Al and Ethics (2025) 5:5783-5793
https://doi.org/10.1007/543681-025-00825-2

REVIEW

®

Check for
updates

Automation complacency: risks of abdicating medical decision making
Michael I. Saadeh’ - Joel Janhonen?? . Emily Beer'* . Camille Castelyn'~ - David N. Hoffman'*

Received: 28 July 2025 / Accepted: 11 August 2025 / Published online: 28 August 2025
© The Author(s) 2025

Abstract

This work investigates automation complacency in relation to decision support systems used in healthcare contexts, espe-
cially their impact on clinicians, patients, and the quality of care. While Al and decision support systems can enhance
efficiency and outcomes in healthcare, the potential for automation bias risks clinical perils. These include eroded vigi-
lance, impoverished therapeutic relationships, and potentially poorer outcomes regarding overall well-being. This work
highlights these concerns to urge actors in the health sector to effectively integrate technology in a way that spares
cognitive resources without compromising the essential role of human experts in making medical decisions. To ensure
decision support improves patient care, it is crucial to balance computational processing of information with embodied
local expertise; we provide a possible starting point for mindful integration. The implementation of systems in the clini-
cal context should encourage vigilance and guard against fatigue and complacency. There is reason to be excited about
increasingly efficient and available care. If the risks of automation complacency are avoided, shared time and resources

can be used to preserve and promote valuable interactions, insights, and holistic aspects of care.

Keywords Medical decision making - Clinical decision support systems - Automation bias - Clinician-patient
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1 Introduction

This work investigates automation complacency in health-
care. We explore the implications of such complacency in
practice, examining how it affects clinicians, patients, and
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the overall quality of care. Decision support systems and Al
applications that aid in detection, diagnostics, and treatment
will likely continue to increase efficiency in healthcare.!
However, they risk undermining the role of clinicians or at
least transforming clinical interactions and relationships.
As automation becomes increasingly prevalent in the clini-
cal setting, there is a growing concern that clinicians may
overly rely on automated systems, potentially leading to
inappropriate outcomes or the impoverishment of care rela-
tionships. We cannot reasonably expect that the great prom-
ise of artificial intelligence in its application to healthcare
delivery will be achieved without rigorous debate about its
capabilities and limitations.

Healthcare decision making belongs to patients. The deci-
sion support systems at issue here are not making decisions
for patients; they are used by clinicians tasked with “decid-
ing” medical questions, including which diagnosis is accu-
rate or what the best treatment would be. Clinicians facilitate
patient decisions by employing evidence-based communi-
cation skills, interpreting diagnostic tests, recognizing and

! This paper includes imaging technologies (including those that the
FDA regulates as “software as a medical device”) in its definition of
clinical decision support systems.
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mitigating cognitive biases, and adopting a patient-centered
approach [1]. But now, emerging technology in the form of
decision support systems is taking on some aspects of this
facilitation and decision making. Meta-analysis of over 100
controlled trials shows that computerized decision support,
including Al-assisted diagnosis, prediction, disease detec-
tion, and treatment, improves both targeted processes of
care and patient outcomes [2]. However, such tools should
not gain a decisive role in the decision making process but
rather provide support when their implementation is justi-
fied. This should occur in conjunction with the approval and
discussion between the patient and the medical staff.

Remaining vigilant when designing, applying, and
engaging with decision support systems is vital for putting
a check on automation bias and consequent complacency.
Automation bias may risk abrogation of trust as a result of
diagnostic errors, insufficient patient treatment plans, defer-
ence of clinician attention, and overly generalized or even
biased datasets. This may occur as clinicians seek to spare
cognitive effort, whether deliberate or not, thus producing
an increased bias toward automation tools and compla-
cency in clinicians. If this technology takes the front seat in
the patient-clinician relationship, worse patient outcomes,
contextually oblivious actions, and impoverished care may
ensue [3].

1.1 Context

Recent reviews summarize recommendations to improve
equity [4, 5], mitigate algorithmic bias [6, 7], and inte-
grate Al ethically [8, 9]. While the importance of keeping
clinicians in the loop is widely recognized, nuances can be
found in the task-specific needs for tailored oversight and
proposals to make human-Al workflows more continuous
or collaborative with adjustable confidence thresholds and
hand-off points—rather than passively acting on recommen-
dations. Beyond performance metrics, strategies and mea-
sures to ensure transparency, accountability, and cultivation
of active patient and community involvement are being
broadly considered.

