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Abstract

Every interaction with the healthcare system leaves some kind of trace

in the form of data, which forms a valuable resource for research. Modern

healthcare is about more than individual interventions and diagnoses: equally

important is the combination, ordering and timing of events, and the way that

the patient moves through the system: the patient pathway. This is the source

of a great many research questions, which are difficult to answer: patients

cannot be neatly divided into groups, and “compliance” with a particular

standard is hard to measure when there are many decision points and unseen

variables.

I first examine the extent to which contextual factors affect treatment

decisions, and demonstrate that pathway data is shaped by human practices,

processes and biases. I then consider the logic behind which data is included

in process analysis, and propose an approach that uses ontological knowledge

to infer relationships between diagnoses and procedures.

I then propose embedding-based dynamic time warping (E-DTW), an

algorithm for describing the similarity between two patients’ pathways. This

algorithm is designed with practical characteristics in mind: it incorporates

information on both the semantic similarity of the events in a pathway

and their temporal patterns, it uses knowledge from standard and publicly

available ontologies, and its embeddings can be re-used for different tasks.

Finally, I extend the E-DTW method to measure the semantic similarity

between a patient’s pathway and a pathway as laid down in guidelines; in the

process, I describe a set of steps for assessing the gap between a guideline and

given dataset, and a notation for encoding pathway guidelines in computable

form.

Structured data is, by virtue of the way it is recorded and encoded, rich

in semantics that can be exploited to create useful insights. Pathways are

inherent complex, and purely logical or statistical attempts to analyse them

have drawbacks. This thesis combines the use of modern and flexible machine

learning concepts with grounding in ontological knowledge, describing a set

of methods that allow the benefits of health data to be realised whilst also

ensuring that analysis is relevant, reliable, and reproducible.



ii



Acknowledgements

I don’t know half of you half as well as I should like; and I like less
than half of you half as well as you deserve.

J.R.R. Tolkien, The Fellowship of the Ring

This thesis would not have been possible without the support and guidance

of my supervisors, Professors Emanuel Sallinger and Jim Davies, over the

last four years. Thank you for everything you have taught me, which include

— in no particular order — that deadlines are mostly just guidelines, that it’s

all just nodes and edges, and that there is no such thing as a free lunch. I’m

not sure that they were the lessons I was supposed to get out of this, but I’m

grateful nonetheless.

I am also indebted to Eva Morris, Max Van Kleek, and Niels Martin, whose

comments and feedback were extremely valuable. I also need to acknowledge

my previous academic supervisors at Lancaster for getting me this far: Jo

Knight, Peter Diggle, and in particular Angelos Marnerides, for encouraging

me to do a PhD in the first place, and for telling me to write the paper that

started all of this.

I’m also grateful to Lara Chammas for being an excellent co-author, con-

ference buddy, and proofreader, and for her endless positivity. I’d also like

to thank Adam Sturge for all the lunches. Perhaps one day we’ll find that

seafood macaroni again.

This thesis would not have been possible without financial support from

Elsevier and the Engineering and Physical Sciences Research Council. I also

appreciate the support of Elia Lima-Walton and her team at Elsevier, and the

entire NIHR Health Informatics Collaborative and the Thames Valley and

Surrey Secure Data Environment teams. You’re stuck with me now. Sorry.

My deepest gratitude goes to my family and friends, for their endless support

and encouragement which has kept me (mostly) sane during these four years.

Finally, to Hannah, who has been there every step of the way. Thank you

for holding my hand.



iv



Contents

List of figures ix

List of tables xi

Notation and abbreviations xiii

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Context 2

1.2 Contributions 2

1.3 Publications 4

1.4 Structure 4

2 Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7
2.1 Data-driven research in the NHS 7

2.2 Artificial intelligence in healthcare 9

2.3 Clinical pathways 12

2.3.1 Evaluating clinical pathways 13

2.3.2 Summary 16

2.4 Analysing pathways 16

2.4.1 Electronic phenotyping 16

2.4.2 String metrics 18

2.4.3 State sequence analysis 19

2.4.4 Process mining 21

2.4.5 Machine learning 22

2.4.6 Alternative approaches 24

2.5 Knowledge graphs 25

2.5.1 Reasoning 27

2.5.2 Embedding 27

2.5.3 Applications in health and medicine 29

2.5.4 Knowledge graphs and process mining 32

2.6 Unified Modelling Language 32

2.7 Summary 35

3 The structure and interpretation of patient pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37
3.1 Contextual and structural knowledge in pathways 38

3.1.1 Defining pathways 38

3.1.2 Ontologies, terminologies, and clinical coding 40

3.2 Context and interpretation in pathway analysis 41

3.2.1 Background 42

3.2.2 Methods 44



vi

3.2.3 Results and discussion 45

3.2.4 Summary 49

3.3 Defining pathways with ontologies 50

3.3.1 Background 51

3.3.2 Method 53

3.3.3 Evaluation 55

3.3.4 Results 57

3.3.5 Discussion 64

3.4 Summary 68

4 A distance measure for patient pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71
4.1 Background 72

4.1.1 Embedding methods 72

4.1.2 Evaluating embeddings 74

4.1.3 Comparing complex concepts and sequences 76

4.2 Learning representations of medical concepts 78

4.2.1 Methods 78

4.2.2 Evaluation 80

4.2.3 Results 83

4.3 Constructing and comparing representations of patient pathways 84

4.3.1 Methods 84

4.3.2 Results 88

4.4 Applications in cancer care 93

4.4.1 Methods 94

4.4.2 Results 95

4.5 Discussion 98

5 The relationship between clinical data and practice guidelines . . . . . . . . . . . . . . . . . . . . . . . 101
5.1 Clinical pathways and guidelines 102

5.1.1 Structure and content of clinical guidelines 102

5.1.2 Use cases 106

5.1.3 Do we want conformance checking in healthcare? 106

5.1.4 Requirements 107

5.2 Existing approaches 108

5.2.1 Representing pathways with computer-interpretable guidelines 108

5.2.2 Representing pathways with process languages 111

5.3 Methods 114

5.3.1 Assessing retrospective datasets 114

5.3.2 A lightweight notation for patient pathways 115

5.3.3 Comparing pathways and guidelines in embedding space 118

5.4 Application 119

5.4.1 Data assessment 120

5.4.2 Notation 120

5.4.3 Comparison 121

5.5 Discussion 124



vii

6 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127
6.1 Limitations and future work 130

6.2 Closing remarks 132

Bibliography . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

A Embedding model evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165

B Comparison of distance metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 169



viii



List of figures

Figure 2.1 The UML state machine formalism, described as a UML class

diagram (OMG 2017) 33

Figure 2.2 An example UML state machine 34

Figure 3.1 The layers of a patient pathway, according to the ContSys

model 39

Figure 3.2 An ICD-10 code and its structure 40

Figure 3.3 An OPCS-4 code and its structure 41

Figure 3.4 A SNOMED CT concept and its immediate relations 41

Figure 3.5 An example of Simpson’s paradox: X and Y appear to be neg-

atively correlated, but within each subgroup the correlation

is actually positive (Rücker & Schumacher 2008) 43

Figure 3.6 Treatment pathways for all colon cancer patients 45

Figure 3.7 Treatment pathways for colon cancer patients aged 50–59

(top) and 80+ (bottom) 46

Figure 3.8 Treatment pathways for colon cancer patients with a Charl-

son comorbidity score of zero 47

Figure 3.9 Treatment pathways for colon cancer patients in the most

(top) and least (bottom) deprived quintile 49

Figure 3.10 Inferring a new procedure treats disorder relationship from

two known relationships 54

Figure 3.11 Length, precision and recall of codelists resulting from Queries

1–4 against five different target diagnoses 60

Figure 3.12 Recall of Queries 1–4 on colon cancer against the extended

CORECT-R reference set, grouped by category 61

Figure 3.13 Directly-follows graphs summarising the pathways of colon

cancer patients, filtered according to the benchmark codelist

E (top) and Query 1 (bottom) 62

Figure 3.14 Directly-follows graphs summarising the pathways of lung

cancer patients, filtered according to the benchmark codelist

D (top) and Query 1 (bottom) 63

Figure 4.1 Proposed method for constructing representations of patient

pathways 86

Figure 4.2 An example of a dynamic time warping (DTW) matrix (Li

et al. 2021) 87



x

Figure 4.3 Pearson correlation between different pathway distance met-

rics 88

Figure 4.4 Distributions of pairwise pathway-pathway distances, ac-

cording to various distance metrics (Y) against 𝐷𝑡 (X, left)

and 𝐷𝑛 (X, right) 90

Figure 4.5 Distributions of pairwise pathway-pathway distances, ac-

cording to various distance metrics (Y) against 𝐷3∩ (X, left)

and 𝐷4∩ (X, right) 91

Figure 4.6 The MCL process (van Dongen 2000) 95

Figure 4.7 Example pathways from the major rectal cancer clusters. Ten

example patients were randomly sampled from each cluster;

each row represents a single patient’s timeline, with symbols

marking events according to the key in Figure 4.8 96

Figure 4.8 Key to OPCS concepts used in Figure 4.7 96

Figure 4.9 Demographic characteristics of identified rectal cancer clus-

ters 97

Figure 5.1 Timeline of major CIG languages109

Figure 5.2 The proposed patient pathway notation, based on a subset

of UML state machines116

Figure 5.3 UML model of possible rectal cancer treatment pathways,

according to the ESMO guidelines 121

Figure 5.4 Rectal cancer pathways ordered from most to least similar

to guidelines, distributed according to the raw MGD score

(left) and their ranked MGD score (right) 122

Figure 5.5 Key to OPCS concepts used in Figure 5.4 123

Figure 5.6 Results of a linear regression model, fitting minimum guide-

line distance (MGD) against patients’ demographic attributes

123



List of tables

Table 3.1 List of benchmark codelists used and their length (𝑛) 56

Table 3.2 ICD9Proc and ICD10-PCS procedure codes that were strongly

associated with a colon or lung cancer diagnosis (𝑝<0.05,

ranked by odds ratio) and did not appear in the Query 1

generated codelist 65

Table 4.1 Performance of knowledge graph embedding (KGE) models

measured by according to link prediction metrics, neighbour-

hood similarity to the original graph (Hubert et al. 2024),

and correlation with the OPCS codesystem’s structure (Fu

et al. 2023) 83



xii



List of abbreviations

2WW two-week wait

ACPGBI Association of Coloproctology of Great Britain and Ireland

AI artificial intelligence

BPMN Business Process Model and Notation

CIG computer-interpretable guideline

CORECT-R Colorectal Cancer Data Repository

CRT chemoradiotherapy

DHSC Department of Health and Social Care

DFG directly-follows graph

DTW dynamic time warping

DL Damerau-Levenshtein distance

ECL (SNOMED CT) Expression Constraint Language

E-DTW embedding-based dynamic time warping

EHR electronic health record

ESMO European Society for Medical Oncology

FIT faecal immunochemical test

GP general practitioner

HIC (NIHR) Health Informatics Collaborative

ICD International Classification of Diseases

IMD Index of Multiple Deprivation

KG knowledge graph

KGE knowledge graph embedding

LCS longest common subsequence

LLM large language model

MCL Markov cluster algorithm

MDT multidisciplinary team

MGD minimum guideline distance

ML machine learning

MRR mean reciprocal rank

NHS National Health Service

NICE National Institute for Health and Care Excellence

NIHR National Institute for Health and Care Research

NLP natural language processing

NW Needleman-Wunsch algorithm



xiv

OMOP CDM Observational Medical Outcomes Partnership Common Data

Model

OPCS Office of Population Censuses and Surveys (Classification of Inter-

ventions and Procedures)

OUH Oxford University Hospitals NHS Foundation Trust

PCA principle component analysis

PM process mining

PWF Pseudo-Workflow

RBO rank-biased overlap

SCPRT short-course preoperative radiotherapy

SNOMED CT Systematized Nomenclature of Medicine Clinical Terms

SSA state sequence analysis

UML Unified Modelling Language

UMLS Unified Medical Language System



1 Introduction

The healthcare system in the United Kingdom collects massive volumes of

data every day; almost every interaction with the health service leaves some

kind of trace. In recent years, the idea of reusing this routinely collected data

for research, analysis, and service improvement has become a significant

area of focus. Such data has enormous potential: it can be used to assess

the efficacy of medications and interventions, it can be used to monitor the

quality of care being provided, and it can be used to measure the impact of

particular policies and practices, to name but a few examples.

However, modern healthcare is about more than individual interventions

and diagnoses. Attention also needs to be paid to the entire journeys of

patients: the ways in which they move through the system, the combinations

and ordering of events that occur in their journey, and the time they take

to get there. These elements, taken together, are said to form the patient

pathway. Many research questions naturally surround patient pathways: for

example, how many patients follow a given pathway, which factors influence

the choice, timing, and order of treatment, and whether particular patterns

are associated with particular outcomes. Many healthcare providers have,

explicitly or implicitly, some concept of the recommended route through

treatment, which serves to guides decision-making and provides a benchmark

for best — or at least usual — practice. The existence of such guidelines

prompts further questions, in particular regarding whether compliance with

a particular pathway policy actually improves outcomes.

These questions are difficult to evaluate for a number of reasons. Data is

often incomplete, or collected for different purposes or in a different form

than what is needed to answer these questions. Where data is collected,

the volume is often overwhelming: given thousands of patients’ complete

records, researchers have to make judgements around which sorts of events

are included in analysis, and which are not. Methods for analysis are often

simplistic: dividing patients into “pathway” and “non-pathway” cohorts, or

excluding and including discrete events without considering subjective and

semantic factors such as conceptual similarity lead to the oversimplification

of complex processes, and the loss of valuable domain knowledge.
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It is this set of challenges that this thesis aims to address. By drawing

on methods for representing semantic meaning and context, particularly

ontologies and knowledge graphs, and by applying them to real datasets,

guidelines, and research questions, I aim to design a set of analysis techniques

that address the shortcomings of existing methods and support the effective

analysis of healthcare data from a pathway-oriented perspective.

1.1 Context

Throughout this thesis, I use colorectal cancer as a motivating example and

as a source of case studies. Colorectal cancer — also commonly referred to

as bowel cancer — is the fourth most commonly diagnosed cancer in the UK,

with over 44,000 new cases diagnosed every year (Cancer Research UK 2015).

Whilst the vast majority of cases occur in those aged 50 and above, there

is evidence that incidence is increasing in younger populations (Sung et al.

2024). The term encompasses both colon and rectal cancer: whilst they are

two distinct sites with differences in treatment, they neighbour each other,

share common screening techniques, and are often grouped together for

statistical and research purposes.

Colorectal cancer is the second most common cause of cancer death in

the UK, and survival rates are lower in the UK than in comparable countries

(Allemani et al. 2018; Coleman et al. 2011). There is significant heterogeneity

in approaches to treatment, including differences observed in chemotherapy

(Boyle et al. 2020; Taylor et al. 2021), radiotherapy (E. J. A. Morris et al. 2016),

and surgery (Fenton et al. 2021; E. J. A. Morris et al. 2008), meaning that there

are many outstanding research questions regarding the optimal treatment

pathway.

1.2 Contributions

The main aim of this thesis is to develop a set of methods that support and

enhance the analysis of retrospective data from electronic health records

(EHRs), and in particular that enable analysis from a pathway perspective.

This thesis makes a number of contributions to research in process-oriented

health data science:

A practical understanding of pathways — which questions, and which
data?

Research studies have inconsistent definitions of what constitutes a path-

way, what data is required to analyse them, and which subset of events
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in a patient’s history are relevant to analysis. I present an argument and

evidence that pure event data is rarely either objective or enough: such data

is shaped by human practices, processes, and biases, and therefore requires

an understanding of its context to be interpreted in a useful way. I also

describe a standardised method for determining, with the support of codified

domain knowledge from ontologies, which data points to include and exclude

— a vital part of analysis often inconsistently performed and documented.

These two studies demonstrate how process-oriented data research can more

closely align itself to real research questions in healthcare and epidemiology,

and how shared definitions of pathways and their contents can make analysis

more transparent and reproducible.

An evaluation of the suitability of knowledge graph embedding algo-
rithms for creating meaningful representations of healthcare concepts

A drawback of current methods for measuring pathway similarity is their

tendency to create binary divisions, for example between patients “follow-

ing” or “not following” a pathway, or between interventions that are either

“acceptable” or “not acceptable” components of the pathway. This ignores

the fact that similarity and relevance are not binary, and that some concepts

can be inherently more or less similar to others. For this reason, vector

embeddings that describe concept similarity are potentially a very useful

tool; I therefore examine KGEs, a set of embedding algorithms that focus on

graph-encoded knowledge, and investigate how effective they are at creating

meaningful representations of concepts from SNOMED CT using a rigorous

evaluation approach that combines two existing evaluation frameworks.

A method for measuring similarity between two patient pathways

Continuing the idea that semantic similarity should be an important part

of pathway methods, I propose embedding-based dynamic time warping

(E-DTW), a measure of similarity between patient pathways that takes into

account both the semantic similarity of the events involved and the timing

between them. This approach is designed with a number of features in mind

to make it practical and advantageous for deployment in real healthcare

systems.

An analysis of the relationship between care pathways and retrospective
datasets

As well as examining how similar patients’ pathways are to each other,

many research questions involve measuring how similar real pathways are

to recommended pathways. Previous formalisms for representing guide-
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lines typically focus on individual intervention points and decision support

applications, and have not been widely adopted. I propose a language for

representing pathway guidelines that is specifically tailored to the require-

ments of whole-pathway analysis in large retrospective datasets: it encodes

temporal constraints that are important to pathways, and it supports the use

of the E-DTW metric, allowing patient populations to be compared against

pathways at scale.

1.3 Publications

Elements of this thesis have previously been published in peer-reviewed

papers. Section 3.2 is based on work presented at HICSS 2024 as Care records

and healthcare processes: adding context to clinical codes (Chammas et al. 2024).

Lara Chammas was responsible for conceiving the original methodology and

principles, and leading the writing of the paper including the interpretation

of results; I was responsible for all data preparation, coding and analysis,

as well as contributions to writing. Emanuel Sallinger, Jim Davies, and Eva

Morris provided overall supervision and feedback.

Section 3.3 is based on work presented at PODS4H 2023 as Investigating

an ontology-informed approach to event log generation in healthcare (Dwyer

et al. 2024). I conceived the original method, prepared all data and code,

and performed all analysis. Lara Chammas provided assistance in writing

and conceptualisation; Emanuel Sallinger and Jim Davies provided overall

supervision and feedback. The version described in this thesis significantly

develops this work, expanding the scope of the method, and evaluates it in

a greater number of scenarios. Since the original submission of this thesis,

this follow-up has been published in the Journal of Intelligent Information

Systems as Using ontologies to facilitate healthcare process mining and analysis

(Dwyer et al. 2025).

I also led the writing of an additional paper, Reasoning over health records

with Vadalog: a rule-based approach to patient pathways (Dwyer et al. 2023),

which won the RULEML+RR 2023 Rule Challenge. This work is not detailed

in this paper, since it largely deals with methods outside of the scope of this

thesis; it is, however, cited as supporting evidence in Sections 2.5 and 5.1.3.

1.4 Structure

The relevant background material that this thesis builds on is introduced in

Chapter 2. It introduces the concept of clinical pathways and the ways in

which they are typically evaluated. It then provides an overview of relevant
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work on computationally modelling and comparing pathways, including

process mining and machine learning methods. It then introduces knowledge

graph methods and their applications in health data, as well as considering

the practical factors in implementing AI and data solutions in healthcare

systems.

Chapter 3 presents two different views on the definition and construction

of patient pathways. It discusses pathway data from the point of view of

real implementation in the healthcare system, including the ways in which

coded and structured clinical data is influenced by contextual and human

factors, and examines the extent to which these factors affect real process

models. Firstly, pathways are examined from a data-oriented perspective,

and consider which data points should be analysed to create meaningful

models. Secondly a method is proposed for automatically preparing process

models from raw datasets with the help of domain knowledge from formal

ontologies, and is demonstrated in practice.

Chapter 4 proposes E-DTW, a method for quantifying the similarity

between patient pathways. It compares several existing methods for creating

low-dimensional representations of concepts, focusing on knowledge graph

embeddings. Several KGE approaches are compared and evaluated based on

their ability to represent concepts from the SNOMED CT ontology. Appendix

A includes detailed results each of the KGE approaches evaluated, including

a breakdown by individual code chapters, and comparisons of within- and

between group distances. A method is then outlined which composes these

representations into pathways, and measures the differences between them.

This method is then applied to a dataset of rectal cancer pathways; several

different variations of the model are tested and compared, and an extended

comparison is included in Appendix B. The method is used to discover natural

clusters in the data, which are examined to identify how differences in patient

characteristics related to differences in treatment, and are compared to known

phenotypes from previous research on the subject.

Chapter 5 extends this method to the related problem of measuring simi-

larity between observed pathways in data and idealised pathways described

in guidelines. It examines existing methods for encoding guidelines, con-

sidering their advantages and disadvantages. Following this, it considers

the specific characteristics of clinical guidelines in the UK and the needs of

pathway-focused research, and describes a notation for representing path-

ways tailored to these needs. A method is then proposed for converting these

representations into low-dimensional form, such that they can be compared

using the E-DTW measure; this is again applied to a set of rectal cancer

pathways and the research implications are discussed.
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Finally, Chapter 6 discusses this thesis’ key findings, their relationship

to each other, their contributions to the field, and their implications for re-

searchers and practitioners. I identify five key messages from the experiments

described here, as well as several promising avenues for future research.



2 Literature review

This chapter provides background information on a number of relevant areas

of research to this thesis. It firstly introduces the broad context of data-

driven healthcare research in the UK, and the practical considerations and

limitations involved in implementing data-intensive methods in a healthcare

system. It then introduces the concept of clinical pathways in detail, by

examining the existing literature on their definition and implementation,

and particularly focuses on the current methods that are used to analyse

and evaluate them including both their advantages and drawbacks. It then

moves on to discuss several methodologies that offer potential solutions, in

particular the various methods that have been proposed for the analysis of

either pathways or similarly structured problems such as disease trajectories

or sequences of states. Finally, key concepts surrounding knowledge graphs

and the Unified Modelling Language standard are introduced.

2.1 Data-driven research in the NHS

In recent years, significant attention has been paid to the vast amounts of data

created and stored by the UK’s National Health Service (NHS), and much has

been made of its potential to support a variety of endeavours: in analysing

and planning service provision, in identifying patients who would benefit

from new interventions or screening programmes, in identifying participants

in clinical trials, and in conducting large-scale population health studies

(Sudlow 2024). In parallel, the recent boom in artificial intelligence (AI) has

led to significant interest in the use of AI to support medical research and

treatment, with the British government pledging millions for AI-focused

projects (Department of Health and Social Care (DHSC) 2023).

Despite these opportunities, there are many barriers to the use of health

data for research. Some of these are structural: the NHS’s data infrastructure

is highly fragmented, consisting of 7,000 individual data controllers, which

makes gathering data on a scale sufficient to perform population-level analy-

ses or to train advanced models very difficult (Zhang et al. 2023). There are

also limitations of the data itself. Developers of AI models often assume that

perfect and complete data exists in place — in reality, properly structured
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and coded data often doesn’t exist, or not at the necessary scale (Bainbridge

2019).

The data that exists is also not a perfect and complete record of the

decision making process. EHR systems are not designed for research first —

they are designed as a note-taking tool for clinicians (Goldacre & J. Morley

2022). Events can go unrecorded, or recorded incorrectly, either due to human

error and miscommunication (Nouraei et al. 2016; O’Malley et al. 2005), or

because of systematic recording practices (Fawcett et al. 2019; Martin et al.

2024). On a fundamental level, there is no such thing as objective data,

because which data is even collected and how it is measured is shaped by

human values and decisions (Pine & Liboiron 2015).

These data quality issues will in turn affect models trained on such data.

Sambasivan et al. (2021) define a “data cascade” as a series of data issues that

compound over time to cause significant negative effects downstream. These

original issues can be with data collection, initial analysis and cleaning, or

they can be more fundamental, such as a misalignment of the purpose of the

original data with the purpose of the analysis. At best, AI models from poor

data lead to abandoned projects or expensive and time-consuming repeats

of the data collection; at worst, operationalising such models could actively

cause harm. Blindly applying AI to data without considering that data’s

provenance is unhelpful.

There are also practical issues associated with implementing AI tech-

nologies in practice. Cutting-edge deep learning models require substantial

quantities of data to be effective, which as mentioned, is difficulty to gather

in one place. Many healthcare systems lack the digital infrastructure to

implement AI technologies; in the NHS, this includes the often poor com-

puter infrastructure in NHS trusts, the considerable inconsistencies that

exist between trusts, and the increased workload on already overstretched

IT teams (Fazakarley et al. 2023). Proper and meaningful implementation

requires the in-house capability to procure and implement systems; the re-

sources to support their ongoing maintenance; and the know-how to select

appropriate solutions, especially given the currently haphazard state of regu-

lation and support (Karpathakis et al. 2024). More evidence is needed on the

cost effectiveness, time savings, and resource usage of implementing such

technologies (NICE 2023a,b)

Spending money on new data and AI technologies is therefore not a

silver bullet that will instantly reform the healthcare system. Aggarwal et al.

(2022; 2024) caution against an over-reliance on technological innovations,

arguing that many of the key pressures currently facing the NHS are oper-

ation and societal: the large backlog of cancer patients awaiting diagnosis,
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the challenges in workforce capacity, and future changes in demographic

structure and widening society inequalities. An emphasis on cutting-edge

technologies risks ignoring the social and economic contexts that influence

healthcare outcomes, and the healthcare systems that deliver these inter-

ventions. Meaningful use of data needs to practically consider the system it

operates in, and how it is contributing to improved patient outcomes.

2.2 Artificial intelligence in healthcare

The idea that AI could be applied to healthcare scenarios is almost as old

as the field itself. The origins of AI as a discipline lie in the 1950s and ‘60s,

when many of the basic ideas that still underpin both symbolic and neural

methods were established. However, the relatively limited computational

power of the time meant that many bold claims were never achieved (Kautz

2022; S. Russell & Norvig 2021).

In the 1970s and ‘80s, focus shifted to knowledge representation: the

idea that an expert such as a doctor or engineer’s knowledge in a particular

domain could be encoded into an “expert system” was extremely popular

(Haigh 2024b; Kautz 2022; S. Russell & Norvig 2021). These methods involved

encoding knowledge into sets of facts and rules that could be reasoned over to

make decisions (Shortliffe 1986). These approaches saw mixed success: they

captured rules well, but probability and uncertainty poorly, and the sheer

scale of work required to transform entire domains into sets of rules without

error was in many cases untenable. Many were successful on a technical

level, but did not achieve widespread adoption as a result of managerial

and technical factors (Gill 1995). In many cases, businesses began to use

these systems, but struggled to maintain the skills and staff required to keep

systems up-to-date (Haigh 2024b; Kaul et al. 2020).

In the medical field specifically, progress slowed due to the difficulties of

constantly updating the knowledge, the challenge of learning multiple sys-

tems for different diseases, and the reluctance of doctors to trust automated

diagnoses. Whilst few complete expert systems made it into everyday use

(Heathfield 1999; Wyatt & Spiegelhalter 1991), many of their principles were

adopted, and continue to be used, in narrower decision support systems which

focus on particular diseases or scenarios and combine logical rules with data

from patients’ record to aid in decision-making (Gordon 1996; Sutton et al.

2020).

The modern era of AI is often considered to have begun with the release

of the AlexNet convolutional neural network in 2012, which dramatically

outperformed traditional computer vision algorithms and popularised many-
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layered neural networks. Since this point, deep learning (LeCun et al. 2015)

has been by far the dominant paradigm in AI, and has received mainstream

attention with the release of a variety of publicly available models, most

notably OpenAI’s ChatGPT large language model (LLM). At the time of

writing, deep learning and LLMs are considered to represent the state of the

art in AI.

Histories of AI typically describe the history of the field as a pattern of

repeated “boom and bust” cycles, alternating between periods of intense

progress and optimism (the three “AI summers” described above) and periods

of disappointment and disillusionment (Cordeschi 2007; Kautz 2022; S. Russell

& Norvig 2021). This characterisation of AI history as being divided into

“summers” and “winters” has also been challenged. Whilst public interest,

funding, and commercialisation of AI (in short, “hype”) has wavered (Agar

2020; Haigh 2024a), many significant advances were also made during the

so-called “winters” (Haigh 2023).

The present level of interest and investment in AI is undoubtedly un-

precedented (Floridi 2024). However, whilst AI has achieved undoubtedly

impressive results on a wide range of medical tasks in the academic liter-

ature, this does not guarantee successful translation to care scenarios, or

meaningful improvements for the average patient’s experience. In 2016, a

noted AI pioneer infamously commented that “people should stop training

radiologists now”; eight years later, radiologists — along with other medical

professionals — still find themselves very much in demand. It is clear that

there exists a significant gap between the state of research in medical AI,

and real clinical practice in working healthcare systems.

This can be attributed to a number of factors. Firstly, there is uncertainty

as to how well AI actually performs in the real world. A surprising number

of such studies do not report results according to guidelines, and often make

bold recommendations for clinical use without externally validating them

in such scenarios (Andaur Navarro et al. 2023; Dhiman et al. 2023). It has

been suggested that a large number of prediction models report inflated

performance estimates (Kapoor & Narayanan 2023; N. White et al. 2023).

Roberts et al. (2021), for example, examined 415 papers purporting to detect

COVID-19 from imaging data, and found that none of them were suitable for

clinical use due to methodological flaws and underlying bias. As Karpathakis

et al. (2024) put it, “evidence of statistical accuracy is not evidence of clinical

or operational effectiveness”.

Modern AI also requires colossal quantities of data to train and test,

which, as already discussed, are often not available in the NHS’s fragmented

data environment. Progress has been made on this front, with several projects
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aiming to pool this data at the regional or national level (DHSC 2022; J.

Morley & Zhang 2023; Nab et al. 2024), but the problem returns at the

international scale, where different national datasets use inconsistent formats

and are effectively incompatible. Healthcare data is not infinite: it is human-

generated, substantially smaller than the volume of data available in other

domains, and not guaranteed to grow at the same rate (Villalobos et al.

2024). The AI-aided generation of synthetic data is sometimes proposed

as a solution, but research indicates that this is of limited use at scale: the

accumulation of small errors means that at each stage, models are trained on

worse and worse data, eventually leading to a complete collapse in quality

(Shumailov et al. 2024).

This increasing scale applies not just to data, but also to computational

power and expense, which is increasingly making model training the preserve

of major corporations, and inaccessible to the academic community (Owens

2024). This requirement to store enormous volumes of data, train models

for weeks on end, and manufacture and dispose of specialist hardware also

creates a substantial environmental impact (Jay et al. 2024; Lucivero 2024;

Strubell et al. 2019). The alternative argument, of course, is that there may

well be sustainability benefits to be gained if AI can help to improve efficiency

of medical treatment (Doo et al. 2024), but any such impacts are difficult to

quantify, and any study that attempts to put a number to emissions relies

on guesswork. Regardless, a truly useful data-driven or AI tool needs to

be workable within the context of an increasingly resource-constrained

healthcare system.

Finally, the increasing focus on large-scale “everything models”, trained

on enormous amounts of publicly available data, does not necessarily serve

medical applications well. General-purpose models are usually outperformed

in medical contexts by smaller, task-specific models (Brown et al. 2025; S.

Chen et al. 2024; Lehman et al. 2023). The question-answering tasks that

language-based models are designed to excel at are not representative of

real-world use cases, which creates a gap between impressive “state of the

art” performance on benchmarks, and the performance on metrics that really

matter to healthcare systems (Wornow et al. 2023).

AI is commonly divided into two distinct halves. Symbolic AI incorpo-

rates methods based on human-readable representations of processes, such

as logical rules and ontologies, whilst sub-symbolic or connectionist AI is

based on correlations between input and output variables, and encompasses

statistical learning methods such as deep learning and language models (Goel

2021; Ilkou & Koutraki 2020). Both paradigms have their advantages and

disadvantages. Symbolic AI, being based on logical rules, can reason about
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problems in predictable ways, and use explainable steps to do so. Relying on

facts, rather than observed patterns, means that they do not require large

amounts of training data. However, these rules require human effort to

curate and maintain, limiting scalability.

Sub-symbolic methods, by contrast, rely on observing the statistical prop-

erties of a dataset and establishing correlations between variables, which

makes them far more resilient to noise, but also entirely dependent on their

training data, and far more opaque, especially in the case of deep learning

methods which can make use of millions of individual weights. This reliance

on statistical patterns means that they struggle to perform logical reasoning

(Gerber & Eybers 2025; Shojaee et al. 2025). Language models, for example,

create the appearance of logical reasoning by mimicking human writing, but

without any particular regard for truth, instead assuming that correlation

and frequency in training data corresponds with factual accuracy (Hicks

et al. 2024). Within healthcare, this reliance on the training data is a funda-

mental issue, severely limiting models’ generalisability, and introducing bias

according to the particular patient population used.

Ideally, useful AI in a healthcare scenario should combine the advan-

tages of both: sub-symbolic methods’ ability to quickly and flexibly identify

patterns in enormous datasets, with symbolic methods’ ability to support

decision making with known facts and logic, linking findings to strictly

define concepts and following logical mechanisms of action.

