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Summary
Background Challenges exist when translating artificial intelligence (AI)-driven clinical decision support systems 
(CDSSs) from research into health-care settings, particularly in infectious diseases, an area in which behaviour, 
culture, uncertainty, and frequent absence of a ground truth enhance the complexity of medical decision making. 
We aimed to evaluate clinicians’ perceptions of an AI CDSS for intravenous-to-oral antibiotic switching and how 
the system influences their decision making.

Methods This randomised, multimethod study enrolled health-care professionals in the UK who were regularly 
involved in antibiotic prescribing. Participants were recruited through personal networks and the general email 
list of the British Infection Association. The first part of the study involved a semistructured interview about 
participants’ experience of antibiotic prescribing and their perception of AI. The second part used a custom web 
app to run a clinical vignette experiment: each of the 12 case vignettes consisted of a patient currently receiving 
intravenous antibiotics, and participants were asked to decide whether or not the patient was suitable for 
switching to oral antibiotics. Participants were assigned to receive either standard of care (SOC) information, or 
SOC alongside our previously developed AI-driven CDSS and its explanations, for each vignette across two 
groups. We assessed differences in participant choices according to the intervention they were assigned, both for 
each vignette and overall; evaluated the aggregate effect of the CDSS across all switching decisions; and 
characterised the decision diversity across participants. In the third part of the study, participants completed the 
system usability scale (SUS) and technology acceptance model (TAM) questionnaires to enable their opinions of 
the AI CDSS to be assessed.

Findings 59 clinicians were directly contacted or responded to recruitment emails, 42 of whom from 23 hospitals in 
the UK completed the study between April 23, 2024, and Aug 16, 2024. The median age of participants was 39 years 
(IQR 37–47), 19 (45%) were female and 23 (55%) were male, 26 (62%) were consultants and 16 (38%) were training-
grade doctors, and 14 (33%) specialised in infectious diseases. Interviews revealed mixed individualisation of 
prescribing and uneven use of technology, alongside enthusiasm for AI, which was conditional on evidence and 
usability but constrained by behavioural inertia and infrastructure limitations. Case vignette completion times and 
many decisions were equivalent between SOC and CDSS interventions, with clinicians able to identify and ignore 
incorrect advice. When a statistical difference was observed, the CDSS influenced participants towards not 
switching (χ 2 7⋅73, p=0⋅0054; logistic regression odds ratio 0⋅13 [95% CI 0⋅03–0⋅50]; p=0⋅0031). AI explanations 
were used only 9% of the time when available. Our software and AI CDSS obtained a good SUS score of 72⋅3 out 
of 100 (SD 8⋅79) and, for the TAM questionnaire, scores of 3⋅6 out of 5 (0⋅31) for perceived usefulness, 3⋅8 out of 
5 (0⋅20) for perceived ease of use, and 4⋅1 out of 5 (0⋅05) for self-efficacy.

Interpretation This AI CDSS was positively received and has the potential to support antimicrobial prescribing, with 
the greatest influence on clinicians when it recommended not switching from intravenous to oral treatment. Further 
prospective research is needed to gather safety and benefit data and to understand behavioural changes as AI CDSSs 
enter clinical practice. Our research suggests that AI explanations are likely to have a minor role at the point of care, 
and that AI CDSS adoption and utilisation depends on systems being easy to use and trusted, primarily through 
clinical evidence.
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Introduction
Artificial intelligence (AI)-based clinical decision support 
systems (CDSSs) have the potential to revolutionise health 
care. 1 However, few technologies have been truly trans-
lated, integrated, and adopted in clinical practice, 2–6 

particularly those that tackle infectious disease and the 
growing problem of antimicrobial resistance (AMR) 
through improving antibiotic prescribing. 7,8 This speciality 
has numerous complexities compared with areas in which 
AI uptake has been more successful to date, such as radi-
ology diagnosis. 9 For example, there is no clear gold-
standard ground truth; decisions are often made in 
uncertain scenarios with little information; behavioural 
factors, such as risk appetite, have a key role in decision

making; clinical practice is heterogeneous; and a balance is 
needed between the benefits and risks to an individual 
versus those of wider society. 10–13

To cross the translation gap from research to real-world 
clinical use, robust evaluations and clinical evidence are 
necessary. 14–17 Numerous aspects of AI CDSSs must be 
considered, including who the end user is, what the 
intended use is, and how and when predictions are pre-
sented. Furthermore, the potential effects of the tool and 
any explanation it provides must be understood. In previ-
ous research, we developed an AI CDSS to predict when a 
patient could be suitable for switching from intravenous to 
oral antibiotics. 18 Our predictive models were trained on 
two datasets, Medical Information Mart for Intensive Care

Research in context

Evidence before this study
We conducted four searches on PubMed, with no language 
restrictions, covering the period from database inception to Aug 
26, 2024. The first search was for the effect of an artificial 
intelligence (AI)-based clinical decision support system (CDSS) on 
antimicrobial stewardship, using the search terms “impact”, 
“artificial intelligence”, “decision support”, and “antimicrobial 
stewardship”. The second search was for the perception of an AI 
CDSS on antimicrobial stewardship, with the search terms: 
“perception”, “artificial intelligence”, “decision support”, and 
“antimicrobial stewardship”. The third and fourth searches were 
the same as the first and second, but with the search term 
“antimicrobial stewardship” replaced with “intravenous-to-oral 
switch”. The first search returned six results. Three were literature 
reviews reporting how AI and machine learning can support 
antimicrobial prescribing, predict antimicrobial resistance, and be 
applied to infectious diseases more broadly. One study from 
South Korea reported how antimicrobial stewardship 
programmes (not using AI) can be implemented in resource-
limited settings. Another study combined machine learning with 
a flow cytometry-assisted antimicrobial susceptibility test. The 
third study was published by our research group and reported the 
evaluation of a case-based reasoning algorithm with data from 
real clinical practice. This algorithm predicts an appropriate 
empirical antimicrobial agent and is not focused on the later 
stages of stewardship, such as intravenous-to-oral switching. The 
third search returned one result: a paper reporting a machine 
learning model for predicting the appropriate cyclosporine dose 
to give when switching from intravenous to oral administration in 
children who received a stem-cell transplant. The authors 
reported good performance in their hold-out test dataset, but 
noted that the effect of the model in a clinical context needed to 
be ascertained. Other studies have investigated the effect of 
AI-based CDSSs in different areas of medical specialty, such as 
radiology, pulmonology, and critical care. The second and fourth 
searches returned no results, highlighting a lack of research that 
robustly investigates users’ perceptions of such technology,

although we are aware of a few broader studies that highlighted 
clinicians’ perspectives and opinions on AI CDSSs for antimicrobial 
prescribing. We are not aware of any studies using multimethod 
approaches to investigate both user perceptions and the potential 
effect of an AI CDSS on antimicrobial prescribing.