There is already an international consensus on the ethi-
cal desirability of maintaining vigilant human oversight and
appropriate control throughout the lifecycle of Al-enabled
clinical systems [10]. Our contribution about personal,

Table 1 Decision support and automation systems

relational, and contextual concerns aligns with this, while
adding depth and enriching the discussion with issues such
as holistic appreciation, relations, trust, and dignity. This
paper concerns the use of Al systems marketed to clini-
cians as decision support systems—or medical devices, in
the case of imaging—that carry risk for automation com-
placency. Table 1 presents examples of such systems with
related advantages and risks.

There are many other applications for Al in healthcare
that also leverage Al’s primary strength—the processing of
large swaths of data that could not be accomplished manu-
ally by a human. These include things like drug discovery,
pandemic modeling, and research that requires analysis of
enormous data sets. Because our focus is on point-of-care,
uses of Al that do not involve decision making in the clini-
cal setting are outside the scope of this paper.

1.2 Decision support systems in the delivery of
healthcare

Each particular clinical circumstance and its relevant Al
call for noting that "artificial intelligence" is not one uni-
tary phenomenon. As a starting point, discussions of Al in
healthcare must recognize important differences between
broad categories of Al models: for instance, traditional Al
is explainable, while machine learning tools, and especially
deep learning tools, continuously adapt, learn from errors,
and refine themselves at the expense of explainability. The
main tradeoff here is between adaptability and transparency.
Clinicians may need to differentiate between being able to
interpret the recommended action, explain why the tool has
chosen this course of action, or describe how the Al tool
came to the decision it did [11]. These various levels may
add to the understanding of the level of decision support the
tool is offering and to what extent cognitive bias may be at
play. Dynamic machine learning tools are less predictable
and more opaque; hence, they come with additional ethical
considerations.

In 2019, the Nuffield Foundation published an ethics
roadmap for researching outcomes of technologies that per-
form algorithm-driven decision making [12]. The document
identifies four sets of insightful trade-offs that are likely to
also describe tensions that will be encountered in the clini-
cal context. The benefits are increased diagnostic accuracy,

Imaging interpretation

Assessment of clinical lab findings

Indications for further care/treatment

Domain Radiology, ultrasound interpretation
Proposed Early disease detection, improved
advantages treatment planning, less invasive

Complacency risk ~ Generalization / overfitting dataset

accuracy

Blood chemistry, enzyme levels,
electrocardiogram

Assess probability of sudden death (in a
highly repeatable manner)

Insufficient attention to diagnostic

Speech therapy, physical therapy,
discharge planning

Improved clinical efficiency, care coor-
dination, personalized communication
Incorrect assumptions, incomplete case
management, sociocultural risk
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personalization of medicine, increased efficacy (ensuring
a minimum level of quality and access for all), and con-
venience. The risks include inequality due to embedded
biases or lack of representation, threats to solidarity and
social participation, challenges to privacy, and autonomy
over personal information. This roadmap considered greater
convenience, or the reduction of difficulty and effort, to be
in possible tension with the promotion of dignity and self-
actualization, if things and interactions central to human
flourishing would become hollow and devoid of meaning.

The clinical merits and ethical propriety of decision sup-
port systems are based on their providing support rather
than supplanting decision making. When the systems act as
decision substitution and the clinical expertise is sidelined,
decision substitution is masquerading as (and being mar-
keted as) decision support. Where the replacement of deci-
sions made by individual humans (decision substitution) is
misrepresented as Al decision support, we lose the ability to
define and assign responsibility for the consequences of the
patient care decisions they produce. Vendors that promote
Al tools for healthcare may describe their tools as decision
support, whereas practitioners may use them for decision
substitution due to the inherent productivity pressures of the
healthcare environment. Clinical users are likely tempted to
adopt the recommendations of the algorithm with little or no
human assessment. It is all well and good for a vendor to say
that its product can be used only as a decision support tool,
but if the algorithm that produces the "recommendation" is
so complex and opaque that no human actor could, within a
reasonable clinical time frame, assess all factors that the Al
tool used to reach its recommendation in order to genuinely
adopt the algorithm's recommendation as valid, the actual
result is decision substitution. This circumstance is made
more problematic with Al tools that base their outputs on a
dynamic model and evolving dataset, as compared to those
that rely upon a static and validated clinical body of source
data.

