess model behaviour not only in terms of

performance, but also in terms of safety-oriented requirements.

(d) Support Vector Machine [87-90]:
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Fig. 2.4 Tllustration of Support Vector Machine

A Support Vector Machine (SVM) is a classifier that discriminates by
defining a separating hyperplane. In other words, when provided with la-
beled training data (in supervised learning), the SVM algorithm identifies
the best hyperplane to categorize new examples. In a two-dimensional
space, this hyperplane acts as a line that divides the plane into two parts,
with each class falling on one side or the other. SVM is useful for both
regression and classification problems, and is also used for Supervised
Learning models.

One of the main advantages of SVM is that it performs well for high-
dimensional classification problems. It can be good in terms of the

number of input variables, and also for a complex class boundary. How-
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ever, the performance may depend on the choice of kernels and the setting
of parameters. It can also lose some intuitiveness when interpreting in
a clinical setting. This is important in the context of this thesis as a
model may be technically strong but still require further justification if

its behaviour is difficult to explain to intended users.

These ML models are common in the healthcare area, and were not selected
for any one reason. They were also selected for the different trade-offs they
provide in terms of simplicity, flexibility, interpretability, and optimisation.
This is relevant for the later chapters, where the models are not only compared
by predictive performance, but also with respect to the safety-oriented design

and evaluation approach used in this thesis.

2. Unsupervised Learning

This is another type of ML used when the data is unlabelled [91]. These learn-
ing models use unlabelled data to make predictions or to recognize patterns
and relationships between the data points [91]. The primary goal of Unsuper-
vised Learning is Clustering or Association in the entire dataset [92]. While
Clustering is the process of grouping the datasets based on their similarities,
Association refers to a technique for discovering new patterns or relationships
between the data points [92]. There are various Unsupervised Learning algo-
rithms, such as K-Means Clustering, Mean-shifting, and Principal Component
Analysis, both used for Clustering and Association [93]. However, since the
dataset used in this thesis is labelled, Unsupervised Learning is out of the

scope of our research.

3. Semi-Supervised Learning

Semi-supervised learning is a technique for leveraging a small amount of la-

belled data together with a large amount of unlabelled data [94]. Such learning
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is relevant in domains such as healthcare, where obtaining labels is expensive,
time-consuming, or requires expert judgement [95]. Semi-supervised learning
is not used in this thesis, as the modelling approach taken here is based on
labelled records for a supervised binary classification task. However, it is
included here because it is part of the relevant machine learning landscape for

clinical data problems.

. Reinforcement Learning

This ML learning model involves training to learn by interacting with the
environment to find the most optimal solution to achieve the goal [96]. RL
does not require any labeled data and finds solutions by trial and error with the
parameters assigned by the developer [97]. RL is mainly used for the problems
associated to Natural Language Processing (NLP), Autonomous Vehicles,
Recommendation Systems, and Healthcare to optimise the treatment plans
for the patients [97]. There are different types of RL algorithms for building
RL-based models named Q-Learning, SARSA, and Deep Q-Learning [98].
These three RL algorithms are mainly used for the safety-critical domains,
such as building ML-based treatment recommendation models in healthcare

[97].

2.4.2 ML Development

Developing ML models requires multi-stage systematic approaches [99]. Before

training an ML algorithm it is crucial to identify the domain of the problem to

find the most suitable ML model and algorithms to be applied [99]. Then, proper

ML-building steps need to be followed according to the problem and goal as follows

[99].

1. Data Collection
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Data is the main element of AI/ML-based models, and there are different types
of data to be used for building AI/ML models [100]. Data collection is the
first step in building AI/ML-based models [99]. There are a large number
of datasets to be used for building ML applications for different fields such
as healthcare, autonomous systems, energy management, or education [92].
However, these datasets are separated as real-world and synthetic data in the

literature [34, 101].

Real-world data refers to data observed and gathered in the actual world [101].
It covers a diverse set of sources and formats, including structured data from
databases, unstructured data from text documents, and semi-structured data
from other sources [102]. Synthetic data is generated data that closely re-
sembles real-world data patterns but is built by mathematical models rather
than being gathered in the actual world [103]. Because of the difficulty of
obtaining and managing real-world data, researchers tend to use synthetic data
to conduct or support their studies [34]. Tucker et al. [103] also mentioned
the difficulty of obtaining real-world healthcare datasets for researchers due to
data sharing restrictions. Therefore, they generated a high-fidelity synthetic
patient data which mimics a real-world healthcare dataset. Then, they have
assessed the ML model in terms of the performance values of the model by
integrating their outlier analysis and resampling approach. It was shown that
with a proper methodological approach, synthetic data may become well-
representative healthcare data for the ML models. However, specifically in
safety-critical domains such as healthcare, using real-world data still conserves
its importance while building ML models that are well-representing the prob-
lem [104]. Therefore, a large-scale real-world dataset, Connected Bradford

(CB), has been used in this thesis.

2. Data Preprocessing
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Data preprocessing is one of the most crucial steps for building ML models
because it requires various aspects to be considered for building the most
proper and best-representing problem-specific problems [105, 106]. Data
preprocessing may consist of many steps and costs to most of the time spent

for building an AI/ML-based model [105].

Appropriate data preprocessing can improve quality, consistency, and usability
of data for the ML models [105, 106]. However, improper preprocessing
can also introduce new problems [107]. For example, imputation strategies
can mask clinically relevant patterns, wrong scaling or encoding choices can
change the model behaviour, and preprocessing in the wrong order can cause
data leakage [107-110]. Hence, the preprocessing choices made in this thesis
are not just technical conveniences. They are regarded as safety-relevant

modelling choices.

(a) Data Cleaning

Data cleaning is the process of detecting, removing, or correcting the
errors in the entire data [111]. Removing duplicate values, correcting
typing errors, or extracting outliers can be examples of data cleaning
processes [106]. The main object of data cleaning is to ensure the entire
dataset consists of complete and consistent data, enabling developers to

obtain meaningful data information [106].

(b) Data Imputation

Data imputations is a technique for estimating the missing values to
ensure having a complete dataset before building ML models [112].
While estimating the missing values, data imputation techniques fill
the missing data points by avoiding bias and loss of information using

different techniques [112]. Common imputation techniques are mean



2.4 Artificial Intelligence and Machine Learning 29

(©

(d)

(e)

imputation, mode, median, or more advanced methods such as k-nearest

neighbors (kNN) [113].

Data Scaling

Datasets may include variables with different units or scales and this may
cause extreme effects on the output caused by some particular variables
[114]. To handle this problem, scaling the entire numerical data between
zero and one is important to minimize the effects of variation caused by
the variables having higher ranges [114]. For instance, comparing the
correlation between a person’s height in centimeters and their weight in
kilograms, scaling these values can make the analysis more meaningful

[106].
Data Encoding

This technique is also known as one-hot encoding which converts all
the categorical (non-numeric) variables to the numerical values, zero
or one, for ML algorithms [115]. ML models need numerical values to
process the dataset and learn by training all the input variables [110].
To enable the ML models to provide meaningful and robust outputs,
one-hot encoding is another significant step if there is any categorical

input variable in the entire dataset [110].

Data Splitting

Data splitting is a common technique for ML in which the data set is
divided into different subsets for training (generally 70-80%) and testing
(remaining 20-30%) purposes [116]. Typically, the data set is divided
into a training set, in which a machine learning model is trained, and a
test set, in which the performance of the model is evaluated on unseen
data [117]. This method can measure the model’s ability to generalise the

new data [116]. However, data splitting can lead to significant variations
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in performance estimates, especially with small or non-representative

data sets [116].

(f) Cross-validation

Cross-validation is a method for evaluating the performance of a model
in ML [117]. The dataset is divided into k clusters of equal size, and the
model is trained and tested k times, each time using a different cluster
as the validation set and the remaining clusters as the training set [117].
The performance metrics are generated and averaged over iterations to
provide an estimate of overall model performance. Cross-validation helps
reduce overfitting and bias by providing robust performance estimates

and is widely used in model validation and selection [117].

3. Training, Validating and Testing

Training is the process of teaching ML to learn from input variables to provide
meaningful outputs [73]. The models learn from the provided dataset by ad-
justing its parameters to make robust and accurate estimations [99]. Validation
is an important part of the ML building process used to check how the model
learns from past data and reacts to new unseen data [117]. As previously
mentioned, cross-validation is applied in this step to prevent overfitting and
bias to ensure the accountability of the ML model particularly for the safety-
critical domains [117]. On the other hand, testing is the last step to evaluate
the model’s performance on entirely unseen data [117]. Testing gives insight
into how the model performs in real-world situations and whether it is ready

to deploy [117].

. Evaluation Metrics of ML

It is very important to evaluate the performance of the ML models. This

gives insight into choosing the most suitable ML model best fitting to the
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given problem. In the literature, there are mainly used performance metrics
(i.e. Accuracy, Cohen’s Kappa, Precision, Recall, Specificity, F1-Score, AUC-
ROC which plots the true positives against the false positives) to evaluate the

ML-based models, particularly for healthcare area [118].

Accuracy is the ratio of the correct predictions to the cumulative number of

the predictions made by the model. Accuracy is calculated by:

Accuracy = IP+1TN (2.1)
Y T TPYFP+TN+FN '

where, TP = True Positives, TN = True Negatives, FP = False Positives, FN
= False Negatives. Precision is the proportion of true positives among all
positive predictions. It is a measure of how accurately the positive predictions

are made by the ML model and is given by:

TP
Precision = ———— 2.2)
TP+FP

Further, Recall is known as sensitivity or true positive rate (TPR), which is
the proportion of true positive predictions among all actual positive entries.
It measures the model’s ability to identify positive instances correctly and is

given by:

TP
Recall = — 2.3)
TP+FN

F1 score is the harmonic mean of precision and recall, providing a metric that
balances both metrics [118]. It is useful when dealing with unbalanced data
sets where one class is significantly more frequent than the other [119]. This

metric is also useful to see the model’s ability to account for the minority class
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when the cost of misclassifying the minority class is high. The formula for the

F1 score is as follows:

Fi = 2Pre?i§ion x Recall (2.4)
Precision + Recall

In healthcare classification problems, the costs of false positives and false
negatives are often not equal [120]. A false negative may delay intervention in
a high-risk patient, whereas a false positive may trigger unnecessary follow-up
or treatment. For this reason, cost-sensitive learning is relevant in clinical
machine learning because it explicitly recognises that different error types
may have different practical consequences [121]. Even when a study does not
implement a fully cost-sensitive model, this principle remains important for se-
lecting evaluation metrics, class imbalance strategies, and decision thresholds

in safety-critical contexts [120, 121].

Cohen’s Kappa (k) is used to measure the level of agreement between two
raters or judges who each classify items into mutually exclusive categories
[122]. Table 2.1 summarises how to interpret different Cohen’s Kappa values
(Adapted from [122, 123]). Cohen’s Kappa generally ranges from -1 to 1,
where 1 indicates perfect agreement, 0 indicates agreement equivalent to
chance, and negative values indicate agreement below chance. It is obtained

as follows:

= Po — De (2.5)

l_pe
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Table 2.1 Interpretation of Cohen’s Kappa (k)

kK Range Interpretation
<0 Less-than-chance agreement
0.00-0.20 Slight agreement
0.21-0.40 Fair agreement
0.41-0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-1.00 Almost perfect agreement

2.5 Review of Al Applications in Diabetes

Al has provided promising results and has increased its popularity in safety-critical
systems [124]. Thus, Al-based studies in the healthcare area have become more
popular among healthcare studies, and T2D-related problems have emerged as the
primary focus of these studies [125]. However, these applications have different
specific problems and goals and use various types of AI/ML approaches [8].
Ghosh et al. [126] used multiple ML algorithms, Support Vector Machines,
Random Forest, and Adaboost, to build an ML-based model to detect the risk of T2D
using the Pima Indian Dataset which is available online. They used the kNN approach
to impute the missing values and compared the results obtained by separate ML
models for evaluation. They concluded that Random Forest gives the best accuracy
for predicting T2D. In another study, Sudharsan et al. [127] selected four different
ML algorithms to test the performance of predicting the risk of Hypoglycemia
for patients with T2D. They used various parameters to fine-tune the ML models
and concluded that SVM provides the best performance values using the patient’s
blood glucose data. Wei et al. [128] performed two different ML models using NN
and SVM to predict the risk of T2D. They used the Pima Indian Dataset to build
their ML models and concluded that SVM gives higher performance values when
it is used for a 10-fold cross-validation technique. Yousefi and Tucker [129] used
Bayesian Networks to build an ML model for the T2D-related problem. They dealt

with class imbalance and determined the precise position of latent variables within
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probabilistic networks. It was concluded that the results showed that the rebalancing
class-imbalance handling approach demonstrated an improvement in the prediction
performance. Yahyaoui et al. [130] conducted a study for building a decision support
model for diabetes prediction using different ML algorithms. They used NN, RF,
and SVM in their studies with different data preprocessing steps. Then they stated
that RF gives better solutions when the optimal settings are used for their problem.
Zheng et al. [131] conducted a study for identifying T2D using NB, NN, RF, and
SVM algorithms. It has been discussed that using different ML models with different
parameters for identifying T2D can potentially increase the performance of detecting
the risk of developing T2D [132, 133].

In the studies [126, 127, 129, 131], multiple NB, NN, RF, and SVM have been
used with different data preprocessing steps. As the imputation techniques mean,
mode, median, kNN, and ensemble techniques have been used, and one-hot encoding
has been applied to convert categorical variables to numerical ones. Datasets have
been split into 70-80% for training, and the remaining 20-30% have been used
for testing the models. For the validation techniques, k-fold cross-validation has
been used for both synthetic and real-world data. It has been concluded that using
different ML algorithms for different datasets with different parameters may change
the outcome of the ML-based models. Then it is stated that it is noteworthy to
consider the representation level of the collected datasets for the specified problems,
as well as whether the AI/ML approaches are sufficiently appropriate for the domain
of the problem.

In the previous part of this section, the studies that have been addressed mainly
focus on developing ML models for T2D. On the other hand, various studies build
AI/ML models not only for T2D but also for T2D-related comorbidities such as MI.

Dinh et al. [134] used the National Health and Nutrition Examination Survey
(NHANES) dataset to conduct their study using different ML algorithms to predict

the risk of T2D and MI. They employed SVM and RF ensemble models to build
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their ML models and applied different feature engineering techniques to extract
the most important contributors for predictions. It has been concluded that using
ensemble tree models provides the best performance, and proper feature engineering
techniques help to understand the importance level of each contributor in the ML
model. In the study [135], Al-based data mining methods were used to uncover the
clinical factors of MI patients with T2D. Different combinations of predictions were
used the results were linked to the cardiovascular events. It has been stated that the
use of Al may comprehensively undercover the risk of developing MI. Dalakleidi et
al. [136] comparatively assessed statistical and ML techniques for estimating the risk
of developing T2D and cardiovascular complications. They compared ensembles
of artificial neural networks with logistic regression, Bayesian-based approaches,
and decision trees, and reported that the proposed ensemble models showed superior
performance over the other models. Hossain et al. [137] implemented NB, RF, and
SVM ML algorithms in their models and developed a case study for predicting MI
in T2D using ICD codes. It has been concluded that RF makes better predictions

using predefined ICD codes and feature selection methods.

2.6 Al Safety in Healthcare

This section introduces the main safety concepts that support the later chapters of
the thesis. In particular, it distinguishes between safety analysis methods used to
identify hazards and safety assurance methods used to structure and communicate a
safety argument.

Safety analysis is a systematic examination of possible risks in a system and
of the controls that may prevent or reduce harm [138, 139]. A number of safety
analysis methods have been used across engineering and healthcare-related systems,
including Fault Tree Analysis (FTA), Failure Mode and Effects Analysis (FMEA),

Hazard and Operability (HAZOP), Bow-Tie analysis, and Software Hazard Analysis
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and Resolution in Design (SHARD) [140-144]. However, these methods do not
all serve the same purpose. Some are more useful for identifying hazards and their
causes, while others are more useful for visualising controls and consequences
[140, 142, 143].

In the context of this thesis, SHARD is introduced because the later hazard
analysis requires a structured way to identify model-related hazards and their causes
within a bounded clinician-in-the-loop decision-support context. SHARD is par-
ticularly useful here because it supports guide-word-based reasoning about what
may go wrong in a system function and how such problems may lead to safety-
relevant concerns [144]. For this reason, SHARD is used in this thesis as the main
hazard identification approach that supports the derivation of safety requirements in
Chapter 4.

By contrast, Bow-Tie analysis plays a different role in this thesis. It is used
to structure and visualise the relationship between threats, the top event, barriers,
and consequences [143]. In other words, SHARD is used mainly for hazard and
cause identification, and Bow-Tie is used later to present the safety picture in a more
integrated and communicable way.

Then, the safety assurance methods are used to frame the reasoning of whether
the selected controls and evidence are sufficient within the defined scope of the thesis.
To this end, this work presents Goal Structuring Notation (GSN), which provides
a structured means of presenting safety claims, supporting logic, and evidence in a

form that can be systematically examined. [145-147].

2.6.1 Safety Analysis

Healthcare is a safety-critical domain and it requires safety analysis while employing
Al applications [148—150]. Safety analysis contains two main components: hazard

and risk. A hazard can be defined as a potential source of patient harm, while risk
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can be defined as the combination of the severity of patient harm and the likelihood
of that harm occurring [148].

SHARD can be evaluated as a systematic way of asking what could go wrong in
a system and why. It uses guide words to decide whether a system function could
be performed incorrectly, incompletely, too late, or in some other undesirable way.
For example, if an ML model is designed to assist in a clinical classification task,
SHARD can help to identify what happens when the model output is wrong, wrong
data is used, or clinically relevant information is not represented properly. In this
thesis, SHARD is introduced as the main hazard identification method because of its
clear connection from hazards and causes to safety requirements in the following
chapters.

Bow-tie (see Figure 2.5 (Adopted from [151])) is a widely used safety analysis
method, in particular to T2D-related Al applications, and it consists of different
crucial components. The hazard is the cause of possible harm, the top event is the
moment where control is lost, and the consequences are the harmful results that may
happen if the event is not mitigated in a Bow-Tie diagram. Therefore, this distinction
is significant. The top event is not the ultimate consequence, but rather the central

unsafe event connecting threats on the left side to consequences on the right side.

e Hazard

The hazard is the underlying source of potential harm within the system [148].
In healthcare Al, this may relate to the use of a model in a context where

incorrect outputs could contribute to unsafe clinical judgment [149, 152].

* Top Event

The top event is the central unsafe event that occurs when control over the
hazard is lost. In healthcare Al, this may correspond to a model-related failure,

such as an incorrect classification that can influence clinical decision-making.
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Fig. 2.5 Example of Bow-tie Analysis

¢ Causes

These are the factors or events that could lead to the occurrence of the hazard.
In healthcare Al, causes could include issues such as biased algorithms, data

quality issues, lack of user training, or cybersecurity vulnerabilities [153—-156].

* Consequences

Consequences are the harmful outcomes that may follow if the top event
occurs and is not adequately mitigated. In healthcare Al, these may include
delayed intervention, unnecessary follow-up, patient harm, loss of trust, or

wider organisational consequences.

¢ Preventive Barriers

These are steps put in place to avoid the hazard from occurring. Examples of
healthcare Al include algorithm validation and testing, data quality assurance
methods, cybersecurity protection, and regulatory compliance measures [156—

159].

* Mitigative Barriers
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These are protections to reduce the impact of the hazard if it occurs. Mitigative
obstacles in healthcare Al may include human monitoring of Al suggestions,
quick reaction mechanisms for detecting and correcting mistakes, or backup

systems for important activities.

¢ Escalation Factors

Signs or triggers that may increase the severity or chance of a danger happening.
For example, in healthcare Al, escalation drivers may include greater patient
acuity, changes in patient demographics, or software upgrades that present

new hazards.

2.6.2 Safety Assurance

GSN has gained acceptance within safety assurance methods to demonstrate how
safety claims or goals are supported by evidence-based arguments. Other tools and
methodologies, such as Claims Argument Evidence (CAE), Adelard Safety Case
Editor (ASCE), and mind mapping diagrams, can be used to convey engineering
arguments similarly to GSN. Figure 2.6 shows the key components of GSN.

GSN can be read from top to bottom. A higher-level goal states what is being
claimed, a strategy explains how that claim is broken down, and lower-level goals
specify the parts that need to be satisfied. Context elements provide background
needed to interpret the claim correctly, justifications explain why a certain reasoning
choice is acceptable, and solution elements indicate the evidence or implemented
action used to support a goal.

The connections between these elements are also important for interpretation.
A connection from a goal to a strategy shows that the claim is being decomposed
through a particular line of reasoning. A connection from a strategy to sub-goals
shows how that reasoning is divided into smaller claims that must each be satisfied.

A connection from a solution to a goal shows that the goal is supported by specific
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evidence or an implemented action. By contrast, context and justification elements
do not directly prove a goal. Instead, they are attached to the relevant goal or strategy
to clarify the conditions in which the claim should be understood and why a particular
reasoning step is acceptable. This distinction is important for non-safety experts,
because it shows that some elements support the argument with evidence, while

others help explain how the argument should be interpreted.

Goal_G1 Context_C1

All identified system

System X can tolerate
hazards

single component failures

Solution_Sn1

Assumption_Al

All credible hazards
have been identified

Fault Tree for
Hazard H1

Strategy_5S1 Justification_J1

Argument by appeal to
elimination of all

Domain Standard 123
permits SIL apportionment
approach

hazards

Fig. 2.6 Components of GSN

* Arguments

In the GSN (see 2.6 (Adopted from [145])), the term argument refer to struc-
tured reasoning and logic that links evidence to safety claims within the safety
assurance. The argument presents a straightforward and systematic definition
of the reasoning underlying safety claims, which improves confidence and trust
in the safety of complex systems such as healthcare. It enables stakeholders

to critically assess the validity and reliability of the safety argument, as well
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as identify any gaps or weaknesses in the evidence or reasoning given. The
argument consists of different key components:

e Goal (G)
The goals of a GSN are claims that are desired to be true. Each goal includes a
clear declaration.

» Strategy (S)

The strategy explains how a goal relates to sub-goals, solutions, or evidence.
This is used when there is a significant gap between the aim and evidence,

requiring more clarification.

* Context (C)
The context elements are used to provide statements or references which clarify
contextual information in the claim/goal.

 Justification (J)

The justification explains why the approach or objective is a solution. The
phrasing needs to be limited to single, clear claims with a noun phrase (subject)

and a verb phrase (true or false).

* Solution (Sn)

The solution identifies data or evidence that supports the goal. Evidence may
include process information, product information, qualitative and quantitative

data, subjective information, service history, and analysis/test findings.

* Evidence

In the Goal Structuring Notation (GSN), evidence is used to support safety
claims and assertions in the assurance case. It includes a diverse set of sup-

porting materials, such as empirical data, expert views, analytical results,
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regulatory compliance documents, historical data, and validation and verifi-

cation operations. Each piece of evidence helps to explain the safety goals,

strategies, and solutions shown in the GSN diagram, establishing a transparent

and trustworthy basis for safety assurance. By methodically recording and

presenting information within the GSN framework, stakeholders may improve

their understanding, trust, and confidence in the safety of complex systems

and processes, establishing a culture of responsibility and rigor in safety man-

agement methods. In the Figure 2.7 (Adopted from [145]), a sample GSN

diagram has been demonstrated, and the GSN diagram of this thesis has been

built according to this example in the following sections.
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2.7 Intersection of AI Safety and Al Fairness

Al Safety is a wider and crucial concept in clinical safety context. However, in a
clinical context, there are various concepts, and they have intersection points [160].
Therefore, Al Safety is not solely separate from the others, and it shares different
common points with some of the concepts in clinical Al context [30, 161]. One
of the most important concepts in this context is Al Fairness [162, 163]. Although
the main focus of this thesis is on Al Safety in T2D-related MI risk classification,
it is worth to touch Al Fairness in clinical AI models since the literature discusses
safety together with fairness [30, 164, 162]. Because unsafe and unfair clinical
outcomes may directly cause a harm on patients and undermine the trust in clinical
Al technologies, both concepts are significant in this domain [161, 162].

In the context of this thesis, fairness is understood in a limited and task-specific
way. It refers to the risk that the model may produce systematically different error
behaviour across patient groups, particularly where this may contribute to unequal
clinical impact. Fairness is therefore not treated here as the primary focus of the
thesis, but as a related concern where it overlaps with safety, especially through class
imbalance, representation, and error distribution.

The main concern of Al Safety in the healthcare area is to prevent harmful
clinical outcomes [30, 149]. On the other side, Al Fairness prioritises preventing
unequal outcomes across different social or clinical groups [162, 163]. These two
perspectives are conceptually, but practically are interlinked. An Al model making
unsafe predictions can also be considered an unfair model, and an unfair AI model
may cause new clinical safety hazards. Hence, although AI Fairness is not the
main focus of this research, it is very important to acknowledge where these two
interlinked concepts overlap and to explain how Al Fairness is indirectly addressed

within the safety-driven flow in this research.



44 Context and Literature Review

The discussion of Al Fairness have been structured into three different parts. First,
the conceptual overlaps between Al Safety and Al Fairness will be outlined. This
demonstrates how these concepts have been defined in the literature and where they
intersect, particularly in safety-driven domains. Second, specific design decisions
made to enhance safety in this thesis are analysed in light of Al Fairness, illustrating
how certain technical choices contribute to both safety and fairness together. Finally,
the rationale for limiting the scope in this thesis has been discussed in order to
position this thesis clearly within the broader research landscape while recognizing

the relevance of fairness concerns.

2.7.1 Conceptual Overlaps

Al Safety and Al Fairness are often described as two different elements of responsible
Al In healthcare Al, safety is concerned with preventing or reducing patient harm
that may result from Al-based clinical decision-making [149]. On the other hand,
Mehrabi et al. [165] describe Al Fairness as the concept of avoiding systematic bias
against different classes in datasets used for developing Al models. In the context
of healthcare, these concepts are interlinked. The unfair models may be biased, and
the biased model may lead to unsafe models affecting already disadvantaged groups
[30, 166].

