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We studied clinical AI-supported decision-making as an example of a high-stakes setting in which
explainable AI (XAI) has been proposed as useful (by theoretically providing physicianswith context for
the AI suggestion and thereby helping them to reject unsafe AI recommendations). Here, we used
objective neurobehavioural measures (eye-tracking) to see howphysicians respond to XAI withN = 19
ICUphysicians in a hospital’s clinical simulation suite. Prescription decisionsweremadeboth pre- and
post-reveal of either a safe or unsafe AI recommendation and four different types of simultaneously
presented XAI. We used overt visual attention as a marker for where physician mental attention was
directed during the simulations. Unsafe AI recommendations attracted significantly greater attention
than safe AI recommendations. However, there was no appreciably higher level of attention placed
onto any of the four types of explanation during unsafe AI scenarios (i.e. XAI did not appear to ‘rescue’
decision-makers). Furthermore, self-reported usefulness of explanations by physicians did not
correlate with the level of attention they devoted to the explanations reinforcing the notion that using
self-reports alone to evaluate XAI tools misses key aspects of the interaction behaviour between
human and machine.

Most artificial intelligence (AI) in high-stakes decision environmentswill be
realised as part of a decision support system rather than an autonomous
agent, at least in the near term1,2. As a result of keeping a human in the
decision-making loop, evaluating the interaction and behaviour between
human expert and AI is critical to improving adoption and impact at scale3,
which has hitherto been lacking4. Explainable AI (XAI) is one potential way
of improving this interaction between human expert and AI and is defined
as an AI that, given an audience, produces details or reasons to make its
functioning clear or easy to understand5. XAI therefore achieves its effect via
an influence on human decision-making, which can be positive, negative or
a mixture of both5–7. For example, XAI might have a positive influence by
increasing general trust in an AI system though greater transparency and
thereby greater accountability for end users8. XAI might also mitigate the
potential risk of unsafe AI recommendations from being inadvertently
followed by human users. The theoretical basis behind this is that humans
can use the information on why the AI has made a suggestion to essentially
‘debug’ whether or not following the AI advice is appropriate in a given

situation9–11. However, there are also potential negative influences on
human decision-making such as automation bias (defined as the tendency
for a human decision maker to disregard or not search for contradictory
information in light of an AI-generated solution that is accepted as
correct)12. Other pitfalls include the potential for the explanation itself to be
incorrect, overly simplistic or be generated at the expense of trading off
predictive power in a model for interpretability13. The available data is
inconsistent on whether XAI can accomplish overall benefit (and this may
well be task and user-specific in any case)14–17.

The medical setting is an example of a high risk decision environment
with similarities to other high-stakes settings (e.g. airlines, nuclear power
plants, military)18,19. This is in contrast to many XAI evaluations in the
computer science literature focussed on low-stakes decision environments
(e.g. Atari games, quizzes)20. Unfortunately, there are only a limited number
of XAI evaluations with clinical end users (i.e. the target audience)21, few of
which have assessed physician behaviour within a high-fidelity (i.e. more
realistic or life-like) setting. In addition to this, self-reports (one of the most
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commonly used methods for evaluating whether XAI is actually helpful to
the end-user) can be unreliable22. Our previous work found that self-
reported XAI usefulness was a poor predictor of actual physician behaviour
in a medical prescription decision task23. An alternative to self-reports are
directly observed behavioural data that can be obtained in real-time, unlike
self-reports24. One example is a think-aloud protocol (TAP) in which par-
ticipants are asked to verbalise their decision-making process in real-
time25,26.However, there are several limitations toTAP27, including the actof
verbalising changing the way participants approach the task, the added
cognitive load of needing to verbalise and the lack of quantitative data for
analysis (usually requiring a qualitative thematic analysis instead). An
alternative widely used behavioural analysis tool that also does not require
reliance on self-reports and can be obtained in real-time is eye-tracking28,29.
This technology has been used in many other non-clinical contexts for
recording quantitative data on human behaviour in the form of where a
participant’s attention is focused30–34. For eye-tracking to be effective, it
ought to be employed in as high a fidelity setting as possible so that the
environment more closely resembles real-world clinical practice while still
allowing for experimental standardisation35,36. Combining eye-tracking and
a high-fidelity setting therefore allows us to assess the physician-XAI
interaction dynamic in a far more granular way than existing medical XAI
studies.

Here, we tested four types of simultaneously presentedAI explanations
on clinicians in a high-fidelity simulation suite aiming to quantify how XAI
influences prescription decision behaviour in a high-stakes decision envir-
onment. We therefore had two co-primary research questions. First, whe-
ther it is technically feasible to employ eye-tracking as a proxy for attention
in a clinical AI task within a simulation suite. Second, whether the attention
placed onXAI is greaterwhenphysicians encounter anunsafe versus safeAI
suggestion (whichmight suggest that the XAI is within the causal pathway
used to disregard the unsafe AI advice). Two secondary questions were (i)
whether self-report data correlated with the attention proxy from eye-
tracking (a lack of correlation would lend credence to self-reports being an
unreliable marker for evaluating XAI benefit). And (ii) whether the atten-
tionprofile (i.e. pattern of attention in a given situationor task) of physicians
correlated with practice variation or propensity to follow AI advice. The
reason for investigatingwhether attentionprofilesmight bepredictive is that
if we could identify those who were more or less likely to be outliers in their
prescribing behaviour or who were more or less likely to heed AI advice, it
might be useful for developingmore personalisedAI decision-support tools
(a common aim of many clinical decision support tools is to reduce
unwarranted practice variation)37. An ability to identify outliers who rarely
heed AI advice might highlight the specific users for which testing of dif-
ferent explanation types might be most impactful.

