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a b s t r a c t

Introduction: Artificial Intelligence (AI) tools are increasingly used in imaging such as X-rays, but there is 
limited evidence about how patients view the use of AI in the diagnostic process.
Methods: Using the Technology Acceptance Model (TAM) to select attributes and the Health Belief 
Model (HBM) to interpret between-group differences this study evaluates patients' preferences 
regarding the use of AI in processing and communication of chest X-ray (CXR) results in the context of 
the NHS in the UK. A choice-based conjoint experimental (CBC) design was employed to examine 
various attributes influencing patient preferences across three samples 1) respondents with lung cancer 
diagnosis, 2) respondents who have had chest X-rays for any reason and 3) respondents with no recent 
CXRs. Furthermore, word–emotion association analysis was used to assess and compare the emotions 
levels in the open-text responses across the samples.
Results: A total of 440 respondents completed the study. Overall, respondents expressed support for 
using AI in X-ray processing, believing it would reduce waiting times. Waiting time and the decision on 
the next step of the care pathway accounted for the largest share of preference with a combined relative 
importance; the share of choice variation attributable to these attributes, of ~67% in Samples 1 and 2 
and 60% in Sample 3. Lung cancer patients (Sample 1) significantly favoured combined Human and AI 
processing (mean part-worth +13.3, p < 0.001), whereas Samples 2 and 3 favoured Human-only to 
Human and AI (mean part-worth − 5.7, p = 0.008 and − 12.0, p < 0.001 respectively for the attribute level 
Human and AI).
Conclusion: Overall, patients welcome the supplementary use of AI in their care, with lung cancer pa-
tients having higher acceptance.
Implications for practice: Understanding patient preferences can inform healthcare providers about 
optimising the diagnostic pathway, improving patient experiences, and potentially alleviating patient 
anxiety.
© 2026 The Authors. Published by Elsevier Ltd on behalf of The College of Radiographers. This is an open 

access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Introduction

The integration of Artificial Intelligence (AI) into medical di-
agnostics, particularly in the detection of cancers from chest X-rays 
(CXRs), marks a transformative shift in healthcare that holds

immense promise for enhancing diagnostic accuracy, expediting 
treatment planning, and ultimately improving patient outcomes yet 
it also introduces a complex interplay of patient perceptions, trust, 
and acceptance. 1–3 Evidence shows that the successful imple-
mentation of these technologies’ hinges not only on their technical 
capabilities but also on the willingness of patients to embrace them. 4 

Screening for lung cancer with low-dose CT has been proven to 
improve lung cancer mortality. 5 However, not all patients diag-
nosed with lung cancer will be eligible for screening or accept the
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invitation to attend. Therefore, there is still a need to improve the 
symptomatic diagnosis pathway for lung cancer patients. CXRs are 
often the first test for suspected lung cancer, for patients referred 
from primary care/general practice. 6 Rapid, early and accurate 
diagnosis of lung cancer is needed to improve outcomes, with 44% 
of lung cancer patients with a T-stage upgrade during the radi-
ology diagnostic period. 7 Evidence suggests that immediate 
reporting of CXRs referred from primary care and same-day CT 
when suspicious of lung cancer can shorten the time to diagnosis 
of lung cancer. 8 However, the number of CXRs is high, and they are 
performed for a wide range of reasons and symptoms. 6 Therefore, 
it may not be feasible to provide an immediate report for all pri-
mary care CXRs. AI technologies may help identify CXRs that 
require urgent review. Patient and public attitudes are central to 
whether such tools can be adopted. Systematic reviews report 
broadly cautious acceptance of clinical AI, conditional on retained 
human oversight and on trust in clinicians and the tools they 
use, 15,21,23,25 yet evidence on preferences specific to the processing 
and communication of CXR results is lacking. This study addresses 
that gap.