For example, if an Al model developed to classify the risk of MI in T2D sys-
tematically underestimates risk for a certain class due to unbalanced training data,
the outcome is considered as both unfair and unsafe. It is considered unfair because
the model treats the minority class less favourably. On the other hand, the model
is also considered unsafe since the increased risk of missed diagnoses and delayed
interventions [30, 166]. Similarly, false positives may expose certain subgroups to

unnecessary treatments, representing both a fairness issue and a safety hazard. This
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shows that fairness and safety cannot be treated in isolation in clinical Al, even if Al
Safety is the main focus of this thesis.

In addition, it has also been highlighted in the literature that Al fairness and
safety are both crucial for maintaining clinical trust [167]. Challen et al. [30] stated
that healthcare professionals are not intended to use the Al-based models if these
models are unfair or unsafe. Therefore, understanding their conceptual overlaps
strengthens the case for embedding structured safety considerations in healthcare Al

development, while remaining aware of fairness concerns where relevant.

2.7.2 Safety-Driven Design Decisions that Reflect Fairness Prin-
ciples

In this thesis, the use of class imbalance handling techniques is one of the most
significant safety-driven model design decisions, which also reflects the Al Fairness
concept. In real-world applications, T2D-related MI risk classification models using
real-world healthcare data naturally contain an unequal distribution between positive
and negative cases, with far fewer MI events than non-MI cases [168]. Training an Al
model without considering this class imbalance risk in real-world healthcare data may
result in false negatives, showing that the model systematically underestimates the
risk of developing MI for the patients who are actually at high risk. This is a primary
safety risk, because underestimating the risk causes missing early interventions.
Also, it is an Al Fairness concern since this problem poses a risk for minority classes
to be harmed [166, 163]. Previous studies have demonstrated that there are various
techniques to handle the class-imbalance problem in datasets, including data-level
approaches such as undersampling and oversampling, algorithm-level approaches
such as cost-sensitive or class-weighted learning, and hybrid or ensemble-based
approaches [168—170]. Different class imbalance handling techniques, such as

undersampling or oversampling, have been evaluated in their study. Paterson et al.



46 Context and Literature Review

[171] also studied the problem of rare subclasses in deep neural network classifiers.
They argued that underrepresented regions of high-dimensional input spaces may
reduce classifier performance and may lead to corner cases and unwanted bias.
They proposed a commonality-metric-based approach to detect and mitigate rare
subclasses, including a run-time component that helps identify samples likely to
be misclassified at run time. Their results demonstrated that the approach can
compensate for subclass rarity and improve the ability to identify likely misclassified
samples, although the study was not conducted in a healthcare dataset. In addition to
these studies, different approaches have been used to mitigate class imbalance issues
in real-world and medical datasets, including class-weighting, threshold adjustment,
oversampling, undersampling, and ensemble-based methods [168, 170, 172, 173].

Another example could be given for minimizing false positives and negatives
in the model outputs. As mentioned before, while false positives may lead to
overtreatment, false negatives may cause missed interventions from a clinical Al
safety perspective [30, 174]. From an Al Fairness perspective, unequal distribution
of FPs or FNs across patient groups presents systematic bias in the Al models
[163, 175]. For instance, if minority ethnic groups experience higher FN rates, they
receive less timely treatment, which is both unsafe and unfair [174]. By explicitly
embedding FP and FN minimisation into the safety requirements of this thesis, the
modelling choices indirectly support fairness as well.

Finally, the use of real-world healthcare data in this research also has Al Fairness
implications itself. It is not uncommon that the studies rely on systematic datasets
in T2D-related MI because of challenges in obtaining real-world healthcare data.
Use of the Connected Bradford dataset ensured that the model-building process was
based on a large and representative population in this research. While this enhances
safety by using clinically realistic data, it also reduces the risk of an unfair model by

including variable patient groups.
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In summary, while these decisions were primarily motivated by safety require-
ments, they also contribute to fairness. This overlap shows that addressing safety in
a systematic way often has positive secondary effects on fairness, even when fairness

is not the explicit goal.

2.7.3 Rationale for Scope Limitation

In this research, there are several reasons for the scope limitation. First, the safety
concern is directly aligned with the objective of this research. This establishes
structured safety requirements, embed them in the Al design stages, and assure their
fulfillment using safety case components. Secondly, focusing on safety transforms
clinical hazards, identified in this research, into concrete design requirements. In
contrast, fairness frameworks did not directly deal with this issue. Therefore, a
complete discussion of fairness would need to be developed in a separate line of
research.

However, fairness is considered where it overlaps with safety in this thesis.
Specifically, decisions related to class imbalance, clinical error minimization, and
data representativeness contribute for obtaining safe and fair model outcomes. By
clarifying this relationship, this research avoids assembling the two concepts while
also recognising their mutual reinforcement. This ensures that the research remains
focused solely on safety while remaining consistent with the discussion on Al safety

in the clinical context.

2.8 Explainability of the AT Models

Transparency and trustworthiness play vital roles in Al models, especially in safety-
critical systems, where understanding the reasoning behind predictions is essential

for ensuring safety [176, 177]. Thus, the focus on Al explainability or interpretability
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becomes prominent [178, 179]. While these terms are considered as separate subjects,
they share many common aspects [176]. The interpretability of Al is the level
of the user’s ability to understand the logic of the Al model and the rationale
behind its decisions [176, 179]. Achieving interpretability involves developing
various algorithms and embedding a set of rules within the AI model [178, 179].
Correspondingly, the local and global explanations for predictions and decisions,
regardless of their complexity, are considered Al explainability [176, 180]. Since
this thesis is related to healthcare, a safety-critical and complex domain, the terms
interpretability and explainability will be used interchangeably and discussed further
in subsequent sections.

Explainability can be considered at both global and local levels. Global expla-
nations describe the overall behaviour of a model, such as which features tend to
matter most across the dataset as a whole [179, 180]. Local explanations focus on a
specific individual prediction and help show why the model produced that output for
a particular case [180, 181]. This distinction is important in healthcare because clini-
cians and developers may need both types of explanation: overall understanding of
model behaviour and case-specific understanding of an individual output [177, 180].

In the literature, various explainability methods are applied across different
domains related to Al explainability. However, due to the unique challenges and
settings of each safety-critical system, there is a lack of a standardised set of rules
regarding Al explainability [177, 182]. Hence, it becomes critical to identify and
apply domain-specific explainability techniques. The following section will discuss

the widely used explainability techniques for Al in healthcare [182].

* Local Interpretable Model-agnostic Explanations (LIME)

LIME gives straightforward explanations for individual predictions from so-
phisticated ML models. It builds a local model based on specific examples,

making it simpler to comprehend why a certain prediction was made, compa-
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rable to explaining the reasoning behind the predictions. LIME’s user-friendly
explanations allow stakeholders to grasp the logic behind Al forecasts, which

fosters confidence and facilitates informed decision-making.

» SHapley Additive exPlanations (SHAP)

SHAP values provide insight into how specific characteristics influence ma-
chine learning model predictions. They give an overview of each feature’s
influence on the model’s output. SHAP values improve transparency and trust
in Al predictions by quantifying the importance of each element, especially
in areas such as healthcare, where understanding the logic behind predictions
is critical. Because the SHAP value provides more comprehensive results
for advanced black-box models for safety-critical systems, we will consider

SHAP values to ensure the explainability of our ML models.

* Clinical Validity Analysis

Clinical validity analysis evaluates the accuracy and usefulness of ML pre-
dictions in light of known clinical knowledge and standards. It assures that
the model’s outputs are consistent with acknowledged medical norms and
practices, much as validating a novel medical test against established diag-
nostic criteria. Clinical validity study builds trust in the model’s utility and
dependability for healthcare decision-making by assessing its performance in

real-world clinical settings.

* Sensitivity Analysis

Sensitivity analysis analyses how alterations in input data or model parameters
affect the output predictions of an ML model. It assists in quantifying the
model’s resilience and sensitivity to change, similar to determining how the
accuracy of a medical test varies with changes in testing settings. Sensitivity

analysis, which systematically tests the model’s reaction to numerous circum-
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stances, gives insights into potential weaknesses or biases, influencing ways to
enhance model performance and dependability in a variety of clinical settings

[183, 184].

2.9 Chapter Summary

In this chapter, we have comprehensively discussed various topics ranging from T2D
to Al applications in the context of safety and explainability. It was discussed that
T2D and MI are serious and interrelated health conditions. In addition, it has been
demonstrated that the risks posed by these health conditions can be reduced or even
prevented with early and proper interventions. However, it is highlighted that the
management of MI for TD2 is challenging because they are complex problems and
can cause different comorbidities. This situation has shown that the existing risk and
treatment techniques are not sufficient in the management of T2D-related MI. Also,
it has been observed that more comprehensive and holistic approaches are required
for MI management with the help of technology. In this point, the use of AI/ML
reveals its importance for T2D-related MI problems.

It has been observed that there are various AI/ML models for different domains,
but each of these models has its unique parameters and settings. It has also been
revealed that there are many steps to be taken into consideration for AI/ML de-
velopment and how much these steps can affect the result when problem-specific
approaches are applied. It was mentioned that Al is widely used in safety-critical
areas such as healthcare and it provides promising results. This showed us that
Al can potentially provide great advantages in the management of T2D-related MI.
However, it has been noted that T2D-related MI management is not sufficient for
developing AI/ML-based models only. Therefore, beyond building AI/ML models,
the importance of the help of holistic concepts such as safety and explainability was

evaluated.
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In the literature, safety covers a broad range of concepts and methods, and
different methods serve different roles in the present thesis [15, 185]. In particular,
SHARD is introduced as the main hazard identification method, Bow-Tie analysis
as a method for structuring and visualising threats, barriers, and consequences, and
GSN as a method for organising the later safety argument. In addition, the chapter
has shown why explainability is relevant in a safety-critical healthcare context, and
why problem-specific explainability techniques are needed when model behaviour
must later be interpreted and justified.

Taken together, the topics in this chapter provide the conceptual basis for the
remainder of the thesis. The clinical background supports the intended use case
in Chapter 3, the machine learning material supports the later modelling chapter,
and the safety methods introduced here support the hazard analysis and structured
assurance presented in Chapters 4 and 6. In conclusion, in this chapter, the current
challenges of MI management to build safe AI/ML and the potential methods that can
be applied to overcome these challenges are comprehensively presented. A review of
existing Al-based applications in diabetes was also discussed. This provided a basis
for methodological choices in this research. In the following chapters, the methods
we used in this thesis to overcome all the requirements and difficulties mentioned in

the previous chapters will be presented and discussed.



Chapter 3

Clinical Use Case and Dataset Context

3.1 Clinical and Application Context

The increasing prevalence of T2D presents a significant challenge to healthcare sys-
tems, particularly because of its strong association with cardiovascular complications
[186, 187]. One of the leading T2D-related cardiovascular complications has been
seen as MI, and MI risk identification and intervention help to reduce the risk of
severe clinical outcomes [7, 187].

In regular clinical practice, General Practitioners (GPs) play a significant role
in assessing the risk of developing T2D-related MI [188]. These assessments have
been conducted by reviewing patients’ health information, including medical history,
laboratory results, and comorbidities [188]. However, since T2D is a complex health
condition, this makes it difficult for rule-based assessment approaches to capture the
relationships between relevant variables [188].

In this context, Al-based solutions offer potential to support the clinical decision-
making processes by identifying complex patterns within large-scale healthcare data
[189, 190]. By analysing and conducting advanced calculations on the patients’
records, ML models can provide estimations for the future risk of clinical events,

such as MI associated with T2D. However, integration of AI/ML solutions into the
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clinical workflows brings additional challenges, particularly with respect to safety
[149, 30, 191].

It is important to note that the role of AI/ML in this work is not to replace the
clinical judgement, but to support it. The predictions generated by the model are
intended to be used as a clinical decision-support mechanism that provides clinicians
with insights to identify the risk of T2D-related MI development. The final decisions
on the clinical actions remain in the clinicians’ area of responsibility. However, this
should not prevent ML developers from considering the consequences of the wrong
predictions caused by the ML models, even though they are intended to be used as
only decision-support systems. Given that healthcare is a safety-critical domain, any
ML-based system for predicting the event of T2D-related MI development needs
to be carefully designed and evaluated. In particular, incorrect predictions, such as
false negatives (failing to identify a high-risk patient) or false positives (incorrectly
flagging a low-risk patient), can have significant clinical implications. Therefore,
understanding the context in which such a system operates is essential for ensuring
that potential risks are appropriately identified and mitigated.

This chapter establishes the application context for the remainder of the thesis
by presenting the clinical setting, role of ML in the clinical domain, and outlining
the boundaries of the system. The following parts will be presented under this
foundation by describing the intended use case, introducing the dataset used for ML

development, and providing a background for a safety-driven modelling approach.

3.2 System and Use Case Scenario Overview

This section identifies the intended use of the system and context of the proposed
ML model. The focus will be on the structure of the system, the main elements, and
the system boundaries. The main characteristic of the system is to provide insights

to predict the event of T2D-related MI for patients with T2D, and it functions as a
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decision-support tool to assist clinicians in assessing the T2D progression status of
the patients.

The entire system can be identified with three main components: patient, clin-
ician, and ML model. The patients’ data is used by the ML model to analyse the
patterns and make calculations to predict the MI event. However, the model does not
operate as a final decision-maker. GP makes the final decision based on their own
judgment after receiving the supportive insight from the ML model.

The scope of this thesis has been limited to data management and model devel-
opment within the decision-support context, and it does not go beyond that point.
Broader aspects of healthcare delivery, outcomes of the interventions, or patient
behaviour have been considered as external and out of context components. This
limitation in definition establishes the system boundaries and provides the basis for
the use case scenario, and safety analysis will be presented in the following chapters.

To illustrate the intended operation of the system in practice, the Figure 3.1
has been provided. This figure represents the use case scenario within the clinical
setting. At a high level, in this scenario, a patient with T2D attends a regular diabetes
catch-up. The clinician reviews the patient’s medical history and other relevant
information to assess T2D-related MI. Then, the decision-support model is used to
provide additional insight. The patient’s data is used as the model input into the ML
model, which generates a prediction indicating the likelihood of an MI event.

The output from the model is presented to the clinician as a supportive insight
rather than a final decision. Then, the clinician makes their own judgment based
on the evidence and supportive insights to decide whether further action is required.
This step may consist of further investigation, preventative intervention, or no action.
So, the control of the entire process will still remain under the clinician.

However, even though the final decision is made by the clinician, it is still very
important to consider the consequences of the potential misclassification of the

MI made by the model. From a safety perspective, incorrect MI predictions may
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influence clinical decisions. A false negative may result in missed intervention, while
a false positive may lead to unnecessary actions, which can result in severe clinical
outcomes. These risks highlight the importance of analysing and managing the safety

implications of ML-based predictions, which will be addressed in the later chapters.



SISU, Jo dseD) 9s() [°¢ "S1d

P I T R LTI I IR

uoienjens Jiay) Joj
d9 ay) o1 papinoid
are sinding

jopow
TN 8 Aq apews
3l suolie|nofed

[opow uoneassefo
ASH 1N 3y
0} paiajua s ereq

7

R e

' suonIpuodald

1 Use Case and Dataset Context

inica

Cl

1
doap Ay '
aJenfens Jnss;
pajenjes jnsay ! [opow uoddns uoneassef snjels uoissaifoid
| UOISIoap paseqy S{SH [N 10 [3pow Hoddns sajeqelq < Spiodal
| P ESERY U0ISI93p SaSEY-Y zadfLspaped | uieay sjuaned
] aupsubag 4o sasndo SMaINaI do a4} 53553908 49
L}
L} :
1
L
T &d9 3y}
UoISIo?)
! ayew o) _w“os 1 blipiooae ] e
1
U 1 paseq:ly asn L2 [
_ 0) pualul 49 e ] SIA
1 L uawabeuew
' ! s8joqeiq  adAL _
MBIAB)
v 112y} ul [apow paseq-ly & :
" | 40 35N 0}U3SUOD sejaqeiq g adAL
' 1 anb uened 0} Spuale Jualed
1 1
1 Ve eunnsasessalesessesesnessnsenshssssessssesssessesseensesesesesd
1
‘ |
Y
N oN oN
yoddns uoisioap [eauo
paseq-|yy Buisn TaRe uonuaniaiul a
8U) 11e)s Jou op/suels 4o b}
1}
[}
/'\/ m
voddns -
UoiSioap AU pasealy | Y
6uisn Jnoyum uopusnial € ON
AU JEIS 10U OP/SUEIS dD

56



3.3 Use Case Diagram Explanation 57

3.3 Use Case Diagram Explanation

The use case diagram presented in Figure 3.1 provides a structured overview of how
the intended use of the system operates and how different components interact with
each other in a clinical setting. This section explains the diagram in detail to ensure
that each element and its role within the system are clearly understood for the reader.

The General Practitioner (GP) or clinician has been positioned into the middle
of the figure and represents the primary user of the system. The GP interacts with
the system during the patient assessment process. This interaction begins with the
collection and review of patient data, which includes clinical measurements, medical
history, and demographic information. This data forms the input to the system.

The input data is then processed and provided to the ML model. In the figure, the
ML model is represented as a separate component to highlight its role as an analytical
tool rather than a decision-making entity. The model takes the inputs and generates a
prediction related to the likelihood of an MI event. Then the model results are sent to
the clinician. This output does not represent a final decision. Instead, it plays a role
as supportive insight to the clinician’s overall assessment. The clinician evaluates
the prediction, considers its consistency with other clinical evidence, and decides on
the action needed to be taken. This action may be taken with or without the use of
the ML model’s output.

The diagram also reflects the flow of information within the system. Data
moves from the patient record to the ML model, and then back to the GP. This flow
highlights the fact that the system is a closed loop in the clinical workflow with
human judgment remaining central at all stages. The diagram illustrates an important
point, namely the difference between prediction and action. The ML model produces
predictions, but does not initiate clinical interventions.

In addition, the diagram implicitly defines the system boundaries. External

factors, such as patient behaviour after consultation or long-term treatment outcomes,
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are not included within the scope of the system. This limitation on system boundary
definition is important for the safety analysis, which will be presented in later
chapters, as it defines which elements are considered within the system and which
are treated as external influences. By explaining the diagram in this way, the domain
where the model will be used can be understood not only in terms of its components,
but also in terms of how these components interact in practice. This is necessary to
be able to identify potential clinical hazards and to analyse safety implications of the

use of ML in a clinical decision-support context.

3.4 Role of Machine Learning in the System

The main role of the proposed model is limited to providing ML-based MI classifica-
tion for the patients with T2D in this system. After analysing the patient data, the
model classifies the patients based on whether or not they are at risk of developing
T2D-related MI1. However, the output of the model is intended to provide insights
which potentially help clinicians make their final decisions. In this regard, it is impor-
tant to clearly define what the ML model does and does not do in this Use Case. The
model does not make any clinical decisions or propose an intervention suggestion.
Its functions have been limited to analysing the data and providing predictions with
evidence. All the interpretations are made by the clinician. Therefore, the output
of the ML model should be understood as a probabilistic indication rather than a
conclusion. In practice, this means that the model provides an additional signal that
the clinician can consider alongside other clinical information. The reliability of
this signal depends on both the quality of the data pre-processing stages and the
performance of the model, which are examined in the following chapters.

Another important point needs to be considered is that the predictions of the ML
models are based on the historical data used during the model development. As a

result, the model may reflect bias or limitations because of the characteristics of the
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data used. This reinforces the need to consider the mitigative safety barriers during
data management and model development stages and to treat the output of the model
with caution.

From a safety perspective, the role of ML introduces specific risks that need to be
addressed. Incorrect classifications, such as false positives and false negatives, can
influence clinical decisions in ways that may lead to harm if not properly managed.
For this reason, the use of ML in this system requires careful analysis of potential
hazards and the implementation of appropriate mitigation strategies.

The role of ML within the system can be defined in such a way that the responsi-
bilities of the model can be separated from the responsibilities of the clinician. This
distinction is important for both interpreting model outputs and analysing the safety

of the overall system, which is explored in details in the following chapters.

3.5 Dataset Description

In this thesis, the real-world healthcare dataset, Connected Bradford (CB), has been
used. This dataset provides access to healthcare records of patients from Bradford,
UK. It contains anonymised patient data from a range of sources, including primary
care, hospital admissions or other clinical services. This makes the dataset an
enormous real-world healthcare data warehouse to develop ML models related to the
healthcare area.

CB consists of 1.4 million records and over 14,000 variables. However, each of
these records does not reflect the focus of this thesis and also contains information
on different health condition-related data. The focus of this thesis is on patients
diagnosed with Type 2 Diabetes (T2D). From the available data, a subset of patient
records has been chosen based on inclusion criteria relevant to this condition. These

records include both patients who have experienced a Myocardial Infarction (MI)
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event and those who have not, allowing the problem to be formulated as a binary
classification task.

The CB dataset consists of various variables associated with the patients’ records.
These include demographic features, such as gender, ethnicity, or age, as well as
laboratory results, such as blood glucose level, cholesterol, or body-mass index.
These variables can be categorised into numerical and categorical features; each may
require different processing approaches during data management stages of the ML
building processes.

One of the most important characteristics of the dataset is the presence of class
imbalance, which is inevitable in the real-world healthcare datasets. In the clinical
datasets, adverse events such as MI may occur less frequently than the non-adverse
events. As a result of this, the number of patients with MI-related history may
be significantly lower than the number of patients without any MI event history.
Another key aspect of the dataset is also related to its real-world nature. Unlike
the synthetic experimental datasets, real-world healthcare records may have a huge
number of missing values, inconsistent data or unit inputs, or noise. These features
further justify the importance of careful and appropriate data management for the
implementation of a safety-driven ML building approach.

The dataset also reflects the context in which the model is supposed to be used.
The data are representative of real-world patterns of patient care and outcomes, as
they are derived from routine clinical practice. This makes it a good candidate for
model development to support decision-making in similar settings. However, this
also means that the model can be influenced by any limitations or biases in the data,
and these should be considered when interpreting the results. The entire dataset is
a rich and relevant source of information for modelling MI events in patients with
T2D. Its features, such as class imbalance and real-world variability, are relevant
to the design of the modelling approach and safety considerations, which will be

discussed in later chapters.
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3.6 Descriptive Statistical Analysis

Moreover, a descriptive statistical analysis is also performed in order to get a better
understanding of the dataset characteristics. The analysis summarises the data
distribution and emphasises the main patterns relevant for the model development.
The purpose of this analysis is not only to describe the dataset in general terms, but
also to identify characteristics of the data that are directly relevant to safe model
development. In particular, class imbalance, demographic representation, variability
in clinical measurements, and missingness patterns are important because they may
influence both model behaviour and the likelihood of incorrect classification.

Table 3.1 presents an overview of the cohort used in this thesis. As presented,
the dataset consists of patients diagnosed with Type 2 Diabetes, with the outcome
formulated as a binary classification problem based on the presence or absence of
a recorded MI event according to the definition adopted in this thesis. The class
distribution demonstrates a clear imbalance between patients with and without an MI
event. This characteristic is expected in real-world clinical datasets, where adverse
outcomes are less frequent than non-events, but it is also important from a safety
perspective because it may increase the risk of biased model learning, particularly in

relation to false negatives.

Table 3.1 Summary of the cohort used in this thesis

Description Value

Total number of unique patients 69,075

Patients without MI event 62,167 (90%)

Patients with MI event 6,908 (10%)

Number of selected input features 22

Observation period / cut-off Records included up to the end of 2024

In addition to the overall cohort size and outcome distribution, demographic
representation was examined to better understand the composition of the population

used for model development. Table 3.2 summarises the main demographic character-
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istics of the study cohort. These statistics are relevant for two reasons. First, they
provide a clearer description of the population on which the model is developed.
Second, they help identify whether some groups are represented more strongly than
others, which is important when interpreting later discussions on fairness, bias, and

model generalisability.

Table 3.2 Demographic summary of the final analytical cohort

Variable Summary
Age (Mean =+ Std) 59 £ 17.46
Gender - Female (%) 45.97
Gender - Male (%) 53.61
Gender - Other (%) 0.42
Ethnicity - AsianIndian (%) 23.16
Ethnicity - AsianPakistani (%) 19.14
Ethnicity - BritishWhite (%) 40.16
Ethnicity - Other (%) 17.54

The distributions shown in Table 3.2 indicate the demographic structure of the
cohort and provide an initial view of representation across patient groups. Descriptive
statistics were also examined for the main clinical variables selected for modelling.
Table 3.3 provides a summary of the key numerical features used in the thesis.
These include numeric laboratory variables such as blood glucose, cholesterol level,
and sodium level. Examining the central tendency and spread of these variables is
important because substantial variability in clinical measurements may influence
model sensitivity to specific patient profiles.

Table 3.3 shows that the selected variables vary in both scale and distribution,
which is expected given the heterogeneous nature of real-world healthcare data. This
variation is important for the later preprocessing and modelling stages, because
features measured on very different scales, or affected by differing levels of miss-
ingness, may influence model performance in different ways if they are not handled
carefully. For this reason, the descriptive analysis presented here provides support

for the preprocessing and safety-oriented design decisions described in Chapter 5.
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Table 3.3 Summary statistics and missingness for numeric variables in the final
analytical cohort

Variable Mean + SD Missingness (%)
Systolic 116.30 £ 24.90 7.60
Diastolic 93.20 £+ 8.12 7.60
BMI 30.42 £ 6.12 8.72
Creatinine 160.54 £+ 21.50 8.37
Sodium 142.52 +£2.49 8.62
Potassium 547 £ 0.93 8.68
Urea 9.60 + 2.52 9.07
HDL 1.47 + 0.36 8.69
LDL 340 £ 1.43 7.88
Albumin 45.12 +5.39 9.14
Alkaline Phosphatase 118.78 4+ 47.88 9.15
Alanine Aminotransferase 60.46 £ 9.17 9.11
Urine Albumin Creatinine Ratio | 23.16 4 6.08 941
HbAlc 80.72 £ 21.32 8.03
Total Bilirubin 27.97 £ 7.22 9.96
Triglyceride 3.95 £ 1.20 8.16
Globulin 35.01 £5.94 7.90
Total Protein 76.52 £+ 7.50 9.69

Overall, the descriptive statistical analysis presents different characteristics of
the dataset that are relevant to the main focus of this thesis. First, the data reflect a
real-world clinical setting and therefore contain natural heterogeneity across patients.
Second, the outcome classes are imbalanced which affects the training of the model
and the misclassification risks such as false positives and false negatives. Third, there
was a need to consider demographic representation and variable-level missingness
during the data preprocessing and modelling phases. These observations indicate
a need for a safety-driven modelling approach and a bridge to Chapter 4, where
the potential hazards of incorrect classifications are systematically analysed and

translated into safety requirements.
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3.7 Chapter Summary and Link to Subsequent Chap-
ters

This chapter has established the application context for the rest of the thesis by
defining the intended clinical decision-support setting, explaining the use case,
clarifying the role of the clinician and the ML model and introducing the dataset
used throughout the study.