2.3 Clinical pathways

In healthcare, a pathway is a particular “route” through identification, diag-

nosis, treatment and follow-up, usually specified in a guideline or policy that

aims to standardise care for a particular condition or group of patients. A pa-

tients’ routes through the healthcare system matter: the referral route taken

by a patient, and the time taken to reach diagnosis or treatment, can have a

measurable effect on outcomes (Neal et al. 2007, 2015). Pathways therefore

exist to standardise these routes and improve outcomes. In the UK, the best

known clinical guidelines are those published by the National Institute for

Health and Care Excellence (NICE): their guidelines on colorectal cancer

(NICE 2015, 2020) provide an idea of what the patient pathway looks like

for a patient with colorectal cancer. Patients presenting with serious symp-

toms are supposed to receive an urgent referral to a specialist, and be seen

within two weeks — this is known as the two-week wait (2WW) pathway.

Patients who present with milder symptoms should first be offered a faecal

immunochemical test (FIT), which tests for the presence of blood in the stool,
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and referred through the 2WW pathway only if the test meets a certain

threshold. Following a positive diagnosis, the first step for colon tumours

is generally surgery, with laparoscopic (“keyhole”) surgery the preferred

option. This is typically followed by adjuvant chemotherapy, chemotherapy

applied after the initial treatment to minimise the chances of recurrence,

with three particular drug regimens recommended. In more severe cases,

chemotherapy might occur before surgery, and in cases of bowel obstruc-

tion, stenting is an option before surgery, but only where the intention is

for palliative rather than curative care. The pathway for rectal tumours is

similar, with additional options for pre-operative radiotherapy in addition

to chemotherapy, but no mention of stenting. In cases of metastatic cancer,

tests for certain genetic mutations are recommended, before several different

options for chemo- or immunotherapy, eventually followed by palliative care

if necessary. This example demonstrates that the pathways recommended

by guidelines — even the broadest guidelines decided at a national level

— are rarely straightforward paths, but are complex sets of branching and

intersecting routes that depend on many variables.

Pathways are not static, and will evolve in the light of new evidence and

changing patient needs. For example, FIT is commonly recommended in

colorectal cancer pathways as a “rule-in” factor where a patient does not

otherwise qualify for a referral, but during the COVID-19 pandemic many

providers attempted to ease pressure on hospital capacity by extending

its usage to all symptomatic patients (Loveday et al. 2021). Occasionally,

entirely new pathways are introduced from scratch. Cancer patients can

sometimes experience symptoms that are clearly concerning, but not specific

to any particular cancer site, which has can lead to delays and require tests

to be repeated as they are re-referred along different pathways; in recent

years, new pathways have been specifically devised for patients with these

“low-risk but not no-risk” symptoms, in order to address these inefficiencies

(Nicholson et al. 2018).

Ultimately, however, the guidelines that describe and promote pathways

are just guidelines. Their interpretation and implementation will vary ac-

cording to local needs, and clinicians will also incorporate their judgement,

expertise, and opinion in making decisions.

2.3.1 Evaluating clinical pathways

Because different pathways have been associated with different outcomes,

a key research objective is evaluating their effectiveness in terms of both

clinical and economic outcomes. The implementation of pathways has been
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associated with faster diagnosis, reduced complications, and reduced costs,

amongst others (Neal et al. 2014; Rotter et al. 2010). However, not all studies

have found consistent results: effectiveness varies in different disease areas

and in different patient groups (Allen et al. 2009). A set of guidelines is only

as good as the evidence it is based upon — it is therefore important to conduct

evaluations of clinical pathways in practice, to establish whether a patient’s

adherence to a particular pathway is actually associated with any clinical

benefits in terms of their outcomes.

Lee et al. (2019) systematically review the approaches used to evaluate

clinical pathways. The majority of evaluations use a pre-post study design,

meaning that they compared cohorts of patients who were treated before

and after the implementation of a particular pathway. Most frequently, this

meant that the pre-intervention cohort was studied retrospectively from

historic patient data, and the post-intervention cohort was studied prospec-

tively by observing patients following an explicitly designed pathway. The

second most common design was the case-control study, where control and

case groups from the same period in time were compared, either prospec-

tively or retrospectively. Most studies used classical statistical tests such

as Student’s 𝑡-test, the 𝜒 2 test, or Fisher’s exact test to compare the two

groups. Nine studies estimated covariate effects using a regression model;

only one applied Kaplan-Meier survival analysis. 90% of articles identified

some improvement in patient outcomes, including shorter length of stay,

reduced variation in clinical processes, and fewer adverse events, although

the authors acknowledge that publication bias likely led to an overestimation

of effectiveness.

This review provides a useful window into the methods currently used

to evaluate pathways, but it is very limited in that it only considers studies

that conducted economic evaluations of pathways, which eliminated 473 out

of the 528 initially identified. Economic metrics are only one way to evaluate

patient pathways, with patients’ health outcomes being another — perhaps

greater — priority.

Rotter et al.’s systematic review (2012) is older but more thorough, and

considers four different study designs: randomised controlled trials, con-

trolled clinical trials, controlled before and after studies, and interrupted time

series analyses. They observe that more than 70% of studies were pre-post

comparisons of yearly cohorts — confirming Lee et al.’s findings — but argue

that such studies should be excluded entirely from consideration as they

are likely to be misleading, since the time difference is likely to introduce

a number of confounding factors such as changes in case mix, changes in

hospital policy, or more general hospital quality improvement. This sup-
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ports the conclusion that on the whole, there are relatively few high-quality

evaluations that investigate the effectiveness of clinical pathways.

A handful of attempts have been made to analyse pathways in alternative

ways, for example by assigning patients scores based on their similarity to a

particular pathway. Forster et al. (2020) develop a measure of an individual

patient’s concordance with a pathway. They identify the steps most essential

to survival, in consultation with domain experts, and assign them specific

time intervals and a maximum permissible number of encounters. From

these five key events, they establish four possible sequence groups that they

could occur in, three of which are considered concordant with the pathway.

Based on this definition, the cohort is then divided into concordant and

non-concordant patients, and logistic regression used to identify predictors

of concordance. The measure of concordance is relatively crude, including

only 5 elements of care, with no weighting according to importance or

association with outcome measures. This raises a key challenge of pathway

research: pathways are often described in ambiguous or unclear ways. This

study also highlights the high level of clinician engagement required, which

makes generalisation of this technique to other diseases time-consuming

and expensive. Additionally, only stage II and III colon cancer are included

in the study, as “the pathway maps for those two groups were felt to be the

most clearly specified”.

Van Zelm et al. (2018) also describe a protocol for evaluating pathways,

which involves dividing a pathway into five components — intervention,

context, implementation, mechanism of impact, and outcomes — each evalu-

ated with either quantitative and qualitative methods, or both. Adherence

is quantified according to the percentage of these interventions the patient

receives.

The majority of analyses of clinical pathways therefore rely on dividing

patients into case and control groups of patients who followed the pathway,

and patients who did not. Whilst this analysis might be appropriate for a

situation such as a randomised controlled trial, where patients’ treatment

pathways can be prospectively assigned and rigorously enforced to ensure

in-group homogeneity, an increasing proportion of studies now consist of

retrospective analyses of routinely collected data. It is therefore likely that bi-

nary “pathway” and “non-pathway” groups conceal significant heterogeneity,

and such analysis would be better conducted by evaluating patients in more

granular groups, according to multiple dimensions of possible divergence

from the pathway.
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2.3.2 Summary

In summary, patient pathways are a widely used tool to standardise and

improve healthcare outcomes. It is clear that no “gold standard” method for

comparing patients to a particular pathway exists. Historically, evaluations

have compared the outcomes of patients before and after a change in policy,

but this is vulnerable to any number of confounding factors. Any evaluation

of clinical pathways also needs to take into account that every patient is an

individual, that deviations from a recommended pathway often happen for a

reason, and therefore that enforcing or encouraging complete compliance

with a pathway in all cases is neither feasible nor useful.

2.4 Analysing pathways

There clearly exist a substantial number of research questions around the

delivery and effectiveness of clinical pathways, but a relatively small set of

methods are used to answer these questions in the established healthcare

literature. A number of alternative methods have been proposed as solutions,

most notably process mining and electronic phenotyping, but there is also

relevant research on similar problems in other medical scenarios. This section

examines a variety of existing methods that have previously been used to

analyse pathways, histories, journeys, sequences, or trajectories in some

way; whether by characterising them, comparing them, or identifying similar

instances.

2.4.1 Electronic phenotyping

EHR systems are a rich source of data, and they have proven a powerful

resource in recent years for planning and research. However, all medical

records fundamentally rely on human data entry. This labour-intensive

coding process, combined with the sheer number and complexity of stages

in a patient’s treatment introduces numerous sources of accidental error,

making inaccuracies not just possible but inevitable. Miscommunication

between patients, clinicians or coders, lost or misplaced paperwork, the level

of training and experience of using EHR systems, and transcription errors are

all potential issues (O’Malley et al. 2005). Additionally, deliberate practices

such as “up-coding” and “coding inflation”, i.e. choosing the most expensive

code or adding extra secondary codes to maximise reimbursement, have

been reported in the UK (Fawcett et al. 2019).

A UK-based study of over 8,000 discharge reports found that when au-

dited, 55% of records required at least one change, and 16.8% required a
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change to the primary diagnosis (Nouraei et al. 2016). Another study looking

specifically at endocarditis found that estimating incidence from ICD-10

codes lead to a twofold overestimate in cases. However, critical selection of

code inclusion criteria by domain experts — as opposed to simply including

all codes containing the term “endocarditis” — did improve accuracy, suggest-

ing that some process of human code validation is necessary for EHR-based

studies to be meaningful (Fawcett et al. 2019). This in turn creates addi-

tional problems, where differences in opinion lead to different studies using

different definitions of the same disease, although repositories of standard

codelists have been developed as one solution to aid reproducibility (Denaxas

et al. 2019).

Because of these inaccuracies in clinical coding, identifying particular

cohorts of patients generally involves the analysis of multiple data points in

addition to just diagnosis codes. This process of identifying patients with par-

ticular characteristics of interest is known as electronic phenotyping (Banda

et al. 2018). Phenotypes can vary widely in complexity and specificity, from

“patients with 𝑥 disease” to “patients admitted in time window 𝑡1...𝑡𝑛 with 𝑥, 𝑦
and 𝑧 diseases with symptoms 𝑎 and 𝑏 and outcome 𝑜”. The ability to retrieve

cohorts of patients according to these criteria is vital for almost any study

type that relies on EHR data, including epidemiological studies, genome-

wide association studies, predictive modelling, and clinical trial recruitment.

Banda et al. define three main approaches to electronic phenotyping. The

first, the traditional rule-based approach, involves specifying inclusion or

exclusion criteria based on codes or values, as in the aforementioned exam-

ples, and has been used since at least the 1990s. Over time, the addition of

further data sources such as clinical text keywords and medication data has

further improved precision, although retrieval performance can vary widely

depending on the disease. In particular, more complex queries involving

multiple diseases and fragmented datasets can exhibit poor sensitivity. These

increasingly complex definitions can come at a price: for example, K. I. Mor-

ley et al. (2014) define an atrial fibrillation phenotype that incorporates 286

codes across four coding systems, but the process required an extremely

time-consuming process of iterative expert review.

The second group includes the increasing number of approaches that

make use of additional information available from unstructured sources

such as clinical notes, letters, and reports, originally with pattern match-

ing and in recent years with natural language processing (NLP) techniques.

Phenotypes that combine traditional rules with NLP techniques have demon-

strated strong performance, and are now widely used. The third and final

group of phenotype methods are the emerging machine learning-supported
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approaches, most significantly the introduction of “high-throughput phe-

notyping”, which marks a shift away from hand-crafted disease-specific

phenotypes, and towards scalable and unsupervised generation of many

phenotypes using machine learning (ML) approaches. Validating phenotypes

remains challenging however, with many approaches relying on clinician

review (Kho et al. 2012).

The idea of identifying patients who follow particular pathways can

be viewed as a form of phenotyping, but one that is defined in terms of

procedures and interventions rather than the more common diagnoses and

symptoms. The parallels between electronic phenotyping and clinical path-

way analysis have previously been observed (Dagliati et al. 2017), since they

share the key objectives of identifying distinct cohorts and representative

features for specific diseases. Pathway analysis tasks, in particular clustering,

can be viewed as effectively a form of electronic phenotyping that places a

greater emphasis on procedures and interventions rather than symptoms

and diagnoses, and generally being longitudinal rather than cross-sectional

in nature. Therefore, it is likely that some of the methods used in electronic

phenotyping might, with some modification, be useful components in a path-

way analysis toolkit, although since the data comes from the same sources

all of the drawbacks of EHR data will still apply.

2.4.2 String metrics

The most straightforward approaches to comparing pathways represent them

as simple strings, with each letter representing a particular event. Williams

et al. (2014) demonstrate that basic string metrics, such as the edit distance

or longest common subsequence (LCS), can be used to match patient trace

strings to pathway strings with very high accuracy. However, the method is

demonstrated on a simple pathway with only two decision points, and there is

no discussion of the granularity of the original dataset or the data preparation

process, meaning that it is not clear which information was present in the

original dataset and how decisions around exclusion or inclusion of original

events were made. Vogt et al. (2018) similarly demonstrate that a distance

measure based on the LCS metric can be used to cluster patient pathways

and identify distinct subpopulations, as well as identify the most effective

sequences for optimising outcomes. In both cases, it is unclear how well such

an approach would scale to, a modern cancer pathway with significantly

greater complexity and potentially thousands of possible different events.

Both of these examples treat procedure codes as unstructured, discrete

concepts without acknowledging that some procedures are inherently more
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similar than others; Aspland et al. (2021) address this by using a modified

version of the Needleman-Wunsch algorithm, a long-established algorithm

widely used in the field of bioinformatics to align genetic sequences. In

their modified version, three additional rules are introduced to the algorithm:

some activities are not allowed to substitute for others, where an activity is in-

trinsically “too different” to the one recommended; secondly, some activities

are designated as members of the same group, making them interchange-

able without penalty; and finally, activities can be weighted according to

their importance in the care process, with the weights subjectively defined

according to clinician input. In terms of accuracy, this approach matched

classic text metrics similar to those used by Williams, but the incorporation

of domain-relevant constraints on the matching process arguably make the

resulting clusters more clinically meaningful, and a better reflection of the

true nature of clinical pathways.

2.4.3 State sequence analysis

State sequence analysis (SSA) is a methodology that originates in the social

sciences, originally developed for tracking career or educational patterns.

Le Meur et al. (2015) are possibly the first authors to apply this method in a

healthcare context, to compare prenatal care trajectories. Roux et al. (2019)

provide a deeper dive into the methodology, and apply it to multiple sclerosis.

In their approach, a care pathway is a sequence of states representing levels of

care consumption — for example, a period of high care contact representing

more intensive treatment, followed by a period of lower care consumption

representing stable disease. The unit of time can be a standard unit such

as days or months, but it can also be specific to a particular scenario, for

example the trimesters of a pregnancy. An “alphabet” of possible values

for each state needs to be created — Roux et al. use five possible levels of

healthcare utilisation; these are found by summing the total annual number

of healthcare consultations and admissions, and splitting them into four

quartiles plus a zero group. Following this, the similarity between sequences

is measured, usually based on string metrics such as the Levenshtein or

Hamming distance, LCS, or simply the number of matching subsequences.

The resulting dissimilarity matrix can be used as input for a variety of ML

tasks, typically clustering.

The SSA approach is relatively flexible in its application, since the states

do not necessarily have to represent care consumption — their meaning can

be chosen by the researcher. For example, a later study by Le Meur et al.

(2019) uses states representing one of five possible treatment modalities,
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plus waiting and death. Savaré et al. (2023) count the number of discrete

treatment types given in a week. Biggin et al. (2023), investigating outpatient

appointments, consider two possible state encoding schemes: a binary sys-

tem, where time is quantised into months with a value of either appointment

or no appointment, or alternatively according to an alphabet of five possible

values representing the outcomes of an appointment, ordered simply by

appointment number rather than proportional to time.

Counting the number of consultations in a given time period — as used

by Roux et al. (2019) and Roth et al. (2022) — is an effective, but relatively

simplistic view of a healthcare system. A future extension might consider

weighting each consultation based on, for example, its intensity, its per-

ceived importance to the treatment process, or to its resource usage from

the provider’s perspective. Ultimately, SSA is a useful approach for examin-

ing healthcare service usage from an economic or social perspective, but it

reveals a limited amount about the actual treatments offered from a clinical

perspective. There is therefore room to adapt these methods to consider

the specific sequences of treatments offered, and examine the relationship

between these sequences and clinical outcomes.

Comparative studies have indicated that SSA provides results comparable

to latent class analysis (LCA) (Barban & Billari 2012; Han et al. 2017; Mikolai

& Lyons-Amos 2017), but does not require specification of a model. The

specific distance metric chosen can affect the output: Studer & Ritschard

(2016) compare several different distance measures applied to life trajectories,

highlighting that there are few “incorrect” distance measures and that the

the choice depends on the focus of the study. For example, researchers

might desire easy identification of changes in sequencing, sensitivity to

small perturbations, or changes in timing, all of which might suit different

measures.

Representation aside, SSA approaches are built on string metrics and

therefore share their disadvantages. Most measures based on sequence

similarity fail to take into account semantic difference: where there are many

possible states in a sequence, it is likely that some states are more similar than

others, and approaches that rely on counting the number of edits will not

take this into account. Rivault et al. (2017) propose a solution that modifies

the LCS measure to take into account concept similarity, as quantified by the

number of nodes separating the two concepts in an ontology or hierarchy.
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2.4.4 Process mining

Process mining (PM) is a family of methods focused on extracting insights

from event logs — chronological records of historic activities. PM is classically

divided into three areas: discovery, in which event logs are analysed to

discover process models; conformance checking, in which the behaviour of

event logs are compared to existing process models; and enhancement, in

which existing process models are extended and improved (van der Aalst

2012). Despite the success of PM in business and industry, it is often observed

that their results can be more mixed on medical data, with algorithms being

poorly equipped to deal with unstructured processes, and strongly influenced

by noise, incompleteness and the sheer number of process variants (Kaymak

et al. 2012; Lang et al. 2008; W. Yang & Su 2014).

Healthcare processes evidently present a number of unique challenges.

They are characterised by four key properties: they are highly dynamic,

changing as new interventions and technologies are introduced; they are

highly complex, relying on large amounts of data and unpredictable events;

they are increasingly multidisciplinary, requiring coordination between

multiple specialist units in an organisation; and they are ad hoc, often

modified and interpreted according to individual preference and profes-

sional judgement, making processes highly variable, non-repetitive and

non-deterministic (Rebuge & Ferreira 2012). Healthcare processes therefore

create data characterised by incomplete and noisy signals, high levels of

variation in processes, and an abundance of exceptional behaviours, many

of which should ideally be captured rather than disregarded. Together, these

key obstacles mean that the most common PM approaches do not always

produce useful results when applied to healthcare data and problems.

This does not mean that PM does not work on healthcare data at all. There

has been some success applying PM to disease trajectories, i.e. diagnosis-only

data (Kusuma et al. 2020, 2021), but a study of patient pathways naturally

needs to include a much more diverse set of data, covering diagnostic and

treatment processes. Mans et al. (2008) analyse stroke care across two dif-

ferent hospitals and create two separate process models, allowing the two

centres’ practices to be compared. This produces useful and interpretable

insights, for example, the authors found that one hospital clearly performs

hypertension therapy earlier and more frequently.

Rebuge & Ferreira (2012) address these drawbacks by proposing a new

PM methodology that emphasises infrequent behaviours and process vari-

ants. Sequence clustering is performed by generating Markov chains with

random transition matrices, and iteratively assigning traces to the most likely
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source chain to have produced it, until clear clusters of high support (the

most common processes) and low support (detected variants and outliers)

emerge. However, this technique is only tested on a relatively small radiology

workflow, a process of six steps undertaken as part of one episode of care.

Whether or not this method would generalise to an entire treatment pathway,

which would likely be far more complex and contain greater variation, is

untested.

In summary, it is clear that simply applying off-the-shelf PM techniques

to clinical datasets does not guarantee useful results, often leading to either

invalid or partial models, or models which do not reflect reality. Whilst PM

is domain-agnostic in principle, numerous studies have indicated that the

distinctive nature of healthcare processes creates real practical challenges.

Some healthcare PM applications have generated useful results in small case

studies, but the methods are yet to fully account for the dynamic and complex

nature of pathways and prove themselves on large-scale multidisciplinary

pathways.

2.4.5 Machine learning

A number of studies have sought to use machine learning (ML) techniques to

analyse pathways. Paik et al. (2019) extract “diagnosis trajectories”, i.e. com-

monly co-occurring pairs of diseases, and use an algorithm to concatenate

them into multiple graphs of the most common disease sequences. Much

like some of the previous disease trajectory approaches in PM, this is useful

but does not incorporate the range of event types needed to gain a clear

understanding of clinical pathways. Pokharel et al. (2020) propose structur-

ing patients as a “temporal tree”, a set of trees each describing the events

at a particular time point. These trees are then transformed into a string

representation via either breadth- or depth-first search, and this string is

converted to a low dimensional vector space through word embedding algo-

rithms. Given that the actual analysis is performed on a string representation

of the tree, rather than the tree structure itself, this could be viewed as an

extension of the simple text metrics described in Section 2.4.2, but using

more advanced NLP techniques in place of rule-based algorithms.

Some approaches use more complex ML techniques such as neural net-

works. Castela Forte et al. (2021) compare a number of different ML algo-

rithms, and find that deep embeddings learned through neural networks

generally outperform traditional methods for clustering. Carr et al. (2021)

describe an autoencoder approach to patient clustering. Instead of ignoring

information that does not predict future events, as is common in other cluster-
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ing approaches, the patients’ full trajectory is retained to prioritise clinically

interpretable clusters. Rather than using standard clustering methods on

the output vectors, the process is incorporated into the neural network by

adding a clustering layer, allowing cluster assignments to back-propagate

and optimise the learned embeddings for clustering purposes. The approach

combines predictive (outcome-centric) and unsupervised (pathway-centric)

approaches, allowing the weighting to be changed to prioritise one or the

other, which is an important consideration when analysing pathways. A

system for analysing pathways should ideally have some such flexibility,

but for most studies that involve associating pathways to outcomes and

measuring different outcomes between pathways, including outcomes in the

learning process is less desirable.

Van Smeden et al. (2018) urge caution when using clustering to find

subgroups in data, in particular because the lack of ground-truth data in

an unsupervised approach makes ascribing any meaning to these clusters

difficult, leading investigators to rely on subjective interpretations and poten-

tially fit their theory around the data. Clusters often represent dependencies

between variables, rather than any true subgroups; it is therefore prefer-

able to draw on existing theory before identifying subgroups to prevent the

making up of new theory to fit the data. Alternatively, clusters should be

evaluated in terms of their utility for prediction, to ensure that they truly

correlate with the desired outcome. They also observe that using the same

set of variables in a generalised linear model will almost certainly provide

a more “personalised” prediction than treating patients within a cluster as

homogenous.

Whilst outcome prediction approaches should therefore predict on a

per-patient basis, clusters still represent an effective tool to aid human under-

standing and interpretation of data, and certainly have a place in identifying

natural groups of patients who experience the same pathway.

ML approaches have therefore demonstrated significant potential for

analysing sequences of patient interactions, and can be seen to outperform

more traditional methods. However, a key issue with high-performance

methods such as neural networks is interpretability and explainability: whilst

this might seem a lower priority for applications that do not produce a

prediction or contribute directly to decision making, pathway analysis will

still benefit from a clear rationale of decisions made in order to generate

useful insights into the reasons why certain pathways might share certain

outcomes. The success of simple text metrics demonstrates how domain-

relevant rules can produce insights that make sense and follow real-world
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rules, whilst ML approaches show very high performance — the natural next

step is an approach that combines the best of both.

2.4.6 Alternative approaches

Outside of these main approaches, there are a number of other methods

which have been used in individual studies. Bettencourt-Silva et al. (2015)

suggest a relatively simple “completeness score” for a patient, counting how

many steps in the pathway have been completed for each patient. Huang

et al. (2014) use latent Dirichlet allocation (LDA), a type of probabilistic

graphical model, which assumes that all possible treatment behaviours can

be represented by a much smaller number of simple behavioural “topics”,

each with its own probability distribution. By combining these topics with

the original patient traces, similarity can be measured. A particularly novel

idea is presented by Nguyen-Duc et al. (2021), who encode patient pathways

into image form, and use deep learning for prediction, emphasising the

potential interpretability of such a technique.

Perer et al. (2015) analyse patient traces using sequential pattern mining

approaches, specifically the Sequential Pattern Mining with bitmap repre-

sentation (SPAM) approach. By using a bitmap-style representation and

representing event sequences as binary codes, SPAM allows patterns to be

detected using simple binary and/or operations, making it highly efficient.

However, a key drawback highlighted by the authors is that SPAM does not

have the capability to incorporate certain constraints, making it hard to look

at a particular domain-relevant time window.

There is also a significant body of research on disease trajectories that

aims to identify frequent and recurring patterns of disease progression from

datasets; in principle, these methods intended to identify common sequences

of diseases could well be adapted to identify common sequences of procedures.

Thygesen et al. (2022), for example, identify COVID-19 related phenotypes

representing different stages of disease based on events including testing,

hospital admission, and intensive care admission. As well as measuring

the proportions of patients exhibiting each phenotype, they also count the

numbers of patients transitioning between each stage — effectively creating

a directly-follows graph of the style popular in process mining research.

Hu et al. (2019) use a similar approach to identify precancer disease routes,

whilst Lademann et al. (2019) incorporate symptom data for more detailed

stratification.

Typically, these models are constructed by identifying pairs of commonly

co-occuring diseases that typically appear in a particular order. Some studies
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have combined individual pairs of trajectories in larger trajectory networks or

graphs (Siggaard et al. 2020). However, a key issue with this typical approach

is that it does not confirm whether these longer trajectories actually occur in

the data. Kusuma et al. (2021) present process mining as a potential solution

to this, but find in a literature review that only handful of papers have used

PM for the specific problem of disease trajectories.

2.5 Knowledge graphs

It is increasingly suggested that the future of AI will be in neuro-symbolic

learning: the combination of advanced neural techniques, focusing on learn-

ing vector representations, with older logical or symbolic techniques, focus-

ing on representing facts and expert knowledge. A major concept amongst

these symbolic methods is the knowledge graph, a family of methods that com-

bine graph-like data models with semantic relations and reasoning. Knowl-

edge graphs (KGs) are closely related to, and often work alongside, ontologies,

formal representations of the concepts and relationships between them in a

particular domain. However, an exact definition of the term can be hard to

come by. The term was popularised by Google in 2012 to refer to semantic

enhancements in the Google search engine (Singhal 2012), although the

underlying ideas have a long history: the concept of graphically representing

knowledge was popularised in the 1950s, logic programming encouraged

the closer integration of data with knowledge in the 1970s, and the 2000s

saw the development of the semantic web and linked data fields (Gutierrez

& Sequeda 2021).

Ehrlinger & Wöß (2016) argue that two major factors have led to con-

fused definitions of KGs: firstly, that Google’s original announcement is

widely cited despite the fact that it lacks any explanation or technical details,

and secondly that “knowledge graph” is commonly used as a synonym for

knowledge base or ontology. They therefore define a KG as something that

acquires and integrates information into an ontology and applies a reasoner to

derive new knowledge. Here, a KG is distinguished from an ontology by the

fact that it employs reasoning to a set of ontological facts to generate new

knowledge.

In practical terms, a knowledge graph typically takes the form of a

database structured in a graph form, where nodes represent real-world enti-

ties, and the edges represent the semantic relationships between them. The

core unit of information in a KG is the semantic triple, a set of three entities

that encode the relationship between two entities in the format (subject,

predicate, object); for example (patient, has diagnosis, colorectal cancer). These
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triples can be represented in a number of different graph models, including as

a directed edge-labelled graph, in which relationships carry both a direction

and a label; a heterogeneous graph, containing nodes of different types; or a

property graph, where edges, as well as nodes, can have associated properties

(Hogan et al. 2021).

KGs are extensively discussed in this thesis for two reasons. Firstly, KGs

are very closely intertwined with ontologies, which are themselves widely

used as standards for the structure and reporting of healthcare. Secondly,

a large body of work exists on using KG representations of knowledge and

data to create vector representations of knowledge, which can be used for a

variety of different downstream applications. KG methods are therefore a

natural way to interact with the knowledge stored in EHR data and support

its reuse, whilst also preserving its meaning and semantics.

Many authors have argued that graph database systems are well-suited

to managing EHR data. From a purely computational perspective, an EHR

graph database is faster and more intuitive to query, and they facilitate

the integration of different sources of data, which is a key requirement

in EHR contexts (Dwyer et al. 2023; Stothers & Nguyen 2020; Yoon et al.

2017). In particular, a graph-based approach allows for patient data to be

closely integrated with widely used ontologies such as SNOMED CT, which

follow similar graph structures (Campbell et al. 2015). However, whilst

some authors have advocated moving EHR systems away from traditional

relational systems and towards graph databases, the effort, expense, and

time required makes a wholesale migration on any local or national scale

exceptionally unlikely in the near future, and is certainly outside of the scope

of this thesis.

KGs are one of many methods for knowledge representation, and whilst

their flexibility and expressiveness makes them useful tools, they also come

with disadvantages. Whilst they represent a ground truth source of infor-

mation, this information needs to be curated: either by humans, requiring

time and attention, or automatically, which requires oversight and quality

assurance. They also need to be able to be updated as the facts they are

based on change and evolve with scientific progress. It is also challeng-

ing to represent multi-modal data sources, for example images or numeric

data, without extracting features from them in a lossy manner (J. Chen et al.

2023). Whilst KGs themselves are flexible, downstream uses such as low-

dimensional embeddings derived from them do not always respect logical

axioms or effectively model more complex relation patterns. Particular care

needs to be taken to use the correct model for the correct application, as

I will explore in more detail in Chapter 4. The remainder of this section
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introduces key KG concepts in more detail, and discusses the current state

of KG methods in healthcare research.

2.5.1 Reasoning

A key feature of knowledge graphs is that the logical statements that form

them can be reasoned over to produce new knowledge not explicit in the

original data. This new knowledge can be derived from a KG either deduc-

tively, where reasoning is applied to existing facts to derive new ones based

on logical rules, or inductively, where patterns are generalised from the facts

to generate new probable facts (Hogan et al. 2021). The most common ap-

plication of knowledge graph reasoning is in link prediction, which is used

to infer the relationships between entities, allowing incomplete data to be

filled in or new relations predicted . This is commonly achieved through

an embedding-based approach, in which KGs are transformed into a vector

representation that preserves its structure, and predictions made based on

entities’ similarity within the embedding space (Bellomarini et al. 2020).

Reasoning can be achieved either through either such an embedding-based

approach, or by using sets of formal logical rules. Increasingly however, these

two approaches are being merged to create new hybrid methods, for example

by applying logical rules on top of learned embeddings as a post-processing

step, or by integrating logical rules and ontological knowledge directly into

the embedding learning process (d’Amato et al. 2023)

2.5.2 Embedding

A knowledge graph embedding (KGE) is a representation of a knowledge

graph in a vector space, the aim being to preserve the graph’s structure whilst

simplifying tasks such as clustering, link prediction, or entity resolution.

The process of converting a KG to a KGE generally involves three steps:

representing a set of triples (ℎ, 𝑟, 𝑡), applying a scoring function (to measure

the plausibility of a proposed fact), and learning the representations of the

entities and relations (an optimisation problem of maximising the plausi-

bility score). This subsection discusses some of the different approaches

to embedding, as well as how embeddings can be applied to generate new

knowledge.

There exist a large number of KGE methods, and embedding methods

are increasingly leveraging further information such as entity types, relation

paths and logical rules to make embeddings that are more predictive. Most

of these approaches work by representing entities as points in a vector space,

and relations as some kind of operation within the vector space, which can
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be described with a vector, matrix, tensor, or probability distribution. These

representations are then evaluated in terms of plausibility using a scoring

function, with facts observed within the KG scored higher than those not

observed. Finally, an optimisation problem is defined to maximise the total

plausibility of the observed facts (Wang et al. 2017).

KGEs broadly fall into two groups: translational distance models, and

semantic matching models. Translational distance models exploit distance-

based score functions, defining plausibility as the distance between two

entities. Most famously this includes TransE, and its many extensions such

as TransH and TransR. Translational distance models can however be simpler,

for example the unstructured model (UM), a naive TransE which ignores dif-

ferent relation types; or more complex such as Gaussian embeddings, which

consider entities and relations as random vectors drawn from multivariate

Gaussian distributions, thereby allowing uncertainties to be taken into ac-

count. Semantic matching models, by contrast, use scoring functions that

consider similarity rather than distance. RESCAL, for example, associates

each entity with a vector to capture its latent semantics, with each relation

being a matrix containing the pairwise interactions between latent factors.

DistMult simplifies RESCAL by considering only diagonal matrices, but the

trade-off is that it can only consider symmetric relations, which limits its

usefulness in some scenarios. Neural network approaches are also possible.

In its simplest form, a network such as a multi-layer perceptron, takes as

input a vector representing either an entity or a relation. A given fact (ℎ, 𝑟, 𝑡)
is concatenated in the input layer, mapped to a non-linear hidden layer, and

its score generated by a linear output layer.