Added value of this study
To our knowledge, this study is the first to investigate how an AI 
CDSS can affect antimicrobial decision making. We provide direct 
evidence on how such CDSSs are used by clinicians when making 
decisions on antimicrobial prescribing. Contrary to previous 
studies, we use a three-method approach, gathering free-text 
perspectives with semistructured interviews, quantitative data 
with an interactive web app, and further information on usability 
and perceptions with two questionnaires. This robust approach 
enables us to triangulate our findings and show how a clinically 
focused CDSS can be comprehensively evaluated by its potential 
users. On a larger scale, our results contribute towards the 
evidence base for how AI CDSSs can be appropriately translated 
from the research setting into clinical practice.

Implications of all the available evidence
This study shows that our AI CDSSs can drive behaviour change in 
some antimicrobial prescribing situations, in particular when the 
system recommends to not switch from intravenous to oral 
antibiotics. This finding aligns with the large degree of cautious 
antibiotic prescribing reported by participants. Future research 
should carefully consider behavioural and social influences when 
developing technology for uncertain clinical decision making. 
More broadly, our results indicate that AI explanations are not 
frequently used and are unlikely to affect decision making outside 
of edge cases or conflicting scenarios. Regarding the translation of 
AI technologies into health care, we highlight that usability and 
clinical evidence are essential. As such, this AI CDSS has potential 
to support individualised prescribing decisions on switching from 
intravenous to oral antimicrobials, but further development of 
the user interface and prospective validation are required.
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(MIMIC)-IV 19,20 (comprising 10 362 unique patient stays) 
and Imperial College Healthcare NHS Trust (ICHT) data 
(comprising 5610 unique patient stays), and had mean 
areas under the receiver operating characteristic curve of 
0⋅80 (SD 0⋅01) and 0⋅79 (0⋅01), respectively, for the two 
datasets. Increasing the appropriate use of oral therapy 
and minimising intravenous administration is essential 
for preventing health-care-associated infections and 
promoting antimicrobial stewardship. 21–23 Oral antibiotics 
are often as effective as those administered intravenously, 
with added benefits including fewer side-effects, decreased 
nursing workload, lower costs, reduced climate impact, 
and improved patient comfort. 24–27 However, early intravenous-
to-oral switching often remains underutilised owing to a 
lack of awareness and empowerment and a poor 
understanding of when individual patients are suitable for 
switching. 28–33

We aimed to evaluate this AI-driven CDSS technology 
using a randomised, clinical vignette, web app-based study, 
alongside semistructured interviews and questionnaires, to 
understand the effect of the AI system and its explanations 
on decisions and participants’ perspectives, and how such 
technology could fit into a clinical pathway.

Methods
Study design and participants
In this randomised, multimethod study, health-care 
professionals from across the UK who were regularly 
involved in antibiotic prescribing were recruited between 
April 23, 2024 and Aug 16, 2024, through personal net-
works and the general email list of the British Infection 
Association. Participants received an information sheet on 
the study before written informed consent was obtained. 
This study was approved by the Research Governance and 
Integrity Team at Imperial College London (Imperial 
College Research Ethics Committee reference 6880677).
The study was split into three phases: a pre-intervention 

semistructured interview, a clinical vignette experiment, 
and questionnaires. All phases of the study were completed 
in one 60–90-min online meeting. The clinical vignette 
experiment and questionnaires were conducted through a 
web app created using Django, HTML, and JavaScript. 
Before these two phases, clinicians’ medical specialty, 
grade (level of seniority), age, sex, and familiarity with AI 
(collectively referred to as demographic information) were 
collected through the app. For statistical analysis, all 
demographic information was converted into categorical 
variables. Age was grouped by decade; sex (reported as free 
text by participants) into male and female; medical specialty 
into infectious diseases, microbiology, pharmacist, and 
other; and grade into consultant and training grade doctor. 
Familiarity with AI was assessed on a 5-point Likert scale. 
Any missing values were imputed with the median.

Semistructured interviews
The objective of the semistructured interviews was to 
understand clinicians’ current experience of and role in

antimicrobial prescribing, as well as their perception of AI. 
A topic guide (appendix p 5) containing example questions 
was developed to ensure all relevant points were covered 
during the discussions. Interviews were recorded and 
transcribed. To convert the raw qualitative data into quan-
titative data, we used a content analysis coding process. 34 

A codebook was deductively developed on the basis of the 
topic guide to facilitate the coding process, with inductive 
processes to adapt and adjust codes as needed during 
analysis. Research over the past 3 years has highlighted 
the ability of large language models to assist with quali-
tative research. 35–37 To this extent, we used GPT-4o 
(released May 13, 2024) to fill in the code book for each 
transcript. Coding each transcript involved assigning a 
binary value (1 or 0) to each code depending on whether 
the participant mentioned that particular aspect during 
the interview or not. To ensure that the large language 
model coding reflected the researchers’ perspectives, 
prompt engineering was initially used to improve the 
Cohen’s κ agreement score between the large language 
model output and a manually coded transcript. Through 
this process, Cohen’s κ was increased from 0⋅38 (fair 
agreement) to 0⋅72, which is considered substantial 
agreement. 38 The final prompt (appendix p 6) involves 
few-shot in-context learning 39 as well as providing the 
large language model with the codebook. In addition to 
prompt engineering, each comma-separated value output 
produced by the large language model was cross-checked 
by a member of the research team (WJB or TMR) against 
the original transcript to ensure consistency and prevent 
incorrect coding. Frequencies were calculated for analysis, 
and χ 2 (with Yates’ correction) and Fisher’s exact tests 
were used to assess differences in perspectives across 
participant demographics, with the Benjamini–Hochberg 
correction applied to control for multiple comparisons.

