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Abstract

Why is transparency important for the use of Al in healthcare? Responses to this
question typically claim that transparency is something owed to the patient — be-
cause it is a condition for informed consent, legitimacy, accountability to the pa-
tient, etc. In this paper, we draw attention to why transparency can be valuable
for medical practitioners. We claim that transparent Al models facilitate critical
engagement by medical practitioners with Al models that they use. That is, they
enable practitioners to assess why Al models make the recommendations they do,
think about how those reasons affect their own beliefs and judgments, and make
reasoned decisions about whether to maintain or change their own judgments. Via
this process, Al models can help medical practitioners to improve their practice in
a distinctly valuable way. In turn, this benefits both medical practitioners and their
patients. This conclusion has important implications for Al design in healthcare:
if AT models are to be used in healthcare, they should be designed in ways which
allow medical practitioners to understand how the models arrive at their recom-
mendations, and engage with them critically.
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1 Introduction

Imagine you are at the hospital, seeking treatment for a serious illness. You consult
the doctor, and she keys in your symptoms and your information into her computer.
A few seconds later, she reveals that she’s consulted an AI model which has recom-
mended exploratory surgery. Curious (and perhaps a little concerned), you ask how
the Al arrived at its conclusion. She replies that she has no idea how the Al works
— in fact, the Al is a “Black-Box” model, and no one — including its designers — can
explain fully how it works in the sense of how exactly inputs are causally related to
the recommendations (Vainio-Pekka et al., 2023). She does know, however, that the
model has a very high degree of accuracy, comparable to or better than the best doc-
tors around. This unsettles you.

Many ethicists have claimed that something has gone wrong here. Specifically, they
claimed that AT models must be transparent (or interpretable/explainable) for medical
practitioners (among other people) to ethically use them (Cortese et al., 2023; Giin-
ther & Kasirzadeh, 2022; Rasheed et al., 2022). That is, the models must be designed
such that someone can provide a causal explanation for how they translate inputs to
outputs. Transparent Al models can be contrasted with opaque or black-box models,
which cannot be understood similarly. There are a number of reasons cthicists have
provided in favor of transparent AI. Among these reasons are that they minimize risk
(Chesterman, 2021; Cortese et al., 2023), engender trust (Mitchell, 2025), and ensure
fairness (Balasubramaniam et al., 2022; Chesterman, 2021). While these concerns
are certainly serious, they can in principle be assuaged. While we might not know
how black-box models work, we can test the reliability and fairness of a model sim-
ply by comparing a sufficiently large set of its recommendations (or outputs) against
existing data.! Because we can prove an Al model to be accurate and fair without
knowing how it works, transparent models are not necessarily a prerequisite for Al
to be considered low-risk, trustworthy (or at least reliable), or fair. That said, there
are other concerns about opaque Al which are in principle harder to overcome. These
include concerns that transparency is necessary for accountability (Kemper & Kolk-
man, 2019), legitimacy (Chesterman, 2021; Selbst & Barocas, 2018; Vainio-Pekka
et al., 2023), or patient autonomy/informed consent (Amann et al., 2020; Bjerring
& Busch, 2021; Vaassen, 2022). These concerns are about the very nature of black-
box Al and cannot be dealt with just by proving that some AI model is reliable and
accurate. Nevertheless, these concerns have been disputed as well (Kawamleh, 2023;
Muralidharan et al., 2024; Prince & Savulescu, 2025; Prince & Lim, 2025).

In this paper, we set aside these concerns (and whether they have been overcome),
and draw attention to a different reason for why transparency matters for the use of
Al in healthcare. Typical arguments in favor of Al transparency in medicine focus on
the patient, and why they are owed explanations for what is done to them. But it is
worth also paying attention to medical practitioners, and whether transparency can
help them improve their medical practice. We claim that transparency can facilitate

! For example, see (Johnson et al., 2023).
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critical engagement on the part of doctors and other medical professionals. Critical
engagement refers to the activity whereby practitioners engage with AI models as
they might human interlocutors, by critically assessing the reasons given for judg-
ments and modifying their own judgments and beliefs according. This activity allows
practitioners to improve their judgments and gain knowledge, which in turn results in
more accurate and appropriate medical decisions. As a result, practitioners carry out
their duties better and more confidently, which in turn can result in better outcomes
for patients and their wellbeing. To our knowledge, this paper is novel in putting
forward and examining this argument in detail. This paper shall be organized as fol-
lows. In section II, we develop and explain the account of transparency, and how it
facilitates critical engagement. In section III we address potential criticisms of the
view. Finally in section IV we consider some implications of the claims developed
here, particularly for the use of Al models in emergency medicine.

To be clear, the claim of this paper is not that the arguments here show that trans-
parency, explainability, or interpretability is necessary for the justified use of Al in
medicine. Nor do we claim that transparent Al ought to be preferred in medicine, all
things considered. Thus, we do not provide a comprehensive overview of all the rea-
sons for and against transparency. Rather, it is just that there is something distinctly
(and instrumentally) valuable about having transparent Al, because it facilitates criti-
cal engagement and consequently, better patient outcomes. This value is not neces-
sarily decisive. It provides healthcare institutions with a pro tanto reason to prefer the
use of transparent Al models over opaque ones, but must be weighed against other
considerations in favor of black-box models, such as potential gains in accuracy and
efficiency. A second qualification worth making is the scope of this paper is restricted
to the use of Al models in medicine. The claims made in this paper may be applicable
to other domains, but examining the use of AI models in those other domains is out-
side the scope of this paper.