When creating embeddings using any of these approaches, the initial-

isation of embeddings is usually random, from a uniform or a Gaussian

distribution (Wang et al. 2017). Alternatively, some models will initialise

their model with the result of a simpler model, for example as TransR starts

with TransE embeddings (Lin et al. 2015).

Model training requires one of two assumptions to be made. Under the

open world assumption (OWA) it is assumed that a KG contains only true

facts, and an unobserved fact could be either false or missing. By contrast,

the closed world assumption (CWA) assumes that any fact not present in the

KG must automatically be false. This allows representations to be learned

by minimising a function such as the squared loss, a more computationally

efficient operation, however it of course rarely holds for large-scale real-

world KGs, especially in a healthcare scenario (Wang et al. 2017). In a

real-world scenario, the OWA is generally most realistic, but false triples are

still required as training examples. The compromise is often to use a heuristic
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approach such the stochastic local closed world assumption (sLCWA), in which

false training triples are randomly generated, relying on the assumption that

since the set of all possible triples not in the KG is so much larger than the

set of triples within the KG, the chances of generating a false negative is so

low as to be negligible (Ali et al. 2022).

Chang et al. (2020) identify knowledge representations as a weak area in

the current literature. They argue that although a vast number of publicly

available biomedical knowledge bases and ontologies exist, a lack of reliable

methods for learning knowledge representations limits their usefulness in

practice. Furthermore, much existing literature utilises network embeddings

and graph embeddings as opposed to knowledge graph embeddings, meaning

that semantically rich information is not being leveraged. KGEs therefore

provide a promising path, but are relatively untested within the biomedical

domain with no currently established best practice for training and compar-

ing biomedical entity embeddings. KGEs have great potential in this area

since healthcare concepts intrinsically contain rich latent information. Dif-

ferent procedures, prescriptions and conditions are intrinsically linked, for

example some diseases will be more similar than others, which means that

ML applications that use simple methods such as one-hot encoding to repre-

sent the presence or absence of a concept will miss out on this information

(Choi et al. 2016).

2.5.3 Applications in health and medicine

KGs are an appealing way to represent biomedical knowledge for several

reasons. Fundamentally, a graph-based structure is an intuitive method

for complex networks of contextual information. These are widespread

in health and medical contexts: this might apply to a sequence of clinical

events, interactions between biological entities, or a patient’s relationships

with multiple comorbid conditions. In addition, analysing such problems

generally involves integrating multimodal data from heterogeneous sources,

which is significantly easier since graph databases typically rely on less rigid

schemas compared to traditional database approaches. For this reason, there

is a large body of work that uses KGs to solve problems in the biomedical

and healthcare sciences.

Many approaches use straightforward graph structures to perform stan-

dard tasks such as outcome prediction, risk scoring or clustering. Khan et al.

(2018), for example, construct networks of comorbid diagnoses for individual

patients, then aggregate these into cohort-wide graphs, and compare these

graphs across cohorts to identify sets of comorbidities that are more preva-
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lent in diabetic than non-diabetic patients. Tissot & Pedebos (2021) create

a graph of diagnoses, procedures, prescriptions, and demographic factors,

and generate personalised risk scores based on a patient’s neighbouring

embeddings. The aim is to demonstrate that relatively simple embedding

approaches such as TransE can produce excellent results when relevant,

domain-specific constraints are integrated.

Pai & Bader (2018) describe the “patient similarity network” design, a

graph where nodes represent patients and edges represent pairwise similarity

for a given feature. They outline several advantages of this method, in

particular the ease of handling heterogeneous data: any data type can be

converted into a network as long as a similarity measure can be defined. This

approach has been applied to both clustering and classification of patients,

and the authors also argue for the interpretability benefits of being able to

clearly visualise the decision boundary within the patient similarity space

(Pai et al. 2019).

Xu et al. (2019) build a network of co-occurring disease pairs, and create

a classification system that can predict the probability of a given disease

occurring given a set of that patient’s historic diseases. They also emphasise

the interpretability benefits of a graph approach, since the system is able

to generate “risk propagation” paths, which clearly illustrate which other

nodes in the network have influence the final score. However, this work does

not include any discussion of demographic variables, so it is unclear as to

whether this approach generates any new non-trivial information that could

not already be predicted based on, for example, age.

Outcome prediction in particular is a widely studied application of med-

ical KGs, and many studies indicate that graph-based approaches can out-

perform more traditional methods. For example, Bean et al.’s KG of drugs,

protein targets, indications, and reactions (2017) is able to predict adverse

reactions to drugs, and outperforms logistic regression, decision trees, and

support vector machines. Other studies demonstrate the advantages of using

graph data and methods in combination with others. For example, a patient-

level transcriptomics dataset enhanced with a KG of known protein-protein

interactions produces new patient representations which enable improved

classification performance compared to the original data alone (Bharadhwaj

et al. 2021). Tong et al. (2022) combine temporal features in long short-term

memory networks (LSTMs) with patient neighbourhoods in graph neural net-

works (GNNs) to predict hospital length of stay. The combined LSTM-GNN

model outperforms an LSTM-only model, indicating that graph representa-

tions integrated into existing models can improve performance on certain

tasks. Overall, previous studies have demonstrated that a KG approach to
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prediction can generate new insights and improve performance, both on the

data level - where ontologies can inject prior knowledge into observational

data - and also on the level of methods and algorithms, where methods such

as GNNs and embeddings can achieve improved performance.

Many approaches generate insights from existing data on biological

entities, including proteomics, genomics, and metabolomics (collectively

referred to as multi-omics or omics data). Vlietstra et al. (2020) describe

constructing a graph of protein-protein and disease-protein predicates, and

inferring trajectories between diseases where two diseases share a linked

protein. Evaluation via expert review suggested true disease pairs can be

detected with an AUC score of as much as 83%, depending on the reference

set used. It is suggested that this approach might lead to the identification

of new protein paths, leading to a deeper understanding of the mechanics

of disease progression. Many approaches additionally combine this sort

of data with knowledge extracted from published literature; for example,

Vlietstra et al. (2017) create a graph combining multiple biomedical databases

with publication abstracts, and extract biomedical concepts based on their

connectivity to a small input set of concepts of interest, effectively allowing

potential biomarkers to be detected based on their support in the literature.

Similarly, Gogleva et al. (2022) combine genetic data with both information

from existing KGs and literature mentions, and rank genes based on their

relevance to a disease of interest. The authors frame this as a recommendation

problem, demonstrating how existing KG techniques can be easily applied

to domain-specific problems. Whilst these graph methods that analyse large

volumes of multi-omics data generally cannot themselves provide direct

experimental evidence for the relationships between genes and diseases,

they are useful in sifting through huge volumes of data and narrowing the

search space, in order to suggest priorities for bench research.

Despite these recent innovations in using graph methods for large vol-

umes of health data, it has been observed that relatively little published work

has investigated the potential of knowledge graphs on a smaller scale, for

example representing and investigating an individual patients’ data (Schrodt

et al. 2020). Instead of constructing massive knowledge graphs linking entire

diseases and concepts, an alternative approach might be to construct a KG

centred around the single patient, thus integrating contextual information

to better inform treatment. Such an approach would be useful in precision

medicine applications, able to consolidate clinical and social context and

recommend personalised treatment (Gyrard et al. 2018; Rastogi & Zaki 2020).
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2.5.4 Knowledge graphs and process mining

Object-centric process mining is a more recent approach to PM that concerns

itself with the description of processes from multiple points of view (van

der Aalst 2023). Traditional PM assumes that a process model describes the

lifecycle of a single object, and that each event refers to exactly one object

of a given type. In reality, processes are rarely independent: the process of a

candidate applying for a job, for example, is intertwined with those of other

applicants, as well as a different hiring process from the point of view of

the recruiter. Therefore, an activity may well involve different objects of

different types. Berti et al. (2023) present a graph-based approach to feature

extraction from object-centric event logs. The relationships between the

objects in a log are described using an object-based graph, and objects are

associated with numeric features, used as input for ML tasks.

It can similarly be argued that this also applies to patient pathways: a

treatment pathway is undoubtedly a complex web of many processes that can

be viewed from the point of view of the patient, the clinicians, pharmacists

or from a purely logistical standpoint. It is also possible, however, that

given the size of EHR datasets, an analysis that incorporates all the possible

interwoven threads and processes could become combinatorially infeasible

and practically uninterpretable. Each individual analysis therefore needs to

judge the correct abstraction to make for a particular research question as a

design choice.

The patient pathway is, by definition, a fundamentally patient-centric

way of looking at healthcare. It is one particular lens through which to view

healthcare processes, and one specifically designed to centre the processes

from the patient’s perspective, suggesting that this one thread should be

focused on. Whether the object-centric perspective is useful for patient

pathways or not, it is clear that the increasing popularity of object-centric

paradigm in PM research is naturally leading towards graph-based process

models, and the increasing incorporation of methods that resemble those

used by knowledge graphs.

2.6 Unified Modelling Language

Chapter 5 of this thesis makes extensive use of the Unified Modelling Lan-

guage (UML) standard, a language designed to provide a way of describing

the architecture and design of systems (OMG 2017; Rumbaugh et al. 1999).

Whilst it is best known for its applications in software engineering, it is

in principle general-purpose. As well as providing a system for creating
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Figure 14.1  Behavior StateMachines

14.2.3 Semantics

14.2.3.1 StateMachine

A behavior StateMachine comprises one or more Regions, each Region containing a graph (possibly hierarchical) 
comprising a set of Vertices interconnected by arcs representing Transitions. State machine execution is triggered by 
appropriate Event occurrences. A particular execution of a StateMachine is represented by a set of valid path traversals 
through one or more Region graphs, triggered by the dispatching of an Event occurrence that match active Triggers in 
these graphs. The rules for matching Triggers are described below. In the course of such a traversal, a StateMachine 
instance may execute a potentially complex sequence of Behaviors associated with the particular elements of the graphs
that are being traversed (transition effects, state entry and state exit Behaviors, etc.)

If the StateMachine has a kind of BehavioredClassifier context, then that Classifier defines which Signal and CallEvent 
triggers are applicable to that StateMachine, and which Features are available to the Behaviors owned by the 
StateMachine. Signal Triggers and CallEvent Triggers for the StateMachine are defined according to the Receptions and
Operations of this Classifier respectively. These Features may be used to define message event Triggers of the 
StateMachine.

If the StateMachine has no BehavioredClassifier context (i.e., it is a stand-alone Behavior), then its Triggers do not need
to be tied to any Receptions or Operations of some Classifier. For example, such a StateMachine might be defined as a 
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Figure 2.1. The UML state ma-

chine formalism, described as a UML

class diagram (OMG 2017)activity diagrams, which are used to describe software systems, the standard

also encompasses several other notations, including the state machine. The

UML state machine focuses on the state of a system at a point in time, rather

than the flow of control. Based closely on Harel statecharts (Harel 1987), it

extends the traditional notion of a finite-state automaton (Hopcroft & Ullman

1979) with a handful of useful features such as nested states and orthogonal

regions UML state machines are used in Chapter 5.3; their fundamentals are

therefore introduced here for reference.

The full state machine standard is relatively complex; Figure 2.1 describes

it as a UML class diagram. Here, each box (class) represents a type of en-

tity, and the box’s contents describe that entity’s attributes. Lines describe

relationships between entities, which can be a simple association ( ∧ ), or

describe an inheritance ( △ ) or composition ( ♦ ) relation. Numbers indicate

the cardinality of relationships, for example 0..1 indicates that a relationship

occurs between 0 and 1 times, with * indicating any number.
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Treatment

TreatmentA1

TreatmentA2

TreatmentB1

TreatmentB2

Investigation

diagnosed
[diagnosis = DiseaseB]

patient
presents

diagnosed
[diagnosis = DiseaseA]

Figure 2.2. An example UML state

machine

A UML state machine is comprised of regions — sections of the graph that

can execute concurrently — each containing a set of vertices interconnected

by transitions. A vertex can be the source and/or target of any number of

transitions. Vertices form an abstract class, its specific semantics largely

depending on its type: states are stable, meaning execution remains there for

some time, whilst pseudostates are transitive, with execution passing through

them automatically.

The most important type of vertex is the state ( ⊟ ), which models a

situation in the execution of a state machine in which some condition holds.

States can be simple, containing no internal vertices or transitions; composite,

containing at least one region; or submachine states, containing an entire

state machine. States can have associated entry and exit behaviours which are

executed when transition occur. They can also have an associated behaviour,

which commences when the state is entered (but after the entry activity

completes) until either it completes or the state is exited. A final state ( ⊙ )

is a particular type of state that indicates that the enclosing region has

completed execution. Pseudostates are a family of vertices which are largely

transient: that is, execution usually passes through them. This is mostly

used to represent control flow, such as join, fork, or choice points. An initial

pseudostate ( ∙ ) marks the entry point for an entire region; it is the source

for exactly one transition, and there is only one per region.

A transition (→ ) is a directed arc between a source and a destination

vertex, which can be the same vertex. The exact semantics of a transition

depends on its relationship to its source vertex. An external transition exits

the source vertex, and therefore executes any associated exit behaviour for

that state. A local transition does not exit its containing stage, and therefore

executes no exit behaviour — these can only exist within composite states.

internal transitions are local transitions with the same source and target, so

no exit or entry behaviours are executed. The transitions associated with a
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state can be further associated with triggers and constraints, and a transition

can be either instantaneous or have an associated duration.

Execution is triggered by the occurrence of events: an execution of a state

machine is a set of valid path traversals through one or more regions’ graphs,

triggered by event occurrences that match the triggers and constraints in

those graphs. Figure 2.2 shows an example of a UML state machine. A

patient presenting themselves is an event which triggers a transition to the

investigation state; receiving a diagnosis (a trigger) moves the patient into

one of two parallel regions via a split/join pseudostate ( | ) depending on

the disease they are diagnosed with (a constraint). A diagnosis of disease A

means they are treated with either treatment A1 or treatment A2; a diagnosis

of disease B means they are treated either with treatment B1, or treatment

B2 followed by B1.

2.7 Summary

In summary, the idea of the patient pathway is widely used in modern

healthcare, but the tools to share, analyse and evaluate them are lacking.

Pathways are analysed based on binary groups, when the reality is that a

patient’s relationship to a pathway is a continuous scale, requiring some sort

of similarity metric for informative analysis to take place. Quantifying the

distance between a patient’s true path and their recommended pathway could

lead to more informative evaluations of these pathways, but comparison is

difficult in the absence of any formal representation of pathways. They are

written and shared as free text and ad hoc diagrams, and whilst attempts

have been made to formalise them into languages, these are mostly designed

for point-of-care decision support rather than retrospective analysis, and

none have been widely adopted for this purpose.

A number of methods have been proposed for analysing patient path-

ways. PM is probably the most widely used and well-developed, but the

methods by their general nature tend to struggle with health data, and spe-

cialised methods for health data are still in their relative infancy. However,

in some circumstances, such methods may be a useful approach to producing

summary or “average” pathway diagrams for different groups. The electronic

phenotyping literature provides a rich source of methods for grouping pa-

tients in terms of diagnoses and symptoms, meaning that these techniques

could be adapted to focus on the interventions and procedures under clinician

control by viewing pathway analysis as a sort of “pathway phenotyping”.

Across all the different approaches to pathways however, a clear running
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thread was the advantage of incorporating relevant domain knowledge into

general techniques.

Knowledge graph methods are increasingly popular, and have a number

of properties which make them well-suited to representing and analysing

complex healthcare data. In particular, their structures supports both logical

reasoning and ML approaches to analysis, and they support the m erging

of both observational data and domain knowledge. They have been applied

to a wide range of biomedical problems, but as of yet few attempts have

been made to use KG formalisms to solve pathway problems. Through

either structural knowledge (logical relations between concepts) or learned

values (embedded distances between concepts), graph reasoning could help

to encode concepts such as semantic similarity into patient pathway models,

allowing for more informative representations of pathways.



3 The structure and interpretation of patient pathways

Pathways represent the journeys taken by patients through the healthcare

system. Where recommended pathways are specified, they are guidelines

rather than rules, and are subject to interpretation and decision-making by

clinicians at every point. Data from EHRs is a useful source of information

on pathways, but extracting meaningful insights is difficult due to the sheer

complexity and heterogeneity in pathways. The existence of pathways raises

a number of questions around compliance and effectiveness that are difficult

to meaningfully measure, but before these can be answered the realities of

the data being worked with need to be considered.

This chapter therefore considers the relationship between pathways

and the actual data that describes them. Section 3.1 covers the necessary

preliminaries, establishing a precise definition of a pathway that is suitable

for the purposes of this thesis, and providing an overview of the structure of

modern electronic health record data along with the various standards and

terminologies that are used. I then consider how patient pathway data can

be interpreted from two distinct perspectives.

I examine the patient’s context, i.e. the wider factors that might affect their

treatment pathway. By summarising the real-life pathways of a population

of colon cancer patients, and then breaking down the cohort according to

various factors, I examine the extent to which factors such as age, deprivation,

and other comorbidities affect the shape of their pathways (Section 3.2).

I then consider the event data itself, and attempt to establish rules and

logic behind which events are included and which events are ignored in anal-

ysis. I outline an approach that uses structured knowledge from ontologies

to automatically infer relationships between diagnoses and procedures, and

provide empirical evaluation of its effectiveness compared to conventional

methods (Section 3.3). These two contrasting approaches — one consider-

ing human factors and context, the other considering logical rules and the

structure of data — together help us to understand exactly what knowledge

is encoded in healthcare data, and what is not.
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3.1 Contextual and structural knowledge in pathways

This section covers two necessary preliminaries for thinking about how

patient data is interpreted. Firstly, I discuss different definitions of patient

pathways, and arrive on one suitable for our purposes. Secondly, I outline

how EHR data is structured and coded, and introduce the major ontologies

used in UK EHR data.

3.1.1 Defining pathways

The terminology surrounding pathways can be confusing, with different

source referring, often interchangeably, to “pathways”, “guidelines”, “pro-

tocols”, and “care maps” amongst others. De Bleser et al. (2006) analysed

three years of publications on the topic and were unable to agree on a single

definition. Alternatively, pathways can be defined by what they are not; this

is perhaps easier since many definitions make a point of drawing a distinc-

tion between pathways and guidelines. A clinical guideline is a statement

of recommendations for optimising patient care, backed up by systematic

reviews of the evidence on a particular topic. In the UK, the most notable

examples are the guidelines produced by the National Institute for Health

and Care Excellence (NICE). A clinical pathway, meanwhile, is a more lo-

calised set of recommendations that describe the specific processes used by

a particular healthcare provider. These are typically less concerned with

specific physician-patient interactions, and instead describe operational and

logistical considerations, ensuring effective flow of information between all

clinicians involved in a patient’s care. (Panteli et al. 2019; Rotter et al. 2019).

Possibly the most comprehensive definition comes from Kinsman et al.

(2010). Attempting to unify the existing terminology, they define a clinical

pathway as a “structured multidisciplinary plan of care” that meets any three

out of four conditions:

1. it channels the translation of guidelines into more local structures;

2. it details the steps in a course of treatment as an algorithm or protocol;

3. it describes either timeframes or criteria-based progression;

4. it aims to standardise care for a specified clinical problem, procedure or

episode in a specified population.

By this definition, clinical pathways act as a bridge between guidelines —

what should happen — and real care processes — what does happen — that

translate and tailor guidelines to the specific circumstances and environment

of a care provider.

The system of concepts to support continuity of care, or ContSys for short,

is an international standard that defines several key concepts surrounding
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the continuity of care (ISO 2015; Oughtibridge 2019). This therefore provides

a structured way of describing types of healthcare event, and how they relate

to each other. In particular, it contains five concepts that relate closely to

clinical pathways:

∙ a clinical guideline is a set of statements to assist clinicians with decision-

making

∙ a clinical pathway represents the best-practice workflow for a particular

diagnosis, defined on a national level

∙ a core care plan refines the clinical pathway, and is defined by a particular

healthcare provider

∙ a patient care plan further refines the core care plan to tailor to the needs

of an individual patient

∙ and a patient journey, which is the actual timeline of treatment for a

patient as it occured.

Guideline

Clinical
pathway

Core care
plan

Patient care
plan

Implemented
actions

Patient
journey

Patient

Health
matters

Dataset

Figure 3.1. The layers of a patient

pathway, according to the ContSys

model

These concepts describe a spectrum of care processes: at one end, a set of

abstract guidelines that provide broad guidance for certain topics, and at the

other, the patient’s journey as it happened, from which retrospective datasets

are derived and researchers see (Figure 3.1). At each level, guidelines are

interpreted by different users to meet increasingly specific requirements. As

these requirements become more specific, the set of possible values becomes

a subset of those possible at the preceding step — with the exception of the

true patient journey, where unforeseen external events are possible. Much

like the definitions previously discussed, the ContSys model places a clinical

pathway somewhere in the middle of the scale: it implements and specifies

clinical guidelines, and it results in a particular patient journey.

The ContSys standard is also a useful reference point for patient path-

ways because it draws a distinction between direct events, which represent

interactions between the patient and the clinician, and indirect events, which

represent activities without the patient present, such as administrative pro-

cedures. Rojas et al. (2016) draw a similar distinction, contrasting data from

administrative systems with data from clinical systems, and analysis of treat-

ment processes with organisational processes.

This differentiation between direct and indirect events is a useful way of

describing data, although it may be overly simplistic in some situations, since

an indirect or administrative event can still impact a patient. Administrative

procedures such as referrals, for example, can affect how long it takes for a

patient to receive their diagnosis or treatment, and such delays can have a

measurable effect on patient outcomes (Neal et al. 2015). Indirect events can

also be useful proxies where data on direct events is not available, albeit with
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caveats: for example, prescribing data can provide an estimate of medication

usage, but it cannot provide any guarantee that the medication was actually

administered.

These definitions and standards collectively demonstrate that clinical

pathways are defined by their position on a spectrum of evidence-based care

documents and their role in translating guidelines into clinical practice, rather

than by adherence to any specific format. For the purposes of this work, I

therefore use “clinical guidelines” (CGs) to refer to high-level descriptions of

broad recommendations, often set on a national scale, and “clinical pathways”

(CPs) to refer to “true” CPs according to Kinsman et al.’s definition, i.e.

a concrete, local implementation of a guideline. Additionally, I use trace

to mean the actual sequence of events a patient experiences, as visible in

retrospective datasets.

3.1.2 Ontologies, terminologies, and clinical coding

In electronic health record (EHR) systems, and datasets derived from them,

the key concepts that make up a patient’s history are represented by clinical

codes, alphanumeric identifiers that represent particular concepts. In princi-

ple, these coding systems exist to standardise the reporting of events, and

to allow medical records to be converted into terms that can be analysed

and compared across different computer systems, hospitals, and countries.

In practice, healthcare systems encode their data in a wide range of classifi-

cations, terminologies, and ontologies that vary between, and even within,

countries and healthcare systems (Haendel et al. 2018). In the United King-

dom, clinical data is largely recorded according to three major terminologies.

ICD-10 (the International Classification of Diseases, Version 10) is an

international standardC 18 .7
↑ ↑ ↑

Malignant

neoplasm

Malignant

neoplasm

of colon

Sigmoid

colon

Figure 3.2. An ICD-10 code and its

structure

maintained by the World Health Organization. It

describes diseases, signs, symptoms and findings, and is used worldwide to

enable comparison of mortality rates and causes. In older versions such as

ICD-9, codes also exist to represent procedures and treatments (Volume 3

or “ICD9Proc”); the more recent ICD-10 only covers diagnoses, but the USA

maintains a local extension, the ICD-10 Procedure Coding System (ICD-10

PCS), for encoding procedures. In the future, ICD-11 will expand this with

new classifications of signs and symptoms, and semantic features as well as

closer alignment with other standards such as SNOMED, however it

OPCS-4 (the OPCS Classification of Interventions and Procedures, Ver-

sion 4) is the coding system for medical procedures used by NHS hospitals

in the UK, derived from the much older Office of Population Censuses and

Surveys’ Classification of Surgical Operations. OPCS codes consist of one
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alphabetical character denoting one of 23 “chapters” organised by anatomi-

cal site, followed by two numeric digits H 19 .1
↑ ↑ ↑

Lower

digestive

tract

Other

open

operations

on colon

Open

biopsy

of lesion

of colon

Figure 3.3. An OPCS-4 code and

its structure

representing a subcategory, and an

optional third digit for further, more specific sub-types.

SNOMED CT is an international ontology containing over 350,000 med-

ical concepts. Its structure describes semantic relationships and polyhier-

archies amongst over 350,000 entities, allowing the relationships between

concepts to be described in detail, rather than simple parent-child relations.

This semantically rich structure makes SNOMED a true ontology, rather

than a classification or terminology, and means that SNOMED concepts

and relations can 73761001 | Colonoscopy (procedure) |

↰

Is a
Endoscopy of large

intestine (procedure)↰

Is a
Procedure on colon

(procedure)↰

Procedure site

- Direct

Colon structure

(body structure)↰

Using device
Colonoscope, device

(physical object)↰

Method
Inspection - action

(qualifier value)

Figure 3.4. A SNOMED CT con-

cept and its immediate relations

be reasoned over using logical rules to make inferences

about healthcare concepts. The SNOMED standard specifies a language for

this exact purpose: the Expression Constraint Language (ECL; SNOMED

International 2022).

These standards are designed and used for different purposes, rather

than to replace one another. ICD and OPCS are strictly speaking statistical

classifications: a type of terminology in which concepts must be mutually

exclusive and arranged mono-hierarchically (every concept having exactly

one parent). This rigid structure is deliberately designed to make statistical

reporting as easy and unambiguous as possible (Haendel et al. 2018). Whilst

SNOMED has been a mandated standard in the UK since 2020, datasets are

still widely published and shared with ICD diagnoses and OPCS procedures

because of these benefits for reporting, epidemiology, and reimbursement

(NHS England 2020, 2023c, 2024).

3.2 Context and interpretation in pathway analysis

Process mining — a field of research introduced in detail in Section 2.4.4

— is often described as the study of, or a set of techniques for the analysis

of, historic event data (Munoz-Gama et al. 2022; van der Aalst 2012, 2016).

Real-world processes do not exist in a closed system: they are designed,

implemented by, and interact with humans, and in no area is this more

important than in healthcare. A treatment process is more than a sequence

of events or a conveyer belt of patients — it is naturally non-deterministic,

and shaped by human decisions, priorities, and biases. Before the data and

the processes themselves can be explored, the context in which the data was

produced must first be considered. This section therefore investigates the

extent to which treatment pathways are influenced by contextual factors.
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3.2.1 Background

The bulk of data in a patient’s health record is represented in the form of

clinical codes, which represent healthcare concepts and are defined according

to a standardised scheme, but the interpretation of these codes does not

depend solely on their meaning as assigned by the coding system — it also

depends on the context and purpose of the coding process.

This affects EHR datasets on multiple levels. Firstly, patient records are

not designed to be used for retrospective studies: they are, before anything

else, a practical tool to be used at the point of care and as an aide-mémoire

for clinicians (Goldacre & J. Morley 2022). The care record is not, therefore,

simply a factual record of what happened to a patient and when: it might

aspire to this, but it is also a reflection of human processes and priorities.

Entries are influenced by the clinician’s decision on what was important

to record, by the standards and practices of the particular hospital, and

sometimes by design elements such as the user interface (Madandola et al.

2024).

Secondly, clinical coding — the process by which clinician-generated

records are translated into standardised terminologies — exists for reim-

bursement and resource planning purposes. Codes are typically assigned by

clinical coders based on the notes available to them, although some must be

assigned by clinicians, especially those requiring interpretation of numerical

test results (Nouraei et al. 2016). Where a clinical coder does assign codes,

they are reliant on the quality of documentation by the original clinician.

The resulting structured data is useful for epidemiology and public health

research, and is widely used to perform research, but is not what the record

was originally designed for. They are also not the whole story: a clinician’s

decision making at the point of care is more likely to have been based on, for

example, the specific value of a blood test result
1
, rather than the existence1 for example, in diabetic ketoaci-

dosis, great attention is paid to

measuring blood ketones (Kilpatrick

et al. 2022).

of a diagnosis code that may not have been assigned until later.

In addition to the layers of interpretation involved in producing a health-

care record, the care process itself can also be influenced by underlying

factors. Perhaps the most notorious pattern found in health records is the

weekend effect, which describes the supposed tendency of hospitals to exhibit

higher mortality rates at weekends compared to weekdays. This has often

been blamed on lower staffing levels at weekends (Freemantle et al. 2015;

McKee 2016). However, a number of studies have argued that patients who

present at weekends have different characteristics to those who present

on weekdays. They are less likely to have been referred by their general

practitioner (GP) and tend to be more acutely, rather than chronically, ill
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(Bion et al. 2021); there is typically a reduced availability of alternatives to

hospital (Walker et al. 2017); and in some cases the threshold for admission is

higher at weekends, meaning that only the more severe cases appear in the

statistics (Meacock et al. 2017). This example illustrates the existence of con-

textual factors which are not immediately visible in the data itself, but which

nonetheless influence it. Often, these are the result of human processes and

practices: for example, in some healthcare settings it is common to assign

a patient a diagnostic code to indicate a suspected diagnosis, meaning it

might appear in the patient’s record even if it was later ruled out (Atolagbe

et al. 2024). Fawcett et al. (2019) try to quantify this, by comparing the num-

ber of endiocarditis diagnostic codes to the number of verified cases. They

bridge the gap between these two different numbers by applying domain

knowledge and formulating a set of rules: removing codes that are known to

be unreliable, removing very short hospital admissions without death, and

removing readmissions within 30 days. A practical understanding of the

subject area and an understanding of the people, processes and organisations

that generate the data is required for results to be clinically meaningful.

In statistics, Simpson’s paradox describes the phenomenon whereby

trends that exist within particular subgroups can be hidden, or even com-

pletely reversed when the entire population is analysed (Simpson 1951, Figure

3.5). Simple or population-wide analysis is rarely enough when it comes to

understanding data, and expert subject-matter knowledge needs to guide

any analysis, and consider the different groups that make up a population

(Hernán et al. 2011). In pathway terms, this means that pathways may look

Figure 3.5. An example of Simp-

son’s paradox: X and Y appear to

be negatively correlated, but within

each subgroup the correlation is

actually positive (Rücker & Schu-

macher 2008)

very different for different populations, and that contextual factors needs to

be considered.

Therefore, EHR data is rarely a pure and objective record of treatment, but

subject to two layers of interpretation at the very minimum: by the clinician,

in deciding what to record and in how much detail; and by the clinical coder,

in how they choose to translate this, as well as potentially many more layers,

including design choices made in the coding system. Whilst electronic health

records summarise the events that occur in a healthcare process, they are not

an objective record, nor do they tell the full story. In addition to these issues

which affect how healthcare data can be interpreted, it is also vital to consider

a patients’ record beyond the events which make up their treatment history.

Patient-specific context such as age, gender, ethnicity, social background

and more will all influence the relationship between a patient, a disease, and

their treatment pathway.

Typically, attempts to reduce model complexity in the process mining

literature often focus on the data itself: attempting to cluster into a mean-
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ingful number of groups, or filter irrelevant ones out (Aspland et al. 2021;

Munoz-Gama et al. 2022). The examples discussed here prove that many

organisational and human factors affect the information encoded in a health

record, and that an effective study of patient pathways needs to consider

these at a deep level. This section therefore provides an investigation into the

importance of contextual data, and investigate how these principles apply to

patient pathways.

3.2.2 Methods

To investigate the extent to which contextual factors affect understanding

of patient pathways, I analyse the patient pathways in a real-world dataset,

and stratify the population by several characteristics to see how they affect

the conclusions. The dataset consisted of anonymised patient records for

patients treated for colorectal cancer between December 2012 and February

2024 inclusive by Oxford University Hospitals NHS Foundation Trust (OUH),

collected by the National Institute for Health and Care Research (NIHR)

Health Informatics Collaborative (HIC) programme (Tamm et al. 2022).
2

The2 The collection of this data re-

ceived ethical approval from the

NHS Health Research Authority

(East Midlands - Derby Research

Ethics Committee, 21/EM/0028)

cohort was defined as any patient with a diagnosis of colon cancer (ICD-10

code C18) in the hospital’s cancer patient database (𝑛 = 1, 571). Patients

whose date of diagnosis was less than one year before the dataset’s upper

date limit were discarded, to ensure that sufficient follow-up data on patients’

treatments was available. This created a cohort of 1,417 patients.

Given the available input data (the EHR’s inpatient and outpatient proce-

dures table), each patient’s history is extracted as a chronologically ordered

sequence of events, where each event consists of an OPCS code and a times-

tamp. This list is then filtered to contain only events relevant to colorectal

cancer. Relevant OPCS codes were identified using an established list of codes

from the national Colorectal Cancer Data Repository (CORECT-R) project

(Downing et al. 2021). This major research study maintains a data dictionary

listing 224 procedure codes defined by clinicians as relevant to colorectal

cancer, and maps them into several broad categories (CORECT-R Data Coding

2020). This codelist did not, however, cover several important categories

including chemotherapy and radiotherapy; it was therefore enhanced with

these extra codes before use in consultation with domain experts.

The events in these filtered event logs are grouped into a smaller number

of categories, based on those in the CORECT standard, and the filtered and

abstracted log is used as input to generate directly-follows graphs (DFGs),

diagrams which visually summarise the frequency with which particular

events are followed by other events. In these graphs (Figures 3.6–3.9), each
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node is labelled with the relative case frequency, i.e. the proportion of all

patients who experienced that event, whilst edges are directed and labelled

with the the relative antecedent frequency, i.e. the proportion of instances of

the source event that were followed by the destination event.