Clinical vignette experiment
The objective of the clinical vignette experiment was to 
establish if and how an AI CDSS could influence decision 
making around the switch from intravenous to oral anti-
biotics. The experiment comprised 12 case vignettes, each 
involving a patient currently receiving intravenous anti-
biotics (range of treatment duration 30–127 h). Six were 
simulated cases generated to be representative of patients 
in ICHT, based on the empirical distributions observed in 
the dataset (hereafter denoted ICHT cases). The Imperial 
Clinical Analytics, Research and Evaluation (iCARE) 
environment was used to access de-identified, real-world 
clinical data for individuals with an inpatient encounter at 
ICHT. The design of these cases was informed by expert 
clinicians to focus on scenarios that they regularly 
encounter and to investigate how the AI tool influences 
decision making. The other six case vignettes were real 
patient cases randomly extracted from MIMIC-IV, a large, 
publicly available, de-identified, real-world clinical dataset 
(hereafter denoted MIMIC cases). 19,20 Details on the case 
vignettes are provided in table 1. The ground truth for

See Online for appendix

For the codebook see 
https://github.com/ 
WilliamBolton/AI_IVOS_EVAL
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MIMIC cases was defined as the real action that was taken; 
for simulated ICHT cases, it was decided by expert clinical 
collaborators. For each of the ICHT and MIMIC cases, we 
specified that two AI CDSS switch predictions would be 
correct relative to the ground truth, two would be incorrect, 
and two were uncertain. For each group consisting of two 
cases, the AI model recommended switching the antibiotic 
route in one case, whereas the recommendation for the 
other case was to not switch. All case vignettes were 
completed in the same order by all participants.
An illustration of the study design is shown in figure 1, 

with example screenshots of case vignettes from the web

app shown in the appendix (p 4). For each case vignette, 
participants were asked to decide whether the patient in 
question was suitable for switching from intravenous to 
oral antibiotic treatment. The participants were given a 
binary switch or don’t switch selection box as well as a free-
text box to explain their reasoning or add any clarifications. 
Although this binary option does not encompass all of the 
possible permutations of clinical care seen for real patients, 
it enables us to focus this study on intravenous-to-oral 
antibiotic switching and disentangle the uncertainty in 
decision making on this subject, which is frequently seen. 
Participants were randomly assigned to one of two groups

Intervention AI CDSS recommendation Guideline CDSS
recommendation

Ground truth Data Group

Group A Group B

Patient 1 CDSS SOC Don’t switch Don’t switch Don’t switch ICHT AI correct 
Patient 2 SOC CDSS Switch Switch Switch ICHT AI correct 
Patient 3 SOC CDSS Switch Don’t switch Don’t switch ICHT AI incorrect 
Patient 4 CDSS SOC Don’t switch Switch Switch ICHT AI incorrect 
Patient 5 SOC CDSS Switch Don’t switch ⋅⋅ ICHT Uncertain 
Patient 6 CDSS SOC Don’t switch Switch ⋅⋅ ICHT Uncertain 
Patient 7 CDSS SOC Don’t switch Don’t switch Didn’t switch MIMIC-IV AI correct 
Patient 8 SOC CDSS Switch Switch Switched MIMIC-IV AI correct 
Patient 9 SOC CDSS Potentially switch Switch Didn’t switch MIMIC-IV Uncertain 
Patient 10 CDSS SOC Don’t switch Switch Switched MIMIC-IV AI incorrect 
Patient 11 CDSS SOC Switch Don’t switch Didn’t switch MIMIC-IV AI incorrect 
Patient 12 SOC CDSS Potentially switch Don’t switch Switched MIMIC-IV Uncertain

For patient 5 and patient 6, a ground truth could not be defined. AI=artificial intelligence. CDSS=clinical decision support system. ICHT=Imperial College Healthcare NHS Trust. 
MIMIC=Medical Information Mart for Intensive Care. SOC=standard of care.

Table 1: Details of the case vignettes

Semistructured interview

Clinical vignette experiment

SUS and TAM questionnaires

• Information sheet
• Informed consent
• Video demonstration
• Collect demographic information

42 clinicians

Patient details

SOC
guideline

CDSS
recommendations

CDSS
explanations

or

or

SOC intravenous-to-oral
switch decision

CDSS intravenous-to-oral
switch decision

or
x12

Figure 1: Experimental protocol
CDSS=clinical decision support system. SOC=standard of care. SUS=system usability scale. TAM=technology acceptance model.
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(A or B) by the web app according to the order in which they 
began the experiment; the group to which a participant was 
assigned influenced what they viewed and had access to for 
a particular case vignette (table 1). Standard of care (SOC) 
information acted as our control. Here, participants 
could view the patient data (through a table and dynamic 
graph) and an embedded PDF of the UK Health Security 
Agency (UKHSA) antimicrobial intravenous-to-oral switch 
decision aid, 40 and they had a link to the associated UKHSA 
website. 41 Providing decision support acted as the inter-
vention. The CDSS participants had access to all the 
information available in SOC, as well as the CDSS recom-
mendations (from an AI model and guideline-based system 
using the UKHSA intravenous-to-oral switch criteria, 
appendix pp 2–3) and their explanations (such as similar 
patients, feature importance, and free-text insights). 
Explanations were provided on a separate web page through 
a clickable link to prevent information overload 42,43 and to 
ensure that we could reliably track when participants 
wanted to view AI explanations. For each group (A or B), 
each case vignette was assigned to either the SOC or CDSS 
intervention (table 1). The two groups were opposites of 
each other in terms of the intervention for a particular case 
vignette, with each group having six CDSS interventions 
(three for ICHT cases and three for MIMIC cases) and six 
SOC interventions (three for ICHT cases and three for 
MIMIC cases); this design ensured that the amount of data 
collected for each intervention across vignettes was equal 
and enabled estimation of between-intervention variability 
by controlling for the case. Data collected for each partici-
pant on each case vignette were intervention assigned, 
binary switch choice (switch or don’t switch), free text 
explanation, mouse hover time on each element, URL 
clicks (eg, to see AI explanations), and time elapsed.
We used χ 2 (with Yates’ correction) and Fisher’s exact tests 

