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of oesophageal cancer 
by 

Navamayooran Thavanesan 
BACKGROUND & AIMS: Rising workflow pressures within oesophageal cancer multidisciplinary 
teams (MDT) can potentiate inconsistent decision-making, decision-fatigue, and even health 
inequality. Machine learning can automate portions of this workflow to alleviate caseload and 
standardize care provided, provided these techniques can address regulatory needs such as safety, 
accuracy, and transparency to improve clinical translatability.  The aim of this research was to 
develop machine learning models to predict oesophageal cancer MDT treatment decisions and do so 
in an explainable fashion.   
METHODS: Historic MDT decisions from University Hospitals Southampton (UHS) trained established 
ML algorithms (Multinomial Logistic regression (MLR), Random Forests (RF), Extreme Gradient 
Boosting (XGB), Decision Tree (DT), and Random Survival Forests (RSF)) to perform treatment 
classification and prognostication tasks. Classification models (MLR, RF, XGB, DT) predicted specific 
curative and palliative treatment plans, while palliative patients also had their estimated survival 
predicted when associated with a specific treatment. Classification models were assessed primarily 
on Area Under the Curve (AUC), while survival forecasts were assessed primarily by calibration 
curve. All UHS models were externally validated using data from Oxford University Hospitals (OUH). 
To integrate responsible innovation, transparency and explainability within this research, select 
eXplainable AI techniques (variable importance and partial dependence analyses) were also 
employed to examine how individual variables influenced predictions. The final user interface for 
interacting with the models was also guided using Responsible Research and Innovation (RRI) 
principles.  
RESULTS: UHS models were trained from a total cohort of 953 cases and validated on 978 OUH 
cases. Model performance generalised regardless of algorithms and between treatment 
centres. XGB performed best for the primary classification model (mean AUC 0.909±0.044) 
whereas MLR demonstrated the best generalisability between centres (0.894±0.056). XGB 
performed best on palliative treatment classification both locally and externally (0.815±0.081, 
0.742±0.064 respectively). The palliative survival model calibrated best in the first 12 months 
post-diagnosis for both cohorts. During this work, XAI techniques identified age as a significant 
influence on treatment allocation. Partial dependence analysis narrowed down the precise age at 
which probabilities for treatments shifted, as approximately 77 years. 
CONCLUSION: Within this thesis I have shown that ML techniques can successfully model 
oesophageal cancer MDT treatment decisions and in a select subset: survival. These models support 
decision-making early within the MDT pathway. High-performing AI-based decision-support for the 
OC MDT is technically possible when combined with eXplainable AI methods to provide transparency 
for regulators as well as driving insight into potential biases within MDT-based decision-making. 
While future models might benefit from integration of raw imaging data and novel molecular 
markers, ML can synergize with current MDT frameworks. In future, this can evolve to prioritizing 
caseload, accelerating decision-making, and providing data-driven support for counselling patients in 
clinic when discussing treatment plans.



 

 

Lay Abstract 

The treatment of cancers of the oesophagus (food pipe) and stomach are managed by a 
specialist team of many different healthcare professionals called a multidisciplinary team 
(MDT). The MDT make the difficult and complex decisions, which can have significant 
implications for patient outcomes and quality of life. MDTs since the 1990s have led to major 
improvements in the management of cancer patients. However, the rising workload puts severe 
pressures on the MDT creating inconsistencies in decision-making and health inequality. 
  
The purpose of this research was to use a branch of Artificial Intelligence (AI) called Machine 
Learning (ML) to develop computer models capable of replicating the human decision-making 
process of the Upper Gastrointestinal Surgery MDT. Machine Learning is an evolving branch of 
AI capable of learning complex patterns and relationships within large-scale data. Mirroring 
current human decision-making can provide the foundations for an assistive decision-support 
platform to use in collaboration with MDTs. This can help ease workload and provide data-
driven recommendations for more complex situations to assist clinicians. 
 
In this work I trained several easy to access, off-the-shelf machine learning software to learn 
and produce models for predicting treatment plans for new oesophageal cancer patients. 
Additional models were also trained to forecast survival in a subset of these patients. The 
design of these algorithms ranged from those which produce mathematical equations 
(Multinomial logistic regression), to more flow-chart style models (Decision Trees) and 
ensemble models which combine and average out hundreds of mini models (Random Forests, 
eXtreme Gradient Boost). To allow a user to understanding the reasoning behind predictions I 
also explored the use of eXplainable AI (XAI), a field aimed at improving transparency within AI 
models. Finally, I have endeavoured to consider principles of Responsible Research and 
Innovation within the user boundaries designed to house these models. 
 
Within this work I trained prediction models on 953 patients managed in the Southampton area 
and tested the models on a further 978 patients managed in a different geographical area 
(Oxford) to determine how well they truly functioned when faced with new data. The results of 
this work found that Southampton models predict cancer treatment very well and continued to 
do so when predicting treatment for Oxford patients. This remained true when the process was 
reversed, and Oxford models were tested on Southampton patients. Additionally, survival 
models trained on incurable patients also performed well when estimating a patient’s survival 
in the immediate 12 months after diagnosis. Investigating the transparency of these models 
highlighted key insights reflective of the broader MDT: showing that the probability of a specific 
treatment can change with the patient’s age or the level of a patient’s physical fitness. Finally, 
by engaging with the needs of key stakeholders such as clinicians, their patients and patient 
representatives, has provided guidance on how tools using these models should develop and 
evolve in the future. 
  
During this research I have shown that it is possible to make predictive models that can 
recommend cancer treatment pathways and even estimate the likely survival for patients who 
are incurable. These models are easy to implement within the NHS, are transparent with 
techniques designed to explain predictions and while there are several new biological markers, 
tests and treatments on the horizon which will need to be incorporated into future versions, this 
research establishes proof of principle. 
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Definitions and Abbreviations 

Definitions and Glossary  

Black-Box models ............ Models which are complex in nature and inherently non-transparent 

when attempting to follow or infer the underlying logic applied to a 

given prediction 

Co-morbidity ................... the simultaneous presence of two or more clinical conditions within 

a patient 

CROSS trial ...................... A landmark clinical trial published in 2012 which demonstrated the 

survival benefit of providing neoadjuvant chemoradiotherapy prior to 

surgery for oesophageal cancer patients 

Curability ......................... Curability refers to the potential to achieve a complete cure for a 

patient with cancer and initiate remission. This may be through 

medication or surgical means (or a combination thereof).  

Decision Support Tool ...... Also referred to as Decision Support System or Assistive Decision 

Tool. These are digital systems designed to provided support 

towards clinical decision making for clinicians to utilise.  

Explainability ................... Explainability refers to the ability to extract meaningful insight into 

the internal logic of AI models and in doing so, better understand 

how they reach a given prediction. This is primarily a post-hoc 

process and happens after the model is developed.  

Feature sets ..................... The pool of variables used in a given model 

FLOT4 trial ....................... A landmark clinical trial published in 2017 which demonstrated the 

efficacy of the neoadjuvant chemotherapy regimen of 5-Fluoro 

Uracil (5FU), Oxaloplatin, Leucovorin and Docetaxel over the 

previous gold-standard chemotherapy regimen of the day for OC 

Interpretability ................. An inherent property of an AI model which allows immediate 

understanding of its internal logic towards a given prediction task. 

Unlike explainable models, this is observable at all times.  
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Multidisciplinary Teams ... This is a clinical framework for shared decision-making in cancer 

care defined by the presence of multiple separate domain experts at 

the time of determining a course of treatments. MDTs typically 

comprise; cancer surgeons, oncologists, radiologists, pathologists, 

specialist nurses, palliative care physicians, administrative and 

clerical team members as well as many other allied health care 

professions. 

Multimodal therapy .......... the use of multiple oncological strategies for a patient’s cancer 

care. Within Oesophageal Cancer this specifically relates to the use 

of neoadjuvant therapies as well as formal surgical resection 

National Health Service .... The national health care system of the United Kingdom 

Neoadjuvant therapy ........ the provision of cancer treatments (typically chemotherapy, 

radiotherapy, hormone therapy or immunotherapy) prior to formal 

surgical resection of a tumour to downstage (shrink or improve the 

size and invasion of) the cancer. 

NICE ................................ The National Institute for Health and Care Excellence is an executive 

non-departmental public body within the UK Department of Health 

and Social Care. It is responsible for assessing the cost-

effectiveness of new and emerging treatments across healthcare as 

well as providing clinical guidance on the national management of a 

large array of health conditions.  

Oesophagectomy ............ the surgical removal of part of the oesophagus and typically a 

portion of the proximal stomach. 

Operability ....................... The assessment of a patient’s disease condition and pre-treatment 

fitness that that speaks to their ability to tolerate surgical 

intervention 

Palliative therapies .......... Palliative treatments are assigned to alleviate symptoms arising 

from a health condition. In the context of cancer care, this is 

commonly associated with patients whose cancer cannot be cured.  

Performance Status ......... the Eastern Cooperative Oncology Group (ECOG) performance 

status is a clinical grading scale from 0-5 (0 = Fully active, able to 

carry on all pre-disease performance without restriction, 5 = dead) 
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which has been traditionally used within surgical oncology to 

evaluate a patient’s physical activity levels as a barometer of 

physiological reserve and fitness for therapeutic interventions. 

Polypharmacy .................. The simultaneous use of multiple medications 

Region of interest ............. Areas within an image (radiological or histological) which are under 

investigation. Within radiomics studies this typically relates to an 

anatomical feature on a scan being analysed. 

Resectability .................... The potential to surgically remove a cancerous tumour safely 

without causing additional collateral damage. 

Staging ............................ Disease staging is the process of clearly defining a patient’s cancer 

burden. This includes the severity of the primary cancer as well as 

any evidence of local or distant spreads. Prior to treatment initiation 

this is referred to as clinical staging and is primarily based on 

imaging. Following neoadjuvant/adjuvant therapies and surgery this 

is then referred to as pathological staging.  

Tertiary referral unit .......... A specialist clinical centre or hospital which has particular expertise 

in managing a specific clinical condition 

Tumour regression grade .. Tumour regression grade (most typically the Mandard scoring 

system) is a classification system which defines the 

histopathological response seen within cancerous tissue to 

neoadjuvant therapies. 

Unimodal therapy ............ within Oesophageal cancer this typically relates to forgoing 

neoadjuvant therapy and proceeding directly to surgery 
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Chapter 1 Introduction 

Oesophageal cancer (OC) is the 14th commonest cancer in the UK and the 7th commonest cause of 

cancer death (1). At presentation only 39% of patients are eligible for curative treatment, while less 

than 15% are likely to remain alive at 5 years (2,3). The adenocarcinoma subtype has seen a 400% 

increase over two decades and is now more prevalent than squamous cell carcinoma in some world 

regions including North America, Northern Europe and Oceania (4). This is in part due to the 

increased prevalence of gastro-oesophageal reflux and Barrett’s oesophagus combined with higher 

pick-up rates through screening and Barrett’s surveillance. 

The gold-standard management of oesophageal cancer remains curative resection however 

eligibility is heavily dependent on disease stage at presentation. Patients presenting with evidence of 

nodal disease will also require neoadjuvant therapy (NAT); either in the form of chemotherapy 

(NACT) or chemoradiotherapy (NACRT) (5). Both have shown a survival advantage over surgery alone 

although debate continues over which regime provides better oncological outcomes (5–9). The Neo-

Aegis Trial continued to support clinical equipoise in the absence of a clear survival advantage from 

either modality (despite a noticeably higher incidence of pathological tumour regression within the 

CRT arm) (10). However recent data from ESOPEC (a German trial again comparing neoadjuvant 

chemotherapy and neoadjuvant chemotherapy in locally advanced OC) seems to have finally claimed 

a putative victor, reporting superior survival and even a higher pathological regression within the 

chemotherapy arm (11). Despite this new chapter in the neoadjuvant therapy saga, challenges 

remain. Survival benefit from neoadjuvant therapy is not conferred universally, with Noble et al., 

previously demonstrating that meaningful response to NACT was only seen in those with Tumour 

Regression Grade (TRG) 1-2 (14.8% of the cohort) deemed “responders”. Overall survival in this 

group was 7.68 years versus 2.22 years in those with TRG 3-5 (“non-responders”, 85.2%)(12). 

Identifying “responders” prior to starting neoadjuvant therapy is a major challenge as neoadjuvant 

chemotherapy can decondition patients prior to surgery, even to the point of inoperability (13–15). 

Predictive modelling has offered modest success at best in this regard when limited to pre-

treatment data (16,17).  

Oesophageal cancer patients are hugely reliant on high-stakes decision-making in typically complex 

clinical contexts, carrying serious implications for their outcomes and quality of life (18). Since 1995, 

cancer treatment decisions for patients managed in the UK have been made collectively by 

multidisciplinary teams (MDT) leading to improved patient outcomes (19–21). Current oesophageal 

cancer MDTs are required to comprise a core quorum. This includes: two or more surgeons, a 
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gastroenterologist with specialist endoscopic skills, a clinical oncologist, a medical oncologist (where 

the responsibility of chemotherapy delivery is not assigned with the clinical oncologist), a 

histopathologist, imaging specialists (including an interventional radiologist), a nurse specialist, core 

members of the palliative care team, dieticians and an MDT co-ordinator (22). This group is 

mandated to meet regularly (typically weekly) to discuss new cancer cases, ongoing cancer patient 

care and recurrent cases or complex cases. However, these services face increasing caseloads, 

increasing treatment options and clinical complexity, leading to inconsistent and sometimes 

suboptimal decisions (23). Individual experience, perception and bias can also lead to discordance, 

creating “noise” within the process (24). In 2017 Cancer Research UK recognised the need for 

improving the operational effectiveness of the UK MDT framework (25). Their report confirmed a 

clear trend in the period of data analysis (2011-2014): a linear increase in caseload being managed 

with little to no increase in resources for the MDT to operate with. An aging population and 

widening treatment options increased the clinical complexity of cancer cases across cancers without 

a commensurate evolution in MDT structure to adapt to the rising workload. Modern MDTs have on 

average 2-3 minutes to discuss and agree a patient’s treatment plan, reducing their ability to audit 

decisions, learn or reflect. These issues alone would be sufficient for an urgent call to reform the 

current MDT structure; however, the cost of MDTs pose an additional highly relevant consideration. 

At the time of the CRUK report, the mean cost per MDT discussion (i.e. per patient discussed, per 

meeting, across specialities) was approximately £100. The highest cost was associated with 

colorectal surgery (£132.95) and the lowest was breast (£91.84). The national cost of MDTs rose 

from £88 million in 2011/12, to £150 million in 2014/2015 and as of 2024 sits at £316 million (26–

28). A process to prioritise, accelerate and rationalise weekly MDT discussion lists is therefore 

essential within the current economic and clinical climate where budgetary restrictions across the 

NHS remain austere.  

Clinical uncertainty and equipoise remain a core facet of MDTs within a modern era of expanding 

treatment options in surgical oncology. Controversies in the management of oesophageal cancer 

include optimal neoadjuvant therapy regimes, the optimal surgical approach for surgical resection 

(open versus laparoscopic versus robot-assisted), the appropriate classification of junctional tumours 

(gastric versus oesophageal) and perhaps most recently the prognostic importance and implications 

of resecting locoregional lymph nodes on the host’s immune response to cancer in the tumour 

microenvironment (10,29–31). The consequence of these uncertainties remains a consistent trend of 

variability in practice and decision-making (2,3,32–34).  
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The use of data-driven clinical decision-support systems (CDSS) represents a tangible solution which 

may allow more standardised decisions moving forward with the benefit of being able to update 

recommendations as new clinical research is released. CDSSs are becoming increasingly 

commonplace within medicine (QRISK®, IC-RISC™ and QCancer among numerous others) (35–

37).  They may range from simpler tools summarising national guidelines to more sophisticated 

recommendation systems leveraging unstructured data (38–44). Despite their growing 

popularity, routine adoption of these systems remains in its infancy (45). It has been 

demonstrated however that with appropriate stakeholder buy-in and regulatory support, CDSSs 

can significantly impact clinical practice. The National Emergency Laparotomy Audit (NELA) for 

example, has managed to achieve widespread use nationally in the UK as a tool for objective 

operative-risk stratification, predicting the need for higher levels of care following emergency 

laparotomy (46,47). However, while NELA at least in its current form represents a traditional, 

statistical framework for decision-support, the domain of Machine Learning (ML), a sub-division of 

Artificial Intelligence (AI)) offers a significantly more powerful vehicle through which to model 

complex decision-making paradigms (48). Machine Learning can handle huge datasets, capture 

complex relationships, non-linear interactions and produce highly accurate predictions, making it an 

appealing candidate for healthcare-based task-automation and more specifically; team-based 

frameworks such as the MDT (49). Thus far, ML-based decision-support models have been trialled 

within cardiac disease (43), breast cancer (44), lung cancer (42), pancreatic cancer (50) and 

dermatological cancers (41). Prior to this research however, no such approach has been ever made 

to the oesophageal cancer MDT representing a substantial opportunity within a high-stakes clinical 

arena. As demonstrated by work outlined in Appendix F, there is clear evidence of an appetite from 

MDT personnel within OC for data-driven decision support.  Additionally, this work highlighted that 

there remain areas of discordance between what human agents making MDT decisions feel is 

important when compared to ML-driven insights into these patient cohort. While a significant 

portion of respondents from the National Survey conducted in Appendix F showed a positive 

mentality towards ML, it is not universal at present, and scepticism remains for many MDT 

attendees of its long-term benefits.  

This may be in part due to the ongoing confusion among clinicians who do not routinely employ 

ML-based technologies as to how it improves upon or differs from more traditional statistical 

modelling, especially as ML is built upon statistical foundations. The first, and perhaps most 

significant, difference is that while traditional models are designed to provide insight into the 

relationships between predictor variables following which these relationships may also be used 

to make further predictions, ML modelling is designed with the sole aim of maximising 
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predictive performance even at the expense of explainability or transparency of the inter-

variable relationships (51). In other words, traditional statistics cares more about the nature of 

the variables in the process, ML cares more about the outcome. Additionally, while ML may be 

comfortable with black-box models (this is gradually shifting), this is antithetical to a statistical 

paradigm where understanding the nature of the model variables and their interactions are 

paramount. While statistics is interested in causal inference, this is not necessarily a priority for 

ML. Finally, while ML algorithms aim to produce models which can make accurate decisions or 

predictions in the absence of explicit coding, statistical models focus on making inferences 

about the wider population based on the original sample (52).  

The Artificial Intelligence boom within healthcare has brought with it a pressing need for 

trustworthy, safe, ethical and responsibly developed AI across disciplines, with medical AI 

(MAI) a particularly high priority (53–55). The appreciation for the dangers surrounding AI 

innovation have recently been reflected within the landmark EU AI Act 2024, the first of its kind 

for AI regulation and the de facto benchmark for global AI innovation going forward  (56,57).   

While much of the literature has understandably focused on proving medical AI tools at a 

technical level, there is a grave paucity in considering the implications of innovations on 

stakeholders, patients and patient advocates from design-to-deployment (55). These include 

(but are not limited to) bias, quality control, data-drift detection and AI explainability (58,59). In 

response to this, the field of Responsible Research and Innovation (RRI) has grown in recent 

years with the intent of guiding research towards maximising societal benefit and minimizing 

harm (60). Frameworks such as “AREA” for instance (Anticipation, Reflection, Engagement and 

Action) and more recently “AREA-Plus” are well-known within the UK, providing a practical 

structure for integrating RRI within the life cycle of research programs (60–62). It follows then 

that integrating responsible innovation is going to be essential to driving adoption of AI 

technologies in healthcare settings.  

The body of work I present within this thesis is intended to address this unmet need for 

trustable, responsibly co-designed, data-driven decision-support within Oesophageal Cancer. I 

have developed an externally validated AI clinical decision support system utilizing off-the-shelf 

machine learning algorithms which can be integrated into user-friendly interfaces as needed. It 

has been responsibly developed using an in-parallel Responsible Research and Innovation 

program of regular workshops and interviews working with domain experts in the form of 

patients, patient-advocates, clinicians, and explainable AI (XAI) computer scientists. The CDSS 

is trained to recommend oesophageal cancer MDT treatment plans early within a patient’s 
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clinical journey with additional prognostication for palliative cases. My work demonstrates that 

it is possible to harness AI-based technologies to replicate and simulate the oesophageal 

cancer MDT decisions as a practical and translatable means to streamlining, standardising and 

supporting the MDT operational framework while aligning with RRI principles. 

The following sections aim to contextualize the MDT’s role within OC in more depth, discussing the 

experimental applications of ML within OC to date (such as the prediction of treatment response 

and the emerging potential for radiomics for prognostication, nodal disease evaluation, and 

resectability) and finally outline the hypothesis, aims and objectives of my thesis which intends to 

contribute to this field.  
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1.1 Review of the literature 

1.1.1 Acknowledgements 

A version of the review outlined within the following sections of this chapter has previously been 

published within the Journal of Gastrointestinal Surgery (63). While the work presented here is 

my own, I wish to acknowledge my co-authors for their contributions: Dr. Ganesh Vigneswaran 

(supervision and manuscript review), Dr. Indu Bodala (supervision and manuscript review), 

Professor Tim Underwood (supervision and manuscript review). 

1.1.2 The Multi-Disciplinary Team (MDT) 

Clinical management for all UK cancer patients has been centralised through MDTs following 

the Calman-Hine report in 1995 (64). The aim of this reformation was to consolidate expertise 

from all clinical disciplines relevant to a patient’s oncological treatment in a single place and 

time as opposed to a serial chain of clinical interactions. This requires a broad scope of 

healthcare professionals – surgeons, physicians, oncologists, radiologists, specialist nurses, 

physiotherapists, occupational therapists, palliative care teams and administrative staff. The 

benefit is rapid, nuanced, complex decision-making early and (theoretically) consistently during 

the assessment, treatment and follow-up stages of cancer care. The MDT evaluates and agrees 

on: cancer origin, anatomical location, disease stage, curability, resectability, fitness for 

surgery or aggressive oncological therapies and the patient’s wishes. All of this is then be 

conveyed to the patient to discuss the options available and reach a mutually agreeable plan. 

1.1.3 Strengths of the MDT framework 

Numerous studies have proven the benefit of managing oesophageal cancer via an MDT over the 

historical practice of surgeons managing these cases independently (19–21,65). One Welsh study 

comparing 77 patients managed by surgeons independently against 67 cases managed by an MDT 

reported the incidence of open-and-close surgeries (laparotomies and thoracotomies) having 

dropped from 21% and 5% to 13% and 0% respectively when put through MDT (p = 0.02). Operative 

mortality also dropped (26% vs 5.7%, p = 0.004) and 5-year survival improved significantly (52% vs 

10%, p = 0.0001). Additionally, multi-variate analysis found that in combination with lymph node 

metastases and American Society of Anaesthesiologist (ASA) grade (an anaesthetic marker of fitness 

for surgery, dependent on the patients’ current comorbidities), MDT management, was 
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independently associated with improved survival (20). Rates of completed staging reportedly 

jumped from 67% to 97% (p <0.0001), along with adherence to national guidelines for management 

(83% to 98%, p<0.0001) simply by introducing a formal thoracic MDT to the management 

oesophageal cancer patients (19). MDTs can influence and course-correct management strategies 

with one study reporting a change in over one third of management plans originally designed by 

individual clinicians for potentially curative OC cases after MDT discussion (21).  

Palliative cases have also benefitted from MDTs. One Dutch registry-based study of palliative 

oesophageal cancer patients compared 389 cases discussed at MDT (MDT group) versus 547 cases 

that were not (65). Within the MDT group, the study reported a significantly shorter time to 

commencement of palliative therapy (20 days vs 30 days, p < 0.001), a higher incidence of palliative 

external beam radiotherapy (EBRT) (38% vs 21%, OR 2.7), higher incidence of systemic therapy (30% 

vs 23%, OR 1.6), fewer patients treated with palliative stents (4% vs 12%, OR 0.3) and longer overall 

survival (169 days vs 107 days, HR 1.3). While the authors acknowledged that prognostic factors not 

recorded within the registry may have also contributed to the survival difference, they attributed at 

least part of this survival advantage to the increased usage of tumour specific palliative therapies 

within the MDT group. 

1.1.4 Vulnerabilities of the MDT 

MDT frameworks are not invulnerable to clinical, inter-personal and logistical challenges. 

Rising caseloads, pressured preparation time, missing staging data, patient complexity, and 

intra-group disagreement can all lead to inconsistent and varied decision-making.  

1.1.4.1 Workload 

Deficiencies within the MDT workflow have been identified as far back as 2011. A systematic review 

in the same year explored the clinical, social, and technological factors influencing MDT decision-

making across multiple specialities (23). The authors reported that definitive plans were reached at 

first discussion in only 47.6-73% of cases because of time pressure or missing information. Where 

plans were agreed, they were not implemented in anywhere from 1-16% of cases either because of 

differing patient wishes or perhaps more worryingly, wholly inappropriate management plans when 

patient co-morbidities were factored in. Excessive workload and time pressure were flagged as 

contributory to poor decision-making, lower team morale, and unmet need for protected 

preparation causing wasted time and/or increased workload. MDTs covering general surgery, soft 

tissue cancers and urology were found to have clinician-made decisions based almost entirely on 
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clinical information, infrequently factoring in patient wishes unless specialist nurses present felt 

empowered to bring those views up in the meeting (66). In a similar theme, the study noted that 

while physicians drove decision-making within the meetings, they often ignoring nurse-led input 

usually at the detriment of the MDT’s overall efficacy. Interestingly, even at the time of the review in 

2011, telemedicine-based tools were found to be cost-effective (where used in at least 20-30 

meetings per year) and able to increase attendance without adversely affecting care. The authors 

did however recognise the negative impact it had on the feasible caseload per meeting. Despite this, 

virtual MDTs have successfully achieved widespread adoption since the 2020 SARs Cov2 pandemic. 

1.1.4.2 Interpersonal dynamics 

While the diverse composition of MDT attendees can positively influence performance, a lack 

of clarity or conflict over leadership can be a negative predictor for effective communication, 

clarity of objectives, team effectiveness, resource efficiency, or effective patient 

communication as demonstrated in breast cancer by Haward et al (67). Compellingly, the 

authors also noted that a single strong leader could be a negative predictor for support in 

innovation, indicating a delicate balance between a single strong “voice” and one supportive of 

team input.  Perception of team-effectiveness varies significantly by discipline within MDTs, 

with Haward et al., reporting that breast surgeons and breast care nurses consistently rated 

their MDT’s performance higher than their radiology and histopathology counterparts.  

Communication of MDT decisions to patients is susceptible to compromise by inter-personal 

MDT disagreement. Hamilton et al., investigated 35 MDTs and 37 MDT clinics to evaluate the 

level of patient-inclusive decision-making used in head and neck cancer management across 3 

centres (68). While the study sample was modest (20 patients and 9 MDT members), they 

utilised a combination of direct observation, informal interviews, and formal semi-structured 

interviews to identify significant barriers to shared decision-making between the MDT and their 

patients. Individual members often held a clear personal view of what they deemed the best 

course of action, yet this did not always align with fellow team members, posing a challenge for 

the MDT to convey this uncertainty to the patient.  The authors reported that MDTs often felt 

such disagreements should be kept internally, and even when an individual was tasked with 

conveying the final MDT outcome to the patient, the conversation risked being “framed” in a 

manner filtered by that clinician’s own biases. Ultimately this internal dissent can force the bulk 

of the decision-making to remain internal to the MDT, at the risk of excluding patient values and 

wishes.  
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Cancer MDTs are also subject to disagreements between MDTs even within a specialty. An 

observational multi-centre Danish study investigated this inter-observer variability between 

MDT decisions between 4 main upper gastrointestinal (UGI) cancer centres in Denmark 

following centralization of their UGI services in 2002 (69). The study sample was again small (20 

oesophageal squamous cell carcinoma cases), each of which were repeatedly assessed as 

new referrals at each of the centres. Each MDT was asked to determine: resectability, curability 

(determined by operability status) and treatment strategy. The authors calculated a kappa-like 

coefficient for inter-observer variability, as well as the frequency by which disagreement 

between MDTs resulted in a different treatment recommendation and whether this had any 

clinical impact on the patient. The study reported “moderate” concordance between the 4 

MDTs on classifying T-stage, M-stage, resectability, and curability while only “fair” concordance 

was reached for N-stage and operability. The biggest impact of their findings was that MDT 

disagreement led to a clinical impact in 60% of cases. The study was limited by the very small 

sample size (again owing to the busy caseloads experienced by the MDTs external to the study), 

and missing positron emission tomography (PET) computed tomography (CT) images for 5 of 

the 20 (25%) study cases.  Operability was crucial to determining an appropriate treatment 

strategy and yet found to be most vulnerable to inter-MDT discordance due to often-incomplete 

data available to the MDT.  

1.1.5 Current UK management guidelines used by Oesophageal Cancer MDTs 

Table 1.1 outlines the 2018 National Institute for Heath and Care Excellence (NICE) guidelines 

for the management of oesophageal cancer (70). Notably while some authors categorize T2N0 

disease as early and amenable to endomucosal resection (EMR), NICE supports the use of 

neoadjuvant therapy in this cohort, to minimise local recurrence risk from micro-metastases 

(71,72). Histology, Tumour-Node-Metastasis (TNM) staging, and an assessment of patient 

fitness (commonly quantified by the World Health Organisation (WHO) Performance Status 

classification) account for the bulk of decision-critical parameters. While the concept of 

comorbidity is acknowledged, especially when determining suitability for palliative 

chemotherapy, such guidelines remain simplistic, rarely factoring in dimensions such as high-

risk comorbidities, social variables or even ease of patient access to chemoradiotherapy 

centres. 
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Table 1.1 - 2018 NICE guidelines for the management of OC 

Disease stage OAC OSCC 

T1aN0 Offer EMR Offer EMR 

T1bN0 Offer Surgery Offer either  

- Definitive CRT 
- Surgical resection 

T2-4 N0-3 M0 Offer either: 
- NACT ± ACT 
- NACRT  

 
Assess response 
 
Then surgery 

Offer either 
- Radical CRT 

Or: 
- NACRT  

Assess response  
 
Then Surgery 

Non-metastatic 

disease unsuitable 

for surgery 

Consider 

- CRT if feasible within RT 
field 

Or: 

- Chemotherapy 
- Stenting 
- Palliative RT 
- Best supportive care 

Consider 

- CRT if feasible within RT field 
Or: 

- Chemotherapy 
- Stenting 
- Palliative RT 
- Best supportive care 

Metastatic disease  If HER2 +ve: 
- Trastuzumab (Herceptin) 

 
1st line palliative chemotherapy (If 
performance status 0-2, no 
significant comorbidities): 
 
2nd line palliative chemotherapy 

If HER2 +ve: 
- Trastuzumab (Herceptin) 

 
1st line palliative chemotherapy (If 
performance status 0-2, no significant 
comorbidities): 
 
2nd line palliative 
chemotherapy 

Abbreviations: OAC - oesophageal adenocarcinoma, OSCC – oesophageal squamous cell 

carcinoma, EMR – endomucosal resection, CRT – chemoradiotherapy, NACRT - neoadjuvant 

chemoradiotherapy, NACT - neoadjuvant chemotherapy, ACT - adjuvant chemotherapy, HER2 - 

human epidermal growth factor 2 

1.1.6 A role for Machine learning? 

Machine learning (ML) has gained popularity within healthcare for its ability to analyse large, 

complex datasets and provide, advanced predictive modelling. ML-driven decision-support 
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models can also actively improve as new data is obtained. An example of this includes the 

strong performance shown in the accurate predictive modelling of outcomes after 

oesophagectomy (73). However, while post-operative models show good discrimination and 

calibration, pre-operative models are typically more challenging as they are by nature trained 

on significantly fewer features (74). 

The MDT discussion prior to first treatment is nevertheless a key mile-marker in the patient’s 

care pathway and optimising the decision-making at this check point is critical to providing the 

best outcomes possible for patients. As MDTs typically assimilate information across clinical, 

pathological and radiological sources, each of these domains separately offers a potential 

focus for the application of ML. Aggregation of these data streams within machine learning 

models could then allow “mirroring” of the current human-led decision-making paradigms seen 

within MDTs. 

Machine learning is traditionally divided into supervised and unsupervised learning with the 

former requiring ‘labelled’ data (the ground truth is provided to the machine during model 

training). The machine then compares the input and outcome data to determine the model 

which best fits the underlying structure of the data. Supervised learning is consequently well 

suited to smaller datasets, where the ground truth is known – a prime example being historic 

MDTs where treatment decisions for patients are already known. By comparison, unsupervised 

learning algorithms identify patterns within datasets to extract features that may cluster data 

points into separate groups. Such techniques are useful when the ground truth is unknown but 

requires large volumes of data - a challenge frequently encountered in cancer datasets. Ideal 

models balance “under-” and “over-fitting”, learning from training data to make accurate 

predictions when fed new unseen data. Under-fitted models are typically too simplistic or 

inflexible to capture underlying relationships leading to high error rates in both training and 

testing (bias).  Over-fitting occurs when the model is too complex resulting in high variance. 

These models perform well within training but struggle on test/validation sets (75). This may be 

mitigated by increasing the size of the training data and the diversity of the observations 

themselves, making it more representative of the theoretical population distribution. In real-

world settings however, this is often difficult to achieve with health data especially for rarer 

clinical scenarios. Table 1.2 summarises some common ML based techniques along with their 

respective advantages and disadvantages. 
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Table 1.2 - Common Machine Learning techniques 

Algorithm Summary Benefits Drawback 

Decision trees Flow-chart based modelling whereby 

variables are trialled at each “node” of a tree 

(decision split point) to determine the best 

combination of root-, branch- and leaf nodes 

for the overall model 

 

 

Provides an interpretable model, and easy to visualise 

 

No assumptions made about data distribution 

 

Can manage regression and classification tasks 

Less well suited to continuous variable outcomes 

 

Produces a single tree but may be computationally 

expensive to grow tree as must trial every split of 

variables at each node 

 

Prone to overfitting, especially if large number of 

variables and small datasets 

 

 

Random forest A tree-based modelling technique which 

aggregates hundreds of individual decision 

trees, each composed of a random selection 

of predictor variables  

Copes with large feature pools 

 

Randomly selecting a subset of variables for each tree 

rather than the full pool minimises overfitting and 

increases generalisability  

 

Can be used to assist feature selection based on relative 

importance of each variable 

Sacrifices interpretability for overall model 

performance 

 

Vulnerable to outliers within dataset 
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Algorithm Summary Benefits Drawback 

Ridge 

regularization 

Also known as L2 regularisation, is a form of 

regularisation method which acts to 

minimise a loss function (a penalty 

associated with misclassification). 

Ridge regularization produces a more generalisable 

regression model by shrinking variable coefficients to 

reduce model overfitting 

Ridge regression never shrinks coefficients to “0” 

thus maintaining all variables within the model. 

This in turn reduces interpretability  

Least absolute 

shrinkage and 

selection 

operator 

(LASSO)  

Also known as L1 regularisation. Similar 

approach to Ridge regression, however the 

penalty function is derived from the absolute 

sum of the coefficient as opposed to their 

square as is used in Ridge.  

Allows automatic feature selection 

 

LASSO allows coefficients to be shrunk to “0” and 

effectively drops them from the model which allows for 

feature elimination.  

 

Used to minimise model overfitting 

In situations where predictors outnumber the 

observations, LASSO will reduce variable pools 

even if non-significant variables are nevertheless 

relevant to the model as whole. 

 

Similarly, where variables may be correlated, 

LASSO may randomly select one and eliminate the 

other 

Logistic 

regression 

Form of regression analysis for outcomes 

which are categorical (and often binary). 

Learns a linear relationship in form y = c + β1x 

+ β2x + β3x + … βnx to predict probability of a 

given class.  

Provides an interpretable model 

 

The variable co-efficient enumerate the relative weights 

of each variable to the overall model, and direction 

 

Easy to train and computationally inexpensive 

Requires linearity between the predictors and 

outcomes 

 

Observations need to be independent of each other 

 

Limited to categorical outcome prediction 
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Algorithm Summary Benefits Drawback 

Support Vector 

Machine 

Segregates data by creating a decision 

boundary of “hyperplane” to allow class 

separation 

Useful in binary outcome predictions 

 

Capable of handling high-order data relationships 

 

Commonly used in radiomic tasks 

For more complex higher-order data, requires 

elevation of data into higher dimensions to achieve 

hyperplane 

 

 

Convolutional 

neural network 

Uses multiple “hidden layers” of processing 

to analyse input data and provide a task 

outcome. Deep learning models are formed 

around the concept of recreating neural 

networks – comes under ML discipline of 

Deep Learning.  

Powerful ML approaches 

 

Particularly suited to complex tasks such as audio and 

image analysis 

Computationally intense 

 

Requires large volume datasets  

 

Sacrifices interpretability for overall model 

performance 
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1.1.7 Current ML applications in oesophageal cancer 

1.1.7.1 Histopathological analysis 

Machine learning applications within histological analysis have risen in popularity within 

research settings (76–78).  Integrating machine learning with computer-vision (a branch of 

computer science dedicated to the recognition and extraction of meaningful information from 

images) offers cheap, automated, scalable analysis and decision-making within cancer care. 

This contrasts with techniques such as ribonucleic acid (RNA)- and Whole Genome Sequencing 

(WGS) where detailed and individualised data is available but ultimately cost-prohibitive and 

logistically challenging when attempting to acquire additional tissue retrospectively (79). 

Despite the practical appeals, few studies have applied computer vision-based ML techniques 

to oesophageal cancer (Table 1.3) (79,80). Where this has been attempted, typically this has 

been done with the aid of convolutional neural networks (CNNs), a form of neural networks 

known to excel in tasks involving computer-vision-based classification. They include a 

convolutional layer within the neural network (layers of inter-connected nodes with associated 

activation weights) which include a kernel or filter designed to sweep across input images and 

produce a feature-map which can then be compared to pre-trained object features for feature 

detection. Pilot work by Rahman et al., attempted an innovative approach to predicting 

response to neoadjuvant therapy in oesophageal adenocarcinoma at the tissue level by 

combining automated visual capture and CNN processing of unlabelled digital histology slides 

(79).  The CNN analysed high-resolution microscope slide images fragmented into distinct 

“patches”, as a means of achieving Whole Slide Image (WSI) analysis without losing granular 

data at the pixel level when downsizing such massive images. The CNN was pre-trained using 

ImageNet (non-specific images from a vast online database of everyday images) to circumvent 

the need for high volume histology-specific training images that would otherwise be needed to 

train a sufficiently accurate model. Despite a small sample the authors reported an internally 

validated C-index of 0.836 (0.825-0.847) in training the CNN to distinguish between responders 

(Mandard Tumour Regression Grade or TRG) 1-2 and non-responders (TRG 3-5). While these 

results were promising, the study had some limitations. Their results have yet to be achieved in 

larger datasets, the use of both neoadjuvant chemoradiotherapy and chemotherapy within the 

patient cohort may have confounded their results, and finally, such deep learning approaches 

inherently create a “black box” problem as the underlying logic is obscured within the hidden 

CNN layers. This limits transparency, “explainability” and ultimately trust within the ML 
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solution, a scenario seen again with Tomita and colleagues who applied a ResNet based deep 

learning model to the detection of Barrett’s and adenocarcinoma in oesophageal tissue 

biopsies, again using ImageNet trained platforms. Here they sought to show that strong 

classification performance could be achieved without the need for pre-annotating regions of 

interest, removing the human “bottleneck” in the process. While their results were promising in 

principle, their training sets were orders of magnitude smaller than what many accept is 

needed for deep-learning models, nor did they have a strategy to explain the assignment of 

attention provided by the model on the extracted images (80). Pre-trained networks 

nevertheless have performed competitively against models trained from scratch and still offer a 

possible solution to the issue of applications limited by inherently restricted datasets (81). 
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Table 1.3 - Studies applying ML to histopathological data within OC 

Study Country Study 

size (n) 

Histology Image 

modality 

ML 

techniques 

Outcome Predicted Model 

performance 

metric 

Results 

Rahman et al., 

2021 (79) 

UK 46 Mixed  WSI with 

patch 

conversion 

CNN (Xception) 

+ Elastic Net 

Regression 

Response to neoadjuvant 

therapy (NACT/NACRT) 

comparing histopathological 

analysis vs RNAseq 

AUC AUC for histopathology slide features 0.763 vs 

RNAseq (0.782) 

 

AUC for segment slides exceeded both (0.870) 

Tomita et al., 

2019  (80) 

USA 180 AC, BE, 

Dysplasia  

WSI with 

patch 

conversion 

CNN (ResNet-

18) + Attention-

based Neural 

Network  

Classification of Barrett’s ± 

dysplasia and oesophageal 

adenocarcinoma comparing 

tissue-level annotations vs 

traditional ROI segmentation 

Accuracy, 

recall, 

precision, F1 

Score 

Mean Accuracy of 0.73 for differentiating BE, BE 

+ dysplasia and AC 

 

F1 scores for differentiating BE, BE + dysplasia 

and AC were 0.72, 0.30, and 0.67 respectively.  

AC = adenocarcinoma, BE = Barrett’s oesophagus, WSI = whole slide image, AUC = area under receiver operator characteristic curve, NACRT = 
neoadjuvant chemoradiotherapy, NACT = neoadjuvant chemotherapy ANN = artificial neural network, CNN = convolutional neural network, RNAseq 
= sequenced ribonucleic acid 
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1.1.7.2 Radiomics 

Over the last two decades, a substantial evidence base across numerous solid organ cancer 

types has developed in radiomics (82). Radiomics refers to the extraction of 

quantifiable, clinically significant, high-dimensional imaging-based biomarkers from standard-

of-care medical imaging which may correlate with tumour phenotype and its molecular 

fingerprint (83). These markers are then treated as potential predictor variables when modelling 

a range of clinical outcomes (75). Human radiological assessments within MDTs are mainly 

qualitative, with some quantification of tumour size, number and position of suspected 

lymphadenopathy and the presence of distant metastases within the TNM staging classification 

(84). The underlying tenet of radiomics lies in the assumption that human assessment is 

biologically limited in its discrimination at a pixel/voxel level and inherently involves a degree of 

both selection bias as well as inter- and intra-observer variability (85). Radiomics aims to mine 

the image for more precise evaluation of disease burden. Coupling this to the infrastructure of 

the MDT could, in theory, achieve high-precision assessment of their disease, resectability and 

potentially reveal features indicative of likely treatment response to neoadjuvant therapy prior 

to even starting therapy.  

 

1.1.7.2.1 Radiomic workflow 

The radiomic process (Figure 1.1) can be summarised as: image acquisition, image pre-

processing, segmentation, feature extraction, data preparation, feature reduction, and model 

development (75,86). Image acquisition involves the curating of imaging series containing 

regions of interest (ROI). Image pre-processing includes segmentation of regions of interest 

which may be manual (considered gold standard but resource intensive), automatic, or 

hybridized. Once ROIs are segmented, radiomic “features” can be extracted and converted into 

quantifiable vectors from within these regions, forming the functional core of radiomics (75,85). 

Vectors often differ in scale, thus the data preparation stage in this process frequently includes 

feature scaling, data continuization, discretization, and under- or over-sampling for class 

imbalances (87). The resultant features may however be hundreds in number, and 

consequently counter-productive to a well performing model (88). Dimensionality reduction 

and feature selection technique are typically used in this situation to minimise redundant, non-

relevant features which may slow the model (89–91). Once this is done, the final feature pool 

can be used to train the final radiomics model towards its intended use. Validation of the 
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generated model must then be done internally and externally as this will inform the eventual 

generalizability of the final model in clinical use (92).  

 

Figure 1.1 - A standard Radiomics workflow  depicting the stages of image acquisition, 
processing, annotation, feature extraction, model training and validation 
(Thavanesan et al. 2023, doi: 10.1007/s11605-022-05575-8). 
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1.1.7.2.2 Radiomic studies within oesophageal cancer  

An evolving body of evidence is now emerging within oesophageal cancer for predicting 

treatment response, prognosis, nodal status and even resectability (93). Using radiomics to 

improve the speed and accuracy of each of these facets of oncological decision-making can 

drive forward a significant portion of the MDT’s weekly workflow. Table 1.4 summarises studies 

which have applied radiomics within the oesophageal cancer domain.   
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Table 1.4 - Studies applying Radiomics to OC 

Study Country Study 

size (n) 

Histology Imaging 

modality 

ML techniques Outcome 

Predicted 

Model 

performance 

metric 

Results 

Ou et al., 

2019 

China 591 SCC CT LASSO, Logistic 

regression, RF, 

SVM, XGBoost, 

Decision trees 

Resectability 

of SCC 

AUROC, 

Accuracy, F1 

Score 

Logistic regression radiomics model performed best (validation set 

AUC 0.87 ±0.02, accuracy 0.86, F1 score 0.86).  

Hou et al., 

2017 

China 49 Mixed CT SVM, ANN Therapeutic 

response to 

NACRT 

AUROC Radiomics based SVM AUC 0.891, ANN AUC 0.972 for responders vs 

non responders 

  

Skewness and Kurtosis features capable of differentiating partial 

response and stable disease, Kurtosis also discriminatory for partial 

versus complete response  

Larue et al., 

2018 

Netherla

nds 

239 Mixed CT RF 3 -year survival 

post NACRT 

AUROC  

(95% CI) 

Radiomics RF model validation set AUC 0.61 (0.47 – 0.75) vs Clinical 

parameter RF validation set AUC 0.62 (0.49 – 0.76) 

Tan et al., 

2019 

China 230 SCC CT LASSO Logistic 

regression 

Predicting LN 

metastases in 

resectable 

SCC 

Discrimination, 

Calibration, and 

Reclassification 

AUC of model combining radiomic signature with CT LN status was 

0.773.  

Discrimination of signature significantly better vs LN size criteria 

alone (p = 0.005) 

Beukinga et 

al., 2017 

Netherla

nds 

97 Mixed PET/CT LASSO Logistic 

regression 

pCR following 

NACRT 

AUROC Model combining clinical parameters with PET/CT derived textural 

features outperformed SUVmax models (AUC 0.74 vs 0.54 on 

internal validation).  
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Study Country Study 

size (n) 

Histology Imaging 

modality 

ML techniques Outcome 

Predicted 

Model 

performance 

metric 

Results 

Simoni et al., 

2020 

Italy 54 Mixed PET/CT Logistic regression Pathological 

response to 

NACRT 

ROC MTV (AUC 0.74) and TLG (AUC 0.69) correlated with tumour 

regression at baseline PET.  

SUVmean (AUC 0.67) and TLG (AUC 0.64) related to higher chance of 

significant pathological response at second PET after induction 

chemotherapy 

Cao et al., 

2020 

China 159 SCC PET LASSO Logistic 

regression 

Treatment 

response 

following 

CCRT 

AUROC Validation set AUC for radiomics signature- based model was 0.835 

Zhang et al., 

2014 

USA & 

China 

20 Mixed PET/CT SVM & Logistic 

regression  

Pathological 

tumour 

response to 

NACRT 

AUROC  

(95% CI) 

SVM combining classic PET/CT measures + clinical parameters + 

spatiotemporal PET features reached AUC of 1.0 vs 0.56 (0.07), 0.6 

(0.06) and 0.94 (0.02) individually.  

SVM additionally outperformed LR (combined model AUC 0.9 (0.06)). 

Qiu et al., 

2020 

China 206 SCC CT LASSO & Cox 

Proportional 

Hazards 

Recurrence 

free survival 

following pCR 

post NACRT 

Validation set C-

Index (95% CI) 

0.724 (0.696 – 0.752) with Radiomics + Clinical risk factors model vs 

Radiomics (0.671, 0.624 – 0.718) or clinical risk factors (0.629, 0.597 

– 0.661) 
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Study Country Study 

size (n) 

Histology Imaging 

modality 

ML techniques Outcome 

Predicted 

Model 

performance 

metric 

Results 

Yang et al., 

2019 

Taiwan 548 SCC  PET 18/34-layer CNN 1 year survival 

post-diagnosis 

AUROC AUC of 0.738.  