Our arguments in this paper assume that all else being equal, it is good to increase
patient outcomes and wellbeing — which as we shall argue are effects of critical
engagement in medicine. Relatedly, we also assume that all else being equal, we
have pro tanto reasons to take actions to increase someone’s happiness or wellbeing.
These assumptions are compatible with most plausible theories of ethics, which agree
that wellbeing is valuable.?

2 See (Crisp, 2001), who writes that “A theory which said that [wellbeing] just does not matter would be
given no credence at all”. While consequentialist theories most obviously instruct agents to increase hap-
piness or wellbeing, wellbeing also provides agents reasons for action in other theories. For example, Kant
(1998, p. 4: 430) wrote that “the natural end that all human beings have is their own happiness.. there is still
only a negative and not a positive agreement with humanity as an end in itself unless everyone also tries,
as far as he can, to further the ends of others”. In contractualism, the fact that some act reduces someone’s
wellbeing or fails to contribute to it can constitute a reason to reject the action (Ashford & Mulgan, 2018).
With respect to virtue ethics, there are multiple virtues which could imply that doctors have reasons to
improve patient outcomes, including generosity (Hursthouse & Pettigrove, 2023), compassion (Gardiner,
2003), trustworthiness (Gardiner, 2003), or the Scholastic virtues of prudence, justice, fortitude, and tem-
perance (Gay, 2019).
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2 Transparency and Critical Engagement

In this section we begin with a brief conceptual analysis of transparency and closely
related terms. Then we shall define and explain the concept of critical engagement,
before discussing why critical engagement is valuable for doctors and patients in
healthcare.

2.1 Transparency

We define “transparency” the following way:

Process P (a medical Al’s decision-making) is transparent to an agent S (any medi-
cal practitioner) iff it is practical, in virtue of feature F of the process P, for S (given
their agential resources) to know the epistemically relevant elements of the process.’

Less formally, a transparent Al system as one where it is practical for medical
practitioners (reasonable to access, given their likely resources and training) to know
the epistemically relevant elements of the process.

Our definition of transparency is motivated by definitions of “opacity” in the philo-
sophical literature. A system can be “opaque” in a number of senses. It can be opaque
because (i) its operators intentionally conceal its operations, (ii) because under-
standing it requires specialized skills, or (iii) because of a deeper mismatch between
“mathematical optimization in high-dimensionality characteristic of machine learn-
ing and the demands of human-scale reasoning and styles of semantic interpretation”
(Burrell, 2016). Opacity of the first two kinds is an interesting and important issue
because it raises issues regarding how governments and corporations can gain dis-
proportionate power over people (Pasquale, 2015). But our concern in this paper is
the third sort of opacity. Most salient to us is Alvarez’s (2021) definition of “agent-
neutral opacity”:

[P]rocess P is opaque in an agent-independent manner iff it is impossible, in virtue
of a feature F (and/or set of features) of the process P, which is irresponsive to (not
enhanced or minimized by) agential resources, to know the epistemically relevant
elements of the process.

Our definition of transparency is a partial opposite of Alvarez’s, which captures
a distinct concern about modern Al models which use machine-learning techniques.
They are opaque not just because Al companies conceal their inner workings or
because they are hard for laypeople to understand (although these are often also the
case). They are opaque because of a more fundamental feature of the Al models them-
selves; the procedures used by machine learning algorithms simply do not match the
way humans understand and interpret data (Burrell, 2016). No human being, no mat-
ter how technically literate, can fully understand how a machine learning algorithm
translates specific inputs into outputs.

Kastner and Crook (2024) point out that the phrase “epistemically relevant” is
deliberately non-specific, and includes “any robust patterns which underlie or main-
tain a system’s behaviour and are relevant to the epistemic goals of an agent”. As a
result, opacity is relative “to an agent’s (e.g., a company, Al user, or developer) inter-

3 We thank an anonymous reviewer for suggesting this formulation.
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ests.. at a given time” (Kédstner & Crook, 2024). In this paper, we are primarily inter-
ested in whether and how transparent Al systems can help improve medical practice.
Therefore, epistemically relevant elements can refer to any information that could
make a difference to a medical practitioner’s goals (like meeting the health needs of
her patient). As we shall argue later, such information can sometimes include expla-
nations for how an Al system arrived at an output.

Within the category of transparent Al there is “interpretable AI”, which refers to
Al models which are inherently transparent. We can determine how the model makes
decisions simply by studying the algorithm’s structure itself (Muralidharan et al.,
2024). For example, an algorithm which uses a simple linear model for all opera-
tions is likely to be interpretable. Meanwhile, “explainable AI” refers to Al models
for which we have secondary post-hoc models which tell us how the primary model
works (Rudin, 2019). This secondary model can be, for example, another AI model
which generates “a local linear equation that emulates the behaviour of the [primary]
black-box in a range of nearby cases” (Muralidharan et al., 2024). Secondary models
can vary in their level of fidelity to the primary models, in that they can be more or
less representative of how the primary model actually arrives at its results (Rudin,
2019). A high-fidelity model is a secondary model which very closely approximates
how the primary model works. For our purposes, only high-fidelity models count as
transparent, because they provide a reasonably accurate picture of how a primary
model works. They can therefore provide agents with knowledge about epistemically
relevant elements about the model. In contrast, low-fidelity models are less accurate
or precise. While they may still provide users with some useful information about
how the primary model works, the arguments we present in this paper may not apply
as well to them. For our purposes “transparent AI” refers to any interpretable Al
model, or any primary model paired with a high-fidelity secondary model.