to test for significant differences in the switch choices 
between participants who were assigned the SOC versus the 
CDSS intervention for each case vignette. Subgroup ana-
lyses were conducted using these tests, with Benjamini– 
Hochberg correction applied to control the false discovery 
rate across demographic groups and questionnaire 
responses. Binary logistic regression, with the intervention 
as the independent variable and decision as the dependent 
variable, quantified the effect of the intervention on partic-
ipants’ switch choice for each case vignette. We used a 
generalised linear mixed-effects model with a binomial 
distribution and logit link function to examine the effect of 
the intervention across all clinicians’ switching decisions. 
Random intercepts were incorporated for each case vignette 
and participant to account for between-patient variability 
and individual differences in decision making. In addition, 
a random slope for the intervention within clinicians was 
included to assess individual differences in response to the 
CDSS intervention.
Shannon entropy was calculated for each case vignette to 

assess the decision diversity across participants. Hover 
durations over various components within the experiment

were aggregated, and regular expressions was used to 
extract particular terms from the free-text switch decision 
explanations, to act as a proxy for which aspects were having 
a greater influence on clinicians’ decision making. Click-
through rates for the AI and guideline CDSS explanation 
pages were summed, and Fisher’s exact test was used to 
assess statistical differences on a per-patient level. Time 
spent on each case vignette was combined both across all 
participants and according to the intervention to which 
participants were assigned, and the mean and SD were 
calculated. For both the explainability click-through rate 
and duration, we used a paired t test (after meeting para-
metric requirements) to identify any differences in means. 
All statistical analyses used an α of 0⋅05. Overall, this study 
design and analysis plan enabled us to understand the 
effects of the AI system and its explanations and to test 
nuances such as whether health-care professionals can 
detect and ignore when the AI recommendations are 
incorrect.

Questionnaires
The final part of the study involved participants completing 
the system usability scale (SUS) 44 and technology accept-
ance model (TAM) 45 questionnaires. The purpose of the 
SUS survey is to assess participants’ satisfaction with the 
application and interface, whereas the more nuanced 
questions in the TAM survey were designed to understand 
clinicians’ acceptance of AI technology and opinions of the 
AI CDSS. The questions in both surveys used a 5-point 
Likert scale. 46 The SUS survey was analysed to return a 
SUS score; 68 is average and any score above this is con-
sidered good. 44 The TAM survey contained 28 questions 
and was developed on the basis of the TAM 2 method-
ology. 45,47,48 Some questions were assigned to categories 
common to the TAM framework: 12 for perceived useful-
ness, two for perceived ease of use (only two were included 
here owing to the SUS survey assessing the same concept), 
two for self-efficacy, two for subjective norm, and three for 
behaviour change; others were independent questions 
designed to assess a particular aspect from TAM or to 
evaluate a particular perspective or the influence of AI for 
antimicrobial decision making. At the end of the surveys, a 
free-text box was used to gather any final perspectives that 
the participants wanted to share. The internal consistency 
of TAM categories was measured with Cronbach’s α. 49 
ANOVA and Kruskal–Wallis tests, with multiple compar-
isons correction, were used to assess statistical differences 
in SUS scores and TAM responses across demographic 
groups. The choice of test depended on whether the data 
met parametric assumptions of homogeneity of variance 
(assessed using Levene’s test) and normality (assessed 
using Shapiro–Wilk’s test).

Role of the funding source
The funders of the study had no role in study design, data 
collection, data analysis, data interpretation, or writing of 
the report.
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Results
Between April 23, 2024, and Aug 16, 2024, 59 clinicians 
were directly contacted or responded to outreach emails, 
with 42 clinicians from 23 hospitals in the UK participating 
in the study (table 2). The median age was 39 years (IQR 
37–47), 19 (45%) participants were female and 23 (55%) 
were male, and 26 (62%) were consultants and 16 (38%) 
were training-grade doctors. 14 (33%) participants speci-
alised in infectious diseases and 12 (29%) were micro-
biologists; the remaining participants were pharmacists 
(n=6 [14%]), or had no specialty or were from another area 
in medicine (hereafter termed other; n=10 [24%]). 17 (41%) 
participants were slightly familiar with AI and three (7%) 
were very familiar.
The results from coding the transcripts of the semi-

structured interviews are presented in the appendix (p 10). 
27 (64%) of 42 participants directly treated patients with 
antibiotics, 24 (57%) gave prescribing advice to other 
clinicians, and 14 (33%) were involved in shaping treatment 
or stewardship guidelines. There was disagreement 
between respondents on how individualised their current 
antimicrobial prescribing is, with one respondent noting, 
“We take patient-specific factors into account, but a lot of 
our choice is driven by what’s in the guidelines.” Behav-
ioural and social aspects, including cautiousness (n=17 
[40%]), resistance to change (n=10 [24%]), personal biases 
(n=8 [19%]), and the perception of risk towards long-term 
resistance (n=10 [24%]), were reported as influencing pre-
scribing decisions. Participants reported using a range of 
technologies to support prescribing, including digital 
guidelines 50 (n=18 [43%]). However, 13 (31%) of 42 partic-
ipants noted they had not used any technology to support 
clinical decision making. Most participants (n=26 [62%]) 
were optimistic about the use of AI, with clinical evidence 
(n=29 [69%]) on the amount of antimicrobial use (n=16 
[38%]) and a range of patient outcomes, such as length of 
hospital stay (n=10 [24%]), being the biggest driver behind 
trust. Beyond optimising prescribing (n=19 [45%]), many 
participants noted the potential time (n=14 [33%]) and 
economic (n=8 [19%]) benefits of AI tools. Of the 42 par-
ticipants, 14 (33%) and 15 (36%) mentioned that some form 
of explainability or understanding of the input features, 
respectively, would be necessary. Trust is also built over 
time through experience with a system (n=4 [10%]), 51 with 
participants noting that a shadow mode (n=6 [14%]), in 
which the tool is first run in the background without 
influencing decisions, and training (n=5 [12%]) could be 
useful. Ease of use was commonly cited as a factor influ-
encing whether such an AI system is used (n=22 [52%]) and 
several barriers to adoption were highlighted, including 
challenges with changing behaviour (n=21 [50%]), hospi-
tals’ technological infrastructure not being ready for AI 
(n=19 [45%]), and the uncertain nature of antimicrobial 
prescribing decisions (n=14 [33%]).
For all but one case vignette, no significant differences 

