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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 socio-
demographic 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 cli-
nicians would support. Clinicians identified a wide range of 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.

1. Introduction

Oesophageal cancer (OC) remains a key public health issue [1].
Treatment plans are determined by Upper Gastrointestinal (UGI)
multidisciplinary teams (MDTs) which assimilate multi-domain exper-
tise across a broad range of roles [2]. MDT treatment selection is
directed by disease burden, patient demographics, functional status and
co-morbidities [2,3] and is unsurprisingly a critical determinant of pa-
tient outcomes. However, a growing, ageing population has increased

MDT caseload volume and complexity [4]. Case discussions may only
last a few minutes per patient, suffer from incomplete information, and
encounter challenging interpersonal dynamics [5,6].

The need to streamline and reform MDT processes is well recognised
[4,5]. One potential solution uses computerised Clinical Decision Sup-
port Systems (CDSSs), now emerging across many aspects of cancer-care
including screening, diagnosis and treatment planning [7]. CDSSs range
from simple tools summarising clinical guidelines to complex systems
integrating multiple data sources for patient-specific recommendations
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[7,8]. 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 [9].
Real-world MAI implementation remains in relative infancy [10,11].
Carefully implemented MAI may improve safety, efficiency,
cost-effectiveness and unwarranted variation as well as geographical
and sociodemographic inequalities [11-14].

However, without careful analysis of their inputs and processes,
there is a risk of ineffective AI CDSSs perpetuating or worsening inequity
[15]. Many Al solutions are also typically ‘black box’ (the machine’s
underlying logic is unclear to the human user) [16], which can be
problematic within healthcare settings in establishing clinician and
patient trust [16]. Consequently, they introduce novel questions and
challenges ethically, legally, and in their acceptability to clinicians and
patients [17].

Machine learning (ML) is a branch of AI increasingly utilised in
CDSSs across many specialties [18,19,19,20]. 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 and
2022 [3,21] 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. How-
ever, the relative importance clinicians attribute to many of the factors
involved in these decisions is currently unknown. Furthermore, in-
equalities in treatment allocation have been noted by age, gender and
ethnicity [22-25]. 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 clini-
cian bias, which is capable of significant impact on clinical practice [26].

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 [21], to identify areas of concordance
and discordance between the Human and the Al. They were also sur-
veyed on their current perceptions, concerns and views about the use of
ML-based CDSSs to identify potential barriers towards implementation
of such technologies within the OC space.

2. Methods

An anonymous survey with multiple choice and free text questions
was hosted on the Qualtrics™ platform [27] from October-December
2023 (reproduced in supplementary material). Invitations were emailed
to clinicians via professional membership organisations (The Associa-
tion 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
researchers. Respondents were excluded if they did not self-report as
regularly contributing to the UGI MDT in the UK or Ireland.

2.1. Questionnaire

Participants were asked to identify factors important in UGI MDT
decision-making, selecting from 18 listed factors (Table 1) 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 Co-
morbidity Index conditions separately [28], but these were combined in
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Table 1
Factors listed as options in the survey.

Factor In ML Rationale for inclusion
model?
Age Y Risk factor for frailty, comorbidities and
complications
Gender Y Inequalities evident in literature [23]
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 Y Type of cancer cells
histology
Tumour differentiation Y 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 N Access to various treatment modalities
location
Presence of local N Access to radiotherapy
radiotherapy centre
Patient preference N Individual choice
Ethnicity N Inequalities evident in literature [24]
Socioeconomic status N Inequalities evident in literature [25]
Other (free text) N Establish additional relevant factors

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.

2.2. 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 (Table 1). The model was trained on a
cohort of 893 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 perfor-
mance using area under the curve (AUC) from the multi-class Receiver
Operator Characteristic (ROC) using “one” vs “others” approach (Fig. 1)
[3,21]. Permutation-based feature importance was derived for each
included variable. A slightly augmented version of the same model (953
cases) has been externally validated and discussed in detail in Thava-
nesan et al. [29].

