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predictions or recommendations” [3] by adding additional 
algorithms on top of the original model [5, 8, 13]. One of 
the advantages of this technique is that it can be applied to 
deep learning (DL) models, which, on the one hand, have 
proven to be quite successful in identifying patterns and 
making predictions, but on the other hand are also espe-
cially opaque, because they contain hidden layers that no 
one (including developers) can access [5, 6, 14–17].

However, explainability is a contested concept, as schol-
ars do not seem to agree about how much black boxing is 
a problem [1, 9], if explainability is a suitable solution [5, 
9, 13, 18–20], when it is required [20–23], what makes a 
good explanation [10, 24], and how effective explainability 
schemes are when applied in real life [3, 7, 8, 18, 21, 25, 
26]. Scholars have thus repeatedly called for more empirical 

1  Introduction

The black box nature of artificial intelligence (AI) systems 
presents several ethical and practical challenges associated 
with this technology. Challenges include a lack of trans-
parency that prevents identifying either biases or recurring 
errors in the model, and thus the ability to correct them [1–
3]. In clinical settings, black boxing prevents doctors from 
understanding the reasoning behind the AI decision [4–7], 
from communicating this reasoning to patients [1, 3, 8–10], 
and from reaching an appropriate level of trustworthiness 
[1], which will avoid both over-reliance (automation bias; 
[11]) and under-reliance (algorithmic aversion; [12]).

One of the major tools devised to combat AI black box-
ing is post hoc explainability. This is a technique that allows 
“users to understand how the technology arrives at its 
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research to examine the effectiveness of explainability [3, 
9, 25].

Several scholars have also suggested that explanations 
are selective, in the sense that what constitutes a good expla-
nation for one individual may not be a good explanation for 
another [13, 15]. They suggest that only certain individu-
als (notably certain experts) are in a good epistemic posi-
tion—that is, they possess the correct domain knowledge 
and know-how—to understand the explanation and, for 
instance, identify mistakes [13]. Explainability should thus 
be tailored to the specific domain knowledge of recipients, 
e.g., clinicians [16, 27].

This article seeks to contribute to the debate about 
explainability in healthcare by focusing on the degree to 
which explainability can be domain-specific. Does domain 
specificity align with medical disciplines? Do clinicians 
who are less compatible with the explainability scheme only 
partially understand it, or are they even becoming more dis-
oriented? Do these clinicians desire explainability? What 
are the implications of selective explainability schemes? 
This paper will argue that, in some instances, explainability 
schemes are not merely selective but hyper-selective, mean-
ing that even experts from related or adjacent fields cannot 
make use of them. Beyond identifying this phenomenon, we 
will chart its implications for explainable AI (xAI) tools.

2  Black boxing and explainability

AI models tend to be black-boxed due to intentional opac-
ity—for instance, for proprietary reasons—or because of 
their complexity and architecture [28, 29]. Deep learning 
techniques for training models have been found to be espe-
cially potent yet inherently black-boxed [3, 5, 14, 15]. The 
opacity of many AI models has been recognized by a large 
number of scholars as posing ethical, legal, and practical 
challenges. Black boxing has been associated, among other 
things, with the inability to identify bias and recurring errors 
[1–3, 30, 31], as eroding the concept of liability [3, 15], and 
with the inability to preserve autonomy and informed self-
advocacy [6, 13, 32, 33].

In healthcare, and given that people’s health and well-
being are on the line, AI black boxing has been especially 
scrutinized. Among other things, it has been associated with 
preventing clinicians from understanding the reasoning 
behind the AI decision [4–7] and, therefore, from commu-
nicating that reasoning to patients or family members [1, 
3, 8–10]. Moreover, black boxing in healthcare settings has 
been associated with issues of trustworthiness [1, 8, 10, 34]. 
In order for clinicians to use an AI tool, they need to trust it 
enough to use it instead of ignoring it [12], but not so much 
that they use it blindly and fall into overreliance [11]. All 

in all, black boxing is associated with detrimental effects 
on multiple stakeholders within healthcare, including clini-
cians, patients, family members, and healthcare providers.

While several remedies have been devised in order to 
address the AI black-boxing problem, explainability has 
been a central suggestion and a topic of heated debate in 
the field. Plainly put, the aim of explainability of an AI tool 
is that “an observer can understand the cause of a decision” 
[35]. Within AI, there are methods to train the model which 
are inherently explainable (or interpretable), such as deci-
sion trees [10, 13–15, 25, 30, 36], and others which are not, 
such as deep learning, and which require the production 
of post-hoc explainability [3, 5, 8, 9, 15, 18, 31]. Post-hoc 
explainability is a technique that allows “users to understand 
how the technology arrives at its predictions or recommen-
dations” [3] by offering an interpretable, simplified model 
that approximates the original model [5, 8, 13]. Specifically, 
local post-hoc explainability provides an explanation for 
each single decision/prediction of the AI [3, 8, 15, 31].

