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Artificial intelligence (AI)-supported medical diagnosis offers the potential to utilize the collaborative intelli-
gence of context-sensitive humans and narrowly focused machines for patients’ benefit. The employment of
machine-learning-based decision-support systems (MLDSS) in medicine, however, raises important multidisci-
plinary challenges that cannot be addressed in isolation. We discuss three disciplinary perspectives on the topic
and their interplay. Ethical issues arise at the level of changing responsibility structures in healthcare. Behavioral
issues relate to the actual impact that the system has on physicians. Technical issues arise with respect to the

training of a machine learning (ML) model that gives accurate advice. We argue that the interaction between
physicians and MLDSS including the concrete design of the interface in which this interaction occurs can only be
considered at the intersection of all three disciplines.

1. Introduction

Algorithms permeate our society. One important field of application
is delivering advice in medical decision-making. In this domain, the use
of the collaborative intelligence of context-sensitive humans and
narrowly focused Al-powered machines promises substantial benefits
for patients [1]. It could also help to reduce exploding costs in the
healthcare sector as physicians may be able to save valuable time re-
sources by utilizing decision support systems [2]. Inter alia, algorithms
can be used to support physicians when making a diagnosis based on the
content of medical images.

The utilization of algorithms in medical decision-making, however,
raises many questions and causes challenges at the intersection of
several scientific disciplines. From the growing literature on Al-
generated advice giving, we identified three distinct scientific perspec-
tives that will have to be synthesized to achieve progress in human-
centered MLDSS. The overarching guiding perspective is the ethical
one. The task of this perspective is to discuss the appropriateness of
traditional philosophical concepts like autonomy and responsibility for
the realm of MLDSS. An essential question to be addressed here is
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whether the emergence of MLDSS in the context of medical decision-
making causes responsibility gaps and whether the concept is
adequate to capture the challenges of hybrid decision-making. To this
purpose, we will argue, it may be helpful to consider the epistemic
condition and the control condition separately. The epistemic condition
refers to the question of how the generation of medical knowledge is
transformed if the interaction between humans is increasingly replaced
by hybrid interaction. The control condition tackles the problem of
many hands in medical decision-making and problematizes how the
attribution of responsibility may be maintained.

To avoid that well-intended normative ideas unfold undesired con-
sequences, the ethical perspective has to be complemented by the
behavioral perspective. This perspective focuses on the empirical phe-
nomena that arise from the interaction of humans and MLDSS. One key
factor when it comes to using algorithms in the medical domain is
physicians’ trust in these systems [3]. The extent to which physicians
rely on automated decision support will depend largely on this. It is
owed to the fact that the mediation of human behavior by technology
shapes this behavior through feeding back into preferences and beliefs.
Numerous studies in psychology and behavioral economics have
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J. Ammeling et al.

investigated the factors that influence trust between human advisors and
advisees and established a phenomenon coined egocentric discounting.
This describes an advisees’ tendency to give the advice inadequately
little weight by primarily relying on their own beliefs. There is also
growing research that studies human advisees’ trust in Al-based advisors
that provides mixed evidence with some studies documenting less trust
in algorithmic than human advisors (“algorithm aversion™) and others
documenting the opposite (“algorithm appreciation”). Gaining a more
systematic understanding of the drivers of trust in algorithms seems
crucial to design a successful interaction between physicians and
MLDSS.

Finally, the technological perspective deals with the specific mate-
rialization of the interaction between human decision-makers and
MLDSS. There exist, of course, challenges that are of technological na-
ture. These relate to training the algorithmic model and to fostering its
accuracy in terms of a trade-off between specificity and sensitivity, i.e.,
optimizing the tension between avoiding false positives and false neg-
atives alike. Given the widening space of technological opportunities,
the scope of this perspective in isolation is only restricted by technical
feasibility. It is by the empirically informed normative concepts derived
from the first two perspectives that further restrictions are imposed on
technological implementation. Not everything that is feasible should be
done and other things that may be desirable may not (yet) be feasible. It
is the task of the technological perspective to shift the limits of what is
feasible. Technological progress in the realm of Al raises new ethical
problems of opacity in algorithmic advice generation, that are now
being addressed by technological advances in Explainable Al (XAI).

A lot of research on hybrid interactions between humans and Al-
based advisors is already done in the behavioral sciences and the tech-
nological sciences. In our opinion, there is however a lacking exchange
of these fields with technology ethics. Ethics is often detached from the
empirical disciplines and engages in normative reflection on an often
rather abstract level. Sometimes it remains unclear how these reflections
are to be considered in a concrete technological interaction design. We
therefore propose an interdisciplinary approach in which ethicists,
behavioral scientists and computer scientists work jointly and in close
exchange on the challenge of human-centered design by bringing in
their own respective expertise. In this context, it should be emphasized
that the relationship of the three perspectives is not reducible to a top-
down relationship from the ethical via the behavioral to the technical
perspective. The behavioral and technical implications of a specific
design of the interaction between users and MLDSS may give rise to
ethically relevant phenomena that will need to be subjects of reflection
on the ethical level. This is particularly true of emergent ethical phe-
nomena that were hard to anticipate in a world prior to the technolog-
ical development in question.

It is the aim of this article to elaborate on the multi-faceted problem
of using MLDSS in medical decision-making by discussing three different
disciplinary perspectives and their dependencies. Our intention is to
show that the societal potential of utilizing ML models, in particular
deep models, in medical decision-making can only be raised by
addressing this technology holistically and in an interdisciplinary
manner.

To this aim, our article proceeds as follows. We will first discuss each
perspective in isolation and summarize important problems viewed
from each discipline separately. Afterwards, we will conclude by
arguing for the need of synthesizing the three perspectives and by calling
for an interdisciplinary research agenda on MLDSS in medicine.

2. Three disciplinary perspectives on Al-supported decision
making in medicine

2.1. Ethical perspective

The responsibility structure of classical medical diagnostic processes
is — at least legally — clearly regulated, insofar as the attending
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physicians are responsible for the respective medical diagnosis as well as
the subsequent indication and therapy plans [4]. In the discussion about
the integration of MLDSS into these classical medical diagnostic pro-
cesses, it is emphasized, in addition to the enumeration of weighty op-
portunities, that the effective use of algorithms can produce
responsibility diffusion or responsibility gaps with regard to the diag-
nosis [5]. This in turn can have a particularly negative impact on pa-
tients and their relatives [6].