Our experiment was pitched at evaluating technology readiness level
(TRL) 5–6 (basic validation of technology model or prototype in a relevant
environment)38. In the experiment, physicians could encounter any of six
patient scenarios, each paired with either a safe or unsafe AI recommen-
dation (independent variable). These AI recommendations were hypothe-
tical, designed solely to examine the interplay between physician and AI.
Four kinds of explanations for thefictional AI systemwere created, all based
on genuine types used in reinforcement learning decision support systems.
For each scenario, physicians had to conduct an assessment, including
reviewing patient data and examination, before being queried by a nurse
about intravenous fluid and vasopressor (noradrenaline) prescriptions for
the next hour of the patient’s admission. These are two commonly pre-
scribed drugs in patients with sepsis which are used to try and improve the
dysregulated circulatory profile of the patient. There can be serious (and
even fatal) consequences to excessive under- and over-titration of both39.
After viewing the AI recommendations and simultaneously presented
explanations on a nearby large display, physicians were then asked to affirm
or alter their prescription doses (dependent variable).

Gaze detection was employed to discern where clinicians focused their
attention during the simulations. All participating physicians wore non-
invasive eye-tracking glasses equipped with three cameras. One camera

recorded the physician’s worldview, while the other twowere trained on the
physician’s eyes. Four principal regions of interest (ROIs) were outlined: the
patient mannequin, the vital signs monitor, the paper ICU data chart and
the AI display screen. Additional sub-regions within the AI display screen
corresponded to the four types of AI explanations. ROIs were determined
after post-processing the video data. Analysis includedmetrics such as gaze
time, fixations, mean fixation duration and blink rate per ROI, all serving as
indicators for attention (dependent variable). Pre- and post-experiment,
participants provided self-reported data on demographics, attitudes toward
AI and the utility of the AI explanations.

Results
Nineteen ICUphysicianswith eye-tracking data available were included (13
male, 6 female).Meanphysician agewas 33 years (standarddeviation (SD) 6
years).Mean ICUexperiencewas3.6 years (SD4years, range2months to 14
years). All physicians completed the task successfully with a mean scenario
completion time of 5.4min (SD 1.2min). The mean practice variation for
fluidwas 217ml/h (SD 205ml/h) and for vasopressor was 0.04mcg/kg/min
(SD 0.04mcg/kg/min), see Fig. 1a.

Eye-tracking metrics on regions of interest
There were significantly more gaze fixations for the AI screen during
unsafe versus safe scenarios (mean 962 [95% confidence interval (CI) 861
to 1063] vs. 704 [95% CI 593–814] respectively, p = 0.002 by independent
T-test, Fig. 1b [alternatively displayed with box-plots in Supplementary
Fig. 1]). There was no appreciable difference in the number of gaze fixa-
tions between the simultaneously presented different XAI modalities for
either safe (mean 75 [95% CI 59–90]) or unsafe (mean 94 [95% CI
77–111]) scenario (Fig. 1c) as the difference for the AI screen was driven
almost entirely by the AI recommendation itself rather than the XAI.
However, a post-hoc power calculation suggested insufficient power to
detect a significant difference with the recruited sample size. Gaze fixa-
tions stratified by both safety status and seniority of ICU physicians are
shown in Supplementary Fig. 2.

Mean fixation durationwas lowest for the patientmannequin (135ms,
SD 8ms) and similar for all other surfaces (see Fig. 2a [alternatively dis-
playedwith box-plots in Supplementary Fig. 3]).Mean blink ratewas lowest
for the ICUchart (6.1 blinks perminute (bpm), SD4.1), similar for both vital
signs monitor and patient mannequin (mean 15.2 bpm and 14.7 bpm, SD
8.7 and 9.2 respectively) and notably higher for the AI screen (mean 19.9
bpm, SD 10.7), see Fig. 2b [alternatively displayed with box-plots in Sup-
plementary Fig. 3]. When comparing all conventional clinical ROIs (chart,
patient mannequin, monitor; blue bars in Fig. 2b) to all AI ROIs (including
XAIs; red bars in Fig. 2b), there was a significantly lowermean blink rate on
the conventional clinical ROIs than the AI ROIs (12.0 bpm vs. 23.7 bpm,
p = 0.002 by independent T-test).

We also assessed gaze per ROI in a manner that took into account
‘visual real-estate’ (i.e. the proportion of the participant’s worldview occu-
pied by the ROI) by comparing the actual gaze proportion to that expected
by chance alone. This allowed us to compare across ROIs (despite them
being different sizes and clinicians moving across the room). For every ROI
except the patient mannequin, there was a significantly higher actual than
chance gaze proportion (p < 0.001 for all comparisons except patient
mannequin, all by independent T-test, see Supplementary Fig. 4). For the
major ROIs (AI screen, ICU chart, vital signs monitor, patient mannequin)
the ratio of actual to chance gaze was 6.5, 1.6, 12.5 and 1.3 respectively. For
the XAI ROIs (training examples, Q value difference, mortality, feature
importance) the ratio of actual to random gaze was 6.1, 4.2, 5.3 and 3.3
respectively (see Supplementary Fig. 5).

Clinical practice variation among physicians
Wedefinedpractice variation as the dose distance of an individual physician
from the average of all pre-AI reveal physician prescriptions in any given
trial/scenario (higher dose distance suggesting that the physician was more
of an outlier in that particular trial and vice versa). Overall, there was no
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strong pattern between eye-tracking metrics (number of gaze fixations and
blink rate) and the degree of clinical practice variation (see Fig. 3).

Influence of AI and simultaneously provided XAI on physicians
We found no strong evidence of correlation between blink rate and influence
of AI regardless of safety status or drug (see Fig. 4). Nor was there strong
evidence of correlation betweennumber of gazefixations and influence ofAI,
again regardless of safety status or drug (see Fig. 5). There was no change
when instead looking at the distance between a physician’s final prescription
(having had the opportunity to view the AI recommendation) and the value
of the AI recommendation rather than influence of AI per se (see Supple-
mentary Figs. 6 and 7). The absolute distance between final prescription and
AI recommendation forfluidwas 171ml/h and 155ml/h respectively for safe
and unsafe conditions. For vasopressor, the distance between a physician’s
final prescription and the value of the AI recommendation was 0.04mcg/kg/
min and 0.30mcg/kg/min respectively for safe and unsafe conditions.