The use case developed in this chapter provides more than an illustrative example.
It defines the actors, the flow of information, and the system boundary within which
the thesis operates. In particular, it clarifies that the model is used in a clinician-
in-the-loop context and that its output may influence, but does not determine, the
final clinical judgement. This distinction is important because it explains why model
errors are safety-relevant even though the system is not autonomous.

The dataset description and descriptive statistical analysis further support this
context by showing that the work is based on a real-world healthcare dataset with
meaningful heterogeneity, class imbalance, mixed variable types and non-trivial
missingness patterns. These features are not only technical details. They are essential
for the safe development of the model as they impact the types of errors that may
occur and the controls needed to mitigate them.

For this reason, this chapter directly prepares the ground for Chapter 4. For the
defined use case and system boundary, the next chapter identifies the main model-
related hazards associated with wrong classifications and uses SHARD analysis to
derive safety requirements. In particular, the decision-support setting developed here
leads directly to the role of false positives and false negatives as clinically relevant
hazards.

This chapter also provides the foundation for Chapter 5. The dataset charac-

teristics introduced and summarised here explain why later modelling decisions
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such as feature selection, preprocessing, missing-data handling, class imbalance
management, optimisation, and explainability are required. Chapter 5 operationalises
these considerations by showing how the safety requirements derived in Chapter 4
are implemented in the model development pipeline.

By establishing the use case, the system boundary, the role of the model, and
the properties of the dataset, this chapter ensures that the later safety and technical

chapters are grounded in a clearly defined clinical and analytical context.



Chapter 4

Establishing Safety Requirements for
T2D-related MI Event Classification

4.1 Introduction

The development of the Al-based models for T2D-related Myocardial Infarction
(MI) can support early identification of the clinically important cases and may help
healthcare professionals during patients’ health assessments. In this thesis, the
ML modelling task has been identified as a binary classification problem based on
whether a recorded MI event is present in the available patient records, rather than as
a time-to-event risk prediction model. This modelling approach is appropriate for the
dataset used in this research, because the data labels support the event classification.
However, even within this bounded decision-support context, the use of Al-based
classification solutions requires careful identification of the potential hazards and
safety requirements in the safety-critical domains, such as healthcare. Hence, this
chapter mainly focuses on establishing safety requirements for T2D-related MI
classification and on linking these requirements to the related model development

stages.
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Although many studies develop ML models and report the performance of these
ML models for cardiovascular or diabetes-related tasks, fewer studies explicitly
provide connections between safety requirements and related model development
choices in a structured way. Especially, there is a lack of studies that discuss the clini-
cal consequences of incorrect classification by the Al-based models. In this research,
two main incorrect classification types are especially significant: False Positives
(FPs) and False Negatives (FNs). While an FP may lead to unnecessary follow-up,
overtreatment, or anxiety, an FN can potentially cause delay in intervention or even
missing the treatment. Therefore, these two incorrect classification cases provide the
main safety concern of this chapter.

The systematic identification of the safety requirements for the determined
classification task addressed in this thesis is the focus of this thesis. The first step
is to examine how the incorrect classification can lead to harm for the patients in
the intended decision-support setting. Since healthcare is a multilayered, complex
domain, not every incorrect classification has similar consequences or significance.
Thus, the identification and prioritisation of clinical hazards is a significant step in
the context of a safety-related modelling approach, especially in the healthcare area.

After the first step, the next stage is converting the identified hazards into the
model design considerations and safety requirements, in this chapter. To achieve
this, it is important to ground the modelling choices clinically. These modelling
choices may include data preprocessing, feature selection, class imbalance handling,
parameter optimization, and model explainability. In this way, the chapter does
not treat safety as an afterthought, but as something that informs the design of the
classification pipeline before the detailed modelling stage presented later in the thesis
[15, 168, 192].

As a brief, the identification of the model-related clinical hazards to driving-
related safety requirements that guide the model design and development stages

is the main goal of this chapter. So, the primary purpose is not only to build a
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high-performing predictive model, but also to ensure that design and modelling
choices are systematically linked to the safety concerns identified for the intended

decision-support context.

- Safety constraints Al-based
Clinical hazard identification for ication model
identification Al-based T2D-related development
Ml risk classification

[ Safety Assurace Overview for the T2D-related MI Classification ]

Fig. 4.1 Safety Assurance Diagram for T2D-related MI Risk Classification

To visualise the flow of this and the following chapters, including safety require-
ment establishment, Al model development, and safety assurance, Figure 4.1 has
been demonstrated. Although, this diagram shows the entire flow to show how the
safety assurance for T2D-related MI Risk Classification is maintained, the first two
steps in this diagram are the focus of this Chapter. These first two steps are related to
identification of the clinical hazards and safety constraints for T2D-related MI risk
classification. The details of these steps in this flow will be discussed in detail in the

following parts of this Chapter.

4.2 Safety Requirements for the Clinical Safety-Case

There are different types of hazard analysis techniques for healthcare-related prob-
lems. However, since healthcare is a broad area and each problem may require
different approaches, it may not be ideal to apply the same hazard analysis tech-
niques to various types of problems. This reveals the importance of choosing an
appropriate hazard analysis technique to identify the problem-specific potential clini-
cal risks. Therefore, SHARD analysis has been used for this study, and the safety

requirements from SHARD have been evaluated in this chapter.
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4.2.1 SHARD in this Research

Different hazard analysis techniques can be utilized in healthcare-related problems,
but not all of them approach the problem and support the solutions in the same
way. The domain and usage purpose of these hazard analysis techniques may differ
depending on the context of the problem. In this thesis, analysing the hardware
failure, organizational workflow, or full deployment conditions is not the aim of
the hazard analysis. Instead, the focus is on identifying the model-related hazards
and their causes within the identified clinical decision-support context. Therefore,
choosing an appropriate hazard analysis was crucial, and SHARD has been selected
as the main hazard analysis approach of this research.

In this research, SHARD has been considered as the appropriate hazard analysis
technique for three reasons. First, it provides a structured way to determine hazards
by evaluating what may go wrong in an interaction or system. Second, for linking
hazards to later model design considerations, it supports the identification of both
hazards and their possible causes. Third, it is suitable for a use case where the
main concern is not autonomous system control, but incorrect model-supported
classification outcomes that may influence clinical judgment.

For this chapter, the other hazard analysis techniques have been considered
less suitable as the primary method. For example, while analysing a well-defined
failure logic leading to a top event, Fault Tree Analysis is useful. However, it is less
directly suitable for the early identification of the model development requirements
for clinical or data-related concerns. As another example, to list the failures in a
systematic way, Failure Mode and Effects Analysis is useful, but it is less aligned
with the interaction-oriented reasoning needed. Therefore, SHARD has been chosen
because of its suitability for supporting the specific aim of this chapter: identifying
hazards and causes in a structured way and translating them into safety requirements

for the later modelling stages.
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4.2.2 Application of SHARD in this Work

As introduced earlier in the thesis, SHARD has been applied to the described decision-
support modelling context. So, the ML model provides a classification output for
supporting the clinical assessment of T2D-related MI. As mentioned earlier, the
focus of the analysis was limited to data management and model development stages.

The starting point of the analysis was the intended system function: the model re-
ceives patient-related inputs and produces a binary output related to the classification
of a recorded MI event. This output may then be considered by the clinician during
assessment. SHARD guide-word-based reasoning was used to examine what may
go wrong in this classification context. In practice, this led to a focus on incorrect
model outputs and on the main data- and model-related causes that could contribute
to those outputs.

This process revealed the two main hazards focused on in this chapter: FPs
and FNs. Since these hazards represent the most direct route by which model
behaviour may cause a clinically relevant harm, they have been prioritised within the
bounded clinical decision-support context of this thesis. After the categorisation and
prioritisation of these hazards, their potential causes have been examined in a more
detailed way. Then, these causes have been grouped and translated into the relevant
model design considerations and safety requirements.

Healthcare is a safety-critical domain where each decision can heavily change
the health outcomes, and Al-based models can affect the direction of these decisions.
The results by the Al models are not only the technical outcomes but also the outputs
that potentially influence the clinical interventions. The false positives or false
negatives may lead to unnecessary treatments or may cause delays in life-saving
interventions. Essentially, these misleading errors may reveal the difference between
early life-saving interventions and life-threatening T2D-related MI. Therefore, the

safety requirements for the Al models are not only the technical need but also the
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clinical requirement. SHARD analysis shows a vital role in detecting the potential
clinical risks for model-building stages. Especially, it demonstrates the potential
weakness and the achievable improvements of the models by solely focusing on
the main risks like false positives and false negatives. In addition, it ensures the
performance and the reliability of the models by identifying safe data management,
model optimization, and explainability.

SHARD analysis was not the only safety assurance technique that was used in
this study. Bow-tie analysis has also been used as a risk assessment technique to
support the validity of the identified hazards in SHARD analysis. Bow-tie analysis
has been used to demonstrate the causes and effects of the bad outcomes and has
been used as a visualization technique to demonstrate the potential barriers to prevent
these bad outcomes. However, bow-tie analysis will be presented in the next chapters
since it has also been used as a part of model safety evaluation in the technical parts
of this study.

In the following sections, the SHARD analysis has been demonstrated to identify
the main clinical risks, causes, and their consequences. After this, the impact of the
main hazards has been explained to have a better understanding of implementing the
most appropriate model design considerations in the modelling stage for ensuring Al

model safety.

4.3 Impact of False Positives and Negatives

In principle, many possible problems could be analysed with the bounded use case
of this thesis. However, as mentioned earlier, the SHARD (see Table 4.1) indicated
that the most safety-relevant model outcomes in this context are these two outcomes:
FPs and FNs. For this reason, it is very important to identify these two outcomes in

a detailed way to understand their potential to cause serious clinical consequences.
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 False Positives: The Al model incorrectly predicts MI risk in patients who

are not actually at risk. This false alarm may lead to unnecessary clinical
interventions and increase anxiety for patients. The SHARD analysis points
to several causes for false positives, such as overfitting due to imbalanced
data, inclusion of irrelevant features, inappropriate data pre-processing, or
incorrect optimisation/hyperparameter tuning settings that favor model perfor-
mance. These factors can inflate the predicted risk scores, ultimately leading

to unneeded medical actions, which could even result in patient harm.

False Negatives: Even more critically, false negatives occur when the model
fails to predict MI in high-risk patients, resulting in missed opportunities for
early intervention. This poses a severe risk to patient safety, as T2D patients
who are not identified as high-risk may suffer undiagnosed cardiovascular
events, leading to mortality in severe cases. According to the SHARD analysis,
false negatives can result from underfitting caused by insufficient represen-
tation of positive cases, model bias due to limited data diversity, or overly
conservative model parameter settings. The SHARD analysis categorises the
severity of false negatives as high, emphasising the importance of minimising

their occurrence.
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Table 4.1 SHARD Analysis for MI Risk Classification Model
Guide Hazard Possible Causes Effects Severity
Word
Incorrect | The clinician misclassi-| C1: Overfitting, which | Potential — harm | High
fies a patient with dia-|results from a model|due to unnec-
betes as being at high | fitting the training data|essary interven-
risk of myocardial in-|too well. tions.

farction, despite the ac-
tual risk being low (due
to Al-generated False

Positive)

C2: Inclusion of irrele-
vant features that inflate

risk scores.

C3: Data quality issues,
such as inconsistent
data recordings from

different data sources.

C4. Data leakage

caused by improper
data splitting during

data preprocessing.

CS5:  Improper data
imputation of missing
values leading to biased

or misleading model

predictions.

Increased patient
anxiety due to

false alarms.

Continued on next page
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Table 4.1 — Continued from previous page

fies a patient with di-
abetes as being at low
risk of myocardial in-
farction, whereas the ac-
tual risk is high (Due to
Al-generated False Neg-

ative)

to insufficient positive

cases in the training set.

C7: Incorrect model
decision threshold set-
tings leading to inaccu-

rate risk classification.

C8: Class imbalance
in training data leading
the model to favor ma-
jority class predictions,

increasing False Nega-

tives.

C9: Changes in patient
characteristics over time
causing model degra-
dation and the missed
detection of high-risk

cases.

C10: Limited model ex-
plainability increasing
the risk of incorrect clin-

ical decisions

ties for early inter-

vention.

Increased risk of

acute MI.

Potential mortal-

ity.

Guide Hazard Possible Causes Effects Severity
Word
Incorrect | The clinician misclassi-| C6: Underfitting due | Missed opportuni-| High
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To illustrate this logic, a simple example helps. This can result in unnecessary
follow-up or concern if the model classifies a patient as likely to have the MI event
label when this is not the case, corresponding to a false positive pathway. On the
other hand, if the model misses a patient whose record pattern matches with the
positive class, this can lead to missing clinical attention. This corresponds to a false
negative pathway. These examples are not complete deployment results but they
help to understand the reason why in this work these two hazard categories were
prioritised.

Both false positives and false negatives caused by the Al model are critical
concerns for the clinical safety-case, as they directly influence patient safety and the
overall effectiveness of the Al model in a healthcare environment. SHARD analysis
illustrated the hazards, possible causes, and effects of these causes in a high-level
framework. To understand how the possible causes lead to clinical hazards and
why they are critical to consider them in the Al-model design stages, it is crucial to
investigate each of the causes with their significance and effects. Therefore, each
individual possible cause of the clinical hazards identified in the SHARD analysis
will be evaluated in order to justify the model design considerations of this research.
The possible causes and their importance for model design considerations will be

discussed under their associated clinical hazards.

4.3.1 How the SHARD Findings Informed the Model Design

Considerations

False Positive (FP) Causes

Model Overfitting

Overfitting is a common problem in Al models that occurs when a model learned
the training data too well. In this case, the model performs very well on training data

but worse on new unseen data. This causes a performance drop in the Al models.
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In the context of MI risk classification for patients with Type 2 Diabetes (T2D),
overfitting becomes particularly crucial due to the use of different types of ML
algorithms for the real-world clinical data. This increases the risk of inappropriate
selection of model settings to optimize the parameters in the models.

This problem becomes even worse when the recorded healthcare data contains
outliers or noisy records. This is called a data anomaly in the data records, and
increases the chance that the model learns anomalies and assigns high risk to patients
who will not experience MI (FP). So, the model overfits can potentially produce false
positive predictions on validation or test sets. This may cause substantial clinical
consequences harmful for the patients’ health condition, such as overtreatment or
anxiety for patients.

Moreover, overfitting causes a risk to the reliability of the Al-based models in
clinical settings. However, it is also important to consider that the majority of the
ML models tend to overfit if they are not properly validated, tuned, or evaluated on
unseen data [193, 194]. Therefore, from a design perspective, it signals the need for
safe design aspects to overcome the false positive risks in Al-based classification
models. Methods such as cross-validation and hyperparameter tuning should be
considered for the model to generalise to have robust and reliable model predictions
on unseen datasets [194, 195]. Therefore, mitigating overfitting is crucial for the
safety of the clinical AI models. Since Cl1 is a serious cause of false positive cases,
this led us to consider the use of cross-validation (i.e. k-fold) and hyperparameter
tuning by changing the default settings in ML algorithms as a safety requirement
to reduce the risk of overfitting during the model design stage prior to the model
development [15].

Inclusion of Irrelevant Features

Al models require datasets to be developed, and these datasets include different
features containing different types of information in the entire dataset. These features

are mainly categorized by input and output features. In the classification problems,
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the trained Al models learn patterns to classify the output features by using the
input features. However, since different features may contain different types of
information, the level of relevance of the features to the problem may also vary. This
makes the features in the dataset relevant or irrelevant to the context of the problem.
In the clinical context, the use of irrelevant features may increase the complexity
of the problem and cause noises in the Al-based models [196, 197]. This poses a
risk of classifications based on irrelevant features in the safety-critical healthcare
domains. So, that reveals the significance of relevant feature choices in Al-based
models in T2D-related MI risk classifications.

One of the most crucial risks of T2D-related MI risk classifications influenced
by the irrelevant features is the false positives in the model outcome. The healthcare
datasets may contain big number of features, and MI risk may be associated with
different type of features. However, this may not demonstrate us that each feature
in the entire dataset are relevant to T2D-related MI, and irrelevant features can
manipulate the model’s behaviour by suggesting that a patient is under risk of
developing MI even they do not actually. So, this may be harmful for the patient
because of unnecessary interventions. Hence, it is very important to consider the use
of irrelevant features in the Al models causing false positives.

There are different approaches for feature selection procedures to choose the most
relevant features to train Al models. While some methods uses the correlation matrix
showing the numeric level of relevance between input and output features, the other
methods use the clinical expertise to identify the most appropriate features to be used
in Al model development [196—198]. Since this research benefits from the clinical
expertise in Al-based model development for MI risk classification, using clinical
guidelines and generalized feature coding systems increases their importance. As it
has been discussed earlier, the NICE Guidelines is the one of the main clinical guide-
lines in the UK to identify the health condition-related comorbidities, their diagnosis,

and treatment steps. For example, the NICE Guidelines provides information about
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T2D and its related comorbidities. One of the categorized comorbidities related to
hearth diseases is MI. This guideline directly highlights the MI as a T2D-related
comorbidity, its severity, and the importance of early detection to reduce the risk of
MI development. On the other hand, Opencodelist provides generalized healthcare
codes for each health condition or comorbidities which help both healthcare profes-
sionals and ML developers to find the data in the data warehouses via filtering by
specific health conditions or comorbidities. In our case, this helps us to find and filter
all the MI-related health records for Type 2 Diabetic patients. Therefore, C2 will be
used to identify another safety requirement in the model design consideration part.

Poor Data Quality

Data quality is very important to build safe and predictive AI models. The
healthcare dataset can contain clinical records from different healthcare providers.
These records may be recorded by different healthcare professionals and may vary in
different ways. In a clinical setting, the datasets from different healthcare centers can
be stored in a common data warehouse, but it is very common that these datasets may
contain inconsistencies. These inconsistencies may caused by the missing values,
measurement errors, or outliers due to factors such as manual entry mistakes, sensor
malfunctions, or atypical patient cases [199-201]. These issues present noise that
causes challenges in the ML learning process, leading to false positives in the ML
models.

The inconsistent or corrupted data records (e.g., cholesterol, HbAlc, blood
pressure) can change the model behaviour in MI risk classification for T2D patients.
For example, if patients with unusually low or high lab records are incorrectly
associated with MI risk due to data recording mistakes, the model learn from this
corrupted data and generalises its pattern. As a result, the model produces false
positives by assigning high risk scores to patients with normal values.

To mitigate this, different approaches are being implemented. One of them is

using clinical data warehouses containing consistent datasets regularly checked for
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data quality by clinical and ML experts. The other method is checking the dataset for
data unit, scale, and type consistencies manually in the data pre-processing pipelines.
Kahn et al. [200] proposed a harmonised terminology and framework for assessing
EHR data quality for secondary use, including conformance, completeness, and
plausibility. Ensuring high-quality inputs not only improves model accuracy and
reliability but also supports patient safety by reducing unjustified risk predictions.
Therefore, in this thesis, manual data type checking, data scaling between zero and
one will be considered as a safety requirement aspect during the model design step.

Data Leakage During Model Development

Data leakage is a critical problem during the model training stages. It occurs when
information from outside the training dataset is used to build the model. For example,
during the data pre-processing stage, outlier removal or data imputation techniques
may be applied to the entire dataset without considering different distributions of
the data splits. For example, when the dataset is split into training and testing, these
splits may not have the same data characteristics (i.e. different variance, min-max
values). If the same outlier removal or data imputation techniques are used on
these data splits, this potentially causes data information leakage between the two
separate datasets, leading to incorrect pattern learning. This causes false positives
and potential unnecessary clinical interventions, and makes this risk very critical in
this specific clinical hazard.

To mitigate this risk, different approaches have been applied in the literature. The
dataset should be split into separate training and test sets before model fitting and
model evaluation. Preprocessing steps should then be learned from the training data
only and applied to validation or test data without allowing information from these
sets to influence the training process [107, 202]. This preserves the independence of
the evaluation data and provides a more realistic assessment of model generalisability.
In addition, Huang et al. [203] varied the train and test sets using bootstrap simulation

and assessed the distribution of model performance metrics across different train-test



80 Establishing Safety Requirements for T2D-related MI Event Classification

combinations. These approaches minimise the risk of data leakage between different
data subsets during the model training and testing stages. Therefore, data leakage
has been identified as another crucial aspect in the model design consideration steps
to mitigate false positives. To reduce the risk of data leakage, it has been determined
that splitting the dataset into separate training and test sets poses a potential as safety
requirement in this research.

Inappropriate Methods of Missing Data Handling

In Al development, missing data handling is a routine and critical part of data pre-
processing steps. When missing data handling done improperly, it may causes bias
in the model and weakens model reliability [204, 205]. A common but inadequate
approach is mean or mode imputation applied uniformly across variables without
considering their clinical distribution [206, 207]. These approaches can mask true
relationships in the data, misleading the model during training.

In T2D-related MI datasets, key predictors such as cholesterol levels, BMI, or
blood pressure levels might be partially missing. If missing values are imputed
without accounting for patient context (e.g., age, gender, ethnicity), the model may
learn incorrect patterns, increasing the risk of false positives. For instance, imputing
low cholesterol values for patients with actually high risk may falsely boost their
predicted risk due to incorrectly assumed interactions.

One of the most common used data imputation techniques for Al-based models in
T2D-related comorbidities is bagged-tree imputation. This imputation technique pre-
dicts the missing values based on other features by considering the relation between
the features and each other. Most importantly, this method captures the complex
relation between features and is more robust than mean/mode imputation [206, 208].
As Mainzer et al. [209] explain, missing data assumptions, implementation choices,
and reporting decisions need to be made transparently when imputation is used in
observational studies. In safety-critical applications like MI risk prediction, careful

handling of missing data is not optional, it directly influences the reliability and safety
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of model predictions. Therefore, considering the most appropriate missing data han-
dling techniques has been identified as the other aspect of the design consideration
component for determining safety requirements.

False Negative (FN) Causes

Underfitting (Model Not Capturing Complex Relationships)

Underfitting occurs when a machine learning model is too simplistic to capture
the underlying patterns in the data. This can result in significant safety risks in
clinical settings, especially for classifying the risk of MI in patients with T2D.
An underfitting model tends to generalize the pattern poorly by not capturing the
interactions between the features, which is important for clinical risk assessment.
For instance, MI risk in T2D patients may arise from interactions between long-term
glycemic control, comorbidities like hypertension, and demographic factors such as
age or ethnicity. A model that fails to capture these interactions may systematically
underestimate the risk of T2D-related MI.

This leads to false negatives, where high-risk individuals are classified as low-
risk, delaying preventive intervention. In such cases, the consequences may include
unanticipated MI events and even mortality. To mitigate underfitting, it’s essential to
use models capable of learning non-linear relationships, such as tree-based ensembles,
and to ensure that feature engineering captures clinically meaningful relationships.
As noted by Mehta et al. [210], balancing bias and variance is key to achieving
a model that is not too complex or simple. Therefore, incorporating an ensemble
approach combining multiple non-linear models, such as Support Vector Machine,
Neural Network, and Random Forest, within a stacked generalised linear model
framework should be considered as one of the safety requirements. This approach
has significant potential to capture clinically meaningful feature interactions, mitigate
underfitting, and reduce the likelihood of underestimating the risk of T2D-related
MI in high-risk individuals.

Inappropriate Decision Threshold
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The ML models make their classification based on the decision thresholds, which
are the training parameters in the ML models [118, 120]. Setting a high decision
threshold means that only predictions with strong model confidence are classified as
positive. This might lead to high-risk patients being missed because their predicted
probabilities fall below the threshold. These cases become false negatives in the
T2D-related MI classification tasks.

In clinical environments where early MI risk detection is crucial, determining
a high decision threshold poses a risk in terms of safe prediction [120]. A patient
classified as low-risk due to a threshold cutoff might not receive treatment, even
though they have a risk of developing MI. The clinical implications of this decision
pose a potential severe harm to patient health. According to Birch et al. [120], classi-
fication thresholds in healthcare need to account for the consequences of incorrect
predictions, with false negatives often being more dangerous than false positives.
Therefore, careful decision threshold adjustments during model hyperparameter
tuning stages in model development stages are essential to mitigate the risk of false
negatives [26]. This increases the importance of decision threshold consideration
in identifying model design strategies to determine Al safety requirements [15].
Therefore, fixing the probability threshold for positive classification in Neural Net-
work, Random Forest, Naive Bayes, SVM, and the ensemble model to the default
value of 0.5 has been determined as another potential safety requirement for the
model optimisation [118, 120]. This decision was made to avoid the elevated false
negative risk associated with higher thresholds, as highlighted in previous clinical
Al literature. As a safety requirement, the default threshold will be retained during
model development to ensure that high-risk patients are not excluded due to overly
conservative classification boundaries.

Class Imbalance (Limited Positive Cases in Training Data)

The number of positive cases (patients having Ml-related records in their health

records) is generally smaller than the negative ones in the real-world healthcare
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data in most cases [168, 211]. This causes class imbalance in the output variable in
Al-based models predicting the risk of T2D-related MI. Similar to the overfitting
risks in false positive predictions, this imbalance skews model learning, making it
biased towards the majority class. Therefore, the ML. model becomes less sensitive
to detecting the positive cases, causing false negatives [211].