3.2.3 Results and discussion

Figure 3.6 shows the overall summary of treatment pathways for all pa-

tients in the cohort. A majority of patients (61.96%) received some form

of resection, with 55.33% receiving major resection and 27.73% receiving

minor resection.
3

40.16% of patients underwent chemotherapy, and 6.56% 3 These two figures total more than

61.96% because patients can, and do,

undergo multiple surgeries.
underwent radiotherapy. 18.98% of patients had no recorded treatment at all.

Official statistics indicate that 63% of tumours were treated with re-

section in the Thames Valley region between 2013 and 2021, 33% received

chemotherapy, and 5% received radiotherapy. 24.5% received “other care”

(NDRS 2021). These figures — allowing for minor differences in cohort selec-

tion and codelists, the different study period, and the fact that the official

statistics are counted by tumour rather than by individual — are therefore

mostly in line with what would be expected.
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12.94%

14.89%

7.28%

18.98%

22.16%
40.93%

14.89%

3.03%

50%
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18.06%

0.76%

62.33%
7.62%
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End

Start

Chemotherapy
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Radiotherapy
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Figure 3.6. Treatment pathways

for all colon cancer patients
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Figure 3.7. Treatment pathways

for colon cancer patients aged 50–59

(top) and 80+ (bottom) Stratification by age

Figure 3.7 shows the pathways as they appear in two different age groups.

In the 50–59 age group, a large majority of patients (71.14%) underwent

chemotherapy, whereas only 13.16% in the 80+ age group did. There were

also significant reductions in the proportions of patients receiving resections,

and a smaller reduction in radiotherapy. Furthermore, 42.63% of patients

aged 80+ received no known treatment at all, compared to only 6.71% of

those aged 50–59.
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Figure 3.8. Treatment pathways

for colon cancer patients with a

Charlson comorbidity score of zero
This pattern aligns with existing evidence, which suggests that the range

of treatment options narrows with age. In part, this reflects clinician’s

decision-making: increased age typically correlates with comorbidity, mean-

ing the risk of side-effects is increased, and more aggressive treatment reg-

imens become riskier. However, patients have the right to be consulted

on and involved in all decisions about their treatment (NHS Constitution

for England 2012), and research indicates that younger patients typically

prioritise treatment based on increased life expectancy, whilst older patients

tend to value quality of life (Shrestha et al. 2019). The fact that treatment

pathways vary so noticeably by age highlights the fact that clinicians are

not the only decision-makers in a treatment process: the voices of patients

are also valuable, and individual preferences and values affect the patient

pathway.

Stratification by comorbidity

The Charlson comorbidity index is a widely used measure of mortality risk.

Patients are scored based on the presence of seventeen different comorbid

conditions weighted by severity, and points are added for increased age

(Charlson et al. 1987). Figure 3.8 shows the pathways of patients with the

lowest possible Charlson score of zero, indicating none of the significant

comorbidities. The proportion of patients with no known treatment at all is

noticeably lower in this group (14.82%) compared to the whole population
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(18.98%). This non-treatment rate increases to 24% and 47% in patients with

scores of 1 and 2 respectively.

Conversely, the major resection rate decreases from a baseline 62% in

those patients with a zero score to 45% in 1, then to 25% in 2. Increased

comorbidity typically entails increased frailty, and therefore a reduction in

a patient’s tolerance or willingness to undergo more intensive treatments.

National data puts the proportion of patients with Charlson scores of zero

receiving “other” treatment at 22% (NDRS 2021), which perhaps indicates

localised difference in practice.

Stratification by deprivation

The index of multiple deprivation (IMD) is a measure of socio-economic

deprivation in England, calculated by dividing the country into 32,844 areas

and ranking them according to income, employment, education, health,

crime, barriers to housing and services, and living environment (Ministry

of Housing, Communities & Local Government 2019). Figure 3.9 shows a

summary of pathways in the most and least deprived areas, defined as the first

and fifth IMD quintiles respectively. Similar numbers of patients received

no known treatment (16.67% in the most deprived areas, 17.45% in the least

deprived areas). whilst patients in less deprived areas were slightly more

likely to undergo major resection (52.06% vs 55.61%) and minor resection

(22.92% vs 29.75%), but significantly less likely to experience chemotherapy

(52.08% vs 40.50%) and radiotherapy (10.42% vs 5.51%).

Previous research has indicated that patients in more deprived areas tend

to have lower rates of survival (Møller et al. 2012; Syriopoulou et al. 2019). A

number of reasons have been suggested for this, in particular that patients

tend to present at a later stage of disease (Lejeune et al. 2010). Mapping

patient pathways allows us to paint a fuller pictures of these disparities, and

reveals that these pre-existing factors also lead to differences in the treatment

itself. Further analysis is required, however, to establish the exact mechanism

of action: whether later-stage presentation entirely explains these differences

in treatment, or whether other factors such as lack of access to treatment

options, travel distances to healthcare facilities, or clinician bias might also

contribute.
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Figure 3.9. Treatment pathways

for colon cancer patients in the most

(top) and least (bottom) deprived

quintile

3.2.4 Summary

Each of Figures 3.7–3.9 shows that patient journeys look significantly differ-

ent depending on which part of the population is being studied. Moreover,

these differences are often explainable and can be related to well-observed

differences in the medical literature. This demonstrates that event data is, by

itself, not enough to deeply understand treatment processes: an examination
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of pathways needs to consider contextual factors. Pathways are influenced

by a myriad of variables. These include observations that exist in the dataset

but are not strictly event data, such as a patient’s demographic characteris-

tics, but it can also include factors not in the data, such as the processes and

policies used by a particular healthcare provider, or the preferences of the

patient or clinician.

Contextual information is not a silver bullet that instantly explains all

variation in processes — in particular, the example of deprivation highlights

how much research is still to be done — but it does confirm that analyses

of whole populations are of limited use, and that any research into patient

pathways needs to carefully consider the characteristics and idiosyncrasies

of the particular population and disease.

3.3 Defining pathways with ontologies

As well as the contextual factors that affect the events coded in an EHR, a

good analysis needs to incorporate a thorough understanding of the data

itself. Healthcare processes are complicated because they are characterised

by incomplete and noisy signals, high levels of process variation, and multi-

tudes of exceptional behaviours that should ideally be captured rather than

disregarded. Preparing this data for analysis is therefore a significant and

time-consuming step, where modelling decisions and assumptions can have

a significant impact on the eventual results. Typically, when determining

which clinical events to include or exclude for analysis, the options are to

either manually curate a list of events of interest, or to use statistical factors

to distinguish between common events and outliers, both of which come

with advantages and drawbacks.

In this section, I propose a third approach to preparing raw healthcare

data for process analysis: an ontological approach. Given that healthcare

data is typically encoded in standardised terminologies, and that these ter-

minologies are mappable to ontologies rich with semantics, this structured

knowledge could be used to facilitate the process of event log generation.

By specifying domain-informed constraints, plausible relationships between

diseases and events can be deduced, helping to reduce a large dataset of

events to a smaller subset of relevant ones, making for a more focused and

informative model. This sections describes this proposed approach, and

evaluates it on a dataset of electronic health records.
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3.3.1 Background

Determining which events in a patient’s history should be included or ex-

cluded in analysis is a fundamental stage of data analysis, which has a

significant impact on results, but it is one that is not always described in de-

tail in process mining publications. De Roock and Martin’s literature review

(2022) finds that only 22% of process mining papers analysed mentioned

data pre-processing, and only 13% mentioned data filtering. Emamjome

et al. (2020) describe similar results, observing that 72% of papers either used

relatively naive approaches to preprocessing — that is, not considering data

quality issues and not relating data pre-processing to their research question

— or did not describe it at all.

The problem of filtering a patients’ history has, however, been studied

before in the process mining literature: where there is a high level of variabil-

ity in possible traces, the most common approach is to filter at the event and

the trace level (Marin-Castro & Tello-Leal 2021). However, filtering is often

framed as a problem of removing noise and logging mistakes.
4

Determining 4 for example, Marin-Castro &

Tello-Leal (2021) describe filtering as

“determin[ing] the likelihood of the

occurrence of events or traces based

on its surrounding behavior”

whether a recorded event actually happened, or happened as described, is

undoubtedly a question of interest when studying healthcare records, but

there is another step that must come first. Given that a patient will typically

have a long history with a large number of possible events, the first ques-

tion should be whether a particular event is even relevant to the disease or

pathway being studied.

An easy and intuitive heuristic that can quickly simplify a large event

log is to only examine the most common events in the dataset. However,

infrequent events can still be very relevant to a process and have an effect

on it; conversely, frequently occurring events can be completely unrelated

to the process. This notion that infrequent behaviour should be captured

and analysed rather than discarded as noise is a key idea in the current

thinking around healthcare process mining: Munoz-Gama et al. (2022) note

that “researchers and practitioners must go beyond simply filtering out

infrequent behaviour from the event log”. Tax et al. (2019) demonstrate that

filtering activities based on frequency alone does not solve the problems of

what they term “chaotic activities” — events that occur independently of the

state of the process — and ultimately affects the quality of the final process

model.

The second simple approach is to hand-curate a list of events to include.

This is the norm in healthcare and epidemiology research: researchers study-

ing health records typically create a codelist, a list of concepts in the dataset’s

terminology, which enumerates which exposures and outcomes are being
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investigated (Williams et al. 2017). The development of these lists is a long

process, requiring a clear definition of the clinical feature of interest, a short-

list of the potential codes to include, and an iterative process of expert review

(Watson et al. 2017). It is therefore naturally very time-consuming, and must

be repeated for different datasets using different terminologies. However,

the advantage is that it produces a high-quality codelist, rigorously defined

and approved by experts in the field.

Increasingly, attempts have been made to collect codelists in online

repositories, to establish standardised definitions or phenotypes for particular

diseases and to improve the reproducibility research. However, these libraries

are predominantly focused around lists of diseases rather than procedures,

with their codelists largely consisting of diagnostic codes (HDRUK Phenotype

Library 2023; OpenCodelists 2023). It has been noted that relatively small

variations in diagnostic codelists can lead to noticeable differences in the

measured outcomes (Makadia et al. 2023): it therefore follows that similar

changes in a procedural codelist would lead to variations in process models,

and greater attention therefore needs to be paid to them. Given that process

mining involves a process of curating procedural codes to extract from

a healthcare record, which is analogous to the curation of diagnoses to

select a cohort, the field of healthcare process mining might benefit from an

equivalent repository of procedure- and event-centric codelists, to similarly

establish common phenotypes of disease pathways and facilitate reproducible

research.

Cremerius et al. (2023) propose a standard approach to generating event

logs from healthcare datasets for process mining. In this approach, event

filtering involves human curation, with researchers choosing procedures

in a terminology based on those described in relevant medical guidelines.

However, this approach is limited by the typically vague language of medical

guidelines. For example, the UK’s guidance on colorectal cancer simply

recommends that “surgery” be offered to patients: this does not specify a

particular code or a clear rule for which specific events should be included

in a study, and will be interpreted differently by different healthcare systems

and individuals (NICE 2020). Guidelines will also differ by location, making

comparing results difficult. There is therefore a need to explore this event

selection stage in deeper detail, and establish clear and consistent rules for

what is and is not included.

The principle of using semantics and reasoning to assist in the prepa-

ration of codelists has been explored before: Elkheder et al. (2023) demon-

strate how reasoning over SNOMED relationships can be produce diagnostic

codelists, and that these codelists produce similar results to their handcrafted
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equivalents when used to select patients from a cohort. A natural evolution

of this work is therefore to ask whether such methods would also be effec-

tive for procedure codes, and whether the resulting process models would

resemble each other.

The use of reasoning to enhance process mining has also been explored:

Alves de Medeiros and van der Aalst (2009) describe semantic process mining

as the explicit relation or annotation of elements in an event log with the

concepts they represent, thereby making it possible to automatically reason

or infer other relationships between them, and even suggest that such on-

tologies might be useful in the log cleaning process. Other approaches have

used reasoning for abstraction, grouping group granular events into cate-

gories for analysis, and for aggregation, merging frequent event sequences

into single events based on rules (Leonardi et al. 2019; Remy et al. 2020).

Work has also highlighted the apparent gap between the fine-grained events

encoded in EHR data, and the more abstract events described in treatment

guidelines, with ontology-based abstraction proposed as a way to bridge this

gap (Klessascheck et al. 2021).

An automated — or at least semi-automated — codelist curation process

has been attempted before: for example, Watson et al.’s framework (2017)

selects codes based on whether their full text descriptions contain particular

search terms. The authors recommend that this step should err on the side

of caution, retaining uncertain codes unless there exists a clear consensus

to reject them. Clinical datasets, however, already contain useful semantics

embedded in them by virtue of their being encoded with terminologies and

ontologies, which could be leveraged to assist with this process and provide

a greater level of certainty.

3.3.2 Method

For pathway analysis to be effective and meaningful, a raw health record

needs to be filtered down to a manageable number of events that are relevant

to the particular research question. This section outlines a method for auto-

matically generating and abstracting codelists through the use of ontologies,

and a framework for evaluating these codelists. Given a particular research

scenario, a researcher should be able to specify a basic concept, for example

colorectal cancer, and receive a list of relevant procedure codes with which

to filter data ready for process analysis.
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Identifying pathway events using ontologies

A structured query for identifying concepts of interest relevant to a particu-

lar disease area was defined in SNOMED’s Expression Constraint Language

(ECL). The basic intuition behind this method is simple: given a procedure 𝑃 ,

an anatomical site 𝑆, and a disease𝐷, if the relationships (𝑃, procedure site, 𝑆)
and (𝐷,finding site, 𝑆) exist in the ontology, it can be inferred that 𝑃 is poten-

tially a treatment for 𝐷 (Figure 3.10). It is not guaranteed to be an acceptable

Malignant neoplasm of
colon (disorder)

Colonoscopy
(procedure)

Colon structure
(body structure)

has finding site has procedure site

treats

(inferred)

Figure 3.10. Inferring a new proce-
dure treats disorder relationship from

two known relationships

or recommended treatment, but this logical link means that it is at least

plausible. The idea is that this simple rule should be able to eliminate a large

number of the procedure codes in a dataset from consideration.

This logic can be formulated in ECL as the following query:

Query 1. “Which concepts are

procedures, and occur on a site that

is a possible finding site for our

target diagnosis?”

< 71388002|Procedure| :

405813007|Procedure site - Direct|

= << (* : R 363698007|Finding site| = [ Diagnosis ][ Diagnosis ][ Diagnosis ])

In this notation, the < operator retrieves all concepts that are a descendant

of another, << retrieves all descendants plus the original concept itself, ∗ is

a wildcard, indicating any concept, ∶ indicates refinement, and 𝑅 indicates

a reversal - i.e. a retrieval of the set of attribute values that exist given a

particular attribute and a set of concepts. The term 71388002|Procedure|

identifies the SNOMED concept procedure, which has the ID 71388002. Thus,

this command retrieves, from the set of all descendants of procedure, concepts

whose attribute procedure site is equal to, or descended from, any concept

within the set of possible finding sites for the Diagnosis SNOMED concept

provided by the user.

The search starts with a specified diagnosis, rather than another concept

type such as the site, because this is the level at which research questions

are typically focused (e.g. “what do treatment pathways for colorectal cancer

look like?”). A wide range of further constraints are possible: based on the

results of this basic query, the exact formulation is improved and iterated

upon.

Transforming pathway events using ontologies

Once a set of relevant SNOMED concepts has been retrieved, they need to

be converted into the terminology used by retrospective datasets, and into a

readable and useful form.

The first step is mapping between code systems: convert the output of the

SNOMED ECL queries to the ICD and OPCS form used by the data. In initial

studies (Dwyer et al. 2024), the National Health Service’s official SNOMED to



DEFINING PATHWAYS WITH ONTOLOGIES 55

OPCS mapping files were used, but these came with some downsides. These

maps are intended to assist clinical coders in converting codes for billing

purposes. Most SNOMED concepts map to either a choice of multiple OPCS

codes, or combinations of codes, with the expectation that clinical coders

make the choice. This is acceptable for filtering purposes, since the main

aim is to establish plausibility (“could this event be related to this disease?”)

rather than to guarantee causality (“this event must have been intented as

a treatment for this disease”). Given the precedent that questionable codes

should be retained unless there is a clear rationale for exclusion (Watson

et al. 2017), the assumption was made that any OPCS code that is mapped in

any way to a SNOMED concept could plausibly be related. However, this

method led to relatively low query precision, and meant that extra maps

were required to translate to ICD-9 Vol. 3 and ICD-10-PCS codes, where

some obvious gaps and missing links were identified.

To address these issues, the experiments described here used a different

approach: SNOMED concepts were mapped to their OPCS and ICD equiv-

alents using the OMOP Common Data Model (Reich et al. 2024). Previous

research has shown that UK format EHR data can be converted to this data

model, with 99% of OPCS concepts being covered (Papez et al. 2021, 2023).

The second transformation step is code abstraction. A major issue with

healthcare PM is the complexity of the process models created, in particular

the propensity for so-called “spaghetti models”. There are over 10,000 possible

events in the OPCS code system; even after filtering to just the relevant ones,

we can still be left with a very large number, creating a need to group

them together into meaningful and interpretable categories. Whilst there are

several ways to achieve this, this experiment used the code’s text descriptions

to identify natural groups. A set of keywords was established based on

the groups used in the colon and lung cancer lists, and these were used

to group codes into categories. For example, any concept that contained

‘resection’, ‘excision’, ‘lesion’ or ‘exentoration’ in its description was mapped

to ‘resection’.

3.3.3 Evaluation

Three approaches are used to evaluate the quality of results from the ECL

queries: a comparison of the output codelist against established research

codelists, a comparison of the resulting process models against models cre-

ated from benchmark codelists, and a comparison of the codelists against

the statistical distribution of codes in the data.
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Evaluation against codelists

Firstly, each output codelist is compared against established codelists from

medical research studies. To ensure that we gain a full picture of our methods’

effectiveness, and how that effectiveness varies by disease, codelists were

taken from three different sources, and were of varying sizes (Table 3.1).

Codelists A, B, and C, which represent appendicits, cataract, and glau-

coma, come from the HDRUK Phenotype Library. These were chosen from

the relatively small number of available codelists which contain procedural

codes, and priority was given to longer codelists in order to produce more

meaningful precision and recall statistics (for example, diverticular disease

provides only one OPCS code, which would make evaluation meaningless).

These three codelists all originate from the same publication (Kuan et al.

2019), in which the presence of particular OPCS codes (in addition to or

in place of other diagnostic and procedural codes) are used to determine

whether a patient has or does not have a particular condition.
List Disease 𝑛

A Appendicitis 14

B Cataract 32

C Glaucoma 21

D Lung cancer 76

E Colorectal cancer 497

Table 3.1. List of benchmark

codelists used and their length (𝑛)

Codelist D

was constructed based on lung cancer procedures from consultation with

domain experts. Codelist E comes from an established research database,

the COloRECTal cancer Repository (CORECT-R; Downing et al. 2021). This

project has published an extensive codelist of 192 different OPCS codes,

divided into five treatment categories, that cover the main treatments for

any colon or rectal cancer (CORECT-R Data Coding 2020). A previously

prepared extension of this codelist was used, which adds several additional

codes for relevant diagnostic tests, chemotherapy, radiotherapy, and surgical

procedures to gain a full picture of the entire patient journey for colorectal

cancer.

These codelists come from different sources and serve different purposes:

A, B, and C act as minimum thresholds regarding whether or not a patient

should be considered to have a particular disease, whilst D and E are closer

to exhaustive lists detailing all possible procedures for a disease, in order to

aid researchers studying the specific treatment processes. It is likely that this

second set of codelists are designed to requirements more closely resembling

those needed for PM; this range of different sources is deliberately included

to consider how well this approach generalises to different scenarios.

The lists are used to evaluate the output of each ECL query according

to precision (the proportion of retrieved codes that were in the reference

list) and recall (the proportion of codes in the reference list successfully

retrieved).
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Comparing processes

To investigate the extent to which our methods change the results of analyses,

codelists produced by these queries are used to generate directly-follows

graphs of treatment processes from real-world datasets. The dataset analysed

was collected by Oxford University Hospitals (OUH) NHS Foundation Trust,

which operates four hospitals in Oxfordshire, England. From the raw health

records of patients diagnosed with either lung (ICD-10 codes C33*, C34*) or

colon (C18*) cancer, two directly-follows graphs of events for each disease

were produced: one filtered from a benchmark OPCS codelist, and one filtered

according to an OPCS codelist derived from our SNOMED ECL queries.

Comparing statistics

A final useful method of evaluating the proposed approach is to compare it

against a statistical approach, in which the relevance of events is determined

based on their correlation with a particular diagnosis. The set of correlated

events can be compared to the events from logically constructed codelist,

making it possible to identify codes that have no clear logical link to the

target disease but are still associated with a diagnosis according to the data.

However, a limitation of the OUH dataset is that the data available only

consists of patients with colorectal or lung cancer, making it impossible to see

which codes are over-represented in the colon and lung cohorts compared to

the general population. Therefore, I also make use of MIMIC-IV (Johnson et

al. 2023a,b), a freely accessible EHR dataset from Massachusetts, USA which

has been widely used in previous PM studies. In MIMIC, each procedure

is characterised by an ICD code, using a mixture of ICD versions 9 and 10,

which can be converted to from SNOMED using the same OMOP maps used

to map OPCS codes (Section 3.3.2).

The colon and lung cancer patients in MIMIC were divided into a case

cohort of patients with the target diagnosis and a control cohort of those

without. Through statistical testing with Fisher’s exact test, we identify

codes with a statistically significant difference in frequency between the two

cohorts, and therefore some association with a diagnosis of colon or lung

cancer.

3.3.4 Results

This section describes the results of the proposed method by comparing the

quality of the generated codelists against reference lists, by comparing the

process models generated using these lists, and by examining the distribution

of codes in a supplementary dataset.
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Query development

Initially, concepts were retrieved based on the query outlined in Section 3.3.2

(referred to here as Query 1). During initial tests, this query retrieved many

codes which were only tangentially relevant: applying this example to colon

cancer, for example, returned a number of codes describing oesophagectomy,

the surgical removal of the oesophagus. Because this procedure sometimes in-

volves replacing the oesphagus with material from the colon, several concepts

therefore include the colon as a procedure site. In practice, this procedure is

very unlikely to be related to colon cancer; the oesophagus is the primary

site of this procedure, and the colon is of secondary concern. Therefore, to

exclude such concepts, an additional cardinality constraint was introduced,

ensuring that procedures must have one and only one site:

Query 2. “Which concepts are

procedures, occur on a site that is a

possible finding site for our target

diagnosis, and have exactly one

procedure site?”

< 71388002|Procedure| :

( 405813007|Procedure site - Direct| =

<< (* : R 363698007|Finding site| = << [ Diagnosis ][ Diagnosis ][ Diagnosis ]) )

AND ( [1..1] 405813007|Procedure site - Direct| = *)

A second issue with Query 1 was that it also retrieved some procedures that

were seemingly totally irrelevant. For example, in some older releases of

SNOMED CT, the concept representing malignant neoplasm of colon had child

concepts including malignant neoplasm of rectosigmoid junction metastatic

to brain, which meant that the brain was also automatically introduced as

a procedure site of interest, so any number of codes relating to the brain

are returned as a result. In case such examples exist within other diseases,

a more specific query was created: instead of requesting any possible site

for any child concept of the target disease, it requests only procedures that

involve a specific, named anatomical concept:

Query 3. “Which concepts are

procedures, and occur on a specified

site?”

< 71388002|Procedure| :

405813007|Procedure site - Direct|

= << (* : R 363698007|Finding site| = << [ Site ][ Site ][ Site ] )

Finally, the new rules introduced in Queries 2 and 3 were combined to

constrain our output to those procedures with exactly one procedure site,

and a procedure site that is a specific named site, or a descendant thereof:
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Query 4. “Which concepts are

procedures, occur on a specified

site, and have one and exactly one

procedure site?”

< 71388002|Procedure| :

( 405813007|Procedure site - Direct| = << [ Site ][ Site ][ Site ] )

AND ( [1..1] 405813007|Procedure site - Direct| = *)

When running these queries on cancer diagnoses, there also exist several

other procedures that are highly relevant but not site specific: for this rea-

son, an additional request for chemotherapy and radiotherapy codes was

appended onto relevant queries:

Query 5. Additional rules to cap-

ture chemotherapy and radiotherapy

concepts

... OR << 367336001 | Chemotherapy (procedure) |

OR << 108290001 | Radiation oncology AND/OR radiotherapy (

procedure) |

Comparing codelists

Figure 3.11 compares the results of Queries 1–4 in the five different dis-

ease scenarios. The queries were run against the February 2024 release

(37.5.0_20240214000001) of the SNOMED CT UK Edition. OPCS codes in

chapters Y and Z — supplementary codes that describe additional informa-

tion such as sites or approaches to surgery — are excluded from calculations

since as a rule they never appear in the primary position in records, and

therefore have little bearing on process mining results.

In terms of raw codelist size, moving from the more general Query 1

to the more restrictive Query 4 consistently reduced the number of codes

returned, as expected. However, two diagnoses — cataract and glaucoma —

produced exceptionally large result sets for Queries 1 and 2. This occured due

to the existence of concepts in SNOMED that represent multiple diagnoses,

for example the concept glaucoma and sleep apnea means that structure of the

eye and structure of the respiratory system are both introduced as acceptable

procedure sites, so any procedures on the respiratory system are introduced,

significantly inflating the codelist. This was significantly improved by the

introduction of the more narrow site definition in Queries 3 and 4.

Precision was generally low. This was again most visible in the cataract

and glaucoma results, where the exceptionally large codelist size made it

inevitable that a very small number of those codes would be relevant. How-

ever, it is also noticeable that in the case of the cataract codelist, and to a

lesser extent in appendicitis, Queries 3 and 4 represented a significant jump

in precision, suggesting that the move from a specific disease to a single

named procedure site did successfully eliminate a large number of irrelevant
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Figure 3.11. Length, precision

and recall of codelists resulting from

Queries 1–4 against five different

target diagnoses

concepts. Colon cancer was the notable outlier in terms of precision, likely

owing to the significantly larger size of the benchmark codelist compared to

the others.

Recall, by contrast, was relatively high across all scenarios tested. For

appendicitis, it was entirely constant across all queries, indicating that the

changes to constraints did not remove any correct codes. In every other case,

recall was lower in Query 4 than in 1, indicating that increasing constraints

— while effective at reducing irrelevant codes — also inevitably resulted in a

loss of some relevant codes.

Figure 3.12 shows the proportion of concepts in the benchmark codelist

retrieved, with retrieved codes grouped into categories. Concepts repre-

senting blood tests, diagnostic imaging and testing and patient assessment

were never retrieved, because they are not disease specific and therefore

not annotated with a clear site in the ontology. Similarly, endoscopy of

the upper gastrointestinal tract was never retrieved as it does not have a

relevant procedure site, but it is commonly included in colon cancer analyses

as it commonly forms part of the route to diagnosis. Recall was highest in

surgical topics, since they were well annotated with clear procedure sites in

the ontology, and the increased constraints moving from Query 1 to 4 only

had a noticeable affect on these codes.

Comparing processes

To investigate the usefulness of these codelists for PM, directly-follows

graphs for colon and lung cancer patients were generated from the OUH
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Figure 3.12. Recall of Queries 1–4

on colon cancer against the extended

CORECT-R reference set, grouped by

category

dataset, based on the generated codelist according to Query 1 (chosen for

consistently displaying the highest recall) and the known benchmark codelist.

In these graphs (Figures 3.13 and 3.14), node labels represent relative case

frequency, i.e. the number of patients experiencing that event, whilst edge

labels represent the relative antecedent frequency, i.e. the proportion of

instances of the source event that are followed by the destination event.

In colon cancer, the minor and major resection were grouped into one

resection category for clarity and simplicity, as were lower gastrointestinal and

upper gastrointestinal endoscopy. Activities that only occured in a very small

proportion of patients (stoma, stent, bypass, other, imaging, assessment)

were excluded.

The two processes resemble each other in many ways. A similar propor-

tion of patients underwent resections (28.23% in our codelist, 36.9% accord-

ing to the benchmark codelist), reflecting the a reasonably high recall for

resection-related codes. Both processes share similarities: the most common

first event was resection; imaging and radiotherapy were typically the last

event in a pathway; and radiotherapy very rarely follows a resection. How-

ever, there are also some significant differences: the proportion of patients

experiencing chemotherapy, imaging and endoscopies were all markedly

lower in our model than the CORECT model. Additionally, 59.61% of patients

did not experience any events of interest, compared to 33.12% according to

the benchmark list.

In lung cancer, there was a higher level of agreement between the two

process models. In particular, a very similar rate of lobectomies were recorded

by both models, indicating that both methods arrived upon similar codelists

in this category. Chemotherapy and radiotherapy rates were also similar. The

smaller scale of discrepencies between these two models reflects the fact that

the number of possible codes for lung cancer are considerably fewer than for

colon cancer, given that treatment via surgery is less common.To investigate

the usefulness of these codelists for process mining, directly-follows graphs
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Figure 3.13. Directly-follows graphs summarising the pathways of colon cancer patients, filtered according to the benchmark

codelist E (top) and Query 1 (bottom)



DEFINING PATHWAYS WITH ONTOLOGIES 63

100%

93.79%

0.96%

4.78%

0.48%

67.66%

17.33%
10.07%

2.77%

2.17%

83.75%

13.07%

0.88%

2.3%

92.38%

7.14%

0.48%

91.24%
5.11%

1.46%
2.19%

End

Start

Chemotherapy
18.89%

Incidence
100%

Lobectomy
10.31%

Radiotherapy
3.81%

Sleeve / wedge resection
2.5%

100%

89.62%

4.6%

0.92%

2.1%

2.76%

70.25%

11.33%

9.56%

0.62%

1.97%

6.27%

83.94%

9.6% 1.22%

5.24%

80%

17.5%

2.5%

91.1%

5.48%

0.68%

2.74% 75.12%

8.37%

9.85%

1.48%

3.69%

1.48%

End

Start

Chemotherapy
13.08%

Incidence
100%

Lobectomy
10.4%

Pneumonectomy
0.73%

Radiotherapy
2.62%

Sleeve / wedge resection
7.2%

Figure 3.14. Directly-follows graphs summarising the pathways of lung cancer patients, filtered according to the benchmark codelist

D (top) and Query 1 (bottom)



64 THE STRUCTURE AND INTERPRETATION OF PATIENT PATHWAYS

for colon and lung cancer patients were generated from the OUH dataset,

based on the generated codelist according to Query 1 (i.e. the highest recall)

and the known benchmark codelist.

Comparing with statistics

The procedure codes with the strongest association with a colon or lung

cancer diagnosis within the MIMIC dataset are shown in Table 3.2. Each code

was counted in the diagnosed and non-diagnosed population, and the rate

of occurance compared by calculating an odds ratio and statistical testing.

Listed in this table are those codes that were more common in the case cohort,

appeared > 10 times in the case cohort, and were statistically significant

(𝑝 < 0.05) according to Fisher’s exact test.

For colon cancer, most of the missing codes related to the large intestine,

and therefore were not found by our queries as they were not tagged with a

descendant of “colon” as a procedure site (“colon” is itself a descendant of

“large intestine” in SNOMED). The exception here is endoscopic insertion of

colonic stent(s), which does not have a recorded map to a particular SNOMED

code in the OMOP data model, although it does have an is a relation to a

similar SNOMED concept. Lung cancer follows a similar pattern, with many

of the codes being related to the lymphatic system and therefore not having

a relevant procedure site tagged. Endoscopic excision... again did not have a

map to a directly equivalent SNOMED concept.

3.3.5 Discussion

These results suggest that the proposed approach to preparing event logs

using queries over ontologies can approximate an expert-prepared codelist.

There is a clear trade-off between precision and recall: depending on the

query structure, the results lie on a spectrum between a relatively complete

codelist with a large number of extra codes, or an incomplete codelist in

which every code is likely be relevant.