Within healthcare, the most high-stakes AI systems that 
are being used and rolled out are clinical decision-support 
systems (CDSSs), which are intended to help doctors reach 
a specific decision regarding a patient [3, 8, 9, 16, 37]. This 
insistence in healthcare on making such tools decision-
support tools rather than autonomous tools, which is also 
regulated by agencies such as the FDA [38], implies that 
the AI is there to help the decision rather than dictate it. As 
Amann and colleagues state, “CDSSs cannot currently be 
considered to support clinical decisions without additional 
explainability” [8]. Explainability can thus offer these clini-
cians an indication of why this system ruled the way it did. 
Armed with this knowledge, clinicians can, in turn, validate 
each specific ruling, consider additional variables to inform 
their decision, and use it to communicate the rationale of the 
decision to patients.

Two of the most popular techniques for explaining AI 
black-box decisions to clinicians are heatmaps and feature 
lists. Heatmaps (or saliency maps or saliency masks) work 
for image-based decisions, with the explainability indi-
cating, using a color overlay, the areas that weighed most 
and least on the decision of the AI [15, 18, 21, 39, 40]. In 
Feature explainability, the clinician receives a list of fea-
tures and an indication of the degree to which each of them 
weighed on the decision, including counter-indications [6, 
15, 16, 18, 31]. There are several practical tools to produce 
this feature-explainability, and one of them is the Shapley 
Additive Explanations (SHAP) scheme. As Srinivasu and 
colleagues explain, "SHAP is a standardized method for 
determining the relative significance of features in different 
models” [16:5]. As such, it produces textual output and can 
offer explainability independent of any image.
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3  Explainability as a contested concept

While explainability represents a possible solution to the AI 
black-boxing problem, it is also a highly contested concept, 
with scholars often challenging its necessity, suitability, and 
efficacy. First, scholars do not seem to agree on the degree 
to which black boxing is a problem [1, 6, 9]. London, for 
instance, uses the example of drugs and the fact that clini-
cians prescribe drugs without knowing their mechanism of 
action to drive the point that black boxing is widespread 
and acceptable within healthcare [6]. Similarly, Durán and 
colleagues argue that, since clinicians operate non-AI tech-
nologies that they cannot explain, the same can apply to AI 
systems [1]. Indeed, such examples amount to an argument 
that a double standard has been created within healthcare for 
AI technologies. On the one hand, there is much black-box-
ing that is considered legitimate in medical practice prior 
to AI, while on the other hand, AI clinical systems are not 
allowed to be black-boxed [9].

The next type of challenge is whether explainability is a 
suitable solution to black-boxing. For instance, Babic and 
colleagues argue that explainability may foster error in per-
ception among clinicians: “post hoc rationalizations of a 
black box are unlikely to contribute to our understanding of 
its inner workings. Instead, we are likely left with the false 
impression that we understand it better” [5:285]. Ghassemi 
and colleagues, on their part, argue that “using post-hoc 
explanations to assess the quality of model decisions adds 
an additional source of error—not only can the model be 
right or wrong, but so can the explanation” [18:474]. While 
going over the entire range of arguments of why explain-
ability may be an unsuitable solution for AI black boxing is 
beyond the scope of this article, we will state that there are 
a variety of arguments made by scholars, beyond the two 
examples given here [9, 13, 19, 20].

Most importantly, scholars have raised questions about 
the efficacy of explainability schemes when applied in real-
world settings [3, 7, 8, 18, 21, 25, 26]. Does the explain-
ability actually help the clinician? For instance, Cutillo and 
colleagues argue that “Explainable outputs are not neces-
sarily actionable or informative outputs” [21:4]. One reason 
for this skepticism seems to be that many scholars agree 
that explainability is context-bound [3, 8, 9, 30, 40–42]. 
This makes the question of efficacy an empirical one: under 
which settings are explainability schemes effective and 
under which they are not? A central problem in answering 
this question is the limited empirical research on explain-
ability schemes in concrete contexts, which explains the 
repeated calls in the field for more such empirical examina-
tions [3, 9, 25, 43].