It is possible that no explainable models can be sufficiently high-fidelity to be
counted as “transparent”. It may be the case that for any black-box model worth using
(because of their level of accuracy and sophistication), no sufficiently representative
secondary model can be developed. For example, Babic and Cohen (2023) suggest
that all explainable models will fail to be action-guiding, trustworthy, or suitable for
accountability practices (like blame), because they do not reflect the real reasons for
why a decision was made. Another possibility is that interpretable/explainable high-
fidelity models will simply be so complicated that any explanation will be beyond
human comprehension. As a result, it may be that transparency is impossible for
black-box models which are worth using. In such a case, a trade-off must be made
between the value of transparency and the other goals held by medical institutions
and professionals. All things considered, there may be reasons to prefer opaque or
lower-fidelity models in some cases. Nevertheless, given the constant rate of techni-
cal progress and change, the feasibility of explainable and high-fidelity models may
well change. We will remain neutral on this issue for the purposes of this paper.

2.2 Critical Engagement

To grasp what we mean by critical engagement, consider what it means to critically
engage with a friend, interlocutor, or peer. When we critically engage with each other
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on a topic, we may begin by stating our conclusions (or beliefs), and then supplying
premises in favor of those conclusions. Subsequently, we may analyze the relation-
ship between the premises and the conclusions, determining if the premises success-
fully support the conclusions, if arguments need to be modified, or if our beliefs are
strengthened or undermined by those arguments. In most cases, human beings can
also engage in continued back-and-forth dialogue. Such dialogue can be very helpful,
although not necessary for critical engagement (consider someone who writes a sin-
gle letter to a friend to provide them with advice on a decision). Critical engagement,
as we have described, is familiar to anyone who has enjoyed collegial and productive
arguments about movies, politics, or food. Critical engagement is an important and
vital way by which we revise and improve our beliefs. In engaging with one another,
we learn about new facts and perspectives, improve our own arguments, and revise
our flawed beliefs. All this in turn helps us to interact with the world in more produc-
tive ways.

Human agents can critically engage with transparent Al models in a way that’s
partially analogous to the way we critically engage with each other. A transparent
Al model can give us information about how or why the model arrived at a deci-
sion. This information can give us reasons — which we might not otherwise have — to
increase or decrease our confidence in our beliefs. Information about how a model
arrived at its decision can therefore count as an epistemically relevant element. To
be clear, such a model alone is not perfectly analogous to a human interlocutor, as
it cannot engage in further discussion and dialogue (although it may be possible to
supplement the model with an LLM which then engages in dialogue). Such a model
will also be unable to revise its own opinions in light of some discussion. Neverthe-
less, further dialogue is not strictly necessary for critical engagement to occur, and
information about how the model arrived at its decision may be sufficient to help a
practitioner arrive at better conclusions.

Similar points have been previously observed by Kempt and Nagel (2022) and
Kempt et al. (2023). Kempt and Nagel (2022) point out that Al Decision Making
Systems (DSSs) can partially play the role of someone providing a second opinion
for practitioners, such that if a practitioner is challenged by an AI-DSS, the disagree-
ment must be resolved by another practitioner. They further point out an interpretable
Al system “allows for the interpretation of its inner workings as reasons for the
physician-in-charge”(Kempt & Nagel, 2022, p. 225). Thus, interpretable models can
give their users evidence about the correctness of their own opinions or reasoning. In
contrast, non-explainable systems do not similarly provide users the tools to reason
about the recommendations provided by the system. As a result, “a disagreement is
not resolved but merely decided in favour of one side” (Kempt & Nagel, 2022). In
this section, we will build on these ideas by explaining in more detail how transparent
Al systems can give practitioners reasons to make decisions. And in the following
section, we argue that transparent AI — not just any Al capable of providing reasons —
provides distinctly valuable information for medical practitioners.

Consider the following example:

1: A doctor, upon assessing a patient, believes that she ought to provide a certain
course of treatment — treatment X. After forming this opinion, she consults a trans-
parent Al model, which recommends another course of treatment — treatment Y — for
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the patient. She examines how the model arrived at its recommendation and learns
that the model made its recommendation partly because of the patient’s ethnicity. The
doctor investigates further and learns that the patient’s ethnicity is associated with
some genetic dispositions for a certain disease, which she previously overlooked. In
light of the new information, she revises her opinion.

In the case, the doctor is able to engage critically with the AI model. She is able
to see the reasons for why the model made a recommendation, assess those reasons,
and determine how those reasons can affect her own decisions. She can thus revise
her decisions or not, based on informed reasoning. If she revises as she does in case
1, it might be because the model has revealed some information that she might have
previously overlooked or not known about. If she rejects the recommendation of an
Al model, it may be because she has decided that the model (even one that is accurate
95% of the time) has made a mistake and that her knowledge of the situation is supe-
rior. For example, we can imagine a case where a very powerful model makes a rare
mistake of associating a condition with a patient’s ethnicity, which the doctor spots.
In case 1, the eventual outcome is materially improved by the use of the transparent
Al model — if not for the model, the doctor would have made an inferior decision
which would have negatively impacted the patient.