Patients predicted to expire at 1 year who survived had a lower 5-year 

survival than those predicted to survive 1 year (32.6% vs 50.5%, p 

<0.001) - Authors inferred that the CNN model also reflected 

aggressive tumour biology 

SCC = Squamous Cell Carcinoma, MTV = metabolic tumour volume, TLG = total lesion glycolysis, SUV = standardized uptake value, PET = positron 
emission tomography, CT = computerised tomography, AUROC = area under receiver operator characteristic curve, LASSO = least absolute 
shrinkage and selection operator, SVM = support vector machine, pCR = pathological complete response, NACRT = neoadjuvant 
chemoradiotherapy, NACT = neoadjuvant chemotherapy, CCRT = concurrent chemoradiotherapy, RF = random forests, XGBoost = extreme gradient 
boosting, ANN = artificial neural network, CNN = convolutional neural network 
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1.1.1.1.1. Treatment response evaluation 

It has long been appreciated that intra-tumour heterogeneity on cross sectional imaging is 

associated with aggressive tumour biology, and impaired treatment response in oesophageal 

cancer leading to many machine learning techniques being applied to this issue (94). As 

imaging is often one of the earliest potential sources of information on tumour biology for 

oesophageal cancer patients, and accurate characterisation here can tailor the oncological 

plan even before histology has been returned, this is a logical approach. Historically, most 

studies attempting to predict treatment response have focussed on neoadjuvant 

chemoradiotherapy rather than chemotherapy, often using oesophageal squamous cell 

carcinoma or mixed histology datasets (95–98). This is explained by the fact that many of these 

studies originate from China, where 90% of oesophageal cancers are the squamous subtype. 

This has unfortunately limited the relevance and utility of their findings in western populations.  

Flurodeoxyglucose (18F)-Positron Emission Tomography (FDG-PET) is used frequently in 

oesophageal cancer to assess for metastatic disease using uptake of FDG in metabolically 

active cells. Several studies have reported the use of Metabolic Tumour Volume (MTV) and 

Standardized Uptake Value (SUV) on FDG-PET as predictive (to variable degrees) of response to 

neoadjuvant chemoradiotherapy across serial imaging time-points as well holding prognostic 

significance for survival (93,99,100). One PET study taking inspiration from Deoxyribonucleic 

acid (DNA) microarray analysis combined a radiomics signature with a LASSO-logistic 

regression model to report an Area Under Curve (AUC) of 0.835 in predicting treatment 

response (101). While the authors contended with a class imbalance favouring responders and 

a radiomics signature derived from only 20 patients, their approach was nevertheless intriguing. 

However numerous drawbacks to using FDG-PET in this manner remain, including its expense, 

time-consumption, poor resolution and lack of the complete molecular characterization that is 

typically desirable when mining spatial heterogeneity within tissue architecture and metabolic 

activity (94). Contrast-enhanced Computed Tomography (CT) is comparatively ubiquitous in 

assessing treatment response, quick and readily accessible. In smaller case series it has even 

shown some success in predicted response to chemoradiotherapy using as few as five shape- 

and histogram-based metrics (AUC 0.686 – 0.727) (96). A weakness however is that while avidity 

on PET visually highlight regions of interest for suspicious tissue, grey-scale images on CT 

require human labelling.  

Another recurrent theme within radiomic modelling studies continues to be the superiority 

shown when using multimodal datasets over single data streams. Zhang et al. predicted 
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pathological tumour response to chemoradiotherapy using both logistic regression (LR) and 

Support Vector Machine (SVM) models. They reported that a combination of conventional 

PET/CT response measures, clinical data (TNM staging, histology, patient demographics), and 

spatio-temporal PET/CT features offered superior predictive performance over individual 

feature sets (AUC of 1.0 for SVM vs 0.9 for LR) (102). While these results might seem impressive 

at first, the study did not account for nodal disease and lacked any statistical power (N= 20), 

making model over-fitting highly probable in the absence of any external validation data. 

Another study assessing treatment response to chemoradiotherapy in 97 patients also 

combines clinical information, geometry, PET textural features and CT textural features used a 

LASSO regularised regression model. They reported an AUC of 0.78 versus 0.58 when modelling 

SUVmax alone and while their sample size was limited, the study’s internal validation 

procedures remained robust (94).  

 

1.1.1.1.2. Prognostication 

Accurate prognostication in oesophageal cancer is of obviously beneficial in optimising cancer 

care decisions as precise prognostication allows clinicians to quantify the cost-benefit analysis 

of treatment options to patients. Several studies have attempted to predict prognosis using 

machine learning models. Qiu et al. reported disease recurrence in one third of patients who 

experienced a pathological complete response following chemoradiotherapy and surgery for 

squamous cell carcinoma (103). Their CT-based nomogram combined clinical risk factors and a 

radiomic signature comprising eight features. This proved superior (Concordance (C) -Index of 

0.746) versus either radiomic (0.685) or clinical (0.614) features alone (p < 0.001 in all cases) 

and could effectively stratify patients into high and low risk categories to help tailor adjuvant 

therapy post-resection.  

One Dutch study predicting 3-year survival from pre-treatment CT features used a random-

forest model to compare clinical and radiomic feature sets on (97). The authors reported an 

AUC of 0.61 on external validation for their radiomic model versus 0.62 for their clinical dataset. 

Despite a clear survival difference between Tumour Regression grade (TRG) 1-2 and TRG 3-5 

patients within the study cohort the study did not show a statistically significant difference in 

survival within validation sets.  This again echoes the disconnect seen between pathological 

response and survival reported in the NeoAegis trial (104).  
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Deep learning models using Convolutional Neural Networks (CNN) have also proved capable of 

predicting 1-year survival in squamous cell carcinomas using PET images. A Taiwanese group 

pre-trained a ResNet 3D CNN using a mixed dataset of 1,107 oesophageal squamous cell 

cancers and lung cancer (105). Their best model attained an AUC of 0.738, outperforming 

clinical data alone. The authors found that the CNN model’s predictions were in and of 

themselves positive predictors for survival on multivariable analysis suggesting that 

prognostically significant hidden data could be extricated from the scans. The authors 

postulated that their model was able to identify indirectly more aggressive tumour biology 

based on their 1-year risk however lacked any cross-linked “-omics” data to test this hypothesis 

further. 

1.1.7.2.3 Nodal status 

The presence of lymph node (LN) disease carries significant implications for prognosis and 

potential treatment options. However, few studies have turned their attention to this aspect of 

oesophageal cancer. Tan and colleagues modelled a predictor of lymph node metastases in 

resectable squamous cell cancer patients with a test-set AUC of 0.773 using LASSO-Logistic 

regression, outperforming size criteria alone on CT imaging (98). Another CT-based study in 197 

patients reported near-identical performance in testing using an elastic-net approach across 

what was implied to be a mixed histological cohort. While the study implemented multiple 

validation measures during and after model training, it did not indicate if it mitigated the 

noticeable class imbalance present in the patient cohort with a significant incidence of node-

negative disease (106).  

1.1.1.1.3. Other clinical outcomes targets 

Less conventional radiomic-based problems have also been explored. For example, 

resectability was predicted in one study of 591 OSCC patients using a LASSO-enhanced 

dimensionality reduction technique which showed multivariable logistic regression (MLR) 

models to offer strong predictive performance (AUC 0.87, accuracy 0.86) (95). Another study in 

radio-genomics used CT imaging from 92 patients to help predict microRNA (miR)-1246 

expression, a biomarker linked with prognostic significance in squamous cell carcinoma (107). 

In the study correlation analysis extracted image features correlating to miR-1246 levels after 

which linear regression separated patients into low- and high-expression groups. 

Unfortunately, while miR-1246 levels were significantly raised in Stage 2 disease, no difference 
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was seen between healthy controls and stage 1 disease, thereby limiting miR-1246’s potential 

for screening.  

This summarization of the state of the art to date demonstrates that ML has been trialled across 

several data modalities relevant in the MDT assessment of OC. The MDT itself however remains 

an unexplored domain which offers significant potential for ML application. The following 

section therefore outlines the aims and objectives of my thesis which sought to trial ML within 

the operational framework of the OC MDT.  

1.2 Stakeholder engagement 

The literature as described above demonstrates a technical benefit for applying Machine 

Learning to an MDT workflow however it would still rely on stakeholder engagement to drive 

long-term adoption and success. To this end, a qualitative assessment of the sentiment within 

the field was made in conjunction with this research to determine both how MDT personnel 

assimilate clinical data within oesophageal cancer MDTs as well as how they perceive the 

discipline of artificial intelligence support within that framework. The results of this work are 

included in Appendix F and represent an effort to include the human agents who would 

potentially interact with machine-learning driven digital solutions in the future. The results of 

the study highlighted many useful insights into how non-technical experts faced with potential 

interactions with AI might react and the type of safeguards they would wisht to see 

implemented in deployment. These insights do not relate solely to oesophageal cancer, and in 

fact provide essential, universal needs that apply to any form of medical AI. Common themes 

such as technical prowess of such AI tools, the rift between human intuition and skill versus 

cold machine logic, and how such tools would need to evolve to rise to changes in practice are 

all essential considerations throughout this work. A significant positive in the results of this 

preliminary work was the largely positive sentiment most respondents within the study felt 

towards the idea of AI support. It should be borne in mind however that there remains potential 

for reporting bias in view of the participant attrition during the study which could leave more ML-

friendly individuals accounting for the greater proportion of responses. With this in mind, it 

would be incumbent on this research to demonstrate at all times that patient safety, reliability 

and equity are full-time considerations during model development and testing.  
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1.3 Research framework 

1.3.1 Research Question/Hypothesis: 

The overarching hypothesis of this research is that oesophageal cancer MDT treatment-

decisions can be replicated through machine learning classification models with sufficient 

accuracy and explainability as to be useable for the semi-automation of MDT discussions 

within their current configuration. This in turn should eventually standardise decision-making 

(and by extension provide equality of healthcare) as well as improved efficiency and reduction 

in cognitive loading on clinicians should they choose to accept the machine’s 

recommendation.  

1.3.2 Aims & Objectives: 

The aims and objectives for this research are split into Primary and Secondary modules as 

follows: 

1.3.2.1 Primary aims and objectives. 

  

1. Pilot the concept of an MDT treatment classifier model by applying established 

machine learning algorithms to historic curative oesophageal cancer cases.  

 

To train novel ML models capable of replicating the MDT’s decision-making in this 

subset of patients, I will use cases extracted from of a prospectively managed 

oesophagectomy database. This dataset will comprise University Hospital 

Southampton oesophageal cancer MDT patients who have all undergone curative 

surgery with or without some form of neoadjuvant therapy – chemotherapy or 

chemoradiotherapy. The initial outcome classes would thus comprise: 

a. Surgery 

b. Neoadjuvant chemotherapy prior to surgery  

c. Neoadjuvant chemoradiotherapy prior to surgery  

 

2. Develop separate treatment classifier models for palliative oesophageal cancer 

patients who are defined by a separate set of management needs.  
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This would be dictated by the level of success achieved with the curative treatment 

classifier model as a template pipeline for extension to the palliative domain. Currently 

no local palliative patient database is maintained or exists at University Hospital 

Southampton, this will require the creation of a brand-new de novo database of non-

curative patients. As the nature of palliative treatment pathways typically focusses on 

oncological treatment without debulking surgery, this potentially lends itself to 

additional survival modelling at an early point in the patient’s care pathway. The 

palliative treatment classifier model would comprise the following outcome classes: 

a. Best Supportive Care 

b. Palliative Chemotherapy 

c. Palliative Radiotherapy (to the primary tumour specifically) 

d. Palliative Stent 

e. Palliative Stent + Chemotherapy/Radiotherapy 

 

3. Incorporate eXplainable AI (XAI) methodologies during this research to build and 

develop long-term clinician-trust within the ML models derived. 

 

The use of XAI methods is essential to building trust and willingness to engage/use AI-

based models in the MDT setting. To demonstrate that these models do accurately 

represent the MDT I will also use XAI methods to produce insights into the logic behind 

predictions made by the treatment classifier models on both global and local levels. 

This would include: 

a. Variable importance measures (Global) 

b. Partial Dependence Analysis (Global) 

c. Local Interpretable Model-Agnostic Explanations (LIME) (Local).  

 

4. Externally validate all derived ML models. 

 

While models trained on local data may perform sufficiently well within a local 

population, they remain vulnerable to potential overfitting and falsely high-performance 

metrics. To assess their generalisability, I will utilise internal validation methods during 

model training. The gold-standard test for generalisability however remains the 
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application of these models to data sourced from external units. I will therefore use 

data from another tertiary referral unit to assess the robustness of my models when 

provided data independent of the original training set.  

1.3.3 Supplementary (non-core) aims and objectives. 

The following aims while not anticipated to form the core narrative of this thesis will add value 

to the work by providing a clinically translatable vehicle through which to utilise the generated 

models and embedding the ethos of responsible research and innovation within the AI space.  

1. Develop a user-friendly interface with which to interact with the models to generate 

new predictions.  

 

Once models are trained and validated, they will need a Human-AI interface or “tool” 

through which clinicians may interact with and make use of the trained models for new 

predictions. This will be attempted using a Shiny dashboard (Shiny is a package within 

the statistical computing program R which provides a web-application framework for 

data-visualisation and interaction with R-based computer models).  

 

2. Embed responsible research and innovation (RRI) within the development of MDT 

classifier models and any resulting MDT tool.  

 

To ensure that AI-based technology is used, researched and implemented fairly, safely 

and with the key stakeholders central to the process, I will collaborate with researchers 

trained in qualitative methodologies to undertake national surveys, patient focus groups 

and clinician interviews. 

a. Expert consensus opinion from the Association of Upper GI Surgery (AUGIS), UK 

Acute Oncology Society (UKAOS), British Society of Gastroenterologists (BSG) and UK 

and Ireland Oesophagogastric Cancer Group (UKIOG) through a National Qualtrics 

Survey would provide expert input from a national base of MDT attendees and 

domain experts to help define the appetite for AI-based decision support as well as 

understand the human perspective in reaching these decisions with which to 

compare the machine output.  

b. Qualitative exploration of how key stakeholders would view our model and what key 

trust issues influence their acceptance through clinician interviews and 
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patient/patient relative focus groups. We will investigate what factors appeal or 

prevent clinicians adopting AI-based decision-support tools and how patients' feel 

about the use of AI in the streamlining of their management.  This process will also 

help implement any resulting tool within current regulatory and legal frameworks. 

1.4 The structural narrative of the thesis 

In the beginning of this thesis, I have sought to demonstrate that there is already a body of 

evidence to support the use of Machine Learning techniques within clinical oncology and that 

some early work has also established a role for these techniques within oesophageal cancer 

(OC). Yet, as described previously within this chapter the MDT itself has largely been untouched 

and provided a natural and promising target.  

The logical starting point was a pilot study in a limited high-quality dataset on curable patients 

to demonstrate proof of early principle. This is presented in Chapter 2, and has been published 

in the European Journal of Surgical Oncology (EJSO, DOI: 10.1016/j.ejso.2023.106986) (108). 

This paper introduced original work into the AI-MDT arena and allowed me to plant my flag in 

that research space. I demonstrated viable treatment plan models in a dataset focussed purely 

on oesophageal cancer curative treatment plans and provided an early introduction into 

explainability techniques by proving that age was significant to numerous OC treatment 

decision scenarios.   

Once the technical concept of classifying curative OC treatments was borne out, I had the 

means to extend treatment planning into palliative cohorts. This required establishing a de novo 

palliative dataset which could then be used for model training. Chapter 3 outlines this study in 

which I developed sequential models (firstly to classify treatment) and then to estimate survival 

(factoring in the treatment type involved). The ML models were capable of successfully 

predicting palliative treatment pathways for OC patients and, meaningfully, the generated 

survival estimates were by nature tailored to the treating hospital which is important when 

counselling patients on their likely progress during and after treatment. The palliative models in 

this chapter exploit a clear gap in the literature a) for treatment decision support in palliative 

settings and b) OC specifically. The bulk of models published are generally aimed at 

prognostication with almost nothing on treatment recommendations. The benefit for this work 

is that within this gap in the market we can now offer palliative patients a “double-act” of 

models that firstly predict the likely initial treatment and then prognosticate based on that 

treatment. The palliative survival model was validated internally to approximately 12 months 
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post-diagnosis. The other key benefit of the random survival forests model in this study was the 

ability to generate and superimpose survival curves for alternative treatments with which to 

compare to the recommended option. While this will not represent a completely “individualised 

treatment effect” (i.e. personalised to the patient) it is tailored to the specific treating unit and 

thus significantly more personalised than national statistics which are typically the standard 

benchmark for counselling. 

 

In Chapter 4 I take the opportunity to extend the explainability work I introduced towards the 

end of Chapter 2, the results of which study are published in Computers for Biology and 

Medicine (CBM DOI: 10.1016/j.compbiomed.2024.108978) (109). This study takes the concepts 

of variable importance (introduced in Chapter 2) as well as a technique called Partial 

Dependence Analysis (with the assistance and guidance of our collaborator in Texas, Assistant 

Professor Arya Farahi). Both techniques come under the umbrella of explainable AI (XAI) and 

represent global techniques (global techniques allow understanding of how our model 

structures its use of training variables, local techniques apply to understanding how the model 

reached an individual prediction). I wished to bridge the gap between clinicians and 

trustworthiness of Machine Learning models. If XAI techniques can open the “black box” and 

what we see is reflective of true clinical practice – then it would be much more likely for 

clinicians to trust these models enough to use them in practice. At that point we could then trial 

local explainability techniques to then explain how a given treatment recommendation is 

reached to further reassure them. Additionally, when trust is developed, we are also able to use 

the same techniques to highlight areas of aberrant, questionable or simply inconsistent 

decision-making. In this paper I applied it to one of our algorithms (random forests) and again 

found the role age continues to play in treatment decisions to be significant, with treatment 

probabilities looking very different between patients younger than 75 years and those older than 

75 years. The study further highlighted heterogenous decision-making for cT2N0 oesophageal 

cancer patients reflecting ongoing controversy within this cohort. This paper’s strength is in 

employing a known ML technique in a novel use case within OC to demonstrate that ML could 

be used both going forward to predict on new patients but also in reverse to audit and 

interrogate team-based decisions (a process the CRUK report discussed in Chapter 1 found 

there simply is no time for anymore within modern MDTs).  

Thus far my work has confirmed technical viability of modelling MDT decisions and deriving 

logic insights from the models themselves. To move towards a long-term, viable translatable 
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tool, we required direct input from clinicians themselves regarding how they feel they make 

decisions in OC MDTs and how they view AI tools in the medical setting. This is necessary to 

introduce innovations which both met user needs and addressed user concerns. In Appendix F 

we present a qualitative analysis of a national survey of health care physicians within the UK 

who routinely attend and contribute to OC MDTs. This piece of work was done in collaboration 

with my co-first author Dr. Catherine Webb. The survey explored factors which guided clinicians 

with their current decision-making at MDT as well as discuss the respondents’ sentiments 

towards AI and ML tools in general to establish key barriers to adoption and uptake. The 

respondents’ weighting of clinical factors in their decision making was then compared to a 

random forest model. This allowed direct comparison between “human” perception and the 

“AI” on MDT treatment decisions. The results of this study offered key insights into how health 

care physicians perceive their own decision-making and importantly, the barriers they report 

which may prevent adopting AI-based Decision-support tools in the future. This work is 

currently under re-review with Computers in Biology and Medicine, with a decision in principle 

indicating willingness to accept the paper pending minor revisions.   

The insights derived from the national survey proved invaluable in guiding the development of a 

trustable, useable decision-support tool, however, to fulfil this aim, I needed to be able to 

validate my ML models externally, demonstrate that they could generalise to new and unknown 

patients who were not part of the training process, and consider the impacts such AI 

innovations may pose to clinicians, patients and the wider society. This body of work is 

represented in Chapter 5 and has been published by The Lancet’s eClinicalMedicine Journal. It 

represents the culmination of my doctoral thesis presenting the full width of my research 

activity through this project.  The paper details the external validation of three separate models 

which, in summation, act as a complete clinical decision support system (CDSS) and 

summarises the process I have collaborated in to ensure that my CDSS aligns with principes of 

Responsible Research and Innovation. With regards to model validation, the first is a primary 

classification model trained using the same principles outlined in Chapter 2,  triaging new 

patients to either a specific curative treatment plan (neoadjuvant chemotherapy + surgery, 

neoadjuvant chemoradiotherapy + surgery, surgery alone, endoscopic resection), or “palliative 

therapy”. This “primary” model leverages excellent training data (approx. 1000 patients locally 

and validated on nearly 1000 patients externally) and is currently the only known ML-based MDT 

treatment recommendation system for OC. The second model is a bespoke palliative treatment 

classifier model (trained on approximately 440 patients locally and tested on 475 externally), 

which will predict a treatment pathway of: best supportive care, palliative chemotherapy, 
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palliative radiotherapy, palliative stent-only or stent + oncological adjunct (be it chemotherapy 

or radiotherapy). The third and final model is a palliative random survival forests model. The 

model is trained on the same variables as the palliative treatment classifier but also includes 

the planned treatment as an additional variable. This is particularly beneficial in clinical 

practice as it means our MDT prototype CDSS models can be “chained” sequentially drawing 

off almost all the same original user-inputs without needing to be re-inputted when interacting 

with each new model in the chain. I tested my local Southampton-trained models using data 

from Oxford (N=975). This allowed me to show that all three main models (primary model, 

palliative treatment classifier and palliative Survival) all generalise externally, representing the 

first-ever externally validated ML MDT model for oesophageal cancer MDT decisions.  The RRI 

work incorporated into the CDSS development included introduction of the MDT prototype tool 

to the scientific community at-large as well as discussing targeted elements of the Responsible 

Research and Innovation process I have followed to co-design the tool (this included regular 

RRI workshops with interdisciplinary attendees, Patient and Public Involvement representatives 

as well as semi-structured interviews with expert clinicians).  

This thesis therefore aims to establish a clear and coherent narrative from conception of 

modelling the MDT through each treatment cohort, the introduction of explainability into the 

tool, and finally externally validating the models, all in the context of a RRI program which 

considered performance, trustworthiness, transparency and risks of bias.  

The following chapter thus details the first stage of this process where the initial attempt at 

generating simpler models from a baseline cohort of curative OC patients is described and 

establishes the rationale for the core ML algorithms used throughout this thesis.
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2.2 Abstract 

Rising workflow pressures within the oesophageal cancer (OC) multidisciplinary team (MDT) 

can lead to variability in decision-making, and health inequality. Machine learning (ML) offers a 

potential automated data-driven approach to address inconsistency and standardize care. The 

aim of this experimental pilot study was to develop ML models able to predict curative OC MDT 

treatment decisions and determine the relative importance of underlying decision-critical 

variables. 

Retrospective complete-case analysis of oesophagectomy patients ± neoadjuvant 

chemotherapy (NACT) or chemoradiotherapy (NACRT) between 2010-2020. Established ML 

algorithms (Multinomial Logistic regression (MLR), Random Forests (RF), Extreme Gradient 

Boosting (XGB)) and Decision Tree (DT) were used to train models predicting OC MDT treatment 

decisions: surgery (S), NACT+S or NACRT+S. Performance metrics included Area Under the 

Curve (AUC), Accuracy, Kappa, LogLoss, F1 and Precision -Recall AUC. Variable importance was 

calculated for each model. 

We identified 399 cases with a male-to-female ratio of 3.6:1 and median age of 66.1yrs (range 

32-83). MLR outperformed RF, XGB and DT across performance metrics (mean AUC of 0.793 

[±0.045] vs 0.757 [±0.068], 0.740 [±0.042], and 0.709 [±0.021] respectively). Variable 

importance analysis identified age as a major factor in the decision to offer surgery alone or 

NACT+S across models (p < 0.05).  

ML techniques can use limited feature-sets to predict curative UGI MDT treatment decisions. 

Explainable Artificial Intelligence methods provide insight into decision-critical variables, 

highlighting underlying subconscious biases in cancer care decision-making. Such models may 
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allow prioritization of caseload, improve efficiency, and offer data-driven decision-assistance 

to MDTs in the future. 

2.3 Introduction 

Oesophageal cancer (OC) is a devastating condition. Despite improving survival rates, it 

remains 7th in worldwide incidence and the 7th most common cause of cancer death (110,111). 

Treatment decisions for OC cancer patients in the UK are managed by multidisciplinary teams 

(MDT) integrating healthcare expertise for shared decision-making (112). Decisions are driven 

by tumour features (size, location, spread), as well as patient factors (fitness for surgery, co-

morbidities and demographics), which may impact tolerability of therapy (113). OC treatment 

decisions thus carry implications for patient quality of life (114). OC MDTs however have been 

shown to reduce the incidence of open-and-close surgeries, reduce operative mortality, 

increase rates of completed staging and are an independent positive predictor for survival in 

OC (64,112,115,116).  

MDTs are inherently informed by individual experience, perception and bias. Additionally, 

multiple clinical and human factors such as case complexity, increasing caseload, individual 

clinician preference or even seniority can lead to unexplained variability or suboptimal 

decision-making (117,118). One Danish study reported clinical impact in as many as 60% of test 

cases on subsequent management because of MDT disagreement (69).  

Predictive modelling to assist decision-making for OC patients has demonstrated excellent 

results when predicting survival post-surgery in OC patients (119,120). These studies have 

generally accessed both pre- and post-operative data to train such models. At the point of first 

diagnosis however, the MDT must act on a relatively restricted pool of information, a scenario in 

which Machine Learning (ML) modelling techniques may offer significant benefit especially if 

able to pair MDT decisions with data-driven evaluation (63,121). Accurate predictive models 

would provide for consistent clinical assistive decision tools (CADT) capable of standardising 

such decisions, improving efficiency, and positively impacting healthcare equality.  

The aim of this pilot study was to explore whether an accurate ML model for predicting which 

curative patients will receive neoadjuvant chemotherapy (NACT), neoadjuvant 

chemoradiotherapy (NACRT) or proceed straight to surgery could be created using a limited 

pool of variables available to a single-centre OC MDT at the time of deciding a patient’s final 

curative treatment pathway. Secondary aims included comparison of ML algorithmic 
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performance and investigation of variable importance to provide model explainability within OC 

decision-making. 

 

2.4 Methods 

This study was a retrospective complete-case analysis of potentially curative oesophageal 

cancer patients at a single tertiary referral centre (University Hospital Southampton) under the 

ethical approval of IRAS 233065. 

 

2.4.1 Study cohort 

All patients who underwent an oesophagectomy for oesophageal adenocarcinoma or 

oesophageal squamous cell carcinoma from 2010 - 2020 were identified from a prospectively 

maintained oesophagectomy database. This proof-of-principle pilot study focussed on curative 

patients because reliable high-quality data was available for this cohort. Treatment decisions at 

our institution were made as per National Institute for Clinical Excellence (NICE) guidelines 

(122). Patients underwent either NACT or NACRT (prior to surgery) or proceeded directly to 

surgery. Variables consistently available to the MDT prior to a final treatment decision were 

included within the models. This is more reflective of “real world” scenarios where the quality 

and quantity of such data can often vary. Clinical staging was assessed on baseline imaging 

(Computer Tomography (CT) and/or Positron Emission Tomography (PET)) and tissue biopsies in 

accordance with the American Joint Committee on Cancer (AJCC) Tumour-Node-Metastasis 

(TNM) staging system.   

2.4.2 Model development 

2.4.2.1 Data preparation and analysis 

Data analyses were conducted using RStudio (Version 4.1.2) with relevant packages described 

where first used. The choice of final treatment pathway was assigned as the outcome variable: 

Surgery (S), Neoadjuvant chemotherapy + surgery (NACT+S), or Neoadjuvant 

chemoradiotherapy + surgery (NACRT+S). Cases with missing data were removed for the 
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purposes of complete-case analysis. The final dataset contained a total of 399 complete cases 

(Table 2.1). 

2.4.2.2 Machine learning algorithms 

Four established ML algorithms were selected and implemented via the “caret” package; 

Multinomial Logistic Regression (MLR)(123), Random Forests (RF)(124) , Extreme Gradient 

Boost (XGB)(125) and Decision Tree (DT) analysis(126). The MLR model was trained using the 

“nnet” package extension with L2 regularisation. The RF model was trained using the 

“randomForest” package extension. The XGB model was trained using the “xgboost” package 

extension. Decision Trees were trained using the “rpart” package. This provided diversity of ML 

techniques (regression-based, tree-based and ensemble).  

2.4.2.3 Validation and model performance 

All models were developed using nested cross-validation (CV) and optimised for accuracy. A 

5x10 configuration was chosen (10-fold cross-validation within the inner loop with 5-fold outer 

loop). The Receiver Operator Characteristic (ROC) values for the best model from each outer 

fold (N = 5) were then averaged to generate a mean Area Under the ROC curve (AUROC) in a 

one-versus-others approach. This provided a more accurate estimate of overall model 

generalisability at differing probability thresholds. Each ROC curve was plotted with confidence 

intervals of 1x Standard Error of the Mean (SEM).  Mean out-of-sample predictive performance 

was also compared between algorithms for balanced accuracy, mean AUC, Kappa, Log Loss, 

F1 and precision-recall AUC (PRAUC) using the resamples() function (caret package).  

2.4.2.4 Variable importance analysis 

Variable importance was derived for each algorithm to examine, quantify and rank overall 

importance a given feature provided to the final models. This provided insight into variables 

contributing most significantly to current OC MDT treatment decisions. Variable importance 

was calculated using the varImp() function (caret package) for multinomial logistic regression, 

random forests and decision tree, and the xgb.importance() function (xgboost package) for the 

XGBoost model. Absolute values were scaled (0-100) to allow comparison between algorithms.  

2.4.2.5 Inter-algorithmic and inter-class predictive performance 

For meaningful statistical comparison of AUROCs produced for each algorithm all algorithms 

were further re-trained total of 10 times, (now producing a total of 50 “outer-fold” models). In 
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each repeat the set-seed was randomized, and the resulting 50 AUROCs were analysed using 

the Kruskal – Wallis test coupled with the Pairwise Wilcoxon Rank Sum Test where appropriate 

(p values were adjusted using the Benjamini-Hochberg correction, (p <0.05 was deemed 

significant)).  This allowed robust comparison of differences in predictive performance across 

algorithms for a specific outcome class as well as a comparison of all outcome classes from a 

given algorithm.  

2.5 Results 

2.5.1  Cohort demographics  

A total of 436 cases were identified, with 5 cases excluded for missing data (Complicated 

Diabetes (N = 2), cN stage (N = 2) and Tumour location (N = 1)) and 32 cases excluded for 

ineligible histology. This produced a final cohort of 399 cases (Table 2.1). 

 

Table 2.1 - Patient demographics and model predictor variables by sub-group  (sub-group 
comparison of continuous variables by Kruskal-Wallis analysis and categorical 
variables by Chi-Squared test of independence). 

Pre-treatment variables “Chemo” 

(N = 172) (%) 

“CRT” 

(N = 127) (%) 

“Surgery” 

(N = 100) (%) 

Total 

(N = 399) (%) 

P Value 

Gender 0.016* 

Male 146 (84.9%) 91 (71.7%) 75 (75%) 312 (78.2%) 

Female 26 (15.1%) 36 (28.3%) 25 (25%) 87 (21.8%) 

Median Age in years 

(Range) 

65.1 (32.4 – 

81.8) 

65.9 (40.5 – 

79.0) 

72.6 (33.7 – 

83) 

66.1 (32.4 – 

83.00) 

< 0.001 

Performance status <0.001*** 

0 87 (50.6%) 83 (65.3%) 33 (33%) 203 (50.9%) 

1 80 (46.5%) 41 (32.3%) 56 (56%) 177 (44.3%) 

2 5 (2.9%) 3 (2.4%) 11 (11%) 19 (4.8%) 

3 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

4 0 (0%) 0 (0%) 0 (0%) 0 (0%) 
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Pre-treatment variables “Chemo” 

(N = 172) (%) 

“CRT” 

(N = 127) (%) 

“Surgery” 

(N = 100) (%) 

Total 

(N = 399) (%) 

P Value 

ASA grade 0.017* 

1 10 (5.8%) 9 (7.1%) 7 (7%) 26 (6.5%) 

2 107 (62.2%) 89 (70.1%) 49 (49%) 245 (61.4%) 

3 55 (32.0%) 29 (22.8%) 44 (44%) 128 (32.1%) 

4 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

cT stage <0.001*** 

0 1 (0.6%) 0 (0%) 8 (8%) 9 (2.3%) 

1 0 (0%) 0 (0%) 6 (6%) 6 (1.5%) 

2 30 (17.4%) 24 (18.9%) 46 (46%) 100 (25.1%) 

3 124 (72.1%) 91 (71.7%) 38 (38%) 253 (63.4%) 

4 17 (9.9%) 12 (9.4%) 2 (2%) 31 (7.7%) 

cN stage <0.001*** 

0 34 (19.8%) 28 (22.0%) 55 (55%) 117 (29.3%) 

1 120 (69.8%) 83 (65.4%) 40 (40%) 243 (60.9%) 

2 18 (10.4%) 16 (12.6%) 4 (4%) 38 (9.5%) 

3 0 (0%) 0 (0%) 1 (1%) 1 (0.3%) 

Tumour location <0.001*** 

Oesophagus 36 (20.9%) 62 (48.8%) 25 (25%) 123 (30.8%) 

GOJ 136 (79.1%) 65 (51.2%) 75 (75%) 276 (69.2%) 

Tumour Histology <0.001*** 

Adenocarcinoma 159 (92.4%) 83 (65.4%) 91 (91%) 333 (83.5%) 

Squamous Cell 13 (7.6%) 44 (34.6%) 9 (9%) 66 (16.5%) 
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Pre-treatment variables “Chemo” 

(N = 172) (%) 

“CRT” 

(N = 127) (%) 

“Surgery” 

(N = 100) (%) 

Total 

(N = 399) (%) 

P Value 

Co-morbidities   

History of MI (MI) 9 (5.2%) 6 (4.7%) 9 (9%) 24 (6.0%) 0.344 

Chronic heart failure (CHF) 1 (0.6%) 0 (0%) 2 (2%) 3 (0.8%) 0.211 

Chronic pulmonary disease 

(CPD) 

25 (14.5%) 14 (11.0%) 19 (19%) 58 (14.5%) 0.239 

Connective tissue disease 2 (1.2%) 5 (3.9%) 1 (1%) 8 (2.0%) 0.170 

Peripheral vascular disease 

(PVD) 

2 (1.2%) 0 (0%) 4 (4%) 6 (1.5%) 0.043* 

Cerebrovascular disease 

(CVD) 

6 (3.6%) 3 (2.4%) 8 (8%) 17 (4.3%) 0.091 

History of Peptic Ulcer 

Disease (XPUD) 

6 (3.6%) 2 (1.6%) 5 (5%) 17 (4.3%) 0.344 

Uncomplicated diabetes (DM 

uncomp) 

17 (9.9%) 13 (10.2%) 16 (16%) 46 (11.5%) 0.269 

Complicated diabetes (DM 

comp) 

0 (0%) 0 (0%) 1 (1%) 1 (0.3%) 0.223 

Leukaemia 0 (0%) 0 (0%) 3 (3%) 3 (0.8%) 0.011* 

Lymphoma 1 (0.6%) 1 (0.8%) 3 (3%) 5 (1.3%) 0.191 

Mild liver disease 0 (0%) 0 (0%) 0 (0%) 2 (0.5%) 0.265 

2.5.2 Algorithm performance  

Predictive performance for each algorithm was assessed on mean-model performance and 

individualised outcome-class prediction. All algorithms produced models which performed 

above random chance (AUROC = 0.5). At class-level, all algorithms performed best when 

predicting patients likely to be offered surgery (multinomial logistic regression (MLR) 0.865, 

random forests (RF) 0.859, XGBoost (XGB) 0.805, decision trees (DT) 0.802). All algorithms 

perform less confidently in predicting neoadjuvant chemoradiotherapy + surgery (NACRT+S) 

(MLR 0.772, RF 0.699, XGB 0.696, DT 0.651) and neoadjuvant chemotherapy + surgery (NACT+S) 

(MLR 0.704, RF 0.651, XGB 0.644, DT 0.704). Individual ROC curves for each algorithm are 
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illustrated in Figure 2.1 (additional ROC curves for models trained solely on adenocarcinoma 

are in Supplemental Figure 1). 

 

Figure 2.1 - ROC curve for averaged nested, cross-validated model performance given with 
+/- 1x standard error  of the mean (SEM), A = Multinomial Logistic Regression, B 
= Random Forests, C = Extreme Gradient Boost and D = Decision Tree. AUROC = 
Area under Receiver Operator Characteristic. 

2.5.3  Comparison of algorithms 

Repeated, nested cross-validation was used to assess for statistical differences in area under ROC 

between algorithms (Supplemental Table 1). MLR outperformed RF and XGB on Kruskal-Wallis 

analysis when predicting neoadjuvant chemotherapy + surgery (P = <0.001) and neoadjuvant 

chemoradiotherapy + surgery (P <0.001) but comparably with DT (Pairwise Wilcoxon Rank Sum test, 
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P = 0.143). MLR also outperformed XGB and DT, and comparably to RF when predicting surgery 

(Pairwise Wilcoxon Rank Sum test, P = 0.001, P < 0.001 and P = 0.134 respectively). On mean-model 

out-of-sample predictive performance MLR performed best across all performance metrics 

(Table 2.2).  RF and XGB performed comparably on balanced accuracy (0.679 vs 0.698 

respectively), mean AUC (0.757 vs 0.740), mean F1 (0.575 vs 0.607), mean PRAUC (0.560 vs 

0.544) and mean kappa (0.352 vs 0.386). XGB was outperformed by MLR, RF and DT on mean 

LogLoss (1.360 vs 0.833, 0.942 and 1.146 respectively). 

Table 2.2 - Mean performance metrics by algorithm  (best performance metric in bold). 
Abbreviations – sd = Standard Deviation, AUC = Area Under Curve, PRAUC = 
Precision Recall AUC. 

Model Mean 

Balanced 

Accuracy (± 

sd) 

Mean AUC 

(± sd) 

Mean 

Kappa (± 

sd) 

Mean 

LogLoss (± 

sd) 

Mean F1 (± 

sd) 

Mean PR 

AUC (± sd) 

MLR 0.718 ± 

0.066 

0.793 ± 

0.045 

0.428 ± 

0.127 

0.833 ± 

0.080 

0.624 ± 

0.083 

0.594 ± 

0.066 

RF 0.679 ± 

0.075 

0.757 ± 

0.068 

0.352 ± 

0.155 

0.942 ± 

0.160 

0.575 ± 

0.101 

0.560 ± 

0.073 

XGB 0.698 ± 

0.050 

0.740 ± 

0.042 

0.386 ± 

0.101 

1.360 ± 

0.235 

0.607 ± 

0.062 

0.544 ± 

0.052 

DT 0.676 ± 

0.027 

0.709 ± 

0.021 

0.347 ± 

0.012 

1.146 ± 

0.110 

0.564 ± 

0.038 

0.365 ± 

0.025 

2.5.4  Inter-class performance 

Statistical difference between outcome-class prediction was assessed for each algorithm to 

determine if overall model performance was weighted towards a given treatment decision.  A 

significant difference was demonstrated on Kruskal-Wallis and Pairwise Wilcoxon Rank Sum 

test for all classes (Supplemental Table 2) 
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2.5.5  Variable importance 

 

Figure 2.2 - Variable importance analysis for each trained algorithm.  A - Multinomial 
Logistic Regression (MLR), B - Random Forests (RF), C - Extreme Gradient Boost 
(XGB), D - Decision Tree (DT). 

Variable importance analysis highlighted factors critical to model formation (Figure 2.2). The MLR 

model highlighted cT stage as most important, but with more salience attributed to co-

morbidities such as connective tissue disease, lymphoma, leukaemia, and liver disease. Within 

tree-based models (RF, XGB and DT) the single most influential variable was age (scaled 

importance = 100%).  DT analysis delineated an age cut-off of 77yrs as key within the decision-

making pathway (Supplemental Figure 2). Across models, factors such as tumour histology, 

tumour location, cT stage, cN stage, and performance status remained important contributors 

to the final models (this was consistent even when trained solely on adenocarcinoma patients).  
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2.5.6  Role of age in predicting treatment decisions 

As age emerged as the most important variable in RF, XGB and DT models, all algorithms were 

retrained without age to assess its overall significance by examining the effect its removal 

produced on mean-model AUROC (Figure 2.3).  

 

Figure 2.3 - Boxplot comparison of mean model AUCs for models with and without Age.  
MLR (A), RF (B), XGB (C) and DT (D). Significant P values denoted with and 
asterisk. 

Difference in AUROC for all algorithms ± age were then compared statistically (Kruskal-Wallis 

test, P values provided in Figure 2.3). Across all algorithms, the removal of age as a predictor 

produced a significant drop in mean AUROC when predicting a surgery treatment decision (MLR 

0.858 vs 0.835 (P = 0.017), RF 0.846 vs 0.785 (P <0.001), XGB 0.828 vs 0.781 (P <0.001)), DT 

0.747 vs 0.682 (P < 0.001). This was again seen in the decision to offer NACT+S for RF and XGB 

models (RF 0.676 vs 0.647 (P = 0.005), XGB 0.666 vs 0.619 (P < 0.001)) with a non-significant 

drop noted for MLR (0.710 vs 0.692, P = 0.065) and DT models (0.688 vs 0.670, P = 0.212). The 
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removal of age as a predictor did not reduce predictive performance for NACRT+S regardless of 

algorithm (MLR 0.778 vs 0.774 (P = 0.710), RF 0.714 vs 0.711 (P = 0.679), XGB 0.710 vs 0.707 (P = 

0.767)), DT 0.647 vs 0.687 (P = 0.002). ROC plots for each algorithm and outcome class are 

provided in Supplemental Figure 3. This pattern continued to hold when models were limited to 

adenocarcinoma patients with significant drops in AUC seen in both NACT+S (P values: MLR 

0.034, RF 0.003, XGB 0.004, DT < 0.001) and Surgery prediction (P values: MLR 0.025, RF < 

0.001, XGB < 0.001, DT < 0.001) while CRT remains largely unaffected (P values: MLR 0.389, RF 

0.393, XGB 0.577, DT 0.033). 
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2.6 Discussion 

We have demonstrated feasibility for ML models to predict curative OC MDT treatment 

decisions with limited feature-sets. Importantly, these algorithms are computationally 

inexpensive as any real-world clinical assistive decision tool (CADT) needs to operate within 

current electronic healthcare infrastructure. While multinomial logistic regression performed 

best, all models demonstrated good AUROCs and were confident discriminating between 

patients recommended surgery versus those offered neoadjuvant therapy (NAT) across a mixed 

histology cohort (while this remained so when trained on adenocarcinoma alone, the best 

performances were achieved with the full cohort indicating a machine-preference for learning 

from both subtypes). While performance was attenuated when predicting a specific NAT 

subtype, all algorithms performed well above random chance.  Variable importance analysis 

offered insight into the critical variables underpinning these models, identifying age to be most 

significant to all tree-based models, and to a lesser extent, with MLR. When age was removed 

from the feature-set, all algorithms suffered a reduction in predictive performance for surgery 

or NACT+S though the decision to offer NACRT+S appeared unaffected by age.  DT analysis 

highlighted an age cut-off of 77 years to be significant with those older, more likely to proceed 

to surgery.  

The consistency in ROC curves across algorithms, irrespective of design likely reflects an 

underlying pattern within the OC patient cohort itself and is readily observed in the prediction of 

NACT versus NACRT. Evidence for the survival benefit of NAT in locally advanced OC is well 

established (9,127–129). The superior NAT modality (for adenocarcinoma) remains unknown. 

Recent 3-year follow-up data from the NeoAegis trial remains equivocal on survival outcomes 

despite a higher incidence of patients with a good primary tumour response to treatment (TRG 

1-3) in the NACRT arm (104). It is reasonable to infer that while clinical equipoise remains within 

the field, these ML models mirror a similar uncertainty within the MDT. The benefit of 

explainable ML approaches is therefore in offering valuable insight into both the human 

decision-making at play as well as areas of uncertainty which may propagate inconsistent 

decisions within the MDT. 

The contribution of individual variables to our OC MDT ML models is a key aspect of this study. 

It has been postulated previously that some factors (biases) inherent to MDT decisions may not 

be consistently or explicitly reflected in that decision-making and by extension into current 

models (130). Significant importance was unsurprisingly assigned to T-stage, N-stage, 
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performance status, tumour histology and tumour location in all models. Co-morbidities such 

as chronic pulmonary disease and diabetes ranked higher within tree-based models, while 

haematological cancers, connective tissue disease and liver dysfunction were more relevant to 

regression models. This demonstrates how incorporating co-morbidities into models can 

reflect intuitive human decision-making. Most interesting proved the importance contributed by 

age in RF, XGB and DT models where its removal provoked a significant drop in performance 

when predicting surgery and NACT+S. Historically, clinician bias in cancer management for 

elderly patients led to the UK Department of Health initiative in 2012 to drive personalised 

treatment decisions based on physiological age over chronological age (131,132). Within our 

cohort a higher median age was seen in patients offered surgery versus any NAT, and DT 

analysis suggests an important cut-off at 77 years. This may be explained by the well-

recognised risk of deconditioning frail patients after NAT and potentially rendering them unfit for 

surgery (14). A single attempt may be their only chance at cure which NAT may compromise. It 

is less apparent why CRT prediction was unperturbed by age and may reflect the broadly held 

opinion that pre-operative CRT (CROSS-style) for OC is less toxic and less debilitating versus 

modern chemotherapy regimens (e.g., FLOT). While median age in both NACT+S and NACRT+S 

groups were comparable, a higher proportion of NACRT+S patients presented with robust 

performance status scores when compared with NACT+S patients. In the context of an already 

physiologically fitter cohort, chronological age may prove less influential in their resilience for 

multimodal NAT.  While it is tempting to assume chronological age is not an automatic 

blockade to aggressive treatments, ML lets us challenge such pre-conceived notions by 

highlighting hidden patterns within MDT decision-data.  In characterising these patterns, we 

learn about potential subconscious biases in decision-making and address any inequality that 

may result. 

Acceptability and explainability of CADTs is a major consideration in the integration AI-based 

tools within healthcare where regulatory approval will almost certainly hinge upon explainable 

and interpretable solutions (133). This is problematic for deep-learning platforms which are 

inherently “black-box” solutions (134). MLR performed best in this study and is the most 

explainable. Decision-trees are also members of explainable AI (XAI) approaches, however, 

once the model training involves many hundreds of trees (RF and XGB-models) explainability 

becomes challenging, requiring post-hoc explainability methods (135). Simple visual analysis of 

the scaled variable importance plots in Figure 2 might lead treating clinicians towards a tree-

based model, as the ordering of listed variables fits the intuitive assessment of patients made 

on a day-to-day basis in the clinic. However, as MLR outperformed tree-based models it also 



Chapter 2 

76 

highlights the pragmatic need to balance performance against ease of explainability and 

acceptability to the end user.  

The long-term clinical implications of this study are most likely to relate to health economy (via 

streamlining of future MDTs which may increase caseload efficiency and staffing costs) and 

health equality (by standardizing decision-making for cases with comparable demographics 

and disease staging). At present nuanced treatment decisions such as surgical approach are 

influenced by tumour characteristics combined with surgeon preference and experience. 

Observational evidence for minimally invasive surgery favoured improved rates of post-

operative pneumonia and recovery times although formal trials such as the Traditionally 

Invasive versus Minimally invasive Esophagectomy (TIME) and MIRO trials showed equivalence 

in survival benefits compared to open resection (136–140). Early Indications from the 

Randomised Oesophagectomy: Minimally Invasive or Open (ROMIO) study (31) also appear to 

reiterate comparable recovery and complication rates although a formal report is awaited. 

While robotic oesophagectomy offers greater surgeon ergonomics and stereoscopic 

visualisation, a growing evidence base for reduced pulmonary complications must be offset 

against longer operative time and resource-costs for otherwise comparable patient outcomes 

(141,142). In all scenarios such treatment decisions are driven heavily by perceived post-

operative outcomes over pre-treatment clinicopathological characteristics. Modelling such 

decisions at a pre-treatment time-point thus poses significant challenges such as sensitive 

surgeon-specific data on operative experience and preference which in turn risks its own 

ethical concerns. In the interim, broader treatment recommendations by a CADT however 

remains feasible and preserve MDT nuance. 