1.3 Automation bias

Automation bias and consequent complacency are pres-
ent in the healthcare industry and impact patient outcomes.
The use of decision support systems in clinical healthcare
is becoming normalized in a growing number of care tasks
[13]. This makes related biases an increasingly relevant
topic in healthcare delivery. Automation bias is the tendency
to defer to decision support systems, replacing one’s own
investigative means and information-collection process, as
well as one’s use of judgment steeped in medical expertise.
Automation complacency, implying action or lack thereof,
arises when an operator or interactor of an automated sys-
tem incorrectly assumes it is running smoothly and fails to

account for future problems that may arise from this sort of
negligence or “low index of suspicion” [14]. The compla-
cency trap is often exacerbated by mechanical functions of
routine jobs, like time pressure and workload. Another fac-
tor that may lead to automation complacency is the design
of the systems involved in decision making. Therefore, it
is possible to mitigate automation complacency by increas-
ing user accountability, improving worksite conditions, or
decreasing cognitive demand without attempting to some-
how cancel our innate automation bias [15].

Automation complacency is problematic because it can
lead to over-reliance on technological decision support.
Reduced vigilance by human operators may compromise
patient safety, quality of care, and clinical interactions;
awareness of the underlying bias is therefore critical. If cli-
nicians and patients were active in questioning automated
systems’ recommendations, they could provide a check on
this bias, reducing automation complacency. While advis-
able, this may be insufficient, as sustainably overcoming
inherent cognitive biases remains challenging, especially if
the system design and clinical circumstances incentivize it.

Over-reliance and complacency, while unique, arise sim-
ilarly as they relate to human attention and mental effort. In
general, people try to refrain from cognitive effort. [16] If
a method or mental shortcut is available that makes deci-
sion making more efficient and gives the right answer most
of the time, people have generally found it worth adopting,
at least in evolutionary terms [17]. This is understandable,
given the immense pressures that clinicians are under, due
to fatigue, understaffing, limited resources, and competing
agendas. However, technological options for sparing effort
can undermine human vigilance. Then again, a prolonged
cognitive overload would manage the same by producing
anxiety and fatigue that makes one adopt so-called avoid-
ance behaviors [18]. The benefits of decision automation in
sparing cognitive resources are explored briefly later. There
appears to be a need to strike a neutral balance between
complacency and avoidance.

Automation should not be allowed to sideline human
intuition and the unique competencies of clinicians. In
time, people come to embody the practical know-how of
their profession [19]. Once integrated, procedures become
automatic and do not need continual deliberation. But
importantly, decisions that need critical deliberation should
not be automated, mentally or technologically. The atten-
tional integration model proposes that the reallocation of
attentional resources away from decision making results in
decreased situational awareness and learned complacency
[14]. Hence, when clinicians become complacent and direct
their attention elsewhere, there may be insufficient monitor-
ing of automation output. As complacency is partly “learned
carelessness,” experts are not better shielded from it than
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amateurs. However, since personal and situational factors
are known to modulate the outcome, there might be means
to mitigate overreliance on automated systems.

1.4 Automation bias in diagnosis and clinical care

Automation bias has been demonstrated in the clinical con-
text. Sutton and colleagues reviewed the literature on ben-
efits and risks related to clinical decision support systems
[20]. These systems could come to undermine the quality
of patient care. Clinicians will need continued vigilance as
technology evolves and experiences of successful and failed
implementations accumulate. One important consideration
highlighted in their review is the level of fatigue among care
providers. It is not guaranteed that automation decreases
fatigue, especially if inundated with disruptive alerts or
verification tasks that are experienced as a form of unnec-
essary ‘rubber stamping’. Developers should consider the
experience and bandwidth of clinicians rather than exacer-
bate alert fatigue, avoidance, and complacency by primarily
worrying about things like potential liability [21].

A 2023 randomized crossover study found that clinicians
of all expertise levels were vulnerable to automation bias,
even though Al improved their overall diagnostic accuracy
and efficiency [22]. While assisted by Al nearly half of the
errors were associated with the misleading effect of this bias.
However, all the clinicians in the interview held an optimis-
tic attitude toward their Al-assisted performances, denying
having been misled. The authors proposed a strategy of Al
suppression that they reported to be effective as a practi-
cal method for decreasing errors by clinicians. This again
emphasizes the need to consider the clinician-Al interaction
rather than merely evaluating the performance of a given
algorithm.