Without addressing class imbalance, the model might learn to minimize overall
error by predicting the majority class [211]. This may help to have high accuracy for
the Al models, but masks the sensitivity for the false negatives. However, especially
in the clinical decision models, consideration of the minority classes is crucial in
terms of model bias to ensure fairness [166, 211]. To mitigate this, resampling
strategies such as oversampling or class-weighting have been employed to give
more weight to positive classes during the model training [168, 211]. As Liu et al.
[211] explain, awareness of class imbalance in model-building stages is critical in
domains where minority classes carry the highest risk. Therefore, false negatives
as a clinical hazard has been identified as one of the crucial elements of defining
safety requirements by the necessity of the class-imbalance handling technique in
the model design consideration phase.

Data Drift (Change in Patient Characteristics Over Time)

In real-world healthcare cases, the nature of the datasets change over time due to
new patient entries and emerging comorbidities [212]. This causes a risk to build
Al-based clinical decision support models that maintain their performance stability
over data shifts. When a model trained on past data is applied to a newer population
with different characteristics, its performance may degrade. If these changes go
undetected or unaddressed, the model may fail to recognize new high-risk patterns,
increasing false negatives.

For instance, if the model was trained on data collected before a change in
diagnostic standards or medication guidelines, it may not generalize well to current

patients. This causes a risk that the Al-based model underestimates the risk of MI in
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shifted or under-represented patient subgroups [212]. Consideration of data drift for
model designs is an essential step to ensure the reliability of the AI models [212].
Subbaswamy and Saria [213] highlight the importance of continuous learning
and post-deployment evaluation to maintain model safety over time. However, since
obtaining access to the real-world healthcare data is challenging when it is needed to
train the Al models, it is also important to deliver alternative ways to mitigate the
data drift in datasets. As an alternative way to mitigate this problem, using a clear
and consistent dataset that contains data up to a certain time by updating it when a
new model needs to be trained in the future [212]. Hence, considering data shift over
time and reviewing its recent time manually has been identified as the other design
consideration for the safety case requirement. In this manner, using the Connected
Bradford data warehouse due to its stability over time and defining a cut-off date to
train the model posed a potential for another aspect of safety requirements.
Limited Model Explainability
One of the biggest challenges in ML algorithms is that the majority of them lack
interpretability in terms of Al explainability [176]. Especially in the safety-critical
domains, it is very important to provide explainability for the intended Al model
users to justify the reasons behind the Al predictions [177]. This highlights the
significance of the explainability techniques used in model development stages [36].
There are different types of explainability methods for different Al applications,
and it is crucial to choose the most appropriate Al explainability methods to obtain
the feature importance levels of each variable in the model. This helps the intended
clinical users to understand the model’s behavior in the Al-supported decision-
making stages. And, if the explainability method shows clear reasons about the
model’s decisions influenced by the model features, this helps to prevent clinicians
from making a possible false negative decision. Therefore, this led this research
to consider also model explainability as one of the most important components of

safety elements in model design steps to identify safety requirements.
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But equally important is understanding the limitations of explainability in a
system context. Explainability can help developers and clinicians understand what
features influence a model output, and can support questioning or reviewing a
suspicious classification. However, a model being explainable does not mean it
is clinically correct, fair, or safe under all circumstances. For instance, a model
can give an interpretable explanation for a wrong output or a clinically plausible
pattern of features can still be based on biased or incomplete data . Therefore, in this
thesis, explainability is regarded as a supportive safety measure, not as a complete

mitigation of system-level hazards.

4.4 Model Design Considerations

The reasons identified with the SHARD method were discussed in the previous
section with respect to the two prioritised hazard categories, false positives and
false negatives. These causes were then grouped into broader design consideration
categories, moving from hazard analysis to actionable modeling requirements. In
other words, the requirements in this chapter are not from nowhere. They were
obtained by first identifying hazard categories through SHARD, then looking at
the associated causes, and then grouping the causes into the wider areas within
which design choices would subsequently be made. In this thesis, these areas
were combined as Data Integrity and Security, Feature Selection and Preprocessing,
Model Optimisation and Model Explainability. Based on these grouped design
considerations, the safety requirements for the T2D-related MI event classification

task are presented in Table 4.2.

* Data Integrity and Security: It is critical to ensure the quality and safety of
the raw dataset that will be used in the modelling stages. All the data queries,
data preparation, and processing should be conducted using Google Cloud

Platform, managed by Connected Bradford.
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Using the Connected Bradford data warehouse also prevents data leakage
and data manipulation because of its high security standards and strict access
controls. The regular data checks should also be run to ensure the data remains

the same during model optimization stages.

Feature Selection and Preprocessing: It is important to choose the most
clinically meaningful, representative, and NICE Guidelines-compliant features
for model building. In addition, using tools like OpenCodelist to identify the
features to be used among the raw dataset is crucial for model performance
enhancement. Moreover, advanced data cleaning and pre-processing tech-
niques should be deployed before the model development stages. These steps
help models to mitigate producing incorrect results by learning from biased or

improper datasets.

Model Optimisation: Using model optimization (i.e. hyperparameter tuning)
strategies reduces the risk of overfitting in the model development processes.
Thus, the model makes stable and reliable predictions on training, validation,
and test sets. This means that it helps to model to enhance its ability to make

accurate and reliable predictions on unseen data.

When the class imbalance is detected in the dataset, one of the most common
validation techniques, k-fold cross-validation, and class imbalance handling
techniques (Oversampling, undersampling, and Class Weighting) help to en-

sure the predefined safety requirements [117, 121, 168].

Model Explainability: The integration of the explainability techniques into
the AI models helps model users understand the reasons behind the models’
decisions on specific tasks. SHAP (Shapley Additive Explanations) or LIME
(Local Interpretable Model-agnostic Explanations) explainability techniques

quantify the value of each feature’s contributions to the model predictions.
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been used as an explainability option in this study.

This helps to increase the level of reliability of the model for the intended users.
Since the SHAP value is one of the most common and advanced techniques to

demonstrate each feature’s contribution level on MI risk classification, it has

As presented in Table 4.2, each safety requirement has been derived directly

from the preceding SHARD analysis and the model design considerations identified

in this section. The following items (RO-R10) detail how each requirement maps

to its corresponding design considerations and addresses the specific hazard causes

identified earlier, ensuring a traceable link from hazard identification through design

consideration to concrete, actionable requirements.

Table 4.2 Safety Requirements for T2D-related MI Event Classification Derived

from SHARD Analysis

ID Description Type Allocation

RO Data shall be accessed, stored, and processed | Preventive Data Manage-
within an approved secure data environment ment
to protect confidentiality and maintain data in-
tegrity.

R1 Clinically relevant variables shall be selected us-| Preventive Data Manage-
ing domain knowledge and appropriate clinical ment
guidance.

R2 Standardised clinical coding shall be used to | Preventive Data Manage-

identify the target condition and relevant input

features consistently.

ment

Continued on next page
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Table 4.2 — continued from previous page

ID Description Type Allocation

R3 Appropriate preprocessing shall be applied to | Preventive Data Manage-
improve data quality and reduce the risk of bi- ment
ased or misleading model behaviour.

R4 Class imbalance handling shall be considered | Preventive Model Devel-
during model development to reduce bias to- opment
wards the majority class.

RS The classification decision threshold shall be | Preventive Model Devel-
selected with explicit consideration of clinically opment
relevant error trade-offs.

R6 Explainability techniques shall be used to sup-| Mitigative Model Devel-
port interpretation of model behaviour and out- opment
puts.

R7 Model optimisation and validation procedures | Preventive Model Devel-
shall be applied to reduce the risk of overfitting opment
and poor generalisation.

R8 Data splitting shall be performed before leakage- | Preventive Model Devel-
sensitive preprocessing steps are applied. opment

R9 Model choice shall support adequate represen-| Preventive Model Devel-

tation of clinically meaningful patterns in the

data.

opment

Continued on next page
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Table 4.2 — continued from previous page

ID Description Type Allocation
R10 | A clear temporal boundary shall be defined for | Preventive Data Manage-
the dataset used in model development in order ment

to control temporal inconsistency during model

building.

RO: RO falls under the Data Integrity and Security design part. It is mostly about
hazard causes C3: Data inconsistency and C4: Data leakage that have been identified
in SHARD analysis. Because it suggests to use only the Connected Bradford
warehouse platform, which is in the NHS-secured Google Cloud Platform, in all
the data jobs, like data extraction, query, and pre-processing. This system makes
encryption for storing and moving data, so the patient’s health data can not be
changed or accessed by unauthorised users without permission. When RO is satisfied,
the input data for the MI risk model stays consistent and reliable in all modelling
steps. This also ensures the reliability of the model predictions.

R1: This safety requirement is considered under the Feature Selection and Prepro-
cessing design category. It is to mitigate hazard causes C2: adding features not
important for clinic. To achieve this, it has been decided to use the NICE Guidelines
to identify the Type 2 Diabetes-related cardiovascular risks. Since one of the most
critical cardiovascular event has been identified as Myocardial Infarction, it has been
used as the T2D-related critical comorbidity to be used as a target variable in our Al
model.

R2: R2 also falls under to Feature Selection and Preprocessing. It is mitigating
hazard causes C2: adding features not important for clinic from SHARD analysis.
When we use the OpenCodelist tool to get CTV3 codes for the features, then all

clinic variables are same format and right meaning. For example, using ctv3 codes
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allow us to filter the dataset by only T2D-related MI records. This ensures that only
the relevant features will be used in model development stages, which reduces the
risk of irrelevant feature interactions, reducing the prediction ability of the model.
R3: R3 belongs to the Feature Selection and Preprocessing design category. It
responds mainly to C3: poor data quality and C5: inappropriate handling of missing
or imperfect data. At the requirement level, the point is not to prescribe only one
technical step, but to ensure that preprocessing is performed appropriately so that
biased or misleading model behaviour is reduced. In this thesis, this requirement is
operationalised later through preprocessing choices such as data cleaning, imputation,
and scaling.

R4: R4 falls under the Model Optimisation design category. It mainly addresses
C8: class imbalance in the training data. In this problem, the minority positive
class is clinically important, and therefore model development needs to consider
strategies that reduce bias towards the majority class. In this thesis, this requirement
is later explored through class imbalance handling techniques such as class weighting,
oversampling, and undersampling.

RS: RS is part of the Model Optimisation design category. It addresses C7: inap-
propriate decision threshold settings. The requirement here is that the classification
threshold should be chosen with explicit consideration of the clinical consequences
of error types, rather than being treated as an arbitrary modelling detail. In this thesis,
the operational threshold choice used later in model development is discussed in the
context of this requirement.

R6: R6 is part of Model Explainability. 1t is about hazard cause C10: Limited model
explainability from SHARD. The SHAP (Shapley Additive Explanations) values has
been identified as the safety requirement of the model, so that the intended users
can understand the reason behind of the model’s prediction behaviour on patients’
T2D-related MI development risk. Therefore, R6 makes the model more explainable

and interpretable to use in clinic AI domain.
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R7: R7 is part of the Model Optimisation design category. It mainly addresses
C1: overfitting. This requirement supports the use of validation and optimisation
procedures that help the model generalise beyond the training data. In this thesis, this
is later operationalised through cross-validation and hyperparameter tuning choices.
R8: R8 is part of Feature Selection and Preprocessing. It is about hazard cause C4:
Data Leakage During Model Development from SHARD. As stated in the previous
description of this hazard cause, the split sets may have different distributions and
data characteristics. However, if the same data cleaning process (i.e., outlier detection
and removal) is applied to the entire set before splitting, this poses a risk of data
information leakage from one dataset to another. So, this may lead manipulation
of the learning pattern of the model. To mitigate this issue, R8 suggested that we
split the entire dataset into training, validation, and test sets before outlier or data
distribution analysis.

R9: This safety requirements is part of Model Optimization. It is about hazard cause
C6: Underfitting (Model Not Capturing Complex Relationships) from SHARD. This
can lead directly to false negatives, where patients belonging to the positive MI event
class are incorrectly classified as negative. Since this may result in delayed or missed
interventions, this is particularly crucial in the clinical context.

To mitigate this, ensemble learning techniques such as the stacked generalized
linear model has been identified as the safety requirement. These methods improve
the model’s learning capacity by combining multiple base models to capture more
complex relationships in the data. This is especially significant in high-dimensional
healthcare datasets, where individual classifiers may fail to identify subtle but impor-
tant patterns associated with the positive MI event class in T2D patients.

By reducing the risk of underfitting, R9 supports the safety objective of minimis-
ing false negatives, which is a critical concern identified during hazard analysis. It
ensures the model does not oversimplify its decision-making, which could otherwise

cause it to overlook high-risk patients. Furthermore, ensemble modelling enhances
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the system’s generalisability and robustness, contributing to a more trustworthy and
clinically safe Al solution.

R10: R10 falls under the Data Management design category. It addresses C9:
data drift or change in patient characteristics over time identified through SHARD
analysis. If the model learns from data that does not reflect current or future clinical
practices, it may fail to recognise risk patterns that emerge over time. This mismatch
can especially increase the risk of having false negatives, as patients with changing
MI risk profiles may not be identified correctly. R10 directly addresses this issue by
enforcing a strict temporal cut-off during data preparation, ensuring that no future
information influences model training. For example, if a model development stage
has started at a certain time, all the data preparation, management, and preprocessing
would be valid for the dataset recorded until that specific period. This means that
the data characteristics will only reflect this specific time-period. Therefore, when
the nature of the data changes, the model’s behaviour may also vary. Although this
potential risk has been identified and the safety requirements have been determined
to mitigate this, to minimize further risk, applying a cut-off date to build and test the
model for maintaining the data characteristic consistency over time. Therefore, this
requirement supports Al safety by imposing a clear temporal boundary during model
development, although it does not by itself remove the need for later monitoring if
the model were ever used beyond the bounded scope of this thesis. In doing so, it
provides targeted mitigation for C9 and reduces the chance of missed diagnoses in

evolving clinical contexts.

4.5 Chapter Summary

This chapter discusses the safety requirements for the development of an Al-based
model for T2D-related MI event classification in the bounded decision-support

context of this thesis.
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» Hazard Identification: Based on the results of the SHARD analysis, the most
relevant model-related hazards were identified within the scope of this thesis.
This process resulted in a focus on false positives and false negatives as the
two main hazard categories, and their possible causes, clinical consequences

and severity.

* Design considerations: To link each hazard cause identified in SHARD to its
corresponding safety requirement in a systematic way, design considerations

have been determined. They have been grouped under four main categories:

1. Data integrity and security via the NHS-secured Connected Bradford

platform.

2. Clinically grounded feature engineering and data preprocessing aligned

with NICE guidance and OpenCodelist.

3. Robust training and optimisation through class imbalance handling tech-

niques, stratified k-fold cross-validation, and hyper-parameter tuning.

4. Transparent explainability using feature importance techniques like SHAP

values.

» Safety Requirements According to the SHARD analysis and design consider-
ations, a table of safety requirements was provided, which suggests strategies
for each corresponding safety requirement in the table. Safe data management
(RO, R10), clinically grounded feature selection and preprocessing (R1-R3,
R8), robust model development and optimization against biased models (R4-
R5, R7, R9), and explainability techniques (R6) to better understand model
decisions and the level of contribution of each feature are the categories of

safety requirements discussed.

Chapter 4 converts the identified hazards and their causes into concrete model

design considerations and safety requirements. This way it forms the bridge between
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the bounded use case and hazard analysis developed earlier, and the detailed model

development chapter which is to follow.



Chapter 5

Developing a Machine Learning

Model Under Safety Constraints

5.1 Introduction

This chapter is based on my previously published works [214-216]. It describes how
the safety requirements set out in chapter 4 were applied in the data management
and model development stages for the bounded T2D-related MI event classification
task investigated in this thesis. This chapter continues to address dataset preparation,
model development, internal evaluation and explainability. Chapter 4 identified the
main hazards related to the model, in particular false positives and false negatives,
and translated them into safety requirements. This chapter takes the next step and
shows how those requirements were put into practice in the model-building process.

Developing AI/ML models for clinical use differs from traditional data-driven
AI/ML model development because the consequences of error are clinically mean-
ingful [15]. In a decision-support setting, unreliable model outputs may contribute
to unnecessary follow-up, overtreatment, or missed clinical attention, which may
then affect patient outcomes [120]. For this reason, it is not sufficient to report only

predictive performance. It is also necessary to show how the model development
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choices were aligned with the safety requirements identified earlier in the thesis
[15, 157].

The other part examined in this chapter is the data management processes con-
ducted under the safety requirements from the previous chapters. As mentioned
earlier, the main dataset, the used Connected Bradford (CB), is a very big and
complex real-world healthcare dataset. This increases the pressure on the data man-
agement stages to satisfy the data management safety requirements. The missing
values, inconsistent data entries, variety of patient backgrounds, and unstandard-
ised patient records by different healthcare providers may significantly affect the
reliability and safety levels of the model predictions. This increases the importance
of the use of proper data management in the ML stages. However, it is not only
enough to apply appropriate data preprocessing techniques for the model-building
stages. It is also essential to choose the problem-relevant ML algorithms, optimi-
sation, and hyperparameter tuning strategies identified in the safety requirement
analysis steps. Therefore, Random Forest (RF), Support Vector Machines (SVM),
Neural Networks (NN), and Naive Bayes (NB) had been used according to the
predefined safety requirements. While the traditional ML studies solely focus on
the accuracy of the ML models, the model developed in this study also aims at the
safety criteria of the clinical AI model. These safety criteria are the components
of a wide and comprehensive safety and reliability requirement, like explainability
potential, robustness against overfitting, and cross-validation implementation for
model optimisation discussed earlier. Furthermore, this chapter has a significant role
to contribute to this research by covering the mentioned model safety requirements

and responding to the following research questions.
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5.1.1 Contribution to the Research Questions

e Research Question 2: How can an Al-based MI risk classification model

in T2D be developed while incorporating Al safety requirements?

This chapter comprehensively discusses the methodologies used in the data
management and model-building stages to ensure the integrity of the safety

requirements.

* Research Question 3: What is the role of safety case tools in assuring and

evaluating Al safety in T2D-related MI risk classification models?

With the help of the integration of the model explainability technique like
SHAP, this chapter demonstrates a picture of the explainability and safety

assurance coordination in the clinical AI models.

5.1.2 Key Points Highlighting the Significance of This Chapter

* Transformation of Safety into Practice: The predefined safety requirements

have been transformed into applicable and actionable steps.

* Data Integrity and Robustness: Secure and reliable data pre-processing

methods, which are specific to the real-world clinical data, have been provided.

* Algorithmic Evaluation: The comprehensive evaluation of multiple algo-
rithms has been clearly aligned with the safety criteria of prediction perfor-

mance.

» Explainability Integration: With the help of the SHAP method, explainability
has been directly integrated into prediction models to increase the reliability

of the model.

* Clinically-Focused Safety Assurance: Each step of the development process

has prioritised clinical Al safety beyond the traditional performance metrics.
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To summarize, Chapter 5 provides an important contribution to the thesis by
showing clearly and systematically how the theoretical safety frameworks identi-
fied in Chapter 4 can be practically integrated into each stage of the ML model
development process. Through the detailed explanations of safe data management
techniques, structured model development processes, algorithm comparisons, and
direct integration of explainability, this chapter not only ensures the safety and re-
liability of the model but also provides the potential increase in clinical trust and

acceptability of the Al-based predictions in T2D-related MI risk classification.

5.2 Data Collection and Preprocessing

Data collection and data preprocessing are the some of the most crucial steps, and the
main element is data for building Al-based models. Data can be stored in different
forms (i.e., different units, different wordings). Even the same data types may be
presented in different formats by different providers. This may cause limitations and
inaccuracies while developing Al-based models. Therefore, it is very important to
choose what type of data should be used and how to obtain the data when building
Al models, especially in safety-critical areas. After the appropriate data collection
step, data pre-processing, another important factor for building AI models should be
followed. As mentioned in previous chapters, this step consists of many different
stages that may vary based on the domain of the problem. For example, the methods
by which a data set is imputed, duplicated, or removed can greatly change the results
provided by the trained models. Therefore, the data preprocessing step should be
applied properly according to the domain of the problem.

The Connected Bradford (CB) dataset was used as the main dataset in this thesis.
CB Bradford is a large real-world dataset containing comprehensive patient and
hospital data from many hospitals across the Bradford, UK area. It is both important

and difficult to obtain real-world data in the safety-critical domains such as healthcare.
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Since the CB dataset is a real-world healthcare dataset, it has been chosen as the
main dataset. Before accessing the CB dataset, a Data Sharing Agreement was
signed between the Bradford Institute for Health Research (BIHR) and the University
of York (UoY) (see Appendix A), and all studies in this thesis were carried out by
the articles of this agreement. Additionally, ethical approval has been obtained from
the Physical Sciences Ethics Committee, University of York, with reference number
Ozturk20250908. This shows that this research considers all possible ethical issues
and ensures compliance with the ethical requirements when conducting the research.

CB contains hospital data of more than one million patients, and there are
14,000 different variables entered by different hospitals with different formats. Since
the dataset is massive and difficult to manage, this dataset should be stored in an
advanced and secure data warehouse. The CB dataset is stored on the Google Cloud
Big Query (GCBQ) platform and is fully managed by BIHR. Access permission
to GCBQ for this thesis was granted by BIHR, and all data collection and storage
process were carried out only on this platform to ensure data security. In addition,
the datasets on this platform can only be accessed through computers managed by
UoY, and no data storage has been done on these computers.

The use of the CB dataset as the source data for the Al model satisfied the safety
requirement of RO, identified in the previous chapter. In this way, we both ensure the
privacy of the dataset by the strict data usage rules, and also the consistency of the
healthcare dataset by regular checks with the help of data warehouse admins.

The CB dataset contains numerous medical records related to representing differ-
ent diseases or health conditions. These medical records contain both quantitative
and qualitative entries. For example, while quantitative inputs consist of numer-
ical laboratory results such as blood sugar, sodium amount, or cholesterol level,
qualitative inputs contain variables as gender, ethnicity, or the patient’s visit day.
Therefore, it has been decided to build data tables containing data specifically related

to T2D and MI, which are the focus of the thesis. However, in order to build these
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new data tables, all variables related to T2D and MI should be identified. At this
stage, OpenCodelists [217] was involved. OpenCodelists is a platform that supports
the sharing of clinical codelists, which are used to identify clinical terms, drugs,
diagnoses, symptoms, tests, and procedures in health data [217]. However, Open-
Codelists can contain many different codes for a health condition. For example, on
the OpenCodelists platform, there can be more than one assigned code representing
T2D, and these codes are called ctv3code [218]. Therefore, while filtering codes
related to T2D and MI, all related codes in the OpenCodelists were taken into account
and used.

As aresult of all these filtering steps, a table consisting only of patients diagnosed
with T2D has been constructed. Then, a new output variable was added to determine
whether patients have the risk of developing MI. In this output variable, if a patient
has any ctv3code related to MI, the MI risk of this patient is determined as "Yes",
if not, the risk of MI is determined as "No". If a patient contains an MI code and
the patient’s output variable is set to "Yes", the data of this patient from the MI to
the previous patient visit are included. If a patient’s output variable is assigned as
"No", all data of that patient until the latest visit of the patient are included in the
newly constructed dataset. With the help of use of ctv3codes from OpenCodelists,
the safety requirement R2 has been addressed, and codes of the clinically relevant
features for predicting risk of MI in T2D have been identified. Thus, a finalised table
regarding T2D-related MI, which is the focus of the thesis in GCP, was prepared for
the next steps of data preprocessing. At this stage, the modelling task was defined
as a binary event classification problem based on whether MI-related codes were
present in the available patient records. This is important because the available labels
support event classification within the observed record window, rather than a full
time-to-event or survival modelling formulation. Accordingly, the model developed
in this chapter should be interpreted as a classifier for the positive MI event class,

not as a full temporal risk prediction model.
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R-Studio and Caret Package were used in all the following steps for data pre-
processing and building and testing of ML models (example code of both data
preprocessing and model development stages has been provided in Appendix B).
RStudio is an integrated environment for R, a programming language for ML de-
velopment, statistical computing, and graphics [219, 220]. The Caret Package is a
package that contains functions to streamline the model development process for
complex regression and classification problems [221]. To process the new dataset
built in GCP within the R-Studio environment, a data query was performed, utilizing
the user permission provided by BIRH. Thus, the main dataset used for this thesis
was imported into the RStudio environment. The dataset includes patients over the
age of 18 and the data until the end of 2024. In addition, the data of the patients who
have no regular yearly records were removed from this dataset to ensure data conti-
nuity. As a result, we had a dataset consisting of 69,075 unique patients diagnosed
with T2D and containing 14,000 different variables. However, since the dataset
is still massive because of the number of input variables, only variables related to
T2D-related MI were taken into account, in accordance with the OpenCodelists and
NICE guidelines under the clinical supervision. Additionally, variables that had an
excessive amount of missing values in the dataset, even though they were listed in
OpenCodelists or NICE guidelines, were also removed. In the literature, there is no
concrete and standardised threshold for data removal for the missing values [222].
Therefore, as the last step, all variables that were related to T2D-related MI but had
more than 10% missing values were removed from the dataset. Thus, a finalised
dataset that is easier both in terms of calculation and in terms of ease of model
building has been obtained. This dataset consists of 69,075 rows and 22 columns
(variables). All the features used in model training have been explained (see Table

5.1 [223]).
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Table 5.1 Feature explanations used in the research

Feature Explanation

Sodium Concentration of the sodium level in the blood that reflects
electrolyte balance and kidney function.

Diastolic Lower number in blood pressure that shows the pressure in
the arteries when the heart rests between beats.

Albumin This indicates nutrition status and kidney function when
measured in urine or blood.

Alanine  aminotrans-| An enzyme mainly in the liver. High level of alanine may

ferase indicate liver damage or metabolic issues.

Urine albumin creati-

A marker for kidney health, used to detect early kidney

nine ratio damage, especially in diabetes.

HbAlc A long-term measure of average blood sugar levels, which
is a key diabetes control marker.

LDL Low-density lipoprotein cholesterol, linked with higher car-
diovascular risk.

HDL High-density lipoprotein cholesterol, which helps remove
excess cholesterol.