were observed in participants’ switch choices based on the 
intervention they were assigned (table 3). Three vignettes

(patients 7, 10, and 11) resulted in almost equal disagree-
ment between clinicians, with a Shannon entropy of 
1⋅00 (a higher value indicates greater diversity in decisions). 
The mean time to complete a case vignette was 148⋅5 s 
(SD 26⋅1); no significant difference in completion times 
was observed between the SOC (143⋅6 s [SD 34⋅8]) and 
CDSS (153⋅5 s [26⋅4]) interventions (p=0⋅31). Hover dur-
ation (appendix p 12) was greatest for the table containing 
clinical data, followed by the graph that displayed the same 
information, with eight (19%) participants directly adjust-
ing the variables displayed in the graph or the axis ranges. 
23 (55%) of 42 participants viewed the AI CDSS explan-
ations at any time, but across all case vignettes for which 
decision support was available, explanations were accessed 
9% of the time. Similarly, 12 (29%) of 42 participants 
viewed an explanation of the guideline CDSS, but across all 
examples, the link was clicked only 5% of the time. AI CDSS 
explanations were viewed significantly more than guideline 
CDSS explanations (p=0⋅0012). The percentage of partic-
ipants who requested explanations for each case vignette, 
grouped by decision support, is shown in figure 2A. No 
differences were observed across demographics. The mean 
time looking at the AI and guideline CDSS explanations 
was 59⋅8 s (SD 66⋅1) and 64⋅5 s (49⋅4), respectively, which 
accounted for, on average, 24⋅3% and 25⋅5% of the time

Number of 
participants (N=42)

Grade

Consultant 26 (62%)

Training-grade doctor 16 (38%)
Medical specialty 

Infectious diseases 14 (33%)

Microbiology 12 (29%)

Pharmacist 6 (14%)

Other 10 (24%)
Sex

Male 23 (55%)

Female 19 (45%)
Age

20–29 years 4 (105%)

30–39 years 17 (40%)

40–49 years 12 (29%)

50–59 years 6 (14%)

60–69 years 2 (5%)

Prefer not to say 1 (2%)

Median (IQR), years 39 (37–47)
Familiarity with AI

Not familiar 9 (21%)

Slightly familiar 17 (40%)

Moderately familiar 9 (21%)

Very familiar 3 (7%)

No response 4 (10%)

Data are n (%) unless otherwise stated. AI=artificial intelligence.

Table 2: Demographic characteristics of participants
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spent on the case. Five (12%) of 42 participants visited the 
UKHSA website at any time; however, across all case 
vignettes, the website was accessed only 1% of the time.
For one case vignette (patient 7, figure 2B) a significant 

difference was observed in the switch choice of participants 
according to whether they were assigned the CDSS or the 
SOC intervention (χ 2 [df=1, n=42] 7⋅73, p=0⋅0054; Fisher’s 
exact test odds ratio [OR] 8⋅0 [95% CI 2⋅01–31⋅80]; 
p=0⋅0048). The majority of participants assigned to SOC 
chose to switch (16 [76%] of 21), whereas most of those 
assigned to the CDSS intervention chose to not switch 
(15 [71%] of 21). The recommendation of both the AI and 
guideline CDSS in this scenario was don’t switch, which 
aligned with the ground truth action from the MIMIC-IV 
dataset. In this case, the binary logistic regression odds of 
switching from intravenous to oral antibiotics were sig-
nificantly lower if the participant was assigned the CDSS 
intervention than if they were assigned SOC (OR 0⋅13, 
95% CI 0⋅03–0⋅50; p=0⋅0031). Across all case vignettes and 
504 observations, the generalised linear mixed-effects 
model showed similar results. The CDSS intervention 
was significantly associated with a decrease in the odds of 
switching compared with SOC (OR 0⋅60, 95% CI 0⋅42–0⋅86; 
p=0⋅0053). The model intercept was not significant 
(p=0⋅28) and patient-level variability was high (σ 2 4⋅75 
[SD 2⋅40]), indicating heterogeneity in baseline switching 
behaviour across patients, which is expected given that dif-
ferent case vignettes had different ground truths (table 1). 
Clinician-level intercept variability was also present (σ 2 0⋅97 
[0⋅99]), whereas the random slope variance for the inter-
vention within clinicians was negligible (σ 2 <0⋅01 [0⋅08]). 
Shifts in behaviour were also observed in some other 
vignettes, such as patient 6 and patient 10 (figure 2B); how-
ever, these differences were not significant. No significant 
differences were observed in subgroup analyses.
A score of 72⋅32 out of 100 (SD 8⋅79), which is considered 

good, was obtained for the SUS questionnaire (appendix 
p 13), with no significant differences in score observed 
across demographics. For the TAM questionnaire,