2.3. 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 [30]. 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 dis-
cussed with clinicians in semi-structured interviews conducted as part of
the wider research programme.
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Fig. 1. Multiclass ROC curve for random forests treatment classifier representing a “one vs others” class-prediction performance. K = 5 Cross-validation was con-
ducted using an 80:20 split. Mean ROC is presented +1x Standard Error of the Mean. Reproduced from Ref. [21]. Computers in Biology and Medicine 180:

108978, p4.

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.

3. Results
3.1. 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. Table 2 shows the location and profes-
sional roles of the remaining 60 respondents. Response numbers vary by
question as none were compulsory (except consent) and there was
attrition throughout (Fig. 2).

3.2. Factor importance and discussion frequency

Most factors deemed important by respondents were also identified
as routinely discussed (Fig. 3). A disparity was seen for patient prefer-
ence, which was more often deemed important (88 %) than discussed
(69 %).

3.3. Relative factor importance in overall treatment decisions

Fig. 4 shows the variable importance plot for the ML model. Table 3
compares the relative importance of each factor from the survey ranking
to that of the ML model when determining overall treatment decisions.

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

Table 2
Work location, professional group and seniority of eligible respondents. Valid
percentage excludes missing responses.

UK Geographical Area Number of Respondents (n = Valid Percentage
58) (%)
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 3 5.2
Humber

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

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

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

@ The pathologists completed the demographics section but exited the survey
without providing further responses.
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Q7 Factors routinely
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n=34
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ranking
n=35
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specific ranking
n=33
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n=33
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n=22

Q14 Likelihood of using ML

Q15 Barriers to ML tool use
n=22

Exited survey

demographics

=
(pathologists)

Excluded from
this question:
stated had ranked
factors at random
n=1

Fig. 2. Flow chart showing number of respondents per question and reasons for exclusions.

model - this data has not been introduced, and in the case of patient
preference is frequently unavailable at first MDT discussion.

3.4. Comorbidities

Respondents were asked which co-morbidities they deemed to be
important and were free to choose as many or few as they wished
(Fig. 5). Congestive heart failure and dementia were considered
important by more than 97 % of survey respondents but ranked rela-
tively 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.

3.5. 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
(Table 4). Responses were organised into 4 categories through thematic
analysis — additional investigation findings and assessments, symptoms,
medical history, nutrition and social factors.

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 chemo-
radiotherapy, 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 spe-
cific views emerged from across the range of professional roles (n = 33)
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Percentage of Respondents Stating Factors as Important and
Routinely Discussed
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Fig. 3. Clustered bar chart showing the percentage 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).
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Fig. 4. Relative importance of various clinical and socioeconomic factors in determining patients’ treatment pathways for oesophageal cancer, according to a
machine learning model trained on data from historical MDT decisions. Adapted from Ref. [21]. Computers in Biology and Medicine 180: 108978, p5. cM.Stage =
metastasis stage, PS = performance status, Epoch = date of input data (in relation to the publications of major clinical trials which altered practice in the field), cN.
Stage = nodal stage, cT.Stage = tumour stage, CVD = cerebrovascular disease, DM.Uncom = diabetes without complications, MI = myocardial infarction, X.PUD =
peptic ulcer disease, PVD = peripheral vascular disease, CHF = chronic heart failure, Malig.Lymphoma = malignant lymphoma, DM.comp = diabetes with

complications.

(Table 5). A conceptual framework created from a literature search of clinician
perceptions of Al in cancer (described in supplementary material), is

3.6. Clinician perceptions of a potential ML decision-support system for combined with the findings of this study (Fig. 6).

ocC
4. Discussion

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) 4.1. Summary
with a median of 75.0 (IQR 60.0-82.5).

When asked about perceived barriers to ML CDSS use, five themes This study identified clinical and sociodemographic factors impor-
were identified (n = 22) relating to: Clinician Superiority, Patient In- tant in OC treatment decision-making, comparing their relative impor-
dividuality, Transparency and Safeguarding, a Need for Evidence, and tance as identified by human experts against an ML model trained on

Input Requirements (Table 6). historical MDT decisions from a leading tertiary referral unit. The study
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Comparison of overall ranking of factors from the survey with rankings from the ML model.

Rank Survey
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Fig. 5. Survey data - percentage of respondents who considered each comorbidity to be important when able to select as many as they wished (n = 49).

also explored clinicians’ perceptions of using ML-driven CDSSs within
oC.