BMI Body Mass Index, calculated from height and weight, used
as an indicator of overweight or obesity.

Systolic The upper number in blood pressure, showing the pressure
in the arteries when the heart beats.

Alkaline phosphatase | An enzyme related to the liver and bones, used to detect liver
disease or bone disorders.

Total bilirubin A substance made by the breakdown of red blood cells; high

levels can indicate liver or bile duct problems.

(Table continues on the next page)
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Globulin A group of proteins in the blood that play a role in immunity
and other important functions.

Creatinine A waste product from muscles, often used to measure kidney
function.

Triglyceride A type of fat in the blood. A high level of triglycerides
increases cardiovascular risk.

Urea A waste product from protein breakdown, commonly used

to assess kidney function.

Total protein

The sum of albumin and globulin in blood, used to evaluate

nutritional status and organ function.

Ethnicity (British White,
Asian Indian, Asian Pak-

istani, Other)

Categorical features capturing patient background, included

to check demographic risk differences.

Gender (Male, Female,

Categorical variable to represent patient sex or gender iden-

Other) tity, included as a demographic factor.

Age Patient’s age in years, a major risk factor for cardiovascular
disease.

Potassium A mineral that helps regulate heart and muscle function;

abnormal levels can be dangerous for cardiac health.

The model-development pipeline was implemented in a structured order when the

final dataset was imported into the R-Studio environment. After the cohort definition

and variable filtering stages, the dataset was split into development and testing sets, so

that leakage-sensitive modelling steps did not use information from the held-out test

set. The 80% of the data were allocated to the development part, and the remaining

20% were kept as the independent test part. Then, 20% of the development part

was used as validation data for model optimisation. This corresponds to a total split
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of 64% for training, 16% for validation, and 20% for testing. This approach has
been used to leave the final test set untouched, but also to have enough data to fit the
model and perform internal validation.

Then, data pre-processing was applied in the development pipeline. Data imputa-
tion was used to complete the dataset, as there were still some missing data in the
final dataset. For quantitative variables, KNN imputation was preferred over simple
mean or median replacement, as kNN better preserves multivariable structure and
relationships in the data [224]. Next, categorical variables were transformed using
one-hot encoding so that the data could be processed numerically by the selected ML
algorithms. The one-hot encoding is widely used, but it can also increase the dimen-
sionality and introduce unnecessary complexity if numerous categorical variables
are included [225]. Therefore, the modelling pipeline was restricted to a limited and
clinically motivated feature set. Then, numerical variables were scaled between O
and 1, using the range option in the Caret package, to reduce the risk of variables
with larger raw magnitudes dominating model learning [114].

Class imbalance was handled as a separate, safety-relevant modelling step. In
the original dataset, the distribution of the output was approximately 90% “No”
and 10% “Yes”. This imbalance posed a risk that the model would favour the
majority class and would not learn the minority positive class sufficiently. Thus, in
addition to the original pre-CIH data, three CIH techniques were explored: class
weighting, oversampling, and undersampling [168, 121]. Class weighting retained
the original number of classes but increased the penalty for misclassifying the
minority class during training. For oversampling, the number of minority class
samples in the development data was increased; for undersampling, the number
of majority class samples was reduced, so as to have a more balanced training
distribution. Therefore, four modelling conditions were tested in parallel: pre-CIH,

class weighting, oversampling, and undersampling.
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5.3 ML Development for Comorbidity Prediction

This section has a direct contribution to Research Question 2. In this part, the ML
models built using four new datasets will be explained in detail. However, before
detailing the ML model development stages, one last stage was performed, data
splitting. Since our problem is a supervised learning and classification problem, it
is divided into training, validating, and testing. Training data constitutes 80% of
the total dataset, validating data constitutes 20% randomly selected from training
data, and test data constitutes the remaining 20%. The reason why validating data
is selected from training data rather than separately is to provide more data storage
for ML training and to select randomly selected validating data from training data
for ML optimization, which will be discussed in the following steps. Since these
four datasets contain real-world healthcare data and the aim of the ML models to
be built is to determine the risk of T2D-related Myocardial Infarction, ML methods
that are commonly used for this problem have been applied. These ML methods are
Naive Bayes (NB), Neural Network (NN), Random Forest (RF), and Support Vector
Machine (SVM).

The ML models have been built with different numbers of hyperparameters in
the Caret Package [215]. However, after several experiments, it has been seen that
the models’ performance is very sensitive to hyperparameter changes. Therefore,
to balance the complexity of the ML models, it has been decided to use the default
settings. Naive Bayes (NB) with a classification threshold set to 0.5, Neural Network
(NN) with a single-hidden-layer architecture, 100 iterations, Random Forest (RF)
with 500 trees and one terminal node, and Support Vector Machine (SVM) with a
radial kernel. Then, randomly selected 20% of the training set was used for validation,
and it was used for hyperparameter tuning, employing a tune-length of 10 to optimize
performance. Also, 10-fold cross-validation was implemented to reduce the risk

of overfitting and obtain a more reliable estimate of model generalisation [193].
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Additionally, these four ML models were ensembled to enhance the performance
of the predictive models [215]. For the Ensemble model, the Generalized Linear
Model (GLM) meta-learner. Since the output of the model is binary ("Yes" or "No"),
the GLM has been specified with a binomial family, which corresponds to a logistic

regression.

Table 5.2 Results of performance metrics of each CIH method for each ML model

Pre-CIH Class Weighting | Oversampling Undersampling
ML Accuracy| F1 |Accuracy| F1 |Accuracy| F1 |Accuracy| F1
NB 0.9762 |0.8893| 0.9848 [0.9051| 0.9066 |0.8365| 0.9437 |0.8950
NN 0.9714 |0.9036| 0.9772 |0.9087| 0.9594 |0.8211| 0.9596 |0.8775
RF 0.9885 |0.9145| 0.9917 [0.9265| 0.9812 |0.9263| 0.8612 |0.9006
SVM 0.9779 |0.8566| 0.9801 |0.8588| 0.8582 |0.8144| 0.8963 |0.8254
Ensemble | 0.9892 |0.9224| 0.9948 |0.9556| 0.9854 |0.9280| 0.9568 |0.9388

Table 5.2 [215] shows the Accuracy and F1 values, default performance metrics
in R-Caret, for both ML models before CIH (Pre-CIH) and after CIH techniques.
Accuracy is the performance value of the closeness of the predicted value to the
known value [118]. The F1 is another metric to evaluate the performance of the
ML-based classification models, particularly in dealing with imbalanced datasets
[119]. The F1 is the harmonic mean of the accuracy of the positive predictions and
the ability of the ML models to detect all the positives, and it is a metric used to see
the model’s ability to balance the False Negatives and False Positives [118]. Since
this thesis solely focuses not on the predictive performance of the ML model but
also the ability of making correct classifications for patients at risk of MI regarding
to ensure prediction safety, accuracy, and F1 values were chosen as the performance
metrics of these ML models. However, since the presentation of performance metrics
alone will not be sufficient to ensure reliability and security in ML models developed
especially for safety-critical areas, some additional supporting results may also be
needed to support the outputs of these ML models [157]. This supporting data can

be numerous and diverse. However, in this thesis, the results of the model developed
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using Model Explainability techniques have been made more understandable and
interpretable [36].

Three practically important points were shown by the experiments. First, safety-
relevant modelling choices like class imbalance handling significantly changed model
behaviour and were not secondary implementation details. Secondly, the ensemble
model showed the most balanced performance over the tested conditions, which
strengthens the decision in Chapter 4 to include ensemble modelling as a safety-
oriented requirement. Third, not all technically feasible CIH methods improved
the model in a similar way. This is important for the safety case, as it shows that
modelling choices should be empirically justified rather than assumed to be beneficial

by default.

5.4 Model Explainability

To have a better understanding of the reasons behind the AI model’s prediction on
MI risk, SHAPLEY (Shapley Additive Explanations), one of the most commonly
used model explainability methods, has been used in this research. The main reason
for the use of SHAP value is its advanced ability to demonstrate each feature’s
contribution to the entire model. This provides an opportunity to integrate SHAP
calculations to model explainability stages as part of the safety requirement. After
the model was trained with the preprocessed data, SHAP was used to show how each
feature behaves in the model. This helped to see clearly if the important clinical
variables had a stable and safe role in the decision process. However, because of
the nature of the R libraries used during model training and evaluations, another
technique was needed to be used to demonstrate SHAP values.

Since different types of models have been used and ensembled in this study, the
SHAP technique was used to calculate and plot the graphs for demonstration of the

features” SHAP values. Since ML models had been trained and ensembled using the



108 Developing a Machine Learning Model Under Safety Constraints

Caret package, there was no option to directly calculate the SHAP values. Because
used the Caret package version does not support the SHAP value calculations for
the ensembling methods. To mitigate this, the fastshap library has been used to
calculate the SHAP values. This library provides faster and visualized SHAP value

calculations.

Interpretation of Key Findings

SHAP analysis demonstrated each feature’s affect on the model prediction of T2D-

related MI risk. The three most important features has been demonstrated as follows:

* Serum Sodium Level: According to SHAP values, an increased level of
sodium has the most negative impact in the model. It means that the risk of
developing T2D-related MI gets higher when the sodium level of the patients

gets higher.

* Diastolic Blood Pressure: Diastolic blood pressure is the second most in-
fluential feature in the model. This shows that an increase in diastolic blood

pressure has a negative impact on MI risk.

* Urine Albumin Concentration: High albumin is the other most influential
feature among the SHAP figure. This tells us that if the urine albumin con-
centration increases in the blood, this will have a strong effect on developing

T2D-related MI.

Figure 5.1 [215] shows all the SHAP values of each feature used in the model.
The plots suggest that the higher magnitude of a feature in the figure means a stronger

impact on MI development risk SHAP plots also showed some interactions:

* High BMI alone had a moderate effect. But together with high diastolic

pressure, this may increase the MI progression risk.
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Fig. 5.1 Demonstration of SHAP Values of the Variables used in the MI Risk
Prediction Classification Model

e Normal HbAlc but high LDL had balanced SHAP effects. It showed that the

model tried to adjust risk in a compensating way.

In the clinical guidelines, LDL cholesterol, HDL cholesterol, and hyperglycaemia
were identified among the potentially modifiable risk factors for coronary artery
disease in patients with T2D [226]. However, in this research, Serum Sodium Level,
Diastolic Blood Pressure, and Urine Albumin Concentration have been demonstrated
as the three main features that have the most impact on the model’s prediction among
all the features. This indicates that the model did not simply replicate general clinical
assumptions and make predictions based on this, but instead adapted to the specific
nature of the dataset used in the Al model. The behaviour of an Al model driven by
varying datasets having different natures may reflect the clinical reality in real-world
applications. However, it may also pose a potential risk that the model may rely
on less expected features. This makes the advantage of the use of explainability
methods like SHAP more significant. Therefore, these findings demonstrate that

providing model explainability is not only important for model interpretability but
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also critical for safety in the Al model, especially when it diverges from expected

medical knowledge.

Reliability and Safety Points

* Bias Check: SHAP values of gender, age, and ethnicity were checked. How-
ever, there was no strong evidence that these three categorical variables had
a strong effect on the prediction. It can also be said that there are no strong

biases or unfair predictions based on the patients’ age, gender, or ethnicity.

* Clinical Consistency: Feature contributions matched with medical knowledge.
So the model didn’t just learn noise or random patterns but something general

and useful.

In summary, SHAP gave insights into how the model makes decisions. It helped
to trace predictions back to real clinical signs. That supports the safety goals directly.
Having serum sodium, diastolic pressure, and urine albumin play a consistent role

made the model more explainable and also more trustworthy in clinical settings.

5.4.1 A Closer Look at ML. Model Development from the Per-

spective of AI Safety and Fairness Intersection

This part of the chapter is based on my previously published work [216]. As
mentioned in the earlier chapters, the main focus of this thesis is ensuring the safety
of Al in T2D-related MI risk classification. However, the significance of addressing
fairness in Al has also been mentioned due to the intersection points between these
two fundamental concepts.

One of the most critical intersection points between Al safety and fairness is bias
in Al models. The referenced work [216] specifically addresses this issue, using a

methodology similar to the ML development approach employed in this thesis. In
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this way, this part of the chapter also supports the entire safety framework of the
thesis by demonstrating how the identified safety constraints can be important to
enhance the Al Safety in T2D-related MI risk classification.

The reason for presenting this part explicitly in this thesis is that the mentioned
work used a different dataset in the Connected Bradford data warehouse, and it fo-
cuses on a specific safety risk cause, bias by data imputation in real-world healthcare
data. It is important that this study not only identifies safety risks but also builds
a model pipeline with deeper analysis to reduce the identified safety and fairness
risks. Thus, the complementary study not only identifies a safety-related fairness
risk, but also studies it by means of a more detailed modelling example focused on
bias introduced through imputation in real-world healthcare data. This example is
included because it illustrates how safety-relevant modelling decisions can influence
subgroup-related behaviour in a clinically meaningful way.

As mentioned previously, a different dataset from this research was used to build
the ML model in the mentioned work. Nevertheless, the results of this work still
support the safety-case framework of this thesis, since both safety constraints and
ML development stages share common points. Since data management and ML
development methods are the same as in the thesis and since the identified risks and
safety constraints overlap in areas such as bias, explainability, and data integrity,
the focus here will not be on how the model was developed, but on showing and
discussing the model results. In this way, it will demonstrate how the safety risks
and requirements described in the thesis are ensured to safely predict T2D-related
ML, especially with respect to false positives and false negatives.

While the variables used in the referenced published work are common with
the dataset used in this thesis, it uses a variable that differs from those in the thesis.
This variable is called the Index of Multiple Deprivation (IMD) scores. IMD is the
official measure of relative deprivation for small areas in the UK. A higher IMD

score indicates a greater level of deprivation in that geographic area, and areas are
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ranked based on this score. This helped us to understand that having missing values
in the dataset collected from different socio-economic regions might be meaningful.
For example, a patient living in a highly deprived area may have limited access
to healthcare, or a patient with serious health problems may not be able to attend
regular diagnosis due to limited healthcare services.

This may pose the risk of missing data, especially for patients in particular
regions. However, missing values from both the least and most deprived regions are
imputed using the same methods. This also causes a risk of bias in the AI model.
Additionally, the choice of imputation methods is also critical at this point since
different techniques provide varying outputs. Besides this, model optimisation and
explainability also play a supportive and important role in preventing or reducing the
risk of bias in the Al model.
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Fig. 5.2 Importance Level of the Features used in the Ensemble Model

In the Figure 5.2 [216], it has been seen that BMI, Triglyceride, HbAlc, Alkaline
Phosphatase, and Creatinine have the highest importance levels in predicting the risk

of T2D-related MI risk in the developed model in this published work. However, the
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fact that the contribution levels of the features to the model’s prediction are different
from those of the model developed in the thesis shows that the importance of features
can change when the dataset changes. This also indicates how model explainability

can act as a safety constraint and why it is important for the entire safety case.

Table 5.3 Results of performance metrics with different missingness levels for
selected features

BMI Triglyceride HbAlc Alkaline Phosphatase Creatinine

Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score | Accuracy | F1-Score

0% 0.9150 0.9120 0.9150 0.9120 0.9150 0.9120 0.9150 0.9120 0.9150 0.9120

10% | 0.8990 0.8750 0.9040 0.9011 0.9070 0.9045 0.9088 0.9025 0.9096 0.9010

20% | 0.7450 0.7366 0.8978 0.8855 0.8998 0.8611 0.9000 0.8890 0.9036 0.8996

30% | 0.7132 0.7188 0.7255 0.7314 0.8444 0.8470 0.8855 0.8795 0.8999 0.8877

40% | 0.6645 0.6422 0.6888 0.6477 0.6975 0.6790 0.8119 0.7888 0.8222 0.8344

60% | 0.6018 0.5512 0.6333 0.5945 0.6632 0.6375 0.6711 0.6558 0.6826 0.7711

80% | 0.5632 0.5030 0.6042 0.5400 0.6450 0.6085 0.6550 0.6333 0.6610 0.6420

Table 5.3 [216] demonstrates the Accuracy and F1 scores of the Al model outputs
when the proportion of the missing values was changed for each of the top features
identified in Figure 5.2. The 0% missingness in the features provides a baseline model
performance with an accuracy and F1-score of 0.9150 and 0.9120, respectively. The
Accuracy and F1 scores tend to decrease as the proportion of missingness increases
among the selected features. This indicates that the model’s ability to provide stable
and reliable predictions may be reduced because of the missingness in clinically
important features. However, it does not mean that the proportion of the missing
values in each feature may equally affect the performance of the models.

BMI shows the highest decline rate among the clinically important features
overall, with Accuracy decreasing from 0.9150 at 0% missingness to 0.5632 at 80%
missingness, and F1-score decreasing from 0.9120 to 0.5030. This decline rate
suggests that the proposed model is particularly sensitive to missingness in BMI.
When the model performance results for the BMI are evaluated in detail, it is seen

that the largest drop occurs between 10% and 20% missingness, where Accuracy
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decreases from 0.8990 to 0.7450, and F1-score decreases from 0.8750 to 0.7366.
In contrast, the feature Triglyceride is relatively stable up to a certain point, 20%
missingness, but then it falls sharply between 20% and 30% missingness, where
the Accuracy drops from 0.8978 to 0.7255, and the F1-score drops from 0.8855 to
0.7314. HbAlc has the largest decrease for performance metrics in missingness
between 30% and 40%. For the other features, Alkaline Phosphatase and Creatinine,
they have larger decreases at higher levels of missingness, especially between 40%
and 60%.

These performance metrics show that the proportion of the missigness in different
features may have a different level of impact on the model’s performance. Especially
the BMI and Triglyceride appear to have a sharper and earlier impact and indicator
when the proportion of the missingness is increased. This also suggests to us that the
safety relevance of missing data depends not only on the percentage of missingness
but also on which clinical variable is affected. Therefore, missingness should be
considered in relation to the clinical and predictive role of each variable, rather than
being treated only as a general data-quality issue.

In the safety context of this thesis, the F1-score results are particularly important.
Since the F1-score reflects the balance between FPs and FNs, the decline in F1 score
suggests that the model may become less reliable in distinguishing patients at risk
from those not at risk when missingness increases. Therefore, the table supports the
argument that the level of missingness in the dataset may affect both the model’s

safety-relevant behaviour and performance.

5.5 Chapter Summary

This chapter demonstrated the entire Al-based model development process to predict
the risk of developing myocardial infarction (MI) for patients with Type 2 Diabetes

(T2D). All the steps were carried out under the safety requirements introduced earlier
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in Chapter 4. These safety requirements guided the model design stages from the
preliminary stage and shaped the decisions in the model development stages.

This chapter contributes to responding to Research Question 1 (RQ1), asking
how an Al model can be built to meet clinical safety standards without losing its
ability to predict outcomes well. Additionally, it also helps contribute to Research
Question 2 (RQ2) by demonstrating the integrated safety controls during data pre-
processing, model building, and explainability steps, ensuring fairness and clinical
trustworthiness. In addition, by incorporating explainability into both development
and evaluation stages, the chapter also supports Research Question 3 (RQ3), high-
lighting how a safety-focused model can remain safe and interpretable in real-world

clinical settings.

5.5.1 Overview of Key Activities

Overall, this chapter consists of several main stages. Each stage was designed not
only to improve model performance but also to ensure the model’s safety considera-
tions in a clinical manner.

1. Data Management Considering Safety

The first step was to choose the most suitable anonymised dataset representing
the domain of the problem and to manipulate the dataset to prepare it for the intended
use. To ensure data safety and prevent data leakage, all these steps have been
conducted on a secure NHS-managed server with strict security controls. Using
the University-managed computer, only data manipulation, filtering, and querying
were performed using version-controlled SQL scripts on the server. This ensured
full traceability of all steps. The final dataset included 69,075 adult patients’ records
with Type 2 Diabetes, selected using criteria aligned with the NICE Guidelines.

These steps ensured that the used dataset was representative, consistent, accurate,

ethically handled, and ready for data importation to the local coding environment for
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the next steps. The main focus was not only on data reliability and quality, but also
on compliance with governance standards described earlier in the thesis.

2. Feature Engineering and Class Imbalance Handling

Since the presence of Myocardial Infarction cases was less frequent in the dataset,
the problem demonstrated a class imbalance in the dataset. To mitigate this problem,
class weighting, oversampling, and undersampling methods were applied as a model
optimisation step. Then, all the individual performance results based on the class
imbalance handling technique were evaluated. This helped the model learn from the
minority class (MI events) while keeping the real-world distribution in the validation
set unchanged. This approach balanced the learning quality of the model.

In addition to this, missing values were imputed using the KNN technique, outliers
were removed, and input variables were engineered based on their data type to make
the data more suitable for modelling. For example, the categorical variables were
encoded since some of the ML algorithms used only numeric or integer variables
for model training. Each of these preprocessing steps was done by considering its
impact on both model performance and clinical interpretability.

3. Developing and Optimising the Model

In this study, various machine learning algorithms were tested, including random
forest, neural network, naive bayes, and support vector machines. After comparing
the performance values of each model, an ensemble model was used with the aim
of enhancing the prediction performance of the entire model [227]. This ensemble
model offered good performance metrics compared with the individual algorithms.

The model was developed using cross-validation and various combinations of
hyperparameters. Then, the model performance was evaluated by the most appropri-
ate performance metrics in our case, such as Accuracy and F1-score. In addition, a
separate test set was used for final evaluation to make sure the results were unbiased,
and there was no overfitting in the model.

4. Explainability to Enhance Model Reliability
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One of the most important parts of the model-building stages was model ex-
plainability using SHAP values. SHAP was used to explain individual predictions
and influence levels of each feature on the model prediction. The SHAP results
highlighted that serum sodium, diastolic blood pressure, and urinary albumin were
the most influential predictors. These features not only had high SHAP values but
also made clinical reasoning, strengthening the model’s reliability and alignment
with clinical knowledge.

The SHAP analysis also revealed consistent patterns across different model folds
and supported the idea that the model made decisions based on meaningful random
relations between each feature. This made the model more understandable for the

future intended clinical use.

5.5.2 Key Contributions of Chapter 5

* Built a real-world ML pipeline using NHS-governed secure data, fully aligned
with safety rules:
All data handling and modeling activities were conducted within a secure NHS

infrastructure, ensuring compliance with privacy and governance standards.

* Considered Al safety at each stage of the entire model-building workflow:
Safety considerations were integrated into preprocessing, modeling, and val-
idation steps, allowing the model to remain stable, fair, and interpretable

throughout development.

* Developed an MI risk prediction model that is both accurate and explainable:
An ensemble model using four different ML algorithms was selected and opti-
mized using cross-validation and parameter-tuning, achieving strong predictive

performance while remaining interpretable and explainable.
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* The top three most influential features (sodium, diastolic BP, and urinary
albumin) that were both important to the model and meaningful in clinical
terms:

These features consistently had the strongest SHAP values and were also
supported by clinical literature, reinforcing the model’s alignment with real-

world medical understanding.

* Used SHAP to make the model more transparent and trustworthy for real-
world use:
SHAP values helped to explain how the model made decisions at both global

and individual levels, supporting reliability and transparency.

5.5.3 Looking Ahead to Chapter 6

Chapter 5 demonstrated the details of a machine learning model-building process,
considering safe model design considerations. However, building an Al-based model
was only part of the technical process of this research. In T2D-related MI risk
prediction, it is also important to clearly show that the model is safe to use, especially
when the results may affect a patient’s health condition. Chapter 6 focuses on this
safety evaluation process.

The next chapter starts with a detailed risk analysis using the Bow-Tie method.
This method is often used in safety-critical domains to demonstrate possible types
of risks, the cause of these risks, possible barriers to mitigate them, and the conse-
quences of the bad outcomes. In this thesis, Bow-Tie diagrams have been prepared
and demonstrated for false positives (when the model wrongly says someone is at
high risk) and one for false negatives (when it misses someone who is actually at risk).
While the causes and barriers are similar in both cases, the medical consequences

are different, so each one is explained separately.
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Chapter 6 also demonstrates a Goal Structuring Notation (GSN) diagram. This
diagram illustrates how the safety of the model is supported step by step, starting
from high-level safety goals and breaking them down into smaller parts like data
quality, ongoing validation, and human checks. It helps connect the safety ideas
explained in Chapter 4 with the practical work done in Chapters 5 and 6.

Another key part of the safety work is explainability. SHAP values, which were
used to understand how the model makes decisions, are also important for safety.
They help show whether the model’s predictions make sense from a clinical point
of view. This helps build trust and gives healthcare professionals confidence when
using the model in real decisions.

Briefly, Chapter 6 takes the next step in the safety-focused journey. It moves
beyond just measuring performance and focuses on proving, with clear logic and
evidence, that the model can be used safely and responsibly in real healthcare

environments.



Chapter 6

Safety Assurance and Evaluation of

the Model

6.1 Introduction

Al models can be developed in many ways and can perform with high performance
in different domains. However, especially in the safety-critical domains, developing
high-performing Al models is not sufficient to maintain trust in the models. It is
also crucial to identify safety considerations and to develop model design strategies
according to these considerations. After developing the Al-based models by con-
sidering the safety requirements, it is also very important to ensure their safety by
safety evaluation. In accordance with this, this thesis has been structured based on
this flow.

The previous chapters have demonstrated how safety strategies were developed
for the machine learning model design and how a model could be built under these
safety constraints for the T2D-related MI event classification problem addressed in
this thesis. Chapter 4 identified the main model-related hazards and their causes
in the bounded clinician-in-the-loop decision-support context defined above. Then,

Chapter 5 showed how the resulting safety requirements were implemented in the
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data management, feature selection, model optimisation, and explainability stages.
Having done this, the next question is whether the evidence produced in the scope
of this thesis is sufficient to support a structured safety case argument for the data
management and model development stages. That is the question on which this
chapter is based.

Designing for safety is not the same as advocating for safety. The previous
chapters have focused on design choices that are intended to reduce the chance of
harmful model behaviour, such as choice of data management, preprocessing, model
optimisation, and explainability. By contrast, this chapter is on safety assurance. In
this thesis, safety assurance refers to the collection, organisation and evaluation of
the evidence generated during hazard analysis and model development to support
a structured safety case argument within the bounded scope of the work. Safety
assurance shown here is limited to the data management and model development
phases.