Cronbach’s α was 0⋅84 (good) for perceived usefulness, 
0⋅52 (poor) for perceived ease of use, 0⋅51 (poor) for 
self-efficacy, 0⋅07 (unacceptable) for subjective norm, and 
0⋅40 (unacceptable) for behaviour change. 49 Given the 
unacceptable scores for subjective norm and behaviour 
change, these questions were evaluated separately. All 
questions were scored on a scale from 1 to 5. The mean 
scores were 3⋅6 out of 5 (SD 0⋅31) for perceived usefulness, 
3⋅8 out of 5 (0⋅20) for perceived ease of use, and 4⋅1 out of
5 (0⋅05) for self-efficacy (higher is better). The distribution 
of responses to some key questions in the TAM survey is 
shown in figure 3, and the complete set of results is in the 
appendix (p 14). Most (n=26 [62%]) of the 42 participants 
reported that they are comfortable with AI in health care, 
with their subjective norm (for either patients or people 
important to them) or perception of prestige having little 
effect on their use of AI technology. Although responses 
were variable, 21 (50%) of the 42 participants disagreed that 
their decisions were changed by the AI CDSS. However, 
their use of the AI CDSS was voluntary (n=42 [100%]), they 
were reassured when their clinical decision aligned with the 
AI CDSS recommendation (27 [77%] of 35), and they 
investigated further when their decision did not align 
(26 [74%] of 35). 27 (64%) of 42 participants agreed that the 
AI CDSS could be seamlessly integrated into their current 
clinical workflow, but there was disagreement on whether 
or not health-care institutions have the infrastructure to 
support such systems, which probably reflects the diverse 
range of hospitals represented in this study. Finally, 
33 (79%) of 42 participants said they would intend to use the 
AI system if they had access to it, which was supported by a 
descriptive norm question in which 35 (83%) participants 
noted that some or most of their colleagues would use it.

Discussion
The objective of this study was to discern clinicians’ per-
ceptions of an AI CDSS focused on antibiotic prescribing 
and to understand if and how it can influence decision 
making regarding an intravenous-to-oral switch. For most

Ground truth Count χ 2 (p value) Fisher’s odds
ratio (p value)

CDSS switch CDSS don’t switch SOC switch SOC don’t switch

Patient 1 Don’t switch 0 21 0 21 0⋅00 (1⋅00) NA
Patient 2 Switch 21 0 19 2 0⋅52 (0⋅47) 0⋅0 (0⋅49)
Patient 3 Don’t switch 3 18 6 15 0⋅57 (0⋅45) 2⋅40 (0⋅49)
Patient 4 Switch 19 2 21 0 0⋅52 (0⋅47) ∞ (0⋅49)
Patient 5 ⋅⋅ 21 0 19 2 0⋅52 (0⋅47) 0⋅0 (0⋅49)
Patient 6 ⋅⋅ 17 4 21 0 2⋅49 (0⋅12) ∞ (0⋅11)
Patient 7 Didn’t switch 6 15 16 5 7⋅73 (0⋅0054) 8⋅0 (0⋅0048)
Patient 8 Switched 13 8 12 9 0⋅0 (1⋅00) 0⋅82 (1⋅00)
Patient 9 Didn’t switch 19 2 18 3 0⋅0 (1⋅00) 0⋅63 (1⋅00)
Patient 10 Switched 8 13 14 7 2⋅39 (0⋅12) 3⋅25 (0⋅12)
Patient 11 Didn’t switch 11 10 11 10 0⋅00 (1⋅00) 1⋅00 (1⋅00)
Patient 12 Switched 6 15 9 12 0⋅41 (0⋅52) 1⋅88 (0⋅52)

CDSS=clinical decision support system. SOC=standard of care.

Table 3: Switch decisions by intervention across case vignettes
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Figure 2: Utilisation of decision 
support explanations and 
effect of CDSS versus SOC 
intervention on 
intravenous-to-oral 
antibiotic switch decisions
(A) Proportion of
participants who clicked 
through for further 
explanation of the AI and 
guideline CDSS pages for
each case vignette. p values 
shown are from Fisher’s exact 
tests comparing click-
through rates between the AI 
and guideline explanation 
pages on a per-patient level.
(B) Participants’ switch 
decisions for patients 6, 7, 
and 10 by intervention. 
Differences shown in (B) 
reflect the effect of decision 
support and not just 
explanations. AI=artificial 
intelligence. CDSS=clinical 
decision support system. 
SOC=standard of care.
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case vignettes, no differences in decisions were observed 
between participants who had access to the CDSS inter-
vention versus SOC control. This result is to be expected for 
patients 1 and 2, for whom the switch decision was 
designed to be obvious and the AI CDSS recommendation 
correct. For those cases in which the AI prediction was 
incorrect (patients 3, 4, 10, and 11), our findings highlight 
that clinicians could often correctly identify this and ignore 
the AI support, which contrasts with evidence from previ-
ous studies. 52–54 When shifts in decision making were
observed, the AI CDSS recommended that switching 
would not be appropriate, and the change in decisions by

participants who were assigned the CDSS intervention, 
relative to those who were assigned SOC, reflected this. 
This observation implies that clinicians are persuaded to 
take the option that is perceived as safer and not switch 
when the AI system supports this, regardless of their initial 
inclination, reflecting the culture of cautiousness (40%) 
and hesitancy to change (24%) reported by participants in 
interviews. The finding that AI explanations were used the 
most (by 43% of participants; figure 2B) for patient 4 also 
supports this argument: in this case vignette, the AI rec-
ommendation was don’t switch, which was incorrect rela-
tive to the ground truth of switch. Almost all participants
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Figure 3: Response distribution for key questions in the TAM questionnaire
AI=artificial intelligence. CDSS=clinical decision support system. TAM=technology acceptance model.
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correctly ignored this advice and continued with their 
decision to switch. However, almost half of the clinicians 
examined the AI explanation for this patient, compared 
with only 19% for patient 3, for whom the situation was 
reversed. This finding suggests that, even though switching 
was the appropriate decision in this case, the AI CDSS 
recommendation to not switch had a greater effect on 
participants’ actions than did a recommendation to switch 
in the opposite scenario. This behaviour also aligns with a 
question from the TAM survey, in which participants 
reported that they investigated further when their clinical 
decision was different from the AI CDSS recommendation 
(74%). The results from the generalised linear mixed-
effects model suggest that the effect of the CDSS was 
relatively consistent across participants, with the random 
slope variance for intervention within participants near to 
zero. Half of the participants reported that the AI CDSS did 
not change their decision making, but no statistical differ-
ences were observed in switch choices based on this factor, 
implying that self-reporting might not be a valid metric in 
this setting. 55 Results from the SUS and TAM ques-
tionnaires were promising, indicating that the AI CDSS 
was useful, usable, and appropriate, and could be integrated 
into current workflows. Participants were reassured when 
the AI recommendation aligned with their clinical decision, 
consistent with previous research showing that expert 
clinicians are more confident when given AI advice. 56 