Another implication of the highly contextual nature of 
explainability is that what constitutes a good explanation 

for one individual may not do so for another [13, 15]. For 
instance, Cortese and colleagues state “it is known that 
explanations are dependent on the receiving user; for exam-
ple, the explanation for a medical diagnostic varies if the 
target is a patient, a doctor, or a hospital auditing authority” 
[35: 3]. Combi and colleagues go a step further in depicting 
this dependence on possessing the correct domain knowl-
edge and know-how to understand a given explanation and 
argue for selectivity within clinicians: “Specific domains as 
cardiology, oncology, neurology, healthcare policy, and so 
on, have their own vocabulary, specific shared knowledge 
about diagnosis, treatments, and so on […] XAI systems 
have, thus, to deal with jargon, abbreviations and termino-
logical heterogeneity, idiosyncratic usage habits, and differ-
ent kinds of knowledge” [27:7]. Explainability should thus 
be tailored to the specific domain knowledge of recipients, 
if it to be effective [16, 27].

However, such tailoring has another ramification. It may 
cause an epistemic shift within clinical practice. Clinicians 
and healthcare scholars have for a few years now recog-
nized that new forms of AI may “undermine the epistemic 
authority of clinicians” [44: 205; see also 1]. Yet less atten-
tion is given to the epistemic shift from one type of expert 
to another [33]. Decisions seem to be shifting from treating 
clinicians to clinicians who work with images, since many 
of these AI systems use images as input. As such, scholars 
of concrete cases should try to examine whether such an 
epistemic shift is likely.

4  Methods and the examined tool

This paper attempts to address this need to examine explain-
ability in the context of a concrete case by analyzing a sys-
tem under development. It is based on a qualitative study 
of an AI clinical decision support system currently under 
development for the early detection of lung cancer-related 
cachexia [45]. Cachexia is a potentially fatal syndrome [46–
49] characterized by the loss of muscle and sometimes also 
fat mass [49, 50]. While currently cancer-induced cachexia 
can be identified only after its symptoms have appeared, and 
the wasting of the body is underway, a consortium of West-
ern European partners has set out to develop a deep learning 
AI model which will detect cachexia related to lung cancer 
in earlier stages of the disease, based on the processing of 
[18F]FDG-PET/CT images [46]. Moreover, the team, from 
its inception, has set out to also examine the explainability 
aspects of this model, along the lines of explainability-by-
design principles [46].

Between 2022 and 2024, we carried out 13 semi-struc-
tured interviews with clinicians from three hospital cen-
ters (in Austria, Italy, and Germany) who, at the time of 
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a low-credibility scenario at play, as mandated by the new 
European Artificial Intelligence Act [9].

Interviews were transcribed and anonymized using both 
software and human handling. Transcriptions were coded 
using a hybrid method that combines deductive and induc-
tive processes, in several rounds in an iterative form [51]. 
A number of authors also discussed the coding between 
rounds in order to improve analysis and minimize bias. 
Informed consent was secured from all interviewees, and 
the research was approved by the University of Copenha-
gen's research ethics review board (Ethics approval number: 
504–0358/22–5000).

5  Results

Our first set of questions to clinicians, relevant to the issue 
of explainability, pertained to their prior experiences with 
automated healthcare tools and specifically AI. This line 
of questioning was aimed at determining their familiarity 
with similar systems, in order to understand whether their 
expectations are based on experience and the standards they 
observed or on their preconceptions about AI. Of the 13 
interviewed clinicians, 11 had prior experience with auto-
mated clinical tools, while two did not (see Table 2). Most 
of these clinicians with experience (11/13) have had experi-
ence in their research capacity, rather than in daily diagnosis 
or treatment. For instance, one interviewee stated that “we 
don't use artificial intelligence for routine, but we use it for 

the interviews, were involved with lung cancer cachexia 
(see Table  1). Clinicians were recruited through a conve-
nience sample, with a focus on diversity across medical 
disciplines at each medical center. The interviews were con-
ducted remotely via video conference, held in English, and 
followed an interview guide (see Appendix Table 4). The 
interview had two parts: the second, relevant to this paper, 
and the first, outside its scope. In this second part, clini-
cians were asked about their prior experience with AI tools 
and their views on explainability, and they were presented 
with an explainability scenario based on the SHAP (Shap-
ley Additive Explanations) method. Interviewees were 
shown a vignette depicting a SHAP output for an imaginary 
patient (Patient X) with values of features that supposedly 
contributed to the AI’s decision regarding the onset of early 
stages of cachexia (see Fig. 1). They were asked to evaluate 
their ability to read and make use of such an explainability 
scheme, specifically to monitor for signs of anomalies, dys-
functions, and unexpected performance that might alert to 