Another study concerning the interpretation of electrocar-
diograms found that while automated diagnosis positively
influences decision making, a flawed system significantly
reduces the reader’s diagnostic accuracy [23]. This indicates
a bias that manages to lower the interpreter's confidence
and interpretation accuracy when an automated diagnosis
is incorrect. Instead of suppression, authors recommended
using multiple predictions corresponding to a kind of differ-
ential diagnosis that would increase the chance of providing
the correct answer, as well as function to keep complacency
in check. Due to the inherent reliance on automated sys-
tems, such a differential could attenuate the disparate levels
of confidence and uncertainty.

Researchers from 25 years ago and more have proposed
using automation just for monitoring rather than for deci-
sion support, when effort from the human individual should
not be substituted or undermined [17].

@ Springer

2 Clinical perils of relying on decision
support systems

Exploring prospective perils at the individual, interpersonal,
and systemic levels will follow, but we should start with
what is evident in light of history. The dangers of automa-
tion bias when using decision support systems are especially
grave if the tools make inappropriate or poor decisions. The
use of Al-powered decision support systems in healthcare is
in an early, transitional phase. But technological transitional
phases are not unprecedented. The development of X-rays
as a clinical tool is a useful analog. The discovery that
X-rays could produce a radiographic image of the interior
of the human body was received with much anticipation.
Understandably, the prospect of avoiding what was known
as “exploratory surgery” was an enormous temptation for
the practitioners of the day. X-ray has demonstrated its enor-
mous value in the ensuing decades, but missteps occurred in
the early years with catastrophic consequences.

2.1 Historical analog

One example is the use of radiation to treat an “enlarged”
thymus gland. When clinicians began to investigate the
underlying causes of sudden infant death syndrome (SIDS),
they inferred a correlation between the death of infants in
the first several months of life and the size of the infant’s
thymus gland, which was thought to obstruct the infant’s
airway. This conclusion was grounded in the clinicians’
understanding of the normal size of a thymus gland. Clinical
assumptions about normal thymus gland size were based on
observation of the thymus glands of the deceased newborns
that were available for anatomical dissection. What was not
known then, but was later determined, was that the infant
cadavers used in anatomical studies did not have normal-
sized thymus glands but unusually small ones. The cadav-
ers were sourced from people experiencing poverty; chronic
stress from disease and malnutrition shrank their thymus
glands. This mistaken inference about what was clinically
normal and what was abnormal, produced from well-inten-
tioned but faulty anatomical studies, led to the conclusion
that the enlarged thymus was the source of airway obstruc-
tion in SIDS babies and the mistaken belief that irradiation
to shrink the thymus could redress the cause of asphyxia.
[24].

Radiation of the thymus gland dramatically elevated the
risk of thyroid and breast cancer in the thousands of patients
who received this treatment before it was eventually iden-
tified as harmful and contraindicated [25]. The clinicians
who initiated the practice of thymus radiation did not know
that their conclusions were based on invalid underlying
assumptions.
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This example is relevant for two different reasons. First,
it demonstrates the damage caused by hastily and excitedly
adopting new technology and overusing it before proving
its safety. X-rays were enthusiastically adopted as both a
method of diagnosis and treatment before clinicians under-
stood the terrible risks of thymus gland radiation. Second,
the thymus gland example is akin to relying on a dataset
that is not generalizable or overfitting (creating a complex
model too closely based on the training data). Today’s cir-
cumstances bear some resemblance, as we contemplate the
appropriate level of scrutiny for data underlying decision
making and need to be vigilant over our evolving relation-
ship with medical technology. Likewise, we must evalu-
ate whether a decision support or a decision substitution
algorithm is making clinically valid determinations. With-
out oversight over implementation and operation, systems
risk being inaccurate, useless, and inappropriate. The duty
of care dictates what information we must consider in
assessing the reliability of an artificial intelligence system,
whether static, dynamic, or a model continuously learning
from accumulating data.