Overall, our results indicate that the AI CDSS was positively 
received, with decision patterns largely unchanged, and any 
influence directing clinicians towards not switching from 
intravenous to oral antibiotics.
The added value of including or excluding explanations 

for AI CDSSs has been previously studied, with numerous 
publications noting that explainable AI often has little 
effect. 51,54,55,57 In this research, we aimed to understand the 
extent to which AI explanations were used when available. 
Around half of the participants (55%) viewed the AI 
explanations at least once during the study. However, 
across all cases for which decision support was available, 
explanations were used only 9% of the time, with around a 
quarter of the duration of a case vignette being dedicated to 
looking at the AI explanation. Even when considering 
participants who were assigned to the CDSS intervention 
and chose to align with its recommendation for patient 7 
(a vignette for which a significant difference in decision 
making was observed between participants assigned to 
CDSS and SOC), only 13% viewed the AI explanation, 
implying that it was not the persuasive nature of the 
explanation that changed their decision making, but rather 
the presence of the AI recommendation itself. No correl-
ation was observed between participants’ familiarity with 
AI and whether they were comfortable with AI in health 
care, which also indicates that understanding the technical 
details of an AI system is not a key driver behind adoption. 58 

On the other hand, 33% of participants mentioned 
explainable AI in their interview (appendix p 10), with one 
participant noting: “If you don’t explain it to somebody on

the front line, they’re going to get frustrated, and all they’ll 
do is just start ignoring the system.” However, time is 
precious when making clinical decisions, and the same 
participant noted “I don’t have time to look up loads of other 
stuff”, and that free-text explanations should just be incor-
porated directly into the patient’s clinical notes. This lack of 
time to seek additional information is supported by the low 
proportion of participants who interacted with the dynamic 
graph displaying clinical data (19%) and the fact that, across 
all case vignettes, the UKHSA website was accessed only 
1% of the time. Understanding an AI model is essential 
when developing CDSSs for health care to ensure models 
align with human intuition. At the point of use, however, 
our findings agree with previous studies indicating that 
explanations probably have little effect on the influence of 
an AI system in health care. 51,54,55,57 Evidence from this study 
suggests that this lack of effect of explanations might be 
driven by time constraints and increased cognitive load. As 
such, future work should look into how to effectively train 
users to interpret explanations while also emphasising 
simple methods, such as displaying similar patient cases 
and using large language models to summarise informa-
tion into text. By aligning explanations with clinicians’ 
preferences and time pressures, and by assessing the use of 
these explanations, we can help to ensure that AI CDSSs are 
used appropriately.
Bacterial AMR is a growing global threat. Estimated to 

cause around 1⋅14 million deaths annually, 59 AMR also has 
considerable financial implications, including a cost of 
more than £180 million each year to the UK’s National 
Health Service. 60 To mitigate the increase in AMR, we must 
optimise antimicrobial use and extend the therapeutic life 
of existing drugs, which is known as antimicrobial stew-
ardship. Prescribing practices and stewardship activities 
exhibit substantial global variability. 61 Despite considerable 
research efforts, 62,63 these decisions are inherently com-
plex, 29 and what is best for an individual patient is often 
unknown, with one participant in our study saying: “I see 
very little evidence for an awful lot of what we do.” We 
observed high clinician variability in intravenous-to-oral 
switch decisions regardless of the intervention to which 
the participant was assigned. Variability was particularly 
high for the MIMIC cases, which, excluding patient 9, all 
had a Shannon entropy of at least 0⋅94 (appendix p 11). This 
variability is probably due to the reduced clinical informa-
tion available to participants in these cases; however, such 
situations are common in clinical practice, 10 highlighting a 
key barrier when applying AI to infectious disease. If there 
is insufficient scientific understanding or information to 
support optimal decision making, then heterogeneity in 
practice can prevent AI models trained on such data from 
converging effectively. AI outputs can then come into 
contradiction with a clinician’s mental model of what is 
considered optimal care, leading to a breakdown in confi-
dence and such systems being rejected by the user. One 
participant stated: “I think the challenge will come if it’s 
suggesting you do something very opposed to your normal
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practice”, with the broader interview results showing that 
the key bottlenecks in translating such AI systems to the 
clinic are the uncertainty of antimicrobial prescribing 
decisions (33%) and the challenges involved in getting 
clinicians to change their existing prescribing behaviour 
(50%). Indeed, defining a ground truth for some of the case 
vignettes in this study was not possible because of this 
uncertainty, highlighting that obtaining high-quality labels 
in such scenarios is non-trivial. The ability of infectious 
diseases to affect others and the development of AMR also 
raises challenges, including balancing the needs of an 
individual with those of wider society 11 (24%) and updating 
the system temporally and geographically to match changes 
in pathogens and their resistance patterns. How such 
updates can be addressed while still passing regulatory 
requirements is an unresolved question. Ultimately, even if 
uncertainty exists, tools that assist with antimicrobial pre-
scribing and are supported by evidence can still provide a 
benefit to clinicians and patients and help with tackling 
AMR. However, infectious diseases pose unique hurdles 
for AI CDSSs, with one participant stating: “The layers of 
complexity on an individual basis is why microbiology as a 
service exists.”
Behavioural, social, and cultural factors have an import-