Of course, the outcome would have been improved even if the AI model was
opaque and if the doctor decided to defer to the model anyway. But the difference
here is that because the AI model in case 1 is transparent, it is practical for the doc-
tor to gain new epistemically relevant information about the patient and the condi-
tion. This process of gaining new knowledge has been pointed out by Okada et al.
(2023), who write that “if an explanation from an Al model shows an unexpected
contribution of a certain risk factor to the prediction of outcomes, a novel hypothesis
might be developed regarding this factor and its association with outcomes”. Indeed,
they note a study where “clinical subgroups of cardiac arrest patients treated effec-
tively with extracorporeal cardiopulmonary resuscitation (ECPR), creatinine value
was associated with outcome” by an Al designed to predict outcomes, leading to
“the development of a novel score for indications of ECPR that included creatinine”
(Okada et al., 2023). Of course, further work should be done to determine why cre-
atinine value is associated with certain outcomes. Another study found that AI mod-
els learned to detect a patient’s race from medical images like x-rays, even having
accounted for “trivial proxies” like “body habitus, age, or tissue density”, and even
when trained professionals could not detect race (Gichoya et al., 2022). This sug-
gests some correlation between race and previously unknown observable factors in
medical images. Similar observations have been made in other fields like genomics
(Novakovsky et al., 2023), ecosystem management (Chakraborty et al., 2021), and in
theoretical physics (Krenn et al., 2022). When researchers and medical practitioners
engage critically with transparent AL, they can look at why an Al model made particu-
lar recommendations, study the relationships drawn between different pieces of data,
and discover new hypotheses for how previously overlooked factors can influence
medical outcomes. This translates to new and potentially valuable knowledge, which
might have otherwise been hard to discover (particularly if relationships between
data are very obscure and if the algorithm used by the model is very complicated).

@ Springer
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In contrast, the lack of transparency, and hence the lack of critical engagement,
can be bad for the practice of medicine because it can place practitioners in very dif-
ficult dilemmas. Consider the following case:

2: A doctor, upon assessing a patient, believes that she ought to provide a certain
course of treatment — treatment X. However, after forming this opinion, she consults
a black-box Al model, which recommends another course of treatment — treatment
Y — for the patient. Because the model is a black box, she has no idea why the recom-
mendation was made.

Things don’t look as good here. On one hand, the doctor can stick to her original
judgment of going with treatment X rather than treatment Y. But if the black-box
model has been proven to be extremely accurate and reliable — more so than human
practitioners* — sticking to her original judgment involves knowingly acting in a
way is worse in expectation. Refusing to defer to the AI model may even be hubris-
tic and irresponsible, given the circumstances. On the other hand, she can defer to
the recommendation made by the Al model, knowing that it is more likely to have
made an accurate decision. But because she doesn’t know why the model arrived at
the decision, this course of action involves rejecting her own independent judgment
without knowing why her judgment is incorrect. In acting as such, she may sacri-
fice her own integrity — her loyalty to her own convictions, judgments, or conclu-
sions (Scherkoske, 2010). This is not a trivial matter. As Bernard Williams (1973)
points out (in response to impartial moral principles like utilitarianism), requiring an
agent to act against their own convictions is to “alienate him in a real sense from his
actions and the source of his action in his own convictions”. A doctor who defers to
an opaque Al system may be similarly alienated when she has to set aside her own
conclusions and the reasons for those conclusions in favor of a conclusion she does
not understand. As a result, the doctor is left with the unenviable dilemma where she
must either act in a way which is in expectation worse, or sacrifice her integrity by
acting against her own judgments (a third, even less desirable, possibility is that the
doctor takes it upon herself to develop her own explanation and “filling in the gaps”
for the Al recommendation. This may result in the doctor deceiving herself and her
patient).

Compounding the doctor’s dilemma is the issue of responsibility or accountability
(Kempt & Nagel, 2022). Part of accounting for a decision is providing a justifica-
tion or explanation for it. If a doctor defers to the recommendation of a black-box
Al model, there is a sense in which they cannot provide a full account of their final
decisions. The statement, “I made this decision because the accurate AI model said
I should” clearly misses something epistemically relevant to the aim of understand-
ing why a decision is better than the alternatives. As a result, having access to a
transparent Al may allow a doctor to account for their decisions better or more fully.
To be clear, it is possible that referring to the recommendation of a black-box AI —

4 To date, several studies have indicated that some AI models perform comparably or favorably with
human practitioners in assessing triage cases and in diagnosis. For examples, see (Baker et al., 2020; Graf
et al., 2022; Razzaki et al., 2018; Shen et al., 2019).
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“the Al model said so” — may sometimes constitute an adequate account of a deci-
sion. Whether fuller and more satisfying explanations are needed for accountability
is beyond the scope of this paper.