There are natural limitations to this pilot study. Despite a cohort encompassing approximately 

10 years within a tertiary referral centre, our final dataset comprised 399 patients. By utilising 

supervised-learning techniques which tolerate smaller datasets in conjunction with nested 

cross-validation we attenuated the generalisability error within our models. The predictor 

variables selected were, by design, limited to those the MDT could reasonably consider at the 

time of a final treatment decision, with limited granularity in this pilot study. However, these 

models do not presently incorporate visual data (radiological and histopathological imaging), 

nor key social/ human factors (the last of which, previous studies have found inconsistent in 

MDT environments) (117,118). The authors additionally recognise that OC management 

underwent shifts in oncological practice over the study period, however this was primarily 

focussed on specific adjunctive therapeutic regimens, and changes in surgical approaches as 
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opposed to specific indications for a given treatment category. While it is also likely that 

clinician preferences and human factors are relevant to these decisions, such data is not 

routinely recorded and a more simplified proof-of-concept was pursued in this instance to 

ensure model feasibility.   

Nevertheless, we have shown that ML models can use even limited feature-sets to produce 

good predictive models offering proof-of-principle of ML-based CADTs. This offers future 

potential for applying semi-automated tools to improve workload and efficiency. Such tools 

may run in parallel with MDTs to provide data-driven recommendations for complex patients, 

provide a means to sense-check decisions and offer assessments unaffected by natural 

variation over time in MDT attendees.  

Future models will need to integrate variables such as lifestyle risk factors, BMI, shifts in 

oncological practice (e.g., NACT regimens or TNM classification updates) and even the 

geographical distribution of patients relative to chemotherapy and chemoradiotherapy units. 

Features can be expanded to include more detailed tumour geography, tumour size, tumour 

differentiation, and molecular classification of histological subtypes while outcome classes 

may also include choice of chemotherapy regimens, newer immunotherapies, as well as 

palliative interventions.  Incorporating both imaging data and social variables into more 

sophisticated ‘hybrid’ models that more accurately reflect everyday practice is likely to be 

crucial for trustworthiness by patients and clinicians alike.  

2.7 Conclusions 

We have demonstrated ML – based predictive models trained on pre-treatment 

clinicopathological variables can predict curative oesophageal cancer MDT treatment 

decisions with good accuracy.  We have shown that age plays a key role, especially when 

moving straight to surgery. The application of ML techniques has not yet been widely applied to 

oesophageal cancer MDTs despite some success in other clinical specialties (143–146). ML 

tools have the potential to transform OC MDT workflow and efficiency with future research 

recommended towards integrated multimodal input datasets and focussed attention towards 

explainable XAI solutions thereby increasing trustworthiness and routine clinical use. 
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2.8 Research in Context 

This chapter outlined the efforts to test early proof of principle: that tabular MDT data could be 

leveraged towards ML models for treatment prediction. It was kept simple: three outcome 

classes and only curative patients. However naturally, the field of oesophageal cancer 

management is inevitably more complex and the majority of patients at presentation are 

advanced if not outright incurable. This cohort is poorly represented within the field when 

testing AI-based CDSSs and is a critically underserved population. The following chapter 

therefore addresses this gap in the literature by shifting the techniques described so far into a 

non-curative cohort. It establishes a de novo dataset for University Hospitals Southampton, 

derived, augmented and quality-checked from the National Oesophago-gastric Audit (NOGCA) 

combined with locally sourced data and significantly upscales the data pool this thesis uses to 

model with.  
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3.2 Abstract 

Palliative treatment plans dominate oesophageal cancer MDT caseloads. Leveraging ML offers 

a transformative approach to semi-automate and streamline this workflow. We present ML 

models which are trained to predict treatment decisions and provide prognostic insights for 

palliative Oesophageal cancer (OC) patients working towards personalised cancer care. 

Using clinicopathological data from 437 palliative OC cases treated at a single tertiary centre 

over 12 years, we trained several ML algorithms (Multinomial Logistic Regression [MLR], 

Random Forests [RF], Extreme Gradient Boost [XGB], Decision Tree [DT], and Random Survival 

Forests [RSF]) to predict treatment pathways (best supportive care, chemotherapy, 

radiotherapy, palliative stent, or stent with an oncological adjunct) and survival prognoses. 

Model performance was evaluated using Area Under the Curve (AUC) for classifier models and 

calibration plots along with error rate (1-concordance) for the survival model.  

Mean (±SD) AUCs for the classifier models were: MLR 0.801±0.090, RF 0.806±0.078, XGB 

0.817±0.079 and DT 0.762±0.108. Mean error rate for the RSF survival model was 0.330±0.018 

while calibration curves showed good calibration within the first 6-12months (median survival 

for the cohort was 6.31 months (range 0.1-105.8 months)). 

This study represents the first use of ML to predict palliative treatment plans linked with 

treatment-related prognostication for OC patients. It offers significant potential to streamline 

MDT caseload and provide data-driven decision support for clinicians counselling their patients 

within the clinic room setting.  
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3.3 Introduction 

Oesophageal cancer (OC) management has significantly evolved over the last five decades, yet 

overall prognosis remains poor. While 5-year survival for curative cases approaches 50% (147), 

this number is closer to 20% at one year for those with Stage 4 disease (148). Patients with 

incurable OC at diagnosis nonetheless account for 60% of presentations, requiring considered 

decision-making by MDTs to offer the best balance between prolonging survival and quality of 

life (32,34).  

The perpetual increase in caseloads has been recognised as a major factor hindering the 

efficiency of Multidisciplinary teams (MDTs) in various specialities. The escalating workload has 

led to challenges such as, insufficient time to discuss patients, limited ability to focus on more 

complex cases, sub-optimal attendance, and heterogeneity within the clinical impact on 

treatment plans (26,149).  

Clinical decision support tools are becoming increasingly commonplace within healthcare 

settings with notable examples including QRISK®, IC-RISC™ and QCancer among many others 

(35–37). However, tools to assist multidisciplinary teams (MDTs) with treatment-planning for 

palliative cancers early in the care pathway are historically overlooked, with the minority which 

have been trialled, focussed primarily on survival prediction (39). I have previously 

demonstrated that Machine Learning (ML) can successfully provide decision-support within 

oesophageal cancer when applied to the curative setting (108).  However, to date few ML-based 

models exist for palliative oesophageal cancer patients with those that do exist again focussing 

on prognostication alone (150,151).  

The purpose of this study was to develop and validate ML models capable of offering clinicians’ 

informative decision-support for palliative OC patients going through MDT discussion. Our 

approach involved two distinct models, a classifier model to predict the likely palliative 

therapeutic pathway recommended by the MDT, and a second, survival model which is trained 

on a feature set which includes treatment pathway for prognostication purposes.  

3.4  Methods 

This study was a retrospective complete-case analysis of non-curable oesophageal cancer 

patients at a single tertiary referral centre (University Hospital Southampton) under the ethical 

approval of IRAS 233065 and 319540. 
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3.4.1 Study Cohort 

The palliative cohort within this study were oesophageal cancer patients who were discussed 

and deemed unsuitable for curative management at MDT between 2010 – 2022. We established 

this cohort as a de novo dataset identified from unit submission records to the National 

Oesophagogastric Audit (NOGCA). Treatment decisions at our institution were made in line with 

National Institute for Health and Care Excellence (NICE) guidelines (122). Patients not suitable 

for curative management are typically offered one of five possible therapeutics outcomes: best 

supportive care (BSC), palliative chemotherapy (“Chemo”), palliative radiotherapy (“RTX”, 

typically to either the primary tumour and/or symptomatic secondary sites amenable to 

radiotherapy, however for the purposes of this study, RTX was defined as therapy to the primary 

tumour), a palliative oesophageal stent alone, or in conjunction with an oncological adjunct 

(chemotherapy or radiotherapy).  

Predictor variables for model training were again derived from clinicopathological data 

recorded routinely for patients discussed at the MDT. Clinical staging was assessed on baseline 

imaging (Computer Tomography (CT) and/or Positron Emission Tomography (PET)) and tissue 

biopsies in accordance with the American Joint Committee on Cancer (AJCC) Tumour-Node-

Metastasis (TNM) staging system (7th edition until 2017 and 8th edition thereafter). Novel 

molecular markers and immunotherapies which have been approved for metastatic disease 

within the UK since 2021 were not built into this first generation of palliative models as these 

are emerging treatments and consequently my unit has not yet accrued sufficient training data 

at present. 

3.4.2 Data preparation and Analysis 

I conducted data analysis, model training and model validation in R (version 4.2.2) with relevant 

packages described where first used. Excepting age and overall survival which were treated as 

continuous variables, the remaining covariates were treated as categorical. Two separate 

decision-assistance models were developed: classification models were trained to predict the 

palliative therapy assigned by MDT for a palliative patient, while a random survival forest model 

was trained for prognostication. 
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3.4.3 Survival Analysis 

We used a Kaplan-Meier survival estimator (“survival” package) for preliminary survival analysis 

of the study cohort. Median survival time was stratified by treatment modality with a log-rank 

test-of-significance between curves. Overall survival was defined as survival from date of 

diagnosis to date of death or last recorded follow-up.   

3.4.4 Machine Learning Algorithms 

The methodology of training the MDT treatment-decision classifier has been described 

previously in Chapter 2 and was adopted again for this cohort (108).  Multinomial Logistic 

Regression, Decision Tree, Random Forests and Extreme Gradient Boost models were trained 

using “caret”, “nnet”, “RandomForest”, “xgboost” and “rpart” packages respectively (123–

125,152). Survival modelling was undertaken using Random survival forests (RSF). We used an 

RSF model for this study as these have been previously proven to outperform traditional Cox 

Proportional Hazard models for prognostication in OC patients post-oesophagectomy 

(randomForestsSRC package) (73,153). The randomForestsSRC package by Ishwaran et al., is 

also computationally rapid, able to implement parallel processing and importantly generates 

predicted survival probabilities for every patient at every unique death time point within the 

training cohort providing significant granularity of prognostication which is invaluable when 

counselling patients on their anticipated clinical trajectory. Consequently, once a classification 

model produces a treatment recommendation, this prediction can then be re-inputted into the 

RSF model as a variable to provide survival probabilities factoring in that treatment, or an 

alternative pathway altogether.  

3.4.5 Validation and Model Performance 

Internal validation for the treatment classifier models was again using cross-validation with 5 

outer folds and 10 inner folds (108). Mean-model performance assessed on area under the 

curve (AUC) for each outcome class. Additional metrics such as balanced accuracy, LogLoss, 

Kappa, Precision-Recall AUC (PR AUC) were also calculated for each classifier model using the 

resamples() function in the caret package.  

Survival forests were internally validated using bootstrapped resampling to train 1000 forests 

(ntree = 1000 per forest) as per Rahman et al., (73)  with hyperparameter tuning via the Tune() 

function to determine optimal nodesize and number of variables trialled per split (“mtry”). 
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Mean-model performance was assessed across 3 methods:  Error rate, Continuous Rank 

Probability Score (CRPS) and Calibration.  

Error rate was defined as 1- Concordance (153). Here, concordance is the percentage of 

observation-pairs where the probability of a true event is greater than a true non-event (and 

thus a perfect model would have an error rate of 0%) (154).  Error rate was extracted for each 

bootstrapped model and averaged across all time points.  

The Continuous Rank Probability Score (CRPS), another measure of prediction calibration was 

averaged across all bootstrapped models. It is defined as Integrated Brier Score divided by time 

where the Brier score is the mean squared difference between the predicted probability and 

observed probability of an event, where the lower the score the better a model is calibrated 

(perfect accuracy = 0, perfect inaccuracy = 1) (153,155). As for the Brier score, a perfect model 

scores 0 and a perfectly inaccurate model scores 1.  

Mean-model calibration curves were plotted both by survival probability quintile (cases were 

stratified using predicted 1-year survival), and by event probability at sequential time points 

(3,6,12,18 and 24 months, “pec” package). Survival curves were derived from mean test-set 

predictions (predicted probability) averaged at each time point across each bootstrapped 

model and plotted against the corresponding Kaplan Meier (observed) survival probability. 

Quintile-based plots allow for direct comparison of model predictions for patients ranked by 

survival probability at a specific time-point, while calibration curves at sequential time-points 

allow for comparison of model predictions across the whole cohort at a range of milestones. 

The combination thus offers a clearer insight to the optimal operating window for the model 

longitudinally and by patient-risk.   

3.4.6 Variable Importance Analysis 

Variable importance ranking for each predictor variable was derived from the classification 

models using the varImp() function (“caret” package). Variable importance for the final random 

survival forest model was by comparison extracted via in-built VIMP() function 

(“randomForestsSRC” package). The varImp() function expands variable-weighting to the sub-

class level while the Random survival Forest (RSF) VIMP() function presents weights at the 

variable-level only and this is presented accordingly within their respective importance plots. 

Derived absolute values were scaled (0-100) to allow comparison between algorithms. 
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3.5 Results 

3.5.1 Cohort Demographics 

A cohort of 437 patients were used in this complete case analysis (Table 3.1). Median age was 

75.2 years (range 29.8 – 96.7) with a male to female ratio of 2.7:1. Table 1 outlines the cohort 

demographics by treatment outcome. 

Table 3.1 - Palliative cohort demographics 

Pre-treatment 
variables 

“BSC” 

(N =56) (%) 

Chemotherapy 

(N = 148) (%) 

Radiotherapy 

(N = 78) (%) 

Stent 

(N = 113) (%) 

Stent + Onc 

(N= 42) (%) 

Total 

(N = 409) (%) 

Gender       

Male 33 (58.9%) 119 (80.4%) 56 (71.8%) 80 (70.8%) 30 (71.4%) 318 (72.8%) 

Female 23 (41.1%) 29 (19.6%) 22 (28.2%) 33 (27.4%) 12 (28.6%) 119 (27.2%) 

Median Age in 
years (Range) 

79.07 
(40.27-
94.27) 

66.27 (29.78-
87.15) 

80.16 (51.21-
96.71) 

82.34 (55.47-
95.59) 

73.97 (49.81-
94.16) 

75.17 (29.78 – 
96.71) 

Performance 
status 

      

0 2 (3.6%) 49 (33.1%) 7 (9.0%) 10 (8.8%) 6 (14.3%) 74 (16.9%) 

1 11 (19.6%) 64 (43.2%) 22 (28.2%) 17 (15.0%) 17 (40.5%) 131 (30.0%) 

2 17 (30.4%) 31 (20.9%) 32 (41.0%) 44 (38.9%) 16 (38.1%) 140 (32.0%) 

3 23 (41.1%) 4 (2.7%) 16 (20.5%) 41 (36.3%) 3 (7.1%) 87 (19.9%) 

4 3 (5.4%) 0 (0%) 1 (1.3%) 1 (0.9%) 0 (0%) 5 (1.1%) 

cT stage       

IS 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

0 0 (0%) 1 (0.7%) 0 (0%) 0 (0%) 0 (0%) 1 (0.2%) 

1 1 (1.8%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 1 (0.2%) 

1a 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

1b 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

2 3 (5.4%) 11 (7.4%) 11 (14.1%) 13 (11.5%) 2 (4.8%) 40 (9.2%) 

3 19 (33.9%) 80 (54.1%) 46 (59.0%) 59 (52.2%) 23 (54.8%) 227 (51.9%) 

4 12 (21.4%) 35 (23.6%) 16 (20.5%) 28 (24.8%) 11 (26.2%) 102 (23.3%) 

4a 6 (10.7%) 14 (9.5%) 2 (2.6% 4 (3.5%) 2 (4.8%) 28 (6.4%) 

4b 5 (8.9%) 3 (2.0%) 1 (1.3%) 2 (1.8%) 3 (7.1%) 14 (3.2%) 

X 10 (17.6%) 4 (2.7%) 2 (2.6%) 7 (6.2%) 1 (2.4%) 24 (5.5%) 
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Pre-treatment 
variables 

“BSC” 

(N =56) (%) 

Chemotherapy 

(N = 148) (%) 

Radiotherapy 

(N = 78) (%) 

Stent 

(N = 113) (%) 

Stent + Onc 

(N= 42) (%) 

Total 

(N = 409) (%) 

cN stage       

0 11 (19.6%) 16 (10.8%) 27 (34.6%) 31 (27.4%) 5 (11.9%) 90 (20.6%) 

1 16 (28.6%) 46 (31.1%) 30 (38.5%) 33 (29.2%) 18 (42.96%) 143 (32.7%) 

2 14 (25%) 52 (35.1%) 16 (20.5%) 32 (28.3%) 13 (31.0%) 127 (29.1%) 

3 6 (10.7%) 31 (20.9%) 3 (3.8%) 13 (11.5%) 6 (14.3%) 59 (13.5%) 

X 9 (16.1%) 3 (2.0%) 2 (2.6%) 4 (3.5%) 0 (0%) 18 (4.1%) 

cM Stage       

0 22 (39.3%) 27 (18.2%) 54 (69.2%) 58 (51.3%) 15 (35.7%) 176 (40.3%) 

1 30 (53.6%) 121 (81.8%) 24 (30.8%) 53 (46.9%) 27 (64.3%) 255 (58.4%) 

X 4 (7.1%) 0 (0%) 0 (0%) 2 (1.8%) 0 (0%) 6 (1.4%) 

Tumour location       

Oesophagus       

Proximal 4 (7.1%) 3 (2.0%) 9 (11.5%) 0 (0%) 2 (4.8%) 18 (4.1%) 

Middle 8 (14.3%) 21 (14.2%) 13 (16.7%) 16 (14.1%) 5 (11.9%) 63 (14.4%) 

Distal 30 (53.6%) 73 (49.3%) 48 (61.5%) 72 (63.7%) 29 (69.0%) 252 (57.7%) 

GOJ       

GOJ Siewert 1 1 (1.8%) 7 (4.7%) 1 (1.3%) 10 (8.8%) 1 (2.4%) 20 (4.6%) 

GOJ Siewert 2 7 (12.5%) 30 (20.2%) 5 (6.4%) 12 (10.6%) 2 (4.8%) 56 (12.8%) 

GOJ Siewert 3 6 (10.7%) 14 (9.5%) 2 (2.6%) 3 (2.7%) 3 (7.1%) 28 (6.4%) 

Tumour 
Histology 

      

Adenocarcinom
a 

44 (78.6%) 121 (81.8%) 45 (57.7%) 83 (73.5%) 29 (69.0%) 322 (73.7%) 

Squamous Cell 12 (21.4%) 27 (18.2%) 33 (42.3%) 30 (26.5%) 13 (31.0%) 115 (26.3%) 

Difficulty 
passing 

gastroscope 
and/or severe 

dysphagia  

      

Yes 17 (30.3%) 31 (20.9%) 23 (29.5%) 111 (98.2%) 40 (95.2%) 222 (50.8%) 
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Pre-treatment 
variables 

“BSC” 

(N =56) (%) 

Chemotherapy 

(N = 148) (%) 

Radiotherapy 

(N = 78) (%) 

Stent 

(N = 113) (%) 

Stent + Onc 

(N= 42) (%) 

Total 

(N = 409) (%) 

Co-morbidities        

History of MI 
(MI) 

5 (8.9%) 12 (8.1%) 10 (12.8%) 12 (10.6%) 3 (7.1%) 42 (9.6%) 

Chronic heart 
failure (CHF) 

3 (5.4%) 3 (2.0%) 5 (6.4%) 6 (5.3%) 2 (4.8%) 19 (4.3%) 

Chronic 
pulmonary 

disease (CPD) 

10 (17.9%) 10 (6.8%) 14 (17.9%) 16 (14.2%) 7 (16.7%) 57 (13.0%) 

Connective 
tissue disease 

0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

Peripheral 
vascular 

disease (PVD) 

3 (5.4%) 6 (4.1%) 4 (5.1%) 8 (7.1%) 4 (9.5%) 25 (5.7%) 

Cerebrovascula
r disease (CVD) 

15 (26.8%) 18 (12.1%) 18 (23.1%) 29 (25.7%) 4 (9.5%) 84 (19.2%) 

Dementia 5 (8.9%) 2 (1.4%) 0 (0%) 7 (6.2%) 0 (0%) 14 (3.2%) 

History of 
Peptic Ulcer 

Disease (XPUD) 

2 (3.6%) 4 (2.7%) 3 (3.8%) 5 (4.4%) 2 (4.8%) 16 (3.6%) 

Uncomplicated 
diabetes (DM 

uncomp) 

12 (21.4%) 17 (11.5%) 16 (20.5%) 21 5 (11.9%) 71 (16.2%) 

Complicated 
diabetes (DM 

comp) 

0 (0%) 1 (0.7%) 2 (2.6%) 0 (0%) 0 (0%) 3 (0.7%) 

Leukaemia 0 (0%) 0 (0%) 1 (1.3%) 0 (0%) 0 (0%) 1 (0.2%) 

Lymphoma 2 (3.6%) 0 (0%) 1 (1.3%) 2 (1.7%) 0 (0%) 5 (1.1%) 

Mild liver 
disease 

1 (1.8%) 1 (0.7%) 1 (1.3%) 1 (0.9%) 0 (0%) 4 (0.9%) 

Hemiplegia 0 (0%) 1 (0.7%) 1 (1.3%) 1 (0.9%) 0 (0%) 3 (0.7%) 

Renal failure 5 (8.9%) 1 (0.7%) 11 (14.1%) 15 (13.3%) 2 (4.8%) 34 (7.8%) 

Severe 
dysphagia or 

difficulty 
passing 

gastroscope 

17 (30.4%) 31 (20.9%) 23 (29.5%) 111 (98.2%) 40 (95.2%) 222(50.8%) 

3.5.2 Palliative cohort survival 

Kaplan-Meier (KM) survival analysis for the cohort is summarised in Table 3.2. Median Survival 

for the cohort was 6.3 months (range 0.1 – 105.8).  Sub-group KM analysis showed the greatest 

overall survival was seen in patients who received palliative chemotherapy with a median 

survival of 11.1 months (95% CI 9.66-12.16). This was followed by the palliative radiotherapy 
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group (median 8.4 months (7.06-12.88)), the palliative stent + oncological therapy group (6.0 

months (4.27-8.51)), palliative stent alone (3.9 months (3.12-4.21)) while patients receiving best 

supportive care alone survived a median 2.2 months (1.28-3.55). A significant difference in 

overall survival among these treatment groups was confirmed by the log-rank test (P <0.001). 

Kaplan-Meier survival curves by treatment group are illustrated in Figure 3.1. 

  

Table 3.2 - Kaplan-Meier Median Survival analysis by treatment type 

Treatment N Events Median Survival 

(Months) 

95% CI  

(months) 

BSC 56 56 2.15 1.28-3.55 

Chemotherapy 148 134 11.07 9.66-12.16 

Radiotherapy 78 72 8.41 7.06-12.88 

Stent 113 113 3.88 3.12-4.21 

Stent + Oncological therapy 42 41 6.01 4.27-8.51 
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Figure 3.1 - Kaplan Meier survival curve for palliative cohort by treatment.  Labels: BSC = 
Best Supportive care, Chemo = Palliative Chemotherapy, RTX = Palliative 
Radiotherapy, Stent_Onc = Stent + oncological adjunct. 

3.5.3 Algorithm performance 

Predictive performance for all four algorithms produced models with good mean AUCs 

(Multinomial Logistic Regression (MLR) 0.791, Random Forests (RF) 0.799, eXtreme Gradient 

Boost (XGB) 0.817 and Decision Tree (DT) 0.752). Across all performance metrics, the XGB 

model performed best for classifying MDT palliative treatment decisions (Table 3.3). Across 

algorithms, patients predicted for palliative chemotherapy were most reliably predicted, 

followed by the palliative stent-only, palliative stent with oncological therapy and palliative 

radiotherapy. Individual class Receiver Operator Characteristic (ROC) curves for all 4 classifiers 

can be found in Figure 3.2.  
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Table 3.3 - Palliative treatment classifier mean-model performance by ML Algorithm  (MLR 
= Multinomial Logistic Regression, RF = Random Forests, XGB = Extreme 
Gradient Boost, DT = Decision Tree). 

Palliative model 

resample metrics  

(N = 437) 

Mean 

Balanced 

Accuracy (± 

sd) 

Mean AUC 

(± sd) 

Mean Kappa 

(± sd) 

Mean 

LogLoss (± 

sd) 

Mean PR 

AUC (± sd) 

MLR 0.685 ± 

0.012 

0.791 ± 

0.021 

0.435 ± 0.028 1.227 ± 

0.054 

0.428 ± 0.023 

RF 0.695 ± 

0.016 

0.799 ± 

0.015 

0.452 ± 0.031 1.318 ± 

0.071 

0.447 ± 0.021 

XGB 0.711 ± 

0.001 

0.817 ± 

0.016 

0.499 ± 0.016 1.064 ± 

0.072 

0.464 ± 0.017 

DT 0.678 ± 

0.032 

0.752 ± 

0.021 

0.434 ± 0.030 1.705 ± 

0.413 

0.126 ± 0.063 

The survival model was trained using a random survival forest. The final model, trained on the 

full cohort after internal validation, demonstrated a mean prediction error of 0.323 and a CRPS 

of 0.068. On internal validation over 1000 bootstrapped models, mean error rate was 

0.330±0.018 while mean CRPS was 0.112±0.019 (Table 3.4). Calibration curves (observed vs 

predicted survival probability) were stratified by 1-year survival quintiles (Figure 3.3) as well as 

by whole-cohort survival at defined time points (Figure 3.4). Calibration curve analysis 

suggested best model calibration within the first 12 months after which the model's prognostic 

accuracy diminished. Quintile-based analysis further indicated that best calibration was seen 

for the three highest-risk quintiles (Q1-3). Model predictions were ‘pessimistic’ for Q4 patients 

but ‘over-optimistic’ by Q5.  
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Table 3.4 - Survival model metrics with interpretation guidance 

Metric Mean SD Reference Interpretation 

Mean Prediction Error 

(1-Concordance) 

0.330 0.018 0 = perfect concordance 

1 = perfect non-concordance 

Good 

CRPS (Integrated Brier 

Score/time) 

0.112 0.019 0 = perfectly accurate model 

1 = perfectly inaccurate model 

Very Good 

 

Figure 3.2 - Area Under Curve for treatment modality classification by algorithm  (MLR = 
Multinomial Logistic Regression, RF = Random Forests, XGB = Extreme 
Gradient Boost, DT = Decision Tree) 
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Figure 3.3 - Quintile Calibration curves plotted over 60 months with cases stratified by 
predicted 1-year survival probability  (Quintile 1 = 0-20% (a), Quintile 2 = 20-40% 
(b), Quintile 3 = 40-60%(c), Quintile 4 = 60-80% (d), Quintile 5 = 80-80-100% (e) 
and all Quintiles (f). Solid lines are predicted survival probability by the RSF 
model, dashed lines are observed probability curves by the Kaplan-Meier 
estimator. Shaded errors represent standard error. 
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Figure 3.4 - Calibration curves for RSF model at 3months (a), 6 months (b), 12 months (c). 

3.5.4 Variable importance 

 

Figure 3.5 - Scaled variable importance by algorithm for treatment classifier models  (MLR 
= Multinomial Logistic Regression, RF = Random Forests, XGB = Extreme 
Gradient Boost, DT = Decision Tree). Larger, high-resolution versions of this 
panel are available in supplemental figures 4-7 
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Variable importance analysis for each treatment classifier model is shown in Figure 3.5 and for 

the final Random Survival Forests (RSF) survival model in Figure 3.6 (for larger versions of Figure 

3.5, please see Supplemental Figure 4, Supplemental Figure 5, Supplemental Figure 6, and 

Supplemental Figure 7). In the XGB and MLR models which were best performing, clinical or 

endoscopic signs of obstruction was most important to the models while Age ranked highly in 

all tree-based models. Treatment choice was most significant to the survival model followed by 

cT stage and performance status.  

 

Figure 3.6 - Scaled variable importance for final RSF survival model. 
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3.6 Discussion 

This study demonstrated that the methods I adopted in Chapter 5 using curative training 

cohorts could also be applied successfully to the palliative setting. All palliative treatment 

classifiers performed well irrespective of algorithm, with the XGB model performing best of all. 

The study also presents a prognostic RSF model predicting survival probabilities across a range 

of user-definable time-points.  Calibration analysis confirmed that forecasting was most 

reliable over the first 12 months post-diagnosis, which is of material benefit for clinicians 

counselling these patients on their likely clinical trajectory where historically this has been 

based primarily on national staging-based statistics (148).  As the survival model accounts for 

treatment modality, it is possible to compare prognosis for both the machine-recommended 

treatment but also for alternative treatment pathways, personalised to the unit-level based – 

offering data-driven counselling support for clinicians and their patients.   

Across algorithms strong class separation (Area Under Curve (AUC) > 0.790) was achievable for 

palliative chemotherapy, palliative stent-only and stent + oncological adjunct prediction.  Best 

Supportive Care (BSC) and palliative radiotherapy prediction were less confident independent 

of the algorithm, reflecting a combination of overall class-size limitation and less clearly 

defined criteria for patient selection within practice (122). Despite this, ensemble tree-based 

models performed (RF, XGB) strongly in the study as they typically tolerate class-imbalances 

well (156).  

Variable importance analysis again demonstrated common themes: all tree-based classifier 

algorithms (DT, RF, XGB) highlighted the importance of Age and cM-stage, with XGB and RF, 

also recognising the importance of ‘obstructive’ clinical signs and Performance Status (PS) ≥ 3 

to that final decision. As demonstrating non-inferiority versus the current paradigm is essential 

for translating this technology, these findings are reassuring in their consensus with National 

Institute for health and Care Excellence (NICE) guidance (NG83) which recommends stenting 

for luminal obstruction and relief of dysphagia, as well as combination chemotherapy in those 

with advanced oesophagogastric cancer, minimal comorbidity, and a PS score of 0-2 (122). 

Within the survival model, treatment modality proved most important. As the survival benefit 

here is likely a function of both patient selection and treatment effect, this further illustrates the 

benefit of non-linear ML-based methodologies which can account for these interactions (157).  
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The Random Survival Forests algorithm offered good predictive performance on bootstrapped 

internal validation within an appropriate time-period post diagnosis for palliative OC patients. 

This is realistic within the context of a cohort whose overall median survival was 6.3 months, 

and where only 6% of patients remain alive at 2 years.  Kaplan-Meier analysis of our cohort 

highlighted a hierarchy in survival, with the greatest survival associated with palliative 

chemotherapy (11.1 months), commensurate with historically reported survival rates (158,159), 

followed by radiotherapy, stenting with palliative oncological therapy, stenting alone and finally 

best supportive care, again supporting current guideline recommendations and previous 

palliative therapy outcomes (157).  While immunotherapy could not be factored into the present 

models owing to a paucity of training data, they can be readily included within future iterations 

once sufficient training data is accrued (160).  

Considering the proportion of MDT decisions which relate to incurable patients, semi-

automating palliative treatment decisions offers potential for cost-saving, standardized care 

and workflow efficiency (26,34). While a few studies have applied ML models towards gastric 

cancers to aid clinical management, these have mainly sought to prognosticate, comparing 

model performance against the arguably inadequate TNM staging benchmark (although Jiang et 

al did also look to predict likely benefit of adjuvant chemotherapy within their high and low risk 

cohorts) (161,162).  ML models for oesophageal cancer remained survival-focussed usually in 

the context of a single pre-specified treatment modality. Liao et al., for instance analysed 

Surveillance, Epidemiology, and End Results (SEER) database data to determine a survival 

advantage in metastatic oesophageal adenocarcinoma who underwent palliative surgical 

interventions on Kaplan-Meier analysis. Their decision tree-based binary classifier predicted 

candidates likely to benefit from such palliative surgery with an AUC of 0.710 (150). 

Unfortunately, despite a large training cohort, they were unable to validate their data either 

internally or externally, curtailing the generalisability of their findings. Furthermore, as palliative 

resection within the UK is not current practice, the utility of such models is limited presently. A 

recent US study sought to predict patient-response to palliative chemotherapy in end-stage 

gastric and oesophageal cancers, testing several algorithms both at the beginning of therapy 

and again after 2 cycles on a binary classification task predicting response (151). They reported 

an average accuracy of 80% for 6-month survival prediction, rising to 85% after 2 cycles of 

chemotherapy irrespective of the algorithm used. These studies currently remain a minority 

within decision-support models being tested for palliative OC. The models I have presented 

here however seek to integrate ML both at the treatment-planning level and the patient-
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counselling level and in doing so, seeks to optimise the decision-making process for clinicians 

and patients in tandem.  

This study has natural limitations. Within a palliative cohort where gold standard therapy may at 

best offer a median survival of 11 months, prognostication beyond this time point is unlikely to 

be reliable. This in turn speaks to a second key challenge in the limited training cohort. Multi-

centre datasets offer larger training sets but also introduce more variability within decision-

making paradigms. Modelling over country-wide data may provide a generalisable model but 

ultimately lacks nuance, trading accuracy locally for generalisability nationally. Within the era 

of personalised medicine, I believe that a unit-based modelling approach offers clinicians the 

ability to counsel patients with prognostic data personalised to their own hospital rather than a 

generic inference derived from national cancer statistics. This is enhanced by the RSF model’s 

ability to provide probable prognosis for not only the recommended treatment but also for 

alternative treatment pathways as a means of more thoroughly counselling patients.   

It is important to note that the treatment classifiers we have trained in both this chapter and 

indeed Chapter 2 have mapped the current MDT rather than attempt to model the “best 

decision”. No agreed-upon metric currently exists for such a concept within OC which can 

adequately encapsulate the myriad outcomes salient to these patients. For many patients, 

survival does not represent the most important outcome measure, yet it remains by far the 

most prolifically used to quantify treatment “success” for oncological strategies. This formed 

the rationale for using it in this study, and we intend it to be a starting point from which future 

models could springboard to other metrics such as quality of life and re-admission rate. For this 

technology to translate to clinical use, it must first prove capable of mapping what “is” while 

the field attempts to agree upon what “should be”.  

In order to maximise training data, we restricted predictors to those accurately and consistently 

available across the cohort during the study period. Immunotherapies and other novel systemic 

modalities did not feature within this generation of models as insufficient data was available to 

train with. In future we envisage these models as being able to support an expanding array of 

systemic treatments such as Chemotherapy +/- anti HER2, anti-PD-1/PD-L1, Claudin 18.2, and 

MMR-d/MSI-H (163–166). Nevertheless, we have established proof-of-principle for personalised 

unit-level ML-based decision-support in a subset of patients historically overlooked in decision-

support resources despite accounting for the majority of MDT caseload (39).   
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3.7 Research in context 

The research outlined within the preceding chapters focussed primarily on prediction 

generation. The ability to leverage tabular data to predict the treatment for the next patient seen 

in the MDT is core to this doctoral thesis, however as we see from the CRUK report, there is also 

a need to afford clinicians breathing space and bandwidth for auditing and re-considering the 

appropriateness of historic decisions too. The acceptability and explainability of MDT models 

will be a major consideration when integrating AI-driven decisions-support tools into healthcare 

where regulatory approval will almost certainly hinge upon explainable and interpretable 

solutions (167). This is problematic for advanced deep-learning platforms which are inherently 

“black-box” solutions (168). Linear models by comparison, such as MLR which has consistently 

proven effective in this use case represents one of the most interpretable options available. 

Decision-trees are also members of explainable AI (XAI), however, once the model training 

involves many hundreds of trees (RF and XGB-models) explainability becomes challenging, 

requiring post-hoc explainability methods (169). While the literature remains rife with the 

benefits of ML and AI for forward-prediction, there is a paucity on utilising ML techniques to 

provide the human agents insights into their decision-making paradigm. The field of explainable 

AI (XAI) offers great benefit in this regard, not just for regulatory transparency but for deriving 

actionable intelligence into past trends and team-based dynamics by leveraging the models 

themselves as MDT microcosms from which to derive idiosyncratic insights. The following 

chapter focusses on the utilization of ML techniques to extract these insights, demonstrating 

how potential treatment allocation biases may be identified, and identifying areas of variability 

in decision-making for OC patients and demonstrating that AI in this domain need not function 

solely as prediction engines. 
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4.2 Abstract 

Clinician-led quality control into oncological decision-making is crucial for optimising patient 

care. Explainable artificial intelligence (XAI) techniques provide data-driven approaches to 

unravel how clinical variables influence this decision-making. We applied global XAI techniques 

to examine the impact of key clinical decision-drivers when mapped by a machine learning (ML) 

model, on the likelihood of receiving different oesophageal cancer (OC) treatment modalities 

by the multidisciplinary team (MDT). 
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Retrospective analysis of 893 OC patients managed between 2010-2022 at our tertiary unit, 

used a random forests (RF) classifier to predict four possible treatment pathways as 

determined by the MDT: neoadjuvant chemotherapy followed by surgery (NACT+S), 

neoadjuvant chemoradiotherapy followed by surgery (NACRT+S), surgery-alone, and palliative 

management. Variable importance and partial dependence (PD) analyses then examined the 

influence of targeted high-ranking clinical variables within the ML model on treatment decisions 

as a surrogate model of the MDT decision-making dynamic. 

Amongst guideline-variables known to determine treatments, such as Tumour-Node-

Metastasis (TNM) staging, age also proved highly important to the RF model (16.1% of total 

importance) on variable importance analysis. PD subsequently revealed that predicted 

probabilities for all treatment modalities change significantly after 75 years (p < 0.001). 

Likelihood of surgery-alone and palliative therapies increased for patients aged 75-85yrs but 

lowered for NACT/NACRT. Performance status divided patients into two clusters which 

influenced all predicted outcomes in conjunction with age. 

XAI techniques delineate the relationship between clinical factors and OC treatment decisions. 

These techniques identify advanced age as heavily influencing decisions based on our model 

with a greater role in patients with specific tumour characteristics. This study methodology 

provides the means for exploring conscious/subconscious bias and interrogating 

inconsistencies in team-based decision-making within the era of AI-driven decision support. 

4.3 Introduction 

As with all cancers managed within the UK, Oesophageal cancer (OC) treatment plans are 

determined by a multidisciplinary team (MDT). Since their introduction in the mid-1990s, they 

have been shown to improve cancer outcomes, especially within OC, which remains the 6th 

leading cause of cancer-related death globally and is still characterised by dismal 5 & 10-year 

survival rates (148,170). With MDTs, the incidence of futile surgical procedures, operative 

mortality, and incomplete disease burden assessment (“cancer staging”) dropped significantly 

(19–21). However, this same framework which centralises a diverse group of domain experts in 

a single place and time is also vulnerable to challenges stemming from increased caseload 

pressure, reduced preparation time, interpersonal dynamics. Perhaps most importantly they 

continue to experience inadequate time for reflection or self-audit for the decisions they make, 

thereby limiting experiential growth, and in some cancer types leading to a growing pursuit to 

pre-select MDT cases by complexity as a means of improving workflow (23,26,66,171–175). 
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Objective, data-driven insight into oncological decision-making allows clinicians to interrogate, 

validate and ensure the appropriateness of their treatment choices over time which directly 

impacts patient outcomes and quality of life, something exemplified in OC (18). OC treatment 

decisions are highly complex; heavily influenced by primary tumour characteristics, metastatic 

spread and the physiological robustness of the patient (122,176). Peak incidence is between 85-

89 years, with this cohort often experiencing polypharmacy, poor nutrition, frailty and disability, 

all of which impact clinical outcomes (177,178).  Almost 80% of patients over the age of 85 

years have two or more co-morbidities (increasing co-morbidity is known to be a negative 

prognostic marker of 90-day mortality post-surgical resection (179)) leading to age historically 

acting as a barometer of perceived risk for intensive therapeutic interventions (180–183). 

Judicious patient selection is critical; surgery alone is a monumental physiological stressor, 

further compounded by toxicity associated with neoadjuvant therapies (NAT), while even 

eligibility for palliative oncological therapies necessitates significant physiological reserve (14).  

Additionally, while it is established that treatment decisions should be based on 

“physiological” over “chronological” age (184), it has recently been shown through ML that age 

plays a disproportionate role in treatment choice for curative OC patients at MDT. This bias is 

particularly evident when determining eligibility for multimodal versus unimodal therapy even 

when chronological age is not necessarily a guarantee of a negative outcome (185,186). It is not 

yet clear whether this is a conscious or unconscious bias nor if there is interplay between age 

and a patient’s performance status (an oncological surrogate measure of baseline physical 

activity and thus a marker of resilience to otherwise deconditioning therapies). Implicit bias is a 

recognised aspect of healthcare, and while such bias has been reported for OC treatment 

allocation based on gender, race and socioeconomic status previously, how it manifests within 

more clinical parameters is currently unknown (187–190).    

OC decision-making clearly carries high stakes, and yet while many of the clinical variables 

considered at MDT may be known or derived from guidelines, experience and current 

oncological doctrine (122,191,192), the relative weighting of these factors within the final 

decision is not currently known. This is salient when we consider the well-established literature 

surrounding vulnerabilities of cancer MDTs to inefficiency and sub-optimal decision-making in 

surgical oncology (23,66,171,172,175,193).  

Machine Learning (ML), a branch of Artificial Intelligence (AI), is rapidly evolving within this 

aspect of healthcare, offering huge potential in multiple avenues relevant to OC. ML techniques 

can characterise complex patterns within current decision-making paradigms, inform future 
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decision-making within human-AI and Group-AI collaborative (HAIC) processes, theoretically 

transforming multi-disciplinary team (MDT) efficiency (63,194,195). Over the last decade, AI-

based decision-support has also developed within MDT-type use cases with a view to changing 

the narrative from one of “human-versus-AI” to “human-and-AI” (196). The architectures being 

tested within oncology have ranged from traditional tree-based ML models and neural 

networks, through complex natural-language decision-support systems aiming to assimilate 

up-to-date clinical knowledge such as IBM’s Watson, to more recently still, conversation-style, 

Large Language Model-based (LLM) architectures such as ChatGPT (39,197–199). This utility of 

AI however must be balanced with sufficient transparency and explainability to preserve 

clinician-AI trust within the recommendations and insights generated (55,59,200).  

Within OC there clearly remains a research gap in how clinicians routinely utilise clinical 

variables in for oncological decision-making. The aim of this study was therefore to 

demonstrate a viable approach to leveraging eXplainable AI (XAI) in order to characterise in-

detail, the influence these clinical variables exert (of which some may have subconscious 

impact) on OC treatment decisions. Combining explainable ML techniques, our goal is to offer 

clinicians a clearer perspective into decision-making variation for OC patients in a trustworthy 

and explainable fashion. This in turn sets the foundations for trust in future Human-AI 

collaborations within the inevitable clinical decision-support space and represents a novel 

application of XAI in OC surgical oncology to date. 

 

4.4 Methods 

This study was a retrospective complete-case analysis of oesophageal cancer patients at a 

single specialist cancer centre (University Hospitals Southampton) under the ethical approval 

of IRAS 233065 and 319540. 

4.4.1 Patient Selection and Data Collection 

OC patients who underwent MDT discussion from 2010 - 2022 were identified from a 

prospectively maintained oesophagectomy database combined with unit-submission records 

for the UK National Oesophagogastric Audit (NOGCA). Patients selected underwent either a 

curative pathway (surgery +/- NAT) or a non-curative (palliative) pathway (best supportive care, 

palliative stenting, palliative chemotherapy, palliative radiotherapy or a combination thereof). 
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Definitive chemoradiotherapy was excluded as this strategy occurred too infrequently for 

adequate model training. Clinical staging was assessed on baseline imaging, computer 

tomography (CT) and/or Positron Emission Tomography (PET), and tissue biopsies in 

accordance with the American Joint Committee on Cancer (AJCC) Tumour-Node-Metastasis 

(TNM) staging system.  

4.4.2 Statistical Analysis 

Data analyses and model training were conducted using R (version 4.2.2) and Python (version 

3.10.11). Sub-group comparison of continuous variables was made by Kruskal-Wallis analysis 

(adjusted with the Benjamini-Hochberg correction). 

4.4.3 Data pre-processing and feature selection 

Clinicopathological data within this study were analysed as structured tabular data. ‘Label 

encoder’ was employed within python to encode categorical variables for analysis. Features 

were selected through a combination of a priori domain expertise and established features 

form current UK clinical guidelines for oesophageal cancer management 

(122,179,186,191,192,201). 

4.4.4 Treatment classifier model development and performance 

MDT treatment-decisions were modelled using a Random forests (RF) classifier in Python 

(“Ranger” Library, sklearn v1.2.2) using variables consistently available to the MDT prior to a 

final treatment decision (Table 4.1 & Supplemental Table 3). Using k=5 cross validation, optimal 

max depth was determined as 6 which was used to train the final model on the whole dataset. 

The remaining hyper-parameters were set as default as RF models are not sensitive to small 

variations in these. The Random Forests algorithm is well-established and capable of 

handling higher-order interactions within classification tasks using both numerical and 

categorical features to produce strong predictive performance (108,124).  It has been utilised 

in numerous healthcare settings (73,202,203) and has already been shown to perform well 

in classification tasks as related to MDT treatment plans (108). As this pilot study aimed to 

test whether XAI techniques could enhance complex decision-making processes, unlike 

linear models, random forest models can capture interactions, non-linear relationships, is 

recognisable and accessible for the analysis and future reproducibility. 
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Year of diagnosis was incorporated into model training within defined time-periods (termed 

“Epoch” for the purposes of this study) relative to the dissemination of key randomised clinical 

trials to account for, (and assess changes in) clinical practice over time. Treatment outcomes 

were classified into neoadjuvant chemotherapy prior to surgery (NACT+S), neoadjuvant 

chemoradiotherapy prior to surgery (NACRT+S), surgery-only (Surgery) or palliative therapy 

(Palliative). Model performance was assessed via multi-class area-under-the-curve 

(AUC)/Receiver Operator Characteristic (ROC), balanced accuracy and calibration. For 

evaluating initial model-generalizability we used a 5-fold cross validated approach, following 

which hyperparameters were fixed allowing for training on the whole dataset. This preserves 

statistical power during partial dependence analysis as we discover what the model has 

learned (204,205). For assessment of different algorithmic performances see Thavanesan et al., 

2023 (108). 

4.4.5 Variable Importance Analysis 

Variable importance analysis of the final model was undertaken using all variables included in 

model-training (Table 4.1, Supplemental Table 3). The 'sk-learn' and ‘caret’ library functions 

were employed, where for RF, the significance of a feature is determined by averaging its value 

over all trees in the forest. Each characteristic gains greater significance as the impurity lowers. 

The total of these normalised importance values is 1. 

4.4.6 Partial-Dependence Analysis 

Partial-dependence (PD) analysis visualises how given predictor variables may influence 

predicted probabilities of a specified outcome across a range of values within the trained 

machine learning model including tree-based algorithms and allows for causal interpretations 

(205). PD has been utilised previously to evaluate and explain predictive models in a wide array 

of use-cases (200,206–208). PD selectively perturbs variables of interest incrementally while 

preserving the remaining variables to generate new predicted probabilities from the model after 

each perturbation. These may then be plotted either for individual patients (individualised 

conditional expectation plots), as an averaged curve, or as probability contours providing an 

intuitive, visual, model-agnostic approach to global interpretability of the ML model and so was 

chosen for this study especially as it offers causal interpretations.  

Tools such as Local Interpretable Model-agnostic Explanations (LIME) and Shapley Additive 

exPlanations (SHAP) offer insight into predictions at the instance-level (although SHAP values 
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can be aggregated over predictions to provide global insights too)  (209,210). Such local 

explanation tools are however principally beneficial in explaining predictions for individual 

patients once a clinical decision-support tool has already been deployed. PD, (as with variable 

importance) by comparison offers clinicians value earlier in the development of such HAIC 

processes by conveying global model interpretability as a surrogate microcosm of their team’s 

decision-making paradigm and increasing trust in the validity of the underlying model as a 

result. While PD allows for causal interpretation, LIME creates new hyper-localised models for 

a given instance and is thus inappropriate for this, while SHAP has been shown to be unreliable 

in causal interpretations (211).   

4.5 Results 

4.5.1 Cohort demographics  

Of 938 initially identified cases, 13 were excluded as relating to patients who underwent failed 

endoscopic resection prior to salvage oesophagectomy. A further 32 cases with cT stages “cT0” 

(N = 4), “cTis” (N = 3) and “cTX” (N = 25) were excluded for low numbers and to allow 

examination of any ordinal relationships. The final cohort of 893 cases are summarised by 

predictor variable in Table 4.1 with additional referral unit data presented in Supplemental 

Table 3.  

Table 4.1 - Patient demographics and model predictor variables by sub-group. Referral unit 
statistics are provided in Supplementary Table. Performance status is 
measured as per the Eastern Cooperative Oncology Group (ECOG) 
Performance status scale.  