Self-reported XAI usefulness
Theoverallmeanpost-experiment usefulness rating for theXAIwas 3.2 (SD
1.0) on a 0–4 scale with higher value implying the XAIwasmore useful. The
training examples explanation was the only one of the four to be rated
significantly lower than the overall rating for explanations in general (mean
1.4 versus 3.2, SD 1.3 versus 1.0, p < 0.001 by T-test, see Supplementary
Fig. 8).When comparing the ‘objective’marker of howmanyfixations there
were on the four different types of XAI to the ‘subjective’ marker of how
clinicians rated the usefulness of the four XAIs, we found no correlation for
any XAI (see Supplementary Fig. 9).

Discussion
This studyhas several importantfindings that add toour understanding of
physician behaviour during their interaction with AI-driven decision

support tools and the accompanying explanations. First, measuring gaze
fixations and blink rate as a proxy for attention to an AI support tool was
feasible within a high-fidelity simulation environment. Whether or not
this could be extended to real-world clinical settings would depend on
availability of less-intrusive eye-tracking hardware and appropriately
addressing privacy concerns arising from video recordings of staff and
patients. Second, while unsafe AI recommendations attracted greater
attention than safe AI recommendations, there was not clearly higher
attention placed onto any of the four types of simultaneously presented
explanation during an unsafe recommendation (i.e. there was no evidence
of extra reliance on explanations during the unsafe scenarios). However,
we lacked power to detect a significant difference in the XAI condition.
Third, self-reported usefulness of explanations by physicians did not
correlate with the level of attention they devoted to the explanations. This
reinforces the notion that using self-reports alone to evaluate XAI tools
misses key aspects of the interaction behaviour between human and
machine. Fourth, we were unable to find strong patterns between eye-
trackingmetrics and either clinical practice variation among physicians or
their influenceability by AI recommendations.

These findings should be considered in the context of several major
limitations. First, while thefidelity of the simulation suite is far closer to real-
world practice than a vignette experiment, it nonethelessmisses key features
of the real hospital environment. For example, the ability to dynamically
examine a patient, observe themover time (rather than a snapshot scenario)
and to interact with multiple other colleagues within a multi-disciplinary
teambefore considering anAI recommendation.Unfortunately, these same
features also make it near impossible to standardise an experiment in a real
hospital and thus require prohibitively large sample sizes. Therefore simu-
lation experiments still have a critical role in the initial exploration of
human-AI interaction dynamics before larger scale real-world studies.
Second, the explanations were presented simultaneously (Fig. 6c). We

Fig. 1 | Overall practice variation for fluid and vasopressor and fixations per
scenario by safety status of scenario. a Practice variation is defined as the absolute
distance from the baseline dose chosen by the physician (i.e. pre AI-reveal) to the
average dose chosen by the entire group of physicians (i.e. the metric is a proxy for
the outlier extent of a given prescriber). For each boxplot, the centre line represents

the median, box edges represent upper and lower quartiles, whiskers represent 1.5x
inter-quartile range and diamonds are outliers. b, cMean and SEM error bars. AI
screen is a super-set encompassing the AI recommendation and all four XAI ROIs
(green boxes). Significance levels are one star for p < 0.05 and three stars for p < 0.001
(based on Student’s t-test).
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Fig. 2 |Meanfixation duration andblink rate by region of interest.Mean and SEM
error bars. Blue bars are traditional clinical surfaces while red bars are AI / XAI
surfaces. The left hand (a) shows fixation duration while the right hand (b) shows
blink rate. † The grey shaded regions show typical blink rate estimates associated

with either general reading (requiring more concentration) and walking (less con-
centration) as per Chidi-Egboka et al. Invest Ophthalmol Vis Sci. 2023 [ref. 50 in
manuscript]. Significance levels are one star for p < 0.05 and three stars for p < 0.001
(based on Student’s t test).

Fig. 3 | Correlation between practice variation and eye tracking metrics, for both
fluid and vasopressor. a Blink rate versus practice variation for fluid, (b) blink rate
versus practice variation for vasopressor, (c) number of gaze fixations versus practice
variation for fluid, (d) number of gaze fixations versus practice variation for vaso-
pressor. The degree of practice variation is defined by the per trial distance between a

physician’s prescription and the average prescription dose of all physicians. The
background shading of plots (a) and (b) gives an indicator for expected blink rate
depending on level of focus/concentration. Typical spontaneous blink rate is around
8–15 with lower levels suggesting higher focus/concentration and vice versa.
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therefore cannot disentangle the marginal contribution of each had they
been seen in isolation (to do this would have required a factorial trial design
with at least 10 arms) and instead canonly commenton theoverall impact of
seeing all four explanations together. Third, our sample was small and we
therefore cannot exclude the possibility that someof the comparisonsmight
have been significantly different if we had been able to include more phy-
sicians (principallymore senior/experienced physicians), especially the XAI
comparisons. The variable performance of the eye-tracking glasses and
software in consistently detecting pupils was low among some excluded
physicians which further reduced the sample available for analysis. Given
the sample size, we cannot say for certain whether non-significant findings
are due to lack of a true effect or too few participants.

Fourth, the demarcation between what constitutes a safe or unsafe AI
recommendation necessarily imposes an arbitrary boundary on a con-
tinuous spectrum (for which no ‘gold standard’ answers exist). We used
deliberately extreme unsafe scenarios in this study to allow us to capture
lower bounds on the propensity to inadvertently follow dangerous AI
advice. Therefore ourfindingsmight bemore extreme for a set of borderline
AI recommendations which many clinicians might feel uncomfortable
about following but that would not have fulfilled our definition of ‘unsafe’.
Fifth, some explanations were predominantly graphical (feature impor-
tance) and others were more text-heavy (influential training examples). It
stands to reason that less gazewouldbe required toparse the former than the
latter and this might have confounded the comparisons between explana-
tions. Another potential confounder which we did mitigate against was the
location of each type of explanation (as there might be a bias toward, for
example, the top left of the screen). This was mitigated against by rotating

the position of explanations between trials (i.e. the XAI based on feature
importancewould not always be in the same corner of the screen). Sixth, the
explanations for both safe and unsafe conditions in the same patient sce-
nario were identical. This inadvertently introduces another experimental
condition (explanationquality)which in some studieshasbeen the exclusive
focus of the experiment13. An experiment with 6 arms might have better
assessed this condition (two arms: safe/unsafe AI against 3 arms: good
quality/poor quality/absent XAI = 6 arms). Seventh, the large TV screen is
not typical of the display used for most hospital electronic health record
(EHR) systems (EHR is typically displayedvia laptops or desktopmonitors).
It was chosen to maximise discrimination of gaze between the explanation
types in each corner of the screen. Future experiments should not only look
to use smaller screens but also to embed the XAI being evaluated into a
dummy version of the real hospital EHR software for maximum fidelity to
real-world practice.