Transparent Al is not only useful in cases where it contradicts the opinions of
medical practitioners. It can also be useful in cases where it confirms their opinions,
especially when practitioners make decisions based on incomplete information and
intuition. Medicine has been described by some people as an art (Detsky, 2022; Mose-
ley, 1993), reflecting the idea that gut feeling and intuition often play important roles
in medicine (Adler, 2022; Hall, 2002; Kozlowski et al., 2017; McCutcheon & Pin-
combe, 2001; Smith et al., 2021; Stolper et al., 2009; Trafton, 2018; Van Den Bruel et
al., 2012; Woolley & Kostopoulou, 2013). An experienced and proficient doctor may
be described as someone who possesses practical wisdom, a virtue consisting of a set
of “motivations, habits, dispositions, beliefs, knowledge, or abilities” (Swartwood
& Tiberius, 2019). Some philosophers have observed that wisdom is uncodifiable,
in that we cannot gain a wise person’s understanding simply by learning a list of
principles or rules (Swartwood & Tiberius, 2019). This claim is traceable to Aristotle,
who noted that practical wisdom involves both general and abstract knowledge as
well as skill in reasoning about particulars (Aristotle, 1999). Hence, the development
of practical wisdom requires experience and cannot be gained merely by studying
general principles (Aristotle, 1999). As a result, an experienced and proficient doctor
may arrive at a conclusion without being able to articulate general reasons for how
they arrived at it.> They may sense, based on their years of experience that some
conclusion is more likely to be correct, while younger and less experienced doctors
rely on guiding rules or “informal yardsticks” (Nilsson & Pilhammar, 2009; Rikers et
al., 2004). When doctors make important decisions based on intuition, transparent Al
can help them articulate reasons for their judgments. Practitioners can in turn use this
information to improve their own skills, and to communicate their decisions more
clearly to their patients. For example:

3: A patient turns up at a general practice with some difficulty breathing. The
attending nurse has a gut feeling that the patient might be going through cardiac
arrest, rather than something else (like an asthma attack), but they can’t articulate
why. Fortunately, the clinic has an Al model which confirms what they believe —
based on the specific breathing patterns, it confirms that the patient is likely going
through cardiac arrest (Chan et al., 2019).

It’s probably valuable for medical practitioners to have Al models which confirm
their suspicions regardless of whether those Al models are transparent or not. These
models can help practitioners execute their decisions with greater confidence, and
may reduce incidences of wrongful risk-averse decisions. But it’s probably even bet-
ter for Al models in such contexts to be transparent, when they can help practitioners
articulate reasons that they may not have access to. Imagine further that in Case 3,

5 There are a number of different theories about how expert intuitions, like the ones held by experienced
medical professionals, work. One possibility is that expert intuitions are a form of pattern recognition. At
the same time, some scholars are skeptical about how reliable expert intuitions are. For a discussion on
these two points, see (Kahneman & Klein, 2009).
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the AI model explains its predictions; because the patient has a particular breathing
pattern associated with cardiac arrest, it is likely that the patient is suffering from
cardiac arrest. The attending nurse in this case could learn something they may not
have otherwise known, and may pay special attention to the breathing patterns of
future patients.

A final potential benefit of critical engagement is in counteracting some worries
about automation bias — a tendency to over-rely on automation (Goddard et al., 2012)
— and deskilling (Duran, 2021). These two worries are interlinked; when users of Al
models over-rely on automation, they will be less likely to rely on their own skills,
and may therefore lose those skills. And when practitioners are less skilled, they may
be less able to determine when a model should be relied on, leading to either over or
under-reliance. When an Al tool is opaque, practitioners may end up adopting differ-
ent attitudes towards the model. One possibility is that they become overly skepti-
cal of the model — as Dzindolet et al. (2003) found in three studies of people using
automated aids “experience with the aid can quickly lead to distrust (and disuse) if
the aid malfunctions in a way that the operator is unable to explain”. This is a bad
outcome when using an Al tool can improve outcomes. The other possibility is that
practitioners become uncritically reliant on the AI model; when a practitioner knows
that a model is very accurate but doesn’t know why, they may decide to simply defer
to the Al model all the time. This may be a form of over-reliance, if the Al model
turns out to be less than perfect.

This is where transparent Al comes in. Transparent models facilitate critical
engagement, which facilitates the development and maintenance of skill. In turn,
skillful practitioners may be more likely to develop an appropriate level of reli-
ance on Al models. This claim has been corroborated by some empirical research,
where studies found that explanations decreased over-reliance on automated systems
(although these findings were qualified based on the types of explanations and the
domain) (Vasconcelos et al., 2023; Vered et al., 2023). When a user is presented
with the reasons for a decision (presumably, in intelligible and user-friendly ways),
they are encouraged to engage critically with the reasons. In doing so, they become
less likely to accept the decision uncritically, and thus be less likely to over-rely on
automation.

Thus, transparent Al is valuable because doctors, other healthcare practitioners,
and researchers using it may gain skill, knowledge, and confidence. This outcome
may be valuable in and of itself, but more importantly, this should improve patient
outcomes. Doctors using transparent Al may deliver service more confidently and
more appropriate to the patient’s situation. This value gives us an instrumental reason
to prefer the use of transparent Al over opaque Al. Of course, this reason is not by
itself a decisive reason to use transparent Al instead of opaque Al. It may supplement
other reasons in favor of transparent Al, including “in principle” considerations (e.g.
that opaque Al violates patient autonomy) (Amann et al., 2020; Bjerring & Busch,
2021; Vaassen, 2022). It must also be weighed against the benefits of using opaque Al
in medicine, such as the possibility of increased accuracy (London, 2019). Neverthe-
less, when we assess the balance of reasons, it is important to consider the benefits
we have discussed.
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3 Objections

Let us now consider some potential objections. Transparent Al models may not
always provide any information that is useful for deliberation. Consider the follow-
ing example:

[Sluppose that a patient, Hal, was looking at a LIME system Al and can see why
given the information provided, palliative care instead of chemotherapy was recom-
mended by the AI. However, this explanation invokes considerations that plausibly
have little relation to whether he should go for chemotherapy. For instance, suppose
that the primary algorithm heavily weighted the fact that Hal likes to play badmin-
ton in how it actually came to the recommendation.. However, it would not be clear
whether playing badminton is a good proxy for some ground truth about factors that
affect QALY or whether it reflects some sort of bias in the training data (Muralid-
haran et al., 2024).