2.1.1. Responsibility gaps in medical decision-making?

In principle, responsibility gaps in the field of technology ethics in
their original sense describe a situation in which a complex as well as
opaque autonomous system decides or acts independently, making both
human control and insight into its decision almost impossible [7,8].
However, since moral responsibility presupposes both “control” and
“epistemic” cognition (Aristotle cited in Ref. [9,10]), a gap in the
attribution of responsibility arises in such scenarios [7] — because the
autonomous system cannot be morally responsible either, due to the fact
that it is not a moral actor [11,12]. In contrast, with regard to the use of
non-autonomously functioning MLDSS in the medical diagnostic pro-
cess, it can be stated that this standard understanding of responsibility
gaps falls short. This is because the use of the algorithm within medical
diagnostics merely constitutes an element of the physician’s final diag-
nosis and does not describe the autonomous final decision [13]. The
result of an MLDSS is therefore considered one criterion among others,
which the physician has to include and evaluate in the diagnosis. The
physician remains in control; she is the final decision-maker. Thus, the
diagnostic process remains the task of the medical professional and
consequently the entire moral responsibility for the diagnosis can clearly
be attributed to her, or so it seems.

For even if in the medical context it is therefore less a question of
“standard” responsibility gaps - there is no “loss of control” in the
medical field caused by autonomous Al taking final decisions - the
question of responsibility in the medical diagnostic process has not yet
been fully clarified. In order to gain a more differentiated understanding
of the attribution and structure of responsibility within a diagnostic
process that utilizes MLDSS, the diagnostic situation should be reflected
on with the help of the conditions of moral responsibility already
described above: the “epistemic” and the “control” condition. In the
context of MLDSS, the epistemic condition refers to the question of how
knowledge is produced if a medical specialist “cooperates” with an
MLDSS that feeds information into the specialist’s decision-making
process. The control condition builds on this condition, as the synthe-
sized knowledge produced will co-determine the decision that is taken
by the human, and raises the specific questions of who is actually in
control in hybrid constellations of physicians and MLDSS and how
substantial human control can be maintained in these contexts of many
hands.

2.1.2. The epistemic condition

Let us start with some thoughts on the epistemic condition: A
physician is considered a “domain-relative ‘epistemic authorit[y]” [14]
— an expert in her respective medical field - who, with regard to the
diagnostic process, has the task of reflectively applying her medical
knowledge. This knowledge is composed of a “variety of methods and
heuristics (e.g., ‘consensus conferences’, ‘evidence-based medicine’,
‘translational medicine’, and ‘narrative medicine’)” [14] to the patient’s
specific individual disease situation (see also [15]). However, this
“interpretative capacity that examines, evaluates, and selects the exist-
ing medical knowledge™ [14] is considerably undermined by the opaque
nature of the algorithm, insofar as it is only possible to a limited extent
for the medical professional to interpret the result of the MLDSS and thus
become aware of faulty outputs [11].

Nevertheless, this does not imply that the focus should be on the
MLDSS as a “technical disruptive factor” when attributing responsibility
— conventional medicine is by no means free of knowledge gaps either
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[16]. Instead, the focus should be on the contextual transformations and
differences that arise during a diagnostic process that utilizes MLDSS.
The handling of “second opinions” becomes crucial in this context. Even
though an evaluation of a MLDSS is just one piece of information that a
physician considers when making a diagnosis, it still must be taken into
account. In a conventional diagnostic process involving two physicians,
there can be an exchange of arguments in the event of opposing views.
However, this is not possible in the case of a ML-supported diagnosis
[17]. This limitation is not only due to the fact that the evaluation of a
MLDSS is based on statistical correlations and differs from a physician’s
judgment but also because a MLDSS cannot engage in a dialogue to
provide arguments, reasons or explanations — even if the ML-supported
result can be interpreted using XAI methods. Philosophically, questions
arise of what constitutes an explanation. One may insistthat the physi-
cian is in fact not given discursive reasons by the “partner.” While
methods using explanatory cycles (e.g., Ref. [18]) try to approximate
such discourses, they will fall short of respective human capabilities in
the eyes of many. Ultimately, what constitutes a convincing advice or
meaningful explanation still depends on the physician’s — or the pa-
tient’s — judgment [14,17].

In this context, it is particularly important to focus on the patient
(and, if relevant, her relatives). From the physician’s duty to inform, the
principle of “informed consent” or the model of a deliberative physician-
patient relationship with “shared agency”, it becomes clear that the
epistemic aspect and the moral responsibility of physicians are inherent
in a relational dimension from the very beginning — namely towards the
patients [19,20]. It is the individual situation of the patient that requires
a diagnosis, and this diagnosis is to be justified towards her. The patient
herself is also part of the diagnostic process, as she helps to develop it
from her personal history and, in turn, has to incorporate it “meaning-
fully” into her self-understanding [14,21]. So, patient communication
requires a certain amount of information and knowledge, which are
significantly restricted by the opacity of the algorithm, in order to be
able to “speak and answer” meaningfully [11,14,21].

In this regard, both the interpretive task of the physician in the
diagnostic process and the communicative aspect are integral to the core
responsibilities of medical practice. Therefore, the question arises as to
whether the physician can still be held morally responsible if the use of a
MLDSS leads to structural and integral changes in the diagnostic process.
In particular, interpretation and communication are impaired episte-
mically by, for example, the opaque nature of the algorithm, which is not
entirely comprehensible and interpretable by its users [22]. Further-
more, the MLDSS lacks a reasoning structure that would allow the
physician to meaningfully integrate the additional information from the
MLDSS into the diagnosis, especially in the case of conflicting opinions.
So, there is still the risk of a gap in responsibility or responsibility
diffusion — at the epistemic level. It is important to examine here, on the
one hand, the requirements that actors in the medical context — partic-
ularly physicians and patients — have to meet. On the other hand, the
design of the algorithm as well as human-machine interaction hold
considerable importance. In this regard, it appears valuable to consider
the aspect of “forward-looking responsibility” ([23]) to proactively
define the respective responsibilities of individual actors in advance and
thereby prevent the diffusion of responsibility [13,24,25].