Performance varies depending on the type of event: surgeries are often

easy to identify, owing to their clear structure and the prevalence of useful

annotations in the SNOMED ontology, whereas relevant but non-disease

specific events such as chemotherapy, diagnostic tests and imaging need

to be explicitly specified. In some cases, there exist relevant concepts that

don’t have a clear ontological relationship to known concepts: procedures

in adjacent locations can happen due to surgical complications or cancer

metastasis. However, any widening of definitions needs to be balanced with
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ICD concept Prevalence

Version Code Description Control Case

Odds ratio 𝑝

Colon

10 0DTF4ZZ Resection of Right Large Intestine, Percutaneous

Endoscopic Approach

0.05 6.69 137.57 7.88e−108

10 0DTG4ZZ Resection of Left Large Intestine, Percutaneous

Endoscopic Approach

0.01 1.15 82.53 6.76e−18

9 4593 Other small-to-large intestinal anastomosis 0.15 7.65 55.54 1.39e−99
10 0DTF0ZZ Resection of Right Large Intestine, Open Ap-

proach

0.07 3.25 51.38 1.41e−42

9 4594 Large-to-large intestinal anastomosis 0.08 2.87 34.97 1.27e−33
9 4686 Endoscopic insertion of colonic stent(s) 0.05 1.53 31.29 5.14e−18
10 0DJD4ZZ Inspection of Lower Intestinal Tract, Percuta-

neous Endoscopic Approach

0.06 1.15 20.93 4.51e−12

9 4579 Other and unspecified partial excision of large

intestine

0.06 1.05 16.46 3.49e−10

10 0D1B0Z4 Bypass Ileum to Cutaneous, Open Approach 0.18 2.58 15.08 6.71e−22
9 4620 Ileostomy, not otherwise specified 0.12 1.43 12.46 8.89e−12

Lung

10 07T70ZZ Resection of Thorax Lymphatic, Open Approach 0.00 0.90 361.96 5.75e−43
10 07B70ZZ Excision of Thorax Lymphatic, Open Approach 0.01 1.12 122.81 1.32e−47
10 07B70ZX Excision of Thorax Lymphatic, Open Approach,

Diagnostic

0.01 1.53 115.38 1.02e−63

10 07B74ZX Excision of Thorax Lymphatic, Percutaneous En-

doscopic Approach, Diagnostic

0.07 4.74 66.48 6.81e−176

9 3228 Endoscopic excision or destruction of lesion or

tissue of lung

0.03 1.90 65.91 1.60e−71

9 3422 Mediastinoscopy 0.05 2.68 59.59 5.34e−98
9 3230 Thoracoscopic segmental resection of lung 0.02 1.12 56.28 1.96e−41
10 07D78ZX Extraction of Thorax Lymphatic, Via Natural or

Artificial Opening Endoscopic, Diagnostic

0.03 1.25 50.09 1.17e−44

10 07T74ZZ Resection of Thorax Lymphatic, Percutaneous En-

doscopic Approach

0.02 1.15 49.59 2.50e−41

10 07B74ZZ Excision of Thorax Lymphatic, Percutaneous En-

doscopic Approach

0.04 1.56 44.86 6.08e−54

Table 3.2. ICD9Proc and ICD10-PCS procedure codes that were strongly associated with a colon or lung cancer diagnosis (𝑝<0.05,

ranked by odds ratio) and did not appear in the Query 1 generated codelist
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the risk of increasing the number of irrelevant codes. Query constraints

always need to be guided by the research question and purpose.

Performance also depends on the choice of, and the original purpose

of, the benchmark codelist. Codelists A, B, and C were defined by their

original authors for the purpose of selecting a patient cohort, rather than to

explicitly study the care processes of those patients, which is the purpose

of Codelists D and E. Codelists are designed with specific intents in mind,

and it is important for process mining researchers to bear this in mind when

reusing them for comparison.

Our results also highlighted that abstracting events into meaningful and

useful categories is still a key challenge. When developing our methodology,

three approaches were considered. One option was using the structure of the

data’s original terminology. OPCS codes consist of four characters, which

describes three hierarchical levels. For example, the code H01.1 represents

Emergency excision of abnormal appendix and drainage however further quali-

fied, H01.2 represents emergency excision of abnormal appendix not elsewhere

classified, and H01.3 represents emergency excision of normal appendix. Col-

lectively, all of these codes fall under the chapter H01 emergency excision of

appendix, which itself falls under Chapter H, lower digestive tract. Therefore,

it is possible to aggregate codes by grouping them according to these chap-

ters and subchapters. Aggregating codes using this structure was in practice

challenging. Since OPCS chapters are arranged at the highest level by site

(with the exception of the diagnostic imaging, testing, and rehabilitation and

miscellaneous chapters), almost every code related to a particular disease

will come from one chapter, resulting in almost all events being aggregated

together. For example, Query 1 applied to colon cancer yielded 257 codes

from the H (“lower digestive system”) chapter, 24 codes from the X (“miscella-

neous operations”) chapter, and fewer than 20 codes from every other chapter.

Moving down a level to three-character OPCS codes creates the opposite

problem: there are far too many subcategories for this information to be

useful for event aggregation. In the example of Query 1 for colon cancer, the

results span 80 three-character concepts, each containing at most 10 codes,

which is far too many to create an interpretable process model. Therefore,

the level of abstraction means that the OPCS terminology structure in and

of itself is not a useful framework for event aggregation.

A second approach is to aggregate the codes before their transformation,

within the SNOMED terminology. SNOMED concepts are semantically an-

notated with additional relations, for example procedures can have method

or approach relationships. These relationships can therefore be used to infer
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group relationships, for example by categorising any concept with method

imaging as imaging, or anything with methods repair or excision as surgery.

By examining the most common methods relationships that exist within the

codelist, a set of maps that take advantage of this structured knowledge

were hand-prepared. In this case, the main barrier to useful aggregation

was the fact that many OPCS concepts were mapped to multiple possible

categories in the SNOMED terminology. In most cases this was because

the source SNOMED concept had multiple method relationships, but occa-

sionally because one OPCS concept could be mapped to multiple SNOMED

concepts. Additionally, the high number of possible methods created a very

large number of categories; in the case of Query 1 for colon cancer, there

were 48.

A major issue shared by both the OPCS and SNOMED-level aggregation

approaches is that the categories do not clearly align with those from the

benchmark codelists. This means that any resulting process models are not

comparable with those from a different source codelist. For this reason, I

used the text descriptions of each code, defining a set of categories equivalent

to those in the colon and lung cancer benchmark lists, and matching codes

to these based on a keyword search: These keywords were chosen based

on patterns identified from manually examining the benchmark codelist,

to ensure as close an alignment as possible. This is the most manual and

intensive approach, and less intuitive since it does not rely on existing

ontological structure, but has the key advantage that it can be specified and

developed by researchers according to their needs, and categories can be

designed to match existing categorisations from comparable codelists.

It is therefore clear that at present, the structure of the key ontologies

used in healthcare data do not easily support aggregation into a useful level,

and some level of human curation is realistically still required. Effective

abstraction for research also depends on the research question: modelling

an overarching treatment process requires a different abstraction level to

trying to determine smaller process differences within a particular treatment

pathway, for example.

The proposed approach is capable of providing a reasonably accurate list

on which to begin domain expert-lead discussions, speeding up the initial

stages of the development process. It allows the majority of concepts in a

codelist to be described through as a set of intuitive and explainable inclusion

criteria in a standard language. As a result, the codelists themselves consist

of concepts from a standard ontology that can then be translated into the

languages used by individual datasets — although this is highly dependent on

both the completeness of the original ontology and the quality of mappings
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available. This approach could also be informative in situations where very

small amounts of data are available, limiting the usefulness of statistical

analysis of the most common codes. Finally, the process of specifying a set of

requirements for desired events in terms of their relationship to a particular

target disease keeps the PM method focused on a concrete health issue,

ensuring clinical meaningfulness and good alignment between PM studies

and current research questions in healthcare. Domain knowledge, even in

the form of well-established and curated ontologies, is rarely perfect and

cannot instantly automate the process of event log preparation. However, it

can provide a meaningful framework to generate ideas to be iterated upon,

and inspire conversations with domain experts.

3.4 Summary

This chapter presents two views on patient pathways. Firstly, from a health-

care point of view, I consider what a clinical pathway actually is, and what

information is needed to properly interpret them in context. Secondly, I

examined pathways from a practical and computational perspective, asking

what clinical pathways look like in real data, and how the right data should

be extracted to analyse them in a systematic way.

The first major contribution of this chapter is a demonstration of the

value of context in interpreting pathways. Through examining the real

journeys of patients with colorectal and lung cancer, I found that a simple

view of pathways is rarely enough to draw meaningful conclusions. However,

considering contextual factors provides significantly more interesting results

that align with expert knowledge of pathways, and with results previously

healthcare literature. The second contribution is a proposed approach to

automatically extracting and preparing healthcare data for pathway analysis,

which makes use of domain knowledge from ontologies. The results found

that this approach to event extraction is possible, and that codelists generated

through this method resemble those that would be prepared by human

experts; that event aggregation is more challenging, due to the relatively

rigid options provided; and that taken together, when used to produce process

models, the resulting process models do resemble those prepared with more

traditional methods.

The development and design of these studies also revealed several inter-

esting points around the structure of health data. For example, Section 3.2

defines a patient of interest as a patient who has a recorded diagnosis of the

target disease within the cancer patient management system, whilst Section

3.3, by contrast, includes any patient who has the target diagnosis recorded
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at some point, resulting in a much larger cohort. The former definition is

almost certainly the preferable one: early analyses included a very high pro-

portion of patients with no treatment at all — a pattern visible in Section 3.3

— which is likely due to the recording of clinical codes to represent suspicion

or investigation rather than diagnosis. For this reason, the more specific

definition was devised based on knowledge of the hospital’s information

system, specifically the fact that a separate system is used specifically for

tracking cancer patients. This was not possible to incorporate into Section

3.3 as this batch of data was not available at the time, or for lung cancer pa-

tients, but the difference in these two sections’ findings, especially regarding

patients supposedly going without treatment, underlines a key point of this

chapter: that EHR data is heavily influenced by human practices and is not a

perfect record, and that a strong understanding of these processes is needed

to perform meaningful analysis.

Collectively, these findings emphasise the benefits of structured onto-

logical knowledge and statistics in enhancing and expediting research, but

fundamentally support approaches that are guided by domain expertise. The

automated approach is far from a replacement for discussion and input from

domain experts; it in fact underlines the importance of a deep understanding

of the subject area, of the research question, and of the very nature of elec-

tronic health record data. They underline the importance of a patient-centred

and non-prescriptive approach to healthcare process modelling. Variations in

care are not “noise” or “anomalies” to be ironed out, but part of an individual

patient’s story, and decisions that appear unusual on paper may have been

made according to clinically sound judgement.

Thus far, attempts to apply process mining methods to healthcare data

have not always been successful. This is because these methods are designed

for business processes. This chapter argues that patient pathways are not

deterministic production lines, but by necessity unique to each patient. Anal-

ysis such as deriving average pathways, or grouping pathways into clusters

are useful, in that they allow us to explore population-wide patterns and

make sense of very large populations, but they still need to account for this

natural heterogeneity.
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4 A distance measure for patient pathways

Given the complexity of pathways, dividing patients into binary groups based

on “compliance” and “non-compliance” is overly simplistic, and conceals

heterogeneity within groups. In this chapter, I therefore outline a method

for assigning continuous values that describe the difference between pa-

tient histories. This proposed method has several notable characteristics,

which are deliberately chosen to avoid the pitfalls of many modern machine

learning approaches, and to emphasise model practicality, accessibility, and

reproducibility.

By combining knowledge graph embeddings with timeseries methods, it

allows the description of distance between patient histories based on both

the semantic similarity of the events and their temporal patterns. By using

embeddings trained only from an internationally standardised and publicly

available domain ontology, the risk of accidental leakage of patient records is

removed, and embeddings are created that can be publicly shared, allowing

for the reproduction and comparison of results. By training the core embed-

ding model on the entire SNOMED ontology, rather than a particular medical

area or a particular dataset, embeddings are created that only need training

once, and can be reused for different research questions; this significantly

lowers the computational power and cost requirements, and reduces the

environmental impact of performing analyses.

I compare several existing KGE algorithms, and use them to generate

embeddings of the SNOMED ontology (Section 4.2), specifically investigat-

ing whether performance on traditional link prediction metrics necessarily

entails an effective representation of semantic similarity.

I then introduce embedding-based dynamic time warping (E-DTW), a

method for combining concept embeddings into a single representation of a

patient’s pathway and measuring the distance between pathways (Section

4.3). The proposed method represents a patient’s pathway as a timeseries of

points in an embedding space and measures the distance between pathways

with a dynamic time warping-based algorithm. This method is evaluated

on its ability to describe differences in patient traces, and is applied to a

retrospective EHR dataset to examine its effectiveness in describing patient

differences in specific research scenarios (Section 4.4).



72 A DISTANCE MEASURE FOR PATIENT PATHWAYS

4.1 Background

Ontologies encode curated and logically structured domain knowledge,

which makes them exceptionally useful for a wide range of applications.

However, like all non-numeric data, this knowledge is difficult to actually

analyse with modern machine learning methods which typically require nu-

merical input. For this reason, a wide range of methods have been developed

that aim to convert graphical knowledge into low-dimensional representa-

tions, whilst preserving as much of the original structure as possible. These

knowledge graph embedding (KGE) approaches are also known for typically

placing similar concepts close to each other in this low-dimensional space,

although this is not necessarily guaranteed.

4.1.1 Embedding methods

Many of the foundational KGE approaches have their roots in word em-

bedding, the task of converting free-text data into embeddings. One of the

seminal algorithms in word embedding is word2vec (Mikolov et al. 2013b).

This relatively compact (two-layer) neural network introduced the skip-gram

model, which emphasises finding a representation of a word that can pre-

dict the contents of a sliding window of surrounding words, giving higher

weighting to closer words. Word2vec’s simplicity and accessibility means

that it has been highly influential, and has been widely modified and ap-

plied to non-textual data. Kmer2vec (Ren et al. 2022), for example, learns

embeddings of long DNA sequences by splitting them up into 𝑘-mers — sub-

strings of a specified length 𝑘 — and feeding them into word2vec as “words”.

Node2vec (Grover & Leskovec 2016) and RDF2vec (Ristoski & Paulheim 2016)

work similarly, learning representations of both simple graph structures and

knowledge graphs with semantic edges by treating random walks along the

graph structure as sequences of words. Most relevantly for our purposes

however, word2vec’s principles have also been widely applied to learning

embeddings of medical codes (Beam et al. 2020; Choi et al. 2016).

Since then, more complex word embedding methods have been proposed,

notably GloVe, which emphasises global rather than local co-occurrence; and

ELMo and BERT, which use deeper neural networks to give the same word

different embeddings depending on context. Getzen et al. (2024) compare all

of these models, and find that they all display roughly equivalent performance

on prediction tasks that require structured medical concepts, except for ELMo

and BERT which are notably inferior. This is perhaps surprising, as these

are more recent and more complex models, but the authors note that they
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require a substantial volume of training data that was not available, which

was likely a factor in their performance.

What all these approaches have in common is their reliance on the distri-

butional hypothesis: the idea that a word’s meaning is characterised by those

words it frequently co-occurs with, an idea which has a long history in philos-

ophy and linguistics (Skelac & Jandrić 2020). The application of this principle

to increasingly complex models and increasingly large training datasets has

culminated in modern LLMs. The work of Kane et al. (2023) is perhaps the

natural evolution in text-based medical concept embeddings, describing the

use of an LLM to create embeddings of ICD-10 concepts. However, this

work highlights several disadvantages which extend to any language-based

approach: the reliance on quality training data, in particular the challenge

of gathering enough input data to effectively handle less common concepts;

the difficulty of representing meaningful hierarchies such as those found in

ontologies; and the risk of overfitting to the training dataset.

Overall, language models of various scales have been widely used to

learn representations of words and other concepts, but their shortcomings

are particularly limiting in healthcare contexts. They rely on measuring

co-occurrence and statistics which — whilst undoubtedly effective — make

them less useful the rarer a particular concept is, and they cannot guarantee

representation of semantics or structure. These models can be adapted

to work on graph data, however this typically only considers the simple

graph structure, and not relation semantics, treating relationships as simple

indicators of connectivity, rather than carriers of meaning. The distributional

hypothesis is well-founded: medical concepts’ meanings are undoubtedly

influenced by the contexts in which they appear, and language models capture

this well, but it is also true that medical data and healthcare processes are

very heavily influenced by other contexts which are not always visible in the

data. Specific patient populations, healthcare systems, and human processes

all impact what data is recorded, how it is is recorded, and the patterns that it

exhibits. This means that a model trained on a different population will not

be able to guarantee generalisability. Finally, the reliance on real healthcare

data as a training source also means that it is exceptionally difficult to share

this training data publicly, which severely limits the reproducibility of these

models.

In parallel, a separate class of models known as knowledge graph em-

beddings (KGEs) have developed, specifically designed to create embeddings

of knowledge graphs. By explicitly developing a mapping between entities

and relations and their vector counterparts, they aim to more accurately

describe the characteristics and relationships between them (Biswas et al.
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2023). These methods are introduced in depth in Section 2.5. In practical

terms, a KGE algorithm typically works in three steps. Firstly, entities are

represented as points in a vector space, and relations as some kind of opera-

tion within the space, which can be described with a vector, matrix, tensor,

or probability distribution. Secondly, the representations are then evaluated

in terms of plausibility using some scoring function, which scores facts that

actually exist within the KG higher than those that do not. Finally, these

representations are iteratively improved; this is an optimisation problem

that aims to maximise the plausibility score (Wang et al. 2017).

Knowledge graph embeddings rely on structured, curated knowledge

rather than text corpora, and therefore present an alternative, and arguably

under-studied, approach for learning representations of medical concepts.

The body of work on KGE-based representations of medical concepts is

slimmer than that for text models, but Chang et al. (2020) evaluated five

different translational KGE models alongside two skip-gram based models

on entity classification and relation prediction tasks and found that the KGE

models almost always outperform the word2vec-inspired ones, indicating

that these methods hold promise.

Ontologies are not necessarily a perfect data source: they are curated

by humans and so can contain logical contradictions and inconsistencies

(Mortensen et al. 2015; Slater et al. 2020), or encode outdated or discrimi-

natory concepts (Ram et al. 2022). The difference is that in an ontology, an

incorrect fact or chain reasoning can be traced to its source and corrected.

4.1.2 Evaluating embeddings

Knowledge graph embeddings are typically evaluated on the task of link

prediction, i.e. how well the embedding is able to predict the presence of

unseen relationships between entities, withheld during the training process.

However, whilst link prediction is by far the dominant evaluation metric, it

is not the only one. Portisch et al. (2022) identify two main tendencies in

KGE research: some embedding approaches prioritise link prediction, the

primary aim being to distinguish between correct and incorrect facts using

the graph as a source of ground truth, whilst others prioritise data mining,

aiming to produce low-dimensional representations of graphs as input for

other machine learning algorithms.

These are often considered to be two very different tasks. Link prediction

approaches are often said to encode semantic similarity into the embedding

space, with entities in the same category forming natural clusters, but this is

a side effect of optimising for a particular prediction operation rather than by
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design. If two entities are considered to be similar when they share a common

relation to a common third entity, then it follows that this will create natural

clusters of similarity. Data mining approaches, by contrast, will position

embeddings close to each other when they share any relation to a common

third entity, or a common relation to two different entities, meaning that

whilst these models aim to encode similarity, they also encode relatedness.

Portisch et al. find that link prediction methods can perform reasonably well

on classification and regression tasks, and data mining models can perform

well in link prediction, indicating that the line between these two paradigms

is less clear-cut than one might expect.

However, other sources have questioned the semantic meaningfulness of

knowledge graph embeddings. Jain et al. (2021) compare the performance of

KGE representations with alternatives generated via SDType, an approach

which calculates the probability of each entity belonging to a particular

type based on the types of its incoming and outgoing relations (Paulheim

& Bizer 2013). Whilst this is used to argue that a “traditional” method can

outperform KGEs, the results show that the alternative approach is in most

cases roughly comparable to KGEs, is better on one or two occasions, and

is the worst approach on another one or two occasions. Additionally, this

method is highly specific to classification, and is only evaluated based on

classification performance, rather than on clustering or any other metric

of semantic similarity. Therefore this proposed alternative, whilst capable

of performing comparably to KGEs, only does so for the specified problem

for which it is designed; by contrast KGE representations are reusable as

inputs to a many algorithms once generated. The key takeaway from these

experiments is the sheer range of results, which highlight that there is likely

no “best” KGE model, and different embedding models can perform very

differently to each other on different datasets. Other research has indicated

that changes in training strategies and parameters can also have a substantial

effect on model quality (Gema et al. 2024; Ruffinelli et al. 2019).

Hubert et al. (2024) similarly question the effectiveness of KGE methods,

arguing that since KGE models are typically trained to optimise performance

in link prediction scenarios, the proximity of entities in an embedding space

is not guaranteed to align with semantic similarity. As previously noted,

performance in classic rank-based metrics is not totally separate from entity

similarity: the principles of distributional semantics suggest that similar

entities will naturally appear in similar triples as a side effect, meaning

that there is likely some correlation between rank-based metrics and entity

similarity, but this work attempts to quantify the level to which this occurs.

The proposed method compares a concept’s set of immediate neighbours



76 A DISTANCE MEASURE FOR PATIENT PATHWAYS

in the original graph with that concept’s set of closest embeddings, and

measures the degree of overlap. By this metric, the TuckER and DistMult

KGE models display the best similarity, and BoxE, RDF2Vec, RESCAL and

TransE the worst, but as before, performance varies substantially between

datasets and even between different classes within the same dataset.

It is clear from this literature that knowledge graph embeddings are

capable of encoding the similarity between concepts, but the work of Hubert

et al. and Jain et al. outline the fact that this performance can be highly

variable, that it therefore needs to be thoroughly evaluated on a per-dataset,

a per-model, and a per-class basis, and that the traditional rank-based metrics

are probably not the most meaningful way of assessing this.

4.1.3 Comparing complex concepts and sequences

Many of the approaches used to learn word embeddings are in fact com-

positional: that is, a phrase or sentence can be represented by a simple

combination of the embeddings of the individual words that make it up;

often by either addition or multiplication (Mikolov et al. 2013a; Mitchell &

Lapata 2008). L. White et al. (2015) establish that summing or averaging

word embeddings to create sentence embeddings can be just as effective as

dedicated approaches.
5

This approach to representing complex concepts as5 Note that summed and averaged

vectors are effectively equivalent,

since the widely used cosine distance

considers only a vector’s direction,

and not its magnitude.

combinations of their individual components has been widely adopted: Zou

et al. (2013) represent phrases as averages of their word vectors, and Nalis-

nick et al. (2016) create embeddings of entire documents from a normalised

mean of their constituent word embeddings.

This is not, however, the only approach to generating representations of

sequences of words. Incitti et al.’s literature review (2023) identifies several

other methods, ranging from the simplest techniques that count word occur-

rence, to methods based on machine learning. What is noticeable, however,

is that many of the more complex methods still use the idea of composition-

ality: the paragraph vector or “doc2vec” approach, for example, generates its

representations by creating a representation of an entire paragraph as well

as representations for each of the individual words, and then concatenating

or averaging them together (Le & Mikolov 2014).

These examples demonstrate that a great number of embedding ap-

proaches for both words and graphs incorporate some notion of composi-

tionality. Whilst this is not universal — where it does apply, it is designed in

in some cases and emerges naturally in others — it does mean that in many

cases, the meaning of a complex concept can be defined by a combination of

the meanings of its component concepts. This simple principle is a powerful
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one, but it is not without its flaws. The resulting sentences are represented

in the same embedding space as the individual words, which reduces the

expressive power of these approaches (Gupta et al. 2020), and most impor-

tantly these approaches are typically not sensitive to word order, meaning

that two sentences consisting of the same words in a different sequence will

be represented by the same embedding. This is problematic when trying

to represent processes and histories of event, where order definitely does

matter.

Knowledge graph embeddings operate on many of the same principles

as word embeddings, so it follows that these approaches might also be effec-

tive for KGEs. Carvalho et al. (2023), in their work on hospital readmission

prediction, represent a patient as a concatenated vector of all the ontology

classes describing their features. Outside of this example however, the com-

positionality of KGE-based representations has not been widely researched

(Bertolini 2023).

As identified in the earlier literature review, string metrics (Williams et al.

2014), and dynamic programming algorithms (Aspland et al. 2021) can effec-

tively provide a distance score between two sequences of symbols, but these

naturally forgo the benefits of semantic knowledge as encoded by word or

knowledge graph embedding approaches. There are also plenty of algorithms

from the timeseries literature that compare sequences of continuous values.

such as the dynamic time warping (DTW) algorithm (Berndt & Clifford 1994).

Whilst more recent methods exist (Middlehurst et al. 2024), DTW provides

an effective baseline for quantifying timeseries similarity, and in particular

has been widely adopted in the medical literature to cluster, sequences of

continuous variables over time, including risk scores (Hebbrecht et al. 2020;

Mesbah et al. 2024), vital signs (Bhavani et al. 2023), and biomarker values

(Burke et al. 2022).

The work of Giannoula et al. (2018) is particularly relevant, investigating

patterns of disease progression by using DTW to compare ordered vectors

of diagnoses. However, this approach is limited in that it calculates distances

based on the numeric value of diseases’ ICD-9 codes (specifically the squared

distances of the code values), a distance measure with no inherent semantic

meaning. This has been extended to consider distance between codes based

on their proximity in the ontology graph structure, or their binary presence

or absence in the same hand-defined category (Giannoula et al. 2021, 2024),

but these remain relatively simplistic measures of similarity.

This chapter therefore proposes a new method which combines the bene-

fits of semantic similarity from knowledge graph embeddings with sequence

comparison, ordering and timing from dynamic time warping. By treating a
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patient’s pathway as a sequence of ontology concepts, an embedding can

be used to transform this sequence of symbols into a continuous space, and

this sequence of embeddings can be effectively treated as a timeseries, and

compared using corresponding approaches.

4.2 Learning representations of medical concepts

As a prerequisite to creating representations of a patient’s pathway, I first

consider the process of learning representations of the individual concepts

that comprise it. In this section, I evaluate several KGE models by creating

embeddings of the concepts and relationships in the SNOMED ontology. As

well as investigating their performance on the conventional link prediction

metrics, I specifically evaluate how well they represent semantic similarity

in terms of placing similar concepts close to each other in embedding space.

4.2.1 Methods

The method used for training KGE models was based on that described by

Chang et al. (2020) Models were trained on the April 2024 release of the

SNOMED CT UK Clinical Edition (SNOMEDCT2_38.0.0_20240410000001).

The ontology was filtered down to a subset of the most informative semantic

groups, but rather than use the Unified Medical Language System (UMLS) sys-

tem’s semantic categories, this was done based on the equivalent SNOMED

top-level concepts: this simplifies the process, removing the need to intro-

duce another layer of ontology, and ensures a clear provenance of training

data, guaranteeing that the embedding is influenced only by information

present in the specified release of SNOMED. The selected groups were Body

structure, Artifact, Clinical finding, Event, Procedure, Pharmaceutical/biologic

product, Device, and Substance; any concept that is a direct or transitive

descendant of any of these top-level concepts is included in training.

The graph is treated as bidirectional, and triples describing reciprocal

relations are included. Embeddings were trained, on an NVIDIA Tesla V100

graphics processing unit with 16GB of memory, using the PyKEEN library

(Ali et al. 2021) in Python. In all experiments, the data was randomly split

into training and testing sets at a rate of 95%:5%, following the example of

Chang et al. (2020). Where an embedding model was described in Chang et

al.’s benchmarking paper, their recommended hyperparameters were used

to make our results comparable, although deviation from their results is

expected given that a more recent and UK-specific release of SNOMED is

used, and slightly different inclusion criteria are defined. Three of the most

popular KGE models were compared:
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TransE is the seminal knowledge graph embedding algorithm, and is

widely used as a benchmark for comparison (Bordes et al. 2013). For a given

triple (ℎ, 𝑟 , 𝑡), TransE treats 𝑟 as a translation vector that approximately

transforms ℎ’s vector into 𝑡’s; i.e. 𝐡 + 𝐫 ≈ 𝐭. Therefore, the scoring function

is simply the squared Euclidean distance between 𝐡 + 𝐫 and 𝐭: 6
6 This and subsequent equations

use the following conventions:

𝑠 scalar quantities

𝐯 vectors

𝐌 matrices

𝐌⊤ transposed matrix

𝐌⊙𝐍 Hadamard (element-

wise) product of matrices

|| 𝑥 ||1 𝐿1 (Manhattan) norm of 𝑥
|| 𝑥 ||2 𝐿2 (Euclidean) norm of 𝑥

𝑓𝑟(ℎ, 𝑡) = −|| 𝐡 + 𝐫 − 𝐭 ||22 (4.1)

A smaller distance between ℎ + 𝑟 and 𝑡 results in a higher score, indicating

that a triple holds, and the fact it represents is more likely to be true according

to the source knowledge graph.

TransE achieves MRR scores of around 0.4–0.5 on the FB15K and WN18

datasets, two classic benchmarks, but these drop to 0.2–0.3 for the FB15K-237

and WN18RR datasets, which introduce more complex relation patterns (Sun

et al. 2019). On SNOMED specifically, Chang et al. (2020) achieve an MRR

score of 0.346.

TransE has several limitations: it struggles to embed anything more

complex than a one–to–one relationship. Since ℎ+𝑟 must ≈ 𝑡 for multiple 𝑡s,

it is inevitable that several distinct entities will begin to receive very similar

embedding values (𝑡1 ≈ 𝑡2 ≈ ... ≈ 𝑡𝑛:). This has given rise to many further

embedding models which aim to resolve these and other issues.

DistMult models entities as vectors and relations as matrices (B. Yang

et al. 2015). For each relation, a matrix 𝐖𝑟 ∈ ℝ𝑑×𝑑 contains weights 𝑤𝑖,𝑗
that capture the amount of interaction between the 𝑖th latent factor of the

head entity and the 𝑗th latent factor of the tail entity. These are restricted to

diagonal matrices, a step that reduces the number of parameters and improves

performance compared to its closest ancestor model RESCAL (Nickel et al.

2011, 2012), but which prevents it from being able to model anti-symmetric

relations.

𝑓 (ℎ, 𝑟, 𝑡) = 𝐡⊤𝐖𝑟 𝐭 =
𝑑
∑
𝑖=1
𝐡𝑖 ⋅ diag (𝐖𝑟)𝑖 ⋅ 𝐭𝑖 (4.2)

DistMult achieves very high performance (almost 0.8) on the FB15K and

WN18 benchmarks, but these drop dramatically to 0.2 and 0.4 on the more

complex versions. On SNOMED, it achieves a more modest 0.420.

RotatE models relations as rotations from head to tail entities in a com-

plex space, and is able to model symmetry, antisymmetry, inversion and

composition (Sun et al. 2019).

𝑓 (ℎ, 𝑟, 𝑡) = −|| 𝐡 ⊙ 𝐫 − 𝐭 ||1 (4.3)
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RotatE follows a similar pattern to DistMult, achieving very high scores

(0.8–0.95) on classic benchmarks and lower scores (0.3–0.5) on their more

complex counterparts; on SNOMED, this performance is towards the lower

end (0.3).

4.2.2 Evaluation

Each model is evaluated in three different ways: according to conventional

link prediction metrics, according to their encoding of semantic similarity

as compared to the OPCS terminology, and according to their encoding of

semantic similarity as measured by the original graph’s neighbourhoods.

Link prediction

Each model is first evaluated on the task of link prediction, as is conventional

in the KGE literature. For every triple in the test set,𝑄, a corresponding set of

false triples is created by randomly swapping either the triple’s head, relation,

or tail with a random entity. Each triple’s plausibility score is calculated,

according to the particular model’s scoring function, and the original true

triple’s rank amongst these scores is stored. From this, two statistics are

derived:

Mean reciprocal rank the mean of all true triples’ predicted ranks, nor-

malised to range from 0 (worst performance) to 1 (best):

MRR =
1
|𝑄|
∑
𝑡∈𝑄

1
rank(𝑡)

(4.4)

Hits@𝐤 the proportion of occasions where the true triple was ranked

within the top 𝑘 scoring triples:

hits@𝑘 =
| { 𝑡 ∈ 𝑄 | rank(𝑡) ≥ 𝑘 } |

|𝑄|
(4.5)

These statistics are widely used in the evaluation of KGE models, and there-

fore provide a point of comparison (Ali et al. 2022).

Corrupting triples in this way can, by chance, occasionally produce true

triples which would then be scored as if they were false. For this reason, a

common adjustment is to automatically discard from the list of corrupted

triples any triple that exists in any training, validation or test set, other than

the triple under evaluation (Bordes et al. 2013). When working with the

SNOMED ontology, Chang et al. (2020) extend this further, recommending

that all transitive “is a” relations should be calculated and also excluded.

This approach is used here, in order to ensure that the evaluation results
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are comparable with one of the major benchmarking papers for SNOMED

embeddings.

Ontological structure

To evaluate how well the learned embeddings of SNOMED concepts rep-

resent notions of semantic similarity, I adapt the method described by Fu

et al. (2023) for evaluating embeddings of ICD concepts. This method was

originally proposed for evaluating embeddings of ICD diagnosis codes, but

the principles can also be applied to OPCS procedure codes. Each code in

the OPCS terminology is mapped to its corresponding SNOMED concepts,

via the mappings in the OMOP Common Data Model (Hallinan et al. 2024),

and these SNOMED concepts are mapped to their learned embeddings. Since

an OPCS code can map to multiple SNOMED concepts, each OPCS code is

represented by an 𝑛 × 𝑑 matrix, where 𝑛 is the number of SNOMED codes

mapped to that concept, and 𝑑 is the embedding dimensionality.