Despite these limitations, reviewing our findings alongside existing
literature provides critical insights into how we might improve the
deployment of XAI-based medical decision support tools. The behavioural
intuition that explanations ought to help users to correctly reject poor or
unsafe AI advice typically goes as follows: (i) the user is presented with an
unsafe AI recommendation, (ii) the user is then provided an explanation for
the AI recommendation, (iii) the user either notices a deficiency in the
explanation or fails tofindmitigating circumstances that explainwhy theAI
recommendation is inappropriate, (iv) the user rejects the unsafe AI advice.
One study in non-clinicians provides evidence that the causal link between
(iii) and (iv) in the chain might be absent40. These authors found that the
influence of AI advice was greater when provided alongside an explanation

Fig. 4 | Blink rate by influence of AI for both fluid and vasopressor and for both
safe and unsafe AI suggestions. aBlink rate versus influence of AI for fluid with safe
AI recommendation, (b) blink rate versus influence of AI for vasopressor with safe
AI recommendation, (c) blink rate versus influence of AI for fluid with unsafe AI
recommendation, (d) blink rate versus influence ofAI for vasopressorwith unsafeAI
recommendation. Influence of AI was calculated on a continuous scale from 0

(completely ignoring advice) to 1 (completely relying on advice) using the formula
[(final estimate− initial estimate)/(advice – initial estimate)] per work by Yaniv
et al. The background shading of the plots gives an indicator for expected blink rate
depending on level of focus/concentration. Typical spontaneous blink rate is around
8–15 with lower levels suggesting higher focus/concentration and vice versa.
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but that the quality of explanation did not seem to make a difference, i.e.
participants may have fallen into an automation bias trap by using expla-
nation presence alone as a heuristic for AI advice worthy of being followed
(rather than actually evaluating the content of the explanation). This danger
of automation bias has been highlighted in other clinical studies too41,42.
Further evidence includes an experiment assessing a mental health drug
decision support tool. Explanations did not rescue clinical users from fol-
lowing intentionally poor AI recommendations15. In our study, we con-
firmed that the significantly higher rejection rate of unsafe compared to safe
advice could not be clearly explained by a greater reliance on, or attention
devoted to, simultaneously presented explanations. Unlike previous
experiments, we confirmed this by assessing the trifecta of what physicians
did (i.e. their actual prescription decisions), how they did it (i.e. what they
looked at during the decision-making process) and what they said (i.e. their
subjective ratings for the explanations after the experiment ended).

We did not specifically assess algorithmic aversion in this study (the
opposite phenomenon to automation bias where there is instead inap-
propriate reluctance to use AI) because in amedical setting, this would tend
towards the current standard of care (status quo) and therefore be less
dangerous, at least from a medico-legal standpoint43. However, the beha-
viouralmechanisms for algorithmic aversionhave been elucidated byothers
and seem related to the subjective difficulty of understanding AI and the
presumed illusory subjective understanding of human decision-making
itself 44. It seems likely that progress in clinical XAI will need to address both
automation bias and algorithmic aversion. As a result, being able to identify
where a physician falls on this spectrum and being able to individualise the
XAI output will be important. We assessed whether eye-tracking of phy-
sician behaviour might achieve this.

While there has been little use of eye-tracking technology in AI-
user studies to date, one notable example includes work by Cao and

colleagues who used a spatial reasoning task and found positive cor-
relation between percentage gaze on the AI recommendation and both
perceived user reliance on AI as well as their agreement with AI
recommendations24. However, gaze did not seem to correlate with
perceived trust. Though we did not measure perceived trust per se, we
also found no correlation between subjective explanation rating and
number of gaze fixations on the AI explanations. One proposed
advantage of using eye-tracking to evaluate human-AI interactions is
that it occurs in real-time (unlike post-hoc subjective ratings or
human agreement with AI recommendations) and therefore could
form the core of an adaptive collaboration feedback loop24. Our
findings suggest that before eye-tracking can become a central aspect
of such a feedback system incorporating XAI, we first need to establish
more robust phenotypic patterns of eye movements that accurately
categorise users and ideally even predict their behavioural interactions
with an AI system.

Taken together, our early and exploratory findings have impor-
tant implications for the design and evaluation of real-world XAI
systems. We used the exemplar of a complex high-stakes decision-
making process (in this case acute healthcare) to show that it is feasible
to perform eye-tracking to evaluate human behaviour with simulta-
neously presented XAI and that the response to safe or unsafe AI
recommendations is identifiably different. Notwithstanding the study
limitations, the lack of clear rescue provided by simultaneously pre-
sented XAI calls into question its utility as a mitigation against harm
from experts (in our case physicians) erroneously following poor
quality AI advice. AI in healthcare contains all of the elements that
make real-world AI deployment a hard problem. We believe that a
more empirical focus on quantitative behavioural studies with human
expert end-users, as we conducted here and in our accompanying

Fig. 5 | Number of gazefixations by influence ofAI
for both fluid and vasopressor and for both safe
and unsafe AI suggestions. a Gaze fixations versus
influence of AI for fluid with safe AI recommenda-
tion, (b) gaze fixations versus influence of AI for
vasopressor with safe AI recommendation, (c) gaze
fixations versus influence of AI for fluid with unsafe
AI recommendation, (d) gaze fixations versus
influence of AI for vasopressor with unsafe AI
recommendation. Influence of AI was calculated on
a continuous scale from 0 (completely ignoring
advice) to 1 (completely relying on advice) using the
formula [(final estimate− initial estimate)/
(advice− initial estimate)] per work by Yaniv et al.
Points are also categorised by grade of experience
(Consultant, most senior and equivalent to attend-
ing in the United States (US); SpR, specialist regis-
trar and equivalent to fellow in the US; SHO, senior
house officer and equivalent to resident in the US).
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manuscript on safety45, will become increasingly important not only
for regulatory approval46–48 but also for cultivating physician trust and
acceptance8.