2.1.3. The control condition

Secondly, it should be noted that the condition of control is also in
question due to the transformed diagnostic process. Even though the
physician represents the final link in the diagnostic process and is
responsible for integrating the MLDSS into the diagnosis, biases or
incorrect decisions relating to the development process of the MLDSS, e.
g. “during the data collection and acquisition process” [5], can be
inherent to the algorithm and consequently falsely affect the diagnosis.
A medical professional who has acted in accordance with her duty of
care and has relied on the MLDSS - e. g., due to her experience or on the
recommendation of a regulatory authority — is not responsible for the
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data fed into the algorithm or its development. Instead, with the
incorporation of an algorithm into the diagnostic process, additional
actors come into focus. This is referred to as the “problem of many hands
and many things” [19]. Those who have been involved in development
and distribution of MLDSS now might play a role in the question of
moral responsibility [5]. The use of MLDSS in medicine thus leads to a
disruptive change in the existing structure of responsibility, insofar as
there is now a risk of incorrectly attributing responsibility, failing to
fulfill responsibilities, or “passing the buck” to other actors. The attri-
bution of responsibility becomes diffuse and, in turn, carries the jeop-
ardy of a responsibility gap [5]. It is therefore clear that “responsibility
as a multidimensional and relational concept” [5] needs to be under-
stood and differentiated within the context of medical decision-making.
To meaningfully identify responsibilities, the concept of “meaningful
human control” appears promising. It attempts to identify all relevant
actors within the medical diagnostic context and analyzes their duties,
roles, moral reasons, and responsibilities, thus re-establishing attribu-
tions of responsibility [8,26].

In summary, the employment of MLDSS in medical decision-making
contexts raises a plethora of challenging ethical questions. It seems
useful to focus on the epistemic and control condition in Al-supported
decision-making because moral responsibility presupposes control and
epistemic cognition. A focus of the epistemic condition is on impair-
ments of a physician’s opportunities to interpret information and
communicate it to a patient due to an MLDSS’s opaqueness. While
methods of XAI work intensively to address this challenge, one might
argue that the explanatory discourse of humans can only be imperfectly
approximated in hybrid constellations. The control condition focuses on
“meaningful human control” in light of the “problem of many hands and
things.” It thus deals with problems of responsibility diffusion between
physicians, developers and other actors in a technologically permeated
medical decision-making context.

2.2. Behavioral science perspective

Utilizing MLDSS in medical diagnostic processes constitutes a com-
plex decision-making situation where physicians are the decision-
makers and the technical system is the advisor. The optimal way to
facilitate the interaction between human medical experts and MLDSS is
non-trivial and varies depending on the specific application. In the
following, we will first look at some determinants of trust in human
advice identified in the literature and then consider hybrid advice-giving
situations.

2.2.1. Determinants of trust in human advice

The determinants of advisees’ trust in advice from other humans can
be broadly categorized into factors that relate to characteristics of (1.)
the advisee him- or herself, (2.) the advisor and (3.) the decision-making
context.

Advisees are keen to preserve a favorable (self-)image and are
consequently less likely to seek advice if they fear that this advice-
seeking makes them appear incompetent [27]. Moreover, there is a
strong negative correlation between people’s level of confidence in their
decision-making and their inclination to seek advice in the first place
[28] or to give weight to it once they receive it [28-30]. Consequently, if
advisees’ confidence is fostered by more experience through longer
tenure or by perceptions of high power within their organization, they
tend to seek less advice [31]. A systematic investigation of advice
seeking reveals that subjective confidence predicts decision-makers’
propensity to seek and use advice and that, conversely, their
advice-seeking behavior is a reliable proxy for subjective confidence
[32]. The same seems to be true for the advisor, as perceived
self-competence also tends to increase people’s desire to influence
others by providing advice [33].

Further evidence on determinants of a decision-makers inclination to
seek advice concerns the characteristics of the advisor. Advisees prefer
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those advisors to whom they ascribe expertise and those who resemble
themselves more closely [34]. For example, advisors within an organi-
zation are often preferred over external advisors. It was found that in a
task in which decision-makers were advised by three peers, a single peer
who confirmed a decision-maker’s own initial judgment clearly
decreased the influence of the other more distant peers [35]. Further-
more, advisees are more likely to seek advice from advisors whom they
assume have positive feelings toward them [36]. In a recent
meta-analysis of 129 independent datasets on advice-taking, the only
unique predictor of the weight of advice was information about the
advisor that influenced decision-makers’ perception of advice quality
[371.

A third determinant relates to the characteristics of the context in
which the advice is being made, it has been demonstrated that decision-
makers tend to seek more advice if the situation involves more uncer-
tainty [38-40]. They are also more likely to solicit additional advice in
situations in which the advice that they received was more dissimilar to
their initial opinion [41]. The cited studies often rely on stylized esti-
mation tasks with a convenience sample of undergraduate students in
which these are shown pictures of glasses filled with coins and have to
guess their number [30], estimate tuition fees for different colleges [29]
or caloric content of various foods per serving [41]. Studies with pro-
fessionals mostly focus on business contexts, studying advice-seeking on
strategic issues or cost-cutting measures by CEOs [34,39], entrepre-
neurial teams in software ventures [38] or alumni of top-ranked busi-
ness schools [27].

2.2.2. The phenomenon of egocentric discounting

Generally, it has been established that advisees exhibit “egocentric
discounting” in quantitative estimation tasks where advice is present.
This bias implies that decision-makers place more weight on their own
estimates than on their advisor’s [42,43] and has by now been consol-
idated in numerous studies of estimation tasks which have shown that
decision-makers adjust, on average, about one third of the distance from
their initial estimate to the advisor’s [28,44-46]. In a more recent re-
view, the authors conclude that the social information waste caused by
egocentric discounting cannot be explained away with a single-cause
account which stresses the importance of studying it from the perspec-
tives of multiple research traditions [47]. One proposed explanation
resonates with the first determinant of trust mentioned above. Advisees
privy their own thoughts but not those of others which means that they
know the reasons for which they hold their own initial opinions, while
the reasons for which their advisors hold theirs remain dubious. Ac-
cording to several authors, it is this asymmetry that may lead to the
decision-maker’s egocentric discounting of other people’s advice ([41];
[48]; [45,49]). In line with this explanation is the fact that
decision-makers who had not previously generated an initial estimate
themselves, i.e., who had not formed their own rationale, tended to
make quantitative estimates that were closer to those provided by their
advisors [50,51]. This also suggests that egocentric discounting is
smaller if the advisor is perceived to be more similar to oneself as sug-
gested by the second determinant introduced above.