According to Muralidharan et al. (2024), the Al system hasn’t improved Hal’s
epistemic position, because the explanation provided for its decision — that Hal likes
to play badminton — seems to have no relevant relation to whether he should go
for chemotherapy. Such information seems to be a non sequitur, and is thus hard to
engage with.

Nevertheless, the relevant lesson from this example and similar cases is not to
jettison transparency. Rather, it is that transparent AI models should be designed in
ways which make it clear how morally or epistemically relevant reasons factor into
the recommendations made by the Al, and that doctors should be trained to engage
with Al explanations in constructive ways. To illustrate, Jabbour et al. found that
explanations do not improve outcomes when clinicians do not really understand
the implications of explanations, and have insufficient “Al literacy” (Jabbour et al.,
2023). But notably, they did not conclude that explainable Al is pointless. Rather,
they emphasized good Al design and training;:

.. Second, researchers developing explanation tools should involve clinicians to
better understand their specific needs. Third, standardizing clinician-facing Al model
information in simple language and empirically testing such standards may help cli-
nicians understand appropriate model use and limitations. (Jabbour et al., 2023).

Obviously, more can and should be said about specific design principles for trans-
parent Al. But the point here is that transparent Al models can be useful for delib-
eration and justification. Indeed, as we noted earlier, several studies have already
demonstrated that transparent Al models can reveal new epistemically relevant
information.

One way of pressing this objection further is to assert that Al algorithms will
inevitably be so complicated that transparent Al will be completely unintelligible
for users. For example, imagine a black-box model which, when “opened” reveals
that it recommends palliative care based on the patient’s yoghurt consumption, the
number of plants in the hospital, and the climate conditions of the first ten years of the
patient’s life. Regardless of how much training a practitioner has, they may struggle
to make sense of such a recommendation. Yet, significant research in computing is
being carried out on making Al explanations intelligible or graspable (Coste-Marquis
& Marquis, 2020; Ribera & Lapedriza, 2019; Zhang & Lim, 2022; Zuccarelli, 2024).
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Furthermore, there are existing Al models, like the “Score for Emergency Risk Pre-
diction” (SERP) model which produce very good results and are interpretable and
intelligible (Look et al., 2024). Therefore, the jury is still out on whether we can
indeed design transparent Al systems which are both intelligible and effective. It is
premature to declare that transparent Al is doomed to unintelligibility, and we should
not yet give up on trying to develop transparent Al.

Muralidharan et al. (2024) provide a helpful distinction between two chains of
reasoning: explanations — how a decision was in fact made — and normative justifi-
cations — why a decision is correct or permissible according to some “normative or
evaluative criteria”. Decisions are normatively justified (from here on, simply “justi-
fied”) by normative reasons — considerations which weigh in favor of a decision or
course of action (Alvarez & Way, 2024; Scanlon, 1998). While explanations for our
decisions often involve normative reasons, explanations and justifications can come
apart. For example, suppose you notice a colleague, who you greatly dislike, stealing
office supplies. You report his behavior, not because you care about the stealing, but
because you dislike him and want him to suffer. The explanation of your behavior is
that you want him to suffer, but this is not a normative reason. Rather, the justifica-
tion for your actions is that stealing office supplies is wrong and should be stopped.®
Muralidharan et al. (2024) go on to imagine a “justifiable AI”, which is “a secondary
Al, based on an LLM, which churns out one or more plausible justifications” for a
recommendation made by a primary Al. This secondary Al is essentially a creative
machine, inventing reasons which constitute post-hoc justifications for a decision.
These reasons may or may not be faithful to how the decision was in fact made. This
example allows us to see how a justifiable Al differs from a transparent Al. The for-
mer tells us some story about why a decision can be justified, while the latter tells us
(or at least tries to approximate) why the decision was in fact made.

From here, we can see a second possible objection to our account in this paper:
transparent Al models aren’t strictly necessary for critical engagement. You could
argue that ultimately what matters is that some other plausible normative reasons
are offered for the recommendations offered by Al models. In particular, we should
focus on justifications rather than explanations. These justifications may or may not
be faithful to how a decision was made, and may be a post-hoc model supplying rea-
sons which explain how a decision is compatible with a patient’s goals and values.
Such a justification is sufficient, and perhaps more useful, for the purposes of critical
engagement.