ant role in antimicrobial prescribing. 13,64–66 Participants 
noted that prescribers are often biased towards particular 
antimicrobial agents on the basis of their lived experience 
(19%), which can lead to cautious prescribing (40%) that 
unnecessarily extends the duration of intravenous anti-
biotics. The influence of these factors varies by specialty and 
seniority, with training-grade doctors being heavily influ-
enced by their more senior peers (24%). Participants 
mentioned that the frequent rotation of junior doctors and 
the presence of temporary staff mean that stewardship 
education must be continuously restarted. Another factor 
that influences adherence to stewardship practices is 
resources, including the presence of pharmacists and 
microbiologists on hospital wards. When present, such 
experts can provide regular advice and steer clinicians 
towards optimal prescribing. Unfortunately, in resource-
constrained environments, such experts are frequently 
absent, leading to the potential for an AI system to augment 
this support through readily available technology, including 
mobile phones. 67 However, the use of new systems in this 
way could potentially be overwhelming from a user per-
spective when health-care systems are stretched. To ensure 
adoption, data showing the safety and benefit of an AI 
CDSS is necessary (69%), with clinicians wanting some 
understanding of how the system was devised and the 
information it uses (36%). Regarding outcome measures, 
patient outcomes were considered most important, 14 but 
participants noted that showing a benefit in, for example, 
mortality or treatment failure rate would be difficult for a 
prescribing and stewardship-focused CDSS. Instead, 
demonstrating non-inferiority in terms of patient outcomes 
and a benefit elsewhere, such as reduced antimicrobial 
consumption (38%) and resistance, or cost savings (19%)

through clinician time (33%) or bed days saved (24%), was 
seen as an appropriate approach. We found little evidence 
that other stakeholders (eg, colleagues and patients) have a 
large influence on a clinician’s perception of an AI system 
(appendix p 10), which is consistent with some previous 
research. 68 However, it is likely that, on a wider scale, an 
organisation’s ethos, support, training (12%), and social 
norm feedback would be essential for driving behaviour 
change. 8,69–71 Indeed, the use of such systems is supported 
by updates in 2023 and 2024 to the UK’s regulations 
regarding software as a medical device, which ensure that 
when and how the systems are used are clearly defined. 72,73 

Finally, as with any software, maintenance and contingency 
plans for when things go wrong are important. Taken 
together, setting up the appropriate support around an AI 
CDSS and gathering robust data is important to drive a 
behaviour change in traditionally heterogeneous and 
conservative prescribing practices.
Limitations exist for this study. First, although a diverse 

population of clinicians participated, our recruitment pri-
marily relied on individuals responding to our emails. This 
strategy inherently limited the size of our study, meaning 
that small-to-medium effects could not be detected, and the 
participant population was biased towards those who are 
interested in the research and AI technology. However, 
interest in the topic did not necessarily mean that the par-
ticipants were familiar with AI. Second, the clinical vignette 
experiment in this research was conducted through a web 
app, which, despite using simulated or real patient cases, is 
inherently different from a clinical setting. Concordant 
with this is the fact that, despite each case containing a large 
amount of infection-relevant data (as noted by participants), 
not all the information often present in real clinical practice 
could be included owing to dataset limitations. Accord-
ingly, several participants noted that they would request 
additional information to confirm their decisions. Finally, 
coding the interview transcripts could have oversimplified 
the data, and participants’ internal decision-making pro-
cesses were not collected in the clinical vignette experi-
ment. As such, when analysing the results, some level of 
inference must be applied, which is possible by triangu-
lating findings across the mixed methods used in this 
study. However, future work could use more formal 
approaches, such as so-called thinking-aloud methods 74 or 
eye tracking. 75

This research highlights key findings that can be broadly 
applied to AI CDSSs in health care. In particular, these 
systems can often have unexpected effects on decision 
making; AI explanations are likely to be underused in 
clinical practice; and non-interoperable, heterogeneous 
infrastructure is a barrier to implementation. To drive 
clinical adoption of AI CDSSs, developers and designers 
should look to maximise trust, which is most often built 
slowly over time through robust clinical evidence, experi-
ence, network effects, and by following frameworks such as 
FUTURE-AI. 76,77 To be accepted, tools must also be easy to 
use, and the co-design of systems and training has been
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proposed to support appropriate user experiences and 
use. 78,79 Understanding what behaviour change is needed 
and how the tool fits into clinical workflows is essential to 
ensure impact and appropriate patient and clinician 
engagement. Ideally, decision support systems are inte-
grated into electronic health records such that minimal 
input or behaviour change is required from end users; 
however, such integration can often be complex and 
infeasible, leading to separate apps with simple and 
attractive user interfaces being an alternative option. On the 
basis of this research, it seems there are two use cases in 
which this CDSS focused on intravenous-to-oral anti-
microbial switching could provide the most utility. First, the 
tool can empower clinicians who are not experts in anti-
microbial stewardship, particularly in settings in which 
staff have little expertise in infection, with one participant 
saying: “If junior doctors were able to be more independent 
prescribers, as a result of this tool, then that would be a good 
thing.” Second, the tool can serve as a risk-stratification 
system for pharmacists and microbiologists, helping 
them to focus their time on treating patients with the most 
complex conditions. Results show that participants had a 
positive perception of this system; however, while the 
system influenced decision making regarding the 
intravenous-to-oral switch to some extent, it did not lead to 
an increase in switching to oral antimicrobials. Further 
work is therefore needed to understand how AI CDSSs 
interact with the existing behavioural and social influences 
on antimicrobial prescribing to effectively impact early 
intravenous-to-oral switching and fully realise the benefits 
of oral antimicrobials.
This AI CDSS has the potential to support optimal anti-

microbial prescribing and drive the cultural and behav-
ioural change needed at a system level to tackle AMR. 
Results show that the AI CDSS was well received by par-
ticipants and can affect antimicrobial prescribing decisions 
in some situations, in particular when it recommends not 
switching from intravenous to oral antibiotics, which aligns 
with the cautious behaviour reported by participants. 
However, prospective clinical trials are required to gather 
the necessary evidence on safety and benefits. AI systems 
hold promise in supporting uncertain clinical decisions. 
However, the great complexity of medicine necessitates 
research such as this to understand the effects, perception, 
and interaction with existing decision-making processes 
and social influences, to ultimately bridge the translation 
gap and benefit patients.
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