Building on the Technology Acceptance Model (TAM) and the 
Health Belief Model (HBM) we create a design to identify how 

different patient groups value attributes such as waiting times, 
communication methods, and the integration of AI in result pro-
cessing. TAM was selected because acceptance hinges on perceived 
usefulness and ease of use, which we mapped to the processing-
agent and communication attributes 9 ; HBM was selected 
because perceived susceptibility and severity plausibly differ be-
tween lung cancer patients and comparison groups. 10-13

An important component of an accelerated lung cancer 
pathway is communicating results with patients and arranging the 
next test/steps on the pathway. The communication of diagnostic 
results is a critical aspect of patient care, particularly in time-
sensitive conditions such as lung cancer. The communication 
location and strategies may differ, occurring within the radiology 
department rather than with the referrer, and at the time of ex-
amination rather than after the event. 8,14 With the increasing use 
of AI in imaging, it is essential to understand patient preferences 
regarding the processing and communication of chest X-ray re-
sults. Understanding these preferences can inform healthcare 
providers about optimising the diagnostic pathway, improving 
patient experiences, and potentially alleviating patient anxiety. 
This study aims to quantify patients’ preferences for the processing 
and communication of chest X-ray results specifically, including 
the use of AI, and to compare these across lung cancer patients and 
two comparison samples.

Methods

This study has been approved by LEFT BLANK FOR ANONY-
MOUS PEER REVIEW REC reference number LEFT BLANK FOR 
ANONYMOUS PEER REVIEW.

To evaluate how patients value the advantages and disadvan-
tages of various attributes of using AI in chest X-ray result pro-
cessing and communications when referred by their GP/Primary 
care doctor, a Choice-Based Conjoint (CBC) experiment was con-
ducted. A CBC design, by its nature, determines how respondents 
value different attributes and the utility they assign to various 
levels of these attributes. Unlike a conventional survey, a CBC re-
quires respondents to make a series of discrete choices, simulating 
real-life decisions and trade-offs a patient would make. Due to 
these methodological advantages, discrete-choice experiments, 
specifically CBC designs, are commonly used in healthcare 
research that inherently involves decisions based on trade-offs. 15,16

An initial design was created with attributes and levels based 
on current NHS England practices and median waiting times. 17 

Specifically, the waiting-time and care-pathway levels were taken 
from the National Optimal Lung Cancer Pathway and the median 
times for England in the NHS England Diagnostic Imaging Dataset, 
supporting their content validity. This design was then validated 
and updated with feedback from a pilot with a convenience 
sample of 8 people that involved lay-people without a background 
in research, experts in public health, cancer patients and clinicians. 
The feedback was used to refine the wording of the processing-
agent and communication levels and to confirm that re-
spondents understood the attributes and could complete the task 
within the target time. Table 1 presents the final set of attributes 
and levels used in the design. These attributes and levels were 
utilised to generate orthogonal choice sets, each containing three 
options, with eight choice sets per respondent. Eight tasks were 
chosen to balance statistical efficiency against respondent burden 
in a patient sample and to keep completion within the ~10-min 
target. In each choice set, respondents were asked to select the 
‘most preferred’ option from the three presented. This follows a 
standard choice-based conjoint design. The design was created 
using the CBC software, Sawtooth. Fig. 1 shows an example of a 
choice set that was presented to respondents. In addition to the 
CBC, the survey included consent and attention checks, questions 
related to awareness, open-text questions on attitudes towards AI, 
and demographic questions about the respondents.

Three UK-based samples were identified for the study, and data 
was collected from May to July 2024. Sample 1 consists of lung 
cancer patients identified via various cancer patient groups such as 
Roy Castle Lung Cancer Foundation (via Health unlocked), CRAF 
(formerly NCRI consumer forum), and other lung cancer patients 
involved in research from across the UK. Participation was 
voluntary and the respondents received no financial or non-
financial incentive to participate. In Sample 1, we collected 56 
valid responses after excluding 20 records of which 16 were 
incomplete and 4 failed the attention check. Sample 2 consists of 
respondents who have had a chest x-ray in the past 6 months. This 
sample was identified using Prolific, an online research survey 
platform. There were 171 valid responses in sample 2 after 
excluding 29 records of which 24 were incomplete and 5 failed the 
attention check; Sample 3 consists of respondents who have not 
had a CXR in the past 6 months. These respondents were also 
identified using Prolific. There were 213 valid responses in sample 
3 after dropping 39 records of which 27 were incomplete and 12 
failed the attention check. Participation was voluntary and re-
spondents for samples 2 and 3 were paid £2 each to respond to the 
survey. Consent and attention checks were applied prior to anal-
ysis. The demographic data in Table 2 shows the distribution of 
respondents across the three final samples.