Specific factors of importance to the human experts included addi-
tional 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. How-
ever, 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).

4.2. Interpretation

This study has revealed that while ML can model OC decision-
making with high performance, there remains some discordance be-
tween 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.

4.3. Implications

Comorbidities such as congestive heart failure and dementia un-
doubtedly increase perioperative risk in surgical candidates [31,32].



C. Webb et al

Table 4

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).

Table 6

by respondents.

Computers in Biology and Medicine 200 (2026) 111373

Thematic analysis of current barriers to adopting ML CDSSs in OC as highlighted

Theme

Category

Comments

Factors Clinician Superiority

Additional investigation
findings and assessments

Symptoms and medical history

Nutrition

Social factors

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

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)

Weight/weight loss, body mass index, nutritional
indicators

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.

Patient Individuality

Table 5

Transparency and
Safeguarding

Respondent views specific to the decision between chemotherapy and chemo-
radiotherapy. FLOT chemotherapy = 5-Flurouracil (5-FU), Leucovorin, Oxalo-
platin, Docetaxel, CROSS Chemoradiotherapy regimen = Carboplatin and

Paclitaxel with concurrent radiotherapy).

Need for evidence

Consideration

Details From Some Respondents

Histology — Squamous Cell Carcinoma or

Adenocarcinoma?

Tumour Location

Tumour length/total disease length

Patient fitness for surgery

Is the circumferential resection margin
threatened? ILe. is there a risk of
incomplete removal with surgery?

Dysphagia (swallowing difficulties)

Dihdryopyrimidine dehydrogenase
(DPD) testing result (a genetic blood
test determining ability to metabolise
certain chemotherapy agents)

Patient frailty

Molecular test results

Impact of potential side effects

Many reported using chemoradiotherapy
for all squamous cell carcinomas (if size
and position are appropriate), and
defaulting to chemotherapy for most or
all adenocarcinomas

Chemotherapy for Squamous Cell
Carcinoma if Siewert grade 2/3 (a
grading system describing tumour
position)

(Respondent 35, Clinical Oncologist)
Many raised the importance of whether a
tumour is small enough to be
encompassed in a radiotherapy field,
<8-10 cm.

Some reported avoiding
chemoradiotherapy if the patient is or
may be fit for surgery

May favour chemoradiotherapy for

Input requirements

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.

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 Al can do this.” (Respondent 34, Specialist Nurse)
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.
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 min. 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.

Alongside the additional factors highlighted in Table 6,
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)

adenocarcinomas (Respondent 48,
Clinical Oncologist)

Chemotherapy may be more likely to
improve this symptom (Respondent 4,
Clinical Oncologist)

May favour chemoradiotherapy as
cannot use 5FU chemotherapy
(Respondent 4, Clinical Oncologist)

Frail patients may find
chemoradiotherapy more tolerable than
FLOT chemotherapy (Respondent 11,
Surgeon)

If favour post-operative immunotherapy,
may select CROSS chemoradiotherapy
regimen (Respondent 11, Surgeon)
Pre-existing hearing impairment,
hobbies or profession (Respondent 2,
Medical Oncologist)

Their importance to human experts is expected, and their comparative

insignificance to the model may be explained by the low overall inci-
dence of these conditions within the cohort (2.4 % for CHF and 1.1 % for
dementia). Caution is therefore needed when considering CDSS recom-
mendations based on infrequent features within the training data.

In addition to the assessment of individual and infrequent features,
clinical expert decision-making leverages intuitive rapid analysis of in-
teractions between features, which could not be assessed within the
methodology of this clinician survey. However, insight into the in-
teractions between such features is a key strength of tree-based models
such as the random forests model on which this CDSS is based, and this is
discussed in more depth by Thavanesan et al. [21].