2.2 Recent examples that raise concern

The dangers of automation bias and consequent compla-
cency when using decision support systems are especially
grave if these systems are making clinically inappropriate
decisions. As with X-ray pelvimetry and thymus irradiation,
the danger of using Al tools that have not been adequately
tested before clinical implementation is manifested in two
recent circumstances. The first is the use of Al for reading
mammograms. Some anticipate that Al will completely
replace humans in the reading of mammograms due to their
greater accuracy, speed, and reduced cost. [26]. However,
a recent study of a commercially available FDA-approved
algorithm for breast cancer detection found considerable
differences in error rates depending on a patient’s race and
age. For example, a black patient was 45% more likely
to receive a false positive than a white patient. The FDA
imposes no formal requirement for diversity in validation
datasets, and many commercial developers withhold dataset
details under trade-secret and intellectual-property protec-
tions [27]. This raises significant concerns about whether
currently available algorithms can be ethically adopted at
scale. As the authors noted, if this algorithm’s outputs were
adopted, black patients would have a significantly higher
recall rate than white patients, which could "worsen health-
care disparities and decrease the benefits of Al assistance.”

The second circumstance where Al algorithms have been
found to be problematic—due to the inaccurate or incom-
plete nature of the underlying data relied upon to "charge
the system"—is the use of Al in hospital case management

and discharge planning. This problem has been the subject
of wide-ranging discussion at professional conferences
where Al tools are purporting to give thorough discharge
planning “recommendations,” leaving the clinician unable
to see what data did and did not contribute to the algorithmic
determination.

For example, if a discharge planning algorithm concludes
that a patient's inpatient treatment is no longer clinically
necessary and that the patient is safe to discharge home,
that decision might be entirely valid when considering only
the data available to the algorithm in the patient's medical
record and other sources. But the algorithm may not have
access to all relevant information, which can lead to poor
outputs. For example, an algorithm may determine that a
patient who cannot walk on level surfaces can be discharged
to receive home physical therapy, even though the patient
lives in a walk-up apartment building with stairs at the front
entrance and more stairs internally to reach the patient's
bedroom. [28]. This very circumstance has produced a law-
suit against United Healthcare for using an Al algorithm to
generate decisions that consistently select the least expen-
sive discharge plan. [29, 30].

Mammography and discharge planning demonstrate the
need for clinicians to provide oversight. For mammography,
access to the data and a transparent model would provide
a way to check accuracy. And in the discharge context,
oversight would ensure a holistic appreciation of a patient’s
needs, including data not available to the algorithm. Over-
sight in each case would incorporate human judgment in the
decision to rely on the algorithm’s recommendation. Clini-
cians may also need a new skill set that enables them to
evaluate the decision support systems they use.

2.3 Personalized and holistic care requires a person
who cares

As a working assumption, general clinical care should be
organized to optimize patient outcomes with precise and
effective treatments by meeting individual medical needs.
The use of decision support systems, like most aspects
of clinical care, should maximize the clinical value from
resources. A positive clinical outcome and accurate diagno-
sis are also primary goals for any clinician. However, it is
equally important to acknowledge the various factors con-
tributing to patient well-being. Patient preferences, relevant
and effective communication, and the general emotional
empathy of clinicians can all contribute to successful clini-
cal care [31].

An automated system’s accurate diagnosis is only one
part of a patient’s well-being. Thus, the implementation
of a human-in-the-loop at all decision stages of clinical
care is critical to combating automation complacency. A
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human-in-the-loop approach can ensure personal sensi-
tivities are accounted for and patient preferences are best
met. Clinicians’ expertise steeped in experience may be
nearly irreplaceable for appropriately including idiosyn-
cratic human factors in medical decision making. Success-
ful compilation of a preference profile is still worlds apart
from meaningfully conversing with the patient or having
a conversation to inform care. For example, a patient who
is diagnosed according to an automated system’s diag-
nostic recommendations may disagree with the treatment
plan despite its accuracy or statistical merits. Perhaps the
patient’s quality of life would be reduced if a rigorous treat-
ment plan were advised to aggressively treat a disease.
While the automated system may “argue” or compute that a
certain treatment plan is necessary due to survival calculus,
the patient may disagree if their personal calculus differs,
which may be a combination of morals, pain preferences,
additional disorders, and external factors. More importantly,
only a person can properly assess their own needs as they
are experiencing pain or discomfort in the face of sickness.
The question of patient safety is most central to the debate
about an automated system’s introduction into healthcare
[32]. So, while the importance of an accurate diagnostic
recommendation is a primary goal of successful patient out-
comes, the patients also need to be the primary voice in their
treatment plan.