The similarity of two concepts can then be described by measuring the

distance between them in the embedding space. Conventionally, this is done

using the cosine distance:

cos (𝐱, 𝐲) = 1 −
𝐱 ⋅ 𝐲

|| 𝐱 ||2|| 𝐲 ||2
(4.6)

Fu et al., however, instead use a modified version of the RV coefficient. The

classic RV coefficient (Robert & Escoufier 1976), for two matrices 𝐗 and 𝐘 of

dimensions 𝑛 × 𝑝 and 𝑛 × 𝑞 respectively is calculated as:

𝑅𝑉 (𝐗, 𝐘) =
∑𝑝𝑖=1∑

𝑞
𝑗=1 𝑟2 (𝐱𝑖, 𝐲𝑗)√

∑𝑝𝑖,𝑗=1 𝑟2 (𝐱𝑖, 𝐱𝑗) ∑
𝑞
𝑖,𝑗=1 𝑟2 (𝐲𝑖, 𝐲𝑗)

(4.7)

where 𝑟2 (𝐚, 𝐛) represents the squared Pearson correlation between two vec-

tors. Mayer et al. (2011) note that for high-dimensional datasets, RV can

become misleadingly high, and recommend using a modified 𝑟2 that adjusts

for the dimensionality 𝑛:

𝑟2𝑎𝑑𝑗 (𝑥, 𝑦) =
𝑛 − 1
𝑛 − 2 (

1 − 𝑟2 (𝑥, 𝑦)) (4.8)

The RV coefficient is effectively a multivariate generalisation of the Pearson

correlation, which is itself equivalent to the squared cosine distance when

the data is centred (i.e. the mean is zero). Therefore, the RV coefficient

is intuitively very similar to the cosine distance, but it importantly allows

for the comparison of two matrices with different numbers of columns; a

useful property in our situation where an OPCS code may map to multiple
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SNOMED concepts, and therefore multiple embedding vectors. The RV

coefficient therefore provides a more appropriate metric to compare each

OPCS code’s 𝑛 × 𝑑 matrix.

To measure the extent to which the embedding distances reflect structural

information about concepts, the average RV distance between pairs of OPCS

codes from the same chapter is compared to the average RV distance between

pairs of codes in two different chapters. The RV distance metric is also

benchmarked against an alternative metric, a simple tree-based distance

which encodes the hierarchical structure of the SNOMED ontology. In this

measure, the distance between two codes 𝐴 and 𝐵 is always 1 if they are

from different chapters, or otherwise the difference between their numeric

components multiplied by 0.01:

disttree (𝐴, 𝐵) =
⎧⎪⎪
⎨⎪⎪⎩

1 if 𝐴𝑐ℎ𝑎𝑝 ≠ 𝐵𝑐ℎ𝑎𝑝

(𝐴𝑛𝑢𝑚 − 𝐵𝑛𝑢𝑚) × 0.01 otherwise

(4.9)

Fu et al. also consider the frequency of co-occurence between codes, mea-

sured using the Jaccard distance, in their analysis. However, the vast majority

of codes never co-occur in their analysis, heavily skewing the Jaccard values

towards 1 (i.e. maximally distant). Additionally, the data excerpt available

for this analysis only contained information on colorectal cancer patients,

meaning that any co-occurrence data would not be representative of that

concept in general. These factors severely limit the usefulness of this metric;

for these reasons, this step is omitted from this analysis.

Graph structure

To measure how well an embedding preserves the original graph’s structure,

each concept’s set of closest neighbours according to the original graph

structure is compared to the set of closest neighbours according to the

learned embedding, using the method outlined by Hubert et al. (2024).

For each concept 𝐴, its “triple neighbourhood” 𝑁(𝐴) is defined as the set

of all triples involving 𝐴 as either the head or tail:

𝑁 (𝐴) = { (𝐴, 𝑟, 𝑡) ∪ (ℎ, 𝑟, 𝐴) } (4.10)

After replacing 𝐴 with a dummy identifier that remains constant across all

values of 𝐴, the similarity between two concepts is defined as the Jaccard

index between their respective triple neighbourhoods:

𝐽 (𝑐1, 𝑐2) =
| 𝑁 (𝑐1) ∩ 𝑁 (𝑐2) |
| 𝑁 (𝑐1) ∪ 𝑁 (𝑐2) |

(4.11)
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Model

Link prediction Graph neighbourhood OPCS

MRR H@1 H@10 R1@10 R1@100 Correlation

TransE 0.407 0.334 0.542 0.150 0.108 0.071
DistMult 0.360 0.274 0.523 0.226 0.146 0.198
RotatE 0.727 0.633 0.840 0.266 0.193 0.184

Table 4.1. Performance of KGE

models measured by according to

link prediction metrics, neighbour-

hood similarity to the original graph

(Hubert et al. 2024), and correlation

with the OPCS codesystem’s struc-

ture (Fu et al. 2023)

Each concept’s 𝑘 closest neighbours according to the Jaccard similarity is

then compared with the same concept’s 𝑘 closest neighbours according to

their cosine distance in the embedding space. The similarity between these

two concept neighbourhoods is quantified with rank-biased overlap (RBO).

For the two ranked lists of concepts 𝑆 and 𝑇 , their agreement to a given depth

𝑑 is defined as the intersection of the first 𝑑 items on both lists, weighted by

𝑑:

𝐴𝑆,𝑇 ,𝑑 =
| 𝑆1∶𝑑 ∩ 𝑇1∶𝑑 |

𝑑
(4.12)

The overall RBO for the two lists of length 𝑘 can then be calculated

RBO (𝑆, 𝑇 , 𝑘) =
1
𝑘

𝑘
∑
𝑑=1
𝐴𝑆,𝑇 ,𝑑 (4.13)

RBO therefore measures the overlap between two ordered lists of concepts,

whilst also being sensitive to their ordering, and giving a higher weighting

to matches that occur nearer to the top of the list.

4.2.3 Results

In terms of MRR, TransE’s performance exceeded its comparable benchmark,

and DistMult performed slightly worse. RotatE, however, significantly ex-

ceeded the previous benchmark, also achieving significantly higher hits@𝑘
performance.

In terms of the RBO scores, RotatE was again the best model, but the

improvement is not as dramatic. This indicates that whilst there does appear

to be a relationship between link prediction performance and the capturing

of graph neighbourhood structure, this relationship does not necessarily

scale linearly. In fact, RotatE exhibits a lesser correlation with OPCS tree

distance than DistMult, although this could be due a result of encoding

other similarities not necessarily obvious from OPCS structure. For each

embedding, the full evaluation of OPCS structure is presented in Appendix

A. TransE exhibits a generally low distance between every concept, indicat-

ing relatively poor separation of concepts by chapter. DistMult provides a

substantially improved representation, with a clear separation in the distri-
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bution of within-chapter (lower quartile 𝑄1 = 0.35, median 𝑀 = 0.47, upper

quartile 𝑄3 = 0.5) and cross-chapter (𝑄1 = 0.61, 𝑀 = 0.75, 𝑄3 = 0.85) dis-

tances. There is a correlation between embedding distance and tree structure,

although some individual OPCS chapters display negative correlations sug-

gesting varying effectiveness on different topics. RotatE produces a slightly

weaker correlation between embedding and tree distances, but also creates a

very pronounced separation between within- and between-chapter concepts

(𝑄1 = 0.89, 𝑀 = 0.90, 𝑄3 = 0.91 versus 𝑄1 = 0.97, 𝑀 = 0.98, 𝑄3 = 0.98).

4.3 Constructing and comparing representations of patient
pathways

The previous section used KGE models to generate embeddings of biomedical

concepts from the SNOMED ontology. This section proposes a method for

combining these individual concept representations into a representation of

a patient’s entire pathway.

4.3.1 Methods

As summarised in Section 4.1.3, there are several possible methods for com-

bining individual embeddings into representations of more complex concepts.

In this section I outline the data used, the proposed method for creating pa-

tient representations, and several existing methods used for comparison

purposes. The method described here supports two tasks: it allows a user

to combine an EHR dataset with a pre-trained set of concept embeddings,

i.e. the output of a KGE model, and generate vector representations of the

patients’ pathways; and it allows the distance between these pathways to be

described with a numerical value.

Data

The following experiments used the OUH dataset previously described in Sec-

tion 3.2.2. Two cohorts were identified, consisting of patients with a recorded

colon (C18) or rectal (C20) cancer diagnosis in the cancer management system

between December 2012 and February 2024 inclusive (𝑛 = 7, 392). From this

dataset, each patient’s history of clinical events is extracted and represented

as an ordered sequence of events 𝑃𝑖 = {𝑒1, ..., 𝑒𝑛}.
Each event 𝑒𝑛 can be one of three types. Procedures are any events

represented by an OPCS code listed in the CORECT-R codelist (CORECT-R

Data Coding 2020). These are directly represented as the relevant OPCS code.

Chemotherapy is represented as a “chemotherapy” marker. Chemotherapy is

delivered as a course, which is divided into cycles: here, one “chemotherapy”
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event indicates a cycle, to ensure that information around course length and

timing is implicitly included.

Radiotherapy is likewise represented as a “radiotherapy” marker. How-

ever, counting the number of radiotherapy OPCS codes in the main proce-

dures table, the number of entries in the radiotherapy table, and the number

of outpatient attendances with “radiotherapy” as the given reason gives three

very different results for the number of patients undergoing radiotherapy.

I used the second option, data from the radiotherapy table, as it gives the

largest number. It however only summarises radiotherapy regimens, and

does not describe the number of attendances: the pattern of actual radio-

therapy delivery was therefore estimated by taking the recorded number of

fractions delivered, and assuming that they were delivered on every weekday

from the regimen’s start date. It is usual practice to deliver fractions daily

in this way (Royal College of Radiologists 2019), and in the actual data the

number of fractions delivered (plus weekends) was usually approximately

equal to the number of days between between the recorded start radiotherapy

start date and end date (±10 days in 75% of cases).

Benchmark methods

As well as the proposed method, outlined in the next section, I also use

several existing distance metrics to measure the differences between patients,

for comparison purposes. Firstly, I consider very basic compositions of the

individual embeddings:

∙ Product, mean, and mean plus variance, in which the patient is a simple

combination of each of the individual event embeddings, and similarity

is measured as the cosine distance between them.

Secondly, I consider sequence-based methods that represent the patient as

an ordered list of their OPCS procedure codes, and compare these ordered

lists without considering semantic distance or timing:

∙ The longest common subsequence (LCS) is, given two sequences, the

longest sequence common to both (Maier 1978). The LCS distance is

therefore defined as 1 − LCS, such that longer sequences in common

means a smaller distance value.

∙ The Damerau-Levenshtein distance (DL) is the number of operations

— either insertions, deletions, or substitutions of a single character, or

transposition of two adjacent characters — required to transform one

sequence into another (Damerau 1964; Levenshtein 1966).

∙ The Needleman-Wunsch algorithm (NW) was developed in bioinfor-

matics for calculating alignments between DNA sequences. It is similar

to the Levenshtein distance, assigning a score based on the number
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C18
Diagnosis:
colon cancer

H18
Procedure:
colonoscopy

H05
Procedure:
excision of colon

(2)(1) (3)

Figure 4.1. Proposed method

for constructing representations of

patient pathways

of operations needed to align a sequence, but allows the penalties for

symbol matches, swaps, and gaps to be specified by the user (classically

1, −1, and −1 respectively).

Each of these metrics has been at some point used to compare sequences of

clinical events (Aspland et al. 2021; Williams et al. 2014).

Embedding-based dynamic time warping

The proposed method, embedding-based dynamic time warping (E-DTW), is

summarised in Figure 4.1: patient timeseries are created (1), then converted

into timeseries of embeddings (2), and the distance between them measured

using DTW.

A patient’s timeseries 𝑇𝑛 is a sequence of vectors {𝑣1, ..., 𝑣𝑛} in which each

vector represents a 24-hour time window. For each 𝑣𝑖, if the patient has an

event in the corresponding time window, then the vector 𝑣𝑖 is the embedding

representing that event, according to the RotatE KGE model described in

the previous section. For events encoded with OPCS codes, that vector is

found by mapping the OPCS code to its closest equivalent SNOMED concept

using the OMOP CDM mapping. For events without a direct mapping, an

equivalent SNOMED code is manually assigned.
7

Where multiple events7 The SNOMED concept

367336001 | Chemotherapy (procedure) |
was used for chemotherapy and

1287742003 | Radiotherapy (procedure) |
for radiotherapy.

occur in the same time window, the later event is moved to the next window.

The gaps between these events can be handled in one of two ways: either

the value is set to a vector of zeroes, or the empty spaces are filled using a

linear interpolation, such that the empty spaces form a gradient between

two known points.

The difference between two patient timeseries is measured using dy-

namic time warping (DTW), specifically Meert et al.’s implementation (2020).

DTW has been used in a healthcare context to compare both sequences of
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continuous variables, and sequences of discrete procedure codes, but it can

also be applied to timeseries of multidimensional vectors. First, a distance

matrix 𝐌(𝑎, 𝑏) is defined between two sequences 𝑎 and 𝑏 , describing the

distances between each pair of points in 𝑎 and 𝑏 (each 𝐌𝑖,𝑗 = (𝑎𝑖 − 𝑏𝑗 )2).
In our case, this is the cosine distance between each embedding vector. A

warping path 𝑃 is defined as any sequence of points that describe a particular

traversal through𝐌, and a warping path’s distance is simply the sum of each

of the points:

Figure 4.2. An example of a DTW

matrix (Li et al. 2021)

dist(𝑎, 𝑏) =
𝑠
∑
𝑖=1
𝑝𝑖 (4.14)

The best point-to-point alignment of the two sequences is therefore the path

through 𝐌 that minimises this total distance (Bagnall et al. 2017). This is

illustrated in Figure 4.2: the heatmap shows the distance between each pair

of points on two timeseries, and the red line shows the traversal through

the matrix that minimises the total distance; any deviation from a perfect

diagonal means that an edit is required to align the two sequences.
8

8 Mueen & Keogh (2016) provide an

extensive tutorial on dynamic time

warping.

This shortest distance effectively summarises the total movement re-

quired to align the two timeseries, and can therefore be used as a distance

measure. Additionally, a user-defined weighting means any non-diagonal

movement in the warping path can be penalised (Jeong et al. 2011): this

means that the final distance is increased as more warping is required to

align the sequences, quantifying not just differences in the timeseries’ peaks,

but also in their spacing.

There are several modifications that can be made to this basic algorithm.

The embeddings in the first step can be constructed from the original high-

dimensional embeddings, or they can be reduced to a smaller number of

dimensions using principle component analysis (PCA). The gaps between

events can be padded using zeroes, or by interpolating values. The DTW

algorithm can use a warping penalty of 0 or 1. Combined, these parameters

allow for eight different variations on our embedding DTW algorithm; all

eight of these are tested in this evaluation.

The proposed method therefore involves taking a patient’s clinical path-

way, representing it as a sequence of embeddings, and then treating this

sequence of embeddings as a multidimensional timeseries or a sequence of

points in the embedding space, allowing DTW to be applied to quantify the

difference in both time and space.
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Figure 4.3. Pearson correlation

between different pathway distance

metrics 4.3.2 Results

Figures 4.4 and 4.5 show the relationship between the described pathway

distance metrics and several different properties of each pathway:

∙ 𝐷𝑡 is defined as the absolute difference in two different pathways’ times-

pans (the time elapsed between the first and last event, in days)

∙ 𝐷𝑛 is defined as the absolute difference in the number of events in two

different pathways

∙ 𝐷3∩ is defined as the number of three-character OPCS codes shared by

both pathways

∙ 𝐷4∩ is defined as the number of four-character OPCS codes shared by

both pathways

Comparisons are made against eight different variants of the E-DTW algo-

rithm. For brevity these are referred to using the notation E-DTW (𝑑, 𝑓 ) [+𝑝],
where 𝑑 represents the dimensionality of the embeddings used (2𝑑 or 𝑛𝑑),

𝑓 represents the padding strategy used to fill empty space (zeroes, 0, or

interpolated, 𝑖), and the addition of +𝑝 indicates a warping penalty of 1.

Figure 4.3 summarises each of these relationships using the Pearson

correlation coefficient (𝜌). Overall, the E-DTW approach correlated more

strongly with 𝐷𝑡 and 𝐷𝑛, whilst the simple and sequence-based metrics

correlated more strongly with 𝐷3∩ and 𝐷4∩ The basic metrics (product, mean,

mean+variance) all displayed weak correlation with 𝐷𝑡 (𝜌 = 0.352, 0.283,

0.308). This is largely expected as they summarise the semantic content of a

patient’s embeddings without reference to timing. Sequence-based metrics

(NW, LCS, DL) displayed a similar pattern (𝜌 = 0.215, 0.208, 0.218), which is
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similarly expected as these methods treat pathways as a list of events with

no timing information.

By contrast, every variation of E-DTW displayed a moderate to strong

correlation with 𝐷𝑡 : in particular, it is remarkable that the variants using

two-dimensional embeddings and a warping penalty (E-DTW (2𝑑, ∗) + 𝑝)

showed an extremely strong association (𝜌 = 0.934, 0.941). Figure 4.4, which

show the distribution of individual distance pairs, allows this difference to

be visualised. Every other zero-padded variant was clearly divided into two

regions: one set of distances with a good correlation, plus an extra horizontal

band of distances with close proximity to each other, but no correlation

against timespan. Every other interpolated variant displayed a roughly

evenly distributed “cloud” around the main strong trend.

Overall, variants using two-dimensional embeddings produce a much

more defined correlation with 𝐷𝑡 , but at the cost of creating a separate

cloud of unassigned points; interpolating embeddings to fill gaps produces a

generally fuzzier main arc, but leave far fewer dramatic outliers. In every

case, the introduction of a warping penalty increased the level of correlation

with 𝐷𝑡 compared to its non-penalty equivalent. This makes sense: warping

penalties explicitly penalise the distance score and increase it for every edit

that has to be made to align the two sequences. The remarkable pattern

seen in E-DTW (2𝑑, ∗)+𝑝 variants is likely because reducing the embedding

dimensionality inevitably reduces the amount of semantic content captured:

these versions therefore have the minimal semantic content (due to the

dimensionality reduction) and the maximum temporal content (due to the

warping penalty), and therefore weight temporal information significantly

higher.

The basic and sequence-based metrics were only weakly correlated with

𝐷𝑛. Introducing penalties did not lead to strong change in correlation com-

pared to those versions without penalties; a greater number of individual

events does not necessarily mean a longer timespan. The distribution of

values for these resembled the pattern seen in 𝐷𝑡 , with a weaker main corre-

lation and a much larger patch of outliers.

Conversely, almost all of the basic and sequence-based measures showed

a moderate to strong correlation with𝐷3∩ and𝐷4∩. The product metric was the

outlier, perhaps because any difference in the embeddings’ semantic content

was outweighed by the multiplicative factor. E-DTW did not perform as

strongly, and the +𝑝 variants where typically weaker since, for the reasons

previously outlined, they prioritise timing. The strongest correlations with

number of shared events were found in the full-dimensional, interpolated

variants, which maximised semantic content.
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Figure 4.4. Distributions of pairwise pathway-pathway distances, according to various distance metrics (Y) against 𝐷𝑡 (X, left) and

𝐷𝑛 (X, right)



CONSTRUCTING AND COMPARING REPRESENTATIONS OF PATIENT PATHWAYS 91

lcs dl

Mean + variance nw

Product Mean

E−DTW(nd, 0) + p E−DTW(nd, i) + p

E−DTW(2d, 0) + p E−DTW(2d, i) + p

E−DTW(nd, 0) E−DTW(nd, i)

E−DTW(2d, 0) E−DTW(2d, i)

0.00 0.25 0.50 0.75 1.000.00 0.25 0.50 0.75 1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

0.00

0.25

0.50

0.75

1.00

D ∩ 
3

D
is

ta
nc

e

lcs dl

Mean + variance nw

Product Mean

E−DTW(nd, 0) + p E−DTW(nd, i) + p

E−DTW(2d, 0) + p E−DTW(2d, i) + p

E−DTW(nd, 0) E−DTW(nd, i)

E−DTW(2d, 0) E−DTW(2d, i)

0.00 0.25 0.50 0.75 1.000.00 0.25 0.50 0.75 1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

−0.25

0.00

0.25

0.50

0.75

1.00

D ∩ 
4

D
is

ta
nc

e

Figure 4.5. Distributions of pairwise pathway-pathway distances, according to various distance metrics (Y) against 𝐷3∩ (X, left) and

𝐷4∩ (X, right)
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What is noticeable from Figure 4.5 is that in almost every distribution,

but especially those for E-DTW, there exist a large number of pathways

where 𝐷∩ = 1 (i.e. maximally different with no shared events at all), but

which occupied a range of embedding distance values, creating a distinctive

band down the right hand side of every plot. The exception to this was the

sequence-based metrics, which agreed with 𝐷∩ = 1 on values of 1 far more

often. These differences suggest that the E-DTW metric can consider two

pathways to be similar even if the codes are not strictly the same, or from

the same chapter — it has a less binary view of concept similarity. Similarly,

it allows two sequences with many events in common to still be considered

different if they have sufficiently different timing.

In addition to comparing distance metrics against properties of each path-

way, the results of each were visualised by randomly sampling 32 patients

of different pathway lengths, and retrieved their twenty nearest neighbours

according to each distance metric. These are displayed in full in Appendix B.

Overall, product, mean, and mean + variance all tended to retrieve pathways

that were thematically similar, i.e. containing a similar set of events, but

which had very different temporal patterns. LCS, NW, and DL were better

able to retrieve temporal motifs, but did sometimes retrieve pathway ex-

hibiting the same timing patterns but with different events and orders. The

E-DTW metrics however provided the best results, typically encoding both

sequential patterns and semantic similarity. E-DTW (2𝑑, 0) was noticeably

good at encoding sequences: for example, the very bottom-right pathway

correctly retrieved neighbours with the sequence of surgery then, chemother-

apy, but which tended to be of more varying length. E-DTW (2𝑑, 𝑖) provided

a slight improvement in terms of length. E-DTW (𝑛𝑑, 0) and E-DTW (𝑛𝑑, 𝑖)
had a similar relationship to each other.

E-DTW (2𝑑, 0) + 𝑝 placed a stronger emphasis on matching length, per-

haps too rigidly: it matched pathways where they fitted the same tempo-

ral patterns, even if the events were totally different. E-DTW (2𝑑, 𝑖) + 𝑝
was similar, but better at matching similar events. E-DTW (𝑛𝑑, 0) + 𝑝 and

E-DTW (𝑛𝑑, 𝑖) + 𝑝 were both excellent at matching sequences of events, the

key differences being that the interpolated version appeared slightly more

flexible on length matching.

In summary, simple composition of embeddings was able to represent the

semantic similarity between pathway content, and classic sequence metrics

were able to represent temporal patterns, but the proposed E-DTW com-

bined the benefits of both. In terms of fine-tuning E-DTW performance,

multidimensional embeddings were — at the cost of increased computational

requirements — largely more effective at encoding semantic content than
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two-dimensional representations. Filling gaps in pathways with interpo-

lated values representing the gradient between two concepts appeared to

produce a slight improvement in the algorithm’s ability to match sequences

by length. The introduction of a warping penalty improved the level of tem-

poral alignment, but for two-dimensional embeddings, this adjustment was

overwhelming and overrode any semantic similarity, whilst when combined

with higher-dimensional embeddings it provided a useful complement.

The “best” E-DTW configuration therefore depends on the context in

which it is being used. In scenarios where emphasis is placed on tempo-

ral similarity, the E-DTW (2𝑑, 𝑖) + 𝑝 configuration provides an excellent

matching of temporal patterns, whilst reducing the confusion of semanti-

cally distinct events associated with the E-DTW (2𝑑, 0) + 𝑝 version. Where a

broad semantic similarity between events is desired, either E-DTW (2𝑑, 0) or

E-DTW (2𝑑, 𝑖) suffice. In most scenarios, where a balance between the two

is advantageous, E-DTW (𝑛𝑑, 𝑖) + 𝑝 provides an appropriate combination,

effectively encoding both elements whilst avoiding overly strict temporal

matching.

4.4 Applications in cancer care

Having developed the E-DTW method, and confirmed that it encodes mean-

ingful semantic differences between patient pathways, I now consider its

usefulness in answering real research questions. I apply the E-DTW measure

to a specific case study, in order to evaluate its usefulness and also to iden-

tify further considerations that arise from its usage in answering research

questions.

The use of radiotherapy in addition to surgery to treat rectal cancer has

been proven to reduce the chances of local recurrence. However, studies

have at the same time suggested that it increases the risk of longer-term

complications, and has little effect on overall survival for moderate-risk

disease. This somewhat mixed picture means that there is no agreed standard

for the use of radiotherapy in conjunction with surgery, and patterns of usage

vary widely, both internationally and even between different providers within

the UK.

E. J. A. Morris et al. (2016) studied 9,201 individuals who were diagnosed

with rectal cancer (ICD-10 code C20) and underwent a major resection in

England over an 18 month period. In this study, individuals were allocated

to one of five groups, based on the radiotherapy regimen they experienced:

∙ No radiotherapy (NRT), where there was no record of any radiotherapy
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∙ Short-course radiotherapy and immediate surgery (SCRT-I), where a pa-

tient attended a radiotherapy centre five times before surgery, and where

the time between start of radiotherapy and surgery was less than 35

days

∙ Short-course radiotherapy and delayed surgery (SCRT-D), where a patient

attended a radiotherapy centre five times before surgery, but the time

between the start of radiotherapy and surgery was greater than 35 days

∙ Long-course chemoradiotherapy (LCCRT), where a patient either attended

for radiotherapy 25, 28, or 30 times; or had multiple individual radiother-

apy records with at least one record describing at least 10 attendances

and an overall total of at least 25 attendances

∙ Post-operative radiotherapy (PORT), where a patient received any radio-

therapy up to a year after surgery

∙ Other radiotherapy (ORT), where a patient received radiotherapy not

meeting any of the above criteria

Across the whole study population, the largest group was NRT (50.7%),

followed by LCCRT (29.6%), SCRT-I (12.1%), ORT (4.7%), PORT (2.3%), and

SCRT-D (1.2%). However, this distribution changes significantly when broken

down into geographic regions: the proportion of patients in the NRT group,

for example, was as low as 22.2% and as high as 94.9%, and the proportion

in the ORT group ranged from 1.1% to 29.6%. This study provides a useful

benchmark for studying patterns of radiotherapy: it tells us broadly what

the expected patterns of treatment would be, as defined by a domain expert,

and it tells us approximately how common they should be. This section

investigates the extent to which the pathway patterns discovered by our

E-DTW algorithm correspond to these known groups.

4.4.1 Methods

In this study, a set of distances between patient pathways were derived from

the E-DTW method, and the pathways were clustered to identify common

treatment groups. For every patient with a C20 diagnosis code, a timeline

was created consisting of all surgery and radiotherapy events from one

month before the date of diagnosis to one year after the data of diagnosis,

based on the inclusion criteria used in official NHS statistics (National Disease

Registration Service n.d.). A surgery was included if it was listed as a “primary

procedure” by the CORECT-R codelist, incorporating the major and minor

resection, bypass, stoma or stent categories.

These timelines were converted into an embedding timeseries using the

method previously outlined in Section 4.3, and clustered using the Markov
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cluster algorithm (van Dongen 2008). In this algorithm, the matrix of E-

DTW distances is interpreted as a graph, with each nodes representing a

patient, and edges between every pair of patients weighted according to

their E-DTW similarity (1 − distance). This matrix is repeatedly expanded,

i.e. squared, and inflated, i.e. each element raised to a specified power 𝑟 and

the columns scaled to sum to 1. Densely connected regions create groups of

Figure 4.6. The MCL process

(van Dongen 2000)

nodes which naturally contain a higher number of longer random walks; if

the weightings are viewed as transition probabilities between nodes, then

the expansion process boosts the probabilities of these longer walks, and

penalises probabilities that connect different dense regions. Repeated, this

process gradually partitions the graph into distinct regions (Figure 4.6).

The single parameter 𝑟 controls inflation, which affects cluster granular-

ity, and can be specified according to the user’s needs. Additionally, I also

define a threshold 𝑡, which is used to remove edges with low similarities,

whilst still retaining at least one edge for each node. These two parameters

mean that the clustering process can, if desired, be encouraged to leave

pathways with no clear neighbours as outliers, rather than forcing them into

any cluster, a desirable feature given the heterogeneity of patient pathways.

The user is able to specify the readiness of the algorithm to do this to their

individual needs by varying these parameters.

4.4.2 Results

712 patients with a rectal cancer diagnosis were identified, of which 347

(48.7%) were recorded as having undergone a surgery from the CORECT-R

list. The clustering process was repeated, varying 𝑡 and 𝑟 each time, and

values was selected that that produced six major clusters — a “major” cluster

being defined as any cluster with ≥ 10members — to correspond with Morris

et al.’s six treatment groups. The major clusters found (where 𝑡 = 78th
percentile of distance scores, 𝑟 = 1.5) were:

a No radiotherapy, and one surgery only (𝑛 = 141)

b No radiotherapy, two surgical operations with a short gap (𝑛 = 43)

c Pre-operative radiotherapy: a period of radiotherapy, followed by surgery

(𝑛 = 37)

d No radiotherapy, two surgical operations with a longer gap (𝑛 = 24)

e Post-operative radiotherapy: patients received surgery, followed by a

period of radiotherapy (𝑛 = 17)

f Post-operative radiotherapy: patients received surgery, followed by

further surgery (𝑛 = 10)
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Figure 4.7. Example pathways from the major rectal cancer clusters. Ten example patients were randomly sampled from each cluster;

each row represents a single patient’s timeline, with symbols marking events according to the key in Figure 4.8

H23.1 Endoscopic snare resection of lesion of lower bowel using fibreoptic sigmoidoscope

H33.6 Anterior resection of rectum and exteriorisation of bowel

H20.6 Fibreoptic endoscopic resection of lesion of colon NEC

H40.2 Trans−sphincteric excision of lesion of rectum

H41.2 Peranal excision of lesion of rectum

H23.6 Endoscopic resection of lesion of lower bowel using fibreoptic sigmoidoscope NEC

H20.1 Fibreoptic endoscopic snare resection of lesion of colon

H33.5 Rectosigmoidectomy and closure of rectal stump and exteriorisation of bowel

H12.2 Excision of lesion of colon NEC

H33.1 Abdominoperineal excision of rectum and end colostomy

H04.1 Panproctocolectomy and ileostomy

H23.5 Endoscopic submucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H20.7 Fibreoptic endoscopic mucosal resection of lesion of colon

H23.7 Endoscopic mucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H46.8 Other specified other operations on rectum

H34.1 Open excision of lesion of rectum

H07.4 Right hemicolectomy and ileostomy HFQ

H33.7 Perineal resection of rectum HFQ

H23.2 Endoscopic cauterisation of lesion of lower bowel using fibreoptic sigmoidoscope

H20.4 Fibreoptic endoscopic destruction of lesion of colon NEC

H20.9 Unspecified endoscopic extirpation of lesion of colon

H23.9 Unspecified endoscopic extirpation of lesion of lower bowel using fibreoptic sigmoidoscope

H10.8 Other specified excision of sigmoid colonH33.4 Anterior resection of rectum and anastomosis NEC

Radiotherapy

H33.3 Anterior resection of rectum and anastomosis of colon to rectum using staples

H10.4 Sigmoid colectomy and ileostomy HFQ

H30.5 Irrigation of colon

X14.1 Total exenteration of pelvis

H06.2 Extended right hemicolectomy and anastomosis of ileum to colon

H09.1 Left hemicolectomy and end to end anastomosis of colon to rectum

H07.2 Right hemicolectomy and side to side anastomosis of ileum to transverse colon

H48.2 Excision of skin tag of anus

H07.8 Other specified other excision of right hemicolon

H08.5 Transverse colectomy and exteriorisation of bowel NEC

H41.5 Peranal resection of rectum using staples

H46.4 Intubation of rectum NEC

Figure 4.8. Key to OPCS concepts used in Figure 4.7
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Figure 4.9. Demographic characteristics of identified rectal cancer clusters
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Additionally, an artificial cluster was formed to investigate whether unusual

and outlying pathways had any factors in common:

x Any patient in a cluster of nine or fewer members (total 𝑛 = 48)

Samples from each cluster are show in Figure 4.7; Figure 4.8 shows a two-

dimensional projection (via PCA) of the concepts’ embeddings, and therefore

a key for Figure 4.7’s symbols.

The expected groupings are present here, to varying degrees: PORT is

directly equivalent to cluster E, LCCRT is equivalent to cluster C, and NRT

is contained within clusters A, B, and D. ORT is naturally present in the

pathways designated as outliers. In Morris et al.’s study, the most common

radiotherapy pattern found in the Thames Valley region was LCCRT, as in

our results, and SCRT-D and SCRT-I were relatively uncommon, so it follows

that these did not warrant their own cluster in this analysis. Both PORT and

NRT, on the other hand, were effectively split into two groups in this analsis,

which highlights that there actually exists at least two distinct subtypes

within these groups

Figure 4.9 shows the characteristics of individuals in each of these major

clusters. Both C and F (pre-operative radiotherapy, and post-operative radio-

therapy with further surgery) has a notably higher proportion of patients

being diagnosed at later stages. Cluster C also had a very high proportion of

patients referred through the 2WW pathway, and a slightly higher number

of patients from more deprived areas. All clusters had relatively similar age

profiles, and similar deprivation levels, reflecting the relatively wealth area

from which these patients were sampled. Levels of multimorbidity were also

broadly similar across all clusters.

4.5 Discussion

The experiments described in this section demonstrate that the E-DTW mea-

sure effectively encodes both semantic and temporal information around

pathways. By both objective measures (Figure 4.3) and subjective inter-

pretation (Appendix B), the E-DTW measure’s interpretation of pathway

similarity matches what would be expected. Clustering using this metric

identifies informative cohorts of patients that support the findings of existing

research into rectal cancer treatments. In some cases, it actually provided

additional insights, for example that the “no radiotherapy” group actually

comprises several distinct clusters of behaviour.