Part-worth utilities were estimated by Hierarchical Bayes in 
Sawtooth (10,000 iterations; 10,000 draws per respondent) and 
reported as zero-centred differences. Attribute importance was 
computed for each respondent as the range of utilities within an 
attribute divided by the sum of ranges across attributes, then 
averaged. Using the sampling rule for conjoint designs n ≥ 500c/ 
(t × a) (largest level count c = 4, t = 8 tasks, a = 3 alternatives ~ 84 
for stable aggregate estimates), Samples 2 and 3 exceed the 
threshold while Sample 1 (n = 56) falls below it. This is mitigated 
by Hierarchical Bayes individual-level estimation and is 
acknowledged as a limitation.

It is worth highlighting two observations in our sample distri-
bution. First, our sample of lung cancer patients was predomi-
nantly white (95% for lung cancer patients, i.e., Sample 1 v. 75% in 
the Prolific general-public comparison sample without a recent 
chest X-ray, i.e., Sample 3) and second, the median and mode for

A. Banerjee, J. Rawlinson, D. Baldwin et al. Radiography 32 (2026) 103554

2



lung cancer patients (Sample 1) is 60 and 69 years, compared to 30 
and 39 years in the Prolific general-public comparison sample 
(Sample 3). Therefore, the preferences in communication methods 
and acceptance of AI may not be generalisable across the entire 
spectrum of patients. Lung cancer incidence data shows that lung 
cancer is more common in white and older patients and therefore

the older age of Sample 1 (lung cancer patients) reflects the 
prevalence of lung cancer in older patients. 18

Open-text responses were collected to assess the motivations 
and attitudes towards AI for the choices in the discrete choice 
experiments. A word–emotion association analysis was performed 
using the NRC Word–Emotion Association Lexicon, 19 a technique

Table 1
Attributes and levels used in the CBC design.

Processing agent Waiting time for results Decision on the
next step of the care pathway

Medium of communication of results

Level 1 Human only Immediate Immediately A letter and in-person discussion with your GP
Level 2 Human and AI Next day 3 days A letter and telephone discussion with your GP
Level 3 2 days 15 days A letter only (Default communication at 3 weeks via app, on

the NHS website/portal, or post)
Level 4 12 days 28 days A letter and in-person discussion at radiology (the department where 

the X-ray imaging was done)

Figure 1. Example of a choice set.
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that has been used to assess and compare the anxiety levels of 
patients from their statements, was performed. 20 In this tech-
nique, tokens are matched to eight emotions, counts are normal-
ised by the respondent's word count, and scores are aggregated by 
sample. Underlying values are provided in the supplementary 
material. Open-text responses were analysed thematically. Re-
sponses were coded by the lead author, and codes were grouped 
into themes and reconciled by discussion with all authors to 
support reliability.

Results

Conjoint analysis

The relative importance of each attribute (Table 3) is a measure 
of its relative impact on the total utility. The part-worth utilities 
(Table 3) were calculated using a Hierarchical Bayes estimation 
model. The values are scaled to an arbitrary additive constant 
within each attribute so that the sum of the utilities is zero for that 
attribute. Together, these help understand the relative importance

of each attribute and level on the respondent's decision to accept 
an offer. 21

Overall, similar patterns were found across all the three sam-
ples; ‘Waiting for results’ and ‘Decision on the next step of the care 
pathway’ account for two-thirds of the value that respondents 
associate with the four attributes presented in this choice. This is 
followed by the ‘Medium of communication’ and finally ‘Process-
ing agent’ received the least importance.

The part-worth utilities from Table 3 demonstrate how the 
respondents value the different levels in an attribute. This analysis 
reveals respondents in sample 1 (lung cancer survivors) value the 
use of Human and AI as processing agents more than Human only. 
This is different from the preferences shown in sample 3 (no recent 
chest X-ray), which value Human only more than Human and AI 
while respondents in sample 2 (recent X-ray no cancer), appear to 
be indifferent and in between the preferences indicated by sam-
ples 1 and 3.