To achieve the main goal of Chapter 6, it has been built on three key objectives,
each explained in its own section in detailed in the following parts of this chapter:

Section 6.2 - Safety Barriers and Mitigations

Based on the SHARD and safety requirement analysis from Chapter 4, this
section demonstrates specific safety barriers by visualizing them for specific clinical
hazards defined in the previous chapters. These safety barriers help reduce the
chance or seriousness of harm the model might cause. Each barrier is linked to a
specific type of failure (like false positives or false negatives, or performance drops
due to data imbalance). These include technical actions (such as setting thresholds,
hyperparameters, or data quality checks) and organisational actions (manual data or
model reviews). These barriers are the foundation for any serious safety argument.

Section 6.3 - Safety Case Argument

Safety evidence is not very effective if it is shared as a loose set of reports and

results. For that reason, this section brings together all the evidence produced during



122 Safety Assurance and Evaluation of the Model

the project and organises it into a clear and structured safety case, using the Goal-
Structured Notation (GSN) introduced earlier. The purpose is straightforward: to
show that the risk prediction model is safe for its planned clinical use, as long as it
is used within clearly defined boundaries.

The safety case includes several claims about important areas such as data
quality, model performance, explainability, human-Al interaction, and long-term
maintenance. Each claim is backed by strong solutions, such as metrics, SHAP plots,
and results from safety barrier tests. This way, every safety-related statement can be
linked back to real and trustworthy information.

Section 6.4 - Safety Evaluation

A safety case also needs robust results. This section experiments with the model
and its safety barriers through evaluations that reflect how the entire safety case
responds to the required safety constraints. These include retrospective validation on
hold-out data, prospective testing on future patient data, and special test scenarios like
missing data or sudden changes in patients’ health characteristics. The evaluations
check both model performance (like accuracy or F1-score at important thresholds)
and how the safety barriers respond when things go wrong. These tests help complete
the safety case described in Section 6.3.

The connection between these there parts can be consider as follows. The barriers
in Section 6.2 helps to make the safety case in Section 6.3 achievable, and both need
to be evaluated in Section 6.4. This structure allows turning the safety goals from
Chapter 4 and the technical work from Chapter 5 into a full and reliable safety frame.
Building a safety frame like this has great potential to maintain the trustworthiness
of the Al-based model used in clinical domains.

Chapter 6 also plays a vital role in other aspects. One of them is showing that
safety is not a concept that needs to be considered at the final stages of the entire
flow. It evolves together with every step of these flows. The other significant role is

that it provides helpful barriers, safety argument examples (GSN), and evaluation
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options. This also opens a window to generalise the safety cases for the specific
problems in the future intended usages. This makes the work more than just one
example by making it a general method that others potentially can follow.

The chapter concludes by showing how the safety evidence supports the proto-
typed clinical scenario, and also prepares for Chapter 7, which looks at real-world
problems and ideas for future work. In short, Chapter 6 helps turn a working model
into a safe clinical decision-making support tool by clearly identifying the risks and

building a safety case systematically.

6.2 Visualisation of Safety Barriers and Mitigation
Strategies

Only listing and identifying hazards and their effects cannot guarantee the the safety
of the Al-based classification models in T2D-related MI. A structured visualization is
required to show how clinical and technical elements interact to prevent and mitigate
identified risks. In this part, to map the ways from potential clinical hazard causes
to their consequences, and to illustrate the preventative and mitigative barriers, a
Bow-tie analysis has been used. This structured analysis and visualization provided
us with a holistic perspective that shows how safety barriers work as an integrated

prevention and mitigation defense system in T2D-related MI missclassification.

6.2.1 Rationale for Bow-Tie in This Study

In the safety-critical domains where the failures may cause severe consequences,
Bow-tie analysis is commonly used. One of the most significant advantages of the
Bow-tie is that it captures not only potential threats leading to the top event, but
also provides the preventative and mitigative barriers before and after the top event

happens. For this thesis, the top event has been identified as misclassification of



124 Safety Assurance and Evaluation of the Model

T2D-related MI, which means both false positives and false negatives. While the
false positives and false negatives have different hazard causes, preventative and
mitigative barriers, and clinical consequences, it has been shown in a unified bow-tie
diagram because the focus of this thesis is on false positives and false negatives
together at the same time.

While Chapter 4 discussed each hazard cause in isolation and mapped it to
safety requirements, Bow-Tie analysis provides a more systemic representation. This
integrates all the hazard causes into a higher-level threat category and aligns them
with preventative and mitigative barriers derived from model design considerations.
Then, it connects them into the clinical consequences to provide clinical oversight.
This flow also prevents the repetition of the previous chapters while still ensuring

continuity with earlier safety analysis.

6.2.2 Structure of the Bow-Tie Analysis

The Bow-Tie used in this thesis has been built under the following main elements:

* Top Event: The events of FPs and FNs (T2D-related MI risk misclassification
by the Al model)

* Threats: The causes of hazards (C1-C10) derived from the SHARD analysis

that may trigger the top event.

* Preventive Barriers: Potential technical actions to reduce or prevent the risk

of the top event.

» Mitigative Barriers: The mechanisms intended to limit the impact of the top
event if it occurs, ensuring that clinical safety is preserved even when the Al

fails.

* Consequences: The possible clinical outcomes for patients and healthcare

providers if FPs or FNs are not prevented or mitigated.
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This structure ensures that both the left and right sides of the Bow-tie analysis
have been considered and addressed. The left side focuses on the identification of
the threats and prevention strategies, and the right side considers the mitigations
when the Al system fails. Figure 6.1 illustrates this Bow-Tie for T2D-related MI risk

classification.

6.2.3 Process Used to Generate the Bow-Tie

The Bow-Tie diagram in this thesis has been developed from the hazard analysis and
safety requirement work presented in Chapter 4. The process was conducted in four
main steps.

First, the two main hazard categories identified through SHARD, false positives
and false negatives, were used as the central unsafe model outcomes for this bounded
decision-support context. Both are due to incorrect model outputs, even if the
downstream consequences are different, leading to the treatment of these as a single
top event of model misclassification.

Second, the detailed SHARD causes (C1-C10) were reviewed and grouped
into higher-level threat categories. The groupings have not been created in this
chapter independently. They were built upon the same four categories of design
considerations already established in Chapter 4, namely Data Integrity and Security,
Feature Selection and Preprocessing, Model Optimisation and Explainability and
Clinical Alignment.

Third, each of the threat categories was linked to the relevant barriers using
the safety requirements identified in Chapter 4, and the implementation choices
described in Chapter 5. Therefore, the barriers of the Bow-Tie are traceable to earlier
parts of the thesis rather than being newly introduced controls.

Fourth, the potential clinical consequences of FPs and FNs were placed on the

right-hand side of the Bow-Tie, and the corresponding mitigative barriers were added
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for the intended clinical decision-support context. This last step helped convert the

earlier hazard analysis into a more integrated visual safety representation.
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6.2.4 Analysis of Threats and Preventive Barriers

The threats in the Bow-Tie were not presented as 10 independent causes of hazard.
Instead, the SHARDs identified in Chapter 4 (C1-C10) were placed into the same
categories of higher-level design considerations already used to derive the safety
requirements in that chapter. Hence, the threat groupings used here are directly
traceable back to the earlier hazard analysis rather than a new classification scheme.
These grouped categories are: Data Integrity and Security, Feature Selection and

Preprocessing, Model Optimisation, and Explainability and Clinical Alignment.

* Data Integrity and Security: Threats such as inconsistent records, data leak-
age, and data drift (C3, C4, C9) can be considered in this category. Preventive
barriers as the safety requirements in this category, include the use of Con-
nected Bradford warehouse (RO), strict access controls, and dataset cut-off
points (R10). These measures ensure that the dataset provides a consistent
baseline. However, the limitation at this point is that applying a temporal
cut-off date has a risk of not providing continuous protection against future
data drifts. This highlights that preventive barriers alone may not be sufficient

without continuous monitoring.

* Feature Selection and Preprocessing: In this category, the inclusion of
irrelevant features (C2) and improper missing data handling (C5) have been
included as the threats. And, feature selection based on NICE guidelines (R1),
OpenCodelist filtering (R2), and imputation methods such as kNN (R3) were
chosen as the preventative barriers linked to these threats under this category.
These steps ensure the clinical relevance and reliability of the data preparation
stage before the modelling. A strength of this category is the strong link to
clinical expertise, but it still requires periodic review as medical standards

evolve.
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It is also important to clarify that the inclusion of a feature that appears less
central from a clinical perspective does not automatically represent a problem.
Safety-relevant features are those that are only weakly justified for the intended
task or that are poorly measured or affect model outputs in a way that cannot
be supported clinically or analytically. Thus, the problem in this thesis is not
only the presence of non-obvious features, but also the use of features that

could potentially distort model behaviour without proper justification.

* Model Optimization: This category addressed overfitting (C1), underfit-
ting (C6), inappropriate thresholds (C7), and poor class imbalance handling
(C8). Preventive barriers included class imbalance handling technique (class-
weighting) (R4), cross-validation and hyperparameter tuning (R7), ensemble
modelling (R9), and fixed classification thresholds (RS5). These barriers make
the model more robust against poor generalisation. However, their effective-
ness relies heavily on the representativeness of the training dataset, and if the
dataset is collected from a very specific region, optimization alone cannot

guarantee fairness.

» Explainability and Clinical Alignment: Limited explainability (C10) was
identified as an important concern in this research. However, the SHAP-based
explainability is treated as a main mitigative barrier rather than a preventive
barrier in the Bow-Tie used in this thesis. This is because SHAP does not stop
an incorrect model output from being produced in the first place. Instead, it
helps the intended user to interrogate, review, and question a model output after
it has been generated. Therefore, explainability remains important for safety,
but its role in this chapter is primarily to support post-output interpretation and

review rather than to function as a direct preventive control.

In summary, the preventive barriers match the safety requirements described

in Chapter 4. However, the Bow-Tie analysis shows that they are not just safety
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controls for the model, but as part of a defence component. This also makes clear

that preventive measures alone may not be enough without clinical mitigations.

6.2.5 Analysis of Consequences and Mitigative Barriers

On the right-hand side of the Bow-Tie, the consequences have been separated

between false positives and false negatives:

* False Positives: For the false positives by the AI model, the consequences
have been identified as unnecessary clinical interventions and patient anxiety.
Mitigative barriers include the use of SHAP explainability to review suspicious
predictions (MB1) and clinical oversight by the clinician (MB2, MB3). These
barriers ensure that an FP does not automatically lead to overtreatment, since

human review and clinical reasoning can intervene.

» False Negatives: Consequences include missed opportunities for early in-
tervention and potentially fatal MI events due to progression of undetected
cardiovascular risk. Mitigative barriers again include GP review (MB2, MB3),
supported by interpretability checks (MB1). However, the analysis shows that
mitigations for FNs are less powerful than those for FPs. Once a patient is
incorrectly classified as low risk, clinical review may not be triggered at all.
This asymmetry reveals a critical limitation of relying too heavily on human

oversight as a catch-all mitigation.

This observation highlights the importance of preventive barriers. While mitiga-
tions can reduce the harm of false positives, they are less effective for false negatives,
where the clinical consequence may remain invisible until it is too late. Therefore,
a balance between strong preventive barriers (to avoid FNs in the first place) and

effective mitigations (to reduce FP consequences) is required.
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6.2.6 Critical Reflection on Barrier Effectiveness

The Bow-Tie analysis not only visualises the preventive and mitigative barriers, but

also helps reflect on their potential sufficiency within the scope of this thesis:

* Preventive barriers are strong in data quality and model optimisation, but they
are not strong at the same level for handling the data drifts over time because

of applying a static cut-off date.

* It has been seen that the mitigative barriers are more effective for false positives
than the false negatives. Because the clinical review is likely to result in false
positives, but low-risk classification has the potential of not triggering further

checks for the false negatives.

» Explainability plays a unique cross-cutting role as both preventive and mit-
igative barriers, providing transparency during development and potential

deployment of the model.

This critical reflection is essential as it demonstrates that safety assurance is
not just the aspect of barrier identification and listing, but also questioning their
sufficiency. For example, the Bow-Tie analysis shows that while the system is
robust to overtreatment from FPs, it remains vulnerable to underdiagnosis from FNs
unless further proactive monitoring or post-deployment recalibration strategies are

introduced.

6.2.7 Summary of the Bow-Tie Analysis

In this part, the Bow-tie analysis has provided a structured framework for visualisa-
tion to maintain a bridge between threats, barriers, top events, and consequences as
a safety argument component. This differs from SHARD analysis by demonstrat-
ing how hazards interact with safety barriers and consequences as a safety defense

strategy, rather than a hazard identification method.
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The key insights are:

* Both FP and FN misclassifications can be understood as a single top event,

simplifying the safety frame while still capturing their different consequences.

* Preventive barriers mainly rely on technical solutions aligned with safety
requirements (RO-R10), but their sufficiency depends on explainability and

clinical monitoring.

* Mitigative barriers depend heavily on clinical oversight, which is more effec-

tive, especially for FPs.

* Explainability is not only a technical feature but a central safety barrier bridg-

ing prevention and mitigation.

To summarize, the Bow-tie has demonstrated that the Al model’s safety cannot
rely on one or a limited number of barriers. It is very important to have a combination
of each control to ensure safety by Bow-tie analysis.

While the Bow-Tie analysis has provided a clear and integrated picture of threats,
barriers, and consequences, it still remains essentially an illustrative tool. It shows
how risks can be managed, but it does not by itself demonstrate that safety goals
are fully satisfied. For this reason, the next section (Chapter 6.3) will discuss a
structured safety case using Goal Structuring Notation (GSN). This allows each
identified hazard, preventative and mitigative barriers, and design choice to be linked
to explicit safety goals and supported by traceable evidence. In this way, the Bow-Tie
analysis has served as a bridge between hazard identification (Chapter 4), safe model

development (Chapter 5), and the formal safety argument presented in this research.
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6.3 Structuring a Safety Case Argument

The performance evaluation of the AI models requires more than technical perfor-
mance metrics in safety-critical domains. In addition to the technical performance
metrics, they also require a structured argument that explains how the model ensures
its safety goals, which can also be considered as part of the model’s performance. In
this thesis, the safety of the MI risk prediction model for T2D patients was evalu-
ated not only through performance metrics but also through the development of a
structured safety case. To build this safety case, a Goal Structuring Notation (GSN)
was used to maintain the reasoning, determine the safety goals, and link them to
supporting evidence produced during the model development.

The use of GSN in this thesis helps showing that how the ML model satisfies the
safety requirements of the T2D-related MI classification. This part of the chapter
focuses on how GSN was used specifically to support the core safety goals of this
research. These include data handling strategies, model optimisation, and explain-
ability strategies to ensure safety, which mitigate the probability of misclassification
of MI risk for patients with T2D.

To assist the reader in navigating the key components of the Goal Structuring
Notation (GSN) framework used throughout the safety case, Table 6.1 provides a
high-level overview of the GSN categories employed in this thesis. Each element is
explored in more detail in Section 6.4, where its role in supporting safety claims is

thoroughly evaluated.
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Table 6.1 High-Level Overview of GSN Component Categories Used in the Safety

Case

GSN Category General Description

Context (C) Provides information or conditions necessary to interpret
goals and strategies. The elements of the Context define the
scope and boundaries of the safety argument, ensuring that
claims are evaluated appropriately.

Goal (G) Represents the safety objectives that the Al system must
achieve. These goals form the backbone of the safety case
and define what it means for the model to be considered
“safe” in a clinical setting.

Justification (J) Provides supporting clinical or technical reasoning for defi-

nitions and assumptions used in the argument. Justifications
ensure that safety goals and strategies are grounded in valid

logic and domain knowledge.

Solution (Sn)

Indicates the real actions or evidence produced during model
development and validation to meet safety requirements.
These often include testing procedures, manual checks, or

technical interventions.

Strategy (S)

Describes the logical approach taken to break down high-
level goals into manageable and assessable sub-goals. Strate-

gies help structure the safety case into coherent parts.

To provide clarity, the safety case argument presented using GSN is read from the

top down. The top-level goal states the main safety claim being made. Then, strategy

nodes describe how that claim is broken into smaller and more manageable parts.

Then come lower-level goals that spell out what has to be shown for the higher-level

claim to remain acceptable. Context nodes specify the scope or background needed

to understand the goals properly, and justification nodes specify why a particular

reasoning step is valid. Finally, solution nodes link to the concrete evidence or
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executed action that supports a goal. The GSN diagram is not a substitute for the
safety case argument itself, but a structured visual notation that enables the reasoning
to be followed step by step.

In this research, the main focus is on ensuring safety solely on the data manage-
ment and model-building stages of the Al model to predict the risk of MI development
in T2D, which is an Al-based classification problem. Therefore, the GSN has been
structured to evaluate the safety of this classification model, considering the safety
requirements for the data management and model-building steps with a safety ap-
proach. The top-level goal defined in the GSN states that the ML model is acceptably
safe for managing the risk of developing Myocardial Infarction (MI) for patients
with Type 2 Diabetes (T2D). To support this, a set of structured arguments and
sub-goals was built. These arguments were supported by model design choices and
optimisation steps taken during the modelling process.

To satisfy the main goal of the entire pipeline, the GSN has been divided into
four main sections. These sections have been named as ML Safety Assurance
Scoping, ML Safety Requirements Assurance, Data Management Assurance,
and ML Development Assurance. The four sections have their own context, goals,
solutions, and strategies, and they help us to understand how safety assurance have
been achieved through the entire process. While the process starts with identifying
the scope of the ML safety requirements, it is followed by assuring the ML safety
requirements in the next section in the GSN. Then, it is divided into two sections
of data management and ML development assurance, which run in parallel to each
other. Hence, they provide us a complete safety assurance as an entire flow.

The section of ML Safety Assurance Scoping first define the top-level goal
of the entire research, which is ensuring the safety of the clinical Al model for MI
risk classification in T2D. After defining the top-level goal, it is followed by the
first strategy is used to scope the ML safety assurance. This strategy points to the

need for identification of the hazards in the model, and it has been supported by the
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SHARD analysis in the context. The sub-goals in this section show that identified
hazards (FPs and FNs by the Al) and hazard causes by the SHARD analysis have
been mitigated by another strategy, which is the identification of the ML safety
requirements.

The ML Safety Assurance Scoping was followed by ML Safety Requirements
Assurance, which aims to mitigate the identified hazard causes by the safety require-
ments. Then, it is supported by other sub-goals which are focusing on satisfying the
four main design considerations mentioned in Chapter 4 by bringing solutions. For
the next stage of the GSN, the goal of this section is also supported by a strategy of
data and model requirements identification to satisfy the section’s goal.

The strategy of the section ML Safety Requirements Assurance is supported
by Data Management Assurance and ML Development Assurance, which are
structured in parallel in the GSN. The Data Management Assurance section satisfies
the data management requirements coming from the previous section of the GSN.
It justifies the goal of this section by the use of a data warehouse, data inclusion,
and feature selection criteria applied in Chapter 5. On the other hand, the ML
Development Assurance section focuses on satisfying the ML safety requirements
by the applied model development solutions implemented in Chapter 5. This section
aims to satisfy the different sub-goals from the class imbalance handling techniques
to model explainability by proposing dedicated solutions for each of them.

To make the safety case more readable for the readers, a diagram has been
presented in Figure 6.2 that visualises each element of this safety case. It shows the
high level of flow and relationship between the main safety goal (G1.1), supporting
goals (G1.2 to G4.8), and the applicable steps taken (Solutions) to satisfy these goals.
The most safety-critical paths are highlighted in this thesis to maintain clarity and
focus. These include goals related to model robustness, explainability, data integrity,

and human involvement in the model steps.
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GSN is not a static safety case development technique. Especially in real-world
applications, it may require review. However, since this thesis focuses on the safety
of data management and model development stages rather than its real-world deploy-
ment, it is considered a static GSN in this case. However, the GSN developed for this
thesis still has some strategic actions to maintain its robustness against the changing
nature of the healthcare problems. These strategic steps have been identified during
the data management and model-building steps, which contain dynamic actions dur-
ing the entire process. For example, after initial training, performance fluctuations
were observed, which led to adjustments in the model parameters mentioned in
Sn2.3. This adaptability shows that the safety case was not only theoretical, but also
practical and responsive to the model-building processes.

Briefly, the safety case argument developed in this thesis was built using GSN
to show how the MI risk prediction model for patients with T2D meets its safety
goals. This safety case provides a structure for a clinical Al safety using the goals,
strategies, justifications, and solutions related to the design and evaluation steps of
the AI model. The next section will evaluate this safety case in practice, using the
clinical safety constraints and performance of the actions taken to respond to these

safety constraints.
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Fig. 6.2 Goal Structuring Notation of Assuring Safety for T2D-related MI Risk
Classification
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6.4 Evaluation of Safety Assurance

While the GSN has been structured in Chapter 6.3 to address the safety concerns,
this section demonstrates that Chapter 6.3 describes how each GSN component was
developed to manage the entire model pipeline in this thesis.

This section provides a comprehensive evaluation of the safety case developed
for the T2D-related MI risk classification model, showing the GSN hierarchy and
relations between each component. The safety case was systematically constructed
using Goal Structuring Notation (GSN) to justify the ability of Al-based models
to satisfy the predefined safety requirements in this research. All GSN elements
including Contexts (C), Justifications (J), Goals (G), Solutions (Sn), and Strategies
(S), have been assessed to evaluate the data management and model development
stages based on their clinical safety performance.

Evaluation of Top-Level Goal and Strategy

The top-level safety goal G1 ensures that the machine learning model is ac-
ceptably safe for managing the risk of developing MI in patients with T2D. This
goal is determined through J1.1, which clarifies that acceptable safety means the
model was developed under the existing healthcare settings with risk mitigation steps
implemented throughout the lifecycle.

The top-level strategy S1.1 helps these components to be manageable, claiming
that safety can be achieved through a model development by considering Al Safety.

Evaluation of Supporting Goals

* G1.2-G1.4 claim that all identified hazards are identified, their criticality is
established, and the related causes are mitigated by safety requirements. These
claims have been grounded by the SHARD analysis and have led us to identify
the safety requirements (Table 4.2, Chapter 4.3—4.4) for the ML pipeline. The

flow from SHARD items to safety requirements is demonstrated (C1.3—C1.5).
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Overall, coverage is complete with respect to the stated scope, and mitigations

are appropriate to the identified causes.

G2.1-G2.5 claim that the safety requirements are sufficient to comply with the
four main design considerations (data security, data relevance, optimisation
practices, and explainability) described in Chapter 4. Satisfying these goals
is significant because these safety goals are individually linked to the unique
safety requirements. Thus, they help to cover entire design considerations to

ensure the safety of the entire model pipeline.

G3.1-G3.5 address the suitability of the datasets used in the ML model. This
includes the fitness for the intended task, representativeness, clinical appropri-
ateness of the target variable, acceptable level of missing values, and the use
of clinical data codes. Evidence is provided via the NHS data warehouse use,
inclusion criteria, and feature selection principles (Chapter 5.2). The missing
value threshold (G3.4) is explicit, and the use of ctv3 codes and OpenCodelists
supports reproducibility consistency (G3.5). These goals demonstrate that the

dataset is suitable for ML development under the determined safety constraint.

G4.1-G4.8 address meeting the safety requirements in the ML development
stage. The model development section includes predefined performance and ex-
plainability requirements detailed in Chapter 5.3. These requirements contain
data imputation and hyperparameter tuning performed under cross-validation
to reduce the risks from adverse inputs and model overfitting. They also
include the use of class-imbalance handling (G4.2), which has an effect on
performance and fairness (Table 5.2, Chapter 5.3). The choice of algorithm
is justified for the task and data properties (G4.3). Preventative and mit-
igative barriers (G4.4) for clinical consequences (e.g., misclassification) are

expressed using a Bow-Tie diagram (Figure 6.1). Finally, implementation of
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SHAP (G4.6) supports clinician assessment of model behaviour (Chapter 5.4,
Figure 5.2).

Evaluation of Strategies

 S1.1 justifies the use of supervised learning for a binary clinical classification
task. The output of the ML model in this research makes a decision showing if
the patient is at risk of developing T2D-related MI. Since the output consists
of "Yes" or "No", this has been classified as a classification problem. However,
since the model requires labelled features to be trained, the model is defined
as a supervised classification model. This strategy supports the use of a
supervised clinical ML model as a decision support model in the clinical

context in this way.

* S1.2 argues that safety requirements are embedded across the pipeline (data,
preprocessing, modelling, and explanation). This strategy is consistent with the
clinical decision-support role and is supported by concrete design choices (e.g.,
validated clinical coding system, cross-validation, class-imbalance handling)

referenced in Chapter 4.4 and Table 4.2.

» S2.1 argues over the data and model requirements that are necessary to meet
G2.1. This strategy shows that the safety requirements identified through
SHARD were not only listed but also embedded into the design of the en-
tire model. This ensures that each hazard causes grouped under the design
considerations has been linked to a corresponding safety requirement in the
pipeline. Hence, S2.1 provides a structured pathway from hazard identification

to practical implementation, making the argument more traceable.
Evaluation of Justifications

* J1.1 defines the "acceptably safe" with reference to applicable regulations and

local clinical risk management processes. This demonstrates that the safety
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acceptance of the ML model is not only based on the performance of the
model, but also the compliance level of the clinical guidelines. It also indicates
that the model is a decision support model in a clinical context. Therefore, the
final decision will be made by the clinician, which makes the explainability of

the model crucial.

Evaluation of Solutions

Each solution node implemented actions that contributed to the system’s safety:

* Snl.1: The hazards identified through the SHARD analysis (Chapter 4.3)

were evaluated as critical because they directly affect the safe use of the Al
tool in T2D-related MI risk classification. The event of misclassification (FPs
and FNs) poses a risk of unnecessary interventions or missing a treatment.
Therefore, these hazards have been identified as critical hazards. By treating
these hazards as critical, the safety case ensures that each cause is linked to a

requirement for mitigation in Table 4.2.