Table 1  Interviewed clinicians according to medical discipline
Category Number of clinicians
Endocrinologist 1
Oncologist 3
Oncologist + outpatients 1
Nuclear medicine 3
Respiratory expert 1
Radiotherapy expert 1
Palliative care 3
Total 13

Fig. 1  The SHAP values-based explainability scheme presented in a vignette form to interviewees
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perceived explainability as training regarding how to use 
the tool. A third example also reveals a lack of awareness of 
what AI explainability is: “it would be an explanation. Why 
this is necessary. So that the people are kind of alerted. That 
it's an important issue” (2b.09).

Next interviewees were asked if having an explanation 
that will accompany the AI ruling regarding early stages of 
cachexia is ‘essential’ or ‘nice to have’? If they had mis-
conceptions about what explainability is (as some of them 
did), they were corrected and asked again. Out of our 13 
interviewees, seven answered that it is essential, four that it 
is ‘nice to have’, and 2 gave non-relevant answers. The fol-
lowing excerpts constitute examples of essential utterances.

“I would like to have some information about the 
alert, and not only a simple alert. I would like to have 
some information about how they get to the decision 
that this is a case of early cachexia” (2c.05).

“Because it's also important for me as a physician to 
check again the information upon the decision or the 
finding was made, like if I maybe put in the wrong 
weight and then this is one of the reasons why the 
decision was made, I would want to like check it again 
or be sure that I put in the right…” (2b.10).

“So, whatever I include in my everyday practice, I 
need to understand it. So, something that is just there, 
and, I just say, okay, I don't know how this information 
comes up or what I can do with it. I would not include. 
So, if there is an AI-based early alert, this needs to be 
explained to me” (2b.12).

These are examples of nice-to-have:

“It would be nice to have some kind of explanation 
there. […] It would be nice to know not only that there 
was alert, but some kind of explanation there. And that 
he can see how it fits together with what the patient's 
history and everything” (2a.14).

“I think it's nice to have. So, if I know the system or, 
let's say, the algorithm behind the system, which gives 
the alert, it's not necessary to further explain. But it's 
helpful on which exact points the alert was made. But 
it's for my feeling, it's a very good point. It's only nice 
to have because it does not really influence procedure 
following. So, it's just for my interest, but for which 
intervention I will decide, it is not dependent exactly 
on the reason” (2a.01).

research study” (2a.02). At the same time, another answered 
to the same question “in everyday practice? No, because it's 
just not used for decision-making in oncology. I use it in 
research” (2b.12). Within this mostly research experience, 
6 of the 11 experienced proper clinical AI tools, and not 
just automated tools (such as simple clinical calculators). 
For instance, one clinician stated, “I was a member of the 
Dragon Project. It's a European project on the application 
of big data and artificial intelligence on COVID patients” 
(2c.05). Another clinician stated “I only have the experi-
ence from automated tools from my studies in dermatology. 
There is the melanoma detecting AI what I know okay but 
not from my daily work” (2b.10). Moreover, some of the 
research experience that our interviewees reported on was 
from tools that are under development, and not yet opera-
tional even in the research capacity. For instance, one clini-
cian described their involvement in training a model: “In 
this specific work, the AI we learn AI with some images, 
okay, and we teach, you trained the AI, and we say to the 
mathematical algorithm that this is a Hodgkin lymphoma, 
this is a non-Hodgkin lymphoma” (2c.04).

With less than half of the interviewees having experience 
with clinical AI tools, and most of that experience stemming 
from their research capacity rather than their treatment or 
diagnostic capacity, it is safe to say that our cohort had lim-
ited experience with such tools. Moreover, having mostly 
research experience with healthcare AI tools is relevant, 
as such tools rarely include explainability during the aca-
demic development stage. Initially, academic developers 
focus primarily on training and validating the model. This is 
also reflected in the interviews, in which several clinicians 
appeared unfamiliar with the concept of explainability and 
offered confused answers to questions about whether they 
think such explainability should be included. For instance, 
one clinician answered “Maybe if it's good to substitute 
proteins in quickly or not so quick maybe to make it more 
specific what part of the nutrition needs to be substituted 
very quickly” (2b.08). Hence this clinician initially under-
stood the explainability to be suggestions of what to do with 
the diagnosis offered by the AI, rather than an explanation 
about the likely contributors to the AI decision. Another 
interviewee, when asked if explainability is important, 
answered: “I think at the beginning, how to use the tool 
and probably” (2c.06). Hence, before being corrected, they 