Between-sample comparisons (individual-level estimates; 
Kruskal–Wallis with pairwise Mann–Whitney; full values and 95% 
CIs are in Supplementary Table S1–S2) showed that attribute 
importance differed across samples for all four attributes (care 
pathway, waiting time and medium p ≤ 0.001; processing agent 
p = 0.019). For the processing agent specifically, Sample 1 signif-
icantly favoured combined Human and AI over Human-only (mean 
part-worth +13.3, 95% CI 6.0 to 20.5; p < 0.001; 75% of re-
spondents favoured AI), whereas Sample 3 favoured Human-only 
(− 12.0, 95% CI − 16.9 to − 7.1; p < 0.001) and Sample 2 was inter-
mediate (− 5.7, 95% CI − 9.9 to − 1.5; p = 0.008). Sample 1 differed 
significantly from both Sample 2 and Sample 3 (both p < 0.001), 
while Samples 2 and 3 did not differ significantly (p = 0.06).

On average, respondents in sample 1 associate greater value 
with ‘Next day’ results for the attribute ‘Waiting time for results’. A 
similar pattern is observed for the attribute ‘Decision on the next 
step of the care pathway’ where the average utility associated with 
responses from sample 1 is higher for ‘3 days’ as opposed to 
‘Immediately’. These estimates carry wide individual-level 
dispersion (reflected in the standard deviations in Table 3 and 
the confidence intervals in the supplementary tables), indicating 
substantial heterogeneity within each sample rather than a uni-
form view; Hierarchical Bayes individual estimates reveal mean-
ingful preference segments. For the other attributes and levels, we 
find similar patterns across the three samples.

Analysis of responses to open text questions

Analysis of the open-text comments provides a deeper under-
standing of the motivations behind these choices. Similar patterns 
were found across the three samples, with key themes with one 
representative quote in Table 4.

The word–emotion association analysis reports the relative 
comparison of emotion expressed by each sample (Fig. 2; under-
lying values in Supplementary Table S3). Sample 1 showed the 
highest scores for the anxiety-related emotions fear and sadness; 
this was significantly higher than Sample 2 (fear p = 0.030; 
sadness p = 0.024; combined p = 0.025), although the overall 
three-group comparison (fear p = 0.107; sadness p = 0.078; 
combined p = 0.083) and the Sample 1 vs Sample 3 contrast 
(combined p = 0.067) did not reach conventional significance. 
Given Sample 1's small size, this finding should be read as 
indicative.

Discussion

Results of the CBC found waiting time for X-ray results and the 
subsequent decision on the next step of the care pathway are the

Table 2
Demographic profile of samples.

Age Sample
1 

Sample
2

Sample
3

n = 56 n = 171 n = 213

Less than 20 years 0% 1% 3%
20–29 years 0% 18% 23%
30–39 years 2% 27% 27%
40–49 years 2% 18% 21%
50–59 years 23% 21% 17%
60–69 years 45% 12% 8%
70 or more 27% 5% 2%
Prefer not to answer 2% 0% 0%
Total 100% 100% 100%

Gender Sample
1 

Sample
2

Sample
3

Male 34% 47% 48%
Female 64% 51% 51%
Transgender 0% 1% 1%
Non-binary 0% 1% 0%
Other 2% 0% 0%
Prefer not to answer 0% 0% 0%
Total 100% 100% 100%

Ethnicity Sample
1 

Sample
2

Sample
3

White/Caucasian 95% 87% 75%
Asian/Asian British 0% 6% 11%
Black/African/Caribbean/Black British 2% 2% 8%
Mixed/Multiple ethnic groups 2% 2% 5%
Other ethnic group 2% 1% 1%
Prefer not to answer 0% 2% 0%
Total 100% 100% 100%

Education Sample
1 

Sample
2

Sample
3

Post-graduate degree (Master's/PhD) 20% 16% 18%
Undergraduate degree (Bachelor's) 32% 32% 39%
Higher education certificate (CertHE) or (HNC)/
further ed