Methods
Experiment conditions and AI decision support system
Weperformedanobservational human-AI interaction study in a simulation
suite. Each of six patient scenarios could be encountered by a physician
under one of two conditions (see trialmatrix in SupplementaryNote 1): safe
(four cases) or unsafe (two cases)AI recommendation.The categorisationof
recommendations to safe or unsafe was based on extreme over or under-
dosing of fluid and vasopressor as per previous work49. The AI recom-
mendations themselveswere synthetic as thepurposeof this experimentwas
to test interaction dynamics between physician and AI. Four types of
explanations for the fictitious AI system were constructed (all based on
realistic explanation types that we have applied to reinforcement learning
decision support systems). Offline reinforcement learning is a variant of
reinforcement learning where an agent learns from a fixed dataset of pre-
vious interactions (consisting of states, actions and rewards) without real-
time environmental feedback. This approach aims at maximising cumula-
tive rewards basedonhistorical data, enablingdecision-making in situations
where direct interaction is impractical or risky. Our four explanation types
included the following: first, a natural language description of the Q-value
difference between the recommended action and alternative actions (a
marker of the extent to which the optimal AI recommendation is sig-
nificantly better than the alternative or only marginally better). Second, the
change in short-termmortality after dosing changes as predicted by the AI.
Third, the top-five ranked feature importance for input data contributing to
the AI recommendation. Fourth, the three most influential training
examples during the Q-learning process. Further details are given in Sup-
plementary Note 2.

The explanations for both safe and unsafe conditions in the same
patient scenario were identical. Varying the explanations between safe and
unsafe conditions would introduce another factor (explanation quality)
whichwouldhave requiredmore arms to the experiment (e.g. 12 arms in the
experiment by Shafti and colleagues; AI performance good/bad (2) × AI
explanation good/poor/none (3) × explanation in training
(2) = 2 × 3 × 2 = 12 arms)40.We therefore felt the simpler andmore intuitive
choice for this early exploratory study was to not vary the explanation
between safe and unsafe scenarios but this should be acknowledged as a
limitation.

Gaze detection via eye-tracking
Weused gaze detection as a proxy forwhere clinician attentionwas directed
during the simulations and how this varied. All physicians wore non-
invasive commercially available eye-tracking glasses (Pupil Core headset
and Pupil Labs software, Core, version 3.3) with three cameras in total
(Fig. 6a). The first was a camera that recorded the world-view from the
physician’s perspective. The others were a pair of cameras focused on the
physician’s eyes. ThePupil Labs software (PupilCapture, version3.5.7) used
both eye cameras to demarcate the pupil and calculate where in the world-
view gaze was directed (Fig. 6b).

A pre-experiment 2D calibration exercise was performed consisting of
two parts. Thefirst was a static calibration exercise usingfive screenmarkers
on the laptop screen (default Pupil Labs ‘screen marker’ calibration). This
was followed by a depth-based static exercise with physicians sequentially
focusing on nine screen markers (‘natural features’ mode) on a 60-in. TV
screen, initially at 1m and then 2mdistance from the screen. The change in
depth assisted with calibration to a real-world environment where partici-
pants were able to move their head naturally. The eye-tracking glasses were
connected to a laptop (Lenovo Thinkpad) for the duration of the experi-
ment. The laptop was placed into a lightweight rucksack worn by partici-
pants and battery powered so as to allow physicians free movement in
the suite.

Four key regions of interest (ROIs) were defined (Fig. 6c): the patient
mannequin (Simman 3G, Laerdal Medical, Stavanger, Norway), the vital
signs monitor, the paper intensive care unit (ICU) data chart and the AI
display screen. Within the last of these, four further sub-regions were
identified corresponding to the four types of explanation for the AI
recommendation. ROIs were identified in post-processing via identification
of pre-placed QR codes (known as April tags, see Fig. 6e) within the
simulation suite that could be used to define ROI boundary boxes. The
following eye-tracking metrics could be analysed after post-processing: (i)
gaze-time per ROI, (ii) fixations per ROI (a fixation is the most common
eye-movement and occurs when eyes cease scanning and hold the foveal
area of the visual field in a single place), (iii)mean fixation duration per ROI
and (iv) blink rate (per minute) per ROI. Blink rate is usually inversely
correlated to concentration or focus on an object and previous literature
suggests that blink rate is not affected by ambient brightness unlike pupil
diameter50. All four metrics provide a proxy for attention50–55.

Simulation experiment
Physicians initially completed a standardised experiment briefing (see
Supplementary Note 3) as well as a pre-experiment questionnaire on
demographics and attitudes toward AI (see Supplementary Note 4). They
were then taken into the simulation suite andorientedbefore conducting the
eye-tracking calibration exercises. An experimenter played the role of the
bedside ICU nurse. The physician was tasked with assessing six simulated
ICUpatientswith sepsis as per Fig. 6d (see SupplementaryNote 5 for further
details on scenarios). Prior to the experiment, the six simulated cases
(designed by the three doctors in the investigator team) were piloted on
doctors from the Imperial College London Critical Care Research Group.
Results of the piloting showed 93% agreement with safe/unsafe ratings (see
SupplementaryNote6 for furtherdetails). The rationale behind selecting the
six cases was to use typical sepsis scenarios that are common among theUK

Fig. 6 | Eye-tracking setup within the simulation suite. a, b Eye-tracking glasses
and pupil detection. In (a), the eye-tracking glasses contain three cameras. One
front-facing camera captures the participant world-view (i.e. Figure e view) while
two cameras (one in front of each eye) record pupil movement and position, as
visualised by the red dot and circles in (b). c Simulation suite. (1) vital signs monitor,
(2) AI screen, (3) physician, (4) bedside nurse (played by experimenter), (5) high-
fidelity patient mannequin, (6) bedside ICU data chart. d Experiment protocol. All
physicians encountered six patient scenarios (four with safe AI and two with unsafe
AI). e, f Video post-processing. In 6e, QR code tags (highlighted in green) are auto
detected and allow regions of interest (ROIs) to havemanual bounding boxes drawn.
In (f), heatmaps are shown for gaze proportion within each of the annotated ROIs.
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ICU clinical experience (pneumonia, urosepsis, COVID, intra-abdominal
sepsis secondary to GI perforation, endocarditis, necrotising fasciitis).