In principle, we are sympathetic to this line of thought. In certain circumstances,
justifications that do not provide an explanation of the basis of an algorithm’s out-
put could indeed promote critical engagement. But in practice, explanations may be
more supportive of critical engagement in many cases. Consider that, for any given
decision, there are multiple chains of reasoning (or arguments) which can be given
in an attempt to justify the decision. Many of those chains may be flawed — they may
contain irrelevant reasons, logical fallacies, non sequiturs, make bad use of data, and
so on. Sometimes, it will be easy to identify flawed chains of reasoning where the
reasons offered do not in fact support the eventual decision. But other times the flaws

¢ Assuming you don’t work for an evil corporation.
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may be subtle, and will be difficult for people untrained in critical reasoning to pick
them out. As we know from arguments with friends, public discourse, and politics,
it’s not hard for a skilled orator to supply an apparently convincing story for almost
anything! Furthermore, even skilled and conscientious deliberators are vulnerable to
the effect of biases. We often make mistakes in assessing reasons for conclusions,
especially when we agree with those conclusions. Even under good conditions,
decent reasoners may make mistakes when assessing reasons. Given that patients
and practitioners must often deliberate under emotionally trying circumstances, they
cannot be expected to tell good chains of reasoning apart from (subtly) bad ones reli-
ably. As a result, they may mistake some reasons as objective justifications for certain
decisions even though those decisions are not in fact justified.

This brings us to a first potential problem with focusing on justification at the
expense of transparency. Because people may not always have the capability or
capacity to carefully differentiate between good and bad reasons for decisions, they
may engage in bad reasoning themselves. If doctors focus on supplying their own
post-hoc justifications for the decisions supplied by black-box Al models, those
“justifications” could instead end up being faulty post-hoc rationalizations driven
by motivated reasoning. Doctors can make these mistakes even when they are intel-
ligent, conscientious, well-intentioned, and reason in good faith. If doctors use sec-
ondary justification Al models, like the kind Muralidharan et al. describe, those Al
models can also make mistakes and effectively deceive their users. Contemporary
LLMs like GPT-4 are trained on data from writing all over the internet, and are prone
to replicating the kinds of errors in reasoning that human beings make, as well as
making simple mistakes that humans don’t make.” Users who put too much trust in
Al models may be fooled into believing these mistakes.

What if the reasoning skills of LLMs improve? In such a case, we may end up in
an even worse situation. As an analogy, imagine that your doctor hires a rhetorician
to justify all of her decisions. This rhetorician is famously skillful and can invent a
convincing story for almost any conclusion — even conclusions we know to be false.
You probably wouldn’t take the rhetorician’s arguments seriously, nor would their
arguments help you trust your doctor more (if anything, you may trust your doctor
less). If we design an LLM to justify the decisions of another primary model, the
LLM becomes like the very skilled but untrustworthy rhetorician. As Uwe Peters
points out in a discussion of Al systems which provide reason-giving explanations
(i.e. justifications),

Al explanation systems would produce explanations that, during their develop-
ment, people have learned to accept as justifications for decisions.. The proposal to
design ADM systems that produce reason-giving explanations may thus lead to the
development of Al systems that create a false impression of transparency and trust-
worthiness by co-opting an often warranted pre-existing human tendency to assume
reason-givers are self-regulators (Peters, 2023).

7 A study on the logical reasoning skills of GPT-4 concluded that while the model outperformed a number
of benchmarks, the model faced “challenges in handling new and out-of-distribution data”, and that it does
not perform well “on the natural language inference task requiring logical reasoning” (Liu et al., 2023).
Similar findings about LLMs have been made by (Azaria et al., 2024; Dougrez-Lewis et al., 2024; Groza,
2023; Valmeekam et al., 2022; Zhang et al., 2024).
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Just like the rhetorician, this sort of LLM will end up either deceiving its users,
or be perceived as untrustworthy. Even when you can’t pinpoint any obvious flaws
in the “justification” provided, you still know that it’s designed to provide “justifi-
cations” for all decisions, even the bad decisions. As a result, unless you have the
capacity and skill to carefully analyze the arguments made by the LLM, you may be
better off ignoring what it says.

But let’s suppose that we can design a post-hoc justification Al model that can
and does reason well, and does not provide “justifications” for objectively unjusti-
fied decisions. Presumably, such a model will give practitioners and patients useful
information about how a decision is compatible with the patient’s values and goals. It
provides this information using chains of reasoning which meets some standards of
logical coherence and relevance. It supplies reasons which are supported by plausible
and relevant scientific and ethical theories. And instead of attempting to justify any
recommendation made by the primary model, it points out when the primary model
may have made a mistake. This sort of AI model could certainly be of great value.
Nevertheless, there is still a limitation. Because the information presented here is
a post-hoc justification for a given conclusion, we do not have information about
whether this chain of reasoning would be accurate at making new predictions. Even
when a chain of reasoning justifies a conclusion in a way that is consistent with a
patient’s values and goals, and abides by all standards of logical inference, it may not
be great at making new predictions. Indeed, if the model was indeed highly accurate
and also great at providing justification, we might wonder why we don’t use that sec-
ondary model as the primary model instead, giving us a primary model which both
explains and justifies its decisions simultaneously (in reality, secondary models of
this sort may not be designed to make accurate predictions anyway).