2.4 Undermining the clinician-patient relationship

Positive patient-clinician relationships are associated with
better health outcomes [33]. For example, a study on patients
with multiple chronic conditions found that participants
who reported better quality patient-provider relationships
also “perceived less treatment and self-management burden,
reported less distress, felt greater confidence in their abil-
ity to self-manage" [34]. Another study found that the pri-
mary factor influencing whether a cancer patient decides to
report medication management concerns and safety events
is their perceived relationship with their clinicians. Patients
reported that perceived good relationships were the result
of mutual regard and trust [35]. In psychotherapy, research
demonstrates that, after accounting for patient characteris-
tics, the therapeutic relationship between patient and pro-
vider can account for “as much, and probably more, of the
outcome variance as particular treatment methods™ [36].
The potential impact of decision support systems on
the patient-clinician relationship must be evaluated. If
clinicians rely improperly on decision support systems,
this could have a negative impact on the relationship. For
instance, a clinician who adopts a suggested diagnosis with-
out critical analysis may be unable to satisfactorily explain
to the patient why that diagnosis is appropriate. If a clinician

@ Springer

signs off on an inappropriate patient discharge by recklessly
adhering to a recommendation of a discharge planning algo-
rithm (like in the example above, where a mobility-impaired
patient is deemed safe for discharge to an unsuitable home
environment), this may undercut the patient’s trust and
respect for their clinicians. Similarly, a clinician who adopts
a suggested course of treatment without considering alterna-
tives may be unprepared to discuss treatment options with
the patient and may not be able to tailor the treatment to
the patient’s concerns. All these examples could be avoided
if clinicians appropriately use these systems for decision
support rather than decision making. Learning the extent to
which these problems may occur requires evaluation in the
clinical environment.

Many patients are uncomfortable with the use of Al
in their healthcare and do not believe it will lead to bet-
ter health outcomes [37]. To the extent that the use of Al
systems is disclosed to a patient, as it often should be, the
patient may respond according to their perception of Al. A
patient’s distrust of Al could result in less trust in a clinician,
damaging the patient-clinician relationship and potentially
lowering the patient’s confidence in the quality of their care.
Patient- or clinician-facing Al applications that have con-
versational ability or other human-like qualities pose unique
risks [38]. But both algorithm-driven decision making and
digitalized therapeutic interactions remove the human touch
from healthcare. The objective of efficient and personalized
medicine should not cause care to become impersonal.

As others have noted, patient safety and benefit cannot be
adequately assured by evaluating Al performance outside of
the clinical setting; we must also evaluate the clinician-Al
interaction [22]. But we must go further than simply look-
ing at things like diagnosis error rates. A clinician’s use or
misuse of automated systems may have indirect impacts as
well, including on the patient-clinician relationship.

2.5 Navigating sociocultural landscapes on
autopilot

Clinical decisions are not only isolated events but repeat-
ing features that occur in continuums of care. As complex
decision trees branch out from each fork in the road, prac-
tical management of healthcare can appear daunting. To
limit variability and optimize outcomes, interventions are
sequenced into “clinical pathways" that signify the normal
course of clinical decisions. These conceptual tools help to
streamline and manage the quality of treatment and care
processes specific to a given diagnosis, procedure, or symp-
tom [39].

TheWHO and the OECD importantly emphasize that
such standardized coordination of care involves more than
algorithmic decision making. These recommendations need
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to become embedded into the institutional environment, its
local structures, and culture. The steps taken in the course
of treatment do not occur in a vacuum but within a com-
plex healthcare context [40].Clinical pathways should be
considered dynamic; continually reshaped by the needs of
the target population, evolving medical knowledge, as well
as the available competencies and resources. Pathways to
guide care can only be crafted by first knowing the terrain
by heart.

Regardless, attempts to deploy decision support systems
to pathway modeling are underway [41, 42]. Prior work
has raised ethical concerns on discrimination, transparency,
patient autonomy, and moral responsibility [43]. The con-
cern about automation bias—that clinicians uncritically fol-
low clinical pathways with minimal cognitive effort—also
applies [44]. Increased emphasis on the algorithm should not
come at the expense of contextual factors, de-humanizing or
de-localizing the processes of care. Intangible human con-
siderations are easily left out of Al models, as these are chal-
lenging to describe mathematically, which could decrease
their emphasis if Al is relied on to calculate these pathways.
In contrast to a task like analyzing an image, developing
clinical pathways requires real-world understanding.