21% 11% 6%

A level/Advanced apprenticeship 5% 25% 21%
GCSE - grades 9, 8, 7, 6, 5, 4 or A*, A, B, C/In.
Apprenticeship

11% 12% 11%

GCSE - grades 3, 2, 1 or grades D, E, F, G/First
certificate

4% 2% 3%

Other 4% 3% 0%
Prefer not to answer 4% 1% 1%
Total 100% 100% 100%
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most valued attributes, collectively representing two-thirds of the 
overall value assigned by respondents, in line with prior work on 
patients’ concerns with waiting times along the diagnosis and 
treatment journey. 22 A central and arguably headline finding is the 
consistency of attribute importance across three distinct samples: 
all groups prioritised the same attributes in the same order. This is 
also in line with prior work that shows both patients and the 
general public have similar attitudes towards the use of AI in 
medical diagnosis. 23

However, notable variation was found between the preferences 
of lung cancer patients, who exhibited a stronger inclination to-
wards combined Human and AI processing. One hypothesis, 
consistent with but not demonstrated by the data is that this 
group, having experienced higher anxiety while waiting for results 
(as reflected in their open-text comments), perceives combined 
processing as likely to expedite results and reduce stress, as well as 
potentially being more accurate. 24 However, patient engagement 
workshops have emphasised the impact of delayed diagnosis of 
lung cancer has on patient anxiety. 14 The open-text comments 
highlighted key themes such as the speed of results, anxiety 
related to waiting, the perceived accuracy and speed benefits of AI, 
the importance of personal interactions, and clear communication. 
These insights triangulate with the quantitative importances and 
part-worths i.e., speed-related attributes dominating, and a desire 
for human contact in the communication attribute. 25 The observed 
preference for speedy, in-person face-to-face discussion of CXR 
results in radiology or at the GP, mirrors work from the USA where 
patients preferred rapid access to results (7520 of 7859; 95.7%) 
and discussion where their results were not normal (2337 of 2453; 
9.3%). 26

Demographic differences between the samples warrant caution 
when interpreting these comparisons. Sample 1 was older and 
predominantly White; while this mirrors lung cancer epidemi-
ology, it may independently shape both communication prefer-
ences and attitudes to AI, and limits generalisability.

When applied to the context of AI adoption among cancer pa-
tients, the HBM highlights several considerations. 10 These con-
structs map onto our results: higher perceived susceptibility/ 
severity in lung cancer patients is consistent with their greater 
acceptance of AI-assisted processing and their higher weighting of 
pathway speed, while perceived benefits align with the speed-
related themes in the open text. Perceived susceptibility refers to 
a patient's belief about their risk of experiencing adverse out-
comes related to their cancer, such as disease progression, treat-
ment side effects, or recurrence. If patients do not perceive 
themselves as being particularly vulnerable to these risks, they 
may be less motivated to adopt AI-driven tools designed to miti-
gate them. Perceived severity, on the other hand, encompasses the 
patient's assessment of the seriousness of these potential out-
comes, including their impact on physical health, emotional well-
being, and overall quality of life. 11,12 Patients who perceive cancer 
and its associated challenges as highly severe are more likely to 
seek out and utilise technological solutions that promise to 
improve their prognosis or alleviate their suffering.

The perceived benefits of adopting AI technology play a crucial 
role in influencing patient behaviour, with patients weighing the 
potential advantages against the perceived barriers. 23,27-29 For 
instance, AI-powered diagnostic tools may offer the promise of 
earlier and more accurate detection of cancer recurrence, while AI-
driven treatment planning systems could lead to more personal-
ized and effective therapies. However, patients must believe that 
these benefits are tangible and outweigh the potential drawbacks, 
such as concerns about data privacy, algorithmic bias, or the 
impersonal nature of AI-driven care. 13,30 If patients do not un-
derstand the benefits of AI or find it difficult to use, they may be 
less likely to adopt it, regardless of their perceptions of suscepti-
bility and severity. 31

Acceptance is also shaped by concerns this study did not measure 
directly. Algorithmic bias, accountability and oversight, explain-
ability, and equitable access may all temper patient acceptance, and

Table 3
Average importance of attributes and average part-worth utility for each level by samples.