Within each of the six scenarios, they were tasked with conducting an
assessment (to include review of the available patient data and patient
mannequin examination) before being asked by the bedside nurse for afluid
and vasopressor prescription for the next hour of the patient’s admission.
Physicians were then shown the AI recommendation and four simulta-
neously presented explanations on a large display adjacent to the patient
bed. They were subsequently asked to confirm or change their prescription
doses (see Fig. 6d). We mitigated for the fact that unsafe AI suggestions
might impact the confidence of a doctor for future scenarios by (i) ensuring
that thefirst scenario any doctor encounteredwas always a safe scenario and
(ii) using a trial matrix that meant different doctors encountered the unsafe
scenarios in different orders (see Supplementary Note 1).

Influence of AI was calculated on a continuous scale from 0 (com-
pletely ignoring advice) to 1 (completely relying on advice) using the for-
mula [(final estimate− initial estimate)/(advice− initial estimate)] per
workbyYaniv et al. 56.Wealso repeatedour analysis using adifferentmetric:
the distance between a physician’s final prescription (having had the
opportunity to view the AI recommendation) and the value of the AI
recommendation for any given trial/scenario (higher distance suggesting
that the physician might have been less adherent to AI and vice versa).

Participant recruitment and experiment conduct
ICU physicians were recruited as participants using both targeted adver-
tising to a local NHS trust (Imperial College Healthcare NHS Trust) and
convenience sampling with the following inclusion criteria: (i) practising
physician, (ii) hasworked for at least 2months in anadult ICU, (iii) currently
works in ICU or has worked in ICU within the last 6 months. Each
experiment lasted approximately 60minutes in total and participants were
compensated for their time. All participants provided informed consent to
participate. The study was approved by the Research Governance and
Integrity Team (RGIT) at Imperial College London and theHealth Research
Authority (Ref 22:/HRA/1610). Images of participants and experimenters in
Fig. 6 were obtained with written informed consent (there are no patients in
this study).

Reporting summary
Further information on research design is available in the Nature Research
Reporting Summary linked to this article.

Data availability
Thedata (inCSV format) that support thefindings of this study are available
online at: https://doi.org/10.6084/m9.figshare.23192615.

Code availability
The code (in the formof Jupyter notebooks) that support thefindings of this
study are available online at: https://doi.org/10.6084/m9.figshare.23192615.

Received: 27 November 2023; Accepted: 19 July 2024;

References
1. Festor, P. et al. Levels of autonomyand safety assurance for AI-based

clinical decision systems. in Computer Safety, Reliability, and
Security. SAFECOMP 2021 Workshops (eds Habli, I., Sujan, M.,
Gerasimou, S., Schoitsch, E. & Bitsch, F.) 291–296 (Springer
International Publishing, 2021).

2. Rawson, T. M., Ahmad, R., Toumazou, C., Georgiou, P. & Holmes, A.
H. Artificial intelligence can improve decision-making in infection
management. Nat. Hum. Behav. 3, 543–545 (2019).

3. Fenwick, A. & Molnar, G. The importance of humanizing AI: using a
behavioral lens to bridge the gaps between humans and machines.
Discov. Artif. Intell. 2, 14 (2022).

4. van de Sande, D., van Genderen, M. E., Huiskens, J., Gommers, D. &
vanBommel, J.Moving frombytes to bedside: a systematic reviewon
the useof artificial intelligence in the intensive care unit. IntensiveCare
Med. 47, 750–760 (2021).

5. Barredo Arrieta, A. et al. Explainable Artificial Intelligence (XAI):
Concepts, taxonomies, opportunities and challenges toward
responsible AI. Inf. Fusion 58, 82–115 (2020).

6. Imrie, F., Davis, R. & van der Schaar, M. Multiple stakeholders drive
diverse interpretability requirements for machine learning in
healthcare. Nat. Mach. Intell. 5, 824–829 (2023).

7. Achtibat, R. et al. From attribution maps to human-understandable
explanations through Concept Relevance Propagation. Nat. Mach.
Intell. 5, 1006–1019 (2023).

8. Kastner, L. et al. On the relation of trust and explainability: why to
engineer for trustworthiness. In Proc. IEEE 29th International
Requirements Engineering Conference Workshops (REW) 169–175
https://doi.org/10.1109/REW53955.2021.00031 (2021).

9. Jia, Y., McDermid, J., Lawton, T. & Habli, I. The role of explainability in
assuring safety of machine learning in healthcare. IEEE Trans. Emerg.
Top. Comput. 10, 1746–1760 (2022).

10. Gordon, L., Grantcharov, T. & Rudzicz, F. Explainable artificial
intelligence for safe intraoperative decision support. JAMASurg. 154,
1064–1065 (2019).

11. Antoniadi, A. M. et al. Current challenges and future opportunities for
XAI in machine learning-based clinical decision support systems: a
systematic review. Appl. Sci. 11, 5088 (2021).

12. Cummings, M. Automation bias in intelligent time critical decision
support systems. in AIAA 1st Intelligent Systems Technical
Conference (American Institute of Aeronautics and Astronautics,
2004). https://doi.org/10.2514/6.2004-6313.

13. Morrison, K. et al. The impact of imperfect XAI on human-AI decision-
making. Proc. ACM Hum. Comput. Interact. 8, 1–39 (2024).

14. Evans, T. et al. The explainability paradox: challenges for xAI in digital
pathology. Future Gener. Comput. Syst. 133, 281–296 (2022).

15. Jacobs, M. et al. How machine-learning recommendations influence
clinician treatment selections: the example of the antidepressant
selection. Transl. Psychiatry 11, 108 (2021).

16. Ghassemi, M., Oakden-Rayner, L. & Beam, A. L. The false hope of
current approaches to explainable artificial intelligence in health care.
Lancet Digit. Health 3, e745–e750 (2021).

17. Triberti, S., Torre, D. L. & Riva, G. The artificial face (ART-F) project:
addressing the problem of interpretability, interface, and trust in
artificial intelligence. Cyberpsychology Behav. Soc. Netw. 26,
318–320 (2023).