Table 2  Questions about prior experience and explainability
Question Yes No Did 

not 
answer

Prior experience with automated healthcare 
tools

11 2 –

Prior experience with AI healthcare tools 7 6 –
Is AI explainability essential? 7 4 2

1 3
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the gluteus muscle and other muscles yes, I'm definitely 
familiar with these regions” (2a.14). Another clinician went 
a little further and stated they are not only familiar with 
these features, but all clinicians should be “I think these 
are, so let's say the terms you used [the features] should be 
familiar to each clinician” (2a.01). Going to partial famil-
iarity, here is an example of a clinicians who understood 
all but one feature: “I’m not familiar with that [torso fat] 
but otherwise the other ones iliopsoas pancreas yeah the all 
other terminologies are already self-explaining but the torso 
fat is not something which we're using” (2b.11). At the other 
pole there was only one clinician which stated from the start 
that they are not familiar with these features. Answering the 
question of familiarity of these features, he answered “No, 
not particularly” (2c.05).

Of course, familiarity is a somewhat abstract term that 
can mean both a deep understanding of what a feature rep-
resents or just knowing the name of a bodily region. Indeed, 
when digging deeper, it emerges that many of those who 
stated they are familiar or partially familiar do not under-
stand these features beyond their names. For instance, one 
clinician in our familiar group said: “I recognize the name, 
but I don't know how they can be used […] as connected 
to cachexia, I can recognize only subcutaneous fat” (2c.
a3). Another clinician in the same category answered to 
the question if they are familiar with these features “Yes. 
Every feature. I know all of them […] But really, in my 
work, I don't evaluate every muscle” (2c.07). This same cli-
nician was asked in response if it means that some of these 
features they only know by name, to which they answered 
affirmative.

The next question clinicians were asked is “Using this 
explanation, would you feel you are in a position to evalu-
ate the validity of the recommendation?” To this question, 
10 clinicians stated they were not in a good position to vali-
date these features, while 2 (both from nuclear medicine) 
said they were in a good position, and one interviewee did 
not comment on the issue. For instance, one oncologist 
answered: “whether this is correct or not is something that I 
can't evaluate with the knowledge I have” (2b.12), while a 
respiratory expert answered similarly “I would not be able to 
validate it because I'm not an expert in these issues” (2b.09). 
Another clinician answered to the same question: “I can val-
idate only retrospectively, but not, so it's, I'm based at this 
time point on other parameters I have available” (2a.01). 
In other word, they are saying they would be able to vali-
date using their own knowledge only some time afterwords, 
when they would be able to see if cachexia has set or not. 
Moreover, when asked who is in a good position to evalu-
ate the ruling using the explainability, virtually all clinicians 
stated that nuclear medicine and maybe radiology were 
the best departments to do so. Most of them gave a short 

With regards to this last example, it seems that this clinician 
opted for ‘nice to have’ conditioned on being able to “know 
the system, or let's say the algorithm behind the system”, 
which is impossible in the case of deep learning systems. 
Thus, while we included this clinician in the ‘nice to have’ 
column, this may actually be a case of ‘essential’.

Overall, a majority of interviewees commented that 
explainability is pertinent to their use of the tool. One of the 
reasons given for this is the need to explain to patients the 
reason they will now be treated for cachexia. For instance, 
one clinician stated, “We have to explain to the patient what 
is our choice. The choice to take the medicine” (2c.07).

Interviewees were also asked what kind of explanation 
they would like to receive alongside the AI’s ruling, and the 
most common response was a desire to see the features that 
went into the decision. For instance, one clinician expressed 
the desire to see “on which component or which is the most 
important component in your model you used for the alarm 
generation” (2a.01). Another plainly stated “I need the 
explanation of the type of feature analyzed” (2c.04).

The latter part of the interview was dedicated to exam-
ining the clinicians’ understanding of the explainability 
scheme presented to them (based on SHAP values) and their 
ability to comprehend it. SHAP values serve as a method for 
explaining the output of a machine learning model, by dis-
playing a recreation of how much each feature (each input 
variable) contributed to the model’s prediction [16, 26]. As 
described in the Methods section, we used a vignette that 
offers an explainability screen for a decision about the early 
stages of cachexia (see Fig.  1). Interviewees were asked 
to examine it and were provided with clarifications on its 
meaning. Specifically, the interviewer explained this is an 
explainability screen for a particular ruling of the AI algo-
rithm about a patient (patient X), that the list on the left side 
of the screen were the top five features that weighed into the 
decision (with the percentage reported), and that the list on 
the left side contained a much longer list arranged by the 
same order of weight on the decision.