Sample 1 Sample 2 Sample 3

n = 56 n = 171 n = 213

Average importances of attributes Average
importances

Standard
deviation

Average
importances

Standard
deviation

Average
importances

Standard
deviation

Processing agent 11.06 10.18 10.1 10.05 13.69 13.1
Waiting time for results 32.04 7.84 35.89 9.56 31.96 10.61
Decision on the next step of the care
pathway

35.35 10.87 31.14 9.93 28.15 11.65

Medium of communication of results 21.55 9.69 22.87 11.89 26.2 12.2

Attribute Level Average
utilities

Standard
deviation

Average
utilities

Standard
deviation

Average
utilities

Standard
deviation

Processing agent Human only − 13.29 27.08 5.72 27.95 11.99 36
Human and AI 13.29 27.08 − 5.72 27.95 − 11.99 36

Waiting time for results Immediate 25.07 31.88 46.13 17.05 39.98 25.84
Next day 37.01 24.9 37.3 12.65 34.07 21.45
2 days 10.62 19.97 11.13 13.34 1.71 16.24
12 days − 72.7 33.38 − 94.56 26.58 − 75.76 30.55

Decision on the next step of
the care pathway

Immediately 42.05 33.11 49.72 28.16 47.56 28.39
3 days 56.6 26.54 37.13 14.09 31.22 24.51
15 days − 26.56 19.82 − 21.98 14.4 − 25.26 20.07
28 days − 72.09 39.4 − 64.86 28.15 − 53.51 35.98

Medium of communication
of results

A letter and in-person discussion with your GP 16.99 30.58 15.48 23.04 23.38 24.13
A letter and telephone discussion with your GP 9.36 23 16.15 18.99 11.86 20.55
A letter only (Default communication at 3 weeks via app, on the 
NHS website/portal, or post)

− 42.2 31.1 − 51.93 34.01 − 53.73 41.05

A letter and in-person discussion at radiology (the department 
where the X-ray imaging was done)

15.85 23.93 20.3 25.11 18.49 37.14

Note: Average utilities calculated as zero-centred differences.
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are consistent with the strong preference for human oversight 
observed here. 27-29,32,33 It is important to distinguish AI-assisted 
decision support, which our respondents endorsed, from autono-
mous AI, which they did not; current UK regulation prohibits

autonomous AI evaluation of chest X-rays, so assisted interpretation 
is the relevant near-term scenario. The analysis of attitudes towards 
AI indicated general support for its use, particularly for speeding up 
results. Fast and accurate results were reported as important by

Table 4
Thematic analysis of motivations and attitudes towards AI with prevalence scores.

Theme Sample 1 
n (%)

Sample 2 
n (%)

Sample 3 
n (%)

Representative
quote (sample, respondent)

Question: “Could you please explain what influenced your preferences for the processing and communication of chest X-ray results?”
Speed of processing results 37 (67%) 87 (51%) 105 (49%) “For me speed is the main driver - I'm not fussed who gives me the results so long as 

somebody explains the terminology …” (S1, 8)
Importance of clear

communication 
31 (56%) 63 (37%) 77 (36%) “… some form of communication explaining what was happening next.” (S1, 41)

Importance of personal
interaction

18 (33%) 65 (38%) 66 (31%) “I would prefer a conversation with a real person at the earliest point possible in the 
process.” (S2, 81)

Role of AI in improving speed
and accuracy

13 (24%) 36 (21%) 29 (14%) “… I feel that AI + a human expert working together will provide the most accurate 
results.” (S1, 13)

Anxiety about waiting 11 (20%) 14 (8%) 27 (13%) “I prefer results as soon as possible as the waiting can make me anxious.” (S1, 35)
Question: “Do you have any views on the use of AI tools to assist the processing of chest X-rays? Please explain”
AI can support humans 24 (43%) 56 (33%) 76 (36%) “… the AI may identify issues that the human might not.” (S1, 13)
AI is good for speed 15 (27%) 25 (15%) 35 (17%) “Anything that can assist and expedite the processing of results has to be a good thing!” 