The third determinant, being the context of decision-making, may be
of special interest, because it seems most amendable by intentional
design. In this respect, it has been found that egocentric discounting
seems somewhat less pronounced in task environments where choices
are binary instead of continuous, such as in a card game task, in which
participants could “stay” with a card of known value or “switch” to a
card of unknown value [52]. Participants were sensitive to the advice of
whether to stay or switch and use the advice strategically depending on
the information that they knew the advisor had about the value of the
card unknown to them. Here, the authors conclude that the participants
engage successfully in mental-state reasoning by “putting two heads
together” and integrating their own knowledge and the advisor’s com-
plementary knowledge to improve their decision. For instance, they
ignored the advice if they knew that the advisor could not see any cards
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and followed it if the advisor could see both cards. This may suggest that
the level of uncertainty inherent in decision-making is another impor-
tant driver of a decision-maker’s reliance in ML-generated advice.
Having more information, for instance, about the data on which the
ML-generated advice is based could increase advisees’ inclination to
adopt it.

2.2.3. Implications for trust in machine advice

The literature on advice-based decision making where the advisor is
a human, taken as a whole, thus indicates that decision makers tend to
underweight rather than overweight advice. It is important to investi-
gate whether this general finding carries over to constellations where
the advisor is a machine instead of a human. The literature on these
hybrid constellations is growing but still scarcer than the one referring to
interhuman constellations. Which difference might one expect prima
facie? An important factor that is likely to determine how ML-generated
advice is received and utilized is the emotional dimension of the advice.
This will likely depend on the affective attitude that the decision-maker
has toward the MLDSS as opposed to a human expert. Given that the
advisee’s perception of the advisor has been found to be an important
determinant of trust it seems important to understand how they perceive
MLDSS. This may of course be influenced directly by the human-Al
interface or more indirectly by other characteristics of the interaction.
For instance, the way the advice is communicated to the decision-maker
might matter, as it is likely to induce feelings of dominance over, sub-
ordination to or partnership with the MLDSS in the advisee. Another
factor that is likely to play a role is the dissimilarity between the ML-
generated advice and the perspective of the decision-maker. It has
been found that pooling individual information to achieve collective
intelligence is particularly successful if it capitalizes on individual het-
erogeneity [53].

Given the explanation of egocentric discounting cited above that
decision-makers have difficulties to understand an advisor’s thoughts,
however, one might expect that a machine’s “rationale” for giving a
specific advice is perceived as even more opaque and thus dubious. In
this sense, the MLDSS’s advice may be perceived as more dissimilar from
the decision-maker’s perspective than the advice of a fellow human
advisor. This may also be due to the fact that humans have a harder time
emphasizing with artificial advisors and that building a theory of mind
of entities whose inner workings seem alien to them comes less natural.
Similarly, the observations that decision-makers are more likely to
accept advice from people who resemble them or whom they ascribe
more positive feelings towards them might suggest that humans are
more likely to discount the advice of unfamiliar artificial agents. Overall,
these considerations may suggest an even stronger discounting of the
advice of artificial as compared to human advisors.

Contrary to this, however, decision-makers may also be aware that
artificial agents are tasked to attain a certain and clearly defined
objective, while people’s motives often may be more ambiguous.
Relatedly, it might be the case that artificial agents that are designed to
be “sympathetic” to decision-makers are perceived as being less
contemptuous or dominant than human experts and appear thus more
likable. These opposed intuitions seem to suggest a higher reliance on
artificial agents’ as opposed to human agents’ advice. The tendency to
trust or distrust in Al-generated compared to human advice is likely to
depend substantially on the experience that individual decision-makers
have made with MLDSS and the degree to which they are used to
working with these entities. Chong et al. (2022) have shown that deci-
sion-makers’ individual experience with Al-assisted decision-making
has a profound influence on their reliance on the advice through the
effect that the collaboration has on their self-confidence. From a meta-
analysis on trust in Al, Kaplan et al. [54] conclude that the interaction
between the many different antecedents of trust in Al has not been
empirically investigated. Promoting this kind of research is important,
particularly in ethically charged contexts like medicine.
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2.2.4. Algorithm aversion vs. algorithm appreciation

Several research findings point to the phenomenon of algorithm
aversion, implyingthat humans underuse or mistrust artificial agents’
compared to human agents’ advice. These findings show that humans do
not distrust artificial agents in principle and from the outset but
depending on their expectations about their own and the algorithm’s
performance, experience with the artificial advisor and the context of
the task. Informational mechanisms that are linked to the perceived
competence of the advisor seem to play a stronger role for human-robot
interactions than for interhuman interactions which are highly co-
determined by social normative mechanisms [55].

The perception of the MLDSS as a superior intelligence seems
important as expectations are easily disappointed. If decision-makers see
a forecasting algorithm err, their algorithm aversion increases, even
when they see it outperform a human forecaster [56]. Concerning the
decision-making context, it has been found that algorithm aversion is
more pronounced for tasks that seem subjective in nature [57]. With
increased difficulty in intellective tasks with clearly correct answers,
subjects in three experiments relied more on algorithmic advice with
increasing difficulty [58]. It is suggested that algorithm aversion is
driven by biased evaluations of human capabilities and tends to be
stronger in domains where people’s identity is threatened [59]. In line
with this, trust in algorithms can be brought about by the opportunity to
(even slightly) modify an imperfect forecasting algorithm, i.e., by the
decision-makers’ feeling of being more in control [60]. Finally, Dietvorst
and Bharti [61] found that trust in algorithms will depend on the un-
certainty inherent in the decision domain and that people have dimin-
ishing sensitivity to forecasting error which lets them rely on riskier
human judgment. They suspect that people may be unwilling to use even
the best possible algorithms in inherently uncertain domains like med-
ical decision-making.