Clinicians were first asked to describe their familiarity 
with these features. Overall, seven clinicians stated they 
were familiar with the features (three of whom were from 
the nuclear medicine department), five stated they were par-
tially familiar, and one stated they were not familiar with the 
features (see Table 3). For instance, belonging to the famil-
iar group one clinician from nuclear medicine stated with 
confidence their familiarity with these features “Yes yeah, 

Table 3  Questions about the features appearing in the explainability 
scheme
Question Yes No Partially
Are you familiar with the features? 7 1 5
Are you in a position to evaluate the 
validity of these features?

2 10 –

1 3
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interviewees stated they are familiar with these features, 
and why two of them have also said they could validate the 
AI ruling using this explainability tool. It also explains why 
the rest of the clinicians suggested that nuclear medicine 
experts (together with radiologists) would be suitable for 
validating the AI scheme.

In other words, the relevance of feature-based explain-
ability for a group of experts boils down to the input vari-
ables the AI model is fed. Even within adjacent medical 
disciplines that address the same conditions (in our case, 
lung cancer and cachexia), explainability may require dif-
ferent domain knowledge, which will bar all but certain cli-
nicians from understanding and utilizing an explainability 
scheme. This means that developers who wish to incorpo-
rate feature-based explainability into a model they are creat-
ing should be aware of who is equipped to make use of it 
based on these particular features.

Paradoxically, in our case, this feature-based explain-
ability scheme does not cohere with doctors belonging to 
the clinical disciplines that come in contact with patients 
prone to lung cancer cachexia. This entails that the wish to 
use this particular explainability in order to communicate 
effectively with patients will be stifled. It also means that 
patients’ information about the AI ruling will come second-
hand, which might erode their understanding of what led to 
this decision. This is especially true, as nuclear medicine 
experts admitted to us, because clinicians tend to read only 
the conclusions of reports sent by nuclear medicine depart-
ments. For instance, one nuclear medicine expert stated 
about how much the reports they send to other clinicians 
(about specific cases) are actually read: “I think it can be 
expected that mainly, only the last part of the report, like the 
conclusion, is read” (2a.14). Thus, even if the nuclear medi-
cine expert would choose to include information taken from 
the explainability scheme, since clinicians tend to read only 
the conclusion, they would likely miss this information.

7  Conclusion

The idea that what constitutes a good explanation in an AI 
explainability scheme depends on the user, and that different 
types of users (e.g., different types of experts) require dif-
ferent explanations, is not new in itself [13, 15]. However, 
the study of explainability is lacking in empirical exami-
nations, especially regarding its effectiveness [3, 9, 25], a 
gap this article aims to address. Using 13 semi-structured 
interviews with clinicians from different disciplines who 
are involved with the diagnosis or treatment of lung cancer 
cachexia, we examine the explainability scheme of one tool 
under development. This tool, designed to detect the early 
stages of cachexia, is planned to include a feature-based 

answer, such as: “Well, I think it could be the Department 
of Nuclear Medicine, probably. So, radiologists and physi-
cians were involved in nuclear medicine, I think” (2c.06). 
Yet we also got some ‘thinking out loud’ answers, such as: 
“we need a physician who strictly follows the patient every 
day or very frequently, and the physician able to assess sub-
cutaneous fat, for example, just measuring the diameter of 
the abdomen, just to have an idea, and also able to assess 
pancreas or able to assess gallbladder. So, a physician who 
had particular experience in imaging” (2c.05).

6  Discussion

Our interviews with clinicians who are involved directly or 
indirectly with lung cancer cachexia have shown a limited 
prior experience with AI tools, especially when it comes to 
their diagnosis and treatment capacities, as opposed to their 
research capacity. It is thus safe to say that their expecta-
tions about explainability come mostly from preconcep-
tions, rather than experience. When asked, a majority among 
them think having explainability alongside the AI ruling is 
essential. Surprisingly, studies rarely ask clinicians to what 
degree they need the explainability alongside the ruling, 
which makes this finding important. Among other things, 
they feel they require explainability in order to explain to 
patients the rationale behind the ruling and the measures it 
entails. The literature also supports this as a strong motiva-
tion to require explainability [10].