(S3, 71)
Accuracy of AI 10 (18%) 20 (12%) 16 (8%) “… the results could give false positives which would be an unnecessary time of anxiety.” 

(S1, 12)
Hesitation in fully relying on

AI
3 (5%) 14 (8%) 17 (8%) “I would be uncomfortable at the thought of AI on its own processing results …” (S3, 45)

Concern about oversight 1 (2%) 8 (5%) 17 (8%) “… experts over rely on the AI results and sift out or miss areas of concern.” (S2, 155)

Note: Prevalence = number (percentage) of respondents expressing each theme. Themes for the first question were coded from the relevant open-text (denominators: S1 
n = 55, S2 n = 171, S3 n = 213); themes for the second question from the AI-views open-text (denominators: S1 n = 56, S2 n = 168, S3 n = 212). Respondents could express 
more than one theme, so percentages do not sum to 100%.

Figure 2. Word-emotion analysis of open-text comments for three samples.
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patients in the work of Kelly et al., who also reported patient need for 
personal connection with the healthcare provider sharing the re-
sults. 34 However, some respondents expressed reservations about 
fully relying on AI without human oversight, underscoring the 
importance of a balanced approach that leverages AI's strengths 
while maintaining expert supervision 27,32 . Lennartz et al., also found 
a human supervision of AI was a strong patient preference, especially 
when compared to AI alone/autonomous diagnoses, 33 mirroring 
concerns identified by Richardson et al. for AI safety and patient 
choice. 28

Healthcare providers must understand how AI algorithms 
generate recommendations, the underlying evidence supporting 
those recommendations, and the limitations and uncertainties 
inherent in AI-driven predictions. 35 Patient trust in clinicians in-
cludes trust in the clinical tools they choose, and in the selection of 
AI-based tools. 29 If the patient sees the use of AI in their care 
management plan as impeding their ability to act as a partner with 
their doctor, it will become vital for the physician to right the 
dynamic back to a stable equilibrium through discussions, edu-
cation, and reconfirmed consent. 36 Current UK legislation pro-
hibits autonomous AI clinical evaluation of chest X-rays, but 
patient preference for assisted interpretation is an important 
consideration for any future work.

Several limitations should be noted. The lung cancer cohort was 
small (n = 56), below the sampling rule benchmark for aggregate 
CBC estimation, though Hierarchical Bayes mitigates this. Recruit-
ment differed across samples (patient/research networks for Sample 
1; Prolific for Samples 2 and 3), which may introduce selection and 
motivation differences, and the samples differed in age and ethnicity. 
The communication attribute deliberately bundled medium, pro-
fessional and location to keep the task realistic, so the effect of each 
component cannot be isolated. No ‘none/opt-out’ alternative was 
offered, which may inflate apparent engagement; this is a design 
choice rather than an inherent feature of CBC. The descriptors 
‘expert’ and ‘qualified healthcare professional’ may carry positive 
framing, though wording was held constant across options. Finally, 
respondents evaluated hypothetical scenarios, which may not fully 
predict behaviour under real-world implementation.

Conclusion

Patients in this study consistently valued speed above all: 
waiting time for results and the decision on the next step of the care 
pathway together accounted for the largest share of their prefer-
ences across all three samples, with timely and personal commu-
nication also valued. We find support for AI as an assistive tool 
working alongside qualified professionals rather than as a 
replacement, consistent with current UK regulation, which pro-
hibits autonomous AI evaluation of chest X-rays. This preference for 
assisted AI was most marked among lung cancer patients, who have 
lived experience of the diagnostic pathway and associated waiting. 
The study assessed patient preferences and perceptions rather than 
the diagnostic accuracy or performance of AI. For practice, these 
findings suggest prioritising reductions in waiting time and clear, 
personal communication, positioning AI as a transparent aid under 
human oversight, and supporting patients’ informed, active 
involvement in decisions about how AI is used in their care. Real-
ising these benefits will require communicating the current evi-
dence base including its uncertainties, to patients and the public.
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