Algorithm appreciation describes the opposite phenomenon that
decision-makers adhere more to advice from algorithms than from
persons. In a sequence of six experiments, people showed algorithm
appreciation when making numeric estimates about visual stimuli and
forecasts about song popularity and romantic attraction [62]. In contrast
to results cited above, it has also been reported that an increased trust in
algorithmic advisors does not erode when decision-makers are informed
of the algorithm’s prediction errors [63] or when they knowingly
interact with dubious algorithms ([64]). Research on automation bias
focuses on the problems that are caused by users’ failure to recognize
new errors that are introduced by automated advice [65,66].

Hou and Jung [67] have attempted to reconcile the contradicting
phenomena of algorithm appreciation and algorithm aversion in
Al-supported decision-making. Their research focuses on the importance
of how humans and algorithms are framed in the different studies. They
argue that different framings produce the inconsistent results of algo-
rithm aversion and algorithm appreciation observed in previous studies.
According to the authors, framing refers to the relative description of the
human and of the artificial advisor: what kind of people and what kind
of algorithm are we comparing? The importance of framing emphasizes
the need to investigate to which degree advice by artificial agents in the
medical domain is sought and weighted and how this compares to advice
by humans. Among several personal factors like a physician’s level of
experience and general confidence, this will probably also depend on
features that are amendable to the design of the interaction, i.e., factors
that concern the perception of the advisor or the decision situation.
These factors could, based on previous results, consist in the information
that the algorithm provides regarding the criteria on which it based its
advice or in emphasizing the uncertainty of the situation by communi-
cating its own imperfect confidence in the accuracy of the advice. Even
the sequence of the interaction can have an impact on decision-making
[68].

To sum up, the behavioral perspective focuses so far mainly on an
advisees’ trust in the advice as determined by participants’ behavioral
tendency to follow it in their choices. Especially in behavioral
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experiments, these choices are often consequential as they imply lower
monetary payoffs if participants perform worse. Interhuman advice
giving has been studied extensively and determinants that relate to
characteristics of the advisee him- or herself, the perception of the
advisor and the decision-making context were identified. Hybrid in-
teractions of human and Al are increasingly studied but behavioral ev-
idence is still much scarcer. There is mixed empirical evidence on
algorithm aversion and algorithm aversion with few attempts to
reconcile these phenomena. Understanding determinants of physicians’
trust in MLDSS will therefore be indispensable.

2.3. Technical perspective

Machine learning algorithms, especially those using complex (deep)
networks, are being perceived as “black boxes” [69], and their use in
safety critical environments such as autonomous driving or in the
medical context is met with criticism. This is likely rooted in the inability
of an observer to understand such complex systems and not in a lack of
transparency regarding the model and its individual components and
values. To overcome these limitations, van Lent et al. [70] introduced
the concept of XAl already in the early days of Al, which should provide
the user with an “easily understood chain of reasoning”. XAI has been a
very dynamic field of research centered around developing technologies
to make machine learning models more interpretable. Methods in XAI
typically aim to either explain the decision for a single data instance
(local explanations) or to provide a global explanation of the model’s
decision-making process across all data instances. In the context of the
medical diagnostic process, local explanations are of highest relevance,
as they help clinicians understand the specific reasons behind a model’s
prediction for an individual case.

2.3.1. Explainability of deep machine-learning models

One approach to achieving explainability is through the employment
of inherently interpretable models, such as linear regression or compact
decision trees. This, however, has been criticized for resulting in re-
strictions in machine learning model design, which can lead to lower
performance of those models [71].

Initially, researchers have focused on post-hoc, model-agnostic
interpretability methods. These methods preserve the structure and
performance of machine learning models by analyzing them through
their input-output relationships. One example of this is the communi-
cation of prototypical input space representatives of a decision (e.g.,
exemplary images) together with ‘criticisms’ (non-prototypical exam-
ples of the same class) [72]. Contrastive methods offer another layer of
insight by explaining why a particular decision was made in contrast to
other potential decisions [73]. For example, these methods aim to clarify
why a medical model diagnosed one disease instead of another similar
disease, enhancing our understanding of the model’s decision-making
process.

Another similar method is the use of counterfactuals, which provide
examples that demonstrate how slight modifications in the input could
change the model’s decision [74]. For instance, a chest x-ray image with
a certain model diagnosis could be contrasted to how the same patient’s
image could look like for another diagnosis [75]. All of these methods,
which essentially show and contrast exemplary behaviors of the model,
follow the idea of familiarizing the user with the model and aligning
expectations with the actual behavior.

More recently, the design of deep model architectures that are
explainable by design has received growing interest. The core idea is to
incorporate the pattern matching capabilities of modern deep neural
networks (and hence to achieve highly performant models), with
inherently explainable methods. For instance, the PIP-Net approach by
Nauta et al. [76], 2024) uses convolutional feature extraction in the
early layers of the network, providing high non-linear pattern recogni-
tion capacity, followed by spatial aggregation and linear combination,
which are inherently explainable methods. This allows for a “scoring



J. Ammeling et al.

card” interpretation, facilitating insight into how predictions are made.
Unfortunately, this structure also comes with a trade-off: while
increasing explainability, the model’s ability to capture and recombine
more complex spatial patterns is constrained, potentially limiting its
overall performance. The very property of being inherently explainable
(in the last part of the model) limits the model to discover and map more
complex spatial relationships in the input image. Furthermore, while the
first part of the model, which performs a more complex pattern
matching against intuitive prototypes, is in fact a powerful pattern
recognizer, it has some of the same black box properties that have been
criticized and may be vulnerable to challenges such as adversarial at-
tacks and unpredictable performance on out-of-distribution cases.

2.3.2. Limits of explainability

The remainder of the section focuses on the discussion of the limits of
explainability that has been emphasized by some authors. The idea that
explanation is limited is that the methods discussed aid in understanding
the model in a local context of the input space, but fall short of achieving
comprehensive or holistic interpretability as defined by Miller et al.
(2019), i.e., that a human can understand the cause of a decision, which
is crucial for applications like medical MLDSS, where understanding the
entire decision-making process, in particular also for edge cases, is
important. This limitation is especially relevant for increasingly large
models (e.g., large language models and other recent foundation
models) and becomes particularly evident in the case of images and text
as input, which is the most prevalent scenario in medical MLDSS.
Exemplary images alone communicate only distinct modes of the data,
thereby falling short of providing a comprehensive understanding of the
model’s decision-making process.