The idea that a list of features, along with their weight 
on the AI’s decision, can constitute an appropriate explain-
ability scheme was raised by several interviewees. As such, 
it aligns with some of the practices carried out in the health-
care field [16]. Once presented with this tool’s features, 
more than half of our cohort stated they were familiar with 
these features, but upon digging deeper, it appeared that 
much of this familiarity was very shallow and not something 
that could really help them utilize the explainability scheme. 
We associate this result, at least partially, with interviewees 
feeling they are being ‘tested’, and wanting to show com-
petence; i.e., with social desirability bias [52]. Ultimately, 
the fact that ten out of the thirteen interviewees stated they 
could not use this explainability scheme in order to assess 
the AI’s ruling is a strong indication of their ability to utilize 
this specific scheme.

This comes as no surprise, since these features consti-
tute measurements of internal organs as recorded by a PET/
CT imaging examination, and further processed by an AI 
segmentation tool called MOOSE. These are organ mea-
surements and imaging methods that most lung cancer clini-
cians do not typically encounter, whereas nuclear medicine 
experts do. This clarifies why all three nuclear medicine 
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knowledge about cachexia diagnosis is shifting from diag-
nosing/treating clinicians to nuclear medicine experts. This 
may cause an erosion in these diagnosing/treating clinicians' 
understanding of the cachexia syndrome.

Second, if a given feature-based explainability can 
be understood and utilized only by a particular group of 
experts, one should ask whether, after identifying which 
group it is, the logic for providing explainability still holds. 
As discussed above, explainability has known drawbacks 
[5, 9, 13, 18–20], and in such cases, the “costs” may out-
weigh the benefits. In our case, once we understand that 
this group consists of nuclear medicine experts and that 
they do not come into direct contact with patients, some of 
the rationale for explainability —helping relay information 
to patients —is eroded. In such a situation, does offering 
explainability still make sense? For validation purposes, 
and since nuclear medicine experts do seem to be in a posi-
tion to identify errors, there still seems to be logic in having 
an explainability schemer; however, a discussion needs to 
be carried out here. We should also ask, what happens to 
patient autonomy if the clinicians who come in contact with 
them cannot explain to them why the decision that they are 
in the early stages of cachexia was made? It is hard to avoid 
the conclusion that their autonomy is severely eroded.

Lastly, this notion that, in some cases, there is hyper-
selectivity in explainability schemes—in which only one 
particular type of clinician can understand it while the oth-
ers get confused by it—underscores the fragility of explain-
ability when applied to deep learning models. It joins a long 
list of known vulnerabilities in explainability, such as the 
fact that explainability itself constitutes an additional source 
of errors [6, 18] or that explainability schemes may foster 
errors in perception among clinicians [5, 26]. This is not 
to say that an effective xAI is impossible, but rather that it 
requires the correct settings and considerable attention.

Appendix

See Table 4.

explainability scheme. Our analysis shows that only one 
type of clinician—nuclear medicine experts—are equipped 
to utilize this explainability scheme, while other types of 
clinicians who deal with this syndrome are not. This means 
that understanding an explainability scheme can be highly 
selective with regard to users' prior professional training.

Before exploring the ramifications of the hyper-selectiv-
ity of explainability, we should first address the question of 
generalization. This study is based on interviews with 13 
clinicians about a specific tool under development for a par-
ticular syndrome (cancer-related cachexia). As mentioned 
above, explainability is highly context-dependent and may 
thus not be hyper-selective across different conditions. Our 
argument is thus not that all explainability schemes (we only 
analyzed feature explainability) in all situations are hyper-
selective, but that there is such a phenomenon, the breadth 
and scope of which we are unsure of.

Understanding this hyper-selectivity in terms of being 
competent to utilize a given AI explainability scheme has 
several implications. First, it highlights that when design-
ing an explainable-by-design AI tool, one must consider the 
variables that train the machine learning model and the type 
of expert capable of understanding and possibly validating 
them. These experts will become the de facto decision-mak-
ers of this tool; otherwise, you may designate a decision-
maker who is divorced from the explainability offered. This 
makes developers' tasks much more complex, since at that 
stage of the process, they are usually focused only on decid-
ing which variables will help produce a model that makes 
the best prediction.