18. Platt, M. L. & Huettel, S. A. Risky business: the neuroeconomics of
decision making under uncertainty. Nat. Neurosci. 11, 398–403 (2008).

19. Toomaari, A. & Cafazzo, J. Contrasts in Safety Management: Safety-
Critical Industries vs. Healthcare (University of Toronto Press, 2019).

20. Buçinca, Z., Lin, P., Gajos, K. Z. & Glassman, E. L. Proxy tasks and
subjective measures can be misleading in evaluating explainable AI
systems. In Proc. 25th International Conference on Intelligent User
Interfaces 454–464. https://doi.org/10.1145/3377325.3377498
(2020).

21. Schoonderwoerd, T. A. J., Jorritsma, W., Neerincx, M. A., van den
Bosch, K. & Human-centered, X. A. I. Developing design patterns for
explanations of clinical decision support systems. Int. J. Hum.
-Comput. Stud. 154, 102684 (2021).

22. Brenner, P. S. & DeLamater, J. Lies, damned lies, and survey self-
reports? identity as a cause of measurement bias. Soc. Psychol. Q.
79, 333–354 (2016).

23. Nagendran, M., Festor, P., Komorowski, M., Gordon, A. C. & Faisal,
A. A. Quantifying the impact of AI recommendations with
explanations on prescription decision making. Npj Digit. Med. 6,
206 (2023).

https://doi.org/10.1038/s41746-024-01200-x Article

npj Digital Medicine |           (2024) 7:202 8

https://doi.org/10.6084/m9.figshare.23192615
https://doi.org/10.6084/m9.figshare.23192615
https://doi.org/10.1109/REW53955.2021.00031
https://doi.org/10.1109/REW53955.2021.00031
https://doi.org/10.2514/6.2004-6313
https://doi.org/10.2514/6.2004-6313
https://doi.org/10.1145/3377325.3377498
https://doi.org/10.1145/3377325.3377498


24. Cao, S. & Huang, C.-M. Understanding user reliance on AI in assisted
decision-making. Proc. ACM Hum. -Comput. Interact. 6, 471 (2022).
volArticle.

25. Li, A. C. et al. Integrating usability testing and think-aloud protocol
analysis with “near-live” clinical simulations in evaluating clinical
decision support. Int. J. Med. Inf. 81, 761–772 (2012).

26. Anjara, S. G. et al. Examining explainable clinical decision support
systems with think aloud protocols. PLoS ONE 18, e0291443 (2023).

27. Fox, M. C., Ericsson, K. A. & Best, R. Do procedures for verbal
reporting of thinking have to be reactive? A meta-analysis and
recommendations for best reporting methods. Psychol. Bull. 137,
316–344 (2011).

28. Ball, L. J. & Richardson, B. H. Eye movement in user experience and
human–computer interaction research. in Eye Tracking: Background,
Methods, and Applications (ed Stuart, S.) 165–183 (Springer US,
2022). https://doi.org/10.1007/978-1-0716-2391-6_10.

29. Harston, J. A. & Faisal, A. A. Methods and models of eye-tracking in
natural environments. in Eye Tracking: Background, Methods, and
Applications (ed. Stuart, S.) 49–68 (Springer US, 2022). https://doi.
org/10.1007/978-1-0716-2391-6_4.

30. Auepanwiriyakul, C., Harston, A., Orlov, P., Shafti, A. & Faisal, A. A.
Semantic fovea: real-time annotation of ego-centric videos with gaze
context. Proceedings of the 2018 ACM Symposium on Eye Tracking
Research & Applications. Article 87 (ACM Press, 2018).

31. Makrigiorgos, A., Shafti, A., Harston, A., Gerard, J. & Faisal, A. A.
Human visual attention prediction boosts learning & performance of
autonomous driving agents. ArXiv Prepr. ArXiv190905003 (2019).

32. Ranti, C., Jones, W., Klin, A. & Shultz, S. Blink rate patterns provide a
reliable measure of individual engagement with scene content. Sci.
Rep. 10, 8267 (2020).

33. Harston, J. A., Auepanwiriyakul, C. & Faisal, A. Prediction of visual
attention in embodied real-world tasks. J. Vis. 21, 2741–2741 (2021).

34. Rothkopf, C. A., Ballard, D. H. & Hayhoe, M. M. Task and context
determine where you look. J. Vis. 7, 16–16 (2016).

35. Cato, D. L. &Murray,M.Useof simulation training in the intensive care
unit. Crit. Care Nurs. Q. 33, 44–51 (2010).

36. Cook, D. A. et al. Technology-enhanced simulation for health
professions education: a systematic reviewandmeta-analysis. JAMA
306, 978–988 (2011).

37. Chen, Y., Harris, S., Rogers, Y., Ahmad, T. & Asselbergs, F. W.
Nudging within learning health systems: next generation decision
support to improve cardiovascular care. Eur. Heart J. 43,
1296–1306 (2022).

38. UKRI. Eligibility of technology readiness levels (TRL). https://www.
ukri.org/councils/stfc/guidance-for-applicants/check-if-youre-
eligible-for-funding/eligibility-of-technology-readiness-levels-trl/
(2024).

39. Angus,D.C.&vanderPoll, T. Severesepsis andseptic shock.N.Engl.
J. Med. 369, 840–851 (2013).

40. Shafti, A., Derks, V., Kay, H. & Faisal, A. A. The response shift
paradigm toquantify human trust inAI recommendations.ArXivPrepr.
ArXiv220208979 (2022).

41. Micocci, M. et al. Attitudes towards trusting artificial intelligence
insights and factors to prevent the passive adherence of GPs: a pilot
study. J. Clin. Med. 10, 3101 (2021).

42. Panigutti, C., Beretta, A., Giannotti, F. & Pedreschi, D. Understanding
the impact of explanations onadvice-taking: a user study for AI-based
clinical Decision Support Systems. Proceedings of the 2022 CHI
Conference on Human Factors in Computing Systems (Association
for Computing Machinery, 2022).