Pre-treatment 
variables 

“NACT +S” 

(N = 209) (%) 

“NACRT +S” 

(N = 196) (%) 

“Surgery-
only” 

(N = 102) (%) 

“Palliative” 

(N=386) (%) 

Total 

(N = 893) (%) 

Gender 

Male 179 (85.6%) 137 (69.9%) 80 (78.4%) 280 (72.5%) 676 
(75.7%) 

Female 30 (14.4%) 59 (30.1%) 22 (21.6%) 106 (27.5%) 217 
(24.3%) 

Median Age, Years 
(Range) 

65.7 (21 – 
81.8) 

66.6 (40.0 – 
81.0) 

73.4 (33.7 – 
83.0) 

74.8 (32.0-
96.7) 

69.1 (21.0-
96.7) 
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Pre-treatment 
variables 

“NACT +S” 

(N = 209) (%) 

“NACRT +S” 

(N = 196) (%) 

“Surgery-
only” 

(N = 102) (%) 

“Palliative” 

(N=386) (%) 

Total 

(N = 893) (%) 

ECOG Performance status  

0 120 (57.4%) 138 (70.4%) 34 (33.3%) 68 (17.6%) 360 
(40.3%) 

1 84 (40.2%) 54 (27.6%) 56 (54.9%) 122 (31.6%) 316 
(35.4%) 

2 5 (2.4%) 3 (1.5%) 12 (11.8%) 124 (32.1%) 144(16.1%) 

3 0 (0%) 1 (0.5%) 0 (0%) 69 (17.9%) 70 (7.8%) 

4 0 (0%) 0 (0%) 0 (0%) 3 (0.8%) 3 (0.3%) 

cT stage 

1 0 (0%) 0 (0%) 8 (7.8%) 1 (0.3%) 9 (1.0%) 

2 35 (16.7%) 44 (22.5%) 49 (48.0%) 40 (10.4%) 168 
(18.8%) 

3 149 (71.3%) 138 (70.4%) 43 (42.2%) 211 (54.7%) 541 
(60.6%) 

4 25 (12.0%) 14 (7.1%) 2 (2.0%) 134 (34.7%) 175 
(19.6%) 

cN stage 

0 40 (19.1%) 64 (32.7%) 53 (52.0%) 82 (21.2%) 239 
(26.8%) 

1 138 (66.0%) 112 (57.1%) 42 (41.2%) 131 (33.9%) 423 
(47.4%) 

2 31 (14.8%) 19 (9.7%) 6 (5.9%) 121 (31.3%) 177 
(19.8%) 

3 0 (0%) 1 (0.5%) 1 (1.0%) 52 (13.5%) 54 (6.0%) 

cM stage 

0 209 (100%) 196 (100%) 102 (100%) 162 (42.0%) 669 
(74.9%) 

1 0 (0%) 0 (0%) 0 (0%) 224 (58%) 224 
(25.1%) 
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Pre-treatment 
variables 

“NACT +S” 

(N = 209) (%) 

“NACRT +S” 

(N = 196) (%) 

“Surgery-
only” 

(N = 102) (%) 

“Palliative” 

(N=386) (%) 

Total 

(N = 893) (%) 

Tumour location 

Oesophagus  

Proximal 0 (0%) 3 (1.5%) 0 (0%) 18 (4.7%) 21 (2.4%) 

Middle 5 (2.4%) 22 (11.2%) 7 (6.8%) 59 (15.3%) 93 (10.4%) 

Distal 103 (49.3%) 148 (75.5%) 64 (62.7%) 235 (60.9%) 550 
(61.6%) 

GOJ  

GOJ Siewert 1 24 (11.5%) 8 (4.1%) 4 (3.9%) 20 (5.2%) 56 (6.3%) 

GOJ Siewert 2 39 (18.7%) 10 (5.1%) 19 (18.6%) 54 (14.0%) 122 
(13.7%) 

GOJ Siewert 3 23 (11.0%) 1 (0.5%) 5 (4.9%) 0 (0%) 29 (3.2%) 

GOJ Siewert 
Undefined 

15 (7.2%) 4 (2.0%) 3 (2.9%) 0 (0%) 22 (2.5%) 

Tumour Histology 

Adenocarcinoma 197 (94.3%) 134 (68.4%) 93 (91.2%) 274 (71.0%) 698 
(78.1%) 

Squamous Cell 
(SCC) 

12 (5.7%) 62 (31.6%) 9 (8.8%) 112 (29.0%) 195 
(21.8%) 
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Pre-treatment 
variables 

“NACT +S” 

(N = 209) (%) 

“NACRT +S” 

(N = 196) (%) 

“Surgery-
only” 

(N = 102) (%) 

“Palliative” 

(N=386) (%) 

Total 

(N = 893) (%) 

Co-morbidities  

History of MI (MI) 9 (4.3%) 11 (5.6%) 10 (9.8%) 34 (8.8%) 64 (7.2%) 

Chronic heart failure 
(CHF) 

1 (0.5%) 1 (0.5%) 2 (2.0%) 17 (4.4%) 21 (2.4%) 

Chronic pulmonary 
disease (CPD) 

26 (12.4%) 28 (14.3%) 19 (18.6%) 48 (12.4%) 121 
(13.5%) 

Connective tissue 
disease 

2 (1.0%) 5 (2.6%) 1 (1%) 0 (0%) 8 (0.9%) 

Peripheral vascular 
disease (PVD) 

6 (2.9%) 7 (3.6%) 5 (4.9%) 21 (5.4%) 39 (4.4%) 

Cerebrovascular 
disease (CVD) 

8 (3.8%) 6 (3.1%) 7 (6.7%) 65 (16.8%) 86 (9.6%) 

Dementia 0 (0%) 0 (0%) 0 (0%) 10 (2.6%) 10 (1.1%) 

History of Peptic 
Ulcer Disease (XPUD) 

8 (3.8%) 7 (3.6%) 5 (4.9%) 14 (3.6%) 34 (3.8%) 

Uncomplicated 
diabetes (DM 

uncomp) 

21 (10.0%) 20 (10.2%) 16 (15.7%) 60 (15.5%) 117 
(13.1%) 

Complicated 
diabetes (DM comp) 

0 (0%) 1 (0.5%) 1 (1.0%) 3 (0.8%) 5 (0.6%) 

Leukaemia 0 (0%) 0 (0%) 3 (2.9%) 1 (0.3%) 4 (0.5%) 

Lymphoma 1 (0.5%) 2 (1.0%) 3 (2.9%) 4 (1.0%) 10 (1.1%) 

Mild liver disease 2 (1.0%) 0 (0%) 0 (0%) 4 (1.0%) 6 (0.7%) 

Hemiplegia 0 (0%) 0 (0%) 0 (0%) 2 (0.5%) 2 (0.2%) 

Renal failure 0 (0%) 1 (0.5%) 3 (2.9%) 33 (8.5%) 37 (4.1%) 

AIDS 0 (0%) 0 (0%) 0 (0%) 0 (0%) 0 (0%) 

Treatment-allocation over time was plotted to visualise general trends within the context of the 

landmark CROSS (neoadjuvant chemoradiotherapy + surgery) and FLOT4 (neoadjuvant 

chemotherapy + surgery) trials as well as assessed on partial dependence by epoch for effect 

on treatment probabilities (Figure 4.1 & Supplemental Figure 8 respectively) (8,9). 
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Figure 4.1 - Curative treatment allocation between 2009-2022, by year at UHS.  
Approximate time points for dissemination of the CROSS and FLOT4 trials 
which provided seminal evidence for NACRT and NACT respectively are also 
overlayed for reference. The pre-CROSS time-period, Cross-to-FLOT4 time 
period and post-FLOT4 period were incorporated into the classification model 
as epochs.  

4.5.2 Model performance 

Classification performance for the RF classifier model using multi-class receiver operator 

characteristic area under curve (ROC AUCs) is illustrated in Figure 4.2. All classes were 

separable with excellent AUCs, (neoadjuvant chemotherapy + surgery (NACT+S) 0.90, 

neoadjuvant chemoradiotherapy (NACRT+S) 0.88, Surgery-only 0.88, Palliative therapies 0.99) 

with reasonable calibration (Figure 4.3) and mean balanced accuracy (0.795±0.008). This again 

aligns with previous experience of the use of random forest models classifying curative OC 

treatment plans in a smaller dataset (108). 
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Figure 4.2 - Multiclass ROC curve for random forests treatment classifier representing a 
one vs others class-prediction performance.  K=5 Cross-validation was 
conducted using an 80:20 split. Mean ROC is presented ±1x Standard Error of 
the Mean.  

 

Figure 4.3 - Calibration plots for the RF model by outcome class prediction. Key: CRT + 
Surgery = NACRT+S, Chemo + Surgery = NACT + S. 

 

4.5.3 Variable importance 

Variables such as clinical TNM stage and tumour characteristics (location & histology) 

comprise standard criteria for treatment planning within national guidelines with cM stage and 

performance status key differentiators for curative versus palliative pathways (122). On relative 
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variable importance however, age notably ranked third when trained on the full cohort (Figure 

4.4a) after cM stage and performance status, followed by, epoch, cN stage, cT stage, referring 

location, tumour site and histological subtype. In view of its consistently high ranking, we 

focussed on age in PD analysis both in isolation and in combination with these variables to 

examine their interrelations further. Within a second ‘curative-only’ model age ranked first, 

further validating its focus within this study (Figure 4.4b).   
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Figure 4.4 – Relative variable importance plot of the Random Forests classifier model.  
Importance values are plotted for all patients (a) and curative patients only (b) 
in rank order with most important at the 

4.5.4 Influence of Age on Treatment Decisions  

Variation in treatment probability due to age alone was investigated using individual conditional 

expectation plots (Figure 4.5). In all groups, a noticeable change in probabilities occurs after 75 

years. Patients predicted for surgery-alone experience a probability rise between 75 – 85 years 
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after which they return to pre-75-year baselines. For neoadjuvant therapy (NAT), probabilities 

fall sharply after 75 years, however this decline starts as early as 70 years in the NACT+S group. 

Palliative pathway probabilities are largely consistent prior to 75 years however a clear upshift 

is seen beyond this time point.  

The patient cohort was segregated into two subgroups (< 75 years vs 75+ years) to statistically 

test for age-related differences between treatment classes (Table 4.2). No significant difference 

was found between treatment groups within the younger subgroup or between NACT vs NACRT 

within the older cohort. A significant difference is seen between the palliative cohort against 

curative treatments as well as between Surgery and both NAT modalities within the older 

cohort. 

 

 

Figure 4.5 - Individual conditional expectation plots for predicted probability of treatment 
decision against age.  Predicted probability (y axis) of each treatment pathway 
is plotted against the age range of the cohort (x axis) for each patient (blue 
lines). The averaged curve is also provided (orange dotted line).  
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Table 4.2 - Kruskal-Wallis test for median age difference by subgroup outcome class  
(significant differences in bold) 

Δ Median age 
(75+) 

(P value) 

NACT+S NACRT+S Surgery Palliative 

NACT+S No data 0.3 years 

(P = 0.470) 

1.6 years 

(P = 0.015) 

6 years 

(P < 0.001) 

NACRT+S No data No data  1.9 years 

(P < 0.001) 

6.3 years 

(P = <0.001) 

Surgery No data No data No data 4.4 years 

(P < 0.001) 

Palliative No data No data No data No data 

Δ Median (<75) 

(P = 0.09) 

NACT NACRT Surgery Palliative 

NACT No data 0.7 years 

(P = 0.531) 

0.5 years 

(P = 0.531) 

1.4 years 

(P = 0.079) 

NACRT No data No data 1.2 years 

(P = 0.925) 

2.1 years 

(P = 0.391) 

Surgery No data No data No data 0.9 years 

(P =0.531) 

Palliative No data No data No data No data 

4.5.5 Age vs Tumour Staging 

The relationship between age and tumour staging (cT/cN) stage was assessed (Figure 4.6, 

purple regions represent low probability, yellow regions represent high probability). For surgery-

alone strategies, age proved minimally influential under 75, directed instead by disease-stage. 

From 75-85yrs however, probabilities increase independently of staging. The probability 

contours demonstrated most variation for the surgery-alone group at approximately cT2 N0 
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indicating this group may experience significant variability in treatment plans. For NACT+S, 

highest likelihood (yellow) was focussed on cT3-4 N1 for under 75s after which likelihood 

dropped in line with advancing age. A similar pattern was observed for NACRT+S however the 

high probability zone is comparatively larger, extending from cT1-3 and cN0-1. For palliative 

therapies, advancing age acted synergistically with stage. As cM stage only applies to non-

curative patients it could not be meaningfully assessed across pathways, however it 

demonstrates a binary influence across all treatments (Supplemental Figure 9). 

 



Chapter 4 

119 

 

Figure 4.6 - 2-Dimensional Partial Dependence contour plot of Age vs cT Stage (a) and cN 
stage (b) on predicted probability of a treatment pathway.  Interrelation 
between disease staging and patient age is mapped against four distinct OC 
treatment modalities: Surgery (S), NACT+S, NACRT+S and Palliative 
management. The x-axis delineates the age range of the patient cohort, while 
the y-axis captures the various cT/N staging levels on a continuous axis. 
Intensity of the colour gradients within the contour plot signifies the likelihood 
of selecting a particular treatment, with yellow shades indicating higher 
probability while purple regions indicate lowest probability and numbered 
contours equate to that probability (e.g., 0.24 = 24%). 

4.5.6 Age vs Tumour characteristics 

Tumour location demonstrated a hierarchical influence, conferring greater likelihood for 

surgery-alone strategies with progressively more distal tumours (Figure 4.7a). A similar, 

exaggerated effect is seen in NACT+S cases whereas this grouping is closer for NACRT+S. Mid-

distal oesophageal tumours showed higher likelihood for NACRT+S while gastro-oesophageal 

junction (GOJ) type 1-2 and proximal oesophageal tumours exhibited a lower probability. 
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Proximal tumours were associated with highest likelihood for palliative pathways. Across 

modalities age continued to exert little influence under 75 years.  

Histology separated base probabilities for all treatment choices independently of age (Figure 

4.7b). Irrespective of age, adenocarcinomas were more likely to receive surgery-only and 

NACT+S over squamous cell carcinomas (SCCs) which were more likely to be assigned 

NACRT+S or palliative pathways. Palliative therapy likelihood rose in step with advancing ages 

regardless of histology. 

 

Figure 4.7 - Averaged Partial Dependence Plot of Age vs Tumour Location (a) and Tumour 
Histology (b) on treatment decision probability.  to visualise interrelationships 
between the covariates. 

 

4.5.7 Age vs Performance Status  

The relationship between age and Performance Status (PS) demonstrated clear clustering into 

two patient cohorts across modalities: PS0-1 and PS2-4 (Figure 4.8). Under 75 years, age exerts 

minimal influence on surgery-alone probability. In older patients, PS0-1 cases experience a 

probability rise while PS2-4 patients follow a consistent low-probability trajectory, confirming 
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that advanced age forced selection of the fittest patients for surgery-alone strategies.  PS0-1 

patients were significantly more likely to get either NAT modality under 75 years after which 

probabilities re-converged with the PS2-4 cohort. PS2-4 patients were again much more likely 

to be assigned palliative pathway designation for across all age groups while PS1 patients only 

start to converge with the PS2-4 cohort after 75 years. 

 

Figure 4.8 - Partial Dependence Plot of Age and Performance status (PS) on treatment 
decision predicted probability. 

4.6 Discussion  

4.6.1 Summary of findings 

This study applied XAI techniques to quantify the influence specific clinical variables exert on 

the probability of a given treatment decision by the OC MDT. The study’s findings of a model 

demonstrating strong AUC, balanced accuracy and calibration show that ML combined with XAI 

techniques can act as a vehicle to interrogate and analyse team-based decision-making 

dynamics with a granularity superior to classical statistical approaches. The ability to extract 

quantifiable objective insights, the majority of which align with observed clinical practice 

reinforces trust within the underlying model as a microcosm of the human MDT from which it 

draws inferences. As a proof-of-principle, the modelling in this study was not aimed towards 

clinical outcomes downstream of the decision (such as survival or quality of life), instead 

intentionally focussed on the route towards the treatment-decision itself in the first instance. 

4.6.2 Age as a potential subconscious bias 

Age, while not traditionally a criterion within management guidelines proved significant to OC 

treatment decisions, a finding consistent with our previous work which we are able to examine 
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in detail here (108). An important checkpoint within the seventh decade of life is highlighted 

which splits patients into two cohorts experiencing differing probabilities for treatment 

pathways. Patients over 75 years remain more likely to receive surgery-alone or palliative 

strategies and less likely to be offered NAT. As previous studies have historically highlighted a 

change in risk profile at 75 years this remains in keeping with our findings (212,213). 

Furthermore, this study indicates age may act as a surrogate marker of patient fitness even in 

the presence of functional metrics such as performance status. We shared these findings with 

our MDT and asked if they recognised chronological age as an influential to their decision 

making. Initially, members believed that age was not a routine consideration in their decision-

making. However, after engaging in reflective feedback sessions, they recognised that age did 

play a role, albeit subconsciously though they had not initially been able to place a specific age 

cut-off. This led some members to consider other possible subconscious influences and 

whether these were biases or simply based on experience (190).   

4.6.3 Variability in treatment decisions 

We have explained the relationship within our model between disease-staging co-variates and 

age, with the former more important in the under-75 group and the latter driving choices 

thereafter. Of interest, we observed the greatest variability in decision-making (depicted by a 

broad range of partial dependencies) for surgery-only strategies in those with cT2N0-1 disease. 

This fits a long-established controversy within the UK regarding the optimal management of this 

cohort. By definition cT2N0 disease breaches the muscularis propria with further potential for 

submucosal lymphatic invasion, leading to unpredictable tumoral behaviour within this group 

(214). Compounded with historically high rates of under-staging, this cohort poses a 

therapeutic dilemma – utilise potentially toxic NAT (presuming undetected nodal disease) and 

risk deconditioning patients out of surgical fitness with potentially no additional survival 

advantage (215,216).  

NAT decisions were mainly influenced by advancing age over staging with NACRT deployed over 

a wider age and staging range than NACT, but a drop in use of NAT altogether in older patients. 

This is attributable to a broadly held view that NACT regimes such as FLOT (Fluorouracil, 

Leucovorin, Oxaloplatin, Docetaxel) may be more toxic or less tolerated than NACRT 

(10,14,217–220). It is worth noting however that while successful completion of all cycles for 

NACT regimens (e.g., pre- and post-operative FLOT) are lower versus NACRT, a high proportion 

still manage all pre-operative cycles to reach surgery (10,221). Furthermore, concern over 
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adverse effects with NACRT on tissue friability and anastomotic leakage rates intra- and post-

operatively has prompted some Chinese units to favour NACT, even in OSCC for those with 

perceived poor treatment tolerance or frailty (218,220,222). PD analysis suggested that NACT+S 

use within our unit dropped during epoch 2 (CROSS-FLOT4) but without rebounding post-FLOT4 

as NACRT+S did after CROSS. This may be due to slower uptake by those keenly established in 

using NACRT+S especially while clinical equipoise persists regarding survival advantage.  

Modelling with trial epochs thus allows for changes in practice over time and requires periodic 

re-evaluation following future trials (10,223).  Predictably, staging was synergistic with age on 

palliative pathway prediction reflecting the combination of disease burden and frailty 

associated with advanced age.  

4.6.4 Is Age perceived as a surrogate marker of functional fitness? 

The interrelation between age and performance status is particularly interesting within this 

study as historically the former has sometimes been treated as a surrogate marker of frailty, 

prejudicing older patients away from aggressive treatments (177,213,224). While it is important 

to identify and mitigate against inequitable biases such as treatment allocation driven primarily 

by age alone in favour of a more objective metric of functional capacity it is also important to 

recognise that some of this perceived bias may in fact represent earned and lived experience 

clinicians who have treated and operated on the older patient population and their associated 

risk (225,226). Furthermore, there is evidence to argue that not all “bias” necessarily equates to 

inequity, as some biases may in fact ensure that a patient unlikely to cope or tolerate intensive 

therapies is not needlessly overtreated without pause for what may in their best interests (227).  

PD analysis in this study also grouped patients into two dominant performance status clusters 

independently of age: PS0-1 versus PS2-4. The PS2-4 cluster experienced a significantly lower 

likelihood for NAT and were much more likely to be offered palliative treatments fitting a well-

established prognostic significance of pre-treatment patient physical activity. Metabolic 

Equivalents or METS (measured by oxygen consumption at rest and used in anaesthesia to 

quantify perioperative functional capacity) are predictive of poor outcomes at scores of 4 or 

less (228).  Physical activity commensurate with such scores approximate to PS2 or worse, 

suggesting that this clustering reflects anticipation for treatment-related morbidity in this 

cohort.  While national guidance on stratifying PS in curative OC cases is not currently offered, 

PD analysis allows for ML-driven benchmarking of observed clinical practice against current 

recommendations, a concept being explored in other surgical specialties (229). It seems 
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ultimately that clinicians may in fact be using both age and PS in combination to reach 

decisions for treatment allocation, with age perhaps holding more weight in those over the 77-

year-old threshold and PS coming to the forefront in the younger population. 

4.6.5 Tumour characteristics on neoadjuvant therapy choice 

Tumour characteristics also outweighed age in the under-75s in driving treatment probabilities. 

GOJ tumours were more likely to receive surgery-alone versus oesophageal lesions and 

significantly more likely to receive NACT than NACRT. This is partly over concern for collateral 

radiation-induced damage to the planned gastric conduit at surgery, and in part to a historical 

body of trial data focussed primarily on oesophageal tumours (8,230–233). Across NAT, these 

decisions remain consistent until late into the 7th decade, at which point the deleterious effect 

of age is observed. High oesophageal tumours were additionally more likely to receive palliative 

outcomes versus distal lesions, in keeping with the significant challenges curative 

management for such lesions pose, and where resection in particular may be extensive (234). 

Histology and age followed a similar pattern with adenocarcinomas more likely to receive 

surgery or NACT+S independently of age while SCCs were favoured for NACRT+S and palliative 

outcomes. This fits with the radiosensitivity of SCC subtypes coupled with greater potential for 

tumour response however a survival benefit from NACRT for adenocarcinomas however 

remains debateable (235,236).  

4.6.6 Implications of this study 

In 2016, Cancer Research UK, demonstrated that MDTs within the UK were operating under 

significant strain and resource scarcity (26). Among many of their key findings was a significant 

challenge for MDTs finding the time to audit and reflect on their decision-making processes. 

Although numerous studies have, in recent years, demonstrated the capabilities of AI to 

support, replicate, or even beat the human clinician in clinical tasks, none to date have 

considered the benefit of AI in auditing or unpicking the human decision-making process (237).  

This study shows that AI may also provide significant benefit as vehicle for early-warnings of 

subtle shifts in practice, sub-conscious or even unconscious bias, and identifying areas where 

variability indicates a definitive knowledge gap which may in turn guide research questions 

downstream. XAI techniques offer the best way forward by championing accurate, capable 

high-functioning AI while balancing this with the need for transparent, auditable processes. 
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When working in symbiosis with human counterparts within the MDT, this can provide for the 

ideal of “AI-augmented clinicians” (196).  

4.6.7 Study limitations and strengths 

This was a single-centre retrospective analysis of 893 OC patients over a 13-year period during 

which a number of shifts in oncological practice have undoubtedly occurred in both NACT 

regimens and emerging immunotherapies. However, little clarity has been achieved even now 

in optimal NAT regimens or management of cT2N0 patients. The strength of this study is in its 

novel use of XAI on a large single-centre cohort of nearly 900 patients evaluating both curative 

and non-curative treatment pathways which broadens its generalisability. We have 

demonstrated how transparency can be introduced for team-based oncological treatment 

decisions, detailing clear shifts in human decision-making when faced with specific 

clinicopathological scenarios in oncological settings known to suffer chaotic leadership styles 

(238). This approach allows us to examine and re-examine the robustness of our decision-

making to standardise practice for OC patients (especially given that there is evidence to 

indicate heterogeneity of decision-making even between OC MDTs (24)) and can be applied to 

other MDTs regionally, nationally or internationally in future for direct comparison of MDTs as 

well as being translatable to MDTs from other cancer types. Where MDTs have little time across 

cancer types for audit, self-reflection or learning (23,26,66,149,174), global XAI could be 

integrated into MDT workflows as part of annual departmental audits for quality control, sense-

checking shifts in practice. Training data drift can be tracked to ensure models remain 

appropriate and true to the local population (239). As CDSS tools the evolve, local XAI 

techniques such as LIME and SHAP may be integrated within the user-interface to offer 

additional instance-level explanations in real-time tailored to the individual patient (209,210).  

While the present study is not designed to determine the clinical justification for decisions 

influenced by variables such as age, it highlights scenarios for MDTs to focus upon during 

clinical governance processes while introducing clinicians to the capabilities of AI-derived 

decision support. 

However, while XAI techniques explain recommendations, this does not automatically 

guarantee clinician uptake of that recommendation. A recent study testing clinicians’ fluid-

prescriptions when offered additional advice from simple AI or XAI noted little difference on 

self-reporting, in outcome whether explanations were provided or not, questioning whether 

explanations were of material benefit above an AI recommendation (240). The study faced 
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some methodological challenges, namely the reliability of self-reporting, sample size and the 

generalisability of the clinical scenario. The question it raises however is valid, engagement 

often depends on the user's level of technical understanding, the effectiveness of 

communication methods for explanations, and whether clinicians perceive the explanations as 

beneficial beyond ML experts (195,241). Despite this, the prevailing wind within healthcare 

remains a need for trustable AI solutions which open the “black box”. Bridging the gap to non-

technical clinicians must the occur through education programs to ensure they can critically 

appraise not only AI models but the explanations which may accompany their outputs(242).   

4.6.8 Future work 

Future work will include applying the technique to external centres to compare and contrast our 

findings both within OC but also in other cancer-types. Testing other well-known ML algorithms 

from more inherently interpretable options such as decision-tree models and more complex 

ensemble learners such as eXtreme Gradient Boost may also be useful in evaluating insights 

across algorithms. Furthermore, ongoing work within this space will inevitably lead to the co-

development of ML-derived decision-support tools trained on human-led MDT decisions. By 

applying Responsible Research and Innovation (RRI) frameworks we are currently engaging with 

and including stakeholders’ opinions (oncologists, radiologists, psychologists, computer 

scientists, and patient representatives) to identify strategies for optimal implementation, 

acceptability and usability of such an ML-derived tool (243). We are incorporating RRI principles 

to support multidisciplinary scientific collaboration, anticipate key future challenges and 

reflect on better practices for responsible data governance. The need for explainable and 

preferably interpretable models built on RRI principles is paramount, especially now with the 

potential for AI in healthcare to transform the practice of medicine in general. The approach 

presented here represents a route towards trust within these frameworks by first offering global 

insight into team-level decision-making when mirrored by ML. While the model used in this 

study is tailored to our local MDT, the process can be performed either on a population-level for 

scalability or targeted to a specific unit, to enhance data diversity and representativeness of 

underrepresented demographic groups or geographical areas).  Understanding decision-

drivers, some of which we argue are sub-conscious in practice, is invaluable for the pursuit of 

personalised medicine for OC patients and essential in building clinician-patient trust in future 

implementations of AI within OC.    
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4.7 Conclusion 

This study applied XAI methods to highlight how significant, yet sometimes subconscious 

factors like age may influence treatment decisions for OC patients. While treatment choices 

are often framed by clinical factors, age remains salient even with functional metrics like 

performance status delineating patients into a fitter cohort, more likely to undergo all curative 

treatments, versus an unfit less-eligible group. The uniformity in predicted probabilities for 

curative treatments persists only until the 7th decade of life. After this, a notable rise in the 

probability for surgery-alone and palliative options is juxtaposed against a decline in 

neoadjuvant therapy (NAT) prospects. Our analysis not only emphasizes age’s pivotal role 

amidst traditional clinical drivers but also showcases the clarity and insight achievable with ML 

in navigating complex treatment landscapes. This explainability is crucial for clinician-

engagement and trust within future AI-based decision support tools. 

4.8 Research in Context 

The technical elements of this thesis have endeavoured to set the foundations for both 

prediction generation and explainability, both at the global level and the instance level. As 

described within Chapter 1, the work from Appendix F highlighted areas of alignment between 

MDT models as well as areas of discordance and differences in perception between what the 

machine deems important in OC treatment allocation and what the human in the room might 

believe to be important in reaching that decision. This work already showed signs that MDT 

personnel felt positive towards the use of AI-driven decision support within MDT settings. 

However, the foundations of useable and trusted AI include technical validation, transparency, 

stability, upgradeability and end-user buy-in. These needs must be met to allow such a CDSS to 

integrate, be trustable to be used sufficiently to provide value to the MDT and the wider 

healthcare infrastructure. The following chapter aims to draw all these threads together by 

firstly validating the ML models with external data for a truer sense of generalisability, then 

building these models into a user interface which allows users insights into why a prediction is 

generated, and finally integrating a program of Responsible Research and Innovation which 

allows key stakeholder such as MDT clinicians, patients, and patient representatives to 

vocalise the needs they feel must be considered in how such a CDSS evolves and is used. The 

outcome of this chapter is a CDSS which offers externally validated predictive performance, 

explainability and is cognisant of future needs for its evolution.  
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5.2 Summary 

The oesophageal cancer (OC) multi-disciplinary team (MDT) operates under significant 

pressures, handling complex decision-making. Machine learning (ML) can learn complex 

decision-making paradigms to improve efficiency, consistency, and cost if trained and 

deployed responsibly. We present an externally validated ML-based clinical decision support 

system (CDSS) designed to predict OC MDT treatment decisions and prognosticate palliative 

scenarios, co-designed using Responsible Research and Innovation (RRI) principles. 

Clinicopathological data collected from 1931 patients between 4th September 2009, and 8th 

November 2022 were used to test and validate models trained through four ML algorithms to 

predict curative and palliative treatment pathways along with palliative prognosis. 953 OC 

cases treated at University Hospitals Southampton (UHS) were used to train ML models which 

were externally validated on 978 OC cases from Oxford University Hospitals (OUH). Model 

performance was evaluated using Area Under Curve (AUC) for treatment classifiers and 

calibration curves for survival models.  A parallel RRI program at the University of Southampton 

(United Kingdom) combining clinician interviews and inter-disciplinary workshops was 

conducted between 16.3.23 and 23.5.24. The RRI program comprised a group of 17 domain 

experts comprising programmers, computer scientists, clinicians and patient representatives 

to allow end-users to contribute towards the co-design of the CDSS user interface.  

Cohorts differed in baseline characteristics, with the external cohort (OUH) being younger, 

having better performance status, and a higher prevalence of pulmonary and vascular disease. 

Despite these differences, the primary treatment model achieved mean AUCs of 0∙873 – 0∙909, 

and 0∙711-0∙815 for the palliative classifier model (averaged across k=5 cross-validation).  On 
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bootstrapped resampling, mean primary classifier AUCs ranged from 0.863-0.867 (95% CI 

ranging 0.862-0.868) and mean palliative classifier AUCS 0.736-0.799 (95% CI 0.734-0.800). 

Predicted survival probability from the palliative survival model was well calibrated over the first 

12 months post-diagnosis in both cohorts. The RRI program provided a collaborative 

environment leading to valuable modifications to the CDSS including prediction explanations, 

visual aids for survival and integrated education for users producing a user-friendly and quick to 

use tool. 

We present a novel, responsibly developed, externally validated AI CDSS trained to predict 

oesophageal cancer MDT decisions. It represents the foundations of a transformative 

application of ML, personalised, consistent and efficient MDT decision-support within OC 

which aligns to RRI principles. 

5.3 Funding 

Doctoral Studentship for NT (Institute for Life Sciences (University of Southampton) & University 

Hospital Southampton), UKRI TAS Pump-Priming Grant (TAS_PP_00167). 

5.4 Research in Context 

5.4.1 Evidence before this study 

Machine learning (ML) a branch of Artificial Intelligence (AI) may offers a viable solution towards 

supporting clinicians however to date no externally validated models have been reported within 

Oesophageal cancer (OC). We searched PubMed on August 27th, 2025, without date or 

language restrictions for publications using the terms “Machine Learning” AND “Oesophageal 

cancer” AND “Multidisciplinary Team” (or “Cancer Board” or “Tumour Board”). We did not 

identify any additional studies beyond those previously published by this research group 

investigating ML as a means of predicting treatment assignment at MDT for OC.   

5.4.2 Added value of this study 

The machine learning algorithms used within this study are easily accessible, off-the-shelf 

libraries and compatible within the current digital healthcare infrastructures of many countries 

worldwide. The resulting CDSS, which provides both treatment classification and palliative 

prognostication has been externally validated using data from a separate geographical 
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catchment. Finally, the parallel Responsible Research and Innovation (RRI) program, has 

integrated early input from stakeholders in the development process. 

5.4.3 Implications of all the available evidence 

Our results suggest that ML can learn and predict MDT treatment decisions effectively in OC 

posing significant implications for future-proofing MDT operations against continued rises in 

caseload both within OC as well as other cancer types. Future iterations can also adapt to 

novel molecular markers and treatment modalities. The CDSS here provides rapid decision 

support for OC MDT personnel as well as a platform with which to counsel patients.  

5.5 Introduction 

Oesophageal cancer (OC) is the 7th commonest cause of cancer death worldwide and is a cancer of 

unmet need (244,245). Affected patients commonly present beyond their late 60s, are nutritionally 

compromised and often co-morbid. They require high-quality decision-making as treatment options 

have grown in number and complexity, each carrying significant survival and quality of life 

implications (18). Cancer multidisciplinary teams (MDTs), while greatly improving patient outcomes, 

face a relentless increase in caseload and clinical complexity (26). They are susceptible to pressured, 

inconsistent and potentially suboptimal decision-making (23,24).  

 

In 2017, Cancer Research UK evaluated UK MDT services finding an urgent need for evolution and 

adaptation within their operational framework (26). Their report stressed an aging 

population combined with expanding treatment options had led to caseload volumes rising linearly 

with almost no corresponding increase in MDT resources to adapt or cope, a scenario common to 

many economies and countries. MDTs had on average 2-3 minutes to discuss cases, with no 

additional time to audit, reflect or learn from their internal decision-making. The MDT’s challenges 

are also financial: the national cost of MDTs in the United Kingdom was estimated at £50 million in 

2010, £88 million in 2011/12, approximately £150 million by 2014/2015 and £316 million as of 2024 

(26,246,247). While this data is now over a decade out of date, there is nothing to indicate that the 

situation has improved in that time with regards to cost or case discussion time. Furthermore, 

assuming a starting NHS consultant salary of approximately £100,000 p.a., a 3-hour MDT would cost 

at minimum £7,500 per consultant present per year (with a minimum of 4-5 consultants present 

being typical of most MDTs). Reducing an MDT by even an hour could provide a hospital significant 

savings over a calendar year.  



Chapter 5 

135 

 

A process to streamline, prioritize, and ease MDT caseload is essential within the current economic 

climate of many world regions. Artificial intelligence (AI) has seen a boom in healthcare use-cases in 

the form of clinical decision-support systems (CDSS) (38,39,41,44). Machine learning (ML), a branch 

of AI which leverages advanced computational power to identify patterns within complex and 

multimodal data has provided one such engine for CDSSs and its potential to support OC 

management has been recently recognized (63,73). ML has seen increasing adoption within early 

detection of cancer (248–250)  yet while AI platforms have been applied to MDT-style frameworks in 

some medical fields, OC MDTs have remained untouched in this regard (41,43,44,63). Similarly, a 

paucity of qualitative evidence exists on the viewpoints of clinicians and patients on the use of AI 

CDSSs in OC which creates a knowledge gap when design such tools for translation. Medical AI (MAI) 

necessitates trustworthy, ethical and responsible innovation (55). Where much of the literature has 

focused on proving MAI tools, there is a paucity of consideration for their implications on 

stakeholders from design-to-deployment (55). These include governance, handling bias, quality 

control, data drift detection and AI explainability (59). Responsible Research and Innovation (RRI) 

has developed in recent years to address this, aiming to maximise societal benefit while minimizing 

harm (60). The AREA framework (Anticipation, Reflection, Engagement and Action) is an example of 

this which integrates RRI within the life cycle of research programs (60).  

 

Within this study we present a novel, responsibly developed, externally validated AI CDSS trained to 

predict oesophageal cancer MDT decisions. The tool utilizes readily accessible, off-the-shelf ML 

algorithms built into a user-friendly interface. The CDSS was co-designed with Patient & Public 

Involvement (PPI), clinicians, and computer scientists specialising in AI. By harnessing AI-based 

technologies in a bid to replicate and simulate OC MDT decision-making ML may be able to offer the 

potential to streamline, standardize and increase efficiency within the OC MDT operational 

framework in a manner which still aligns with Responsible AI (RAI) principles. 
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5.6 Methods 

 

This was a mixed-methods study including a retrospective complete-case analysis of 

oesophageal cancer patients across two tertiary referral centres in the UK (University Hospital 

Southampton and Oxford University Hospitals) under the ethical approvals of IRAS 233065 & 

319540. 

5.6.1 Study cohort 

5.6.1.1 Training Cohort 

Oesophageal cancer patients discussed at MDT at University Hospital Southampton (UHS) 

between 2010 - 2023 were identified from a prospectively maintained local database and unit 

submission records to the UK National Oesophagogastric Audit (NOGCA). Treatment decisions 

were based on UK National Institute for Clinical Excellence (NICE) guidelines (63,122). Patients 

who present with non-metastatic disease (T0-4, N0-3, M0 disease) and fit (determined by the 

referring clinician and ratified by the MDT) for neoadjuvant therapies and/or surgery are filtered 

down curative pathways. For those with metastatic disease at presentation, or who are non-

metastatic but felt too unfit for curative treatment are managed with palliative intent which may 

also be filtered based on their performance status (PS 0-2 patients for example, are deemed 

eligible for 1st-line palliative chemotherapy by NICE).  

The mainstay of curative treatment for locally advanced OC is surgical resection alone 

(designated “Surgery”) or surgery combined with neoadjuvant therapy (NAT) (neoadjuvant 

chemotherapy (designated “Chemo”) or neoadjuvant chemoradiotherapy (designated “CRT”)).  

While a small proportion of patients detected early are eligible for endoscopic resection, their 

management remains controversial and entry to the MDT, nuanced meaning they could not be 

standardized to allow a fair comparison (251). While they were excluded from the external 

validation process, the results of a UHS model incorporating endoscopic resection are 

presented separately within the supplementary materials. Definitive CRT as monotherapy was 

also excluded from this study owing to insufficient training data for meaningful modelling.  

In general, non-curative patients are offered one of five possible outcomes: best supportive 

care (designated “BSC”), palliative chemotherapy (designated “Chemo” within the palliative 
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models), palliative radiotherapy (designated “RTX”, typically to either the primary tumour 

and/or symptomatic secondary sites amenable to radiotherapy, however for the purposes of 

this study, RTX was defined as therapy to the primary tumour), palliative oesophageal stent 

alone, or with an oncological adjunct (chemotherapy or radiotherapy, and designated 

“Stent_Onc”).  

Predictor variables for model training were derived from clinicopathological variables known to 

be routinely considered by the MDT. Clinical staging was assessed on baseline imaging 

(Computer Tomography (CT) and/or Positron Emission Tomography (PET)) and tissue biopsies in 

accordance with the American Joint Committee on Cancer (AJCC) Tumour-Node-Metastasis 

(TNM) staging system (7th edition until 2017 and 8th edition thereafter). Novel molecular markers 

and immunotherapies which have been approved for metastatic disease in the UK since 2021 

were not built into this first generation of models as these are emerging treatments and 

consequently there was insufficient training data for inclusion.   

 

5.6.1.2 External validation cohort 

The validation cohort were identified from a prospectively maintained clinical database (Cancer 

Outcomes Database Application for Upper GI or “CODA-UGI”) at Oxford University Hospitals 

(OUH) which was similarly submitted to NOGCA. The included patients were discussed at MDT 

over the same study period and underwent the same inclusion/exclusion criteria as the training 

cohort. 

5.6.1.3 Ethics 

This research (including all relevant participant informed consents) was conducted under the 

following ethical approvals; The United Kingdom Heath Research Authority (HRA) Integrated 

Research Application Systems (IRAS) 233065 & 319540 as well as under the approval of the 

local ethical review board: University of Southampton Ethics Research & Governance Online 

(ERGO) 70735. Anonymised external validation data access was granted after review by CODA-

UGI data access committee, and following registration and approval via the Oxford University 

Hospitals governance platform (project no. 8441). 
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5.6.2 Statistics 

5.6.2.1 Patient Sample 

Sample size was dictated by the number of retrospectively recorded cases available for 

analysis at both centres. As a specific “effect” is not sought here from comparing treatment 

outcomes, a sample size calculation was not relevant to this use case. We set a historical 

boundary at 2010 to ensure we balanced maximising sample size while ensuring treatment 

paradigms remained relevant and still in-practice within the modern era. 

5.6.2.2 Cohort comparison 

Differences between the training and validation cohorts were assessed using Standardised 

Mean Difference (SMD). An SMD of 0.2 was deemed a small difference, 0.5 a medium 

difference and 0.8 a large difference.  

Numeric performance metrics where relevant are presented as mean ± standard deviation (SD) 

and mean ± standard error from the mean (SEM) for the 5-fold cross-validated models. Where 

model performance has been tested with bootstrapped resampling, 95% confidence intervals 

have also been provided. 

5.6.2.3 Model comparison 

Differences in performance between algorithms were analysed using the Kruskal – Wallis test 

coupled with the Pairwise Wilcoxon Rank Sum Test where appropriate (p values were adjusted 

using the Benjamini-Hochberg correction, (p <0.05 was deemed significant)).  

 

5.6.3 Machine Learning Model Development 

5.6.3.1 Data preparation and analysis  

Data analysis, model training and validation were conducted in R (version 4∙2∙2) with relevant 

packages described where first used (Supplemental materials). The features used in this study 

(Table 5.1) are derived from a combination of domain expertise and UK national guidelines 

(122).   Data was manually checked for quality control by NT and CP. Data entry was 

standardised for analysis using terminology accepted within the clinical field. As this was a 

complete analysis, any missing data was retrospectively extracted from hospital electronic 
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health records to ensure high-fidelity quality control. Age and overall survival were treated as 

continuous variables, while the remaining covariates were categorical (Table 5.1). Three 

separate decision-assistance models were developed: a primary classification model which 

triaged patients into either a specific curative pathway directly or triaged to a secondary, 

bespoke, palliative treatment classification model.  A third, survival model was also trained to 

predict prognosis for a palliative patient from time of diagnosis when factoring in palliative 

treatment. Survival analysis was first undertaken using a Kaplan-Meier survival estimator 

(“survival” package). Median survival was stratified by treatment with a log-rank test-of-

significance between curves. Overall survival was defined as survival from date of diagnosis to 

date of death or last recorded follow-up. 

5.6.3.2 Feature selection 

The features used in this study are derived from a combination of domain expertise and UK 

national guidelines (122).  The features outlined in Table 1 are common to both the full cohort 

model and the palliative models except for the additional “obstructing” variable within the 

latter which was defined as either severe dysphagia to solids and liquids or difficulty passing 

the gastroscope at the time of the original diagnostic gastroscopy (while dysphagia of some 

degree is a hallmark of OC even in curative settings, cases which are deemed curative at 

diagnosis have rarely progressed to a stage where the lesion is causing severe dysphagia or an 

inability to pass a gastroscope which is more typically of palliative cases). The final palliative 

treatment allocation was then included as an extra feature within the palliative survival models. 

Feature selection was primarily dictated by the clinical variables routinely collected at the 

respective training and validation units (this was to ensure a pragmatic access to realistically 

accessible variables combined with domain knowledge of variables routinely discussed at 

MDT. Race, BMI, smoking status for instance are not routinely discussed or considered beyond 

exception circumstance (in situations of extremely high BMI which may make surgery more 

challenging or risky for instance). Similarly, while the American Society of Anaesthesiology 

(ASA) grading system is assessed pre-operatively in all surgical candidates, this score is not 

used in those not undergoing surgery or those who are palliative. As such their performance 

status is a more practical variable as it is considered across treatment pathways. 
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5.6.3.3 Machine Learning algorithms 

The ML algorithms used in this study were chosen for several reasons: firstly, they allowed us to 

focus explainable, accessible and technically realistic ML architectures which can be 

implemented easily within current healthcare systems. In many world regions (including the 

UK) these systems are under immense financial and technological restrictions. Deep learning 

platforms were avoided as they are too opaque for this level of high-stakes decision-making, 

and too complex for easy implementation while still allowing regulators and hospital clinicians 

ready access to the explainability of the final decisions. Furthermore, high quality, clean, 

clinical data is notoriously difficult to curate at the scales needed for deep learning platforms 

which typically demand thousands if not tens of thousands of data points for quality learning, 

making standard architectures which can handle smaller datasets instantly more favourable. 

Finally, it is established that within tabular data structures, ML algorithms such as tree-based 

models outperform deep learning architectures when provided tabular data (252). Multinomial 

Logistic Regression, Random Forests and eXtreme Gradient Boost models were trained through 

“caret” package using “nnet”, “RandomForest”, and “xgboost” libraries respectively (108). 

Survival modelling used Random Survival Forests as these have been shown to outperform 

traditional Cox Proportional Hazard models for prognostication in OC patients post-

oesophagectomy (randomForestsSRC package) (73,153). 

5.6.3.4 Model Training 

Classifier models were trained in the “caret” package in R using the train() (the “method =” 

argument was determined by the base algorithm, “metric” was set to “logloss” and the 

“trControl” argument applied). The trainControl() function was used with “method = cv”. A 5x 

cross validation was set with the train and test folds from each indexed for tracking of 

predictions. The test fold predictions were then saved and averaged to provide individual ROC 

curves for each outcome class with 1x standard error of the mean (the rationale for this is 

described in the next section). A manual ROC for each class was generated over a single 

Multinomial ROC as this provided insight into which classes were best or least confidently 

discriminated. Additionally, internal metrics on balanced accuracy were obtained using the 

resamples() function (“caret” package) and averaged across the 5-fold CV models.  

The palliative survival model was trained using the rfsrc() training function (“randomForestSRC” 

package, ntree=1000, “nodesize =” was set based on the tune() function (ntreetry = 200)).  

Model hyperparameters for all final models will be provided within the Supplementary Results. 
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5.6.3.5 Validation and model performance 

Internal validation for the treatment classifier models was by k=5-fold cross-validation (“caret” 

package) to provide estimated generalizability error averaged across test sets in each fold. The 

final model for each algorithm was then trained on the full training cohort and tested on the full 

OUH validation cohort (external validation). Classifier models were optimised for log loss during 

training and their mean-model performance assessed primarily on balanced accuracy 

(accuracy weighted by class size) and area under the curve (AUC of the Receiver Operator 

characteristic (ROC)) for each outcome class (one vs rest) using default probability thresholds 

set by the caret package. As 5-fold cross validation was used (to optimise a balance between 

sufficient diversity in the test folds without reducing training set sample size unduly) providing 5 

sample metrics, 95% confidence intervals are not provided here as they assume a normal  

distribution (c.f. Kwak et al., 2017 (253)) and the law of large numbers and central limit theorem 

typically requires at least 30 samples for this to be testable. Importantly, the need for 

estimating generalisability error within the training set is largely obviated by a truly independent 

external validation set (oxford cohort) providing a direct assessment of generalisability. A 

standard error of the mean however is provided across these thresholds on the visual ROC 

plots for error estimation. To statistically test for differences in performance between classifier 

algorithms, AUCs were also generated over 1000 bootstraps (models were trained on the 

bootstrapped sample and tested on the out-of-bag cases). Mean, standard deviation, range and 

95% confidence intervals are provided for the bootstrapped model AUCs. Differences in 

performance between algorithms were analysed using the Kruskal – Wallis test coupled with 

the Pairwise Wilcoxon Rank Sum Test where appropriate (p values were adjusted using the 

Benjamini-Hochberg correction, (p <0.05 was deemed significant)).  

Survival forests were internally validated using bootstrapped resampling (1000 forests, ntree = 

1000 per forest) with hyperparameter tuning via the Tune() function. Mean-model performance 

was assessed primarily on calibration, while additional metrics: Prediction error and 

Continuous Rank Probability Score (CRPS) are also provided.  

Calibration curves were plotted both by quintile (based on survival probability at a single time 

point), and by event-probability at 3,6, and 12 months (“pec” package). Quintile-based survival 

curves were derived from mean test-set predictions averaged at each time point across all 

bootstrapped models and plotted against the corresponding Kaplan Meier (observed) survival 

probability.  Cases were stratified into quintiles based on predicted 1-year survival using the 

RSF model with Q1 being highest risk (0-20% predicted survival) versus Q5 being lowest risk of 
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death at 1-year (80-100% predicted survival). The predicted survival over 5 years is then plotted 

for each subgroup (the x-axis) as 5-year survival is a standard survival metric within oncology. 