This analysis has a number of limitations: the Charlson index is used

here as a measure of multimorbidity, which is not strictly accurate: it only
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considers conditions known to increase mortality, which is at odds with

the widely accepted definition of multimorbidity which typically includes

any concurrent condition, regardless of association with mortality. It is

possible that patients had other conditions present that might affect treatment

decisions, but which would not be affect their Charlson score.

Nevertheless, it is widely used as a general indicator of the presence of the

most serious diseases (Drosdowsky & Gough 2022). In this study, Charlson

scores were calculated based on the available history for each patient; at

least one study has found that comorbidities can be under-reported in such

data, and might therefore underestimate the Charlson score (Hua-Gen Li

et al. 2019).

There was also a very high proportion of patients with unknown or

unspecified tumour staging data, a long-standing issue with electronic health

record data (Muller & Woods 2022). A likely solution to this problem is using

NLP approaches to extract staging from the free-text radiology reports: this

has already been proposed and trialled on this data (Tamm et al. 2022) but is

outside the scope of this thesis.
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5 The relationship between clinical data and practice guidelines

Clinical guidelines are typically written and disseminated as relatively un-

structured text documents, so any analysis that compares guidelines to real

practice needs some standard way of representing them in a structured form

to accurately capture the domain knowledge they describe. There are several

formal languages and structures that have been proposed for this purpose,

but many are designed to support clinical decision-making in specific cir-

cumstances, rather than the representation of whole care pathways. In the

previous chapter, I outlined a methodology for quantifying the difference

between two patients’ histories; this chapter expands on these methods and

considers how to quantify the difference between a patient’s history and a

pathway specified in clinical guidelines.

Firstly, in Section 5.1, I examine the ways in which clinical pathways

and guidelines are represented, considering their language, their structure

and control flow, and their levels of completeness, and establish a set of re-

quirements that guideline representations need to consider in the context of

pathway analysis. I then discuss the existing body of work on guideline rep-

resentation, focusing on computer-interpretable guideline (CIG) languages,

and the BPMN and UML standards (Section 5.2), and consider how well they

meet these requirements. Following this, Section 5.3 outlines a method for

measuring the distance between retrospective data and guideline text. This

incorporates a method for assessing the suitability of a dataset for answering

a given research question, and identifying where gaps exist between the

questions researchers want to ask and the data that is available; a notation

for describing guideline recommendations in a structured manner; and an

approach to distance measurement that builds on the E-DTW metric intro-

duced in Chapter 4. Finally, Section 5.4 considers how this method might be

applied to a specific care pathway scenario, and considers the example of

rectal cancer.
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5.1 Clinical pathways and guidelines

Conformance checking — the comparison of an idealised process described in

a guideline to actual historic data — has been a long-held goal of healthcare

process mining. However, as Oliart et al. (2022) observe, there are several

barriers that make effective conformance checking extremely difficult in

practice. Some of these are the limits of existing research: the diversity of

data standards and sources make analysis very difficult, and there is so far

no agreed standard method for measuring adherence. Many more, however,

are actually properties of the guidelines themselves, rather than the methods

or the data: a common constraint is the absence, rather than presence, of

a given intervention, and they are often written in language that avoids

explicit recommendations. Converting guidelines’ descriptions of processes

into an algorithm or a set of objective measurement criteria is therefore

difficult. In order to measure the distance between the process described in

a particular clinical guideline and real-world data, a guideline needs to be

encoded into a computer-interpretable form.

Clinical guidelines are not the same thing as patient pathways, but as

previously established in Section 3.1, they describe them and set out the

many of the expected behaviours and patterns, providing a yardstick against

which to measure real journeys. This section more closely examines the

specific characteristics of these documents, in order to establish a set of

requirements for representing them in a computable form. I consider (1)

the structure and content of clinical guidelines, and the recommendations

and constraints that need to be represented (2) the potential use cases of a

guideline-patient distance metric and (3) the wider implications of evaluating

patients’ differences from guidelines.

5.1.1 Structure and content of clinical guidelines

As previously established (Oliart et al. 2022), the contents and layout of

clinical guidelines themselves present challenges when converting them into

computer-interpretable form.

Language

Boxwala et al.’s “knowledge representation framework” (2011) categorises

decision support tools into four categories, which range from unstructured at

one extreme, consisting of purely narrative text, all the way to executable at

the other, where data elements and logical criteria are explicitly encoded in a

particular syntax such that it is usable in a specific system. The vast majority

of clinical practice guidelines are written as free text, and can be categorised
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as unstructured according to this framework. More recently, Wyatt et al.

(2023) modify this model slightly, distinguishing between fully unstructured

narrative text and tagged fragments of narrative, where key words are ex-

pressly linked to specific concepts, but in practice most guidelines would

remain in the first fully narrative category.

This is certainly true in the case of NICE guidelines, the primary clinical

guidance available in the UK. These guidelines — introduced in detail in

Section 2.3 — largely consist of individual bullet-point statements, typically

consisting of largely non-committal language. A great many recommen-

dations are non-prescriptive — the most common deontic phrase in the

colorectal cancer guidelines is “consider”, appearing directly eleven times.

Where recommendations are more prescriptive, they are still not compulsory

— “must” never appears at all, but the second most common phrasing was

“offer”, appearing nine times, which indicates a stronger instruction but still

implies a patient’s right to decline. The particular choice of language
9

is 9 How clinicians interpret this

language is a different question:

separate research suggests that

“must” is commonly read to mean

the strongest possible obligation,

and “may” the weakest, but the

meaning of anything in between

(e.g. “should”, “recommended”, “sug-

gested”) is interpreted inconsistently

(Lomotan et al. 2010).

intended to reflect the strength of evidence (Garbi 2021).

It is therefore often challenging to measure how well some of these

recommendations are followed: a patient record will rarely reflect whether a

treatment option was “considered by the clinician”, and there is also relatively

formal decision criteria or logic in the guidelines, although where there is

this usually takes the form of a reference to an external guidance document.

Structure and control flow

One way in which guidelines are distinct from pathways is that in many

cases, a treatment pathway can often be described by multiple guidelines.

For example, most cancer treatment begins with the steps described in the

guideline Suspected cancer: recognition and referral (NICE 2015). This de-

scribes the steps used in primary care settings to identify all types of cancer,

but is not an exhaustive description — for example, the guidelines for FIT, an

essential part of the modern colorectal cancer pathway, are detailed in a sep-

arate guideline (NICE 2023c). Post-referral steps are described in guidelines

specific to each cancer site, such as Colorectal cancer (NICE 2020), where

readers are again referred to a separate document for advice on specific

treatments on at least four occasions. Therefore, a patient’s entire journey

from the start of symptoms to final outcome is not described in one place,

and is distributed across several different guideline documents.

Furthermore, the statements in guidelines are not always organised in

chronological order or grouped by clear treatment state; since the retirement

of the NICE Pathways service in 2021, there is no official flowchart repre-

sentation of these guidelines. Some include flowcharts, but these are not
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necessarily formal or useful models of the treatment pathway: Scott et al.

(2023) describe the flowcharts used in one set of NICE guidelines as “more

of a psychological model than a strictly logical model . . . depicting clini-

cal thinking and problem-solving rather than a fully specified operational

process flow”.

Localised pathways disseminated by individual organisations will gen-

erally have a more deterministic flow, with specific decision criteria and

recommended treatments. For example, the Thames Valley Cancer Alliance’s

colorectal cancer guidelines lay out the possible routes in a flowchart (TVCA

2021, 2023). These local pathways are however written by individual organi-

sations, and therefore do not follow any standard notation or format, making

comparison difficult.

Guidelines that take a more holistic view of the whole pathway do ex-

ist; in particular, national pathway guidelines tend to place great emphasis

on timing constraints, especially in cancer care, where providers are often

evaluated based on how quickly they handle patients with suspected can-

cer. Historically, this has meant the two-week wait (2WW) standard, which

recommends that the time from a patient’s referral by a GP or screening

programme to their first specialist appointment should be no more than

fourteen days, but this is increasingly being replaced by the faster diagnosis

standard, which states that a diagnosis should be either made or ruled out

within 28 days (NHS England 2023a). For this reason, most national docu-

mentation that describes the cancer pathway focuses on the timings of these

investigative and diagnostic stages, and end at the point of first treatment

(NHS England 2023b; NHS Wales 2023). The Aarhus model, an international

standard for describing the key time points and delays in the cancer pathway,

similarly focuses on the diagnostic stages and ends at treatment (Weller

et al. 2012). M. Morris et al. (2020) however build a fuller conceptual model

of the cancer pathway, and divide it into four main stages: pre-diagnostic,

diagnostic, treatment/management, and survivorship.

Incompleteness

Guidelines tend to cover a small number of high-impact scenarios, rather than

exhaustively covering an entire clinical topic (Garbi 2021). This distinguishes

them from pathways in the sense that a guideline does not cover all possible

treatments and steps — just the most common or the most variable ones.

Even where many separate guidelines cover a particular area, there are

still gaps: in the NICE colorectal guidelines previously discussed, the referral

guidelines end with a patient’s referral to secondary care, and the colorectal

cancer treatment guidelines begins divided into sections depending on the
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cancer site, which implies the presence of an intermediate investigation and

diagnosis phase, but does not describe or detail it. By contrast, many of the

more localised guidelines such as the TVCA guidelines do cover this phase.

The TVCA, NHS England, NHS Wales, and Aarhus models all incor-

porate a “treatment” stage without any particular description of what this

comprises. These models presumably avoid describing the actual treatment

part of the pathway because it is incredibly heterogeneous, and specific

to individual patients. The three most common components of treatment

for colorectal cancer are surgery, chemotherapy, and radiotherapy, but the

specific combination and order of these three components will vary. Each

can also vary in different ways: the particular type of surgery used; the

combination of drugs, number of cycles, and timing in chemotherapy; and

the level of radiation, number of fractions, and timing of radiotherapy. The

investigative stages, by comparison, are relatively standardised, and often

contain large portions that are common to multiple cancer sites, so much

greater attention has been paid to mapping them. As well as the obvious

factors, such as the patient’s stage of disease and the type of cancer, there

are also a myriad of contextual factors that affect treatment: some of these,

such as treatment preferences, are within the patient’s control, some, such as

age, gender, ethnicity, or deprivation, are not, as demonstrated in Chapter 3.

The treatment process is not decided by a single person or algorithm.

In the UK, the accepted standard for managing a cancer patient’s treatment

is the multidisciplinary team (MDT), a regular meeting of a number of dif-

ferent clinicians including oncologists, surgeons, radiologists, nurses, and

histopathologists, who examine each patient’s history and comorbidities,

imaging and histopathology reports, and psychosocial factors and treatment

preferences (Soukup et al. 2020). Precision medicine — the idea that treat-

ment should be very closely tailored to a patient, often including predicting

the best possible option on the genetic level — is an increasingly popular

research area. Based on this, it appears that the treatment stage will only

become more personalised in the future (Jameson & Longo 2015).

For these reasons, analyses of treatment patterns usually focus on a

specific sub-population, such as rectal cancer or a specific stage colon cancer,

and generalise treatments into broad groups. E. J. A. Morris et al. (2016),

for example, consider only rectal cancer patients who received surgery, and

categorise the most common patterns of category and surgery into groups.

This makes it very hard to compare a specified treatment pathway against the

real-world data when the treatment stage is heterogeneous and inconsistently

defined.
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5.1.2 Use cases

A summary of treatment processes, of the sort typically avoided by guide-

lines, is useful for a number of reasons. As discussed in Chapter 4, the exact

combination and ordering of surgery and radiotherapy for rectal cancer is

the subject of debate; examining the patterns of usage, the natural clusters of

patterns, and the relationship between these patterns and patient character-

istics provides useful insight into clinical practice. In colon cancer, there are

similar questions around the usage of adjuvant chemotherapy — guidelines

vary significantly on the recommended drugs and duration of treatment,

and different studies have suggested that effectiveness varies, or doesn’t,

by age. Because of this, individual teams in NHS trusts are responsible for

making these decisions in England, and those decisions can vary significantly

(Boyle et al. 2020; Taylor et al. 2021). Recommended pathways also change

over time: in particular, the COVID-19 pandemic led to several temporary

modifications to diagnostic and treatment pathways (E. J. A. Morris et al.

2021). Among the recommendations made at the time were that a large

number of non-essential or emergency colonoscopies should be deferred

for patients on the 2WW pathway, and that new diagnoses should not be

treated unless complications require emergency admission (Fearnhead et al.

2020); that patients with lesser urgency and higher risk from COVID should

be deferred (BASO 2020); and that short-course radiotherapy should be pre-

ferred over other radiotherapy options such as chemoradiotherapy, in order

to reduce appointments and contact with staff and avoid the negative effects

of chemotherapy on immune system function (Marijnen et al. 2020).

Whilst process mining methods have been applied to healthcare processes

at varying levels of granularity, these research questions suggest that the

major interventions that make up a journey should be the focus of analysis,

rather than the more specific events such as individual measurements and

ward movements which are more often the focus of PM research.

5.1.3 Do we want conformance checking in healthcare?

Patient pathways and treatment guidelines are not without their issues. Writ-

ing a single procedure for a complex disease inevitably requires simplification;

in particular, most guidelines are themed around one particular condition,

ignoring potential conflicts between guidelines in cases of multimorbidity

(Dwyer et al. 2023). The concept of a single pathway for each disease sits

at odds with the fact that individual patients have different priorities and

wishes, and value sharing in the medical decision-making process; clinicians

are expected to offer different treatment based on the case in front of them
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and their professional judgement. Pathways represent recommended routes

of care, but are explicitly not compulsory routes of care, and any analysis of

patient pathways therefore needs to consider them in this context.

The economist Charles Goodhart is credited with coining “Goodhart’s

law”: the observation that “when a measure becomes a target, it ceases to be-

come a good measure” (Lamba 2021; Mattson et al. 2021). Hospitals are often,

for example, encouraged to reduce patients’ length of stay where possible,

but a single number does not tell us whether a patient was discharged when

they should have been given their individual circumstances. Encouraging

and incentivising healthcare providers to meet particular targets may result

in them modifying their behaviour in ways that meet the target, but miss

the point. Pathway “compliance” or “comformance” is therefore neither

realistic nor desirable to enforce. This is relevant when we are attempting

to develop an algorithm that quantifies the distance between a patient and

a guideline. Analysing the pathways of patients is — as the previous chap-

ters have proven — undoubtedly a useful endeavour that enables insights

to be drawn into factors that affect patient treatment and outcomes, and

whether or not a particular journey resembles the expected one is another

facet of this. Clinical pathways provide a useful analysis framework because

they describe the expected or typical treatment for a particular disease. It

is important then to emphasise that when this chapter makes reference to

“distance” or “divergence” from an ideal pathway, this does not carry a value

judgement, or imply an error to be corrected; it is the starting point of a

further investigation into factors that affect clinician decision-making and

ultimately patient outcomes.

5.1.4 Requirements

Whilst the individual recommendations within NICE guidelines are con-

sidered gold-standard treatment recommendations, the absence of decision

criteria or clear patient flow, and entirely missing stages means that there is

a high degree of domain knowledge and professional judgement assumed

on the part of the clinician, and they do not form full “pathways” in the

sense of our definition. Since the recommendations described in clinical

guidelines are more often than not an unstructured set of recommendations

without order, arranging theme into a flowchart of the expected pathway

requires knowledge of the specifics of a particular disease. It can reasonably

be assumed that there exists some sort of investigative or pre-diagnosis stage,

followed by the diagnosis itself, followed by the main treatment, and then

further or follow-up treatment, but the ordering of events beyond this is de-
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pendent on the particular disease. Relatively few recommendations describe

the entire pathway in this way.

It has also been established that binary notions of pathway or non-

pathway behaviour are too rigid, and that process “conformance” needs to

be measured across multiple dimensions, including the ordering of events,

the timings between them, and the similarities between them. I have already

outlined the E-DTW method (Chapter 4), which can compare pathways

according to these factors; this section therefore considers how to encode

guideline pathways into a compatible form.

From examining the language, structure and control flow, and incom-

pleteness in clinical guidelines (Section 5.1.1), it is apparent that guidelines

commonly reference other guidelines and documents, contain missing or

assumed segments, and are not always arranged in chronological order,

meaning that a language must support the composition of pathway models

from multiple guidelines. Considering the use cases for pathway analysis

(Section 5.1.2), it is also important that a language support the description of

events at the correct level of granularity for pathway use cases, i.e. major

procedures rather than granular or minor events. It is also clear, through

examination of both the text of clinical guidelines and their related research

questions, that timing is highly emphasised in both. Any language therefore

needs to support the description of timing constraints between events. In

addition, it is important to support transformation into a form compatible

with the E-DTW method outlined in Chapter 4, so that “compliance” with

a pathway can be measured as a continuous distance rather than a binary

variable.

5.2 Existing approaches

Several previous approaches have been proposed for encoding information

around medical processes; these can be summarised according to two main

groups.

5.2.1 Representing pathways with computer-interpretable guidelines

Computer-interpretable guidelines (CIGs) systems are a family of methods

for representing clinical practice guidelines in forms that can be processed

and reasoned over by a computer. CIG languages take a range of different

forms, but the logic they rely on can be characterised either as semi-formal

model, which describes a guideline without executing it, or a formal model,

where decision criteria are represented by logical constructs and bound to
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concrete patient data values, and can generate decision outcomes in the form

of recommendations (Peleg 2013).

One of the earliest CIG languages was the Arden Syntax, introduced in

1989 (Oliveira et al. 2014). Here, medical knowledge is encoded as “medical

logic modules”, with each individual module containing enough rules to make

a single decision. This relatively simple format limits scalability, and makes

it difficult to properly represent an entire guideline, or by extension a clinical

pathway. Guideline Interchange Format (GLIF), introduced in the 1990s,

represents a sequence of steps in a flowchart style, with each step either a

medical action, an activity-oriented action (messaging, retrieving data), or a

control action (invoking sub-guidelines). Additionally, steps representing

patient state describe an individual’s health condition and function as data

entry points, so that once the state of a patient is updated, the guideline

executes accordingly.

2020

Arden Syntax

GLIF
PROforma
Asbru

SAGE
GLARE

2010

2000

1990

2004

2006

1998

Figure 5.1. Timeline of major CIG

languages

PROforma (1998) similarly represents guidelines as flowcharts, with each

node an instance of a pre-defined task class, but every task derives from a

common “root task”, and a plan can contain any number of atomic tasks,

meaning that a single guideline is effectively a hierarchy of nested tasks.

Notably, PROforma was the first formalism to support uncertainty in the

decision-making process. A decision object associates positive and negative

signs with each logical expression, which gives each argument its weight in

the candidate’s overall score. Asbru (1998) describes guidelines in a similar

way, defining its “plans” as a hierarchy of tasks. Clinician actions can also be

assigned temporal constraints known as “intentions”, which can represent a

state to be maintained, reached, or avoided; an intermediate action which

must be performed during the plan; a patient state that must be verified at

the end of plan execution; or the pattern of clinician actions that should

result from the plan. The intended or expected effects of the plan can also

be expressed, which can be used to describe how the plan arguments and

measurable parameters affect each other. Asbru also heavily emphasises the

temporal aspects of pathways, with each plan having four different time

properties: earliest and latest starting shift, earliest and latest finishing shift,

along with minimum and maximum durations.

GLARE (Guideline Acquisition, Representation and Execution) describes

a graph-like structure for CPGs, with clinical actions represented by nodes

and decision criteria represented as (diagnosis, parameter, score) triples. Atomic

actions representing simple tasks such as queries, actions, and decisions can

be combined into composite actions. SAGE (Standards-based Shareable Ac-

tive Guideline Environment), is similar to GLARE, representing guidelines

as graphs of nodes, but emphasises supporting guideline sharing across het-
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erogeneous information systems, meaning interoperability of clinical data is

supported through the HL7 and the UMLS standards.

Mulyar et al. (2007) evaluate the capability of CIGs to represent workflow

patterns, a set of common control-flow patterns identified in the business

process management literature. PROforma offered the greatest support (22

patterns out of 43), whilst, Asbru, GLIF and EON supported fewer. This is

not necessarily a useful measure of CIGs’ effectiveness: Kaiser & Marcos

(2016) argue that not all workflow patterns are needed to describe guideline

knowledge.

Many of these CIG languages have drawbacks that have prevented their

widespread adoption outside of academia (Greenes et al. 2018; Oliveira et al.

2014). In particular, most fail to successfully strike a balance between com-

plexity and expressive power: a simple model may not be able to represent all

of the information in a guideline — as in Arden’s single-decision modules —

but it can also be too complex to be practically useful — as in PROforma and

its many proprietary specifications for data. Greenes et al. (2018) argue that

there are fundamentally so many different perspectives involved in clinical

guidelines that designing a single language is a futile pursuit. It is therefore

important to specifically evaluate their suitability for answering pathway

questions.

CIG languages are normally designed to be used in conjunction with a

guideline execution engine, which accepts data input at the point of care and

produces a treatment recommendation for a clinician, and these languages

are therefore designed and evaluated with that task in mind (Isern & Moreno

2008). Relatively little literature considers the other practical applications of

modelling guidelines, for example being able to compare guidelines against

real patient traces on a population scale. Van de Klundert et al. (2010) develop

a set of algorithms for measuring pathway adherence, but note that executing

this method over thousands of patient instances would take time in the order

of weeks. Peleg (2013) discusses such a use case, but describes it in terms of

comparing EHR data to CIG execution logs, to evaluate whether clinicians

followed the recommendations given by their decision support systems.

This sort of evaluation would require every clinician in the pathway to use

a CIG for every decision of interest, and every clinician to use the same

CIG system. Additionally, introducing or enforcing such a system for study

purposes could potentially cause changes in clinical practice; the process

of data collection would actually interfere with the process being studied,

undermining its validity.

Given the age of many of these languages, very few CIG toolchains are

still publicly available online, and fewer still are free and open-source (Gamba
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2017). Therefore, whilst computer-interpretable guidelines are useful tools

at the point of care, they are largely not suitable for comparison against

retrospective EHR data, which would be needed to enable large-scale studies

of pathways.

5.2.2 Representing pathways with process languages

Given that CIG approaches tend to focus on producing decision aids for

individual interactions with the healthcare system, researchers aiming to

model entire pathways have also made use of pre-existing, domain-agnostic

languages for describing processes. The two most common are BPMN and

UML.

BPMN

Business Process Model and Notation (BPMN) is a graphical model for speci-

fying business processes. Its primary stated aim is to create models that are

readily understandable by all users, and to provide a standardised bridge be-

tween business process design and implementation (OMG 2013). BPMN, as a

widely-used standard for communicating processes in the business world, is

therefore a natural candidate language for communicating clinical pathways.

BPMN models are composed of several core elements. Events and ac-

tivities represent events that occur and actions that are performed by the

business, whilst sequence flow arrows connect the elements in order of exe-

cution, and gateways control the divergence and convergence of sequence

flows. As well as these core elements, there are a wide variety of additional

elements specified in the BPMN standard, such as pools and lanes, which

partition elements according to an individual or organisation’s separate

responsibilities, variants of the gateway for more complex control flow (ex-

clusive, inclusive, event-based, complex or parallel), and additional arrows that

represent message passing between participants, or link additional artifacts

and annotations to elements.

Extensions have been proposed to adapt BPMN to the needs of healthcare

processes. Chae et al. (2020) convert pathways to BPMN by classifying

pathway elements into categories, then mapping each concept to its nearest

equivalent in BPMN. Braun et al. (2014) follow a similar process, categorising

pathway concepts by how similar they are to existing BPMN elements, but

also propose a number of extensions including specifying the Task concept

into diagnosis, therapy, and supporting tasks, and an evidence-based gateway

to annotate decision criterion and logic.
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However, there are also drawbacks to BPMN. The specification is at

times ambiguous, leaving space for process interpretations that theoretically

conform to the standard but are incompatible in practice. For example, where

multiple interrupt events are nested, there is no rule as to whether one or

all should execute, and in which order. Concepts not represented in BPMN

include state and structure, as well as any mechanism for refining conceptual

models to executable ones. Another key issue is the very large number of

constructs that BPMN defines, many with unclear overlaps in functionality,

and able to be defined in terms of each other (Börger 2012). The language

is incredibly complex, consisting of a large number of constructs, relatively

few of which are regularly used in day-to-day practice (zur Muehlen &

Recker 2008). BPMN’s graphic notation often creates overwhelming and

confusing diagrams which hamper communication with stakeholders and

domain experts (Genon et al. 2010).

These issues are not insurmountable: Scheuerlein et al. (2012) describe a

pilot project in which clinicians modeled processes with BPMN, and Kirchner

et al. (2023) describe the development of an intermediate language for subject

matter experts to develop pathways in before converting them into BPMN.

However, the fact that the former involved a one-day introduction to BPMN

and that the latter required an entire intermediary language to be created

do not dispel the idea that BPMN is complex. This complexity is two-way:

Pufahl et al. (2022) attribute the lack of adoption of BPMN in healthcare

to the massive complexity of the healthcare processes themselves, along

with the relatively slow adoption of technological innovations in healthcare,

which itself further complicates the processes.

Most importantly for our purposes, BPMN offers limited support for

temporal modelling. The constraints used in healthcare process are more

complicated than BPMN can express (Pufahl et al. 2022), and whilst exten-

sions have been proposed for handling temporal features (Cheikhrouhou

et al. 2013; Gagne & Trudel 2009), no one has become universally adopted or

accepted.

UML

Unified Modelling Language (UML) is a general-purpose modelling language,

predominantly used for analysing, describing, and designing systems and

software (OMG 2017). In terms of control flow and data perspectives, UML is

capable of describing business processes to the same extent as BPMN, with

most of the missing features concerning resource or organisational aspects

(N. Russell et al. 2006; Wohed et al. 2006). Much like BPMN, UML has been
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applied to healthcare contexts (Gencturk et al. 2024; Liyanage et al. 2016;

Luzi et al. 2019; Pecoraro & Luzi 2022).

UML incorporates two notations that can encode processes (Rumbaugh

et al. 1999). The most widely known notation, and the one used by most

of the aforementioned sources, is the activity diagrams, which resembles

a conventional flowchart, consisting of different types of nodes (actions,

decisions, and splitting or joining of concurrent activities), linked by arrows,

together showing the activities required to perform a calculation or process.

These activities can be sequential or concurrent, and can have input and

output parameters that are passed to each other. However, the UML standard

also supports state machines, in which nodes represent states, and edges

denote transitions. The state machine can be seen as a stricter subset of

the activity graph, modelling all possible life histories of an object. Unlike

an activity, a state’s behaviour depends only on its current state, without

carrying any variables, but the triggering of a transition can be predicated

on a particular condition.

Evaluation

Most of these approaches that adapt or extend BPMN and UML for clinical

guidelines stop at representation, and do not consider conformance checking

as an application. Savino et al. (2023) do however compare guidelines to

data using a different language, Pseudo-Workflow (PWF). PWF’s authors

do not provide a detailed semantics (Gatta et al. 2017a,b), but it is relatively

simple, consisting only of nodes, edges, and edge conditions, making it

similar to UML’s state diagrams. Savino et al.’s analysis is striking in that

it observes relatively few patients following the exact sequence of events

outlined a guideline. This highlights the limitations of a purely logic-based

conformance checking approach — almost every patient will deviate from

a rigid flowchart in some way or another. Incorporating “soft” constraints,

or describing different levels of deviation would lead to more informative

analysis.

These existing approaches do not yet address the requirements of patient

pathway analysis. Many focus on the description of events at a very granular

level and notations such as UML and BPMN have limited or inconsistent sup-

port for timing constraints. Fundamentally, logical approaches that evaluate

conformance are fundamentally rigid in their approach. For this reason, this

chapter investigates the feasibility of an alternative approach: measuring

guideline-pathway similarity as a continuous distance.
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5.3 Methods

This section describes a framework for representing and comparing recom-

mended treatment pathways against retrospective EHR data. As the previous

section has established, clinical process data is inherently heterogeneous and

unpredictable; strictly logical approaches to conformance checking tend to

naturally highlight that very few patients exactly follow the pathway. This

method therefore adapts the E-DTW approach described in Chapter 4, with

the aim of achieving a metric that can describe patient-guideline similarity

as a continuous score, usable as input for a range of different analyses. Given

a particular recommended or guideline pathway, and a retrospective EHR

dataset, it returns for each patient a score measuring the similarity of each

patient to the model pathway, allowing a user to measure the extent to which

real-world pathways resemble guidelines.

The method consists of three steps: firstly, an assessment of a retrospec-

tive dataset, focusing on the extent to which it actually records the events

mentioned in clinical pathways; secondly, patient pathways are recorded in a

purpose-built notation; and finally, these encoded pathways are transformed

into a computable form to which E-DTW can be applied.

5.3.1 Assessing retrospective datasets

Before any attempt to analyse the relationship between ideal care pathways

and real data, it is first important to understand how suitable the available

dataset is for answering the research question of interest. Martin et al. (2024)

consider an important question regarding EHR data: what actually gets

recorded? Their study observes 38 distinct activities taking place, only four of

which actually leave an explicit trail in the EHR. This study — whilst focusing

on a much more granular type of event than in this thesis’ definition of patient

pathways — establishes an important principle: there exists a mismatch

between events that happen in practice, and events that get recorded. This is,

to some extent, inevitable: clinicians carry out many thousands of activities

every day, so it is natural that some will be prioritised for recording. However,

it does inspire a further question: does there also exist a mismatch between

what is expected or recommended in guidelines, and what is recorded? In

other words: how many of the recommendations made by guidelines are

actually visible in the data?

In this method, each recommendation in a guideline is assigned a vis-

ibility value (true or false) based on whether or not the core event in that

particular recommendation is visible in our dataset. Where visibility was

true, recommendations were further rated each according to the ease with
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which the event it concerns can be extracted from the dataset into an event

log format:

a The event is directly visible as a single event in the patient record, for

example “surgery” or “colonoscopy”

b The event is visible with a small amount of abstraction or transformation;

for example, it is indicated by a sequence of multiple single events, or

two subsequent events separated by a particular time window

c The event requires heavy transformation or the application of logical

rules, for example reference to the occurrence or ordering of other events,

or looking up test results

Furthermore, the presence of the event’s preconditions or reasoning was

also recorded as a binary property. For example, the recommendation “All

patients with suspected large bowel obstruction should have a contrast-

enhanced CT” (Moran et al. 2017) received a score of “A” for ease of event

extraction, since a patient clearly either does or does not have the OPCS

code for CT scan in their procedure history, but its reasoning was marked as

false since the clinician’s suspected diagnosis, if there was one, is not clearly

visible within the structured data available.

Comparing the clinical guidelines against the actual data available en-

sures that the method focuses on events at the right level of granularity, and

that the method is able to produce results that are as meaningful and close

to complete as possible.

5.3.2 A lightweight notation for patient pathways

Once it is established that all or part of a pathway is visible in a dataset, the

pathway needs to be converted from its free-text or non-standardised form

into something computer readable. Here, I propose a notation for describing

patient pathways, which is based on the UML state machine standard, rather

than BPMN, for a number of reasons:

∙ Firstly, homogeneity: the ability to represent a process very simply, as

a set of states and transitions between them with few extras makes

models easier to create, easier to interpret, and easier to convert into

alternative representations such as graphs. This notation follows the

process mining convention of referring to a retrospective dataset as an

event log, fundamentally composed of only one basic object type: the

event.

∙ Secondly, temporality: both BPMN and UML have limited official support

for temporal constraints, which has been an issue in previous attempts

at codifying medical guidelines. Several extensions to both languages
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Figure 5.2. The proposed patient

pathway notation, based on a subset

of UML state machines
introduce a wide variety of timing constructs, but in practice the most

significant constraint involved in patient pathways is the time taken to

move between events.

∙ Thirdly, the atomicity of transactions: a transition between two events —

although it may take a period of time — should be a single, atomic, action

without asynchronous communication or message passing: from the

point of view of a retrospective dataset, an event either follows another

event, or does not.

∙ Finally, the handling of choice: again, in a retrospective dataset, an event

is either followed by another event, or it isn’t: decoration such as parallel

or logical gates is not necessary.

Other process languages exist as potential bases for this language, but all

come with both advantages and disadvantages. Petri nets were discounted

because of the lack of concurrency as a requirement. There are also many

languages proposed in the field of declarative process mining, but no single

widespread standard (Hanser et al. 2016; López & Simon 2022).

The basic UML state machine standard (OMG 2017) is detailed in Section

2.6. Many of the more complex state chart concepts tend towards describ-

ing an executable or programmatic implementation of a particular process,

whereas the focus of this research is on the recording of historic events. It is
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therefore possible to significantly simplify some of these elements. In order

to further tailor this notation the needs of pathway research, this section

defines a limited subset of this standard, and introduces several useful con-

straints. The simplified pathway state machine notation is summarised in

Figure 5.2.

UML states, rather than events, are used to represent clinical events from

the EHR, since clinical events found in event logs more closely resemble

states in that they are not instantaneous and have extended durations (for

example, chemo- or radiotherapy). Only simple states are used, as analogous

to the simple atomic events found in event logs. The notation of a pseudostate

— a state-like vertex with different execution semantics — is retained, since

whilst it has no clear analogue in patient pathways itself, it forms the basis

for the definition of the initial state, which is definitely useful.