Understanding sociocultural factors is an important part
of healthcare delivery as a whole. Human clinicians are well
placed for this task, but future Al applications may attempt
to perform a social calculus. One approach to utilizing cul-
ture-sanctioned social metrics is described by Khan and col-
leagues [45]. Figuring out which medical solutions would
be considered inappropriate based on socioeconomic or cul-
tural factors is highly risky as well and may exacerbate ineq-
uities. Yet for some applications, the capacity to factor in
social considerations is necessary for arriving at appropriate
decisions. Potential dynamic interactions with patients from
diverse backgrounds would benefit from being influenced
by relevant social signals [46], especially for patient-facing
medical decision support applications.>

2 There has already been at least one instance where an Al-powered
support tool for clinicians was transformed into a patient/consumer-
facing application [S1]. Patient-facing tools are beyond the scope
of this paper. But we must acknowledge that these tools can evolve
quickly. To the extent that we accept a decision support tool because it
is properly used by clinicians, such a tool may easily find a new user
or context. This may create new or magnified ethical concerns, along
with new potential benefits. As we argue throughout, it is not simply
the accuracy of a tool or algorithm that must be evaluated, but the
implications and context of its real-world use.

3 Beyond clinical perils
3.1 Optimizing cognitive resources

The tendency to spare effort has come about for a good
reason. Doctors and other clinicians should arguably save
their cognitive resources for the most important aspects of
their jobs, especially for tasks that escape automation. One
such category of tasks is empathetic caregiving, which is
an essential part of caring professions and expends some of
the available attention and effort. The critically important
emotional labor often depletes cognitive resources, espe-
cially if there is a constant need to project positive emo-
tions to patients [47]. Practitioners may benefit from relying
on automation when possible. This reliance can be con-
sidered to protect against extraneous effort, wasting time,
and cognitive attention, allowing them to focus on patient
communication.

3.2 Guaranteeing minimum threshold of care

Advanced and abundant medical decision support would
most likely increase the overall amount of available health-
care. Besides adding to the quantity of provided services, a
general upside of automation is the uniformity in the quality
of output. For example, a production line assembling cars
is unencumbered by bad Mondays, prejudiced attitudes,
or scattered attention, resulting in neglect that could later
prove catastrophic. When a specific task is automated, the
outcomes become more predictable, and explainable errors
need only happen once. In a practical sense, relying on an
Excel worksheet that has been in use for years, not to make
unprecedented errors, is the appropriate mindset. Trusting
this automated accountant with minimal suspicion makes
much more sense than trusting a human.

Regardless of how advanced automation gets, patients
should not be considered and treated as malfunctioning
biological machines—repaired and maintained onboard a
‘clinical assembly line.” While understanding the mecha-
nisms and functions of the body is critical, clinicians are
more than mere mechanics of the body. It is worth reflect-
ing on how clinical pathways and quality differ and should
differ from production lines. Nevertheless, when correctly
applied, automation in the healthcare context could per-
ceivably guarantee a minimum but uniform level of con-
sideration for all. Therefore, if we care about improving
productivity and accessibility, arguably any competencies
that can be automated should be, not to substitute human
expertise with Al, but to complement skill sets and address
shortages. It could be widely beneficial to have Al-based
support available in mundane everyday medical situations
that do not require or even merit a human professional,
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certainly not a second opinion. Assuming such applications
would not be designed to increase engagement by evoking
strong emotions and so end up needlessly driving distressed
people to their clinicians.

3.3 Personalized support for preventative medical
decisions

Healthcare expenditures per person in the US are greater
than those in other industrialized countries, despite less
optimal health outcomes based on metrics like life expec-
tancy. Increasing expenditure does not seem to translate
into better outcomes [48]. This has led some to argue that
Al offers an opportunity to shift from a defensive battle
against disease to instead taking the initiative, enabling the
sector to focus more on prevention and supporting overall
health [49]. The clinician-patient relationship need not com-
pete with an accompanying user-facing health coach that is
well informed about their situation and always available for
advice. Such personalized guidance and motivation could
be the ultimate ‘decision support system’, not primarily to
help diagnose or address an acute problem but to make the
right personal choices to avoid them in the first place. Yet,
private health systems could use wellness and prevention
technology to substitute rather than complement existing
services to maximize profits.