This approach is again based on Rahman et al (73). Quintile-based plots provide evaluation of 

the model when patients are stratified by risk at a single defined time-point, while calibration 

plotted at sequential time-points allow for comparison of predictions across the cohort at 

multiple timepoints. This combined approach offers clearer insight into the optimal operating 

window for the model longitudinally and by patient-risk.   

Prediction error was defined as 1- Concordance (153). Here, concordance is the percentage of 

observation-pairs where the probability of a true event is greater than a true non-event (a 

perfect model error rate = 0) (154).  Error rate was extracted for each bootstrapped model and 

averaged.  

The Continuous Rank Probability Score (CRPS), (defined as Integrated Brier Score divided by 

time) is another measure of prediction calibration and derived from the Brier score (mean 

squared difference between predicted probability and observed probability  (155)). In this study 

it was averaged across all bootstrapped models (153). A perfect model scores 0 and a perfectly 

inaccurate model scores 1.  

Model fairness was not a primary outcome in this study however the impact of age on OC 

treatment allocation has been previously investigated (109). 

5.6.4 Responsible Co-Design 

To ensure the applicability and real-world utility of the CDSS we pursued an RRI program in 

parallel to the CDSS development. Heartburn Cancer UK, a leading charity for oesophageal 

cancer provided PPI, offering insight into the patient experience. Our approach involved early 

engagement with clinicians and computer scientists to ensure the tool was clinically relevant, 

technically sound and user-friendly. Regular RRI workshops were combined with semi-

structured interviews using MDT domain experts. These are detailed within the Co-Design 

section of the Supplementary Methods. 

5.6.5 User Interface 

Using insights from our RRI program, we developed a high-fidelity prototype of the User 

interface (UI) using the “Shiny” R package. Trained models were uploaded with their 

performance metrics, Receiver Operator Characteristic (ROC) curves and a short educational 
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summary of the performance metrics. The Palliative Survival model is presented using 

treatment-specific survival curves for the recommended palliative pathway and a user-

selectable alternative pathway to provide a visual comparison of the potential prognoses. For 

classifier models, a Local Interpretable Model-Agnostic Explanation (LIME, “LIME package”) 

was integrated to provide prediction explanations in real-time. LIME was used within the 

prototype UI as the package currently supports a diverse array of ML models through the 

“caret” package. 

 

5.6.6 Role of the Funding Source 

The funding sources were not involved in study design, data collection, analysis, interpretation 

of data or writing of this manuscript.
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5.7 Results 

 

5.7.1 Cohort demographics  

A total of 1047 eligible UHS cases were identified of which 94 were excluded for endoscopic 

resection, leaving 953 cases for training the initial model. Within the palliative sub-group 

(N=439), two were excluded from the palliative-specific models as they were assigned a non-

standard chemoradiotherapy regimen. As the initial model does not need to provide a specific 

palliative treatment however, they were eligible for inclusion within the primary model to 

maximise training data.   

Within the validation cohort, a total of 978 eligible cases were identified and provided by 
OUH of which 475 palliative cases were identified for validation the palliative 
models. The Training Cohort (UHS) and the Validation cohort (OUH) are outlined 
in Table 5.1. Detailed demographic breakdown by outcome class is provided in 
Supplemental Table 4 while palliative cohort demographics are provided in  
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Supplemental Table 5. 

The two cohorts differed in composition across several variables including age, performance 

status, cT and cN stage, tumour location, and incidence of chronic pulmonary disease, 

peripheral vascular disease and cerebrovascular disease (Supplemental Table 6). In summary 

the OUH cohort presented a typically younger, physically more active cohort despite a higher 

incidence of pulmonary and vascular disease. The distribution of biological gender, cM staging 

at presentation, tumour histology and incidence of the remaining co-morbidities were 

consistent in both cohorts 
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Table 5.1 Demographics for the Training cohort (UHS) and validation cohort (OUH). 
Standardized Mean Differences (SMD) are provided for the two cohorts. An 
SMD of 0.2 is considered a small difference, 0.5 medium and 0.8 or more, a 
large difference.  

Pre-treatment variables UHS 
(N =953) (%) 

OUH 
(N =978) (%) 

Test SMD 

Gender 

Male 718 (75.3%) 744 (76.1%) 0∙017 

Female 235 (24.7%) 234 (23.9%) 

Median Age in years (Range) 70.0 (21.0 – 96.7) 68 (29.0 – 96.0) 0∙156 

Performance status 

0 371 (38.9%) 712 (72.8%) 0∙726 

1 329 (34.5%) 150 (15.3%) 

2 160 (16.8%) 71 (7.3%) 

3 88 (9.2%) 43 (4.4%) 

4 5 (0.5%) 2 (0.2%) 

cT stage 

0 4 (0.4%) 0 0.885 

Is 3 (0.3%) 0 

1 7 (0.7%) 2 (0.2%) 

1a 1 (0.1%) 13 (1.3%) 

1b 1 (0.1%) 17 (1.7%) 

2 169 (17.7%) 196 (20.0%) 

3 557 (58.4%) 503 (51.4%) 

4 134 (14.1%) 7 (0.7%) 

4a 37 (3.9%) 138 (14.1%) 

4b 15 (1.6%) 72 (7.4%) 

X 25 (2.6%) 30 (3.1%) 

cN stage 

0 254 (26.7%) 313 (32.0%) 0∙340 

1 437 (45.9%) 310 (31.7%) 

2 183 (19.2%) 253 (25.9%) 

3 61 (6.4%) 97 (9.9%) 

X 18 (1.9%) 5 (0.5%) 

cM stage 

0 690 (72.4%) 712 (72.8%) 0∙047 

1 257 (27.0%) 263 (26.9%) 

X 6 (0.6%) 3 (0.3%) 

Tumour location 

Proximal Oesophagus 22 (2.3%) 20 (2.0%) 0∙885 

Mid oesophagus 102 (10.7%) 176 (18.0%) 

Distal Oesophagus 570 (59.8%) 321 (32.8%) 

Siewert 1 56 (5.9%) 256 (26.2%) 

Siewert 2 124 (13.0%) 205 (21.0%) 

Siewert 3 57 (6.0%) 0 

Siewert undefined 22 (2.3%) 0 

Tissue Histology 

Adenocarcinoma 749 (78.6%) 780 (79.8%) 0∙029 

Squamous Cell 204 (21.4%) 198 (20.2%) 

Co-morbidities  

Chronic pulmonary disease (CPD) 130 (13.6%) 179 (18.3%) 0∙128 

Peripheral vascular disease (PVD) 43 (4.5%) 23 (2.4%) 0∙119 

Cerebrovascular disease (CVD) 106 (11.1%) 44 (4.5%) 0∙249 

Uncomplicated diabetes (DM 
uncomp) 

128 (13.4%) 155 (15.8%) 0∙068 

Leukaemia 4 (0.4%) 1 (0.1%) 0∙062 

Lymphoma 11 (1.2%) 13 (1.3%) 0∙016 

Renal disease 39 (4.1%) 34 (3.5%) 0∙032 
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5.7.2 CDSS model performance 

5.7.2.1 Primary treatment model classification performance 

Performance of the primary treatment classifiers were first tested internally on 5-fold cross 

validation as well bootstrapped resamples after which the models were tested externally on the 

OUH cohort to confirm generalisability with a single-shot pass through each model (Table 5.2, 

Figure 5.1).  

On internal validation (UHS cohort) all three algorithms exhibited strong classification 

performance within the primary model. Mean balanced accuracy calculated for multinomial 

logistic regression (MLR), random forests (RF) and XGBoost (XGB) algorithms were 

0∙780±0∙008, 0∙752±0∙019 and 0∙781±0∙009 respectively. On cross-validation the XGB model 

performed best with a mean AUC across classes of 0∙909±0∙044 (MLR 0∙905±0∙048, RF 

0∙883±0∙059) and over 1000 bootstrapped resamples, mean performance was comparable 

across the algorithms with MLR and RF slightly outperforming XGB (MLR 0∙866 (95% CI 0∙866 - 

0∙867), XGB 0∙863 (0∙862 - 0∙864), RF 0∙863 (0∙867 - 0∙868), (Supplemental Table 7 & 

Supplemental Table 8)), although the differences in mean performance remained modest.   

On external validation (OUH cohort) the MLR model generalised best with a validation set mean 

AUC across classes of 0∙894±0∙056 (XGB 0∙887±0∙061, RF 0∙891±0∙059).  

Model performance was separately assessed on an internally validated UHS model 

incorporating an additional endoscopic resection class. Model performance is provided in 

Supplemental Figure 10 and Supplemental Table 9. 

Table 5.2 - Mean classification performance AUCs for the UHS test set versus OUH 
validation set. Best performance for each class within the UHS training and 
OUH validation sets is highlighted in bold.  

UHS 
Model 

UHS (N=953) 
OUH (N = 978) 

Chemo CRT Surgery Palliative Mean (±SD) 

MLR UHS test set 0.893 0.868 0.884 0.976 0.905±0.048 

OUH validation set 0.895 0.815 0.924 0.943 0.894±0.056 

XGB UHS test set 0.897 0.873 0.892 0.979 0.909±0.044 

OUH validation set 0.894 0.835 0.849 0.970 0.887±0.061 

RF UHS test set 0.872 0.835 0.847 0.978 0.883±0.065 

OUH validation set 0.890 0.835 0.865 0.973 0.891±0.059 
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Figure 5.1 - Mean cross-validated ROC curves for each classifier algorithm (UHS vs OUH). 
Shaded areas represent ±1x Standard error from the Mean. 
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5.7.2.2 Palliative classifier performance 

Palliative classifier performance was assessed in a similar manner. All algorithms performed 

well in classifying palliative treatment however the XGB models offered best performance on 

internal and external validation (Table 5.3). 

On internal validation, balanced accuracy for XGB, MLR, RF and were 0∙690±0∙013, 

0∙689±0∙018 and 0∙683±0∙028, respectively (Table 5.3, Figure 5.2). Mean AUC across classes 

were XGB 0∙815±0∙081, MLR 0∙805±0∙096 and RF 0∙793±0∙083. Over 1000 bootstraps, XGB 

again performed statistically best (0∙799 (95% CI 0∙798-0∙800) versus RF 0∙781 (0∙778 - 

0∙782) and MLR 0∙736 (0∙734 - 0∙737) (Supplemental Table 10 & Supplemental Table 11). 

On external validation Mean AUCs across classes were: XGB 0∙742±0∙064, RF 0∙730±0∙077 

and MLR 0∙711±0∙053. 

 

Table 5.3 - Mean palliative treatment classification performance AUCs for UHS (test set) 
versus OUH validation set. Best performance for each class are in bold. 

UHS 
Model 

UHS (N=437) 
OUH (N = 475) 

Chemo BSC RTX Stent Stent_Onc Mean 

MLR UHS 0.909 0.690 0.730 0.889 0.805 0.805±0.096 

OUH Validation 0.780 0.746 0.697 0.687 0.645 0.711±0.053 

XGB UHS 0.909 0.737 0.746 0.892 0.790 0.815±0.081 

OUH Validation 0.817 0.794 0.734 0.704 0.662 0.742±0.064 

RF UHS 0.881 0.713 0.712 0.875 0.782 0.793±0.083 

OUH Validation 0.821 0.784 0.739 0.670 0.636 0.730±0.077 
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Figure 5.2 - Mean cross-validated ROC curves for each palliative classifier algorithm (UHS 
vs OUH). Shaded areas represent ±1x Standard error from the Mean 
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5.7.2.3 Palliative survival model performance 

Palliative survival in both cohorts demonstrated significant survival differences between 

treatments (Figure 5.3). Best median survival was associated with palliative chemotherapy in 

each cohort (UHS: median 11.1 months (95% CI 9∙7-12∙2), OUH 11∙2 months (9∙9-12∙9)) 

followed by radiotherapy and stent ± oncological adjunct. However, while the stent only group 

survived longer in the UHS cohort, they experienced poorer outcomes relative to the BSC group 

within the OUH cohort. Supplemental Table 12 details median survival for both cohorts by 

treatment.   
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Figure 5.3 - Kaplan Meier palliative survival plots for the UHS cohort (a) and OUH cohort (b). 

  

The final random survival forest model, trained on the full cohort after internal validation, 

demonstrated a prediction error of 0∙331 and a continuous rank probability score (CRPS) of 

0∙077. On internal validation over 1000 bootstrapped models, mean prediction error was 
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0∙334±0∙018 while mean CRPS was 0∙112±0∙020. This was consistent with the validation 

cohort (Table 5.4).  

 Calibration curves were stratified by 1-year survival quintiles (Figure 5.4) as well as by whole-

cohort survival at sequential time points where calibration was best within the first 12 months 

(Figure 5.5). Quintile-based analysis indicated calibration was best for the three highest-risk 

quintiles (Q1-3). Model predictions were pessimistic for Q4 patients but over-optimistic by Q5. 

 
Table 5.4 - Survival model performance metrics for UHS and OUH cohorts 

Metric Cohort Score Reference Interpretation 

Prediction 

error (1-

Concordance) 

UHS model 0.334±0.017 0 = perfect concordance 

1 = perfect non-concordance 

Fair 

OUH 

validation set 

0.354 Fair 

CRPS 

(Integrated 

Brier 

Score/time) 

UHS model 0.112±0.020 0 = perfectly accurate model 

1 = perfectly inaccurate model 

Very Good 

OUH 

validation set 

0.093 Very Good 
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Figure 5.4 - Quintile Calibration curves for palliative survival model plotted with standard 
error over 60 months Quintile cases are stratified based on predicted 1-year 
survival probability as determined by the RSF model (Quintile 1 = 0-20% (a), 
Quintile 2 = 20-40% (b), Quintile 3 = 40-60% (c), Quintile 4 = 60-80% (d), Quintile 
5 = 80-100%)
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Figure 5.5 - Calibration plots for the UHS cohort versus OUH validation cohort at 3,6,9 and 
12 months post-diagnosis.
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5.7.2.4 OUH models 

To determine if the modelling process remained robust when applied to a non-UHS cohort the 

same algorithms were again trained using OUH as the training centre and tested on the UHS 

cohort as the external validation centre. XGB models again performed best on both internal and 

external validation across treatment classifiers (Supplemental Table 13 & Supplemental Table 

14).  Similarly, a survival model trained on the OUH cohort demonstrated good calibration 

within the first 12 months after which predictive performance dropped away (Supplemental 

Figure 12, Supplemental Table 15). 

5.7.3 Co-design insights 

The co-design responsible research and innovation (RRI) program was set up to provide guiding 

insights into user-needs and concerns when implementing a clinical decision support system 

(CDSS). This was stimulated by discussing prompts from the RRI card deck (Supplemental 

Figure 13) in combination with insights drawn from our clinician interviews (Interview questions 

provided in Supplemental materials) and RRI workshops. It highlighted several key challenges 

and considerations which were factored when developing the CDSS. Themes identified 

included: bias within the models, data drift, unintended inequalities of access, as well as safety 

and accuracy from a regulatory perspective. The RRI process recognised the impact CDSSs 

may have on clinical training for junior clinicians as MDTs are traditionally a source of 

experiential learning along with a need for education in AI literacy. Explainability proved a 

recurring theme along with the potential ramifications of group AI interactions where multiple 

human actors are interacting dynamically with the AI. This in turn prompted considerations over 

where the ultimate decision-making responsibility lies when a CDSS is supporting high-risk 

decision-making within healthcare. The themes identified through the RRI process are detailed 

in Table 5.5 & Table 5.6 along with adjustments we gradually introduced into the tool to address 

these where possible. 
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Table 5.5 - Thematic analysis of domain expert interviews highlighting user expectations, concerns and solutions engineered into the tool in 
response 

Clinicians' Understanding of AI and Its Role in 
Healthcare 

Perceived Potential Benefits of AI in 
Multidisciplinary Teams (MDTs) 

Barriers to the Adoption and Trust of AI in 
Healthcare 

Theme 1: Conceptual Understanding and Knowledge 

Variability 

The interviews revealed a significant variability in clinicians' 

understanding of artificial intelligence (AI) and machine learning 

(ML). Some clinicians demonstrated a deep understanding of 

these technologies, recognizing their potential and limitations, 

while others exhibited a more superficial or unclear perception. 

This disparity in understanding is likely to influence how different 

clinicians interact with and trust AI tools. As one clinician noted, 

"Some of us see AI as just algorithms, but the deeper layers 

are often misunderstood." This variability suggests the need for 

targeted educational initiatives to ensure that all clinicians have a 

sufficient grasp of AI concepts. 

 

Theme 1: Improved Diagnostic Accuracy 

Clinicians widely recognized AI’s potential to improve diagnostic 

accuracy, particularly by analysing large datasets and 

identifying subtle patterns that may be overlooked by human 

clinicians. This capability was seen as a significant advantage, 

especially in the context of complex diseases like oesophageal 

cancer. "AI can help us catch things we might otherwise miss 

in diagnostics," one clinician stated, highlighting the perceived 

value of AI in enhancing diagnostic precision. 

Our Response: We have ensured the tool’s models have been 

internally and externally validated on a large training cohort  

Theme 1: Concerns About Bias and Accuracy 

A significant barrier to the adoption of AI tools identified by 

clinicians was the concern about bias in AI algorithms and the 

accuracy of AI decisions. Clinicians expressed worry that AI 

could perpetuate or even exacerbate existing biases in 

healthcare, leading to unfair treatment decisions. One clinician 

emphasized, "Bias in AI is a serious concern, especially if it 

leads to unfair treatment decisions," reflecting a common 

apprehension about the ethical implications of AI in healthcare. 

Our Response: We have identified and acknowledged the 

possibility of bias. The tool provides a detailed breakdown of the 

training cohort for user inspection. Future iterations will also 

include warning messages where specific clinical inputs 

represent cases with few data points e.g. “dementia = Y” 

Theme 2: AI as an Extension of Data Analytics 

Several clinicians perceived AI as a powerful extension of 

traditional data analytics, capable of processing larger datasets 

and uncovering patterns that might escape conventional 

methods. This perception ties AI closely to evidence-based 

practice, where it is seen as enhancing the clinician's ability to 

make data-driven decisions. One clinician remarked, "AI is like 

Theme 2: Workload Reduction and Efficiency 

Another major benefit identified was AI's potential to reduce 

clinicians' workload by automating routine tasks. This could 

allow clinicians to focus more on complex cases and patient 

interactions, thus improving overall efficiency in the healthcare 

setting. One clinician commented, "AI could free us from 

repetitive tasks, giving us more time to focus on patients," 

emphasizing the role of AI in enhancing productivity. 

Theme 2: Transparency and Explainability 

The need for transparency and explainability in AI decision-

making processes was another critical barrier. Clinicians 

expressed a strong desire to understand how AI reaches its 

conclusions to trust and use these tools effectively. "I need to 

know how AI makes its decisions before I can trust it," one 

clinician explained, underscoring the importance of AI 

interpretability in clinical practice. 
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Clinicians' Understanding of AI and Its Role in 
Healthcare 

Perceived Potential Benefits of AI in 
Multidisciplinary Teams (MDTs) 

Barriers to the Adoption and Trust of AI in 
Healthcare 

data analytics on steroids; it can handle much larger datasets 

and pick up on trends we might miss." 

 

Our Response: We have integrated the ability to upload a list of 

patients simultaneously and provide a generate report of 

predictions for each patient in real time. This will allow use of 

the tool between MDT meetings too 

Our Response: The tool provides a detailed breakdown of the 

training cohort for user inspection; it also provides detailed 

performance metrics of the current models. We have integrated 

a LIME explanation plot that reactively updates in real time with 

user inputs to give a specific explanation at an instance level.  

Theme 3: Mystification and Misconceptions 

The interviews also revealed that some clinicians hold 

misconceptions about AI, viewing it either as an almost 

omniscient entity or as an unreliable tool. This mystification of AI 

can lead to polarized views—some clinicians might place undue 

reliance on AI, while others might harbour unwarranted 

scepticism. As one participant explained, "Some think AI is this 

magical tool that can do anything, while others don’t trust it to 

do anything right." These misconceptions underscore the 

importance of clear communication about what AI can and 

cannot do in clinical settings. 

Our Response: We recognise that there remains an ongoing 

knowledge gap for Clinicians in the MAI sphere. While this is an 

evolving field, we have sought to assist the AI-lay clinician using 

the tool by providing a section which outlines some key metrics 

and a guide of their interpretation to allow them to critically 

appraise our model performance.  

 

Theme 3: Enhanced Decision Support 

Clinicians also saw AI as a valuable tool for enhancing decision 

support, particularly in complex cases where multiple variables 

need to be considered. The ability of AI to process and analyse 

data rapidly was viewed as a way to formulate more 

comprehensive and informed treatment plans. "AI could be a 

valuable assistant in making decisions in complicated 

cases," one clinician noted, underscoring the potential for AI to 

augment clinical decision-making. 

 

Theme 3: Impact on Clinical Autonomy 

Concerns were also raised about the potential impact of AI on 

clinical autonomy. Clinicians worried that an over-reliance on AI 

might diminish the role of human judgment in decision-making, 

leading to a reduction in their autonomy. As one clinician put it, 

"I’m worried that AI might take away our decision-making 

power, making us too dependent on it," reflecting a fear of 

losing control over clinical decisions. 

Our Response: We recognise this is a valid risk of automating a 

clinical decision-making framework like the MDT. Where the 

tool generates reports for a group of patients at once, it orders 

them in order of confidence in the recommendation. A traffic 

light system then signposts clinicians to cases of low 

confidence where the human is required to assess and 

recommend. This keeps the human central to the process for 

discussing those most difficult cases first and sense-checking 

high-confidence cases thereafter.  
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Clinicians' Understanding of AI and Its Role in 
Healthcare 

Perceived Potential Benefits of AI in 
Multidisciplinary Teams (MDTs) 

Barriers to the Adoption and Trust of AI in 
Healthcare 

No data Theme 4: Personalized Medicine 

The potential of AI to advance personalized medicine was 

another recognized benefit. Clinicians appreciated AI's ability to 

tailor treatments based on individual patient data, which could 

lead to better outcomes. "With AI, we could move closer to 

truly personalized medicine, where treatments are tailored 

to the individual," one participant remarked, highlighting the 

transformative potential of AI in this area. 

 

Theme 4: Legal and Liability Concerns 

Legal and liability concerns were also prominent among 

clinicians. They were unsure who would be held accountable if 

an AI tool made a mistake—whether the responsibility would fall 

on the clinician using the tool or the developer who created it. 

"Who’s responsible if AI makes a mistake? This is a big 

question to ask," one clinician stated, highlighting the legal 

uncertainties surrounding AI adoption. 

Our Response: We acknowledged the implications from a 

ethicolegal perspective and have included a disclaimer 

message at first use which explains clearly that responsibility of 

the decision remains with the human as it is a decision-support 

tool. This will remain the case even if certification as a medical 

device is  

 

No data Theme 5: Predictive Analytics for Preventive Care 

Clinicians acknowledged the potential of AI in predictive 

analytics, particularly for preventive care. AI could be used to 

identify patients at risk of certain conditions, enabling early 

intervention and improving patient outcomes. One clinician 

noted, "AI could help us predict and prevent diseases by 

identifying at-risk patients earlier," indicating the proactive 

role AI could play in healthcare. 

 

Theme 5: Fear of Losing Skills 

Finally, some clinicians expressed a fear that the adoption of AI 

could lead to a loss of skills, particularly in routine diagnostic 

tasks. There was concern that AI might replace certain aspects 

of their work, leading to skill degradation, especially among less 

experienced clinicians. "There’s a fear that AI could replace 

us in certain tasks, which may make some juniors lose some 

important skills," one participant observed, pointing to a 

potential unintended consequence of AI integration. 
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Table 5.6 - Thematic analysis of RRI workshop outlining additional themes extracted on 
user expectations, concerns along with solutions engineered into the tool in 
response where relevant 

Themes Computer scientists Patient and Public Involvement 

Theme Theme 1: Explainable AI (XAI) 
 
A major focus of the discussion has been on the 
tool more interpretable, leading to developments 
in explainable AI (XAI). This ensures that models 
can be understood and trusted by non-experts. 
Supporting Code: "We’ve built tools that provide 
explanations for AI decisions, making it easier for 
users to trust the system." 
 

Theme 1: Ethical concerns 
 
This includes issues such as data privacy, and fears 
of AI exacerbating inequality, might act as barriers to 
public acceptance. Supporting Code: "Who controls 
the data when AI is involved? This is my biggest 
concern." 
 
Our response: By working symbiotically with the 
local hospital who provides the clinical data we also 
ensure it is stringently protected, anonymised as 
soon as possible and quality checked by the 
clinicians within the team. The presence of clinicians 
within the research team also ensure that the patient 
is the priority even with data storage and collection.  

Theme Theme 2: Visualizations and Diagnostic Tools 
 
Tools like saliency maps, LIME, SHAP, and 
attention visualization have been discussed to 
provide insights into why AI models make specific 
decisions. Supporting Code: "By visualizing how 
models interpret inputs, we make AI decisions 
clearer and more understandable to end users." 

Theme 2: Complexity and lack of understanding  
 
This may prevent the general public from engaging 
fully with AI tools. Supporting Code: "People think AI 
is too complicated to understand, so I think they may 
feel uncomfortable using it." 
 
Our response: We have incorporated a section which 
briefly outlines some of the technical information in 
more accessible terms. While this UI is designed to 
be used primarily with clinicians the principle also 
extends to patients being shown the UI outputs and 
hopes to enhance Ai literacy for patients and 
clinicians alike 

Theme Theme 3: Techniques for Bias Detection and 
Reduction 
 
Computer scientists have also suggested ways of 
identifying and reducing biases in AI models, 
particularly in sensitive areas like healthcare. 
Techniques such as fairness constraints and 
debiasing were examples. Supporting Code: "We 
may incorporate fairness constraints into the 
training process to mitigate biases against 
underrepresented groups." 
 

No data 

Theme Theme 4: Creating Diverse Datasets 
 
Recognizing that biases often stem from the data 
itself, there has been a push toward creating and 
curating more diverse datasets that better reflect 
the population. Supporting Code: "We may need to 
think of other datasets to ensure AI systems 
perform fairly across all demographics." 
 

No data 
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5.7.4 User interface 

To generate a User Interface that could be implemented clinically, we compartmentalised user 

interactions into three main areas using the R Shiny platform. No significant prior training is 

needed to allow users to generate an output, with walk-through tutorials built into the main 

interface and continued across each page of the tool. Users are simply required to select their 

preferred pre-loaded model and the clinical input data.  

Patient variables are inputted for the primary treatment model in the first instance where an 

instant recommendation is then provided along with predicted probabilities for all potential 

outcomes to illustrate how confident the final recommendation is (Figure 5.6). LIME explanations 

are also given for the final prediction. 

 

Figure 5.6 - Primary Model interface and input screen 

If the outcome is “Palliative”, the UI automatically carries the inputs across to the palliative 

treatment classifier (Figure 5.7). As with the primary model, a LIME explanation is available for 

the user along with performance metrics for whichever model was loaded (RF, MLR, or XGB).  

For palliative treatments, the associated predicted survival curve is then automatically 

generated along with an option to compare survival with an alternative pathway. In the example 

illustrated in Figure 5.8, the original recommendation was for palliative chemotherapy which 

was then compared to palliative radiotherapy. The survival curves effectively personalise to the 

level of the treating hospital from which the training data was derived. 
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Figure 5.7 - Palliative model recommendation and associated LIME explanation 

 

Figure 5.8 - Palliative survival curves specific to recommended or selected treatment 
plans 
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5.8 Discussion 

We present the first externally validated ML CDSS co-designed using RRI principles, capable of 

predicting OC MDT treatment decisions early within the cancer pathway. The sequential 

modelling approach quickly predicts a new patient’s probable treatment plan which if 

palliative, is accurately prognosticated within the first 12 months post-diagnosis. All algorithms 

performed well; however, our results particularly favour MLR and XGB models, with mean AUCs 

above 0∙87 for the primary classifier, and above 0∙711 in the palliative classifier. The RSF 

model performed well within the first 12 months on calibration curve analysis and CRPS scores. 

Furthermore, the models have shown they generalise even when faced with differing cohort 

demographics. This suggests that for predictions at an instance-level, the ML models appear to 

handle perturbations in demographics at the feature-level. The use of a parallel RRI program 

ensured that the design of the AI CDSS has considered stakeholders and integrated their input. 

Early collaboration with a diverse skill-mix and open-format workshops have produced a CDSS 

with immediate clinical translational potential.   

The primary treatment classifier models performed consistently well in discriminating palliative 

pathway patients across algorithms. This is primarily driven by the large palliative subgroup 

within the training process, a largely binary influence of cM staging and the additional input of 

high PS score patients. Across algorithms the models predict the curative pathways evenly 

however within the validation cohort (OUH) the CRT class demonstrates lower predictive 

performance. This is attributable to the relatively high use of CRT at UHS versus the OUH unit 

which favours neoadjuvant chemotherapy preferentially outside of squamous cell cancers. 

Until recently, chemotherapy and CRT have been equally acceptable options however early 

ESOPEC trial results now suggest chemotherapy may be the long-term front runner in these 

non-SCC cases (11). Where misclassifications occur this discordance between units favouring 

chemotherapy versus chemoradiotherapy is likely to be the main source. It is also important to 

recognise the differential in performance between the full primary classifier, which is trained off 

the full cohort, versus the palliative models which are only trainable on the palliative sub-group 

comprising approximately 50% of the training cohort. Classes such as palliative radiotherapy 

and best supportive care are innately harder to predict early on (radiotherapy is most 

commonly utilised for symptom control (dysphagia, pain, bleeding)) while chemotherapy is 

most prevalent as it provides disease control. BSC is determined on a combination of disease 

stage, physiological reserve and most importantly, patient wishes (the latter typically only 

determined after the MDT meeting when patients are seen in clinic). 
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The findings of this study continue to support the role of ML in oncological MDT decision-

making, even early within the care pathway. The preserved performance on external validation 

indicates that overfitting remains modest. The optimal use of the palliative survival model was 

localised within the first 12 months post-diagnosis, in keeping with the expected survival for 

this cohort on current best therapy (158,159). As median survival was 6 months across the 

entire palliative cohort, and maximally 11 months with best palliative oncological therapy 

(chemotherapy) we have to acknowledge that predictions beyond the 1-year mark will not be 

reliable and return to best clinical judgement for those few who survive beyond this time point. 

As core management of OC is well established within national guidelines, ML lends itself to 

modelling the UK, decision-making framework, however this principle should in theory translate 

internationally as well (122). Where model performance drops between the cohorts this likely 

reflects idiosyncrasies specific to individual centres, an observation previously made in 

Denmark (24).   

There is a clear and urgent need to support MDT workflow. With 60% of new discussions likely 

to end in palliative treatment plans, rapidly predicting, and prioritising caseload is of clear 

clinical and financial benefit. When developed and implemented correctly they also have the 

capability to improve patient safety (45). Yet while AI-based CDSSs offer much to the healthcare 

sector, there remains a translational gap (254). This is multifactorial in nature but partly 

attributable to a sense of clinician superiority especially when handling nuance and 

uncertainty, or a lack of clinical validation (255). Furthermore, as the current boom in 

healthcare AI continues, the need for more responsible, co-designed and explainable AI (XAI) 

approaches are increasingly paramount (55,256). This study addresses this by establishing 

external validity of our clinical models combined with a co-designed user interface. Algorithms 

were chosen as either inherently interpretable (MLR) or amenable to both global and local XAI 

techniques.  

The RRI program delineated potential challenges and barriers to the use of AI based CDSSs in 

clinical settings, including data bias, data governance, data drift, regulatory concerns over the 

role of the human-in-the-loop, and the foundations of legal and clinical responsibility (54,58). 

The new EU AI Act unsurprisingly classifies MAI into the “high-risk” category especially when 

the impact of new technologies may still be emerging far downstream of their first deployment 

(The “Collingridge” Dilemma) (257,258). 

Our study employed one of the largest patient cohorts within the literature, providing robust 

internal and external validation of our models which span curative and palliative pathways. The 
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algorithms are off-the-shelf libraries, ensuring that scalability of implementation is not reliant 

on high-performance computing clusters, something the current NHS digital infrastructure 

cannot offer evenly across the UK. The integrated RRI program was designed to act in the best 

interests of patients and clinicians. Including stakeholders early we have developed a highly 

functional CDSS which can be rationalised on a user-specific basis. The UI allows clinicians to 

counsel patients while insights derived from the program also allow development of future 

iterations of the CDSS. Consequently, the present study presents the first, cohesive, 

responsibly derived ML solution to assist OC MDT workflow needs which has not been provided 

previously within the literature. This is also the first study to externally validate OC treatment 

allocation models building on our previous efforts to integrate explainability within the process 

(63,108,109,195).  Importantly, while previous studies have highlighted the utility of ML in other 

conditions (41–44), yet there often lacks a clear roadmap to guide the transition from technical 

demonstration to active clinical application. Here we have sought to provide a working tool that 

can be deployed online quickly and used by clinicians not specifically trained in ML.  

One limitation was that the endoscopic management of early cancers had to be excluded from 

the validation analysis as we could not ensure a consistent selection criteria within the external 

cohort. Many cases are identified through Barrett’s surveillance programs, and their care is not 

necessarily initiated by the MDT in the first instance making consistency of case presentation 

difficult. Additionally, we could not include novel molecular markers or immunotherapies 

within this generation of models as insufficient training data was available. Future iterations will 

support an expanding array of systemic treatments such as Chemotherapy +/- anti HER2, anti-

PD-1/PD-L1, Claudin 18∙2, and immunotherapies for MMR-d/MSI-H tumours (164–166). As a 

newer cohort of patients emerge accruing data in these biomarkers, it is conceivable that these 

cases will be used to train a smaller model on just those features, the predicted probabilities of 

which may then be fed into a larger model leveraging the main cohort for whom those 

biomarkers may not have played a part in their treatment, reconciling the separate training 

datasets. Similarly, the recently reported ESOPEC trial may narrow down indications for 

NACRT, and future iterations will readily adapt to such trial outputs (11).  While early curative 

cohort prognostication would be desirable (ideally prior to treatment initiation), the temporal 

effect of two separate major interventions (neoadjuvant therapy and subsequent surgery) make 

it extremely challenging in a single static model without post-operative inputs (73,259). It is also 

important to note that much of the data fed to MDTs may be recorded by non-clinical personnel 

or those of varying oncological experience especially in evaluating PS scores for patients. By 

way of example, while the OUH cohort may represent a fitter cohort, it is equally conceivable 
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that less fit patients were either screened out pre-MDT in this unit or assigned lower PS scores 

erroneously.  This also extends to data input as a whole, where prediction quality is inextricably 

linked to the quality of this input. While algorithms such as RF and XGB are capable of handling 

missing data, the user interface is designed to ensure all fields are completed. Fields set to a 

default and if left un-touched will still allow a prediction to be generated, however, it sits with 

the end-user to ensure that final inputs are correct else the prediction quality may be affected. 

Model fairness is not directly addressed within the scope of this study. Within the feature set 

only gender and age are protected characteristics, the latter of which we have previously 

investigated (109). However, it necessary to recognise that advanced age carries risk and 

clinician experience may easily be confused for bias in this context (227). Gender remains 

vulnerable to bias in OC too, which is historically a male-centred condition (260). Assessing 

model fairness regarding gender however requires assessing the equitability of the predicted 

outcomes which was beyond the scope of this study and evaluating long-term fairness of 

models will require more clarity in the definition of “equity” within OC treatment allocation.  

Finally, we have consciously chosen to map the current MDT versus an attempt to model the 

“best decision”. There remains no single, quantifiable metric currently agreed within OC to 

adequately encapsulate the myriad outcomes important to OC patients. Survival may not in 

every case be the most salient outcome measure, yet it is by far the most prolific in quantifying 

treatment “success” of oncological strategies. It is intended to be a springboard towards 

composite metrics which consider quality-of-life, complication rates or even resection margin 

status. Meanwhile, for this technology to translate to clinical use, we must first prove capable 

of mapping what “is” while the field attempts to agree upon what “should be”.  

Future work in this field will look to integrate many of the novel markers discussed previously, 

as well as develop additional co-designed patient-only user interfaces. Broadening external 

validation to additional centres will further verify the results reported in this study. Trust must 

be established with patients, clinicians and regulators alike, and this study now sets the 

foundations for prospective trials within real-life scenarios to smooth the way towards clinical 

implementation. With the introduction of the EU AI Act, the regulatory landscape for medical AI 

continues to shift.  Satisfying regulatory hurdles moving forward will almost certainly involve 

risk management, data governance, transparency, human oversight (and override 

mechanisms), post-market surveillance, quality management systems and CE marking among 

other considerations (56).  Additional work will also be required to test such CDSSs in real-time 

clinical application. This will provide insight into if such a tool functions best when used within 

the MDT meetings or if is best utilised between meetings to triage discussions and “pre-screen” 
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cases. Finally, an aspect lacking within the current literature is investigation into the decision-

making thresholds for human agents faced with AI-based predictions in clinical settings across 

a range of machine confidence levels – at what confidence level is a clinician willing to accept 

and trust a prediction? And is this “line in the sand” equivalent for every use-case, patient or 

treatment? This will guide future Medical AI researchers when validating their model 

performances. 

This is the first co-designed externally validated AI-derived CDSS targeted towards decision-

making within the MDT cancer pathway for oesophageal cancer. It provides an integrated 

sequence of ML models which can reliably predict treatment allocation and palliative prognosis 

both locally and externally. The integration of an RRI program is intended to enhance user 

confidence that the CDSS considers individual and society risk as well as sources of potential 

bias within its design. Such technologies must contend with the standard challenges facing 

workflow integration within current digital healthcare infrastructures, as well as achieving 

clinician buy-in, especially where such models may adversely impact future clinician training. 

While future work includes prospective trials for real-world validation and regulatory approvals 

to address this, these models offer potential for a transformative impact on current MDT 

operations within the UK in OC and is both theoretically and technically transferrable to other 

cancer types and world regions. 
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Chapter 6 Discussion of findings 

Within this body of work, I have shown that machine learning is capable of replicating and 

automating team-based oncological decision-making. While it is naturally dependent on the 

quality and quantity of training data, the recording and databasing of cancer patients within the 

current UK health system is a standard process and thus a feasible route for acquiring this data. 

For the technology to translate and be implementable within current practice it is essential 

however that it can be shown to be reliable, accurate and at the very least explainable. The 

algorithms explored within my work are computationally inexpensive relative to advanced deep 

learning platforms, able to handle smaller datasets and relatively inexpensive as any real-world 

clinical assistive decision tool needs to operate within current electronic healthcare 

infrastructure. 

6.1 Classification performance of curative and palliative MDT 

models 

Structured tabular datasets comprising simple clinicopathological data are suitable for 

classification tasks even within relatively modest datasets as demonstrated by my initial study 

trialling treatment classification in curative oesophageal cancer patients. Within this pilot 

cohort, the data was found to suit multinomial logistic regression, a simpler, interpretable 

technique, even favouring it above more advanced classifiers such as random forests or 

XGboost. While advanced algorithms are typically expected to outperform simpler algorithms in 

complex tasks, where data is high quality and well-structured well even basic classifiers may 

perform comparably with advanced algorithms (261).  

We observed consistently similar receiver operator characteristic (ROC) curves regardless of 

the parent algorithm, reflecting an underlying trend within the patient cohort itself. This was 

best seen within the predictive performance for the Neoadjuvant Chemotherapy (NACT) + 

Surgery and Neoadjuvant Chemoradiotherapy (NACRT) + Surgery classes. The observed drop in 

performance discriminating these groups was attributable to several factors such as the limited 

training data, absence of non-curative outcomes with which to compare scenarios during 

learning, and finally: uncertainty within the clinical field itself. Evidence for the survival benefit 

of neoadjuvant therapy in locally advanced oesophageal cancer is well established (9,127–129) 

yet the superior neoadjuvant modality (for adenocarcinoma in particular) remains contentious 
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(11,104). It follows that historical clinical equipoise in the field may also be picked up on during 

model training however going forward it is likely that this will change with the long-term 

outcome data from the ESOPEC and MATTERHORN trials (the latter combining perioperative 

FLOT chemotherapy and Durvalumab, an immune checkpoint inhibitor) (223,262). 

Within palliative treatment classification tasks, the dataset suited XGboost models best, 

however, again as with the curative cohort, simpler logistic regression-based models still 

performed comparably. All models discriminate palliative chemotherapy, stent-alone or stent + 

oncological adjunct effectively while best supportive care and palliative radiotherapy proved 

challenging by comparison. Palliative radiotherapy in non-curable oesophageal cancer is 

primarily indicated for disease-control, bleeding from the primary tumour, or relief of severe 

dysphagia (263). While severe dysphagia was factored into these models (and infers a need for 

disease control), I was unable to collect reliable data on tumour bleeding which may account 

for the difficulty in predicting this outcome class at the same level. Predicting those intended 

for best supportive care is yet more challenging as this outcome is typically reached through a 

combination of clinician experience and patient preferences. Patients deemed unlikely to cope 

with the rigors of palliative therapies or who simply do not wish to subject themselves to this 

course of action are then offered symptom management. Reaching this decision requires a 

face-to-face review with the clinician or specialist nurse in charge of their care to assess the 

patient’s physical fitness and preferences. As this typically occurs after MDT deliberations this 

information is often unavailable early, translating to uncertainty within ML models intended for 

use at this stage of the care pathway.  

6.2 Palliative survival modelling 

While treatment assignment is obviously a key MDT function, these decisions are intimately 

tied with clinical outcomes. Survival is not the only metric of patient outcome within oncology 

but is perhaps the best known and most prevalent within the literature. The ability to predict 

survival in advance carries obvious benefit in informing difficult clinical decisions. Predicting 

curative survival at the pre-treatment time point remains hugely difficult for curative 

oesophageal cancer patients as we must account for the separate effects of both neoadjuvant 

therapies and complex surgeries. Incorporating post-operative data within the model as was 

employed by Rahman et al., addresses this very well however such models cannot be used 

prior to the patient completing their treatments  (73). This becomes less troublesome however 

within palliative settings as only one major treatment paradigm is tested in relation to the 
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outcome. A key benefit of leveraging the random survival forests architecture within my 

palliative survival model is its powerful ability to predict survival probabilities over a range of 

time-points allowing the user to decide and set their preferred forecasting time frame. 

When we combine risk-based calibration with standard calibration analysis at defined time 

points we find that my model’s forecasting was most reliable prognosticating over the first 12 

months post-diagnosis and within the highest-risk quintiles (Q1-3). The model was ‘pessimistic’ 

for Q4 and overly ‘optimistic’ in Q5 patients which may be explained by the limited training 

cohort combined with difficulty forecasting low-risk patients within a traditionally aggressive 

disease process. Limiting predictions to the first 12 months is pragmatic given a median 

survival of 6.3 months, with only 6% of patients alive at 2 years. It will be of material benefit for 

clinicians counselling patients on their prognosis as it also tailored to their own cancer unit. 

Historically prognosis has been based primarily off national statistics which are averaged over 

the entire national population. This cannot adjust for nuance in oncological practice or 

procedural technique within individual units (148). Furthermore, as model training incorporates 

treatment type, it becomes possible to generate different survival forecasts for the same 

patient by varying their planned treatment allowing them to observe the consequences of the 

“road not taken”. 

6.3 Model explainability using XAI. 

The influence exerted by individual variables within ML models was a key interest for this 

research because it speaks to the importance of matching the ground-truth validity for any 

models attempting to reproduce human-based decision-making paradigms especially in the 

clinical domain. Focussing on models which are either interpretable or explainable are an 

effective tool towards building trust within the intended human-AI interactions (55).  

Variable importance measures have offered one such means of deriving global insight into my 

models.  For the curative pathway classifiers, significant importance was naturally assigned to 

T-stage, N-stage, performance status, tumour histology and tumour location in all models. This 

corresponds with a-priori domain expertise and national guidance on the management of 

oesophageal cancer. All tree-based palliative classifiers also valued age and cM-stage, with 

XGBoost and random forest models, recognising the importance of ‘obstructive’ clinical signs 

and Performance Status (PS) scores greater or equal to 3. NICE guidance (NG83) recommends 

stenting for luminal obstruction and relief of dysphagia, as well as combination chemotherapy 

in those with advanced oesophagogastric cancer, minimal comorbidity, and a PS score of 0-2 
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which aligns with findings (122). For survival models, treatment choice proved most important. 

As survival benefit here is typically a function of both patient selection and treatment effect, 

this further illustrates the benefit of non-linear ML-based methodologies such as tree-based 

models that can account for these interactions  (157).  

Co-morbidities such as chronic pulmonary disease and diabetes ranked higher within tree-

based models, while haematological cancers, connective tissue disease and liver dysfunction 

were more relevant to regression models. This disparity most likely stems from the relatively 

few instances of co-morbidities such as haematological/hepatic and connective tissue 

disorders meaning that within a linear model they may exert a disproportionately high influence 

even with shrinkage of the parameter weights through L2 regularization. The higher instances of 

training cases for pulmonary and diabetic disorders by comparison provides for more credible 

weighting of these within the tree-based models. When we examine the palliative classifiers, 

chronic pulmonary disease again, featured more prominently along with dementia and renal 

failure. Notably, this did not translate to the palliative survival models suggesting that while 

comorbidities hold some influence in assessing treatment eligibility, these may exert a more 

modest effect on prognosis within the palliative cohort.  

A key benefit for applying explainable AI to oesophageal cancer management is its ability to 

challenge pre-conceived notions about decision-making dynamics through hidden patterns 

within the data.  Identifying a noticeable role age played within my models early offered me an 

opportunity to focus more closely on delineating how age interacts with the probability of a 

given treatment plan both in isolation and in relation to other key variables. It ranked most 

significant on variable importance measures to all tree-based curative classifiers and ranked 

either 1st or 2nd within the palliative classifiers. Unexpectedly, it proved much less important to 

the logistic regression models in curative and palliative settings despite performing highly 

among the tested algorithms. More surprisingly still, when age is removed from the curative 

feature-set, all algorithms (including logistic regression) demonstrated a reduction in 

performance for discriminating those offered surgery-alone or combined with NACT though the 

decision to offer NACRT with surgery appeared largely unaffected by age (with the sole 

exception of decision tree modelling where it actively increased performance for NACRT).  

These results seem at odds at first inspection however it is useful to consider the process by 

which variables are handled and featured within the different modelling approaches to better 

understand the likely cause. The logistic regression models used in my work were penalised 

with L2 regularization.  Here, variables weights for features which are felt to contribute less to 



Chapter 6 

174 

the overall model are shrunk in the final equation to avoid a disproportionate influence on the 

predicted class probability. However, while LASSO regularization may shrink unhelpful features 

down to zero if needed (and in doing so remove them entirely), L2 or “ridge regression” 

preserves all original variables even if they are minimised, on the basis that all variables may 

provide useful information to the final model. Tree-based ensemble learners by comparison 

typically use a smaller subset of features to train individually weak learners which on aggregate 

produce well performing models (and by randomizing the feature subset in each tree they tend 

to minimise overfitting more than the linear models). Consequently, linear and tree-based 

models may adopt different routes to arrive at the same conclusion and yet still achieve similar 

discriminative performance in the process. Age has historically been associated with increased 

frailty (measured in part by performance status) and higher rates of co-morbidity (264). It is not 

unreasonable therefore to theorise that tree-based models may attempt to leverage age as a 

more efficient “composite” feature as a surrogate for frailty and comorbidity. We observe 

evidence of this effect within the variable importance plots where the logistic regression model 

takes in information from most of the feature pool, in comparison to the tree-based models 

where the bulk of importance is distributed within the top 5-7 features. 