Sn2.1-2.4: These solutions collectively demonstrate that the safety require-
ments identified from the SHARD analysis are sufficient to mitigate the risk
of hazard causes. These four solutions have been evaluated collectively be-
cause they are identified under the design considerations in Chapter 4. This
makes them equally important and complementary solutions under the ML
Safety Assurance part of the GSN. Data security and data relevance (Sn2.1
and Sn2.2) ensure that the dataset remains consistent, clinically valid, and
protected against misuse, while optimisation and explainability techniques
(Sn2.3 and Sn2.4) reduce technical risks and provide transparency for clinical

oversight.

Sn3.1: A data warehouse managed by a secure NHS data platform has been

used. This allowed healthcare data records obtained from different sources to
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remain consistent, anonymised, and safe from unauthorised use of the sensitive
patients’ data. So, this solution ensured that the dataset is safe to use for

developing a clinical ML model G3.2.

* Sn3.2: In this part, the most critical T2D-related comorbidity has been iden-
tified by consulting NICE Guidelines. This helped this research to define a
specific target variable as Myocardial Infarction, to build an Al-based model
to predict the risk of T2D-related comorbidity. So, this solution supported that
the output feature used in the model is critical and clinically relevant to T2D

G3.3.

* Sn3.3: The threshold for the amount of the missing values for each feature in
the dataset has been set to 10%. This means that if the amount of the missing
value exceeds 10% for a feature, it will be excluded from the dataset. This
threshold helped us both to include a sufficient amount of complete data and
to prevent an excessive amount of imputation for the model in the real-world

healthcare domain. This threshold has also been justified in Chapter 5.

* Sn3.4: Opencodelist has been used for data labelling to mitigate the risk of
missing MI-related data types. This solution supports mapping the text version
of the MI-related healthcare records and their ctv3text codes, which are being
used for filtering and labelling in the data warehouse. Using this solution, the
22 input features have been included as the input features in the model. In
this way, this solution has contributed to the dataset having appropriate data

filterings for the T2R-related MI classification problem G3.5.

* Sn4.1: The class imbalance handling techniques have been applied to maintain
fairness in the ML model, and the class-weighting technique has provided
the highest increase in the model accuracy and F1. So, this contributed to

eliminating the potential bias in the ML model G4.2.
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* Sn4.2: In this part, four different ML algorithms have been ensembled, and the

ensembled model has provided sufficient model performance results. Among
all the models, ensembled model have constantly provided the highest per-
formance metrics on the test datasets. This demonstrates that this solutions

satisfies the ML corresponding ML safety requirement by supporting G4.3.

Snd.3: The Bow-tie analysis has been used to identify all the threats at the high
level and to demonstrate the preventative and mitigative barriers to show its
effectiveness in reducing or eliminating the clinical consequences. So, with this
demonstration, it contributed to reducing or eliminating wrong classification

(false positives and false negatives) G4.4.

Sn4.4: In this part, hyperparameter tuning with cross-validation and data
imputation for model optimisation supported G4.5 by reducing the risk of

adverse data inputs and overfitting.

Sn4.5: The feature importance by SHAP values and performance metrics
enhanced the model explainability and interpretability of the Al-based model

and supported G4.6.

Sn4.6: After trying different parameters, the classification threshold was
set to 0.5 due to its highest performance values. This is also the standard
approach for binary clinical classification tasks. The choice is consistent with
the clinical decision-support context, where both false positives and false
negatives need to be carefully monitored. Therefore, this solution supports the

G4.7 of maintaining fair and clinically meaningful model predictions.

Sn4.7: The data split was performed before data cleaning and model training
steps. This prevents data leakage and ensures that performance metrics reflect
the behaviour of the model on unseen and unaltered records. It also strengthens

the reliability of the evaluation process, since the test data remains independent
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from preprocessing choices. As a result, it directly supports the validity of the

model assessment in the safety argument.

To conclude, this section has demonstrated that the entire GSN structure was not
only a theoretical framework but also a practical guide for ensuring clinical Al safety
for this thesis. Each component of the GSN, such as arguments, justifications, goals,
solutions, and strategies, has been critically evaluated and supported by concrete
actions and evidence. Jointly, these elements form a coherent and traceable safety
case that justifies the potential use of the model in clinical environments. The
integration of real-world clinical data, expert oversight, and transparent reasoning
ensures the model is reliable, interpretable, and safe for the MI risk prediction

models.

6.5 Chapter Summary

This chapter has finalised the safety assurance and evaluation stages of the Al-based
MI risk prediction model developed in this thesis. Since earlier chapters focused on
identifying clinical hazards (Chapter 4) and embedding safety strategies into model
building (Chapter 5), the main focus of this chapter was on providing structured and
evidence-based arguments to demonstrate the model’s safety for clinical use.

The chapter started by identifying key safety barriers using Bow-Tie analysis
to visualise specific risks such as false positives and false negatives. These visual
frameworks showed how technical and organisational barriers were developed to
prevent and mitigate the potential risks during data management and model devel-
opment stages. These preventative barriers included appropriate data preprocessing
techniques, advanced missing data imputation methods, class imbalance handling
techniques, model optimization, and explainability techniques.

The second part of the chapter introduced a structured Safety Case constructed

with Goal Structuring Notation (GSN). This helped justify the model’s clinical safety
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by linking high-level safety goals with identified arguments, justification, solutions,
and strategies that have been taken throughout the model development. Each GSN
component was clearly defined, including goals related to model robustness, explain-
ability, and human-in-the-loop decision making. A visual GSN diagram presented
the logic flow of the entire safety argument, enhancing its clarity and traceability.

The final section rigorously evaluated the safety case by examining each GSN
component mentioned in the previous sections. The safety assurance evaluation
showed how each safety claim is supported by real-world technical actions (e.g., data
pre-processing, SHAP analysis, cross-validation, data consistency reviews). The
review also confirmed that all clinical hazards were identified in advance and were
prevented or managed, which ensures that the model is safe for its domain.

In conclusion, this chapter highlighted and linked the gap between the actions
taken considering the safety requirements and the evaluation of the performance
of these actions to evaluate the ability to ensure clinical safety. It demonstrated
that safety-critical domains not only require a high-performing AI model but also
demand structured justification and reliable safety evaluation. By considering safety
as the core and preliminary element of the entire model-building process, this chapter
contributes to this thesis and facilitates broader discussions about the reliability of

Al-based models in the healthcare area.
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Overall Discussion

7.1 Introduction

This chapter consolidates the findings of this research by integrating the safety
requirements, results from the modelling, and safety evaluation. The aim of this
consolidation is to provide a critical discussion about how our research addresses its
objectives in terms of Al safety in clinical settings, and how its outcomes contribute
to existing literature. Also, this chapter examines the limitations of our study and
outlines future research directions. So, a purely results-focused presentation will not
be conducted, also technical, clinical, and safety perspectives will be discussed to
form a comprehensive understanding of the research’s contributions.

The transition from the previous chapters to this discussion reflects a transforma-
tion from “what was aimed and how it was achieved” to “why it matters” and “how
it can be built upon.” Each part of this discussion has been expanded to go beyond
the high-level analysis, to demonstrate its potential impact on future T2D-related MI
classification, ensuring safety. This discussion remains consistent with the scope of
the thesis. The work is limited to data management, model development, explain-

ability and structured safety argumentation, for a bounded clinical decision-support
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context, not full deployment, workflow integration or human factors in real clinical

environments.

7.2 Interpretation of Findings

7.2.1 Research Questions and Outcomes

This research is informed by three research questions, each of which focuses on
a specific dimension of integrating Al safety principles into a bounded clinical
decision-support classification problem for T2D-related MI. The first research ques-
tion (RQ1) addressed how safety requirements for Al-based classification models
in T2D-related MI can be systematically determined. This was achieved through
the use of SHARD analysis to identify clinical hazards, their causes, and clinical
effects. Then, the detailed discussion of each hazard is mapped into the design con-
siderations to categorise and group them as a preliminary step for safety requirement
identification. These categorisations and groupings helped to determine each specific
safety requirement for building a safe and predictive Al model, and to backlink each
safety requirement to its associated hazards and causes.

The second research question (RQ2) focused on the comparative performance
of different algorithms and their ensemble combination under various modelling
strategies by using the discussed settings obtained from the identified safety require-
ments. The results demonstrated that the ensemble model consistently delivered
better performance among all the CIH methods used in this thesis, with class weight-
ing providing a notable improvement in Accuracy and F1 score, aligning with the
safety objective of reducing false negatives in a clinical risk detection context. Also,
through SHAP feature importance analysis, it was shown that the model’s key pre-
dictive factors align with established clinical knowledge of MI risk in T2D patients,

such as the importance of age, HbAlc levels, blood pressure, and cholesterol profiles.
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The interpretation here goes beyond numerical results. These findings imply that
combining diverse models can yield robustness against variations in class distribution,
a critical factor in safety-critical healthcare prediction systems.

The third research question (RQ3) examined the role of Bow-tie and GSN in
supporting the safety case evaluation and promoting clinical reliability of the model.
The Bow-tie diagram has been used as a demonstrative element to show how the
potential clinical hazards and corresponding preventative and mitigative barriers
have been identified to reduce the risk of bad clinical outcomes identified in the
SHARD analysis.

In Bow-tie analysis, each preventative barrier has been associated with a specific
cause, and each mitigative barrier has been related to the main event (False Positive
and Negative) to prevent its occurrence. While clinical hazards causes have been
detailed in SHARD analysis, the preventative and mitigative barriers have been
derived from the safety requirements in the previous chapter. So, the Bow-tie
analysis has been used as a demonstrative element that shows how these causes and
safety requirements have been implemented in our case. On the other hand, GSN is
used as another safety case element that demonstrates how each safety argument has
been satisfied to build a safe Al model for T2D-related classification. This helped
us to build a comprehensive safety case to justify each argument about ensuring Al
safety in terms of the identified risks.

Taken together, these outcomes show that the research objectives were met in
both the technical and safety dimensions. Moreover, the interplay between Al safety
principles and modelling decisions represents a contribution to the literature, as few
prior works have demonstrated such a tightly integrated design-to-assurance pipeline

in a clinical Al setting.
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7.2.2 Model Performance in the Context of AI Safety

Performance evaluation in this study was anchored on two primary metrics: Accuracy
and F1 score. While many machine learning studies employ a wider set of metrics,
this choice was deliberate, reflecting the clinical and safety priorities of the task. In
particular, the F1 score was used to balance sensitivity and precision, given that in
MI risk prediction, both false negatives (missed high-risk patients) and false positives
(unnecessary interventions) carry significant consequences.

In this thesis, different patterns have been revealed by the use of comparative
analysis of four base algorithms, Random Forest, Naive Bayes, Support Vector
Machine, and Neural Network, and their ensemble combination. It has been noted
that while individual models present high-performing results with identified Al
modelling settings from safety requirements, the ensemble model consistently offered
even performance, reducing performance volatility across different class distributions.
This performance improvement is itself a safety feature, as models deployed in
clinical settings need to maintain reliable performance despite fluctuations in patient
data characteristics.

In the ensemble model, the class weighting method emerged as the most effective
CIH strategy in terms of improving Accuracy and F1 score, suggesting that explicitly
addressing imbalance during training aligns with safety objectives. Oversampling and
undersampling provided limited improvements, though the risk of overfitting with
oversampling and potential information loss with undersampling were recognised.
The results reinforce that CIH methods should be chosen not only for statistical

benefit, but for their alignment with clinical safety priorities.

7.2.3 Explainability as Part of the Safety Case

The demonstration of explainability via SHAP values served a critical role: providing

evidence for the safety case. The ensemble stacked model with the class weighting
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method has been selected for SHAP visualisation, which illustrates the importance
level of each feature on predictions. The top features, such as sodium, diastolic, and
albumin are consistent with clinical studies on T2D-related MI risk [228, 229, 226,
230, 231].

From a safety perspective, this alignment between model outputs and safety
case mitigates the “black box” concern often cited as a barrier to Al adoption in
healthcare. Furthermore, explainability outputs can be directly incorporated into the
GSN argument as supporting evidence that the model’s decision logic is clinically

credible, thereby strengthening the overall assurance case.

7.2.4 Linking Design Choices to Safety Case Evidence

This thesis demonstrated a systematic link between early-stage hazard analysis and
the safety assurance of the Al model. Beginning with SHARD analysis, hazards
such as data leakage, model overfitting, and bias propagation have been identified.
All the identified hazards in the previous chapter led us to conduct model design
decisions by identifying safety requirements for the model, such as enforcing secure
data handling protocols, selecting robust CIH methods, choosing appropriate features
and model hyperparameter settings, and incorporating explainability. While the GSN
framework structured the assurance arguments, the Bow-tie model visualised these
controls, ensuring that every control measure was traceable back to a specific hazard
and safety requirement.

By structuring the modelling process in this way, the research provided a sys-
tematic framework for building AI models in different domains, like healthcare,
where safety assurance is crucial. This design-to-assurance linkage has an important
contribution, bridging the often separate domains of technical modelling and formal

safety engineering.
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7.3 Limitations

7.3.1 Data and Environment Limitations

The research relied exclusively on the Connected Bradford dataset, which, while rich
and high-quality, is geographically and demographically specific to the Bradford
region in the UK. This poses a potential limitation in terms of data generalisability
as the model’s learning pattern may not be directly transferred to populations with
different healthcare systems or demographic characteristics. Although this limitation
has been considered during the model design steps and has been mitigated by the
identified safety requirements, the external clinical validations will play a crucial

role in the model implementation stages in different healthcare systems.

7.3.2 Methodological Limitations

The modelling experiments were limited to four base algorithms and their ensemble.
While these algorithms were chosen for their diversity and performance in classi-
fication tasks [190, 232], the exclusion of other potentially competitive methods
(e.g., Xgboost, LightGBM) means that performance comparisons are not exhaustive.
Similarly, the CIH methods have also been limited to class weighting, oversampling,
and undersampling. More sophisticated imbalance handling techniques, such as
hybrid methods or dynamic resampling, have not been used, and they are not within

the scope of this research.

7.3.3 Evaluation and Assurance Limitations

In this research, the model performance evaluation metrics have been limited to
Accuracy and F1 scores. Accuracy showed the model’s ability to make correct
predictions. However, especially, in the imbalanced real-world healthcare datasets,

the high accuracy itself can be misleading. Especially in the T2D-related MI, it
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is very critical to balance the number of False positives and Negative cases. They
are related to sensitivity and specificity itself. However, since this research mainly
focuses on both False Positive and Negative cases together, they have not been used
as the performance metrics. Since the F1 score is a metric associated with the balance
of sensitivity and specificity, which is also the clinical priority in healthcare settings,
it has been used as the other performance metric of the Al model. However, the
absence of metrics such as recall and specificity means that some aspects of model

performance remain unexplored.

7.3.4 Scope Limitation

The most important limitation of this research is its scope. The thesis focuses
on data management, model development, explainability, and structured safety
argumentation for a bounded clinical decision-support context. Therefore, the safety-
related conclusions of this thesis should be interpreted within this bounded scope

rather than as a claim of full end-to-end clinical deployment readiness.

7.4 Future Directions

7.4.1 Data and External Validation

One of the most immediate future directions is the validation of the model on external
datasets representing diverse patient populations and healthcare contexts. External
validation is critical for assessing generalisability and ensuring that the model’s
learned patterns are not overly specific to the Bradford, UK population. This process
would also allow for evaluating the robustness of the class imbalance handling
strategies in settings with different prevalence rates of MI among T2D patients.
Establishing multi-centre collaborations could facilitate such validation, while also

providing opportunities to refine the hazard analysis for broader applicability.
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7.4.2 Using the Model as a Base for T2D-related MI Treatment

Models

This research solely focuses on T2D-related Ml risk classification rather than suggest-
ing treatment recommendations. So, this means that the future focus may potentially
be the implementation of an Al-based treatment recommendation model in the risk
classification model to provide a comprehensive pipeline for early detection to inter-
vention. In this scenario, the prediction model could serve as an initial mechanism,
flagging patients for whom personalised treatment planning would be most beneficial.
The hazard analysis, safety case structure, and explainability methods developed
here would directly transfer to such an application, ensuring that safety-by-design

principles remain embedded throughout.

7.4.3 Lifecycle Safety Assurance

Healthcare is not a static domain that changes over time. Therefore, the Al-based
systems also can not be treated as static systems, and they need to be monitored and
updated over time. Therefore, the focus of future work should be on developing
mechanisms for lifecycle safety assurance, ensuring that the safety requirements,
Bow-tie, and GSN arguments are updated whenever there are significant changes
in healthcare records or clinical guidelines. This could involve automated drift
detection systems coupled with governance processes for reviewing and approving

updates before deployment.

7.5 Chapter Summary

In this chapter, we have presented a critical interpretation of the research results,
associating the identification of Al safety requirements with model development,

explainability, and structured safety argumentation in the bounded clinical decision-
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support context of this thesis. This showed that the integration of hazard analysis,
safety requirements by design consideration, and safety case development built a
framework for developing safe Al systems in T2D-related MI classification. In
addition, the limitations have been considered, particularly in terms of the dataset
and methodological approach. By considering these limitations, future directions
have been outlined, including external validation, potential expansion into treatment
recommendation systems, lifecycle safety assurance, and workflow integration.
These future steps point to opportunities for safe implementation of the Al-based
models in the clinical setting after data management and model development stages.

The next chapter will conclude the key contributions of the research, address the
research gap, contributions to the literature, and recommendations for future work.
In this respect, these conclusions should be read according to the limited scope of

the thesis.



Chapter 8

Conclusions and Future Work

8.1 Introduction

This chapter ties the overall outputs, contributions, and implications of this research.
The previous chapter analysed the key results and their significance in detail, and
this chapter follows the previous chapter to make conclusions. The purpose of this
section is to summarise the main findings of this thesis and outline their relevance
and importance for both research and practice. The chapter also discusses how the
thesis contributions fill the research gap that was found, and then it gives some
suggestions for future research. While the main scope of this thesis has remained
predicting the risk of developing MI in patients with Type 2 Diabetes, it also has the
potential to provide a framework for ensuring Al safety in other healthcare-related

prediction problems.

8.2 Summary of Key Contributions

This chapter synthesises the most significant contributions of the thesis, structured
into three main areas. These main areas can be categorised as addressing the research

gap, methodological contributions, and empirical findings. Each of these is discussed



8.2 Summary of Key Contributions 157

regarding the research objectives and the Al safety principles established earlier in

the thesis.

8.2.1 Addressing the Research Gap

The initial motivation of this research emerged from that while the number of Al-
based risk prediction model increases in T2D-related comorbidities, few of them
consider the safety of their models by focusing on critical hazards. The majority of
the studies solely focus on the improvement of the prediction performance of the
Al models. However, this causes a lack of safety principle implementations in the
Al models, explicitly in the model design stages. This gap is particularly critical in
the healthcare area, where failures in the safety of the Al models can cause severe
clinical consequences.

By developing a safety framework from risk analysis to safety evaluation using
safety case elements such as SHARD, Bow-tie, and GSN, this research has responded
to this research gap. From data management to data preprocessing, model training,
optimization, and explainability, this safety framework has been embedded in each
stage of the model pipeline. This is provided that the developed Al model has
not only be optimized to improve the predictive performance but also aligned with
the identified clinical safety requirements, which is significant for the real-world
healthcare applications.

The significance of addressing this research gap even goes beyond highlighting
the specific problem in clinical Al-based model applications in specific health con-
ditions. Integration of safety in AI models into each stage of the Al development
also has a big potential to reduce the risk of unsafe clinical decision-making events.
Since ensuring safety in Al-based T2D-related MI risk classification also prevents
the risk of missing or unnecessary intervention decisions, which are the next steps

of the risk identification process. Therefore, this contribution set an example for
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future Al-based research in the healthcare context, where the classification models

are developed.

8.2.2 Methodological Contributions

The other key contribution of this research can be categorised as a methodological
contribution. A structured integration of Al safety considerations and established
ML practices in the healthcare domain has been demonstrated. Therefore, it is
worth highlighting several methodological approaches applied in this research in this
manner.

First, SHARD analysis provided a systematic approach to identify the most
critical clinical hazards of T2D-related MI, and helped to link the causes of these
hazards to safety requirements under model design considerations. The output of
these safety requirements, originated from SHARD analysis, has been integrated
into the the model development stages.

Second, the research explored the combined use of class imbalance handling
(CIH) techniques such as class weighting, oversampling, and undersampling in
a T2D-related MI risk classification model. These CIH techniques haven’t only
be used as methods to improve the predictive performance of our model, but also
as part of a safety case by satisfying the identified safety requirements. As men-
tioned in the previous chapters, imbalanced healthcare datasets can pose a risk of
misclassifying minority cases, which can be clinically severe. At this point, this
research demonstrated how such techniques, by systematically testing CIH methods
in different algorithms and their ensemble, contribute to reduce the risk of harmful
misclassification.

Third, the research provided a methodological link between explainability and
Al safety in MI classification for the patients with T2D. SHAP analysis was applied

to the final models, with a specific focus on the class weighting-based ensemble
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model. The SHAP plot provided insights into the feature importance, which is very
important for model interpretability to maintain model reliability in a clinical context.
This methodological choice ensured that the model could be understood, challenged,
and improved by both ML developers and clinical experts before deployment in
real-world case.

Fourth, the study designed and implemented an ensemble modelling strategy that
combined the predictive strengths of the four individual algorithms. This ensemble
approach improved model robustness, which is an essential element of Al safety. By
balancing the trade-offs between predictive performance and safety assurance, the
ensemble model provided a more reliable tool for early MI risk detection in T2D
patients.

Finally, the research showed how safety case elements can be implemented in
T2D-related MI risk classification. The bow-tie diagram visualised all the possible
causes, preventative, and mitigative barriers to prevent the event of False Positives
and Negatives. This visualisation served as a supportive element to justify and
satisfy the safety arguments in GSN. In the GSN, each safety argument has been
linked to its corresponding strategy and solution to satisfy the identified safety
requirements. Therefore, they contributed to build a comprehensive safety case
considering each safety requirement of the Al model in MI risk classification from

design to development stages.

8.2.3 Empirical Findings

The empirical contributions are closely tied to the methodological contributions
of this research. The performance of Al models performance been evaluated by
two key metrics, Accuracy and F1 score. These metrics were chosen to capture
both overall correctness and the balance between precision and recall, which is

particularly important in the context of class imbalance in healthcare datasets.
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Among the various CIH techniques to mitigate the class imbalance problem in
our data, the class weighting method consistently provided the highest F1 scores.
This indicated that the model improved its ability to detect the minority class without
sacrificing the overall accuracy of the model. Since this contributes to reducing the
risk of False positives and Negatives, this is very crucial in clinical safety.

The ensemble model outperformed the individual algorithms in terms of main-
taining consistent results across each CIH method. This suggests that the ensemble
approach can mitigate the model performance fluctuations that sometimes arise from
relying on a single algorithm. In addition, the SHAP analysis revealed that the
most influential features identified by the model aligned with established clinical
risk factors for MI in T2D patients, such as age, HbAlc levels, blood pressure, and
cholesterol measurements. This alignment between model-driven feature importance
and clinical knowledge strengthens trust in the model and its potential for real-world
application.

Overall, the empirical findings demonstrate that it is possible to achieve a balance
between predictive performance and Al safety principles when both are prioritised
during model development. The results also illustrate how targeted methodological
choices, such as the use of CIH techniques, ensemble modelling, and explainability
tools, can collectively improve both the utility and safety of Al-based healthcare

prediction systems.

8.3 Possible Implications

The possible implications of this research have the potential to extend beyond the
MI risk prediction in MI for patients with T2D. By the combination of highly-
performing predictive models and Al safety, this thesis provides potential application

opportunities for both clinical practice and Al research.
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8.3.1 Clinical Implications

For the clinical context, the potential use of an accurate Al-based model for T2D-
related MI development classification for early and proper intervention is the most
direct implication of this research.

The ensemble model’s performance value with the best performing CIH method,
particularly in terms of the F1 score, demonstrates that it can effectively reduce
the false positives and negatives without introducing an erroneous balance between
them. This balance is essential in clinical decision-making, as it helps ensure that
unnecessary or missed interventions are avoided.

The SHAP-based explainability component further enhances clinical utility by
providing another level of reasoning for the model’s prediction behaviour. The
intended clinical users can potentially see which factors most heavily influenced
the risk of MI risk classification for the patients, which allows them to validate or
question the model’s output. This contributes to the chance of the model’s acceptance

by the healthcare professionals, who require confidence in the tools they use.

8.3.2 Al Safety Implications

From the Al safety point, this research demonstrated that safety can be embedded
through each step of the entire modelling pipeline instead of considering safety after
completing the modelling stages. The integration of SHARD, Bow-tie, and GSN
offered a replicable framework for linking safety requirements to evidence. This
provides traceability from clinical hazard identification to safety assurance of the
developed model.

The work also highlights the role of CIH techniques as a safety measure. In
clinical contexts, misclassification errors can lead to delayed treatment or unnec-
essary procedures, both of which have significant patient safety implications. By

systematically testing CIH methods and choosing the approach that best aligns with
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safety goals, the study shows how technical modelling decisions can be directly tied
to patient safety outcomes.

In addition, the use of an ensemble model demonstrated that the model’s per-
formance can consistently be improved in CIH-applied datasets by benefiting from
different individual algorithms. In safety-critical domains, model robustness, which
is related to model performance, is crucial, and ensemble models can reduce the
risk of drops in model performance when applied to slightly different or evolving

datasets.

8.3.3 Transferability

Although the main focus of this research is MI risk prediction in T2D, the methods
and frameworks used have the potential to be implemented in a wider area of
application. Especially in the healthcare area, any prediction tasks dealing with an
imbalanced dataset, the need for explainability, and safety assurance can potentially
benefit from the approaches used in this thesis. For example, similar model design
and development strategies can be applied to the risk prediction of strokes or other
cardiovascular events when the appropriate domain-specific features and clinical
safety requirements are applied.

Moreover, the developed safety case in this research can potentially be transferred
to other safety-critical domains. A common safety-related aspect of these systems is
the need to identify hazards and provide evidence-based safety assurance for their
use in the intended context [15, 233]. Since this research has also applied these
two main safety aspects to a safety-critical problem, this makes it a candidate for
transferable application in different safety problems in these domains.