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 [33]. However,

the possibility that clinicians treat it as a surrogate marker of overall

fitness for major therapy has been raised previously [21]. It appears that
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Fig. 6. 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. Underlining indicates content from the literature review which was reinforced by the results of this study.

age’s disproportionate influence in practice may be sub-conscious, and
independent of performance status in planning cancer treatment - a
finding echoed elsewhere in the literature [25]. Gender, ethnicity, so-
cioeconomic 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 [22-25]. ML CDSSs learning from
historical decisions risk perpetuating inequalities, and the European
Union Artificial Intelligence Act seeks to mitigate against this [34,35]. A
key benefit of the use of ML within cancer care decision-making is not
just the modelling and automation of treatment planning, but also in the
potential of explainable AI (XAI) to interrogate the rationale behind
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 influences OC treatment options [3,21]. 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 [36]. 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.

Desirable factors outside of the current model identified by re-
spondents included exercise testing, BMI, presenting symptoms, genetic
testing and novel molecular markers. Additionally, future models may
consider using multimodal machine learning techniques to incorporate a
range of other input types [37-39]. 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’ recom-
mendations due to patient preference [20], and some have argued that
preferences should be more formally investigated and recorded for
MDTs [40]. Shared decision-making between patient and clinician may
benefit from using future CDSSs during consultations to support this
process [20].

Participant perceptions of ML CDSSs in OC conveyed previously
identified preferences for explainability, interpretability [10,41-44], a
safeguarding process in the event of clinician disagreement with the
CDSS [45,46], the need for speed [20], and the importance of reliability
for extreme clinical cases [45]. Building trust between clinicians and Al
tools is paramount if adoption of such tools is to be achieved and re-
quires ethical, transparent innovation [47]. Predictive performance
alone is insufficient to gain clinician trust; a model must be able to
explain its reasoning [48]. In addition to quality control, data gover-
nance and bias mitigation, explainability (the ability to extract insight
and understanding of machine logic when provided a given prediction
or Al output) has become key for Medical Al in recent years [49,50]. To
avoid biasing respondents in their survey responses the feature impor-
tance 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 clini-
cians 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 (per-
mutation-based feature importance) to provide insight. Global tech-
niques 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 [51] and Shappley



C. Webb et al

Values (SHAP) [52] are currently of great interest in providing insight at
the individual patient level [50]. In combining these techniques and
presenting them to clinicians as built-in aspects of user interfaces max-
imises 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 Al recommendation by the human
operator and record those specific cases for future training) and feed-
back systems for clinicians to highlight areas of discrepancy to incor-
porate into subsequent model iterations. Finally, traceability of model
development also remains a critical aspect in building and maintaining
trust and accountability. It requires the recording of successive model
life cycles, their input data, pre-processing procedures and outputs [53].

Areas of hesitancy for respondents surrounded factoring in patient
individuality, perceived clinician superiority, and novel clinical pre-
dictors. In a survey of doctors and medical students in Korea, only 44 %
believed that Al was diagnostically superior to doctors [54]. Research
has also highlighted the limitations of AI CDSSs in handling uncertainty
[55], a sentiment strongly echoed by participants within this study. With
regards to patient individuality, it remains controversial whether med-
ical Al technologies inhibit or enhance 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 pa-
tient trust and aid counselling for shared decision-making [56]. 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 decision outcomes. Human oversight remains key to
mitigating MAI bias [15], and research such as this study, is necessary to
achieve long-term clinician buy-in, as well as safe and equitable
implementation.

4.4. 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 [57], as
well as response-attrition over the course of the survey. Only the most
motivated respondents continued onto the latter stages of the ques-
tionnaire exploring perceptions of ML CDSSs, potentially exacerbating
response bias as questions exploring perceptions of ML CDSSs were to-
wards the end of the survey. The overall sentiment towards ML found in
this study may thus be in part influenced by self-selection of respondents
holding stronger views on the subject; however, a full range of positive
and negative perceptions were reported by respondents.

Exploring nuanced decision-making within an online survey natu-
rally 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
[58] allowing direct comparison between real world practice as viewed
through an Al 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 affili-
ated 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.
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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 Al which factors in stakeholder needs
and concerns is increasingly important if the barriers identified within
this study are to be overcome.

5. 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 are to be realised.
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Appendix 1. Literature search details in development of
conceptual framework in Fig. 5, performed on March 6, 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* profes-
sional” 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).

Data availability

Anonymised data included within this study may be shared on
request.
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