Even if it is possible in theory for two activities to occur in parallel, it

is not a requirement that these concurrent activities be modelled. This is a

well-established principle used in older process languages such as CSP. As

Hoare (1985) puts it, defining the notion of a process’s trace:

Imagine there is an observer with a notebook who watches the

process and writes down the name of each event as it occurs.

We can validly ignore the possibility that two events occur si-

multaneously; for if they did, the observer would still have to

record one of them first and then the other, and the order in

which he records them would not matter.

In this use case, where comparison is made against historic EHR data, this is

literally the case. The trace is all there is to work with: if two events, 𝐴 and

𝐵, could in theory execute in parallel, they will in practice appear in data as

either (𝐴, 𝐵) or (𝐵, 𝐴). These possible transitions are therefore included in

the UML model when it is created.

In the original specification, transitions have an undefined duration, al-

lowing them to be either instantaneous or take time. In this interpretation,

transitions may — and often do — have non-zero durations, since they repre-

sent the “waiting time” between clinical events, which is of great interest

for research. For this reason, the definition of a transition is extended to add

two attributes: a minimum and maximum acceptable duration. Triggers and

constraints are removed from transitions, since the preconditions for various

events and the reasoning used by clinicians are rarely visible in the data, as

will be discussed in the following section.

All transitions are assumed to be completion transitions, i.e. transitions

that are automatically entered once the source state has completed; once
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a patient undergoes an event, they are considered to have automatically

entered the “waiting time” for the next event. Two attributes are added to

each transition: a minimum and a a maximum acceptable duration for that

transition, i.e. the time spent waiting between the two events. One extra

entity is introduced: the embedding definition, which maps a particular state

to a text description or a section of pseudocode or code that describes the

process of generating embeddings compatible with the E-DTW metric.

The later stages of the proposed method involve generating embedded

representations of possible pathways, which entails generating graph traver-

sals over the state machine to get all possible valid paths. This constraint

therefore removes the risk of creating infinite loops. If an event can validly

repeat itself — for example, cycles of chemotherapy — this should instead be

represented as several possible embedding mappings, representing the set of

reasonable possibilities.

The resulting notation is founded on the UML standard, allowing for a

consistent definition, but tailors it towards the needs of analysing pathways in

EHR data by eliminating elements that tend towards representing executable

or programming implementations of processes, and introducing attributes

that support compatibility with the E-DTW metric.

5.3.3 Comparing pathways and guidelines in embedding space

Given a dataset that records events of interest for the pathway, and given an

encoded, computer-readable pathway, the final step is to measure the distance

between the two. In this proposed method, a guideline is converted into a

set of traces representing exemplar patients that comply with the guideline,

which are subsequently converted into a low-dimensional representation.

Real patient pathways are ranked based on their distance to their nearest

exemplar patient, according to the E-DTW measure.

Generating patients

The guideline, encoded as a UML state machine, is treated as a directed graph

𝐺, where activities are nodes and transitions are edges. In practice, this

can be achieved by encoding the UML representation in a text-based syntax

(PlantUML 2023), in which transitions are simply written A -> B; these can

be easily converted to (𝐴, followedBy, 𝐵) triples. Transitions can optionally

be annotated with a tuple (max,min), which denotes the maximum and

minimum acceptable time delay between the two events. A “valid” trace

through the guideline 𝑔𝑖 is defined as any simple path across the graph 𝐺
from the start to the end node — that is, a sequence of adjacent edges such
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that no nodes are repeated. Paths can then be converted into one or more

exemplar timeseries 𝐼 (𝑔𝑖): these are created by reading each node and edge

from start to end, and replacing each node with a vector or sequence of

vectors representing the event.

Each edge is treated as a run of zeroes: if a transition has been labelled

with a (max,min) tuple, the run’s length is randomly sampled from this

range; if none is specified, it is sampled from a default range of (0, 28).

Comparing against patient traces

For each unique path through the guideline 𝑔𝑖, 20 exemplar timeseries 𝐼 (𝑔𝑖)
are sampled. A distance matrix is calculated between every exemplar and

every real patient in the dataset, with distance being defined using the E-DTW

measure outlined in Chapter 4. In these experiments, the E-DTW (𝑛𝑑, 0)
configuration was used, based on several factors. 𝑛𝑑 approaches typically

better matched semantically similar events than the 2𝑑, and the penalty (+𝑝)

was omitted to allow for a more flexible matching of time, given that in

many cases there was a range of acceptable possible time values. Given the

relatively small differences between 0 and 𝑖 variants, the less computationally

intensive option was chosen.

For each patient 𝑝𝑗 , their minimum guideline distance (MGD) is defined

as the shortest E-DTW distance between that patient’s pathway and any of

the guideline instances:

MGD (𝑝𝑗) = min (dist(𝑝𝑗 , 𝐼 (𝑔𝑖) ) ∀ 𝑔𝑖 ∈ 𝐺)

The cohort of patients was the same as described in Section 4.3.1; for each

patient, their pathway consisted of any events defined as major resection,

minor resection, or diagnostic testing/imaging according to the extended

CORECT-R codelist, since these were the possible events described in the

guidelines under examination.

5.4 Application

This section examines actual treatment guidelines for colorectal cancer, and

uses the proposed methodology to evaluate them and map them into a UML-

based notation.
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5.4.1 Data assessment

As in previous chapters, the data available for research was based on the

NIHR Health Informatics Collaborative colorectal cancer project (Tamm et al.

2022). The data was compared to three sets of clinical guidelines.

The National Institute for Health and Care Excellence (NICE) guidelines

on colorectal cancer (NICE 2020) consisted of 39 bullet-pointed recommenda-

tions, of which 15 (28.3%) were visible in the data. Of these 15, 9 (60.0%) were

rated “A” for ease of extraction, and 5 (33.3%) involved a set of preconditions

that were not measurable or recorded in the dataset.

The Association of Coloproctology of Great Britain and Ireland (ACPGBI)

guidelines (Geh et al. 2017) contained 135 distinct recommendations in the

diagnosis, investigations and screening, surgical management, multidisciplinary

management, and follow up, lifestyle and survivorship sections. 63 (46.0%)

were visible, and of these 26 (41.27%) were rated “A”, and 8 (12.7%) involved

a precondition not visible in the data.

The European Society for Medical Oncology (ESMO) guidelines on lo-

calised colon cancer and on rectal cancer (Argilés et al. 2020; Glynne-Jones

et al. 2017) contained 53 individual recommendations, of which 32 (60.0%)

were found to be visible in the data. Of these, 22 (68.8%) were rated “A”, and

7 (21.9%) involved a set of preconditions that were not measurable from the

dataset,

5.4.2 Notation

The ESMO guidelines were selected for application, since they had the largest

proportion of recommendations visible in the dataset. They also resolve

some of the guideline shortcomings previously identified: most notably, they

describe the options available at the treatment stage in detail, and provide

these recommendations as near-complete flowcharts. The treatment sections

were therefore chosen as they were the most complete specifications of

recommendations in any of the guidelines examined. Focusing on these

major treatment decisions ensures that the method is examining the events

of most importance to treatment, and therefore of interest to research, and

focusing on the correct level of granularity.

Each of the major recommendations — i.e. those contained in the “rec-

tal cancer treatment” flowcharts — was summarised as a simple statement

(“event 𝐴 should be followed by event 𝐵”), then encoded as in the model as

a transition from a state representing event 𝐴 to a state representing event

𝐵. By breaking guidelines down into their component recommendations,
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Figure 5.3. UML model of possible

rectal cancer treatment pathways,

according to the ESMO guidelines

a more complete model can be composed from statements across different

sections and guidelines. The complete model is shown in Figure 5.3.

5.4.3 Comparison

Converting guidelines from the UML-like notation to a timeseries form

required some further interpretation, in order to identify appropriate rep-

resentations for clinical events. Simple events, i.e. those equivalent to a

single concept and occurring at a particular instance in time (i.e. anything

less than one day in duration, since this is the level of quantisation of the

embedding timeseries), for example imaging or surgery, were encoded by a

single embedding representing the relevant SNOMED concept.

More complex events were defined based on domain knowledge. For

example, the ESMO guidelines refer to short-course preoperative radiother-

apy (SCPRT); all of the sources cited in support of this recommendation

defined SCPRT in the same way, as 25Gy of radiation delivered in five frac-

tions of 5Gy each
10

, so SCPRT was defined represented as a five-day block of 10 One gray (Gy) is a unit of ionis-

ing radiation equal to one joule of

energy per kilogram of matter.
the radiotherapy SNOMED embedding. Chemoradiotherapy was more com-

plex since the sources cited by the guidelines did not define it consistently:

whilst 45-50Gy of radiotherapy was typically used as a base, it sometimes en-

tailed chemotherapy in the first and last weeks, sometimes chemotherapy on
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Figure 5.4. Rectal cancer pathways ordered from most to least similar to guidelines, distributed according to the raw MGD score

(left) and their ranked MGD score (right)
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H33.4 Anterior resection of rectum and anastomosis NEC

H23.1 Endoscopic snare resection of lesion of lower bowel using fibreoptic sigmoidoscope

H33.6 Anterior resection of rectum and exteriorisation of bowel

H20.6 Fibreoptic endoscopic resection of lesion of colon NEC

H40.2 Trans−sphincteric excision of lesion of rectum

H41.2 Peranal excision of lesion of rectum

H23.6 Endoscopic resection of lesion of lower bowel using fibreoptic sigmoidoscope NEC

H20.1 Fibreoptic endoscopic snare resection of lesion of colon

H33.3 Anterior resection of rectum and anastomosis of colon to rectum using staples

H33.5 Rectosigmoidectomy and closure of rectal stump and exteriorisation of bowel

H12.2 Excision of lesion of colon NEC

H33.1 Abdominoperineal excision of rectum and end colostomy

H04.1 Panproctocolectomy and ileostomy

H30.5 Irrigation of colon

H23.5 Endoscopic submucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H20.7 Fibreoptic endoscopic mucosal resection of lesion of colon

X14.1 Total exenteration of pelvis

H23.7 Endoscopic mucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H46.8 Other specified other operations on rectum

H06.2 Extended right hemicolectomy and anastomosis of ileum to colon

H09.1 Left hemicolectomy and end to end anastomosis of colon to rectum

H07.2 Right hemicolectomy and side to side anastomosis of ileum to transverse colon

H34.1 Open excision of lesion of rectum

H07.4 Right hemicolectomy and ileostomy HFQ

H33.7 Perineal resection of rectum HFQ

H23.2 Endoscopic cauterisation of lesion of lower bowel using fibreoptic sigmoidoscope

H20.4 Fibreoptic endoscopic destruction of lesion of colon NEC

H48.2 Excision of skin tag of anus

H08.5 Transverse colectomy and exteriorisation of bowel NEC

H20.9 Unspecified endoscopic extirpation of lesion of colon

H23.9 Unspecified endoscopic extirpation of lesion of lower bowel using fibreoptic sigmoidoscope

H41.5 Peranal resection of rectum using staples

H10.8 Other specified excision of sigmoid colon

H46.4 Intubation of rectum NEC

Oxaliplatin Capecitabine 21 day

Capecitabine (5 day) with RT

Radiotherapy
InterAACT Carboplatin Paclitaxel (CrCl) (off study)

H10.4 Sigmoid colectomy and ileostomy HFQ

Oxaliplatin Modified DeGramont

Irinotecan Modified DeGramont

CEDAR Enadenotucirev loading (Trial)

Cetuximab Irinotecan Modified DeGramont

Oxaliplatin Capecitabine (CapOx)

Capecitabine with concurrent RT

Irinotecan Modified de Gramont

Carboplatin Etoposide (CrCl)

Mitomycin Capecitabine with concurrent RT

Oxaliplatin Modified de Gramont

H07.8 Other specified other excision of right hemicolon

Irinotecan Oxaliplatin Modified de Gramont (metastatic)

PRIME−RT Arm B (Trial)

PRIME−RT Arm A (Trial)

Figure 5.5. Key to OPCS concepts used in Figure 5.4

Gender

Ethnicity

IMD decile

TNM stage
at diagnosis

Referral
source

Age at diagnosis

Charlson score

−20 −10 0 10 20

F

M

Any other Black background

African

Irish

Any other Asian background

Any other ethnic group

Any other White background

Not known

Not stated

British

Unknown

Stage IV

Stage III

Stage II

Stage I

Screening

Other

2WW

Beta

p <= 0.05 p > 0.05

0.0  

−1.1 −2.2, 0.0 0.044

0.0  

−0.7 −1.9, 0.5 0.273

0.6 −1.0, 2.2 0.462

−4.2 −7.8, −0.5 0.025

−5.4 −11.7, 0.9 0.091

−7.8 −20.2, 4.6 0.218

2.5 −6.3, 11.3 0.570

15.0 2.7, 27.4 0.017

−4.9 −17.3, 7.6 0.442

−0.1 −0.4, 0.1 0.232

0.0  

1.3 −0.8, 3.3 0.231

2.4 0.5, 4.4 0.016

9.0 6.4, 11.6 <0.001

2.2 0.4, 3.9 0.017

0.0  

2.3 1.1, 3.5 <0.001

−0.2 −1.8, 1.4 0.796

−0.1 −0.2, −0.1 <0.001

−0.1 −0.4, 0.2 0.502

Beta 95% CI p

Figure 5.6. Results of a linear regression model, fitting MGD against patients’ demographic attributes
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the first day of every week, and sometimes involved continuous chemother-

apy throughout, depending on the particular drug used. Chemoradiotherapy

was therefore represented as a block of radiotherapy with chemotherapy

embeddings substituted at random points, at a 3:1 ratio.

Figure 5.4 shows the traces for patients with rectal cancer, ranked by their

minimum guideline distance. Relatively simple surgery- or radiotherapy-

only pathways received small distance scores, followed by a large group of

surgery-then-radiotherapy pathways. All of these groups cluster relatively

close to each other, with E-DTW scores less than 25. Beyond this, there are a

number of traces that consist of either chemotherapy alone, or chemotherapy

followed by radiotherapy, which is not a possible pathway specified in the

guideline model.

In order to examine patient-level factors which are associated with the

MGD score, a linear regression model was fit using MGD as the dependent

variable, and gender, ethnicity, Index of Multiple Deprivation (IMD), stage,

referral source, age, and Charlson score as regressors (Figure 5.6). Female

patients were associated with a very slightly lower MGD than male patients,

whilst referrals from sources other than the main 2WW and screening routes

slightly increased MGD. Age at diagnosis and Charlson score had very

small negative and positive impacts on MGD respectively. Later cancer

stage consistently increased MGD, although this should be interpreted with

caution given the relatively high levels of patients with unknown staging.

The relatively small sample sizes available for ethnicities other than “British”

meant that confidence intervals for ethnicity coefficients are extremely wide,

and therefore not necessarily reliable.

5.5 Discussion

This chapter has identified a set of key requirements for a notation that

described clinical pathways, based on the actual content of UK guidelines.

An examination of the existing literature on decision support languages

(CIGs) and on process notations (BPMN and UML) found that they did not

on the whole meet these requirements.

The three-step method presented in Section 5.3 is designed to address

these. By mapping the dataset directly to the events specified in major

guidelines, I ensure that the method supports the description of events at

the correct level of granularity for pathway use cases. By breaking recom-

mendations down into simple transitions, I encourage the composition of

pathway models from multiple statements and guidelines. By modifying

UML transitions to add maximum and minimum timing constraints, support
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is introduced for the description of timing constraints between events, di-

rectly addressing the sorts of time constraints that are of interest in pathway

research. Finally, I outline a method that transforms this representation into

a form compatible with the E-DTW method outlined in Chapter 4. Impor-

tantly, this allows guideline-pathway distance (“compliance”) to be measured

as a continuous distance rather than a binary variable, which is a useful and

flexible measure that supports many analyses and applications.

These results from the application of this method to rectal cancer indicate

that the MGD measure applied over our representations is a useful measure

that does encode similarity to guidelines. The distribution of patient traces in

Figure 5.4 aligns with expected ideas around pathways, and the results of the

regression analysis demonstrate its utility in identifying factors associated

with guideline adherence. Disease stage was, by this measure, the most

significant predictor of distance from treatment guidelines, suggesting that

non-guideline-compliant treatments (chemotherapy or chemotherapy and

radiotherapy without surgery) were associated with more advanced disease;

age and comorbidity had relatively small effects once this was accounted for.
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6 Conclusions

In exploring the structure, semantics, and usage of information encoded in

the electronic health record, this thesis has made several novel contributions

to the study of patient pathways from retrospective health data.

Pathways need context

In Chapter 3, I observed that simply applying process mining methods to data

out of the box does not guarantee meaningful insights, and demonstrated that

there exist demographic and clinical factors outside of the pure event data

that significantly impact the interpretation of pathway data. For the field of

process mining to make meaningful observations and improvements around

real clinical practice, it needs to consider this deep context and integrate it

into any analysis.

Ontologies can guide data preparation

In Chapter 3, I also described a method for filtering complex patient histo-

ries that makes use of relational knowledge from ontologies. The proposed

method is capable of generating a reasonably complete process model, al-

beit with a significant trade-off between precision and recall, and provides

a promising foundation for rapidly iterating over new research ideas and

supporting conversations with clinicians. It has several interesting features:

long codelists can be described with a small number of intuitive constraints,

and it accepts and outputs concepts in standard ontologies, encouraging

standardisation and sharing of codelists. Additionally, the preparation of

codelists through rule-based reasoning is a useful and informative exercise:

the presence and absence of certain concepts highlights the omissions and

assumptions present in ontologies. Ontologies are therefore a useful frame-

work with which to provide useful context needed for pathway analysis in

a structured way, although attention does need to be paid to their original

intention and design decisions to ensure that their purpose is aligned with

the desired research.
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KGEs encode semantic similarity

I evaluated several KGE models on the specific task of learning representa-

tions of the SNOMED CT ontology, and evaluated them using a combination

of traditional link prediction metrics, and on more recent graph-based metrics.

RotatE was the best-performing model according to conventional metrics,

but it also demonstrated strong performance on the graph metrics, indicating

that KGE representations did align with pre-existing domain knowledge

and encode information in a semantically meaningful way. The success of

these learned representations in the subsequent section is evidence that the

learned representations are suitable for downstream uses.

Whilst a variety of representation learning algorithms are available today,

knowledge graph embeddings have a number of practical advantages for

health data: learning representations solely based on established ontolog-

ical knowledge creates a well-founded model shareable between different

providers, and a model that can be re-used for different purposes, signifi-

cantly lowering the computational and environmental costs associated with

modern machine learning. Creating vector representations of concepts is

a useful tool that allows many different methods to be applied on top of

them, and basing these representations on ontologies means that structured,

established contextual knowledge can be incorporated into the learning

process.

A new similarity measure combines concept embeddings with dynamic
time warping

I proposed embedding-based dynamic time warping (E-DTW), a novel dis-

tance measure designed to measure the similarity between patients’ treat-

ment pathways. A thorough evaluation of eight different configurations

indicated that this metric takes a number of useful and informative features

into consideration, including pathway timespan and number of events, as

well as the timings between events and — crucially — the semantic similarity

between them. Combining KGE-generated concept embeddings with the

dynamic time warping algorithm is an effective method of measuring seman-

tic similarity between pathways, and captures both semantic differences in

treatment concepts and differences in timing patterns.

Insights into the gap between guidelines and data

I then proposed an extension of the E-DTW method for measuring the dis-

tance between patient histories and recommended pathways. This method

incorporates a number of steps for ensuring alignment between a particular
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guideline and a dataset, a UML-based notation for representing guideline rec-

ommendations, and an algorithm that generates embeddings of hypothetical

guideline-compliant patients and compares them to real histories. Through

applying this method to actual rectal cancer guidelines, I identified a gap

between the recommendations laid out in guidelines and the data available,

indicating that in many cases only a small proportion of recommendations

are measurable with current datasets. The E-DTW method is however effec-

tive at describing similarity between pathways and guidelines.

What all of these contributions have in common is that they explore the

fundamental semantic meaning of structured health data, in terms of its

implicit ontological knowledge and the process knowledge that produces

it, and exploit this in order to develop a deeper understanding of pathways.

Pathways and data are strongly influence by a great deal of surrounding

contextual factors, and I have demonstrated that ontological knowledge can

provide a framework for integrating this context into research. Furthermore,

this ontological knowledge can be effectively represented in numerical forms,

and used as input for machine learning algorithms, meaning that this estab-

lished structural information can be injected into methods that are otherwise

purely statistical, allowing the benefits of both approaches to be used. Issues

around the interpretation and study of patient pathways arise from treating

them as strictly deterministic and structured; a promising solution to this

is more flexible analysis methods that create a view of the patient pathway

grounded in similarity and distance rather than rigid compliance, which I

have provided in the form of E-DTW.

There are several key learnings that can be taken from this work. For

practitioners of process mining, care needs to be taken to consider context

and sub-populations in analysis, and to document and justify event concepts

that are included and included for analysis. From the point of view of

representation learning and AI, a model does not need to score exceptionally

highly on the traditional metrics to encode useful structural information by

other metrics, or to be a useful input for downstream applications. However,

all users of structured domain knowledge need to consider the original intent

and purpose of both data and ontologies, to ensure that they are aligned with

research objectives; when it comes to integrating structure and context into

analysis, quality is better than quantity.
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6.1 Limitations and future work

The method for ontological-informed filtering of event logs described in

Chapter 4 varies significantly in its effectiveness in different disease areas.

A major factor in this was the different codelists used as benchmarks: col-

orectal cancer showed the best performance, but it also had by far the most

detailed and reliable codelist, specifically designed for investigating different

treatments, whilst in other disease areas the best list available was often

designed for different purposes. A more effective evaluation might therefore

make use of equally thorough codelists across all disease areas; this speaks

to more widespread challenge across medical research, but with time and

funding the development of more rigorous codelists would be possible. With

enough time and resources, it would be possible to iteratively develop an

equally thorough codelist for the other diseases by conversation and consen-

sus amongst domain experts; repeating this process for four diseases was

not feasible within this project.

The codelists generated by this approach were far from perfect: their

shortcomings emphasise the importance of conducting research in partner-

ship with clinicians and developing established standard lists of concepts. It

is likely that the ideal solution exists by hybridising ontological, statistical,

and human approaches: this has the potential to be an extremely fruitful area

of future research. Modern, large-scale machine learning methods such as

LLMs have largely been avoided in this thesis, as part of a deliberate decision

to deal with established and quality-assured expert data, but such models

could make useful contributions in examining the literature on an extremely

large scale to identify potential associations to explore in depth.

Chapter 4 focused on using knowledge graph embeddings as a method

for learning representations, which were specifically chosen to address a

number of practical issues and ensure that the proposed approach remained

reproducible and accessible. At the time of writing, research in represen-

tation learning, in particular deep learning, is proceeding at pace; these

methods could well produce more effective and semantically meaningful rep-

resentations of medical concepts. However, this is not a guarantee. Previous

studies have indicated that large-scale, general-purpose models are often

outperformed by domain-specific models in medicine. Chapter 4 proves that

KGE-generated representations are good enough for the purposes of the

E-DTW algorithm; any proposal to replace them with more advanced or

complex models needs to justify itself against these practical concerns.

Chapter 5 highlighted the existence of a gap between the recommenda-

tions laid down in guidelines, and the ability of many research datasets to
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actually monitor them. Some of this data is just not recorded at all; some is

recorded, but not routinely published or extracted as part of research datasets.

In the case of the latter, the increased investment in the UK’s health data

research infrastructure and the increasing availability of new health data

resources should be considered an opportunity to create datasets that are

more closely aligned with the needs of research questions. In the longer term,

a significant area for future research should be the publication of clinical

guidelines in computable form. This is a longstanding research goal — in

particular in the CIG literature — and more recently, NICE have made clear

their intentions to advance it (Scott et al. 2023), but the focus remains on

decision support. More holistic analyses of patients’ whole pathways have

a distinct set of requirements: ideally, developers of computable guidelines

should also take these into account.

The E-DTW method and its extensions described in this thesis has deliv-

ered promising results in the area of colorectal cancer, a major disease with

real research needs surrounding pathways: the next step is to evaluate its

effectiveness in different disease areas. The methods should also be tested

on larger regional and national datasets, in order to get the most meaningful

insights. Whilst the results in this thesis exist for the demonstration of the

algorithms, and caution is advised when attempting to read epidemiological

meaning into their results, it is clear that sample size and data quality are

problems when trying to investigate pathway differences. Gathering more

widespread data and testing these methods on different populations should

be considered a high priority if we want these methods to realise their po-

tential in monitoring, identifying, and addressing inequalities in healthcare

provision and outcomes.

In Chapter 4, it was relatively hard to observe patterns relating to depri-

vation in the clusters due to the relative homogeneity of the sample, being

from one geographic area. Similarly, it was not possible to obtain a useful

estimate of the effect of ethnicity on pathways in Chapter 5 due to very small

sample sizes available for many groups. A wider deployment of this approach

would help to generate insights into pathway variations in these populations.

Research indicates that there are real differences in the quality of care offered

to people depending on their background; effective pathway analysis tools,

applied over large-scale informative datasets, have the potential to deliver

insights into these patterns, and ultimately help to rectify these inequities.
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6.2 Closing remarks

The increasing availability of health and care data for research purposes

opens up many exciting possibilities for new insights into disease and treat-

ment, but this data needs effective computational methods to derive these

insights. This thesis has focused on the data itself: its meaning, its structure,

and its limitations, in order to develop a realistic idea of what is possible.

Structured data is, by virtue of the way it is recorded and encoded, already

imbued with incredibly rich semantics that can be exploited to create useful

insights.

Pathways are inherent complex, and purely logical or statistical attempts

to analyse them have drawbacks. This thesis has attempted to chart a new

path: using modern and flexible machine learning concepts such as similarity

measures and clustering that allow pathways to be analysed as points on

a continuous spectrum, whilst also grounding this learning and taking ad-

vantage of well-founded, expert knowledge in ontologies. It is this interplay

between sub-symbolic representation and logic that will form the basis of

the most exciting advances in data in the future, allowing the benefits of

health data to be realised whilst also ensuring analysis is relevant, reliable,

and reproducible.
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A Embedding model evaluation

This appendix accompanies Section 4.2.3, and expands on the evaluation

of each embedding model. Each figure in this section summarises each

knowledge graph embedding model, following the method used by Fu et al.

(2023). Histograms show the distribution of values for both the embedding-

based distance and OPCS tree distance. Heatmaps show the average distance

between concepts in each chapter, and boxplots summarise the average

distance between concepts in the same and in different chapters. Finally,

scatter plots show the correlation between the embedding distance and OPCS

tree distance, both overall and split by OPCS chapter.
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Figure A.1. Summary statistics for the TransE model
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Figure A.2. Summary statistics for the DistMult model
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Figure A.3. Summary statistics for the RotatE model



B Comparison of distance metrics

This appendix accompanies Section 4.3.2, and provides a sample of results

from each distance metric. Each figure in this appendix shows the timelines

of 32 patients randomly sampled from the OUH dataset (8 each of length 1, 2,

4, and 8), followed by their 20 nearest neighbours according to the respective

distance metric. Basic composition methods are listed on pages 170–172,

sequence-based methods on pages 173–175, and E-DTW variants on pages

176–183.

Chemotherapy

H07.3 Right hemicolectomy and anastomosis NEC

H09.9 Unspecified excision of left hemicolon

H11.3 Colectomy and anastomosis NEC

H07.5 Right hemicolectomy and end to side anastomosis

H09.4 Left hemicolectomy and ileostomy HFQ

H07.8 Other specified other excision of right hemicolon

Radiotherapy

H11.1 Colectomy and end to end anastomosis of colon to colon NEC

H06.3 Extended right hemicolectomy and anastomosis NEC

H09.5 Left hemicolectomy and exteriorisation of bowel NEC

H09.2 Left hemicolectomy and end to end anastomosis of colon to colon

H09.8 Other specified excision of left hemicolon

H06.8 Other specified extended excision of right hemicolon

H46.3 Intubation of rectum for pressure manometry

H11.4 Colectomy and ileostomy NEC

H07.9 Unspecified other excision of right hemicolon

H11.8 Other specified other excision of colon
H30.3 Passage of flatus tube to reduce volvulus of sigmoid colon

H33.3 Anterior resection of rectum and anastomosis of colon to rectum using staples

H07.4 Right hemicolectomy and ileostomy HFQ

H07.1 Right hemicolectomy and end to end anastomosis of ileum to colon

H07.2 Right hemicolectomy and side to side anastomosis of ileum to transverse colon

H20.6 Fibreoptic endoscopic resection of lesion of colon NEC

H06.2 Extended right hemicolectomy and anastomosis of ileum to colon

H33.4 Anterior resection of rectum and anastomosis NEC

H33.5 Rectosigmoidectomy and closure of rectal stump and exteriorisation of bowel

H20.1 Fibreoptic endoscopic snare resection of lesion of colon

H23.1 Endoscopic snare resection of lesion of lower bowel using fibreoptic sigmoidoscope

H33.6 Anterior resection of rectum and exteriorisation of bowel

H20.7 Fibreoptic endoscopic mucosal resection of lesion of colon

H06.1 Extended right hemicolectomy and end to end anastomosis

H08.2 Transverse colectomy and anastomosis of ileum to colon

H26.8 Other specified endoscopic extirpation of lesion of sigmoid colon using rigid sigmoidoscope

H10.3 Sigmoid colectomy and anastomosis NEC

H11.2 Colectomy and side to side anastomosis of ileum to colon NEC

H20.9 Unspecified endoscopic extirpation of lesion of colon

H09.1 Left hemicolectomy and end to end anastomosis of colon to rectum

H33.1 Abdominoperineal excision of rectum and end colostomy

H08.4 Transverse colectomy and ileostomy HFQ

H23.7 Endoscopic mucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H06.4 Extended right hemicolectomy and ileostomy HFQ

H33.8 Other specified excision of rectum

H08.5 Transverse colectomy and exteriorisation of bowel NEC

H29.8 Other specified subtotal excision of colon

H23.6 Endoscopic resection of lesion of lower bowel using fibreoptic sigmoidoscope NEC

H09.3 Left hemicolectomy and anastomosis NEC

H30.4 Intubation of colon NEC

H41.2 Peranal excision of lesion of rectum

H33.9 Unspecified excision of rectum

H20.5 Fibreoptic endoscopic submucosal resection of lesion of colon

H10.5 Sigmoid colectomy and exteriorisation of bowel NEC

H04.8 Other specified total excision of colon and rectum

H05.3 Total colectomy and ileostomy NEC

H46.4 Intubation of rectum NEC

H05.8 Other specified total excision of colon

H12.2 Excision of lesion of colon NEC

H20.8 Other specified endoscopic extirpation of lesion of colon

H23.5 Endoscopic submucosal resection of lesion of lower bowel using fibreoptic sigmoidoscope

H04.1 Panproctocolectomy and ileostomy

H10.6 Sigmoid colectomy and end to side anastomosis

H46.8 Other specified other operations on rectum

H20.4 Fibreoptic endoscopic destruction of lesion of colon NEC

H30.8 Other specified other operations on colon

H20.2 Fibreoptic endoscopic cauterisation of lesion of colon

H29.5 Subtotal excision of colon and anastomosis of colon to ileum

H23.2 Endoscopic cauterisation of lesion of lower bowel using fibreoptic sigmoidoscope

H05.1 Total colectomy and anastomosis of ileum to rectum

H08.1 Transverse colectomy and end to end anastomosis

H23.9 Unspecified endoscopic extirpation of lesion of lower bowel using fibreoptic sigmoidoscope

H30.5 Irrigation of colon

H10.8 Other specified excision of sigmoid colon

H04.2 Panproctocolectomy and anastomosis of ileum to anus and creation of pouch HFQ

H09.6 Left hemicolectomy and end to side anastomosis

H11.6 Colectomy and end to side anastomosis NEC

H08.3 Transverse colectomy and anastomosis NEC

H10.1 Sigmoid colectomy and end to end anastomosis of ileum to rectum

H10.2 Sigmoid colectomy and anastomosis of colon to rectum

H48.1 Excision of polyp of anus

Figure B.1. Key to OPCS concepts used in Figures B.2 – B.15
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Figure B.2. Nearest neighbours for 32 randomly sampled pathways, according to the cosine distance between product of embeddings
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Figure B.3. Nearest neighbours for 32 randomly sampled pathways, according to the cosine distance between mean of embeddings
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Figure B.4. Nearest neighbours for 32 randomly sampled pathways, according to the cosine distance between mean + variance of

embeddings
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Figure B.5. Nearest neighbours for 32 randomly sampled pathways, according to the Needleman-Wunsch algorithm
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Figure B.6. Nearest neighbours for 32 randomly sampled pathways, according to the longest common subsequence
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Figure B.7. Nearest neighbours for 32 randomly sampled pathways, according to the Damerau-Levenshtein distance
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Figure B.8. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (2𝑑, 0) measure
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Figure B.9. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (2𝑑, 𝑖) measure
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Figure B.10. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (𝑛𝑑, 0) measure
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Figure B.11. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (𝑛𝑑, 𝑖) measure
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Figure B.12. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (2𝑑, 0) + 𝑝 measure
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Figure B.13. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (2𝑑, 𝑖) + 𝑝 measure
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Figure B.14. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (𝑛𝑑, 0) + 𝑝 measure
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Figure B.15. Nearest neighbours for 32 randomly sampled pathways, according to the E-DTW (𝑛𝑑, 𝑖) + 𝑝 measure
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