The next question should be: Does it make sense that 
this group of experts would be the decision-makers for this 
clinical decision? In our case, if this AI tool for identify-
ing early-stage cachexia becomes operational in its current 
format, nuclear medicine experts will become the decision-
makers, who will determine whether a patient is in this early 
stage. Nowadays, there is no such decision maker since 
there is no way to detect these early stages of the syndrome, 
and the decision maker about mid- or late-stage cachexia 
is lung cancer treating and diagnosing clinicians (oncolo-
gists, respiratory experts, etc.). Hence, this scenario will 
cause a shift in the locus of decision-making and may have 
significant epistemic consequences, since now much of the 
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Introduction
Consent
Professional details

Thank you for participating
We are conducting this interview for our use at the University of Copenhagen in Denmark. We, and the rest of our 
team, want to use the interview with you to understand healthcare specialists’ attitudes toward the use of artificial 
intelligence in medical decision-making (for educational and research purposes). For this reason, it is necessary for 
us to audio tape our discussion, and subsequently to transcribe what you tell us on paper. The audio file will only be 
available to our team, and to the person that transcribes the interviews. The transcription will be completely confi-
dential: any reference to you or to anyone you talk about will be removed when the audio is transcribed. The audio 
recording and the transcription will be sent to the University of Copenhagen, as the university is responsible for the 
project and ensures your confidentiality. The interviews will be quality-checked, and then your contact-information 
will be deleted. For GDPR reasons, we have to be able to prove informed consent from informants. Therefore, we will 
keep a copy of the audio file in an encrypted server at the University of Copenhagen for 5 years which only I and the 
project responsible researcher have access to
At any time during or after the interview, you can withdraw your participation from this project, and demand that your 
interview not be used in the project. Of course, once your contact information has been deleted, we cannot withdraw 
your interview
Do you consent that…
if “no” to any of the bullet points below, stop the interview
You understand the procedure we just went through? if no: read again or clarify
We record this interview, and that the interview is transcribed
That the recording is shared with the person that will transcribe our talk, and with the data responsible researcher at 
the University of Copenhagen
That the University of Copenhagen is responsible for the data, and will use transcripts from the interviews in the cur-
rent research project and future research and educational projects
Could you state your position, and how long you have been practicing medicine?

Contextual questions
Current experience 
with cachexia
Cachexia diagnosis

Can you say what your role is with regards to the diagnosis and treatment of lung cancer?
What is your current role with regards to the diagnosis and treatment of cachexia?
Do you ever diagnose lung cancer patients with cachexia (when relevant)?
Do you know whether your colleagues diagnose lung cancer patients with cachexia?
Has the section/department that you work in ever set up guidelines for the diagnosis of cachexia? (yes: what are they?)
How do you define cachexia?
How do you separate cachexia from malnutrition?
Who decides if a patient has cachexia?

Initial thoughts
Presenting the project
Initial reaction
Influence on treatment
Explainability

As you probably know, an AI-driven early cachexia detection tool is currently being developed, by an international 
collaboration that includes a team in this hospital. This tool is created by machine learning algorithms. We are inter-
viewing clinicians who may come in direct contact with this tool in the future in order to understand their needs and 
desires regarding the explainability of the AI. Explainability is an AI feature that tries to clarify why the AI made a 
certain recommendation. It is needed since most machine learning statistical calculations are opaque (“black box”), 
even to those who develop them
Do you have any initial thoughts about Explainable AI?
If you were to receive an alert from such an AI system that tells you that a certain cancer patient has early stages of 
cachexia, would it be helpful?
*If does believe*
What steps would you take if you received such an alert?
Would it be essential that this alert include an explanation or is it just nice to have?
*If does need explanation*
What would you need the explanation for?
What kind of explanation or explanations would you need?
How would you like this information to be presented?
What wouldn’t you want to be presented with?
What do you think makes a good explanation?

Current use of auto-
mated tools
Experience history
Known problems

Do you have experience with automated tools as part of your medical work?
*If does have experience*
Can you describe these systems?
Were there problems with any of these systems?
Were you sometimes skeptical regarding these systems’ results?
Could you evaluate the validity of their results?
Do you think other clinicians might have difficulties with these systems?

Vignette

Table 4  Interview guideline
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Introduction
The list of features
Familiarity
Direct contact
Competency
Suitable target of 
explainability

I will now show you a list of variables that are used by the early detection cachexia system. *Show the list*
Are any of them familiar to you?
*Unless not familiar with any of them*
I want us to go over each of the ones you are familiar with, and for you to tell me if you currently have any direct way 
to know if this variable is incorrect
Are there variables you think should not be included in the tool?
Are there variables that are not in the list you think should be included?
Assuming that this is the list of variables that will go into the recommendation regarding cachexia; would you feel you 
are in a position to evaluate the validity of the recommendation?
Now that you know the list of variables, which department is best suited to validate this data?

Table 4  (continued) 
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