If we accept the weighting of age within the tree-based models to be a true reflection of the 

current MDT, why then might it be ranked so high? It is tempting for many clinicians to believe 

age does not play a role within their practice. Yet it was this very same historical bias toward 

elderly patients which previously led a 2012 UK Department of Health initiative, demanding 

personalised treatment decisions on “physiological” rather than “chronological” age for cancer 

management (131,132). Patients offered surgery-alone within my curative cohort demonstrate a 

higher median age versus those offered neoadjuvant therapy (NAT) prior to surgery. With tree-

based modelling I can even narrow down the exact age at which probabilities for curative 

pathways begin to shift in earnest - approximately 77 years of age. There is a well-recognised 

risk of deconditioning frail patients after neoadjuvant therapy and potentially rendering them 

unfit for surgery (14). A single attempt may be their only chance at cure which neoadjuvant 

therapy may accidentally compromise.  NACRT prediction was comparatively unperturbed by 

age which may reflect a previously held view that pre-operative chemoradiotherapy (CROSS-

style) is more tolerable compared to modern chemotherapy regimens (i.e. FLOT, Fluorouracil, 

Folinic Acid, Oxaloplatin, Docetaxel) (10,14,217–220). This has been somewhat contradicted in 

the recent German ESOPEC trial which reported an identical proportion of patients successfully 

reaching surgery in both NACT and NACRT arms (11). While median age in both NACT+S and 

NACRT+S groups were similar, a larger proportion of NACRT+S patients recorded better 
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performance status scores versus the NACT+S group. Within an already fitter cohort, 

chronological age may then have proved less consequential when determining suitability for 

multimodal neoadjuvant therapy.  

PD analysis also allowed me to visualise scenarios vulnerable to variability in practice. This is 

beneficial in examining for health inequality and treatment bias. For surgery-only strategies the 

greatest variability in decision-making (depicted by a broad range of partial dependencies) was 

observed in those with cT2N0-1 disease. This is a patient group historically problematic – using 

potentially toxic neoadjuvant therapy to pre-empt disease control (here we presume nodal 

disease to be present and simply not yet detectable) at the risk of deconditioning patients out of 

surgical fitness for potentially little additional survival advantage (215,216). While these 

decisions are less troublesome in younger patients, for those over 75 my findings show that my 

local clinicians become more risk averse.  

The inclusion of time-period in the form of an epoch as a test variable allowed me to account 

for shifts in practice over time. While Southampton offers both NACT and NACRT, the trends 

illustrated by Figure 4.1 over time indicates shifts in practice in response to the dissemination 

of key trial data. However, while trial epochs were incorporated within a separate classifier for 

explainability intent, they were not incorporated within my treatment prediction models (as they 

would not be a particularly useful feature when predicting forwards in time). Nevertheless, their 

inclusion within the model for partial dependence analysis allows for a retrospective 

accounting of changes in historic practice and in the context of a tool for self-auditing the MDT, 

is a relevant and useful variable. (10,223).    

Performance status is used commonly by oncologists and remains widely utilised (albeit highly 

subjectively) within UK MDTs despite the existence of over 20 different frailty measures 

(264,265). It is recognised increasingly that performance status may be too unidimensional for 

personalised decision-making when assessing for treatment eligibility, yet it continues to be 

used prolifically, primarily due to ease of use, simplicity and standardization in clinical trial data 

(266). Nevertheless, through PD analysis I was able to group the Southampton cohort into two 

dominant clusters independently of age: those with PS 0-1 and those with PS 2-4. Prognostic 

significance maybe attached to pre-treatment patient physical activity, and example of which 

as described in 4.6.4 are MET scores of 4 or less (228).  Patients whose baseline exercise 

tolerance match such scores equate roughly to PS scores of ≥2.  Here again we can see the 

ability of XAI techniques to isolate trends within historic behaviours and link them to prognostic 

rationales. This can be used to audit and validate clinical practices within oesophageal cancer 
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MDTs. While national guidance on stratifying PS in curative oesophageal cancer cases is not 

immutable and in future, the field may leave PS measures behind in favour of more validated 

scoring systems, techniques like PD analysis allows for ML-driven benchmarking, a concept 

explored in other surgical specialties (229).  

6.4 Healthcare professionals’ perception of AI CDSSs and barriers 

to adoption 

The integration of stake-holder input is a vital aspect of any healthcare innovation to ensure that 

the final product matches the needs of its intended users. AI, particularly, is a divisive 

technology within this sector and it was necessary to gauge the sentiments of clinicians who 

routinely attended MDTs. This allowed me to sense-check my models against the human 

paradigm, assess for discordance or disagreements therein, highlight potential areas of 

unconscious bias, and finally, pre-empt the barriers which might prevent more widespread 

adoption of these technologies.  

The national survey (Appendix F) highlighted that firstly, most respondents were positively 

minded towards the concept of AI CDSSs indicating that there was an appetite for AI-assistance 

in MDTs. Secondly, there were clear, rational, concerns about trusting them. Respondents 

requested that novel molecular markers be considered within AI CDSS inputs as well as more 

granular information regarding the primary tumour (such as size, length and location). 

Symptom-related factors such as dysphagia, vomiting and quality of life were felt to be 

beneficial to model training, as well as nutrition-related features such as weight(loss), BMI and 

nutritional markers.  

They also raised specific concerns about their willingness to use AI for decision making such as 

how to balance their innate assumptions of human superiority with embracing digital 

automation. How would innovators be able to address the need to maintain patient individuality 

and thus the influence of patient wishes on final treatment plans? Where would transparency 

and safeguarding be integrated into the AI pipeline and how? Could we prove that the system 

would actually improve current operations and improve upon the human paradigm? Finally, 

how would model inputs and model training also allow for changes within the field and 

advances in management from clinical trials.  

The survey results have consequently provided a valuable, transferrable benchmark of both 

user-needs and regulator-requirement. These will prove a useful guide for the wider scientific 
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and commercial community working on AI innovation across sectors. The results directly led to 

several modifications and design elements for the subsequent MDT tool described in Chapter 5 

such as the inclusion of local explanations, the inclusion of model performance and metrics for 

user-information, the inclusion of severe dysphagia within the palliative models as a key feature 

in providing oesophageal stents, as well as stimulating future planning of next-generation 

model inputs and plans for model life cycles to allow updates in training.  

6.5 External validation of the MDT models 

The external validation of my MDT models has confirmed the validity of this research proposal I 

put forward at the beginning of this thesis. I have shown through both internal and external 

validation processes that machine learning can leverage simple tabular clinicopathological 

data that is routinely collected by MDTs to successful learn and map MDT decision-making 

processes.  

A key reason for the success of this process is in the core clinical guidelines that all UK units 

will inevitably follow as part of gold-standard clinical management for oesophageal cancer. 

This provides for a relatively consistent “core” stability of the MDT models both at a single 

centre and across centres. However, where ML shows its true benefit is in enhancing 

performance by being able to incorporate and integrate the nuance associated with an 

individual centre beyond the skeleton framework provided by clinical guidelines.  

The external validation cohort demonstrated significant differences in their demographic make-

up (the Oxford patients being younger, fitter and slightly earlier staged disease on average) yet 

the models remained stable in their predictive performance in spite of this confirming that the 

models could be applied, if so chosen, to their unit even when trained on Southampton 

patients. As the Oxford-trained models demonstrated, this generalisability was not solely down 

to chance as the process was successful in both directions.  

With nearly 2/3rd of new referrals to the MDT ending in palliative pathways, I have also shown 

that this process is robust in rapidly predicting, and prognosticating for those not eligible for 

curative pathways, which is of clear clinical and financial benefit (34). When developed and 

implemented correctly these models may also have the capability to improve patient safety 

(45). While AI-based Clinical Decision Support Systems (CDSSs) may offer much to the 

healthcare sector, there remains a translational gap to successful implementation (254). There 

are undoubtedly numerous reasons for this, but it is partly attributable to a sense of clinician 
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superiority especially when handling nuance and uncertainty, or a lack of clinical validation 

(254,255,267). While there is clearly always a need for the human to remain in the loop even with 

my MDT models implemented, the process may also be leveraged into re-prioritising cases and 

ranked by order of computer-certainty (i.e. the machine knowing when it doesn’t know). This 

may be a more palatable middle ground for the human agents within MDTs in the short term as 

the training datasets amass over time in both volume and granularity.  

While the predictive performance of my models for early cancers eligible for endoscopic 

resection could not be validated in this study, this group accounts for a relatively small 

proportion of new oesophageal cancer cases, and many will have arrived at MDT discussion 

through routes that subvert the usual referral pathways. This makes for a challenging validation 

process as cases need to be standardised for fair comparison and modelling, however I believe 

the consistent performance seen within the other outcome classes on internal and external 

validation is likely to also be preserved within the endoscopic resection cohort too. The recently 

concluded CONGRESS study which looked to evaluate the best treatment strategies for early 

oesophagogastric cancers has recently amassed over 1600 cases and may prove a potential 

means of upscaling the data in this relatively under-represented cohort (268).  

6.6 Machine learning versus traditional statistical approaches in 

this research 

As discussed in Chapter 1, there is often a question of what Machine Learning offers over and 

above traditional statistical modelling. For many clinicians, traditional modelling has been a 

cornerstone of medical academia, providing tools for new predictive models, nomograms, and 

insights into how variables inter-relate. In the face of a long-established discipline, ML is a 

relatively new contender for most clinicians in practice today, needing to prove its worth. 

However, in the domain of predictive performance, ML takes the lead. ML models do not care 

as much about how variables might relate, simply that its predictions are accurate and reliable 

time after time. In the context of tools looking to alleviate workload pressures, it is clear that a 

tool such as ML devised primarily to achieve this with efficiency may be more beneficial in day-

to-day practical settings, while traditional statistics may provide more benefit within purely 

research settings. However, to bridge the gap between the two disciplines, logistic regression 

models were utilised to significant effect within this work. Logistic regression models reside in 

both worlds, representing a classic and well-known technique within traditional statistics, 

capable of providing direct insight into how models all relate to each other and the final 
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outcome, as well as being able to generate new predictions. Furthermore, the ability to tune 

and feature select which is available through regularisation further allows prediction 

optimization over a static model. It also provides a direct comparison of a single type of 

traditional statistics with more commonplace ML techniques. Further still, MLR models 

acquitted themselves with significant success, however their utility is slightly hampered by the 

need for reliably linear relationships within their predictors and outcomes. This is something 

uncommonly seen in medical data and as such their potential benefits must be tempered with 

caution. The tree-based techniques used in this work allow for more non-linear relationships to 

be captured and provide more versatility in that regard.  

6.7 Decision-making through experience versus cognitive bias 

6.7.1 The Dual Process Theory  

The fundamental drive in the performance of my ML models remains with the clinical decision-

making at the human level. As such it is helpful to understand the underpinnings of this process 

especially when evaluating for sources of bias.  

A popular model for human decision-making comprises two parallel pathways for information 

processing: known as the Dual Process Theory (DPT). Type 1 processes are rapid, intuitive and 

unconscious. Type 2 processes are by comparison slower, deliberate, more thought out and 

demand larger cognitive resources (269). In healthcare settings, as within many other domains 

defined by largely experiential learning, technical decision-making at more experienced levels 

is dominated by Type 1 processes, which stem from pattern recognition (190).  

A relevant example of both processes would be to think “this 80-year-old male is unlikely to 

tolerate aggressive neoadjuvant chemotherapy given his age in my experience” (Type 1 

processing) versus “This 80-year-old male, on paper seems a concern for tolerating 

neoadjuvant chemotherapy, when aggregating his comorbidity, poor exercise tolerance and 

intermediate Cardio-pulmonary exercise test, I wonder if he would tolerate it” (Type 2). 

Repeated processing in Type 2 will eventually allow skill gains and a shift into Type 1. It also 

provides for an “executive override” of Type 1 heuristics (“Normally we avoid neoadjuvant 

chemotherapy in someone of his age, but his prior conditioning is better than the average 80-

year-old, on delving deeper he exercises regularly and is very active, I wonder therefore if…”)  

(269).  
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Type 1 processes have further been broken down into those hard-wired (biological driven), 

emotionally learned (hardwired or socially acquired), over-learned (embedded through frequent 

exposure and over-learning such as the “frequent flyer” attendee in the emergency department) 

and implicitly learned (learning without explicit intent or conscious awareness, such as 

observing and adopting biased behavioural traits from ones environment) (269,270). The latter 

two scenarios are particularly relevant to clinician decision-making where future decisions may 

be based off repeated negative experiences (such as a series of back-to-back cases which have 

failed to reach surgery after neoadjuvant chemotherapy within the elderly), or through 

subconsciously learning to equate age with poor outcomes from watching more senior 

colleagues make such judgements repeatedly in MDTs.  

 

6.7.2 Cognitive bias 

While bias can of course be introduced into both Type 1 and 2 processes it is fundamentally 

more likely in the former as the rapid, instinctive, unconscious nature of a Type 1 pathway is 

also uncorrected (190,271). Systematic error may be propagated in the absence of a negative 

feedback pathway. As much of our time is spent functioning in Type 1 processing especially 

within high-pressure, time-constrained clinical environments, cognitive bias can infiltrate MDTs 

in myriad ways from diagnostic momentum (reinforcing an already firmly held belief within the 

group), anchoring bias (focusing on early information within a case history such as advanced 

age, even when pertinent information later is available e.g. age identified first before hearing of 

a reasonable performance status), through to confirmation bias (accepting only information 

which supports a pre-conceived conclusion such as a borderline cardiopulmonary exercise test 

(CPET) result) (190).  

My work in Chapter 4 investigated the importance of age in the accessibility and availability of 

specific treatment for OC patients. As discussed in that chapter we see a significant bias away 

from offering patients aggressive curative combination therapies once they hit their late 

seventies. We know from the literature that peri-operative risk increases in the elderly 

population and thus informs both our Type 1 and Type 2 processes via experiential learning 

both from the literature and from direct experience (225,226). It follows then that over time an 

implicit bias may form leading clinicians away from automatically considering aggressive 

therapies and instead towards automatically avoiding them unless provided a good reason not 

to (executable override). 
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How then to interpret the findings of my research when considering how to differentiate 

problematic “bias” from sound clinical “experience”? Which biases are “good”, and which are 

“bad”? While bias as a concept is traditionally sought out for eradication, especially in 

computational settings such as ML, not all bias is necessarily problematic. Pot and colleagues 

have previously argued that within ML, some biases may in fact be beneficial provided they do 

not propagate inequity (inequality through unjust cause) (227). While they spoke more directly 

towards the bias within training data of machine learning models and techniques which seek to 

diversify training data, I argue that the sentiment is also appropriate for human bias at the 

cognitive level. Appreciating that elderly patients are commonly co-morbid, decondition with 

major surgery and may suffer higher rates of complications is well established and thus 

commonly taught from and to clinicians. At a surface glance then, the bias towards the elderly 

may in fact be a willingness to spare them potentially a significantly worse quality of life. We 

may regard this as inequality of treatment access but not necessarily inequity as the cause is 

arguably just.  

Nevertheless, this does not undermine the need to highlight and make such biases explicit. This 

provides fundamental insight into the human thought process followed by the machine’s logic. 

Explainability is paramount to satisfying trust from patients and regulators alike but also 

provides MDTs a route back towards self-reflection even if it simply to reaffirm their rationales. 

6.8 Value and limitations of the MDT models 

The value in these models may be considered from several different scenarios. The first is the 

benefit towards satellite units which feed into a central specialist MDT as is typically the case 

within the UK health service. The Southampton MDT for example is fed by case referrals across 

Hampshire and the Channel Islands including Winchester, Basingstoke, Isle of Wight, Jersey, 

Guernsey, Falklands with additional cases from Salisbury (which are partly filtered through 

Bournemouth) and a few bespoke referrals further afield. It is unlikely that a significant 

reduction in case-referrals would occur immediately based off such an MDT tool. The current 

medicolegal climate incentivizes the offloading of oncological decision-making responsibility 

from any single individual and towards the MDT. It is more conceivable that referring clinicians 

from those units may use the tool to pre-counsel patients on the most probable treatment 

options based off the MDT model ahead of formal discussions as a way to manage patient 

expectations and aid counselling.  
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Secondly, an interactive real-time dashboard offers an opportunity to compare the human 

decision making against the AI within the MDT meeting itself. The ability to provide real-time 

explanations for these predictions also provides an opportunity to discuss whether those 

reasons are still salient (or not).  

Finally, a huge benefit from the computational power driving ML models remains their ability to 

not only learn from large data volume, but to also generate predictions at-scale, almost 

instantaneously. This means the capability to upscale workflow significantly to meet increasing 

caseload demands if this is required, or alternatively to re-prioritize and offload more clear-cut 

decisions to a separate “pre-MDT” filtering process and shorten the list (149). 

With this in mind, I am mindful that my MDT models are not without their limitations. The 

average balanced accuracy from my models currently sits between 70-80% depending on the 

model indicating that 1 in 5 predictions will need reviewing. As time moves on and data volume 

increases the expectation would be to close this gap further, especially with additional and 

more targeted features such as molecular and radiological inputs. Nevertheless, the underlying 

nature of ML models remains unchanged – models seek to closely re-produce real-world 

scenarios and paradigms. Closely, but almost never perfectly. This is aptly demonstrated in the 

high but not perfect ROC curves, balanced accuracies, calibration curves and concordance 

rates of the models presented in this thesis. Some decisions are likely to change following 

contact with patients in clinic, re-discussion with additional MDT colleagues and sometimes 

simply because a different clinician or surgeon happened to be attending a given meeting. 

Consequently, such ML models will need to be applied in conjunction with the MDT rather than 

seek to replace elements of its operation.  

6.9 How these models may influence OC management and learning 

at the MDT level 

I envisage the models being used at present for decision-support as opposed to decision 

automation. While ML is undoubtedly extremely capable, it is not yet at a stage of advancement 

to completely replace the high-level nuance that human decision-making executes in an almost 

unconscious fashion (c.f. section 6.6). Consequently, the models and their application 

interface will need to be used in the short term to develop trust with the MDT while team 

members acclimatize to its presence, using them early on to sense-check MDT plans. Over 
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time this provides confidence in the consistency and safety of the tool to allow either an 

increase in cases per week or offloading simpler cases into a pre-MDT triage.  

There will be a natural concern for the risk of automation bias (the gradual dependence and 

over-reliance on automated system recommendations even in the face of contradictory human 

expertise) (190). If MDTs find the AI models do indeed mirror their own practices, they may 

develop an increased reliance on the system as a whole. While this is not inherently an 

automatically negative consequence (and in fact long term is the hope of any MAI tool that it 

can offload some of the workflow burden), caution must remain with MDT personnel as no AI 

tool is infallible and the models are trained on historic human decisions (some of which may be 

suboptimal in hindsight) and there will always be a risk to patients where an AI is contributing to 

healthcare (56,57).   

As described in section 5.7.3, the MDT is also traditionally a source of learning for junior and 

senior clinicians alike, benefiting from exposure to diverse domain expertise. The partial or even 

full automation of MDTs in the future creates risk of losing that source of decision-making or 

indeed normalising to a mean rather than the optimal. For these reasons it will be necessary to 

preserve and reassure clinicians that while ML models offer workflow benefits, the optimal 

model will be a human-AI collaboration with iteratively updates to the model based on updated 

practices in the human domain (following clinical trials and new research) with use of the AI to 

target either a sense check or to streamline the discussion lists. 

Finally, there will be understandable concern over the ethical implications of embedding both 

decisions which were made historically but which later may prove to have been sub-optimal as 

well as propagating historical biases (such as age-influenced decision-making). Both of these 

are valid concerns. Taking the first scenario – what makes a good decision? As described in 

section 3.6, the first major hurdle is the lack of a well-used and standard single outcome 

measure that is quantifiable and routinely used universally. While “textbook” outcomes do 

exist for oesophageal cancer surgery, they ae currently multidimensional without a single final 

output metric (272). And while they are recommended for quality assurance assessment in 

oesophageal cancer surgery, this naturally excludes non-operative cases. Furthermore, where 

such outcomes are used, they are often compressed into a binary yes/no outcome (this is not in 

itself a downside for ML, however it requires that all sub-domains of the outcome are 

completely met, rather than accounting for partial and graded success) (273). What remains 

needed is a metric which remains a single measure but can account for variable success within 

multiple domains such as complication rate, survival, and quality of life, applicable for all 
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treatment modalities and routinely used in MDT across units. Until that is possible, I am 

restricted to predicting what currently occurs with little recourse for shifting towards predicting 

“success” of a given decision. The additional concern over propagating historical biases 

remains a valid issue within my models for the same reason – they are based on historical 

practice and decision-making. While the broader study period aims to average out some of the 

variability, this is none-the-less a challenge difficult to circumvent in this proof-of-concept 

research. Overtime, as recognition of such biases drives changes in practice, the inherent life-

span limitations of deterministic models (those that remain static in predicting the same output 

for the same input criteria) should ensure that retraining on newer more updated data will also 

gradually remove some of these biases along with the continual and ongoing integration of RRI 

practices which are designed to ensure that such biases are acknowledged where they exist, 

and mitigated where they can be.  

6.10 Pathway to deployment 

The outcome of this research has led to a prototype decision support system in a useable form. 

However, the landscape of medical device regulation has evolved significantly, especially with 

the advent of medical AI systems and the EU AI Act in 2025. The current version of this tool 

could be released into the world as a research tool without need for additional regulatory input 

however for medico-legally sound deployment it would need to address the regulatory 

requirements of a medical device.  

Regulatory pathway steps include the following: defining a device’s intended use, assessing its 

risk classification (within the EU AI act, this tool’s risk would be considered “high risk”), the 

implementation of a quality management system (QMS), generation of clinical evidence, 

undergo a conformity assessment (engage with an approved regulatory body to check technical 

documentation etc), secure regulatory approval and finally ensure adequate post-market 

surveillance. Risk classification is dictated by intended use; be it diagnosis, treatment, 

monitoring etc. Software as medical device (SaMD) classification ranges from class I (low risk, 

patient records, scheduling etc), class IIa (low to medium risk, providing information for 

downstream decision making), class IIb (medium to high risk, informing clinical decisions with 

risk of harm) and class III (highest risk, informing decisions with risk of irreversible harm or 

death) (274). Based on current classification, this tool would sit at least at class IIb. The 

generation of clinical evidence will typically involve model evidence (Internal validation), 

generalizability (external validation), performance metrics, clinical utility studies (testing how 
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the tool may enhance workflows in real life, whether it provides a quantifiable benefit to day to 

day operations), prospective studies (including trials in a “shadow mode” within a real clinical 

workflow such as an NHS MDT where predictions are run in parallel with the MDT but not used 

to influence outcomes at this stage) and where relevant, the use of randomized clinical trials. 

This thesis effectively addresses the first three elements of this already. Quality Management 

Systems are frameworks designed to assess, monitor, document and provide processes for 

auditing medical AI, including quality assurance, risk and risk mitigation strategies as well long-

term life cycle monitoring (275). It is an important aspect of quality control as well as a means of 

addressing downstream issues and risk or bias development in medical AI tools.  Finally, post-

market surveillance ensure that the tool remains fit for purposes as time moves on, accounting 

for shifts in the target demographic, identifying data drift, and also forms part of the Good 

Machine Learning Principles for Medical Device Development guide produced by the US FDA, 

Health Canada and the UK MHRA (276). Once these steps are achieved, the tool can then be 

introduced into a real NHS workflow to test if it can provide tangible benefits to MDT operations 

such as caseload screening or prioritization, or in the form of time and cost savings before 

being potentially adopted full-time into the NHS digital ecosystem.  

6.11 Study limitations and future directions 

The initial pilot study in curative patients was limited by the study sample size. Despite a cohort 

spanning approximately 10 years within a tertiary referral centre which serves a catchment of 

over 3 million people along the south coast and Channel Islands, the unit sees approximately 

40-60 curative cases a year of which some will represent rarer histological subtypes not 

included within the current models (277). By utilising supervised-learning techniques which 

tolerate smaller datasets in conjunction with cross-validation techniques I have sought 

mitigate some of the overfitting associated with smaller training sets and provide a reasonable 

estimate of the likely generalisability error associated with my models. A similar issue affected 

the palliative cohort who ordinarily account for the majority of MDT cases. However, once cases 

were filtered to ensure appropriate histology and eligible treatment this again left a cohort of 

just over 430 cases. Datasets of this size are common to healthcare scenarios where access, 

adequate recording and of course patient consent may limit how much data can be curated.  

For a cohort who rarely survive beyond 2 years, prognostication beyond this for palliative 

cohorts is extremely challenging, especially for those few patients who prove outliers in 

survival. This again circles back to the challenges in modelling limited training cohorts although 

the survival within our local cohort matches those seen nationally and consequently a larger 
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dataset may not change the distribution of survival probabilities significantly. Within machine 

learning, no exact guidance is agreed upon within domain experts on sample size, though it is 

not uncommon to curate datasets comprising 1000s of observations, especially for deep 

learning platforms and tasks requiring complex data such as images and audio. A typical rule of 

thumb recommended by multiple domain experts for tabular data is to ensure that the number 

of observations is an order of magnitude greater than the number of features (278). 

A key choice in this research from the outset was the choice to focus on tabular data structure 

with clinicopathological data. As described in section 1.1.7 there have already been numerous 

studies reporting positive outcomes from applying ML to imaging and histopathological data 

types. However, in the face of striving for a novel CDSS for MDT decisions in oesophageal 

cancer it was important to start more simply and determine proof-of-concept. Tabular MDT 

data is readily available, easy to read for statistical computing software and rapidly analysed 

even in real time. Additionally, as described previously, within more restricted datasets, tabular 

data when analysed by more classical ML algorithms can outperform more complex deep 

learning models (252). Consequently, while it is possible that future iterations may benefit from 

integrating multimodal data types at the time of prediction (and indeed will yet more closely 

represent the true process of the modern MDT), simpler more structured data types are 

necessary for grass-roots validation of concept and lend themselves far more to explainability.   

The typical criticism of single-centre training data does raise a philosophical point unique to 

this research – how to balance generalisability (and thus “validity” in clinical circles) with 

modelling a nuanced and individualised team-based process (and thus “personalised”). Multi-

centre datasets offer larger training sets which shore up statistical power but simultaneously 

introduce more variability within the dataset. MDTs often reach a natural equilibrium in 

composition over time and team-members become acquainted with their own team dynamics 

leading to regional idiosyncrasies. How then to balance the need for statistical power with the 

risk of reducing overall accuracy and reliability of predictions locally when applied to a single 

MDT? Patients are, after all managed by one MDT and almost never discussed nationally 

(although more recent “national MDTs” have started to make an appearance within 

oesophageal cancer, generally from an academic or interesting-case perspective). A “one-size-

fits-all" model that generalises nationally would be computationally cheaper and less labour 

intensive to implement but fails to capture the nuanced geographical biases which inform 

patient management locally at a particular MDT. Instead, we risk normalising to a central 

“mean” nationally where models would continue to perform “well” but there would remain a 
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perpetual gap in performance not accounted for.  A counter argument to this would of course 

be that standardization of care is a key outcome from this research over time, why then is this a 

problem? Simply put the first step in championing the benefits of AI in this process would be to 

standardize decisions at the local level. Standardizing practice nationally will only come once a 

standard of care is established both in practice and in intended outcome; the latter currently 

remains absent. Once our oncological outcomes are agreed upon, we can then work towards 

standardization towards the best practice nationally.  

The predictor variables I selected to test were aimed to achieve a balance between sufficient 

features to achieve a diversity of clinical inputs clinicians may consider during deliberation 

while simultaneously being realistically available to all cases for the MDT to access at the time 

of determining a treatment plan. As described in section E.3, cardiopulmonary exercise testing 

could not be used in this work as it was only available and applicable in practice to those 

offered surgery and is not yet widely used for non-curative patients even as a means of judging 

treatment tolerance. Nevertheless, the Eastern Cooperative Oncology Group (ECOG) 

performance status has offered a relatively accessible alternative which my models have found 

of material benefit nonetheless.  

The model features were curated using a priori knowledge and national guidelines. While the 

latter are not subject to very frequent changes nationally, several novel molecular markers and 

immunotherapy-based targets have come to the fore during the period of this research. The 

lead-time on their clinical adoption means these variables cannot be reflected within the 

present models. This highlights another difficulty in curating training datasets for ML modelling. 

As clinical trials are released, these tend to produce shifts in practice which occur gradually but 

must then be provided a period of bedding in to acquire sufficient training data, lending itself to 

the criticism that ML-based CDSSs may prove slow to adapt. Future iterations may also be able 

to integrate variables such as lifestyle risk factors, BMI, shifts in oncological practice (e.g., 

neoadjuvant chemotherapy regimens or TNM classification updates) and even the geographical 

distribution of patients relative to chemotherapy and chemoradiotherapy units. Features can 

be expanded to include more detailed tumour geography, tumour size, tumour differentiation, 

and molecular classification of histological subtypes while outcome classes may also include 

choice of chemotherapy regimens. The notable exclusion of immunotherapies and other novel 

systemic modalities will naturally limit model performance for new cases in the 

immunotherapy era. Future modelling will need to incorporate an expanding array of systemic 
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treatments such as Chemotherapy +/- anti HER2, anti-PD-1/PD-L1, Claudin 18.2, and MMR-

d/MSI-H (163–166).  

It is also worth noting in this regard that while survival is by far the most prolific outcome 

measure in oncological studies, it is not always the most salient from a patient’s perspective. In 

the palliative setting, quality of life (QOL) is often key yet frequently overlooked. QOL data is not 

yet routinely collected within our MDT thus not modelled within the present study but will be 

essential in future models. At present these models also do not factor visual data (radiological 

and histopathological imaging), nor key social/ human factors (the last of which, previous 

studies have found inconsistent in MDT environments) (117,118). However, as this is the first 

time machine learning has been applied to the modelling of MDT decisions for oesophageal 

cancer patients, it was incumbent on me to start with a more simplistic data structure to 

produce proof-of-concept. Tabular clinicopathological data was therefore the first approach to 

pursue and once this could be achieved this will set a scientific rationale for upscaling to more 

complex datatypes such as medical imaging and histological samples in the future.  

This model explainability study using XAI techniques benefitted from an uplifted dataset 

combining both curative and palliative cases over a slightly longer period (893 OC patients over 

a 13-year period). It remained a single-centre analysis over a study period when several shifts in 

oncological practice have undoubtedly occurred in both NACT regimens as well as the 

emerging option of immunotherapy. I focussed primarily on global explainability techniques 

within this study (variable importance and partial dependence) however, local techniques were 

not employed on this occasion. The development of this work within the oesophageal cancer 

space will allow the development of ML-derived decision-support tools which can be used by 

MDT personnel. The need for explainable and ideally interpretable ML models and thus the 

approach presented here represents a route towards clinician trust by first offering global 

insight into team-level decision-making when mirrored by the machine. As useable tools then 

developed, local XAI techniques such as Local Interpretable Model-agnostic Explanations 

(LIME) and SHappley Additive exPlanations (SHAP) can then offer instance-level explanations 

too to focus the explanations to the individual patient (209,210).  

The models within this research are deterministic (i.e. for a given set of inputs, they will always 

generate the same outputs every time). Consequently, the algorithms do not learn and adapt in 

real-time to new data when it is available, requiring instead, to be re-trained periodically with 

new data to ensure the predictions remain consistent with the medical field. The benefit here is 

in ensuring new data is not liable to introduce errors in training, either through corrupted input 
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data or reporting bias. However, this comes at the price of labour intensive (and onerous) data 

cleaning and quality monitoring. Nevertheless, deterministic models have for the reasons 

above been historically favoured by regulators such as the FDA though it has been recognised 

for some time that limiting the use of continually learning AI also withholds one of the unique 

benefits AI has to offer (279). It is anticipated that over time regulators will develop action plans 

to accommodate continually learning models which would minimise human workload provides 

a means of quality control monitoring was in place. 

The use of a Responsible Research and Innovation program will also be essential to ensure that 

as far as possible the design of the AI CDSS has considered the stakeholders concerned with its 

intended application and acted to mitigate and assess risk to individuals along with society as a 

whole. Early collaboration with a diverse skill-mix and open-format workshops will lead to a 

CDSS with immediate clinical translational potential.  RRI frameworks such as the AREA 4Ps 

framework (280) will help delineate potential challenges and barriers to the use of AI based 

CDSSs in clinical settings, including the need to mitigate against training data bias, data 

management and governance, the adaptability of models to future shifts in practice and more 

regulatory concerns such as the role of the human within the loop, the foundations of legal and 

clinical responsibility (54,58,281). With the advent of the newly released EU AI act in July 2024, 

this is of salience as healthcare related AI will inevitably fall into the high-risk category of AI 

applications especially when the impact of new technologies may still be emerging far 

downstream of their first deployment (The “Collingridge Dilemma”) (257,258,282). 

6.12 Conclusions 

I have demonstrated ML – based predictive models trained on pre-treatment 

clinicopathological variables can predict oesophageal cancer MDT treatment decisions with 

good accuracy including palliative patients who account for a majority of MDT caseload yet are 

historically overlooked in decision-support resources (39).  I have demonstrated that age plays 

a key role, especially when moving straight to surgery. The application of ML techniques has not 

yet been widely applied to oesophageal cancer MDTs despite some success in other clinical 

specialties (143–146). ML tools have the potential to transform OC MDT workflow and efficiency 

with future research recommended towards integrated multimodal input datasets and 

focussed attention towards explainable XAI solutions thereby increasing trustworthiness and 

routine clinical use.  
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Appendix A Supplemental Materials for Chapter 2  

A.1 Supplemental Tables 

Supplemental Table 1 - Inter-algorithmic comparison of performance.  P values for 
Kruskal-Wallis analysis of variance (ANOVA) of AUROC for outcome 
classification by algorithm (top left).  Pairwise Wilcoxon Rank Sum Test 
provided for pairwise comparison (Asterisk denotes statistically significance * 
= P < 0.05, ** = P < 0.01, ***P < 0.001). 

Chemo vs Others  

(P < 0.001)***  

MLR  RF  XGB  DT 

MLR   No data 0.002 **  <0.001 ***  0.143 

RF   No data No data  0.380  0.372 

XGB   No data No data  No data  0.152 

DT No data No data No data No data 

CRT vs Others  

(P < 0.001) ***  

MLR  RF  XGB  DT 

MLR   No data <0.001 ***  <0.001 ***  <0.001 ***  

RF   No data  No data 0.620  <0.001 ***  

XGB   No data  No data  No data <0.001 ***  

DT No data No data No data No data 

Surgery vs Others 

(P < 0.001) ***  

MLR  RF  XGB  DT 

MLR   No data 0.134  0.001 **  <0.001 ***  

RF   No data  No data 0.051  <0.001 ***  

XGB   No data  No data  No data <0.001 ***  

DT No data No data No data No data 
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Supplemental Table 2 - Intra-algorithmic comparison of performance. - P values for 
Kruskal-Wallis Analysis of AUROC for intra-algorithm classification 
performance (top left). Pairwise Wilcoxon Rank Sum Test provided for pairwise 
comparison (Asterisk denotes statistically significant * = P of 0.05, ** = P < 0.05, 
*** for P <0.001)

MLR vs Others 

(P < 0.001) *** 

NACT+S NACRT+S Surgery 

Chemo No data < 0.001*** < 0.001*** 

CRT No data No data < 0.001*** 

Surgery No data No data No data 

RF vs Others 

(P < 0.001) *** 

NACT+S NACRT+S Surgery 

Chemo No data < 0.001*** < 0.001*** 

CRT No data No data < 0.001*** 

Surgery No data No data No data 

XGB vs Others 

(P < 0.001) *** 

NACT+S NACRT+S Surgery 

Chemo No data < 0.001*** < 0.001*** 

CRT No data No data < 0.001*** 

Surgery No data No data No data 

DT vs Others 

(P < 0.001) *** 

NACT+S NACRT+S Surgery 

Chemo No data 0.004** 0.001** 

CRT No data No data < 0.001*** 

Surgery No data No data No data 
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A.2 Supplemental Figures 

 

Supplemental Figure 1 - ROC curve for averaged nested, cross-validated model 
performance given with +/- 1x standard error of the mean (SEM) for 
Adenocarcinoma cohort alone , A = Multinomial Logistic Regression, B = 
Random Forests, C = Extreme Gradient Boost and D = Decision Tree. AUROC = 
Area under Receiver Operator Characteristic 
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Supplemental Figure 2 - Visualised Decision Tree analysis of OC MDT decision making 
framework (best trained model) 
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Supplemental Figure 3 - Comparative ROC analysis for all algorithms when age is included 
(green) and removed (red) from models trained to predict MDT treatment 
decisions  (Statistically significant drop denoted by red asterisk). A = MLR C + 
Surgery B = MLR CRT + Surgery, C = MLR Surgery, D = RF C + Surgery, E = RF CRT 
+ Surgery, F = RF Surgery, G = XGB C + Surgery, H = XGB CRT + Surgery, I = XGB 
Surgery, J = DT C + Surgery, K = DT CRT + Surgery, L = DT Surgery 
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Appendix B Supplemental Materials for Chapter 3 

B.1 Supplemental Figures 

B.1.1 High-resolution figures  

 

Supplemental Figure 4 - Variable importance plot for the Palliative MLR classifier model 
(Large version) 
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Supplemental Figure 5 - Variable importance plot for the Palliative RF classifier model 
(Large version) 
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Supplemental Figure 6 - Variable importance plot for the Palliative XGB classifier model 
(Large version) 
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Supplemental Figure 7 - Variable importance plot for the Palliative DT classifier model 
(Large version) 
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Appendix C Supplemental Materials for Chapter 4 

C.1 Supplemental Tables 

Supplemental Table 3 - Breakdown of cases by referral unit for the study cohort 

Referral Unit “Chemo” 

(N = 209) (%) 
“CRT” 

(N = 196) (%) 
“Surgery” 

(N = 102) (%) 
“Palliative” 

(N=386) (%) 
Total 

(N = 893) (%) 

Basingstoke 14 (6.7%) 30 (15.4%) 6 (5.9%) 12 (3.1%) 62 (6.9%) 

Bournemouth 2 (1.0%) 1 (0.5%) 1 (1%) 1 (0.3%) 5 (0.6%) 

Falklands 0 (0%) 1 (0.5%) 0 (0%) 0 (0%) 1 (0.1%) 

Gloucestershire 0 (0%) 1 (0.5%) 0 (0%) 0 (0%) 1 (0.1%) 

Guernsey 1 (0.5%) 1 (0.5%) 0 (0%) 1 (0.3%) 3 (0.3%) 

Guildford 2 (1.0%) 0 (0%) 0 (0%) 0 (0%) 2 (0.2%) 

Isle of Wight 39 (18.7%) 28 (14.3%) 20 (19.6%) 15 (3.9%) 102 (11.4%) 

Jersey 15 (7.2%) 7 (3.6%) 10 (9.8%) 6 (1.5%) 38 (4.3%) 

Nuffield 0 (0%) 0 (0%) 1 (1.0%) 0 (0%) 1 (0.1%) 

Portsmouth 0 (0%) 0 (0%) 1 (1.0%) 1 (0.3%) 2 (0.2%) 

Salisbury 5 (2.4% 2 (1.0%) 0 (0%) 12 (3.1%) 19 (2.1%) 

Southampton 80 (38.3%) 94 (48.0%) 40 (39.2%) 314 (81.3%) 528 (59.1%) 

Swansea 0 (0%) 0 0 (0%) 1 (0.3%) 1 (0.1%) 

Winchester 51 (24.4%) 31 (15.8%) 23 (22.5%) 23 (6.0%) 128 (14.3%) 
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C.2 Supplemental Figures 

 

Supplemental Figure 8 - Individual conditional expectation plot of time epoch on predicted 
probability of treatment pathways  (orange line = average line). Epoch 1 = time 
preceding release of CROSS trial (approx. 2012), epoch 2 relates to time 
between CROSS and release of FLOT 4 trial (2012 – 2017) and epoch 3 relates to 
time since FLOT4 (2017 onwards). 

 

Supplemental Figure 9 - Individual conditional plot for influence of cM stage in isolation on 
predicted probability of treatment pathways  (orange line = average line) 
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Appendix D Supplemental Materials for Chapter 5 

 

D.1 Supplemental Methods: Responsible Co-Design 

The RRI program used in this study looked to approach the development of the ML-based CDSS 

in a number of separate but related strands. We utilised a semi-structured multidisciplinary 

workshop framework to discuss a series of RRI prompts from the RRI card deck devised by 

Horizon Digital Economy Hub (University of Nottingham). To obtain end-user insights we also 

conducted semi-structured interviews with MDT clinicians to understand the clinical variables 

they looked at during MDTs as well as how they perceived the use of AI-driven tools both in 

clinical medicine as a field as well as OC more specifically. They were also shown iterations of 

the evolving CDSS tool. The feedback and insights generated through this process was used to 

make changes and updates to the CDSS. 

D.1.1 RRI prompts 

To ensure the CDSS development considered ethical, societal, and governance implications we 

utilised specially designed RRI card decks which prompts users to reflect, discuss and act on 

several aspects of RRI such as risk, bias, fairness, transparency (60,283). These also allow 

users to look ahead and anticipate potential consequences. This was used to inform the 

intended applications, target outcomes to predict and mechanisms through which to increase 

transparency and explainability of the CDSS at the point of use. The RRI card decks used within 

this program were designed by the University of Nottingham’s Horizon Digital Economy Hub 

(Supplemental Figure 4)(60,283) . Each card is categorised under for one of the 4 principles of 

the AREA framework (Anticipate, Reflect, Engage, Act). A card will provide a specific prompt, as 

well as some example actions the research team can then use to action solutions. The cards 

cover a range of potential risks and issues including unintended consequences, sustainability, 

potential conflicts. Discussions were recorded and transcribed for later review and analysis. 

D.1.2 Co-design workshops  

We conducted regular workshops attended by diverse members of the research group including 

digital health experts, XAI computer scientists, clinician scientists, Heartburn Cancer UK 
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representatives, lay public and oesophageal cancer patients. These open-format workshops 

provided an arena for the research group to share thoughts on the evolution of the CDSS design 

while discussing validity of the models, clarity of the prediction explanations and the types of 

information patients may wish to know at the time of clinic review from their treating clinicians. 

RRI cards were again used here as stimulus prompts to consider new updates and evolutions of 

the CDSS between meetings and how these changes might mitigate or propagate risks 

associated with AI innovation. These workshops took place via teleconference over a series of 

months running in parallel with the UI development as well as validation of the ML models 

discussed within this study. 

D.1.3 Clinician Interviews  

The development of the machine learning (ML) model and its associated user interface (UI) for 

our CDSS was also guided by semi-structed interviews with clinicians which were analysed by a 

thematic analysis (interview questions are included at the end of this section) (284). Key themes 

were identified, relating to their understanding, perceptions, and concerns about the use of AI 

in healthcare, specifically in the MDT of oesophageal cancer. The interviews were transcribed 

using Microsoft Teams software, and an iterative coding process was applied. Initially, open 

coding was used to identify significant statements and concepts. These codes were then 

grouped into broader themes through axial coding, which allowed for the identification of 

patterns and relationships within the data. The final themes were refined through selective 

coding, ensuring that they accurately represented the clinicians' perspectives and insights. 

The interviews were structured into two key stages with the clinicians, focusing first on their 

general perceptions of AI in healthcare and later, specific feedback after interacting with the 

prototype tool. The semi-structured interviews engaged with six clinicians, including 

oncologists, radiologists, specialist nurses and surgeons specializing in oesophageal cancer. 

All participants are UK-based clinicians, and they have varied levels of experience in MDT 

ranging from 5 to 20 years. These participants were selected for their expertise and their roles in 

the multidisciplinary team of oesophageal cancer. Their involvement was crucial in ensuring 

the tool was aligned with the needs and workflows of end-users. 

Stage 1: Initial Interviews and Needs Assessment 

The first stage involved semi-structured interviews with the clinicians to explore their general 

understanding of AI and their perceptions of its potential role in clinical practice. The interviews 

aimed to identify clinicians' expectations, concerns, and perceived barriers to adopting AI tools 
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in their workflow. Clinicians were asked about their familiarity with AI, their previous 

experiences (if any) with AI tools, and their views on the trustworthiness and reliability of AI in 

clinical decision-making. This stage provided critical insights into the clinicians' mental models 

regarding AI, which informed the initial design of the ML model and UI. Understanding the 

clinicians' baseline perceptions was essential for addressing any misconceptions and ensuring 

the tool was designed with their concerns in mind, particularly regarding transparency, 

explainability, and trust. 

Stage 2: Prototype Demonstration and Feedback 

In the second stage, after the initial design of the ML model and UI was completed, the 

clinicians were invited to participate in the second stage of interviews. During this stage, the 

clinicians were presented with a prototype of the tool, which included a preliminary version of 

the ML model integrated into a user interface. The clinicians were asked to interact with the tool 

and provide specific feedback on its functionality, usability, and clinical relevance. This 

feedback focused on the following areas: 

• Usability: The ease of navigation within the UI, clarity of information presentation, and 

overall user experience. 

• Functionality: The relevance and accuracy of the ML model’s predictions, as well as the 

usefulness of the tool in supporting clinical decision-making. 

• Integration: How well the tool could be integrated into existing clinical workflows. 

• Trust and Transparency: The clarity of the model’s explanations for its predictions and 

the degree to which clinicians felt they could trust and rely on the tool. 

The insights gathered during these interviews were used to refine both the ML model and the UI. 

Specific changes were made to enhance the interpretability of the model’s predictions, improve 

the clarity of the user interface, and ensure that the tool met the clinicians’ practical needs in a 

clinical setting. 

D.2 Exploratory Clinician Interview materials (Questions) 

ERGO number: 70375 

IRAS: 319540 
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Clinician Interview primary goal: To explore, clarify and consolidate the clinical variables expert 

clinicians intuitively utilise in determining clinical treatment pathways for the management of 

Oesophageal cancers (OC). We can subdivide these factors into clinical/ histopathological/ 

radiological and social variables.  

Clinician interview secondary goal: Explore clinician perception, sentiment, and reservations 

for the inclusion of digital, Machine Learning (ML) and Artificial Intelligence (AI) - based clinical 

decision tools in health care settings, specifically the assessment and management of 

oesophageal cancer.   

We aim to interview expert clinicians involved routinely in the management of oesophageal 

cancer patients. The inclusion criteria for our participants that they are current practicing 

consultant clinicians (Surgeons/ Gastroenterologists/ Oncologists) at the University Hospitals 

Southampton and experienced contributors to the Upper Gastrointestinal (UGI) Surgery 

Department multidisciplinary team (MDT) who are willing and agree to participate.  

Section 1: Each interview will discuss the following questions:  

Q1: What factors/clinical features do participants consider crucial to their decision-making? 

[Key decision-variables for downstream hybrid ML model] 

 Q1.1: What clinical features of the tumour complex would this include?  

 Q1.2: Are there any specific radiological factors that inform their decision-making 

process? 

 Q1.3: Do any specific histological features matter to the participant  

 Q1.4: Do participants consider any social or human factors routinely in choosing a 

treatment pathway?  

Q1.4.1: If so, which? And why? 

Q1.5: Of the factors discussed above, do participants attribute equal weighting to these or do 

they feel some factors are more important than others? 

 Q1.5.1: How would they rank such factors? 

Q2: What do the participants understand by Machine Learning and Artificial Intelligence-based 

clinical decision tools? [pre-deployment perception] 
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Q3: What feelings/sentiments do participants possess towards these digital tools? [Current 

beliefs]   

Q3.1 Do they currently use any automated tools outside UGI cancer clinics?  

Q3.2What are their perception toward these tools? 

Q4 What do they think AI could enable them to do in the clinic? [Perceived utility] 

Q4.1 Do they currently feel they know enough to trust these tools in a healthcare setting?  

Q5: What are the main barriers towards developing or possessing trust in such tools? [Barriers 

and expectations]  

 Q5.1 How advance do they think AI tools will be? 

Q6: If such tools were available and scientifically validated what further safe-guards or 

measures would participants wish to have in place to feel willing to use such tools within their 

own practice? [Clinician confidence, motivation]  

 

Q6.1 What motivates them to use AI tools in the clinic?  