4 Implications for practice

In this paper, we have shown how and why automation bias
may result in complacency during clinicians’ use of deci-
sion support systems. Automation bias is present in diag-
nostics and clinical care, as it is in other fields and consumer
use. Because people tend to trust technology, or they lack
some combination of time, attention, and other resources
to be appropriately suspicious of it, these circumstances
carry implications for clinical practice. Clinicians’ inherent
tendency to defer to software purposed to support decision
calls for designing even better and more reliable Al It also
calls for educating, training and raising clinicians’ aware-
ness toward understanding the implications of the tools they
may use now and in the future.

A useful resource, for example, is “Top 10 must-knows
for clinicians using AI models” by Abgrall and colleagues
[11]. A guide for rethinking clinical reasoning, by Corrao
and Argano, emphasises awareness of the decision mak-
ing process and the ability to switch between automated
non-critical thinking and the more costly and slow delib-
erative mode. [1] While complete debiasing may be impos-
sible, systems should be designed to activate this shift to
more effortful engagement, rather than letting users slip

@ Springer

into unreflective “autopilot mode.” Additionally, during the
design process, a differentiation should be made between
the sharp or blunt end of healthcare making. The sharp end
of healthcare decision making refers to operative decisions,
whereas the blunt end has to do with management and
administrative tasks. [50].

Some tasks warrant merely automated monitoring,
whereas others best benefit from decision support that facil-
itates dynamic workflow or differential diagnosis based on
multiple lower-level predictions—Ileaving the final interpre-
tation to the clinician [17, 23]. For mindful integration in
clinical practice, a gradient of task-appropriate Al use cases
should be compiled; we contribute a possible starting point
for this deliberation in Fig. 1.

Human experts must retain control over the implementa-
tion and use of the decision support systems to ensure that
decisions ultimately have human insight and accountability.
If clinicians serve as the final check on the validity of medi-
cal recommendations, yet are overly influenced by Al and
perhaps not properly informed of its limits and deficits, then
invalid recommendations may ensue. Al integration ought
to be sensitive to human needs and the subtleties of good
care.

Many patients rely on the clinicians’ specialized medi-
cal knowledge and would not want their diagnosis or care
passed to Al. Human-tasks—like breaking bad news—
are no place to spare attention or effort. Special emphasis
should be placed on patient dignity and self-actualization.
The Al-related value trade-offs listed in the Nuffield road-
map should include ‘connection’ as one of the tensions, to
encourage attention on the implications for human interac-
tions and relationships [12, 38]. Because practicing medi-
cine is not just a science but an art, dealing with the very
processes of life, guidance about it needs to be based on
experience and subsequently attained understanding of
these processes. Something that lacks these experiences can
only ever be a tool for navigation, not a guide to rely on.

Optimism about the benefits of medical automation should
not divert attention from concerns about its de-humanizing
or de-localizing impact and challenge to responsibility and
dignity. While some may prefer automated decision making
and note that Al is often right and the problem of human
error appears insoluble, others prefer to rely on the clini-
cian for context, empathy, expertise, and certainty that all
options were explored.

5 Conclusion
Automation bias may surface as clinicians’ interaction

increases with decision support systems in a clinical setting.
This can be exacerbated by a variety of challenges that divert
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Task-specific appropriateness of Al integration

<

Tasks to offload

E.g., Analyzing vital signs

Retaining the final
interpretation

Alerting and Differential
deferring to human diagnosis facilitated
decisions in special by automated

circumstances predictions

No need for interpersonal
dialogue or value judgements

>

Human-tasks
E.g., Breaking bad news

Retaining the
decision process

Synthesizing
summaries and
patient synopses
for clinicians

Task not automated,
rather Al monitoring
and checking over
clinicians’ decisions

Lots of personaland
contextual subtleties

SPARING COGNITIVE RESOURCES MAINTAINING HIGH VIGILANCE

Fig. 1 Ethical gradient of clinical Al

resources or attention in such a way that clinicians further
rely on these tools and automation complacency occurs. We
call for greater attention to the challenge of distinguishing
between automatable functions—where interpersonal dia-
logue, value judgements, and contextual subtleties play no
role—and tasks that do now and always require a human in
the loop. Our proposed rethinking of these interactions may
shift clinicians’ use of automation systems from a superfi-
cial and shallow “checking of the boxes” to a recommenda-
tion for using the saved time and resources to deepen and
enrich therapeutic relationships.
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