Furthermore, these examples are typically drawn from a certain data
distribution, which may not be representative of the target distribution
in actual use cases [77]. For example, models trained on data from one
demographic might perform unpredictably when applied to a different
demographic, due to covariant data distribution shifts [78]. These shifts
can result in unexpected and potentially harmful model predictions.
Even further, they might be contradictory to the expectations of the user
that were established during familiarization, e.g., by using counterfac-
tuals, prototypes and criticisms.

This highlights a critical aspect in assessing the reliability of large
models: the effectiveness of these models is inherently linked to the
representativeness of the data used during training and user familiar-
ization. Typically, training data lacks uniform representation across
different conditions, such as different demographic groups or clinical
scenarios, which can lead to inherent biases in model behavior. Simi-
larly, these representational imbalances can introduce perceptual biases
in the explainability of models. While explainability methods can
certainly help to detect biases in models and/or datasets, they are also
dependent on the data distribution. Explainability patterns, which are
derived from training data, might not accurately reflect the actual use
case scenarios, leading to misleading or incomplete explanations.

2.3.3. The consequences of non-explainability

Consequently, achieving explainability in model decisions is a
complex and nuanced topic of research. The clinical utility of explain-
ability methods is not yet fully understood, and it is still unclear whether
the diagnostic process will be positively influenced by it ([79]; [80]).
Explainable methods might also be persuasive and increase cognitive
biases [81]. This may raise an important question: while explainability is
very much desirable — are we perhaps focusing too strongly on inter-
pretability at the expense of other crucial aspects? While the call for
transparency or traceability of the reasoning of the algorithm is easy to
comprehend, it could also be considered a case of an anthropomorphic
fallacy [82]: Potentially based upon a perceived parallelism of a human
medical expert and a medical decision support system, we assume the
algorithm to reason and decide, ignoring that the very nature of today’s
(large) machine learning models does not include reason or a conscious
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decision.

Machine learning systems work by optimizing what can be described
as a gigantic equation that incorporates lots of variables, typically with
the target of maximizing the correlation to the desired output and
reducing the number and magnitude of errors such a system makes. This
is very different to human reasoning, which is ideally based on the
logical combination of verified assumptions, but also subject to an often-
underestimated number of known fallacies and biases [83-85]. The re-
striction of Al methods to models that are logically understandable, is
also known to restrict the complexity and hence the capability, versa-
tility, or efficiency of said models [71]. If the introduction of trans-
parency into machine learning model design comes at the cost of
reduced performance, this directly leads to a moral dilemma.

2.3.4. Not interpretable but safe and effective

In the realm of medical research, however, one may argue that
withholding a particular treatment or medication solely due to an
incomplete comprehension of its mechanism of action can be ethically
problematic, particularly when the treatment’s efficacy has been
comprehensively substantiated, and its potential side effects and in-
teractions have been fully identified. This seemsparticularly true for the
function of well-known and widely used drugs, such as the painkiller
paracetamol [86] or the anesthetic ketamine [87], which have been
used for decades besides a poorly understood mechanism of action.

In laboratory testing of diagnostic samples (such as blood and other
bodily liquids), it has well been accepted that the nature of a test result is
purely statistical and, in practice, subject to many factors that can in-
fluence the test outcome that are rooted in the preparation of the sam-
ples [88] and hence hard to trace in retrospect. Each test method is
known to be subject to a defined set of statistical properties (e.g., recall
and specificity for the detection of a disease, standard error of a mea-
surement) and to be used only given a defined set of circumstances (such
as mode of application or even patient population) that the method has
been validated for [89].

This could serve as a blueprint for ML in medical decision making:
Given properly and independently validated ML models, where the
boundary conditions of the use (i.e., the expected data distribution) are
described in sufficient detail [90], the potential risks to safety are
mitigated and the benefit through efficiency and performance outweighs
the risks.

In summary, while explainability seems desirable for machine
learning models and a lot of progress in the field of explainable Al in
recent years allows for better explainability even of deep learning
models, increased explainability may come at the cost of reduced ac-
curacy. At the same time, the lack of independent validation for many Al
models poses its own risks, potentially leading to generalization errors
that reduce accuracy in clinical settings. To ensure reliable performance,
robust validation of MLDSS using sufficiently large and, most impor-
tantly, representative datasets is essential and the precondition to their
application being safe and effective. Ultimately, the question of whether
explainability should take precedence over accuracy is not just a tech-
nical one. It is a question where the patient as the primary stakeholder
should be involved as well.

3. The need for interdisciplinary exchange

The utilization of MLDSS in medical decision-making raises impor-
tant scientific questions with a high relevance for society. In a way, the
scientific questions that MLDSS pose at the ethical and behavioral level
are even more fundamental than the technical ones. On the one hand,
ethical issues arise regarding changes in the responsibility structures in
healthcare that may be caused by the introduction of decision-support
systems. Can we still reliably assign individual responsibility in case of
a medical error or is the responsibility of physician, algorithm devel-
oper, regulator and the hospital management implementing the hybrid
interaction diffused to such a degree that individual responsibility
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dissipates? In case of the latter, may it be ethically appropriate to
withhold a decision-support system from a patient even though its
performance has been comprehensively validated or does performance
trump transparency and clear attribution of responsibility? When does
one outweigh the other?

On the other hand, issues in behavioral sciences arise at the level of
the actual effects that the interaction between physicians and algorithms
has on the diagnostic process and thus ultimately on the patient. An
extensive literature on advice-based decision-making reveals many
factors at play in human-human interactions. To what extent do these
results transfer to human-AI interactions? How can physicians’ trust in
decision-support systems and reliance on the systems’ advice be
increased or decreased through specific design of the interaction, the
human-machine interface or the way the system “justifies” its advice?
How do we resolve the potential tension between explainability and
accuracy of machine learning models and, in particular, who decides
which trade-offs are acceptable in this regard?