 

Q6.2 To what degree would clinicians be interested or willing to be part of the design and 

integration process?
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D.3 Supplemental Tables 

 Supplemental Table 4 - Patient demographic by model feature and primary model outcome 
classes 

Pre-treatment 
variables 
 

UHS 
“Chem

o” 
(N =210) 

(%) 

OUH 
“Chem

o” 
(N =373) 

(%) 

UHS 
“CRT” 

(N 
=196) 

(%) 

OUH 
“CRT” 

(N 
=86) 
(%) 

UHS 
“Surger

y” 
(N =108) 

(%) 

OUH 
“Surger

y” 
(N = 44) 

(%) 

UHS 
Palliativ

e 
(N =439) 

(%) 

OUH 
Palliativ

e 
(N =475) 

(%) 

UHS 
Total 
(N = 
953) 
(%) 

Total 
(N = 
978) 
(%) 

Gender 
Male 179 

(85∙2%) 
303 

(81∙2%) 
137 

(69∙9
%) 

52 
(60∙5

%) 

82 
(75∙9%) 

34 
(77∙3%) 

320 
(72∙9%) 

355 
(74∙7%) 

718 
(75∙3

%) 

744 
(76∙1

%) 
Female 313 

(14∙8%) 
70 

(18∙8%) 
59 

(30∙1
%) 

34 
(39∙5

%) 

26 
(24∙1%) 

10 
(22∙7% 

119 
(27∙1%) 

120 
(25∙3%) 

235 
(24∙7

%) 

234 
(23∙9

%) 
Median Age in 
years (Range) 

65∙5 (21 
– 81∙2) 

65∙0 
(31∙0 – 
80∙0) 

66∙6 
(40∙0 – 
81∙0) 

65∙0 
(29∙0 – 
77∙0) 

73∙4 
(33∙7 – 
83∙0) 

67∙5 
(37∙0 – 
83∙0) 

75∙2 
(29∙8 – 
96∙7) 

72∙0 
(33∙0 – 
96∙0) 

70∙0 
(21∙0 – 
96∙7) 

68 
(29∙0 – 
96∙0) 

Performance status 
0 120 

(57∙1%) 
350 

(93∙8%) 
138 

(70∙4
%) 

83 
(96∙5

%) 

38 
(35∙2%) 

39 
(88∙6%) 

75 
(17∙1%) 

240 
(50∙5%) 

371 
(38∙9

%) 

712 
(72∙8

%) 
1 85 

(40∙5%) 
22 

(5∙9%) 
54 

(27∙6
%) 

3 
(3∙5%) 

53∙7%) 4 (9∙1%) 132 
(30∙1%) 

121 
(25∙5%) 

329 
(34∙5

%) 

150 
(15∙3

%) 
2 5 (2∙4%) 1 (0∙3%) 3 

(1∙5%) 
0 12 

(11∙1%) 
1 (2∙3%) 140 

(31∙9%) 
69 

(14∙5%) 
160 

(16∙8
%) 

71 
(7∙3%) 

3 0 0 1 
(0∙5%) 

0 0 0 87 
(19∙8%) 

43 
(9∙1%) 

88 
(9∙2%) 

43 
(4∙4%) 

4 0 0 0 0 0 0 5 
(1∙1%) 

2 
(0∙4%) 

5 
(0∙5%) 

2 
(0∙2%) 

cT stage 
0 1 (0∙5%) 0 0 0 2 (1∙9%) 0 1 

(0∙2%) 
0 4 

(0∙4%) 
0 

Is 0 0 0 0 3 (2∙8%) 0 0 0 3 
(0∙3%) 

0 

1 0 1 (0∙3%) 0 0 6 (5∙6%) 1 (2∙3%) 1 
(0∙2%) 

0 7 
(0∙7%) 

2 
(0∙2%) 

1a 0 0 0 0 1 (0∙9%) 12 
(27∙3%) 

0 1 
(0∙2%) 

1 
(0∙1%) 

13 
(1∙3%) 

1b 0 3 (0∙8%) 0 0 1 (0∙9%) 13 
(29∙5%) 

0 1 
(0∙2%) 

1 
(0∙1%) 

17 
(1∙7%) 

2 35 
(16∙7%) 

107 
(28∙7%) 

44 
(22∙4

%) 

19 
(22∙1

%) 

49 
(45∙4%) 

11 
(25∙0%) 

41 
(9∙3%) 

59 
(12∙4%) 

169 
(17∙7

%) 

196 
(20∙0

%) 
3 149 

(71∙0%) 
211 

(56∙6%) 
138 

(70∙4
%) 

53 
(61∙6

%) 

43 
(39∙8%) 

4 (9∙1%) 227 
(51∙7%) 

235 
(49∙5%) 

557 
(58∙4

%) 

503 
(51∙4

%) 
4 19 

(9∙0%) 
1 (0∙3%) 11 

(5∙6%) 
0 2 (1∙9%) 0 102 

(23∙2%) 
6 

(1∙3%) 
134 

(14∙1
%) 

7 
(0∙7%) 

4a 6 (2∙9%) 47 
(12∙6%) 

3 
(1∙5%) 

13 
(15∙1

%) 

0 1 (2∙3%) 28 
(6∙4%) 

77 
(16∙2%) 

37 
(3∙9%) 

138 
(14∙1

%) 
4b 0 1 (0∙3%) 0 0 0 0 15 

(3∙4%) 
71 

(14∙9%) 
15 

(1∙6%) 
72 

(7∙4%) 
X 0 2 (0∙5%) 0 1 

(1∙2%) 
1 (0∙9%) 2 (4∙5%) 24 

(5∙5%) 
25 

(5∙3%) 
25 

(2∙6%) 
30 

(3∙1%) 
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Pre-treatment 
variables 
 

UHS 
“Chem

o” 
(N =210) 

(%) 

OUH 
“Chem

o” 
(N =373) 

(%) 

UHS 
“CRT” 

(N 
=196) 

(%) 

OUH 
“CRT” 

(N 
=86) 
(%) 

UHS 
“Surger

y” 
(N =108) 

(%) 

OUH 
“Surger

y” 
(N = 44) 

(%) 

UHS 
Palliativ

e 
(N =439) 

(%) 

OUH 
Palliativ

e 
(N =475) 

(%) 

UHS 
Total 
(N = 
953) 
(%) 

Total 
(N = 
978) 
(%) 

cN stage 
0 41 

(19∙5%) 
140 

(37∙5%) 
64 

(32∙7
%) 

32 
(37∙2

%) 

59 
(54∙6%) 

1 (2∙3%) 90 
(20∙5%) 

108 
(22∙7%) 

254 
(26∙7

%) 

313 
(32∙0

%) 
1 138 

(65∙7%) 
144 

(38∙6%) 
112 

(57∙1
%) 

27 
(31∙4

%) 

42 
(39∙9%) 

33 
(75∙0%) 

145 
(33∙0%) 

131 
(27∙6%) 

437 
(45∙9

%) 

310 
(31∙7

%) 
2 31 

(14∙8%) 
76 

(20∙4%) 
19 

(9∙7%) 
25 

(29∙1
%) 

6 (5∙6%) 8 
(18∙2%) 

127 
(28∙9%) 

1551 
(31∙8%) 

183 
(19∙2

%) 

253 
(25∙9

%) 
3 0 12 

(3∙2%) 
3 

(1∙5%) 
2 

(2∙3%) 
1 (0∙9%) 1 (2∙3%) 59 

(13∙4%) 
82 

(17∙3%) 
61 

(6∙4%) 
97 

(9∙9%) 
X 0 1 (0∙3%) 0 0 0 1 (2∙3%) 18 

(4∙1%) 
3 

(0∙6%) 
18 

(1∙9%) 
5 

(0∙5%) 
cM stage 

0 210 
(100%) 

373 
(100%) 

196 
(100%) 

86 
(100%) 

108 
(100%) 

44 
(100%) 

176 
(40∙1%) 

209 
(44∙0%) 

690 
(72∙4

%) 

712 
(72∙8

%) 
1 0 0 0 0 0 0 257 

(58∙5%) 
263 

(55∙4%) 
257 

(27∙0
%) 

263 
(26∙9

%) 
X 0 0 0 0 0 0 6 

(1∙4%) 
3 

(0∙6%) 
6 

(0∙6%) 
3 

(0∙3%) 
Tumour location 

Proximal 
Oesophagus 

0 1 (0∙3%) 3 
(1.5%) 

0 0 0 19 
(4∙3%) 

19 
(4∙0%) 

22 
(2∙3%) 

20 
(2∙0%) 

Mid 
oesophagus 

6 (2∙9%) 28 
(7∙5%) 

22 
(11∙2

%) 

24 
(27∙9

%) 

10 
(9∙3%) 

6 
(13∙6%) 

64 
(14∙6%) 

118 
(24∙8%) 

102 
(10∙7

%) 

176 
(18∙0

%) 
Distal 

Oesophagus 
120 

(57∙1%) 
124 

(33∙2%) 
148 

(75∙5
%) 

33 
(38∙4

%) 

67 
(62∙0%) 

16 
(36∙4%) 

252 
(57∙4%) 

148 
(31∙2%) 

570 
(59∙8

%) 

321 
(32∙8

%) 
Siewert 1 24 

(11∙4%) 
142 

(38∙1%) 
8 

(4∙1%) 
19 

(22∙1
%) 

4 (3∙7%) 9 
(20∙5%) 

20 
(4∙6%) 

86 
(18∙1%) 

56 
(5∙9%) 

256 
(26∙2

%) 
Siewert 2 39 

(18∙6%) 
78 

(20∙9%) 
10 

(5∙1%) 
10 

(11∙6
%) 

19 
(17∙6%) 

13 
(29∙5%) 

56 
(12∙8%) 

104 
(21∙9%) 

124 
(13∙0

%) 

205 
(21∙0

%) 
Siewert 3 23 

(11∙0%) 
0 1 

(0∙5%) 
0 5 (4∙6%) 0 28 

(6∙4%) 
0 57 

(6∙0%) 
0 

Siewert 
undefined 

15 
(7∙1%) 

0 4 
(2∙0%) 

0 3 (2∙8%) 0 0 0 22 
(2∙3%) 

0 

Tissue Histology 
Adenocarcino

ma 
197 

(93∙8%) 
343 

(92∙0%) 
134 

(68∙4
%) 

45 
(52∙3

%) 

96 
(88∙9%) 

40 
(90∙9%) 

322 
(73∙3%) 

352 
(74∙1%) 

749 
(78∙6

%) 

780 
(79∙8

%) 
Squamous 

Cell 
13 

(6∙2%) 
30 

(8∙0%) 
62 

(31∙6
%) 

41 
(47∙7

%) 

12 
(11∙1%) 

4 (9∙1%) 117 
(26∙7%) 

123 
(25∙9%) 

204 
(21∙4

%) 

198 
(20∙2

%) 
Dysplasia 0 0 0 0 0 0 0 0 0 0 
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Pre-treatment 
variables 
 

UHS 
“Chem

o” 
(N =210) 

(%) 

OUH 
“Chem

o” 
(N =373) 

(%) 

UHS 
“CRT” 

(N 
=196) 

(%) 

OUH 
“CRT” 

(N 
=86) 
(%) 

UHS 
“Surger

y” 
(N =108) 

(%) 

OUH 
“Surger

y” 
(N = 44) 

(%) 

UHS 
Palliativ

e 
(N =439) 

(%) 

OUH 
Palliativ

e 
(N =475) 

(%) 

UHS 
Total 
(N = 
953) 
(%) 

Total 
(N = 
978) 
(%) 

Co-morbidities  
Chronic 

pulmonary 
disease (CPD) 

26 
(12∙4%) 

63 
(16∙9%) 

28 
(14∙3

%) 

15 
(17∙4

%) 

19 
(17∙6%) 

10 
(22∙7%) 

57 
(13∙0%) 

91 
(19∙2%) 

130 
(13∙6

%) 

179 
(18∙3

%) 
Peripheral 
vascular 

disease (PVD) 

6 (2∙9%) 6 (1∙6%) 7 
(3∙6%) 

2 
(2∙3%) 

5 (4∙6%) 0 25 
(5∙7%) 

15 
(3∙2%) 

43 
(4∙5%) 

23 
(2∙4%) 

Cerebrovascul
ar disease 

(CVD) 

8 (3∙8%) 8 (2∙1%) 6 
(3∙1%) 

3 
(3∙5%) 

8 (7∙4%) 0 84 
(19∙1%) 

33 
(6∙9%) 

106 
(11∙1

%) 

44 
(4∙5%) 

Uncomplicate
d diabetes 

(DM uncomp) 

21 
(10∙0%) 

57 
(15∙3%) 

20 
(10∙2

%) 

11 
(12∙8

%) 

16 
(14∙8%) 

10 
(22∙7%) 

71 
(16∙2%) 

77 
(16∙2%) 

128 
(13∙4

%) 

155 
(15∙8

%) 
Leukaemia 0 1 (0∙3%) 0 0 3 (2∙8%) 0 7 

(1∙6%) 
0 4 

(0∙4%) 
1 

(0∙1%) 
Lymphoma 1 (0∙5%) 8 (2∙1%) 2 

(1∙0%) 
2 

(2∙3%) 
3 (2∙8%) 0 5 

(1∙1%) 
3 

(0∙6%) 
11 

(1∙2%) 
13 

(1∙3%) 
Renal disease 0 6 (1∙6%) 1 

(0∙5%) 
2 

(2∙3%) 
3 (2∙8%) 3 (6∙8%) 35 

(8∙0%) 
23 

(4∙8%) 
39 

(4∙1%) 
34 

(3∙5%) 
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Supplemental Table 5 Demographics for the Palliative training cohort (UHS) and 
validation cohort (OUH). Standardized Mean Differences 
(SMD) are provided for the two cohorts. An SMD of 0.2 is 
considered a small difference, 0.5 medium and 0.8 or more, a 
large difference  

Pre-treatment variables 

(Palliative) 

UHS 

(N =437) (%) 

OUH 

(N =475) (%) 

SMD 

Gender    

Male 318 (72∙8%) 355 (74∙7%) 0∙045 

Female 119 (27∙2%) 120 (25∙3%) 

Median Age in years (Range) 75∙2 (29∙8 – 96∙7) 72∙0 (33∙0-96∙0) 0∙172 

Performance status    

0 74 (16∙9%) 240 (50∙5%) 0∙808 

1 131 (30∙0%) 121 (25∙5%) 

2 140 (32∙0%) 69 (14∙5%) 

3 87 (19∙9%) 43 (9∙1%) 

4 5 (1∙1%) 2 (0∙4%) 

cT stage    

0 1 (0∙2%) 0 0∙891 

Is 0  0 

1 1(0∙2%) 0 

1a 0 1 (0∙2%) 

1b 0 1 (0∙2%) 

2 40 (9∙2%) 59 (12∙4%) 

3 227 (51∙9%) 235 (49∙5%) 

4 102 (23∙3%) 6 (1∙3%) 

4a 28 (6∙4%) 77 (16∙2%) 

4b 14 (3∙2%) 71 (14∙9%) 

X 24 (5∙5%) 0 

cN stage    

0 90 (20∙6%) 108 (22∙7%) 0∙274 

1 143 (32∙7%) 131 (27∙6%) 

2 127 (29∙1%) 151 (31∙8%) 

3 59 (13∙5%) 82 (17∙3%) 

X 18 (4∙1%) 3 (0∙6%) 
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Pre-treatment variables 

(Palliative) 

UHS 

(N =437) (%) 

OUH 

(N =475) (%) 

SMD 

cM stage    

0 176 (40∙3%) 209 (44∙0%) 0∙102 

1 255 (58∙4%) 263 (55∙4%) 

X 6 (1∙4%) 3 (0∙6%) 

Tumour location    

Proximal Oesophagus 18 (4∙1%) 19 (4∙0%) 0∙799 

Mid oesophagus 63 (14∙4%) 118 (24∙8%) 

Distal Oesophagus 252 (57∙7%) 148 (31∙6%) 

Siewert 1 20 (4∙6%) 86 (18∙1%) 

Siewert 2 56 (12∙8%) 104 (21∙9%) 

Siewert 3 28 (6∙4%) 0 

Siewert undefined 0 0 

Tissue Histology    

Adenocarcinoma 322 (73∙7%) 352 (74∙1%) 0∙010 

Squamous Cell 115 (26∙3%) 123 (25∙9%) 

Difficulty passing 

gastroscope and/or severe 

dysphagia 

   

Yes 222 (50∙8%) 289 (60∙8%) 0∙203 

Co-morbidities    

Chronic pulmonary disease 

(CPD) 

57 (13∙0%) 91 (19∙1%) 0∙167 

Peripheral vascular disease 

(PVD) 

25 (5∙7%) 15 (3∙2%) 0∙125 

Cerebrovascular disease 

(CVD) 

84 (19∙2%) 33 (6∙9%) 0∙370 

Uncomplicated diabetes (DM 

uncomp) 

71 (16∙2%) 77 (16∙2%) 0∙001 

Leukaemia 1 (0∙2%) 0 0∙068 

Lymphoma 5 (1∙1%) 3 (0∙6%) 0∙055 

Renal disease 34 (7∙8%) 23 (4∙8%) 0∙121 
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Supplemental Table 6 - Comparison of cohort composition between UHS and OUH 
patients 

Variable UHS (Training) OUH (Validation) 

Gender Approximately 3:1 male: female distribution in both cohorts  

 

Age UHS cohort slightly older (median Age 70 yrs) versus the Oxford cohort 
(median age 68) 

Performance status PS scores were broadly 
distributed across PS0-2 in UHS 

cohort 

PS scores were heavily weighted 
towards the PS0 in the OUH cohort, 

indicating a generally fitter 
population at presentation 

cT stage The majority of UHS and OUH cases presented with T3 disease with 
similar distributions across T2-4 however more UHS cases were coded 

as cT4(unspecified) while more OUH cases were specifically 
designated cT4a/b. 

cN stage Similar distribution of N0-2 disease in both cohorts but a higher 
prevalence of N1 staging in UHS cohort. 

cM stage Both cohorts presented with comparable distributions of cM0 vs cM1 
disease 

Tumour location The majority of UHS tumours 
were distal oesophageal 

OUH tumours were evenly spread 
across both the distal oesophagus 

and the GOJ. 

Tumour Histology Distribution of histology was comparable in both cohorts with an 
approximately 80% of tumours OAC versus 20% OSCC 

Co-morbidities Higher prevalence of 
cerebrovascular disease 

Lower prevalence of 
Cerebrovascular disease. 

 
Supplemental Table 7 - Primary classifier model performance over 1000 bootstraps 

 

AUCs Mean Range SD 95% CI (one sample t-
test) 

MLR 0.8665 0.8176 - 0.9149 0.0145 0.8656 - 0.8674 

RF 0.8674 0.8288 - 0.9105 0.0125 0.8666 - 0.8682 

XGB 0.8627 0.8087 - 0.9023 0.0132 0.8619 - 0.8636 
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Supplemental Table 8 - Statistical comparison of primary classifier model performance on 
Kruskal-Wallis analysis 

Overall p < 0.001 MLR RF 

RF p = 0.31 - 

XGB p <0.001 p <0.001 

 

Supplemental Table 9 - Mean classification AUCs for UHS model trained on 1047 cases 
with endoscopic resection class included (N = 94). Best performance for each 
class is highlighted in bold 

UHS 
Model 

Chemo CRT Surgery Endo Palliative Mean 

MLR 0∙906 0∙886 0∙859 0∙992 0∙984 0∙925±0∙060 

XGB 0∙906 0∙874 0∙889 0∙993 0∙984 0∙929±0∙055 

RF 0∙893 0∙856 0∙860 0∙981 0∙980 0∙914±0∙062 

 

Supplemental Table 10 - Palliative classifier model performance over 1000 bootstraps 

AUCs Mean Range SD 95% CI (one sample t-
test) 

MLR 0.7355 0.6516 - 0.8284 0.0282 0.7338 - 0.7373 

RF 0.7808 0.7159 - 0.8402 0.0197 0.7780 - 0.7821 

XGB 0.7989 0.7339 - 0.8806 0.0202 0.7976 - 0.8001 
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Supplemental Table 11 - Statistical comparison of palliative classifier model performance 
on Kruskal-Wallis analysis 

Overall p < 0.001 MLR RF 

RF <0.0001 - 

XGB <0.0001 <0.0001 

 

Supplemental Table 12 - Kaplan Meier survival estimator for the palliative UHS and OUH 
cohorts. Hazard ratios based on Cox’s Proportional Hazards provided with 
statistically significant differences in p values denoted by * if P <0.05, ** if P 
<0.01 & *** if P <0.001 

UHS Hazard Ratio 
Treatment N Events Median 

Survival 
(months) 

95% CI HR (95% CI)  
(BSC as reference 

group) 
BSC 56 56 2∙15 1∙3 – 3∙5 - 

Chemo 148 134 11∙1 9∙7 – 12∙2 0.27 (0.20-0.37)*** 
RTX 78 72 8∙4 7∙1 – 12∙9 0.31 (0.22-0.44)*** 

Stent 113 113 3∙9 3∙1 – 4∙2 0.77 (0.56-1.06) 
Stent_Onc 42 41 6∙0 4∙3 – 8∙5 0.56 (0.37-0.84)** 

OUH Hazard Ratio 
Treatment N Events Median 

Survival 
(months) 

95% CI HR (95% CI)  
(BSC as reference 

group) 
BSC 34 25 5∙8 4∙4 – 15∙8 - 

Chemo 147 122 11∙2 9∙9 – 12∙9 0.73 (0.47-1.12) 
RTX 133 98 9∙7 8∙7 – 12∙0 0.89 (0.57-1.39) 

Stent 86 76 4∙4 3∙7 – 5∙7 0.56 (1.12-2.80)* 
Stent_Onc 75 68 6∙7 5∙7 – 8∙2 1.46 (0.92-2.31) 

 

Supplemental Table 13 - Mean classification AUCs for primary model using OUH as the 
training cohort and validating on UHS patients. Best performances by class are 
highlighted in bold both locally and in the validation cohort 

Oxford 
model 

Cohort “Chemo” “CRT” “Surgery” “Palliative” Mean (±SD) 

MLR OUH 0∙922 0∙834 0∙894 0∙972 0∙906±0∙058 

UHS Validation 0∙853 0∙848 0∙782 0∙970 0∙863±0∙078 

XGB OUH 0∙917 0∙834 0∙924 0∙975 0∙913±0∙058 

UHS Validation 0∙862 0∙829 0∙819 0∙975 0∙871±0∙072 

RF OUH 0∙910 0∙810 0∙851 0∙976 0∙887±0∙072 

UHS Validation 0∙853 0∙780 0∙800 0∙975 0∙852±0∙086 
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Supplemental Table 14 - Mean classification AUCS for palliative classifier model using 
OUH as the training cohort and validating on UHS patients. Best performances 
by class are highlighted in bold both locally and in the validation cohort 

Oxford 
model 

Cohort “Chemo” “BSC” “RTX” “Stent” “Stent_Onc” Mean (±SD) 

MLR OUH 0∙829 0∙803 0∙776 0∙707 0∙640 0∙751±0∙077 

UHS Validation 0∙881 0∙659 0∙668 0∙712 0∙685 0∙721±0∙092 

XGB OUH 0∙831 0∙777 0∙787 0∙696 0∙661 0∙750±0∙070 

UHS Validation 0∙872 0∙698 0∙722 0∙837 0∙731 0∙772±0∙077 

RF OUH 0∙818 0∙776 0∙779 0∙690 0∙603 0∙733±0∙087 

UHS Validation 0∙844 0∙683 0∙725 0∙751 0∙646 0∙730±0∙075 

 

Supplemental Table 15 - Survival model performance metrics for OUH model and UHS 
validation cohorts 

Metric Cohort Score Reference Interpretation 
Prediction 
error (1-
Concordance) 

OUH model 0∙336±0∙021 0 = perfect concordance 
1 = perfect non-concordance 

Fair 
UHS 
validation 
set 

0∙340 Fair 

CRPS 
(Integrated 
Brier 
Score/time) 

OUH model 0∙146±0∙017 0 = perfectly accurate model 
1 = perfectly inaccurate 
model 

Very Good 
UHS 
validation 
set 

0∙101 Very Good 
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D.4 Supplemental Figures 

 

Supplemental Figure 10 - Mean cross-validated ROC curves for each classifier algorithm 
(UHS cohort, 1047 cases) when model incorporates endoscopic resection class 
(N = 94).  Shaded areas represent ±1x Standard error from the Mean. 
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Supplemental Figure 11 - Quintile Calibration curves for OUH survival model vs UHS 
validation cohort, plotted with standard error over 60 months with cases 
stratified by predicted 1-year survival probability (Quintile 1 = 0-20% (a), 
Quintile 2 = 20-40% (b), Quintile 3 = 40-60% (c), Quintile 4 = 60-80% (d), Quintile 
5 = 80-100%) 
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Supplemental Figure 12 - Calibration plots for the OUH survival model versus UHS 
validation cohort at 3,6,9 and 12 months post-diagnosis. 
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Supplemental Figure 13 - RRI Card deck. Print friendly version available at 
http://doi.org/10.17639/nott.7353 
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D.5 Final model hyperparameters 

Primary classifier algorithm Hyperparameters 

MLR Weight decay: 0 

RF mtry: 6, ntree: 500 

XGB nrounds: 50, max_depth: 2, eta: 0.3, gamma: 0, 
colsample_bytree: 0.6, min_child_weight: 1, subsample: 0.5 

 

Palliative classifier 
algorithm 

Hyperparameters 

MLR Weight decay: 0 

RF mtry: 6, ntree: 500 

XGB nrounds: 50, max_depth: 1, eta: 0.3, gamma: 0, 
colsample_bytree: 0.6, min_child_weight: 1, subsample: 0.75 

 

Palliative classifier 
algorithm 

Hyperparameters 

RSF Ntree: 1000, mtry: 17,  nodesize: 2, nsplit: 10, splitrule: logrank 
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Appendix E Methodologies used within this research 

E.1 Summary 

Traditional statistical models produce outputs based on pre-determined set of conditions or 

“rules” in addition to input data. Whenever new data is then provided, these models continue to 

assume that the same rules apply, generating an output accordingly. Machine learning tasks 

advance this process significantly. ML algorithms comprise a sequential set of operations 

followed by the machine to examine large, complex, input datasets (and in some situations the 

“final answers”) to learn the structural rules that allow it to produce a relevant model which 

best explains the original data while predicting on new input data. ML models aim to represent 

complex real-world events statistically, to a close approximation rather than a perfect 

replication. Multiple algorithms have been developed globally to solve similar issues, and while 

some algorithms perform better in specific tasks, no single algorithm will handle all tasks or 

data superlatively (285). A significant aspect of ML consequently involves testing multiple 

algorithms to determine the one best suited to a given problem or task (286).  

E.2 Categories of Machine Learning 

Machine Learning is broadly categorised into supervised, unsupervised learning, semi-

supervised learning, and reinforcement learning (287). Within this work, the availability of 

labelled data allowed for the focus to rest on a supervised approach.  

 

E.2.1 Supervised Learning 

Supervised learning requires labelled data (the ground truth is known at the time of model 

training). It may be further sub-classified into classification tasks (where the outcome variable is 

typically comprised of discrete groups), regression tasks (the outcome is a continuous variable) 

and deep learning (which makes use of neural networks to find patterns with data) (287). 

Classification tasks may be binary in nature such as predicting a yes/no outcome for a given 

survey question, or multinomial such as grouping images of cattle breeds, or indeed choosing a 
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medical treatment from a list of defined options. Regression models can predict the share prices 

of a commercial company or the age of a prospective new customer for a business. 

Deep Learning is commonly applied to more complex data types such as audio, visual, and 

textual data. These models are designed to mimic human neural tissue networks creating 

layers of inter-connected nodes through which to pass data.  They can produce immensely 

well-performing models however they are not without their drawbacks. They are 

computationally expensive taking anywhere from hours to days for model training. They require 

immense volumes of training data (100s to 1000s of observations) to perform in comparison to 

“shallower” methods which often handle and excel in smaller datasets (286). The models are 

always “black-box” in nature, as they typically favour performance over interpretability.  

 

E.3 Feature selection and exclusion of cardiopulmonary exercise 

testing 

Features were selected through a combination of a priori domain expertise and established 

features from current UK clinical guidelines for OC management (122,179,186,191,192,201).  

CPET is a regular aspect of the UHS OC MDT process and is considered the gold-standard test 

for physical fitness (288,289). The testing process generates a significant amount of data which 

maps the complex interplay between pulmonary, cardiac and skeletal muscle physiology 

during exercise. However, owing to a combination of resource-intensity, complexity 

and availability it is not universally utilised (290). Patients who are intended for 

oesophagectomy typically undergo CPET evaluation following which they are assigned a 

risk profile based on the CPET clinician's interpretation of the data. The risk is stratified into 

"LOW", "INTERMEDIATE" and "HIGH" which is then returned to the MDT for inclusion within their 

deliberations. Anecdotally however, the process is vulnerable to clinician bias as the weighting 

of these recommendations are not always used in a consistent fashion. Additionally, some 

evidence indicates CPET data is more adept at forecasting patients not-at-risk of complications 

than it is at predicting those at-risk (291). Consequently, while CPET offers the potential for 

more granular physiological data which is salient to MDT decisions, its inclusion within the 

modelling process is restricted by its own limited application: namely to those only planned for 

oesophagectomy. As a result, I opted not to include it within this pilot study as a core predictor 

variable as the longer-term expansion of this process would inevitably need to be applicable to 
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those on non-curative pathways and those on curative pathways which do not include 

oesophagectomy (definitive CRT in selected cases being an example of this). 

E.4 Machine Learning Algorithms 

E.4.1 Considerations during model training 

(1) Sample size estimation 

Within this work, a sample size estimation was not carried out. This is primarily as sample size 

estimation is a statistical principle typically used for hypothesis testing and in healthcare 

settings for methodologies such as randomized controlled trials with an effect size to detect 

(292). Sample size calculations are a key means in healthcare studies to ensure that sufficient 

data is available to detect and corroborate a reported outcome and to minimise the risk of Type 

1 and 2 errors (more so perhaps in the latter). Small datasets can lead to misrepresenting the 

target population, creating uncertainty of predictor effect or importance, mis-calibrated 

predictions and ultimately under confidence in the model’s overall validity (293). In ML models 

there is typically no specific hypothesis to test nor an “effect size” to detect although it is 

recognised that sample size calculations may become more relevant in AI based studies over 

time where “risk” of an outcome is considered, specifically to ensure the risk predicted within 

an AI model is commensurate with the risk a patient is exposed to in the real world.  

In this work, the primary goal was to maximise predictive performance across a range of 

measures and algorithms with no ceiling set for this (as we would aim for the greatest 

performance possible). While an infinitely increasing sample size may experience a plateau in 

performance beyond which no additional samples provide information gain, within healthcare 

settings this is rarely achieved and so not a realistic consideration. Additionally, for treatment 

allocation, this outcome variable is not an example of “hazard/risk” and so sample size 

calculation would not be relevant. For prognosis however, this would become relevant within 

this research, but as the datasets used throughout this research were already the maximum 

available (and eligible) at any given time, a sample size calculation remain redundant as the 

sample size ceiling was already reached and dictated by data availability (in other words, within 

reason, all possible data was already captured). Consequently, within this work a pragmatic 

aim was set to leave the sample size unrestricted in the interests of maximising training data 

(294).  
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(2) Parameters and hyperparameters 

During model training, some information can be learned by the algorithm from the data and 

some information must be provided to it. Parameters are an example of the former, values 

learned from the data during training and determine how the trained model makes predictions 

when taking in new data. Parameters are consequently internal to the trained model, learned 

during the training phase. Taking a simple linear equation for instance: 

y = mx +c 

The gradient “m” here would be considered a parameter.  By comparison, the process by which 

an algorithm learns from the training data may be adjusted or controlled externally by the user. 

Hyperparameters are the “settings” used to achieve this control during training. They vary in 

nature depending on the algorithm being used and may include settings such as the level of 

complexity a tree-based model should be allowed to reach, the type of cost function an 

algorithm uses during training or even simply the ratio of data-splitting between training and 

testing sets. Hyperparameters are thus integral to the process but do not form part of the final 

model itself.  

 

(3) Bias-Variance Trade-off 

The objective of model training is to produce a mathematical framework capable of 

understanding the underlying patterns within our original sample data which can be used to 

produce accurate predictions when new data from the wider population are presented to it. An 

underlying assumption is that the original sample is exactly representative of the larger 

population. In practice however this is rarely so and consequently, we must subject models to 

testing using data not seen during the training phase (typically termed “training” sets and 

“testing” or “validation” sets). This aims to give us a more realistic view of how our models will 

handle new data in when deployed in real world scenarios.   

Models which are too simplistic, perhaps using too few predictor variables to adequately map 

the training data will typically perform poorly regardless of whether the data passed to it was 

from the original training set or a test set. This is termed “underfitting” and is associated with a 

high “bias” (an analogy here would be a marksman firing at a target; the grouping of shots 
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maybe close however if there is an error in setting up the gun’s sights, the shots may all end up 

too far to the left).  

Other models may by comparison perform exceedingly well on training data yet struggle to 

perform well when shown new data, often because these models are overly complex, using too 

many predictors for the size of the data being handled and result in models which have learned 

too much from the training sets (including any noise found within the data). The model 

generalises poorly onto new data and if we take our marksman analogy again here, the shots 

are now more central over the bullseye, but the overall grouping is poor – this is termed 

“variance”, and the model is considered “overfitted”. In practice it is very rare to achieve 

models with low bias AND low variance, so the objective is to aim for a middle ground – hence 

the term “trade off” (295).  

E.4.2 Linear models 

(1) Linear Regression 

Linear regression models are used to examine variables linked by a linear relationship. A 

condition of using these models is that the outcome variable (y) is a continuous variable such 

as age, weight, height etc. The predictor variables however may be continuous or categorical 

and the relationship will resemble: 

y = mx +c 

 

 A scatter plot of the data in these scenarios will usually show if a relationship is linear and thus 

appropriate for a linear regression model.  

 

(2) Logistic regression 

In situations where a relationship is suspected to be linear, but the dependent variable is 

categorical, we may use a logistic regression model (296). These models are useful in 

classification tasks where we wish to predict the probability of a defined set of possible 

outcomes whether binary or multi-class. While of a similar concept to linear regression models, 

it is more complex in nature and harder to assess graphically. While the ultimate objective 
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remains to fit a line with an intercept to the data (as for linear regression models), logistic 

regression models utilise a logistic function (an equation which calculate the probability of a 

case belong to a given outcome category or “class”).  

Taking binary logistic regression models as an example, we can see readily that with an 

outcome of only two possible types, translating the data into a scatter plot to fit a regression 

line is problematic. Instead, we can apply a mathematical transformation of the outcome 

variable (a “logit” or “log odds”). As the odds of an event is calculated by the ratio of probability 

of an event occurring versus not occurring, the log odds here is calculated by taking the natural 

log of this ratio (and is thus directly related to the original outcome): 

logit = ln (p/(1-p)) 

 

The value of the logit can extend from positive infinity to negative infinity. When interpreting the 

values: a positive value indicates an event is more likely to occur, a negative value indicates the 

event is less likely to occur and zero means the probability is equally likely to occur as not to 

occur. If we are handling multiple predictor variables, these can be added linearly within the 

equation. Eventually we may derive the following equation for a given outcome class: 

 

z = ln (p/(1-p)) = c + β1x1 + β2x2 + β3x3 + β4x4 +… βkxk 

 

Here c is the “y” intercept, each β is a co-efficient, of a predictor variable “x”. Beta-coefficients 

are hard to conceptualise but can be used as weightings of relative risk by exponentiating the 

coefficient. This provides the individual odds ratio for that parameter independent of the other 

predictors (296). This provides useful insights into the relationship between variables and if they 

are positive or negative predictors for the given outcome. While the odds ratios for continuous 

variables are calculated similarly, it is worth noting here that the resulting odds ratio reflects 

the increase in odds per unit increase in the variable itself.  

As we are likely to wish to know the given probability of an outcome class, we can then take the 

resulting logit value from the equation above and convert it to the predicted probability of that 

outcome class using the following: 

p = 1/ (1+ e-z) 
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In a binary classification scenario, if our p value is > 0.5 it can then be classified as the positive 

class or negative class if <0.5. The numerical difference between the predicted outcome and 

the observed is termed the “residual”, which if plotted, can also be a helpful way of evaluating 

models.  

(a) Advantages of logistic regression models 

These models are typically easy to train, interpret and implement. They are one of the most 

explainable and interpretable forms of machine learning. The process can be extended to 

multiple classes (this is discussed in Section (3)) and quantifies the influence a given predictor 

possesses over the outcome both in magnitude (beta coefficient) and direction (positive versus 

negative). Of practical benefit, these models are also fast to train and make predictions as well 

as accurate in linearly separable datasets. Finally logistic regression models can be assessed 

on Receiver Operator Characteristic (ROC) curves allowing for evaluating performance in 

discriminating between classes (this will be discussed further in section E.5.5). Finally, they 

allow for adjustment of confounders by allowing the inclusion of any such features within the 

model (278).  

(b) Disadvantages of logistic regression models 

By nature, linear models are dependent on the presence of linear relationships within the 

dataset and are limited to predicting categorical outcomes. In scenarios with higher order 

relationships between variables these models are not appropriate and are typically 

outperformed easily by more complex algorithms such as neural networks. High-dimensionality 

datasets (where the number of predictor variables may even outnumber the sample size) are 

also prone to dilution of individual feature significance and larger standard errors, needing 

careful feature selection when developing the model (278,297). The use of odds ratios may be 

misleading as the chosen units for the continuous predictors can distort the size of the resulting 

odds ratio. 

(3) Multinomial Logistic Regression 

Multinomial logistic regression models extend the process of the logistic regression models 

described in the previous section to more than two classes. Again, the outcome variable 

remains categorical and requires that at least one predictor is also categorical. To extend the 
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process to multiple (K) classes, for a single predictor, we fit K-1 lines, with K-1 intercepts and K-

1 slopes. Multinomial logistic regression models make several assumptions. Firstly, that the 

data contains linear relationships between the predictor and the outcomes. It also assumes 

that the predictors do not contain significant outliers and that all cases are independent of each 

other (for example, multiple data points do not originate from the same source). Finally, we 

assume that there is no multi-collinearity (i.e. that there is no correlation between two or more 

of the predictors) as this lessens the confidence within the resulting regression coefficients and 

significance values. 

The modelling process is alike to running multiple binary logistic regression models however 

with multinomial regression the equations are fitted in parallel, and the outcome class 

probabilities will sum to 1.  Where we have more than two classes, rather than estimating a 

single logit for each new case as described in section (2), we instead estimate a separate logit 

for each possible outcome class for a given case. These are then passed to an equation called a 

SoftMax function which will transform these logits into probabilities that sum to 1. The outcome 

class with the highest predicted probability will then be considered the winning class. When 

evaluating model performance using a ROC curve, we must extend the process to a ROC 

“surface” instead.  

 

(a) Advantages 

Advantages remain similar to those for binary logistic regression discussed in section (2)(a). The 

immediate benefit of a multinomial regression here is the avoiding the need to coerce multiple 

classes to a binary classification problem which would risk loss of information and statistical 

power (298). Furthermore, we are also able to apply this technique to outcome classes whether 

they are ordered or not.  

(b) Disadvantages 

As described above, these models require linear problems to solve, are vulnerable to outliers and 

do not handle multi-collinearity within the predictor variables well.  
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E.4.3 Tree-based models 

(1) Decision Trees 

Decision trees are the most basic form of a tree-based model and are commonly used within 

business and finance for mapping out complex decisions and potential outcomes. They may be 

considered effectively as flow charts which take variable inputs at successive branch points to 

produce a final outcome. The structure of a decision tree comprises a “root” node 

(representing the first, most important variable from which the route through the tree splits), 

followed by a series of “branch” nodes comprising the remaining variables used during model 

training (299). Finally, the tree ends at “leaf” nodes, where no further branching is considered 

beneficial to the tree and so the decision-making process typically terminates here (300). The 

tree is considered complete when all branch nodes lead to a leaf node. Decision trees can be 

used in both regression and classification tasks, and with multiple variables available, several 

different trees may be produced when varying the root node. Determining the best single tree is 

thus a key part of the training process.  

 

Decision trees may be grown in several different ways. The “greedy” approach utilises heuristic 

problem-solving (the process of making the optimal choice locally at each node as a strategy of 

approximating the best choices overall). At each node therefore we choose our best variable 

with which to split the data. The data is then split based on this test condition and the process 

repeats until a leaf node is reached. The challenge with this method is determining the root 

node initially and this is based on a combination of entropy and information gain. Entropy 

relates to the homogeneity of the data (if there is complete homogeneity we have an entropy of 

“0” versus a data with a 50/50 split where entropy is “1”). Information gain therefore is the 

change in entropy when a branch or root node is split. During tree growth we are aiming to 

maximise information gain, and this determines the variables chosen at each branching point 

(301).  

Gini impurity by comparison measures the disorder within a set of objects and is calculated as 

the probability of mis-classifying an object if it was randomly classified based on the distribution 

of those objects within the dataset. The impurity of a node is calculated as: 
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Gini impurity = 1 – (p(A)2 + p(B)2) 

 

Here p(A) is the probability of class A and p(B) the probability of class B within the node. The 

impurity across the split is then calculated as: 

 

Gini impurity split = GI left x proportion of cases from parent node + GI right x proportion of cases from parent 

 

Finally, we can calculate the Gini gain by: 

 

Gini gain = Gini impurity parent node – Gini impurity split 

 

The algorithm works to minimise the Gini impurity after each split, testing multiple variables for 

the next branch node, and selecting the one that leads to subsequent node containing cases 

which are as homogenous as possible (once there are only cases of a single class left (and thus 

a leaf node) this is termed “pure”).  

The choice of Gini impurity versus information gain as a method for growing trees is largely 

equivalent as they agree in 98% of cases (302). Where entropy calculation for information gain 

may arguably be fractionally slower computationally speaking is in the need to compute a 

logarithmic function which is not required in Gini impurity.  

Once a tree is grown it may benefit from “pruning” – a process which acts to trim down the 

complexity of the tree and minimise overfitting. This is turn is aimed at preserving 

generalisability.  

(a) Advantages 

Decision trees are quick to grow and easy to understand even for lay users, grouping them 

within the class of explainable machine learning algorithms. They can handle categorical and 

continuous variables and do not make assumptions about the underlying data distribution and 

can also handle missing data (299).  
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(b) Disadvantages 

They are not ideal for regression tasks and may miss-classify more frequently in scenarios of 

high dimensionality datasets. In some situations, they can be computationally expensive to 

train as at each node, sorting of each branch node candidate variable is necessary to produce 

the best split (286). Pruning algorithms are also computationally intensive as many candidate 

sub-trees must be produced and tested. Finally individual trees while intuitive are often weak 

learners and prone to over-fitting.  

(2) Random Forests 

A random forest is a tree-based ensemble algorithm (one that learns from combining outputs 

from individual learners to produce higher accuracy and lower variance performance). As the 

name indicates random forest models are developed by growing many decision trees (301). 

They are popular as they are both high performing by nature and applicable to both 

classification and regression tasks.  

To begin, the original training set is used to produce a pre-specified number of bootstrapped 

samples (this is resampling WITH replacement and will be discussed further in section E.6.1). 

from each bootstrapped dataset, an unpruned decision tree is then grown in parallel or “ntree”. 

Importantly, each tree is independent of each other as a separate training dataset is linked to 

that tree. Where all predictors are included in the growth of each tree, this is termed 

“bootstrapped aggregation” or “bagging” for short. In random forest models however, each tree 

in the forest selects a random subset of the predictor variable pool (“mtry”) from which to 

generate branching nodes. Thus, while individual trees may be underfitted, taken collectively, 

this minimises variance and overfitting. Finally, when new data is passed through the forest, in 

classification tasks, the outputs of all trees are considered and a “majority vote” taken  (124). 

For regression tasks, an average of the results is calculated. When evaluating performance, the 

Out of Bag (OOB) error may be used. For classification, this is essentially the accuracy of 

predictions on the cases not selected during bootstrapped resampling (and thus not seen by 

the machine during training). For regression the R-Square and Root Mean Squared Error is 

calculated.  
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(a) Advantages  

Random forest algorithms are generally well regarded as they minimise variance, can handle 

high dimensionality data and can also assist with feature selection tasks. As the 

hyperparameters are relatively few, they are also fairly user friendly. If the user hardware 

supports parallel-processing, computation time may also be rapid. They can also handle class 

imbalance well (156).  

(b) Disadvantages 

Random forest models can minimise variance, but they do not necessarily minimise bias (286). 

As the number of trees is typically in the order of many hundreds, they are not particularly 

interpretable or explainable either.  

(3) eXtreme Gradient Boost (XGBoost) 

An important aspect of RF and bagging algorithms is that models produced remain independent 

of each other (and can thus be executed in parallel). Boosting by comparison takes a sequential 

and dependent approach (303). Two main subtypes include adaptive and gradient boosting. In 

adaptive boosting training data is not simulated in parallel sample groups, but rather the 

original training data is bootstrapped with the probability of each selected case receiving equal 

weighting to train a preliminary model. At this point the algorithm generates a new dataset 

which is weighted towards observations incorrectly classified in the first iteration. The 

sequence repeats with a new models trained on iteratively bootstrapped datasets k-fold times 

with updated case and model weights through sequential voting with each iteration.  Once the 

kth model is trained, we have our final ensemble where each tree vote is given, weighted by the 

individual tree’s weighting. As each new model introduces a bias towards misclassified data 

from the previous model, this process effectively lets the algorithm “learn” from its mistakes 

with the final prediction for each test case taking the form of a linear combination of the 

weighted results. Gradient boosting is a similar process, with the main difference being how the 

loss function is evaluated (286). With adaptive boosting, the overall accuracy determines the 

next set of weights, with gradient boosting, it is defined by the residual values - the difference 

between the true observed value and the predicted value, (for instance if the predicted 

probability of an event in a binary outcome is 1, and the predicted probability was 0.79, the 

residual would be 0.21). The eXtreme Gradient Boost (XGBoost) model is one of the most well-

known and well-regarded forms of gradient boosting, capable of building branches of different 
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tree in parallel, handling data which is missing and utilises regularisation (the process by which 

predictor variables are weighted based on how much information they contribute to the model, 

and less useful variables are either minimised or removed entirely) (125). XGBoost models have 

shown exceptional performance in competition (286), however processing-in-series does 

require longer computation time. 

(a) Advantages 

These models leverage multiple weak learners which provides excellent accuracy without 

expending additional computation on utilising more complex “strong” learners within the 

ensemble. As each new model is correcting mistakes from previous models, we reduce bias 

while bootstrapping also reduces variance. XGBoost in particular, handles class imbalance, 

data which is missing and utilises regularisation (the process by which predictor variables are 

weighted based on how much information they contribute to the model, and less useful 

variables are either minimised or removed entirely) to further optimise models (156,286).  

(b) Disadvantages 

Even with parallel processing, ensemble training is computationally expensive while the black 

box nature of the ensemble models again removes interpretability and explainability. Adaptive 

boosting techniques are sensitive to outliers and struggle with noisy data. 

E.4.4 Final selection of ML algorithms within this work 

I selected four established classifier ML algorithms which were implementable via the “caret” 

package; Multinomial Logistic Regression (MLR) (123), Random Forests (RF) (124), Extreme 

Gradient Boost (XGB) (125), and Decision Tree (DT) (126). I also selected a fifth, Random Forests 

based survival algorithm (Random Survival Forests, RSF) for the survival modelling (153).  

MLR is a quick, efficient, simple to implement and inherently interpretable algorithm which 

bridges statistical and machine learning spheres. It is capable of handling multiple outcome 

classes, can allow regularization of features to ensure non-informative features are weighted 

appropriately and able to handle both continuous and categorical variables which makes it well 

suited for this study. The MLR model was trained using the “nnet” package extension with L2 

regularisation. 
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Decision Trees are again quick to grow, inherently interpretable and easy to understand. They 

again can handle a mixture of categorical and continuous variables and can provide useful 

visualization of the decision-making logic. Decision Trees were trained using the “rpart” 

package. 

Random forests while not inherently interpretable, can be explained with explainable AI 

techniques readily, are high-performing (by leveraging multiple weak learners), and act to 

minimise variance through random selection of predictor variable for each component decision 

tree within the ensemble. The RF model was trained using the “randomForest” package. 

Extreme Gradient Boost is a highly respected ensemble algorithm, able to handle class 

imbalances well, incorporates regularization and learns iteratively between successive rounds 

of modelling to minimise miss-classification. The XGB model was trained using the “xgboost” 

package. 

Random Survival Forests (“randomForestsSRC package”) by Ishwaran et al., is computationally 

rapid, using parallel processing and generates predicted survival probabilities for a patient at 

every unique death time point within the training cohort. 

I chose the included algorithms to provide a degree of diversity of ML techniques (regression-

based, tree-based and ensemble) and to offer a computationally inexpensive approach to the 

classification task. Within the current digital infrastructure of the National Health Service, 

computationally expensive deep learning architectures would prove logistically problematic 

and long-term implementation of these models needs to factor in such limitations. 

E.5 Classification Performance Metrics 

Numerous metrics are available for assessing the predictive performance of machine learning 

models. Each has its own application and role within model evaluation. The following are 

examples of metrics by which classification models may be assessed (304).  