Overall, the implications of this research suggest that predictive AI models can
achieve both high performance and robust safety assurance when these objectives

are pursued in parallel. This dual focus not only increases the likelihood of suc-
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cessful real-world model development but also strengthens the trust of stakeholders,

including clinicians and patients.

8.4 Recommendations

According to the key findings and methodological contributions from previous
parts of this research, recommendations can be made for the two main groups, Al
researchers and healthcare professionals using Al-based solutions. These recommen-
dations intend to support the development and assurance of the Al-based models in

the healthcare domain with a specific focus on safety.

8.4.1 For Researchers

Researchers developing Al models in the healthcare area should also consider adopt-
ing a holistic safety framework that combines hazard analysis (SHARD), safety
case visualization (Bow-tie), and safety assurance documentation (GSN) in their
model development stages. This helps to maintain a clear link between model design
considerations and model development by ensuring safety in each step of the entire
flow.

Additionally, for future research, the researchers could explore extending the cur-
rent approaches implied in this thesis to develop personalized treatment recommen-
dation models. The main scope of this research is to develop MI risk classification
for patients with T2D, ensuring safety. However, for the prospective treatment rec-
ommendation models, it can be a robust and reliable base. As an example, the ability
to predict high-risk patients and then feed these results into tailored intervention

planning could enhance preventative care strategies.
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8.4.2 For Healthcare Professionals

Healthcare professionals can consider the Al-based models as supportive clinical
tools rather than seeing them as replacements. The performance outcomes (Accuracy
and F1 scores) of the ensemble model, which utilizes class imbalance handling
techniques and explainability methods to provide the importance level of each
feature, and the reasoning behind the trained model’s classification behaviour, offer
actionable insights into patient risk profiles. These insights can be used alongside
existing diagnostic methods. Clinical professionals using such tools should ensure
that the models are integrated into their clinical workflow through Al tool training to
ensure appropriate use of Al in the healthcare context.

The collaboration between Al developers and healthcare professionals is also
recommended. Healthcare professionals may provide feedback by assessing the
performance of the Al tool to help Al developers to track and update their models
based on a clinical perspective. This collaborative approach ensures that predictive
models remain aligned with current clinical practices and patient safety priorities.

Overall, these recommendations aim to encourage a balanced approach in which
Al technologies for healthcare are designed and deployed with equal emphasis on

predictive accuracy, safety, and practical usability.

8.4.3 Future Work on Language Models

Another direction for future research is the study of language models, in particular
large language models, in safety-critical healthcare Al. Although this thesis deals
with structured clinical data and supervised machine learning classification, language
models may in the future assist with related tasks such as summarising patient his-
tories, assisting with clinical documentation, explaining model outputs in natural
language, or assisting clinicians to navigate safety evidence. Language models, on

the other hand, present additional safety concerns, including hallucination, inconsis-
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tency, limited traceability, and the possibility of generating plausible but clinically
inaccurate information. Future work should therefore investigate how language
models could be safely integrated into clinical decision-support settings, and how
structured safety approaches such as hazard analysis and safety argumentation could

be extended to cover them.

8.5 Closing Remarks

This thesis has addressed the critical gap in clinical Al, the integration of developing
Al models and safety assurance for critical clinical hazards in T2D-rated MI. This
research demonstrated that safety can be embedded into each step of the modelling
flow from early design considerations to data management and model building stages,
rather than being treated as the afterthought.

It has also been demonstrated that it is possible to develop Al-based models for
T2D-related MI risk classification by focusing on specific clinical hazards (false
positives and negatives) that are not only accurate but also transparent and replicable
through the combination of structured SHARD, Bow-tie, and GSN. The use of
ensemble models, hyperparameter optimizations, appropriate data management and
preprocessing techniques, class imbalance handling, and explainability methods
plays a crucial role in ensuring and justifying each requirement and action in the
entire safety case of this research.

Another important benefit of this research is showing that the methodology and
safety case principles are transferable to a wide range of medical domains, while the
specific clinical focus of this research was on T2D-related MI. By linking model
performance evaluation directly to identified safety requirements, this thesis provides
a replicable method for other researchers and developers seeking to develop Al

systems for safety-critical clinical support tools.
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In conclusion, the journey of this research reinforces a key principle, effective Al
in healthcare needs to be grounded in comprehensive methodology and evaluation,
and a commitment to patient safety. By following these principles, the field can
progress towards systems that enhance, rather than undermine, clinical decision
making by improving patient outcomes and fostering confidence among clinicians

and patients in this way.
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This appendix provides the Data Sharing Agreement signed by the University of
York and the Bradford Institute for Health Research. This agreement has permitted
this research to use the real-world healthcare data obtained from the hospitals from
Bradford, UK region, and stored in the Connected Bradford data warehouse.

This data set has been managed by the Connected Bradford Data Management
Team and has been fully anonymised, making the data set available to the intended
researchers. Therefore, the data set does not include any identification or person-
alised information that may cause the identification of any patient through reverse
engineering processes. To comply with the data agreement, the data used in this
research have only been accessed by the researcher using the University-managed

devices.
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This Data Sharing Agreement ‘Agreement’ is subject to the terms and conditions set out in the
Bradford Institute for Health Research Data Sharing Contract (V1.1 Signed in September 2021).

The Data Sharing Contract ‘Contract’ must be signed in advance of entering into the Agreement. In
the event of any conflict between the terms in the two documents, the terms of the Contract will

prevail.

Each party to this Agreement must have signed up to these terms and conditions before any Data

can be shared.

1. Title and Reference Code

BIHR Project

Safe and Predictive Al for Managing Diabetes-Related Multimorbidity

Reference

CY P03-22-04

2. Parties to the Agreement

Receiving Organisation (s)

University of York
Heslington, York
Y0105DD

Bradford Institute for Health Research

Bradford Teaching Hospitals NHS Foundation Trust
Bradford Royal Infirmary

Duckworth Lane

Bradford

BD9 6RJ

Providing Organisation

Bradford Institute for Health Research

Bradford Teaching Hospitals NHS Foundation Trust
Bradford Royal Infirmary

Duckworth Lane

Bradford

BD9 6RJ

3. Additional Terms of the Agreement

Start Date 01/10/2021

End Date 30/09/2025

Cost

Bradford Institute for Health Research Data Sharing Agreement Page |2
Version 1.0

15 April 2021
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4. Data Details

Purpose for Sharing

This research attempts to build an artificial intelligence (Al) model of
patient pathways from the diagnosis of Type Il diabetes mellitus,
through the early stages of treatment, its escalation, and the
potential for deterioration and the development of complications.

For more details, the Expression of Interest have been attached as
Appendix to the end of this document.

Personnel to have access
to the Data

Dr Tom Lawton

Dr Ibrahim Habli
Prof Stephen Smith
PhD Berk Ozturk

Details of the Data to be
shared

Data of patients diagnosed with Type 2 diabetes will be used, initially
focussing on SystmOne (GP) data combined with broad hospital (SUS)
data.

In addition, the Expression of Interest have been attached as
Appendix to the end of this document.

Details of how the Data
will be shared

Connected Yorkshire:

Data will be accessed by the individuals named above using the
Yorkshire and Humber Care Record Google Cloud Platform.

Details of access / storage
and destruction

Existing storage on YHCR platform — no extracts will be taken off
platform

Frequency

5. Re-ldentification Controls

Details of Controls to be
put in place to minimise
the risk of re-
identification of patients
or service users

Records will be anonymized, and the residential information will be
removed and replaced with the postcode sector and/or LSOA. Clinical
letters, images and free text are removed from health records.

Bradford Institute for Health Research Data Sharing Agreement

Version 1.0
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Signature Page

Parties to the Data Sharing Agreement (add as required)

Signed for and on behalf of | University of York

Receiving Organisation Heslington, York YO10 5DD
Name Ibrahim Habli
Role / Job Title PhD Supervisor/Deputy Head of Department of Computer

Science (Research)

o ——

fiate 31/03/2022

Lead Applicant Signed for Bradford institute for Health Research
and on behalf of Receiving | gradford
Organisation
BD9Y 6RJ
Name Tom Lawton
Role / Job Title Consultant Critical Care & Anaesthesia
Signature Tom Lawton
Date 29/3/2022
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Signed for and on behalf of | Bradford Teaching Hospitals NHS Foundation Trust
Providing Organisation Bradford Royal Infirmary
Duckworth Lane
Bradford
BD9Y 6RIJ
Name Professor John Wright
Role / Job Title Director of Research
Signature
Date
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Version 1.0
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APPENDIX

Expression of Interest Version 3
Researchers/Analysts request to access data from
Connected Yorkshire Research Database

This form is be used to submit a request to access Connected Yorkshire Research Database with the
research protocol.

1 Lead applicant
Title | Forename Surname Organisation Affiliation Email
Name
Dr Tom Lawton Bradford Consultant Critical | tom.lawto
Institute for Care & Anaesthesia | n@bthft.n
Health hs.uk
Research

2 List all investigators/collaborators

Title | Forename Surname Organisation Affiliation Email
Name

Dr Ibrahim Habli University of PhD Supervisor, ibrahim.hab
York Computer Science | li@york.ac.u

k

Prof Stephen Smith University of PhD Supervisor, stephen.smi

York Electronic th@york.ac.
Engineering uk

PhD Berk Ozturk University of PGR Student bo615@yor
York k.ac.uk
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3 | Has this protocol been peer reviewed?

If Yes, please state the name of the reviewing Panel below and provide an outline of
the review process and outcome as an Appendix to this protocol

n/a

4 | Health outcomes to be measured

Please summarise below the primary/secondary health outcomes to be measured in this
research protocol:

Outcomes:

This research attempts to build an artificial intelligence (Al) model of patient pathways
from the diagnosis of Type Il diabetes mellitus, through the early stages of treatment, its
escalation, and the potential for deterioration and the development of complications.

Data of patients diagnosed with Type 2 diabetes will be used, initially focussing on
SystmOne (GP) data combined with broad hospital (SUS) data. Outcomes will be process
measures (diabetes control, primarily in terms of HbA1lc levels judged against national
guidance), and outcome measures of markers of complications such as the development
of cataracts and other ophthalmic complications, cardiovascular disease, and the need
for interventions such as vascular surgery and end-stage renal failure requiring dialysis.

The aim is to predict progression of diabetes-related multimorbidity by developing an
Al-based decision support model ensuring Al safety. With this model, it is expected to
propose individualised and explainable safe diabetes management models for both
clinicians and patients. Hence, the pressure on both primary and secondary healthcare
systems caused by diabetes-related multimorbidities will be relieved by a cost and time
effective Al-driven decision support model. Further, it is expected to facilitate clinicians’
decision making and to increase the confidence level of the patients toward their
diabetes management processes.

5 | Type of institution conducting the research
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NHS

Bradford Teaching Hospitals

NHS Foundation Trust

Data Sharing Agreement for the Research

Pharmaceutical Industry

Academia

Government / NHS

Charity

Other

None

Please specify name and country:

Please specify name and country:

University of York, UK

Please specify name and country:

Bradford Teaching Hospitals NHS
Foundation Trust, UK

Please specify name and country:

Please specify name and country:

6 | Site Location of Data (processing)

Location area - UK / EEA / Worldwide: UK (using YHCR TRE and BTHFT servers)

Organisation address:

Bradford Teaching Hospitals, Duckworth Lane, Bradford, BD9 6RJ

University of York, Heslington, York YO10 5DD

7 | Storage Location(s)

Location area - UK / EEA / Worldwide: UK (using YHCR TRE and BTHFT servers)

Organisation address:

Bradford Teaching Hospitals, Duckworth Lane, Bradford, BD9S 6RJ

University of York, Heslington, York YO10 5DD
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8 | Signature from the Chief Investigator
| have read the submitted version of this research protocol, including all supporting
documents, and confirm that these are accurate.
| am suitably qualified and experienced to perform and/or supervise the research study
proposed.
| agree to conduct or supervise the study described in accordance with the relevant,
current protocol
| agree to abide by all ethical, legal and scientific guidelines that relate to access and use
of CYC data for research
| agree to inform the CYC of the final outcome of the research study: publication,
prolonged delay, completion or termination of the study.
Name: Date: e-Signature (type name):
Dr Tom Lawton 2/3/2022 TOM LAWTON
9 | Conflict of interest statement
Please provide a draft of the conflict (or competing) of interest (COI) statement that
you intend to include in any publication which might result from this work.
Not.applicable
10 | Data required
Please indicate which datasets you require, ensuring you have included justification
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Protocol Information Required

The following sections below must be included in the CYC CYRD research protocol. Pages should be

numbered. All abbreviations must be defined on first use.

Study Title

Safe and Predictive Al for Managing Diabetes-Related Multimorbidity

Lay Summary (Max.200 Words)

Diabetes-related multimorbidity is a major health and social care problem. Yorkshire has
the highest rates of diabetes in the UK. Multimorbidity includes cardiac, renal and
ophthalmic diseases. Diabetes undergoes a progression, and there is some evidence that
early intervention may help prevent progression. Equally there are many reasons why
patients may prefer not to progress their treatment rapidly.

Technical Summary (Max. 200 words)

The model development will be assurance driven, considering safety and explainability
requirements from the start and will evolve a safety case in parallel to the development
of the system. With the light of collected data including features related to diabetes and
an Al-driven model, the interpretations and modelling will be performed to predict and
prevent the progression of Type 2 diabetes by providing a decision support model for
use of healthcare systems. The development and assurance will use the Connected
Bradford dataset covering primary, secondary care along with other potential
determinants of health including geospatial data, council and benefits, social care etc.

Objectives, Specific Aims and Rationale

This project will develop a personalised machine learnt decision support model that
targets interventions to adult patients at highest risk of progression and multimorbidity.
It is aimed to reduce diabetes-related pressure on healthcare systems and to provide a
safe, explainable and trustworthy decision support model to both the clinicians and
patients ensuring correct and timely interventions to prevent diabetes-related
multimorbidities.

Study Background

This is in response to ongoing community and healthcare concerns around diabetes and
its management in Bradford. After consultation with experts in diabetes it is felt that
escalation of treatments may benefit from risk modelling and decision support - with the

Bradford Institute for Health Research Data Sharing Agreement
Version 1.0
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aim of preventing deterioration and the development of the late sequelae of
uncontrolled diabetes, leading to serious multimorbidity.

This project will benefit from clinical support across Bradford, as well as the involvement
of the Patient Safety Translational Research Centre to help guide which interventions
can have the most impact rather than merely providing another prediction model with
little clinical use. Safety will be embedded from the start rather than being a late “add-
on” at the end of the project.

Study Type

Funded Research Project (PhD)

Study Design

Development and validation of machine-learning Al models combined with ongoing
safety assurance

Thank you very much for completing this form.

Please send via email to cBradford@ bthft.nhs.uk and we will contact you as soon as we can.
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Appendix B

Example Code for Model Building for
Type 2 Diabetes-Related Myocardial

Infarction Prediction

.1 R Code for Analysis

gc ()

rm(list = 1ls())

cat ( )

# Load Necessary Libraries

if (!'require( )) install.packages ( )

library (caret)

if ('require( )) install.packages ( )
library (janitor)

if (!require ( )) dinstall.packages ( )
library (gridExtra)

if (!'require ( )) install.packages ( )

library (grid)

if (!'require ( )) install.packages ( )
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library (lattice)

if (!'require("skimr")) install.packages ("skimr'")

library (skimr)

if (!require ("RANN")) install.packages ("RANN")

library (RANN)

if (!require("randomForest")) install.packages ("randomForest")

library (randomForest)

if (!require("gbm")) install.packages ("gbm")

library (gbm)
if ('require ("xgboost"))

library (xgboost)

if ('require("caretEnsemble"))

library (caretEnsemble)

install.packages ("xgboost™")

if (!'require ("C50")) install.packages ("C50")

library (C50)

if (!'require("earth")) install.packages ("earth™)

library (earth)

if (!'require ("pROC")) install.packages ("pROC")

library (pROC)

if (!'require ("Boruta")) install.packages ("Boruta')

library (Boruta)

if (!require ("bigrquery")
library (bigrquery)
if (!'require ("devtools"))
library (devtools)
if (!'require ("usethis"))

library (usethis)

) install.packages ("bigrquery")

install.packages ("devtools™)

install.packages ("usethis")

if (!require("readr")) install.packages (' readr’, dependencies

TRUE, repos='http://cr

library (readr)
if ('require ("eeptools"))

library (eeptools)

an.rstudio.com/’)

install.packages ("eeptools")

install.packages ("caretEnsemble")
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if (!'require("dplyr")) install.packages ("dplyr")

library (dplyr)

if (!require("tidyverse")) install.packages ("tidyverse")

library (tidyverse)

if (!'require("ggplot2")) install.packages ("ggplot2")

library (ggplot2)

if ('require ("UpSetR")) install.packages ("UpSetR")

library (UpSetR)

if (!'require ("AppliedPredictiveModeling"))
install.packages ("AppliedPredictiveModeling")

library (AppliedPredictiveModeling)

if (!require("VIM")) install.packages ("VIM")

library (VIM)

if (!'require ("DALEX")) install.packages ("DALEX")

library (DALEX)

if (!'require ("kernelshap")) install.packages ("kernelshap")

library (kernelshap)

if (!'require("skimr")) install.packages ("skimr")

library (skimr)

if (!'require("ggplot2")) install.packages ("ggplot2")

library (ggplot2)

if (!require("gridExtra")) install.packages ("gridExtra")

library (gridExtra)

if (!require("jlazaruss/CohortCreationLibrary"))

install_github (" jlazaruss/CohortCreationLibrary", force = TRUE)

library (CohortCreationLibrary)

#bg_auth () ### (Use this code, if the authentication is expired)
bg_projects ()

project_id <- "yhcr-prd-bradfor-bia-core"

bg project_datasets (project_id) # displays data-bases available
project_name <- "REDACTED" # Project name removed for

confidentiality to comply with data sharing agreement
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sgqll <— "SELECT % FROM ‘REDACTED.DATASET.TABLE'" # Actual name
redacted for confidentiality to comply with data sharing
agreement

concepta <- QueryOmop (project_name, sqgll)

conceptb <- conceptal, c(2:23)]
str (conceptb)

colnames (conceptb)

str (conceptb)

tt <- conceptb

str(tt)

library (dplyr)
library (purrr)
library (reshape?2)
library (data.table)

library (tidyverse)

ee <- tt
str (ee)

colnames (ee)

orange <- ee

str (orange)

#or piping through ‘dplyr®

orange <- orange %>% clean_names ()

# Structure of the dataframe

str (orange)

# See top 6 rows and 10 columns

head (orange[, 1:22])
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# Build the training and test datasets

set.seed (100)

#Describing Data
glimpse (orange)

summary (orange)

#check missing values

sum(is.na (orange))

str (orange)

orange$systolic <- as.numeric (orange$Ssystolic)
orangeS$diastolic <- as.numeric (orange$diastolic)
orange$bmi <- as.numeric (orangeS$bmi)
orangeS$creatinine <- as.numeric (orange$creatinine)
orangeS$sodium <— as.numeric (orange$sodium)
orangeS$potassium <- as.numeric (orange$potassium)
orangeSurea <—- as.numeric (orangeSurea)
orangeS$albumin <- as.numeric (orange$Salbumin)
orange$hdl <- as.numeric (orange$Shdl)
orange$ldl <- as.numeric (orange$ldl)
orangeSalkaline_phosphatase <-

as.numeric (orange$alkaline_phosphatase)
orangeS$alanine_aminotransferase <-

as.numeric (orange$Salanine_aminotransferase)
orangeSurine_albumin_creatinine_ratio <-

as.numeric (orangeSurine_albumin_creatinine_ratio)
orange$hb_alc <- as.numeric (orangeShb_alc)
orangeStotal_bilirubin <- as.numeric (orange$total_bilirubin)
orangeStriglyceride <- as.numeric (orange$triglyceride)

orange$globulin <- as.numeric (orange$globulin)
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orangeStotal_protein <- as.numeric (orange$total_protein)

orange$age <—- as.numeric (orangeS$Sage)

orange$gender <- as.character (orange$gender)

orangeS$Sethnicity <- as.character (orange$ethnicity)

names (orange) [names (orange) == "myocardial_infarction"] <-
"myocard"

orange$Smyocard <- as.factor (orange$myocard)

midata <- orange

# Subset for computational issues

# Set the seed for reproducibility

set.seed (123)

# Get the number of rows in your dataset

total_rows <- nrow(midata)

# Specify the size of the subset

subset_size <- total_rows

# Create a random sample of row indices

subset_indices <- sample(l:total_rows, subset_size, replace

FALSE)

# Create the subset

subset_df <- midata[subset_indices, ]

midata <- subset_df

table (midata$myocard)

# Set a random seed for reproducibility

set.seed (123)
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# Perform k-NN imputation using the VIM package

midata_imputed <- kNN (midata, k = 5) # Adjust "k’ as needed

# Remove the _imp columns while keeping the original column names
midata_imputed <- midata_imputed[, -grep("_imp",

colnames (midata_imputed)) ]

# Check if there are any remaining missing values

anyNA (midata_imputed)

midata_imputed <- midata_imputed %>% clean_names ()

x_midata_imputed <- midata_imputed[, 1:21]

y_midata_imputed <- midata_imputedSmyocard

# One-Hot Encoding
# Creating dummy variables is converting a categorical variable
to as many binary variables as here are categories.

dummies_model <- dummyVars (myocard ~ ., data = midata_imputed)

# Create the dummy variables using predict. The Y variable
(Purchase) will not be present in trainData_mat.

trainData_mat <- predict (dummies_model, newdata = midata_imputed)

# # Convert to dataframe

midata_imputed <- data.frame (trainData_mat)

# # See the structure of the new dataset

str(midata_imputed)

preProcess_range_model <- preProcess (midata_imputed,

method="range’)
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midata_imputed <- predict (preProcess_range_model, newdata =

midata_imputed)

apply (midata_imputed([, 1:19], 2, FUN=function (x) {c('min’=min(x),

"max’=max (x)) })

# Append the Y variable
midata_imputed$myocard <- y_midata_imputed

midata_imputed$myocard <- as.factor (midata_imputed$myocard)

str (midata_imputed)

orange <- midata_imputed

str (orange)

anyNA (orange)

# Calculate the number of samples for each split

total_rows <- nrow (orange)

training ratio <- 0.8

training_size <- round(total_rows * training_ratio)

# Randomly select indices for training data

training _indices <- sample(l:total_rows, training_size, replace

FALSE)

# Create the training and testing data subsets

trainData <- orangel[training_indices, ]

testData <- orange[-training_indices, ]

# Check the number of samples in each split

nrow (trainData)
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nrow (testData)

skimmed <- skim(trainData)

skimmed[, c(1:15)]

str(trainData)

summary (trainData)

HHEHF A H AR H AR HSHS
#Ensembling the predictions
# Stacking Algorithms - Run multiple algorithms in one call.
trainControl <- trainControl (method= g
number=10,
savePredictions= ,
verboselter = TRUE,

classProbs=TRUE)

algorithmList <- c( o 7 ' L )

#HEHHHH RS

algorithmList2 <- c( )
algorithmList3 <- c( )
algorithmList4 <- c( )
algorithmList5 <- c( - )

i

set.seed (100)
models <- caretlList (myocard ~ ., data=trainData, trControl =

trainControl, classWeights = c(1,4), methodList=algorithmList)

models2 <- caretlist (myocard ~ ., data=trainData, trControl =

trainControl, methodList=algorithmList)
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results <- resamples (models)

summary (results)

#Combining the predictions of multiple models to form a final
prediction
# Create the trainControl
set.seed (101)
stackControl <- trainControl (method="repeatedcv",
number=10,
repeats=10,
savePredictions="final’,
classProbs=TRUE,
summaryFunction=twoClassSummary #
sampling = up or down

for oversampling or undersampling)

# Ensemble the predictions of ‘models‘ to form a new combined
prediction based on glm

stack.glm <- caretStack (models, method="glm", metric="Accuracy",
trControl=stackControl)

print (stack.glm)

# Predict on testData
stack_predicteds <- predict (stack.glm, newdata=testData)

stack_predicteds

# Create a custom function to combine variable importance from
individual models
combine_variable_importance <- function(stack.glm) {
individual_models <- stack.glmSmodels

var_importance_list <- list ()
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for (i in l:length(individual_models)) {
model <- individual_models[[1]]
var_importance <- varImp (model)
model_name <- names (individual_models) [i]

var_importance_list[[model name]] <- var_importance

return (var_importance_list)

# Combine variable importance

var_importance_combined <- combine_variable_importance (stack.glm)

# Plot variable importance for individual models
plots <- lapply (names (var_importance_combined),
function (model_name) {

var_importance <- var_importance_combined[[model_name] ]

ggplot (var_importance, aes(x = Relevance, y =
rownames (var_importance))) +
geom_bpar (stat = , fill = )+
labs (title = paste ( , model_name)) +

theme_minimal ()

# Assuming you have your stack.glm model and test data
model <- stack.glm

data <- testData

kk <- as.character (data$Smyocard)

mm <— as.numeric (data$Smyocard == )

# Create an explainer for your model
explainer <- explain(model, data = datal, 1:26], y = mm, label =

)
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# Create a feature importance plot
feature_importance <- model_parts (explainer, type =

"variable_importance")

# Plot the feature importance

plot (feature_importance)

# Install required packages if not already installed
if (!requireNamespace ("DALEX", quietly = TRUE)) ({

install.packages ("DALEX")

# Load required libraries

library (DALEX)

# 'trainData’ is the training data used for the stack model
modellime <- DALEX::explain (stack.glm,
data = as.matrix (trainDatal,
-ncol (trainData) ]),
y = as.numeric (trainData$myocard),

label = "stack.glm")

observation <- testDatal[l, 1:26]

shap_stack <- predict_parts(modellime, observation = observation,

type = "shap")

# Plot the SHAP values for the top features
plot (shap_stack , max_vars = 26, show_boxplots = FALSE) +
ggtitle ("Contributions of the predictors to the prediction

process", "")
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