3.1. Toward a normatively and empirically informed technical
implementation

These ethical and behavioral questions ought to be addressed before
any adequate comprehensive technical solution can be even conceptu-
alized, let alone implemented. Conceptual issues regarding re-
sponsibility as posed by ethics will be essential to judge whether MLDSS
should give specific advice at all or whether they should only help to
structure the decision situation by, for instance, highlighting segments
of a given medical image that the physician should turn her attention to.
Moreover, ethicists and behavioral scientists need to join the debate in
computer science about the importance and usefulness of explainability
in machine learning models, especially when there are trade-offs be-
tween explainability and model performance. All of this would have
direct implications for the design of the human-algorithm interaction
through the information that the system’s interface communicates to the
diagnostician. Similarly, empirical phenomena regarding any influences
that the advice has on the diagnostician will be crucial for a compre-
hensive assessment of the technology. Assume that it is found that a
certain kind of representation of the system’s advice makes it system-
atically more likely that the diagnostician will follow the advice. From
an ethical view, it is important to decide whether intentionally
exploiting this effect to foster adherence to the system’s advice is
legitimate or whether it undermines the physician’s autonomy in an
unacceptable way. Only if the respective manipulation is considered
morally legitimate would the identified behavioral implications be used
to actively shape the human-system interaction accordingly through the
concrete technical design.

It therefore becomes clear that it is by no means sufficient to discuss
each perspective’s challenges in isolation but indispensable to take an
interdisciplinary perspective on the challenges raised. The examples
stated above illustrate how all the perspectives are interrelated and that
scientists working in each field have to complement each other to enable
human-centeredness in Al-supported medical decision-making. It takes
behavioral scientists to explore the factors influencing the interaction,
computer scientists and XAI researchers to improve the performance of
machine-learning algorithms with due consideration of possible influ-
encing factors, and it takes ethicists to work out any red lines in the
application of these systems in medical practice. It is clear that different
methodologies and terminology can lead to misunderstanding and
skepticism between disciplines. But if the goal is ethically aligned,
human-centered Al, then this endeavor necessarily transcends the
expertise of any single discipline.

Although there is already important work on the impact of Al-based
systems on users being done in XAI research (for an overview, see for
instance, Ref. [91-93]), the focus of this research is usually not on
ethically motivated questions. Focusing on the ethical implications of
human-AI interaction will inevitably lead to the definition of different
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dependent variables and different experimental manipulations than the
ones that behavioral scientists and computer scientists will typically
address. Ethicists alone, however, will hardly be able to investigate the
complex interplay between human behavior and technical artifacts
without profound expertise from behavioral and computer science. In
the following, we will outline two illustrations of how the three per-
spectives discussed in this article interlock with each other and how a
fruitful interdisciplinary exchange could look like.

3.2. Example 1: The Impact of Epistemic vs. Ethical Advice

Most tasks that were cited in the behavioral perspective of this article
were epistemic tasks in which advisees received advice on a knowledge
problem. As discussed, there are important behaviorally oriented studies
on the effect of XAl that refer to the question of whether certain means of
explainability make advisees trust more in the advice. These studies
systematically vary explanatory features of the MLDSS to study their
influence on human performance and satisfaction of the explanation.
There are, however, ethically highly relevant features of the decision
situation that remain typically out of scope in this research. One crucial
aspect relates to the diffusion of responsibility between the user and an
MLDSS.

Several ethicists assume that responsibility can categorically not be
attributed to Al-based systems [94]. Empirical research, however, sug-
gests that people factually tend to ascribe responsibility to MLDSS in the
context of medical image diagnosis and that this is especially the case if
they attribute consciousness to the system [95]. The psychological re-
ality of people shifting responsibility to MLDSS may, however, have
implications for a physician’s willingness to take risk (see also [17]).
Behaviorally, the desire to shift responsibility to an MLDSS will be re-
flected in one’s willingness to rely on the system’s advice. To study the
empirical relevance of this ethically motivated question a behavioral
research design that is embedded in a concretely designed context of
human-AI interaction is needed. This is an example of a challenge that
can only be addressed by the three perspectives working together and
thereby tackling the problem holistically.

The ethically informed concept of responsibility diffusion is first to
be operationalized in a concrete behavioral design. This can be done, for
instance, by varying the perception of a given task as either primarily
epistemic or primarily ethical. One possibility would be to frame the
decision-making scenario by making its epistemic or ethical nature more
salient. Another means for doing so is the use of either self-regarding or
other-regarding incentives for the correct classification of images in
laboratory studies. Self-regarding incentives mean that an advisee re-
ceives a financial reward for his or her classification accuracy. Other-
regarding incentives mean that another (passive) participant receives
a financial reward for an advisee’s accuracy. This intends to capture
consequential spillovers of one’s decision on other people as is the case
when physicians make decisions affecting patients. It is to be expected
that tasks with self-regarding incentives are relatively more likely to be
primarily interpreted as epistemic tasks by the advisee because perfor-
mance failures “only” lead to one’s own financial loss. Vice versa, it is to
be expected that tasks with other-regarding incentives are relatively
more likely to be primarily interpreted as ethical tasks by the advisee
because failures lead to another person’s financial harm. In this exper-
imental setup, the hypothesis could then be that advisees’ reliance in
MLDSS is stronger in treatments with other-regarding incentives than
with self-regarding incentives because in the former decision-makers
have a more intensive desire to shift responsibility to and hide behind
the MLDSS.

It is important to note that the cooperation between advisee and
MLDSS does not happen in an abstract setting but is to be studied in a
concrete context of decision-making. The manipulation of a task as being
perceived as primarily epistemic or primarily ethical is therefore likely
to interact with the mode of XAI used to justify the advice. Studying the
emerging interaction effects is crucial for an empirically informed
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human-centered design approach. In this context, it seems particularly
worthwhile to systematically study how the use of methods from XAI in
advice-giving influences a participant’s perception of owning one’s de-
cision after receiving advice or not. One may hypothesize that receiving
an explanation for a given advice makes it more likely that an advisee
feels that the advice has truly persuaded him or her and that it is
therefore more considered to be integrated in the advisee’s decision. In
case of a wrong diagnosis, an advisee may then feel more responsible
than in a case where the advice was absorbed in a more unreflected way
and where he or she feels rather manipulated.