E.5.1 Accuracy 

This is one of the simplest and most readily understandable metrics. It summarizes 

classification performance by dividing the total correct classifications by the total number of 

classifications made: 

Accuracy = (TP+TN)/TP + FN + FP + TN) 
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Where TP = true positive, TN = true negative, FP = false positive and FN = false negative. This 

metric is not advisable however in scenarios where the outcome classes are significantly 

imbalanced. For example, taking an extreme case: suppose we wish to predict the presence of 

a rare condition only present in 1% of patients. The correct identification of the condition is of 

clinical importance yet were a model to classify all cases as “negative”, accuracy would be 

99% despite the mis-classification rate being 100%! Consequently, accuracy is best used then 

groups are balanced, and all classes are equally important to the problem at hand.  

E.5.2 Balanced Accuracy 

The issue of class imbalance for simple accuracy is circumvented to a degree by using 

balanced accuracy provided there is not a high skew within the data or if some classes are of 

more importance than others.  It is calculated as the mean of sensitivity and specificity: 

 

Balanced accuracy = (sensitivity + specificity)/2 

 

Sensitivity (also referred to as True Positive Rate or Recall) is: 

 

Sensitivity = TP/(TP+FN) 

 

While Specificity (also referred to as True Negative Rate) is:  

 

Specificity = TN/(TN+FP) 

 

E.5.3 Recall 

Recall as described above is also known as sensitivity or true positive rate. It differs slightly 

from accuracy: as it summarizes the total correct positive predictions made, out of all possible 

positive predictions: 
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Recall = TP/(TP+FN) 

 

E.5.4 Precision 

Precision is defined as the number of correct positive predictions made from ALL positive 

predictions made: 

Precision = TP/(TP+FP) 

 

It is effectively a form of accuracy for the true-positive cases and is also referred to as the 

Positive Predictive Value or PPV. In other words, if a case was classed as positive, what is the 

probability that it truly represents a positive case.  

E.5.5 Area Under the Curve (AUC) 

Receiver Operator Characteristics (ROC) were introduced during the second world war to test 

how well radar operators could discriminate noise from true signals in radar detection (305).  In 

their original form, ROC curves graphically convey how well a test or model discriminates 

between two groups when the goal is accuracy of classification. A series of probability 

thresholds are plotted on the graph of Sensitivity (y axis) versus 1-Specificity (x axis) which can 

then be used to determine an acceptable sensitivity and specificity for the model to operate at. 

The area under the curve is calculated to reduce the plot to a single, easy to understand value. 

On a 1x1 square plot, if the AUC is 1.0 then it represents perfect discrimination (the curve 

essentially forms a square). If, however, the curve follows the diagonal line (AUC = 0.5) then the 

model is no better than random chance at discriminating between the two classes. The ideal 

AUC is thus as close to 1.0 as possible although in real-world scenarios this is rarely achieved. 

The AUC may be thought of as equivalent to the C-Statistic (which gives the likelihood that a 

randomly selected case with the desired outcome will have a higher predicted probability than 

a randomly selected case without the outcome).  

The AUC has become widespread within the medical literature for evaluating logistic regression 

models however it is subject to some limitations. It is typically overly optimistic when data is 

skewed (306) or the same data is used to train and test the model – requiring instead some form 

of internal and external validation. Additionally, high AUC values suggest strong discrimination 

but do not automatically infer that the predicted probabilities are accurate. AUCs/C-statistics 
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give equal weight to sensitivity and specificity however in clinical contexts it may be desirable to 

err towards accepting false positives over false negatives or vice-versa in specific clinical 

scenarios. The C-statistic may be influenced by predictor value distribution and can be 

insensitive to the addition of further variables (50). 

E.5.6 Precision-Recall AUC 

As discussed above, precision is an assessment of how many “positive” predictions were truly 

positive whereas recall measures how many of the positive samples within the dataset were 

correctly identified. The two offer a trade-off as increasing one typically costs the other. A 

Precision-Recall curve illustrates both on one plot where, the closer to the upper right-hand 

corner our curve lies, the better the overall model performance. PR Curves are felt to be a better 

alternative to ROC curves in cases of highly skewed datasets (306). It allows some judgement in 

finding a balance between precision and recall – as the curve lets us determine at which recall 

value our precision starts to fall away when setting a probability threshold for the model to 

operate at. Where ROC curves are beneficial in situations where all classes are equally 

important, PR curves (and their AUC) is more useful if the positive class is more important.  

E.5.7 F1 Score 

F1 scores represents another method by which we may combine precision and recall to 

evaluate model accuracy using the harmonic mean of the two (307). This represented by: 

 

Harmonic mean of x and y = 2/(1/x) + (1/y) 

When applied to precision and recall therefore: 

F1 = 2 x Precision x Recall/Precision + Recall 

 

The score is derived from the predicted class (as opposed to the predicted probability of the 

class as we are using recall and precision). This stems from the Fβ function: 

Fβ = (1+β2) x ([precision x recall] / β2 x [precision + recall]) 
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Where the more we care about recall over precision for a given scenario, the higher the β value. 

For F1 score, therefore, we care equally about both. F2 scores weight recall twice as 

importance as precision. Conversely if 0 < β < 1 then precision is more important. However, as 

the score does not factor in the true negative rate, it is less useful in imbalanced datasets 

where negatives are more important – in this scenario a balanced accuracy may be better 

employed. Additionally, F1 scores may be derived for class-wise comparison as well as a net-

score across the model and so is suited to multi-class problems. The intuitiveness of the F1 

score however suffers owing to its use of the harmonic mean, as well as its inherent bias 

towards whichever constituent property (precision or recall) is represented by the smaller 

numerical value (307).  

E.5.8 Log Loss 

While many of the metrics discussed thus far assess performance at the level of the class 

predicted, Log Loss assesses performance at the level of the predicted probability. Specifically, 

it indicates how close the predicted probability value is to the true value (in the case of binary 

tasks for example, 0 or 1). The Log Loss value increases based on the deviation of the two and 

the higher the value the poorer the performance. Consequently, it can act as a penalty function 

during model training.  

 

Log Lossi = -[y ln pi + (1-yi) ln(1-pi)] 

 

Where i = given observation/record, y = observed outcome, = predicted probability, and ln = 

natural log (i.e. using base e). Log Loss is calculated on each observation based on observed 

class and predicted prob and averaged to provide a single value. A model with perfect skill has 

an overall Log Loss value 0 with no upper numerical limit. Supplemental Table 16 outlines the 

common advantages and disadvantages to log loss along with a selection of the key metrics 

discussed in this chapter.  



Appendix E 

238 

Supplemental Table 16 - Summary of advantages and disadvantages of key evaluation 
metrics for classification 

Metric Advantages Disadvantages 

AUC Copes better with class imbalance 
 
Good where all classes are equally 
important.  
 
Recognisable, visualisable 
 
Good where main interest lies in the final 
class label rather than the predicted 
probability scores.  
 
Good for ranking prediction scores too 

Not yet well developed for multi-class 
problems but well established in 
binary classification 
 
Less useful if only specific classes are 
important. 
 

PRAUC Good for heavily imbalanced data  
 
Good where positive class is most 
important  

Does not care about negative classes 

Log loss Common for multiclass 
 
Good for absolute probabilistic 
difference 
 
Useful as a penalty function during 
model training 

Functionally symmetrical so poor if 
there is significant class imbalance 

F1/F β Good if interested in rare positive 
classes. 
 
Good in imbalanced sets where the 
positive class is most important. 
 
Provides a balance between recall and 
precision and seeks to optimise both 

Not good in imbalanced sets where 
the negative class is more important 
 
Need to set a β depending on whether 
recall or precision is more important 
(or equally important) 

Accuracy Good where all classes are equally 
important.  
 
Simple and recognisable 
 
Intuitive 

Performs poorly with imbalanced 
classes 
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Metric Advantages Disadvantages 

Balanced 

Accuracy 

Good if imbalanced classes 
 
Calculated on class labels 

Less effective if high skew in groups 
 
Not derived from predicted probability 
scores for class labels 

E.6 Model validation 

When models are trained, we wish to know how well they will perform on new data. Where data 

is scarce for a given use-case, obtaining large enough quantities to optimise statistical power 

and confidence in model performance may be challenging. It is useful to derive insight into the 

generalizability of the models and the error with which they may operate. Model validation can 

in broad terms be split into internal and external validation. External validation is simply 

achieved by passing new data from an external source into the model so that predictive 

performance may be assessed on data the model has never seen. By using external sources, 

we may also get a truer picture of how well the model behaves with data from the wider 

population or separate but related populations. In healthcare settings however obtaining 

related data from other units and centres can be difficult. Internal validation aims to derive an 

estimation of this generalizability error from the original dataset. Two of the most well-known 

methods involve sampling with replacement (bootstrapping) and without replacement (cross-

validation) (308).  

E.6.1 Bootstrapping 

Bootstrapping is a form of inferential statistics as inferences about the larger population are 

made using the sample we possess. We assume that the data we possess is simply one from 

many possible samples which ultimately comprise the wider population and attempt to 

simulate it through resampling with replacement many hundreds of times. We may therefore 

train models from the resampled datasets and average out the performance to estimate 

generalizability of the final model. The central assumption is however that the sample is indeed 

a true representation of the population. 

During the bootstrapping process, we place the original data into a “bag” from which we select 

an observation at random to form part of the new bootstrapped dataset. The observation is then 

replaced into the bag and another observation is selected again at random. Due to the 

replacement, each observation in the bag has the same chance of being selected during each 
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pick and crucially, observations may consequently be selected multiple times for inclusion 

within the new dataset. Within an infinitely sized sample, the proportion of original observations 

which appear within the new dataset will naturally tend towards 63.2%. The cases which were 

not picked in each bootstrap iteration are termed “out of bag” and are used as test cases. This 

process is used frequently in ensemble training methods such as random forest models where 

we can build a model for each bootstrapped dataset and aggregate the models into a majority 

vote (classification) or average the results (regression).  

A benefit over traditional hypothesis testing is that unlike the latter we do not need equations 

which estimate the sampling distribution using properties of the sample data, the design of the 

experiment and a test statistic. As the sample sizes increase the process also converges 

towards the true sampling distribution in most situations (nor does bootstrapping make any 

assumptions of the underlying distributions). There are some limitations – as mentioned 

previously, we assume that our sample is representative of the wider population as only 

observations which were seen in the original dataset can occur in the subsequently resampled 

sets. It can be time and computationally expensive as hundreds or thousands of datasets are 

derived. It is also sensitive to outliers within the original data which may skew sample statistics 

in the resultant datasets.  

E.6.2 Cross-Validation 

Cross-Validation is a process of sampling without replacement as we effectively partition our 

available data into a “train” and “test” groups without overlap. The simplest form of validation 

here would be a single train and test group – this is known as “hold-out” validation. Models are 

trained on the train group, predictions made on the test group and compared to the observed 

outcome. The ratio of data partitioned vary depending on the nature of the data and the overall 

sample size. A bias-variance trade-off applies, as the larger the training set the larger the 

variance (but lower bias). It is best avoided unless data is very expensive to train however, as to 

achieve adequate statistical power using simple hold-out validation of the final model would 

typically require many thousands of observations which may not be feasible in most healthcare 

settings.  

(1) k-fold Cross Validation 

A progression of hold-out validation is k-fold cross-validation. Here the data is partitioned into 

even “folds”. A single fold is reserved for testing and the remaining folds are aggregated for 
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training. The resulting model performance is recorded and then a new model is trained on a 

different group of folds (with a new fold set aside for testing). This sequence is repeated for 

each of the folds and each observation will therefore be used in testing exactly once. The 

performance statistics from each model are then averaged at the end and provided with an 

error estimation. This process provides a more accurate estimate of model performance as it is 

averaged over many runs and each observation is used once. Commonly we select a k-value of 

5-10 with or without repeats (here the k-fold validation sequence is run fully and then the data is 

repartitions into brand new folds as many times as is set by the user).  

(2) Bootstrapping versus Cross Validation 

Cross-validation techniques are less prone to bias however k-fold repeats can lead to a higher 

variance. Conversely, bootstrapping suffers more bias and less variance. Either method is 

generally acceptable, and the use-case often dictates the decision for one over the other (for 

instance scenarios where one wishes to trade variance for bias and vice-versa).  

E.7 Explainability techniques used within this work 

Machine Learning models vary inherently by how understandable their predictions are to 

humans. This can extend from “glass-box” algorithms where the logic behind decisions made 

are entirely intelligible and transparent through to “black box” models which are either too 

complex for human comprehension or obscured for protection of proprietary technology. The 

field of Machine Learning has therefore shifted in recognition of the need for human-intelligible 

modelling especially as it relates to high-stakes decision-making.  

Unfortunately, while terms such as “interpretable” and “explainable” machine learning are 

used almost interchangeably there remains no consensus within the field on their respective 

definitions (309). Rudin however offered a distinction between the two: describing 

“interpretability” as an inherent property of the model to be intelligible in its natural state. An 

example of this would be a decision tree whereby all decision-splits may be seen and 

understood by the human user (310). By comparison Rudin defines “explainability” as a post-

hoc process whereby an opaque black-box model’s decision logic is approximated after the 

fact, often with need of a second model devised solely to try and explain the original model. 

Explanation-based techniques while popular are not without pitfalls, as they cannot by nature 

offer perfect fidelity with the original model (else the original model would no longer be 
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necessary) nor can the user be sure they use the same features in the same way as the original 

model even if their explanations are accurate in most cases (310).   

Despite this, techniques have been devised to attempt to provide insight into the functioning of 

models. For the purposes of this discussion, models which are inherently intelligible will be 

considered “interpretable” whereas the remainder of this section will relate to “explainability” 

i.e. the application of post-hoc techniques to provide insight into predictions in opaque/black 

box models. This may be further split into “global” versus “local” explainability techniques.  

Global techniques offer insight into the model itself. This is a static picture once the final model 

is trained as the model will now no longer change and global insights will remain the same 

regardless of the predictions offered on a case-by-case basis. Two such examples are Variable 

Importance and Partial Dependence analyses. Local techniques however offer insight at the 

instance-level – this means that the explanation offered varies as the prediction itself varies. It 

thus offers some understanding of why a particular decision was reached which is particularly 

beneficial in healthcare settings. Two well-known examples of local techniques include Local 

Interpretable Model-agnostic Explanations (LIME) and SHapley Additive exPlanations (SHAP) 

(209,210).  

 

E.7.1 Variable importance  

Variable importance (also referred to as feature importance) is a simple score assigned to each 

feature within the model which allows relative ranking of scores. How the scores are calculated 

vary greatly between algorithms (for instance importance values for a tree-based model it may 

be derived from Gini impurity or permutation based importance (whereby a feature is 

selectively perturbed in isolation to determine the effect it has on the final predictions), while a 

logistic regression model’s features may be ranked based on the T-statistics derived from the 

beta-coefficient for each feature in the final equation) (311). Consequently, this makes a direct 

comparison of absolute values misleading and instead scaling values and considering overall 

rank may be more useful. Importance based techniques remain a useful tool however in proving 

global insight into a model as well as considering features to remove when applying feature 

selection.  
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E.7.2 Partial Dependence 

Partial dependence (PD) is a simple but powerful tool in observing the individual effect of 

specific variables to the overall model and the final predictions (205). The process involves 

isolating one (or maximally two) features and resetting the values for all observations within 

that feature to the same values within the original dataset.  The new dataset is then passed 

back through the model to generate new predicted probabilities. This process is then repeated 

iteratively with the perturbed feature(s) being incrementally changed each cycle. The new 

probabilities from each cycle may then be plotted visually to show the exact variation in 

probabilities across all possible values of that feature or features. When all cases are plotted 

this is an individual conditional expectation plot while a partial dependence plot averages out 

the cases to provide a single average curve (312). As interpretation is largely visual, attempting 

to apply this to more than two features is rarely beneficial where the limitation becomes the 

human ability to comprehend such plots in more than two dimensions. 

E.7.3 Local Interpretable Model-agnostic Explanations (LIME)  

LIME acts to explain the individual instance prediction being evaluated and was first introduced 

by Ribeiro et al in 2016 (209). The first step with this technique is to establish the decision 

boundary between outcome classes (these may be complex, and non-linear in nature). We then 

focus on a very small portion of the boundary where only a few observations are in the vicinity of 

the target instance. Local data points near the target observation are perturbed and weighted 

according to distance to the main prediction instance following which a new, simpler linear 

model is fitted. This new local model is then used to generate variable importance values for 

the features used as it relates to the original target observation.   

 

The main benefit of LIME is that it is not tied to the parent model – hence it is termed model-

agnostic. It instead relies on deriving an entirely new linear model. However, defining the 

“neighbourhood” of points to simulate new instances into is a significant challenge. It is also 

susceptible to the creation of improbable instances from the perturbed dataset using gaussian 

distributions, all of which affect the quality of the final explanations. The presence of non-linear 

interactions even within the linear model can also influence the fidelity of the explanation while 

features important to a particular instance may not be most important to the original model 
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globally. Finally, simulations have shown that even for two points in proximity, explanations 

may still differ significantly (313). 
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F.2 Abstract 

Oesophageal cancer (OC) causes significant morbidity and mortality.  Multiple treatment 

regimens are available, and multidisciplinary team (MDT) decisions over which to offer are 

complex, multi-faceted and subject to logistical constraints and human factors.  A machine 

learning (ML) model-based clinical decision support system (CDSS) for OC has been 

developed, trained on historical treatment decisions.  However, clinician trust in such systems 

is not yet established.  

This study surveyed clinicians in OC MDTs in the UK and Ireland to investigate which clinical 

and sociodemographic factors influence conscious decision-making in OC, comparing their 

relative subjective importance to those derived from the ML model (reflecting previous real-

world practice).  It also sought to explore clinicians’ views on the potential use of artificial 

intelligence-based CDSSs in OC. 

There was agreement between clinicians and the model in many of the most influential factors 

in decision making, although age and gender had greater influence on the model than their 

conscious importance to clinicians would support.  Clinicians identified a wide range of 
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additional clinical and holistic factors outside the current model which factor into their 

decision-making, including further investigations, symptoms, nutrition and social factors. 

The prospect of utilising an ML CDSS in future received generally positive feedback, although 

opinions varied widely.  However, barriers to implementation were identified, including 

concerns around perceived clinician superiority over ML CDSSs, patient individuality, 

transparency and safeguarding, the need for evidence, and additional input requirements.  As 

ML CDSSs are increasingly offered in practice, clinicians’ reservations must be addressed and 

their need for transparency and evidence met. 

 

F.3 Introduction  

Oesophageal cancer (OC) remains a key public health issue (314).  Treatment plans are 

determined by Upper Gastrointestinal (UGI) multidisciplinary teams (MDTs) which assimilate 

multi-domain expertise across a broad range of roles (122).  MDT treatment selection is 

directed by disease burden, patient demographics, functional status and co-morbidities 

(108,122) and is unsurprisingly a critical determinant of patient outcomes. However, a growing, 

ageing population has increased MDT caseload volume and complexity (315).  Case 

discussions may only last a few minutes per patient, suffer from incomplete information, and 

encounter challenging interpersonal dynamics (23).  

The need to streamline and reform MDT processes is well recognised (26,315).  One potential 

solution uses computerised Clinical Decision Support Systems (CDSSs), now emerging across 

many aspects of cancer-care including screening, diagnosis and treatment planning (40).  

CDSSs range from simple tools summarising clinical guidelines to complex systems integrating 

multiple data sources for patient-specific recommendations (40,316). The ongoing Medical 

Artificial Intelligence (MAI) boom within healthcare is one such vehicle, representing a global 

market worth $5 billion USD in 2022 and projected to rise to $70 billion USD by 2032 (317).  

Real-world MAI implementation remains in relative infancy (45). Carefully implemented MAI, 

may improve safety, efficiency, cost-effectiveness and unwarranted variation as well as 

geographical and sociodemographic inequalities (45,63,318,319).   

However, without careful analysis of their inputs and processes, there is a risk of ineffective AI 

CDSSs perpetuating or worsening inequity (320).  Many AI solutions are also typically ‘black box’ 

(the machine’s underlying logic is unclear to the human user) (321),  which can be problematic 
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within healthcare settings in establishing clinician and patient trust (321). Consequently, they 

introduce novel questions and challenges ethically, legally, and in their acceptability to 

clinicians and patients (322).   

Machine learning (ML) is a branch of AI increasingly utilised in CDSSs across many specialties 

(323–325). ML uses computational power to identify patterns within large, complex datasets 

and make predictions. An explainable ML CDSS for OC patients has recently been under 

development at University Hospital Southampton (UHS), based on data from 893 OC patients 

discussed in MDTs between 2010-2022 (108,109). For the model to be integrated into clinical 

practice, it is crucial that the factors on which it bases decisions are consistent with standard 

of care practice and sound human clinical judgement.  However, the relative importance 

clinicians attribute to many of the factors involved in these decisions is currently unknown. 

Furthermore, inequalities in treatment allocation have been noted by age, gender and ethnicity  

(187–189,326). Identifying which factors clinicians value as explicitly important when compared 

to ML models trained on historical ground-truth decisions offers insight into future Human-AI 

interactions where inconsistencies between explicit priorities and observed practice can then 

be interrogated. Factors influential in the model which are not explicitly important to clinicians, 

may speak to potential implicit clinician bias, which is capable of significant impact on clinical 

practice (190). 

Within this study, we present the results of a nationwide survey of OC MDT clinicians who were 

asked to describe how they rationalise the importance of key clinical variables when making 

treatment plans for OC patients. Their responses were compared against a random forests-

based CDSS trained on historical MDT decisions at UHS, a high-volume tertiary referral unit 

(109), to identify areas of concordance and discordance between the Human and the AI. They 

were also surveyed on their current perceptions, concerns and views about the use of ML-

based CDSSs to identify potential barriers towards implementation of AI-derived CDSSs within 

the OC space.  

F.4 Methods  

An anonymous survey with multiple choice and free text questions was hosted on the 

Qualtrics™ platform (327) from October - December 2023.  Invitations were emailed to 

clinicians via professional membership organisations (The Association of Upper GI Surgeons of 

Great Britain and Ireland (AUGIS), the UK and Ireland Oesophagogastric Cancer Group (UKIOG) 

and the British Society of Gastroenterology (BSG)) and shared on social media by the 
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researchers.  Respondents were excluded if they did not self-report as regularly contributing to 

the UGI MDT in the UK or Ireland.   

F.4.1 Questionnaire 

Participants were asked to identify factors important in UGI MDT decision-making, selecting 

from 18 listed factors (Supplemental Table 17) plus free text ‘other’, and to rank their 10 most 

important factors.   The list included sociodemographic factors plus variables used in the ML 

model, excluding 2 that were not applicable (timeframe of model training data and local 

geography).  The ML model considers the 19 Charlson Comorbidity Index conditions separately 

(328), but these were combined in all but 1 question of the survey to reduce questionnaire 

burden. 

To assess attitudes to the future use of ML CDSSs in OC, respondents were asked on a Likert 

scale how likely they would be to use one if available, and to describe any barriers.   
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Supplemental Table 17 - Factors listed as options in the survey 

Factor In ML model? Rationale for inclusion 
Age Y Risk factor for frailty, comorbidities and 

complications 
Gender Y Inequalities evident in literature 

(Dijksterhuis et al., 2021) 

Performance status Y Fitness to withstand treatment – grading 
system of maximum activity tolerated 

ASA grade Y Fitness to withstand treatment – 
anaesthetist’s grading system 

Tumour stage  Y Size and local spread of tumour 
Nodal stage Y Spread to lymph nodes 
Metastasis stage Y Spread to distant organs  
Tumour location Y Influences feasibility of different treatments 

Biopsy / tumour histology Y Type of cancer cells 
Tumour differentiation N Type of cancer cells – degree of abnormality 
Comorbidities Y Fitness to withstand treatment and risk of 

complications 
Smoking status N Risk factor for comorbidities/complications 

Alcohol usage N Risk factor for comorbidities/complications 
Patient geographical 
location  

N Access to various treatment modalities 

Presence of local 
radiotherapy centre 

N Access to radiotherapy 

Patient preference N Individual choice 
Ethnicity N Inequalities evident in literature (Okereke et 

al., 2022) 
Socioeconomic status N Inequalities evident in literature (Henson et 

al., 2018)  

Other (free text) N Establish additional relevant factors 

 

F.4.2 Development and validation of the ML MDT Model 

The MDT ML model was developed using a random forests algorithm in Python (“Ranger” 

Library, sklearn v1.2.2, max depth = 6 (based on k=5 cross-validation)) using variables 

consistently available to the MDT prior to a final treatment decision (Supplemental Table 17). 

The model was trained on a cohort of 843 oesophageal cancer patients over a 12-year period 

managed at a tertiary referral centre.  Previous publications described the model’s 

development, established utility, and confirmed performance using area under the curve (AUC) 

from the multi-class Receiver Operator Characteristic (ROC) using “one” vs “others” approach 
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(Supplemental Figure 14) (108,109). Permutation-based feature importance was derived for 

each included variable. 

 

Supplemental Figure 14 - Multiclass ROC curve for random forests treatment classifier 
representing a "one vs others" class-prediction performance. K = 5 Cross-
validation was conducted using an 80:20 split. Mean ROC is presented +/- 1 
Standard Error of the Mean Reproduced from Thavanesan et al., 2024. 
Computers in Biology and Medicine 180: 108978, p4.  
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F.4.3 Literature search string in development of conceptual framework in 

Supplemental Figure 18 performed on 6th March 2024 

“Artificial Intelligence” OR “AI” OR “Machine Learning” OR “ML” OR “neural net*” OR “deep 
learning” OR “expert system” 

AND 

Clinician OR doctor OR physician OR nurse OR “health* professional” OR “health* staff” OR 
“medic* professional” OR “medic* staff” 

AND 

Views OR perceptions OR thoughts OR beliefs OR opinions OR qualitative OR interviews OR 
focus groups 

AND 

“Decision support” OR “decision aid” or “decision assist*” 

(MESH: Decision Support Systems, Clinical/ or Decision Support Techniques/) 

AND 

Cancer OR tumour OR tumor OR neoplas* 

 

Inclusion: all study designs, all applications of clinical decision support system (e,g. screening, 
diagnosis, treatment). 

Exclusion: studies not specific to cancer (e.g. nephrology in general, not only kidney cancer). 

F.4.4 Analysis 

Data were managed in IBM SPSS Statistics for Macintosh v28.0.1.1 and Microsoft Excel v16.80.  

‘Top ten’ responses were converted to numeric scores (top = ten points, second = nine etc).   

Qualitative responses were analysed independently by 2 reviewers (CW and MN) through 

thematic analysis (284).  To ensure consistency and objectivity, an inter-rater reliability test was 

conducted to assess the level of agreement between different coders. The resulting score of 

0.73 indicated good reliability, aligning with the commonly accepted threshold of 0.7 or above.  

For respondent validation, themes were discussed with clinicians in semi-structured interviews 

conducted as part of the wider research programme. 
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F.4.5 Ethical Approval 

This work was approved by the University of Southampton Ethics Committee (ERGO: 70375) 

and the Health Research Authority Research Ethics Committee (IRAS: 319540) as part of the 

Machine Learning in Oesophageal Cancer (M-LOC) study.    

 

F.5 Results 

F.5.1 Sample Size and Demographics 

A total of 87 participants accessed the survey, of which 67 consented. Three respondents were 

excluded as they do not routinely attend the UGI MDT, three as they work outside the UK, and 

one left the survey immediately after consenting. Supplemental Table 18 shows the location 

and professional roles of the remaining 60 respondents.  Response numbers vary by question 

as none were compulsory (except consent) and there was attrition throughout (Supplemental 

Figure 15). 
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Supplemental Table 18 - Work location, professional group and seniority of eligible 
respondents. Valid percentage excludes missing responses 

UK Geographical Area  Number of 
Respondents  
(n= 58) 

Valid Percentage (%) 

East Midlands (England) 3 5.2 

West Midlands (England) 3 5.2 

East of England 7 12.1 

Kent, Surrey and Sussex 1 1.7 

London 7 12.1 

North East England 2 3.4 

Yorkshire and The Humber 3 5.2 

North West England 4 6.9 

South West England 2 3.4 

Thames Valley 3 5.2 

Wessex 5 8.6 

Scotland 7 12.1 

Wales 4 6.9 

Northern Ireland 5 8.6 

Republic of Ireland 2 3.4 

Missing 2  

No data 

Professional Role Number of 
Respondents (n=59) 

Valid Percentage (%) 

Surgeon 21 35.6 

Gastroenterologist 7 11.9 

Medical Oncologist 5 8.5 

Clinical Oncologist 17 28.8 

Radiologist 1 1.7 

Specialist Nurse 6 10.2 

Pathologist* 2 3.4 

Missing 1  

No data 

Grade  Number of 
Respondents (n=54) 

Valid Percentage (%) 

Consultant  43 79.6 

Registrar 3 5.6 

Fellow 2 3.7 

Specialist Nurse 6 11.1 

Valid Total 54 100.0 

Missing 6  
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Supplemental Figure 15 - Flow chart showing number of respondents per question and 
reasons for exclusions 

F.5.2 Factor Importance and Discussion Frequency 

Most factors deemed important by respondents were also identified as routinely discussed 

(Supplemental Figure 16).   A disparity was seen for patient preference, which was more often 

deemed important (88%) than discussed (69%).   
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Supplemental Figure 16 - Clustered bar chart showing the percentages of respondents 
deeming each factor important to them in OC treatment decisions (n = 57) and 
the percentage reporting that each factor is routinely discussed in MDTs (n = 
49) 

   

F.5.3 Relative Factor Importance in Overall Treatment Decisions 

Supplemental Figure 14shows the ROC curve for the ML model. Supplemental Table 19 

compares the relative importance of each factor from the survey ranking to that of the ML 

model when determining overall treatment decisions.  
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Supplemental Table 19 - Comparison of overall ranking of factors from the survey with 
rankings from the ML model 

Rank Survey  Comparison ML model  

1 cMetastasis stage  cMetastasis stage 

2 Performance status  Performance status 

3 cTumour stage  Age 

4 Biosy / tumour histology  Epoch (not in survey) 

5 Comorbidities  cNodal stage 

6 cNodal stage  cTumour stage 

7 Patient preference (not in 

ML model) 

 Referring location (not in 

survey) 

8 Tumour location  Comorbidities (summed) 

9 Age  Tumour location 

10 ASA grade (not in ML 

model) 

 Tumour histology  

 

Metastasis stage and performance status were top ranking for both the respondents and ML 

model.  However, while age ranked third in the model (with high relative importance at 16%) it 

ranked 9th in priority within the survey.  Tumour stage and histology both ranked more highly for 

respondents than the model. 

Gender was not ranked in the top ten by any survey respondent but has a 1.13% variable 

importance in the ML model, higher than any individual comorbidity.  Patient preference and 

ASA grade featured in the top ten survey rankings but are not featured within the current ML 

model - this data has not been introduced, and in the case of patient preference frequently 

unavailable at first MDT discussion. 
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F.5.4 Comorbidities 

Respondents were asked which co-morbidities they deemed to be important and were free to 

choose as many or few as they wished (Supplemental Figure 17).  Congestive heart failure and 

dementia were considered important by more than 97% of survey respondents but ranked 

relatively low within the preliminary ML model at 0.2% and 0.04% respectively.  Amongst 

comorbidities, uncomplicated diabetes was considered the least important to respondents but 

proved third most important in the model.   

 

Supplemental Figure 17 - Survey Data - percentage of respondents who considered each 
comorbidity to be important when able to select as many as they wished (n = 
49) 

F.5.5 Additional factors recommended by respondents 

Respondents were given the opportunity to highlight any additional factors they felt were 

important to their decision-making, using free text (Supplemental Table 20). They were 

organised into 4 categories through thematic analysis – additional investigation findings and 

assessments, symptoms, medical history, nutrition and social factors.   
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Supplemental Table 20 - Additional factors identified through the survey as important in 
making OC treatment decisions. Underlined factors were identified by some 
respondents as also regularly discussed at their MDT (n = 22). 

Category Factors 

Additional investigation findings and assessments Molecular markers (e.g. PD-L1, CPS, HER-2, MMR, 
MSI), DYPD genetic testing (determines how well 
certain chemotherapy agents are metabolised), 
tumour length, total length of disease (relevant to 
radiotherapy field), nodal distribution, stomach 
involvement, lung scan appearances, exercise 
testing, lung function test results, subjective 
impression of fitness (‘end of bed’ assessment), 
Anaesthetist’s opinion, frailty 

Symptoms and medical history Dysphagia (swallowing difficulty), stridor 
(narrowed windpipe), vomiting (gastric outlet 
obstruction), disease-related quality of life, 
medication use, hearing impairment (risk of 
hearing loss as side-effect)  

Nutrition Weight / weight loss, body mass index, nutritional 
indicators 

Social factors Social, family and community support, 
employment, level of understanding and ability to 
report symptoms / side effects, likely compliance 
with treatment, psychological wellbeing and 
coping, religious beliefs (especially for Jehovah’s 
Witnesses), profession and hobbies (risk of 
neuropathy (nerve damage) as side effect. 

 

In addition, some respondents highlighted the impact of differing knowledgeability amongst 

MDT members, differing policies between units, the expertise of the surgical team in operating 

after chemoradiotherapy, and local research activity. 

As neoadjuvant chemotherapy and chemoradiotherapy are currently both accepted treatments 

within the UK, respondents were also asked how they ordinarily chose between the two for a 

given patient.  In addition to the general considerations previously outlined, several specific 

views emerged from across the range of professional roles (n=33) (Supplemental Table 21). 
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Supplemental Table 21 - Respondent views specific to the decision between 
chemotherapy and chemoradiotherapy. FLOT chemotherapy = 5-Flurouracil (5-
FU), Leucovorin, Oxaloplatin, Docetaxel. CROSS Chemotherapy regimen = 
Carboplatin and Paclitaxel with concurrent radiotherapy. 

Consideration Details From Some Respondents  

Histology – Squamous Cell Carcinoma or 
Adenocarcinoma? 

Many reported using chemoradiotherapy for all 
squamous cell carcinomas (if size and position are 
appropriate), and defaulting to chemotherapy for 
most or all adenocarcinomas 

Tumour Location Chemotherapy for Squamous Cell Carcinoma if 
Siewert grade 2/3 (a grading system describing 
tumour position) 
(Respondent 35, Clinical Oncologist) 

Tumour length / total disease length Many raised the importance of whether a tumour is 
small enough to be encompassed in a 
radiotherapy field, <8-10cm. 

Patient fitness for surgery Some reported avoiding chemoradiotherapy if the 
patient is or may be fit for surgery 

Is the circumferential resection margin 
threatened? I.e. is there a risk of incomplete 
removal with surgery? 

May favour chemoradiotherapy for 
adenocarcinomas (Respondent 48, Clinical 
Oncologist) 

Dysphagia (swallowing difficulties) Chemotherapy may be more likely to improve this 
symptom (Respondent 4, Clinical Oncologist) 

Dihydropyrimidine dehydrogenase (DPD) testing 
result (a genetic blood test determining ability to 
metabolise certain chemotherapy agents) 

May favour chemoradiotherapy as cannot use 5FU 
chemotherapy (Respondent 4, Clinical Oncologist)  

Patient frailty Frail patients may find chemoradiotherapy more 
tolerable than FLOT chemotherapy (Respondent 
11, Surgeon) 

Molecular test results If favour post-operative immunotherapy, may 
select CROSS chemoradiotherapy regimen 
(Respondent 11, Surgeon)  

Impact of potential side effects Pre-existing hearing impairment, hobbies or 
profession (Respondent 2, Medical Oncologist) 

 

F.5.6 Clinician perceptions of a potential ML decision-support system for OC 

When scoring their likelihood of using an ML CDSS from 0 (definitely not) to 100 (definitely yes), 

responses ranged from 0 to 100 (n=33) with a median of 75.0 (IQR 60.0-82.5) 
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When asked about perceived barriers to ML CDSS use, five themes were identified (n=22) 

relating to: Clinician Superiority, Patient Individuality, Transparency and Safeguarding, a Need 

for Evidence, and Input Requirements (Supplemental Table 22). 

Supplemental Table 22 - Thematic analysis of current barriers to adopting ML CDSSs in OC 
as highlighted by respondents. 

Theme Comments 

Clinician Superiority Some emphasised the importance of clinicians’ intuition, ‘gut feeling’ and 
wealth of clinical experience, which they felt an algorithm could not emulate.  
Some considered clinicians better able to handle uncertainty when 
investigation results are inconclusive.  

 

“Sometimes the true nodal stage cannot be accurately defined - are the 
nodes related to cancer or other lung pathology for instance. This 
uncertainty cannot be entered into an algorithm.” (Respondent 3, 
Surgeon) 

 

Several respondents emphasised that a CDSS should be limited to decision 
support and not over-ride clinical judgement. 

 

Patient Individuality Several respondents voiced concerns that ML CDSS use may hinder the 
individualised, holistic care that clinicians aim to provide, and questioned 
the application of population-level data to individual decisions.  Some 
emphasised the multitude of factors involved, along with concerns that the 
model decision may not be valid if the patient’s history, tumour or 
circumstances fell outside of the norm.  

 

“I would be wary of using such a tool as I believe each patient is 
individual and unless you meet them and use a holistic approach it is 
hard to decide on the right treatment for them.  People often differ from 
their 'on paper' selves.  I do not believe AI can do this.” (Respondent 34, 
Specialist Nurse) 

 

Transparency and 
Safeguarding 

Respondents emphasised the importance of the model being open and 
explainable, so the reasoning behind its decision for each patient could be 
scrutinised to build trust.   

Some felt that patients should be informed of CDSS use with the right to 
decline.  A number raised the need for a safeguarding process if clinicians 
disagree with the CDSS. 
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Theme Comments 

Need for evidence Many respondents stated that they would need evidence of benefit before 
using an ML CDSS, including validity, cost effectiveness, patient benefit and 
time and resource savings. 

 

“We discuss 40 patients in 90 minutes.  It would have to be very quick 
and very useful!” (Respondent 8, Surgeon)  

 

One respondent suggested that a CDSS may only save time if it were able to 
identify a group of patients who did not need to be discussed in the MDT. 

Input requirements Alongside the additional factors highlighted in Supplemental Table 21, 
some respondents felt that a CDSS should include information of available 
clinical trial options.  Some questioned how the CDSS would stay up to date, 
suggesting for example that models trained on data before newer diagnostic 
and treatment advancements may no longer be valid. 

 

“Because this is an area of rapid flux, I would be concerned that ML 
models built using data derived before the routine use of molecular 
testing and the availability of immunotherapy may not be able to keep 
pace with changes in clinical management.” (Respondent 11, Surgeon) 

 

A conceptual framework created from a literature search of clinician perceptions of AI in cancer 

(described in Appendix F.4.3), is combined with the findings of this study (Supplemental Figure 

18). 
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Supplemental Figure 18 - Conceptual framework of clinician views of potential CDSS use in cancer, updated to include the findings of this 
study. Dotted borders indicate content added from this work. Underlined indicates content from the literature review which was 
reinforced by the results of this study 
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F.6 Discussion 

F.6.1 Summary 

This study identified clinical and sociodemographic factors important in OC treatment 

decision-making, comparing their relative importance as identified by human experts against 

an ML model trained on historical MDT decisions from a leading tertiary referral unit.  The study 

also explored clinicians’ perceptions of using an ML-driven CDSSs within OC.   

Specific factors of importance to the human experts included additional investigation findings 

and assessments (e.g. molecular markers and frailty), symptoms and medical history (e.g. 

swallowing difficulties and medication use), nutrition (e.g. body mass index (BMI)) and social 

factors (e.g. support and coping). Discordance between human and machine were apparent 

however in other areas such as demographic factors, where age and gender were valued much 

higher within the model than they were consciously to clinicians. Additionally certain co-

morbidities ranking relatively low in importance in the ML model were weighted highly by 

participants (congestive heart failure and dementia), and vice versa (uncomplicated diabetes).    

Clinicians’ perceptions of ML CDSSs were favourable overall.  However, several barriers to 

implementation were identified, grouped into five themes: perceptions of clinician superiority 

over ML CDSSs (e.g. human intuition), patient individuality (e.g. the need for person-centred 

care), transparency and safeguarding (e.g. explainability), the need for evidence (e.g. of 

effectiveness), and input requirements (e.g. molecular data).   

F.6.2 Interpretation 

This study has revealed that while ML can model OC decision-making with high performance, 

there remains some discordance between what humans consciously value within this process 

versus what the machine identifies when analysing historic decisions. Despite this, the overall 

sentiment towards the role of ML within MDT processes appears to be positive provided certain 

barriers can be overcome, such as the sense of clinician superiority, transparency, and 

granularity of the input variables.  
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F.6.3 Implications 

Comorbidities such as congestive heart failure and dementia undoubtedly increase 

perioperative risk in surgical candidates (329,330).  Their importance to human experts is 

expected, and their comparative insignificance to the model may be explained by the low 

overall incidence of these conditions within the cohort (2.4% for CHF and 1.1% for dementia). 

Caution is therefore needed when considering CDSS recommendations based on infrequent 

features within the training data.   

The disparate ranking of age in this study was also a notable finding. UK guidelines for OC are 

not directed by age, as it is a poor predictor at an individual level in cancer treatment decision-

making (331). However, the possibility that clinicians treat it as a surrogate marker of overall 

fitness for major therapy has been raised previously (109).  It appears that age’s 

disproportionate influence in practice may be sub-conscious, and independent of PS in 

planning cancer treatment - a finding echoed elsewhere in the literature (187). Gender, 

ethnicity, socioeconomic status and geographical location were only deemed important by a 

minority of clinicians. However previous studies have found inequitable treatments for women, 

non-caucasians and those of lower socioeconomic backgrounds (187–189,326). ML CDSSs 

learning from historical decisions risk perpetuating inequalities, something the European Union 

Artificial Intelligence Act looks to mitigate against  (332,333). A key benefit of ML within cancer 

care decision-making is not just the modelling and automation of treatment planning but also 

reversing the technology to examine and interrogate team-based decisions. This offers the 

capability to audit decisions over time and elicit potential sources of bias. Within this cohort, 

our model weighed Age as a significant factor and we have shown previously that age for 

example significantly influences OC treatment options (108,109). There is some nuance to this 

phenomenon however as we must balance the drive to minimise bias from ML models with the 

recognition that not all biases are indeed problematic and may even represent domain 

expertise borne form experiential learning. In these situations, it is recognised that some biases 

may be useful provided they do not propagate inequity (227). In our use-case we know that 

advanced age carries additional clinical risk in aggressive medical interventions and so must be 

considered when treatment planning. Once such biases are recognised this may then allow 

future training datasets to be modified to up-scale representation in under-represented groups 

or be fed-back to clinicians directly to modify human decision-making prior to training 

subsequent model generations. 
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Desirable factors outside of the current model identified by respondents included exercise 

testing, BMI, presenting symptoms, genetic testing and novel molecular markers. Patient 

preference was identified as a key factor but could not be included within the current ML model 

as it is trained on MDT discussions made early in the patient pathway.  An estimated 11% of 

treatment decisions deviate from clinicians’ recommendations due to patient preference (325), 

and some have argued that preferences should be more formally investigated and recorded for 

MDTs (325,334).  Shared decision-making between patient and clinician may benefit from future 

CDSSs during consultations to support this process (325).   

Participant perceptions of ML CDSSs in OC conveyed previously identified preferences for 

explainability, interpretability  (335–339), a safeguarding process in the event of clinician 

disagreement with the CDSS (340,341), the need for speed (325), and the importance of 

reliability for extreme clinical cases (340).  Building trust between clinicians and AI tools is 

paramount if adoption of such tools is to be achieved and requires ethical, transparent 

innovation (55). In addition to quality control, data governance and bias mitigation, 

explainability (the ability to extract insight and understanding of machine logic when provided a 

given prediction or AI output) has become key for Medical AI in recent years (59).  To avoid 

biasing respondents in their survey responses the feature importance values were not provided 

within the survey. However, in the context of a validated ML model being used in clinical 

scenarios, the authors advocate for the insights from explainability tools to be made readily 

available for clinicians using medical CDSSs. This allows clinicians the opportunity to evaluate 

how well such rationales align with their own human decision making to develop trust in 

recommendations or to exercise clinician agency in disagreeing with the output. Within our 

modelling we utilised a form of global explainability technique (permutation-based feature 

importance) to provide insight. Global techniques provide a static over-arching overview of how 

the model uses and weighs inputs and this does not change from instance to instance. 

However, at the point of use, local-explainability tools such as Local Interpretable Model 

Agnostic Explanations (LIME (209) and Shappley Values (SHAP (210)) are also necessary in 

providing insight at the individual patient level.  In combining these techniques and presenting 

them to clinicians as built-in aspects of user interfaces maximises transparency. This may then 

be combined with features such as counterfactual explanations (explanations derived from 

changing maximally one or two model inputs for a given patient and comparing how the 

resultant output varies from the original scenario), clinician override (the ability to override an AI 

recommendation by the human operator and record those specific cases for future training) 
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and feedback systems for clinicians to highlight areas of discrepancy to incorporate into 

subsequent model iterations.  

Areas of hesitancy for respondents surrounded factoring in patient individuality, perceived 

clinician superiority, and novel clinical predictors. In a survey of doctors and medical students 

in Korea, only 44% believed that AI was diagnostically superior to doctors (255).  Research has 

also highlighted the limitation of AI CDSS in handling uncertainty (267), a sentiment strongly 

echoed by participants within this study.  With regards to patient individuality, it remains 

controversial whether medical AI inhibits or enhances person-centred care.  Some fear MAI 

may fail to incorporate patients’ values and preferences, while proponents argue for its 

potential to release clinician time to build patient trust, aiding counselling for shared decision-

making (342). This demonstrates that in the short term, such tools will play a primarily decision-

support role rather than an automated decision-maker role.  

The results of this study have highlighted that while MAI represents a growth market globally, 

offering potential gains across several clinical performance indicators, successful 

implementation requires buy-in by end-users through overcoming the barriers highlighted here. 

It has also demonstrated discordance between human perception and machine learned 

variables for OC decision making, suggesting that what the human agents within MDTs perceive 

they value may not necessarily match subsequent outcomes. Human oversight remains key to 

mitigating MAI bias  (320), and research such as this study, is necessary to achieve long-term 

clinician buy-in, as well as safe and equitable implementation.  

 

 

F.6.4 Study limitations and strengths 

The study was undoubtedly subject to limitations, the main one being a low response rate 

(approximately 6% - 8% based on society mailing list sizes) - a common challenge with clinician 

surveys (343), as well as response-attrition over the course of the survey. Only the most 

motivated respondents continued onto the latter stages of the questionnaire exploring 

perceptions of ML CDSSs, potentially exacerbating response bias as the latter stages of the 

survey were also where perceptions towards ML were dealt with. That our results found a 

generally positive sentiment towards ML may thus be in part, owing to self-selection of 

respondents who were already supportive of ML. We feel however that the national reach of the 
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survey will have helped mitigate this to some degree but nevertheless recognise it is a potential 

confounder.    

Exploring nuanced decision-making within an online survey naturally risks over-simplifying a 

complex process where factors may not carry equal weight across their range and may even act 

synergistically with others. Nevertheless, this study leveraged a mixed methodology approach 

to bridge knowledge between ML modelling of MDT decision-making with quantitative and 

qualitative data on respondent’s priorities (344) allowing direct comparison between real world 

practice as viewed through an AI paradigm versus clinicians’ own conscious decision-making.  

The anonymous, online nature of the survey mitigates some of the risk of social acceptability 

response bias, particularly compared to co-design approaches in which interviewers may be 

affiliated to the CDSS.  This survey also achieved strong geographical coverage across the UK, 

spanning all relevant professional groups within the MDT and representing a full range of 

opinions on using ML CDSSs. The insights derived from the study will be key in guiding future 

CDSS design and ML modelling approaches if designers wish to maximise the adoption of these 

CDSSs into widespread clinical practice. The need for a “co-design” ethos within medical AI 

which factors in stakeholder needs and concerns is increasingly important if the barriers 

identified within this study are to be overcome.  

F.7 Conclusion 

This survey revealed insights into clinicians’ priorities in OC decision-making and highlighted 

the range and complexity of factors influencing treatment recommendations.  

Sociodemographic factors appear to have greater impact in practice than would be anticipated 

by their conscious importance to clinicians.  A wide range of potential barriers to the future use 

of an ML CDSS in OC were identified, many of which aligned with the findings of work on other 

cancers and throughout medicine.  These must be addressed if the potential gains of clinical AI 

CDSS are to be realised. 
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