43. Price, W. N. 2nd, Gerke, S. & Cohen, I. G. Potential liability for
physicians using artificial intelligence. JAMA 322, 1765–1766 (2019).

44. Cadario, R., Longoni, C. & Morewedge, C. K. Understanding,
explaining, and utilizing medical artificial intelligence. Nat. Hum.
Behav. 5, 1636–1642 (2021).

45. Festor, P., Nagendran, M., Komorowski, M., Gordon, A. & Faisal, A.
Evaluating the human safety net: observational study of physician
responses to unsafe AI recommendations in high-fidelity simulation.
medRxiv 296437, (2023).

46. EU. EU Artificial Intelligence Act. Article 8. Compliance with the
requirements. (2023).

47. EU. EU Artificial Intelligence Act. Article 29. Obligations of users of
high-risk AI systems. (2023).

48. Porter, Z. et al. Distinguishing two features of accountability for AI
technologies. Nat. Mach. Intell. 4, 734–736 (2022).

49. Festor, P. et al. Assuring the safety of AI-based clinical decision
support systems: a case study of the AI Clinician for sepsis treatment.
BMJ Health Care Inform. 29, e100549 (2022).

50. Chidi-Egboka, N. C., Jalbert, I., Chen, J., Briggs, N. E. & Golebiowski,
B. Blink rate measured in situ decreases while reading from printed
text or digital devices, regardlessof taskduration, difficulty, or viewing
distance. Investig. Ophthalmol. Vis. Sci. 64, 14 (2023).

51. Bruneau,D., Sasse,M. A. &McCarthy, J. D. The eyes never lie: the use
of eyetracking data in HCI research. Proceedings of the CHI 2002:
Conference on Human Factors in Computing Systems (ACM, 2002).

52. Gegenfurtner, A., Lehtinen, E. & Säljö, R. Expertise differences in the
comprehension of visualizations: a meta-analysis of eye-tracking
research in professional domains. Educ. Psychol. Rev. 23,
523–552 (2011).

53. Marshall, S. P. Identifying cognitive state from eye metrics. Aviat.
Space Environ. Med. 78, B165–B175 (2007).

54. Katona, J. Measuring cognition load using eye-tracking parameters
based on algorithm description tools. Sensors 22, 912 (2022).

55. Krejtz, K., Duchowski, A. T., Niedzielska, A., Biele, C. & Krejtz, I. Eye
tracking cognitive load using pupil diameter and microsaccades with
fixed gaze. PloS ONE 13, e0203629 (2018).

56. Yaniv, I. Receiving other people’s advice: Influence and benefit.
Organ. Behav. Hum. Decis. Process. 93, 1–13 (2004).

Acknowledgements
This work was funded by the University of York and the Lloyd’s Register
Foundation through the Assuring Autonomy International Programme
(Project Reference 03/19/07) and supported by the National Institute for
Health Research (NIHR) Imperial Biomedical Research Centre (BRC). M.N.
and P.F. are supported by the UKRI CDT in AI for Healthcare, http://
ai4health.io (EP/S023283/1). A.C.G. is supported by an NIHR Research
Professorship (RP-2015-06-018). A.A.F. is supported by a UKRI Turing AI
Fellowship (EP/V025449/1).

Author contributions
M.N., P.F., M.K., A.C.G. and A.A.F. conceived the study. M.N. and M.K.
wrote the experimental vignettes. M.N., P.F. andM.K. recruited participants
and conducted experiments. M.N., P.F. and A.A.F. developed the eye-
tracking component of the study. M.N. extracted and processed eye-
tracking data. M.N. performed the initial data analysis. M.N., P.F., M.K.,
A.C.G. andA.A.F. contributed to subsequent interpretation of the data.M.N.
drafted the initial version of the manuscript. M.N., P.F., M.K., A.C.G. and
A.A.F. contributed to critical revision of the manuscript for important intel-
lectual content, approved the final version and take accountability for all
aspects of the work in ensuring that questions related to the accuracy or
integrity of any part of the work can be appropriately investigated and
resolved.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Competing interests
M.K. has received consulting fees from Philips Healthcare, and speaker
honoraria from GE Healthcare. The other authors declare no competing
interests.

https://doi.org/10.1038/s41746-024-01200-x Article

npj Digital Medicine |           (2024) 7:202 9

https://doi.org/10.1007/978-1-0716-2391-6_10
https://doi.org/10.1007/978-1-0716-2391-6_10
https://doi.org/10.1007/978-1-0716-2391-6_4
https://doi.org/10.1007/978-1-0716-2391-6_4
https://doi.org/10.1007/978-1-0716-2391-6_4
https://www.ukri.org/councils/stfc/guidance-for-applicants/check-if-youre-eligible-for-funding/eligibility-of-technology-readiness-levels-trl/
https://www.ukri.org/councils/stfc/guidance-for-applicants/check-if-youre-eligible-for-funding/eligibility-of-technology-readiness-levels-trl/
https://www.ukri.org/councils/stfc/guidance-for-applicants/check-if-youre-eligible-for-funding/eligibility-of-technology-readiness-levels-trl/
https://www.ukri.org/councils/stfc/guidance-for-applicants/check-if-youre-eligible-for-funding/eligibility-of-technology-readiness-levels-trl/
http://ai4health.io
http://ai4health.io


Additional information
Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41746-024-01200-x.

Correspondence and requests for materials should be addressed to
Aldo A. Faisal.

Reprints and permissions information is available at
http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in anymedium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in the
article’sCreativeCommons licence and your intended use is not permitted
by statutory regulation or exceeds the permitted use, you will need to
obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

https://doi.org/10.1038/s41746-024-01200-x Article

npj Digital Medicine |           (2024) 7:202 10

https://doi.org/10.1038/s41746-024-01200-x
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Eye tracking insights into physician behaviour with safe and unsafe explainable AI recommendations
	Results
	Eye-tracking metrics on regions of interest
	Clinical practice variation among physicians
	Influence of AI and simultaneously provided XAI on physicians
	Self-reported XAI usefulness

	Discussion
	Methods
	Experiment conditions and AI decision support system
	Gaze detection via eye-tracking
	Simulation experiment
	Participant recruitment and experiment conduct
	Reporting summary

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Funding
	Competing interests
	Additional information