3.3. Example 2: The Perception of Manipulative vs. Persuasive Al

Manipulation is a concept that is at the core of philosophical ethics
[96]. It seems valuable to operationalize this abstract discussion to make
it fruitful for a holistic empirical investigation of what a
manipulation-free human-AI interaction could look like. Operationali-
zation will have to be done jointly by behaviorists and computer sci-
entists who will need ethicists’ guidance to navigate through the
complex ethical debate on manipulation and boil it down to its key
ideas. Ethicists, on the other hand, will need their empirically oriented
colleagues to help them translate their conceptual notions in specific
research design choices. The concepts of manipulative vs. persuasive Al
[97,98] may therefore serve as another useful illustration of interdisci-
plinary collaboration. From an ethical perspective, it might be consid-
ered important that physicians are not subconsciously nudged into
following the advice of an MLDSS because this would undermine their
autonomy as decision-makers. If nudging occurs, they are only nomi-
nally kept in the loop of decision-making, but their role is factually
reduced to the role of vicarious agents of the technical system (see, for
instance, Ref. [99]). Generating faithful explanations that are provided
to substantiate an MLDSS’s advice to convince the advisee to follow it
seems ethically more desirable than generating explanations that are
behaviorally most successful in inducing follower behavior. The next
paragraphs may help to illustrate how a holistic and interdisciplinary
collaboration between ethicists, behaviorists and computer scientists
could look like in this context.

Ethicists disagree to a substantial degree about the identification
question of what makes advice manipulative. For instance, some phi-
losophers argue that manipulation should be characterized by the in-
tentions of the manipulator. The Trickery Account of manipulation
argues that it is characterized by a deliberate attempt to induce faulty
beliefs in a person to make him or her act in the way desired by the
manipulator [100]. Klenk [101], however, argues for an Indifference
Account where manipulation is not necessarily caused by deceptive in-
tentions but by a manipulators’ indifference to the means with which he
or she achieves her goal to influence the decision-maker. This latter
approach seems better suited for the concept of “manipulative AI” as the
MLDSS will by definition be lacking intentions to deceive and thus be
indifferent to the means it uses. It should be noted that this discussion is
not only of academic interest as policy makers are increasingly keen of
banning Al systems that manipulate people’s decisions or exploit their
vulnerabilities (EU Al Act, Article 5).

It seems important to explicitly consider the intuitions of the
potentially manipulated decision-makers and those affected by their
choices to understand whether an explanation is interpreted as faithful
or manipulative. It is therefore crucial to address this question in
behaviorally designed experiments. To do so, it seems necessary to
explicitly contrast participants’ perception of an advice when receiving
it from a human that provides certain explanations with an advice that is
provided by MLDSS that provide certain explanations. This comparison
may help to disentangle between the above cited Trickery and Indif-
ference Account and their relevance for the actual perception of human-
Al interaction and their behavioral implications. It is unlikely that be-
haviorists and XAI researchers will be able to design adequate experi-
mental setups to capture this distinction without closely collaborating
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with ethicists.

Analogously, will XAI researchers naturally focus on different kinds
of questions that are more closely related to the questions that are at the
core of their domain than ethicists or social scientists. Nauta et al. [102],
for instance, focus on the alignment of explainable image classifiers with
medical classification standards and the possibility of human
decision-makers to manually correct the system’s reasoning. It would be
fascinating to expand their research by studying whether the possibility
to correct reasoning increases an advisees’ perception of owning a de-
cision. Kulesza et al. [18], for instance, focus on Explanatory Debugging
Cycles of Explanation and find that users using these cycles understood
the learning system better and expressed a preference for them. Their
research design, however, does not test for ethically relevant charac-
teristics like a potential divergence in people’s keenness for explanatory
cycles in ethical tasks as opposed to epistemic ones. Furthermore, the
explicit elicitation of the impact of the explanation on subjective feelings
of being manipulated and whether this perception differs between the
recipients of the advice and those who observe the influence from the
outside is not considered. Establishing such a gap, however, may be very
relevant for a policy debate that often relies on the identification criteria
of outside observers like politicians or lawyers. It is unlikely that such a
question would be addressed without a profound knowledge of the
philosophical manipulation debate that behaviorists and XAI specialists
are unlikely to have.

Similarly, previous research that sought to address real-world users
instead of outsider observers has relied on qualitative interviews with
UX specialists to create user-centered AI [103]. This is doubtlessly
important. It seems, however, important to complement this research by
quantitative studies that systematically investigate the intuitions of
affected users, as designers might wrongly project their own intuitions
on others. Here, we take up a call from Miller [104] who already argued
that most work in XAI tends to take up researchers’ intuitions of what
constitutes an explanation instead of relying on expertise from other
disciplines how people define and evaluate explanations. This un-
derlines that the implementation and implication of an ethical concept
like “persuasion instead of manipulation” has to be tested using
behavioral methods with real users in the context of concrete techno-
logical solutions. This may necessitate manipulations that compare
perceptions of human advice versus Al-based advice, experiencing and
observing influence or performing for oneself or others.

These are manipulations from social science research that are typi-
cally and understandably out of the scope of more technically oriented
XAI researchers.

The use of XAI has profound ethical implications that need to be
studied holistically. Specific manipulations and experimental manipu-
lations that happen at the behavioral level within concrete interaction
designs will naturally not arise from behavioral or technical research
questions that are often based on the intention to increase performance.
This is natural because different perspectives tend to focus on different
questions. The diversity of these different foci leads to a more holistic
consideration of Al-based decision-making in medicine. This requires
the working together of experts from all three disciplines on joint
research designs.

4. Conclusion

In a seminal paper, Rahwan et al. [105] draw attention to the need
for cross-disciplinary scientific collaboration to examine how intelligent
machines affect humans and vice versa. Medicine is one area where, due
to numerous advances in automatic processing and interpretation of
data, Al-based decision support systems are already making their way
into everyday practice. The use of Al-based systems will continue to
increase significantly in the near future in this area. Given its societal
relevance, medicine therefore represents a use case where the need for
cross-disciplinary research is particularly urgent.

In this paper, we have focused on three perspectives that seem to us
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highly relevant for achieving human-centered medical AL We
acknowledge, however, that the selection of these perspectives was
likely coined by a professional bias of the authors who happen to be
ethicists, behavioral scientists, and computer scientists. One might
rightly miss the perspectives of scholars from, say, law, sociology, the
political sciences and many other fields. One may hope that the suc-
cessful collaboration of different fields will make it ever more likely that
further perspectives will be integrated over time.
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