This is where transparency comes in. Al models have shown potential to be highly
accurate at making new predictions in healthcare, matching or improving on the
assessments made by practitioners (Alowais et al., 2023; Jiang et al., 2017; Khalifa
& Albadawy, 2024; Nadella et al., 2023). They are iteratively trained on large bod-
ies of data to get the most accurate results, given certain parameters (like the type of
data the model was trained on). Thus, we can expect that a proven Al model will use
a process which is best or near-best in terms of accuracy at making predictions. So a
transparent Al model, which reveals its processes to users, offers something uniquely
valuable: a chain of reasoning which reaches the right conclusions with very high
accuracy (in cases of explainable Al, which involve post-hoc explanations, those Al
models will only provide this valuable chain of reasoning if they are high-fidelity
models). Even though this chain of reasoning might not seem logically coherent at
first, information about this chain of reasoning could be useful for human decision-
makers who may discover relationships (between seemingly disconnected points of
data) that they may never have thought of themselves. For example, in the example
described by Muralidharan et al., an Al model recommends palliative care to Hal
based on the fact that he likes to play badminton. While seemingly irrelevant at first
glance, users could infer that the Al model is weighing “plays badminton” as a proxy
for living an active lifestyle. A practitioner like Hal’s doctor could then use this infor-
mation as a prompt to discuss Hal’s lifestyle with him, potentially revealing some
preferences and values neither Hal nor his doctor may have been conscious of. They
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can then use this information to help their deliberation about subsequent decisions,
like the nature of palliative care. This point is not entirely theoretical. As we pointed
out earlier, several studies have connected the use of transparent Al to new discov-
eries in medicine, genomics, and other sciences. In this way, transparent Al has the
potential to provide practitioners and patients with unique insights and new knowl-
edge about how certain facts can be related to certain conclusions about a patient’s
condition or the treatment available to them.

4 Implications

As we have argued, transparent Al models can help doctors and other healthcare prac-
titioners improve their own practices by facilitating understanding of how decisions
are made. Conversely, opaque Al can create undesirable situations where doctors
may have to choose between acting on decisions they don’t understand or holding
fast to their own (probably worse) decisions. It is thus quite clear that transparent Al
models can bring about material benefits. More capable and knowledgeable doctors
should result in better patient outcomes. Transparent Al is also likely to engender
more trust from patients, which “At least in the medium term.. will be strongly medi-
ated by their trust in physicians” (Nickel, 2022). Doctors who are able to understand
and explain the recommendations of Al models are more likely to gain the trust of
their patients, which in turn will help their patients trust the recommendations.

One clear implication of the claims in this paper is that developers of AI models in
healthcare should aim for transparency, either by making those models interpretable
or explainable. But this implication needs to be qualified. As we have noted, the
arguments here do not show that transparency is necessary for the use of AI models
to be justified all-things-considered. Rather, the arguments only show that there’s
something distinctly valuable about transparent Al. If there are trade-offs involved
in making Al transparent, then this value must be weighed against those trade-offs.

At the same time, one implication of this paper is also stronger than many other
arguments in favor of transparent Al. As we noted earlier, for medical practitioners
and their patients to critically engage with Al models, those Al models need to be
sensible to them. This means that it’s not enough for AI models to be transparent just
in the sense that some people, like Al experts, can understand them. Those without
any formal training in computing or Al should be able to understand (to some extent)
how AI models make their decisions, assess them, and factor the AI chain of reason-
ing into their own reasoning. In other words, transparent Al should provide explana-
tions of its decisions in plain language. This may be achieved with a secondary LLM
which constructs a post-hoc model of how the primary Al works, and then explains
it in everyday language. In addition, medical practitioners who use Al models in
their work should be trained in basic “Al literacy”. They should learn some basic
information about how neural networks and machine learning work, the strengths and
weaknesses of AI models, the risks of bias and error in AI models, and so on. Such
training may give practitioners the skill to productively engage with Al models. The
training is particularly useful when dealing with Al models which make use of con-
nections and information which initially don’t seem relevant, like a patient’s ethnic-

@ Springer



1 Page 16 of 21 J.E. Lim et al.

ity or badminton hobby. Al literacy training can also help medical practitioners gain
confidence in working with Al models, so that they can avoid dilemmas like those
described in section II (with respect to case 2).

Another implication of the claims here is that transparent AI may be of different
value in different medical contexts. Consider the difference between non-emergency
healthcare and emergency healthcare. While stakes can be very high in both non-
emergency and emergency healthcare, emergency healthcare is characterized by high
urgency. The value of critical engagement may thus be different in the two sets of
contexts. We want doctors in non-emergency cases to take their time and consider all
the variables and factors in order to make the best decisions. But critical engagement
takes time and careful and methodical consideration. These are luxuries in the world
of emergency medicine, where taking the time to critically evaluate information may
come with the cost of losing precious time.® Such costs may well outweigh the value
of critical engagement.

This is not to say that transparency is of no value in emergency healthcare. Rather,
depending on the nature of specific tasks, the value of transparency can differ. Indeed,
in a qualitative study, Townsend et al. (2023) found that some emergency health
practitioners see transparency as important for the use of Al in healthcare, with one
practitioner noting “I would like to know why a diagnosis was made” and “I would
want to know this [so as to know whether] to do further investigations to confirm
or deny [the diagnosis]”. This quote shows a desire on the part of the practitioner to
engage critically with the recommendations made by Al models, even in emergency
departments. Another qualitative study of emergency radiologists found that partici-
pants also valued transparency (Agrawal et al., 2023). However, a study by Stewart
et al. (2024) on emergency clinicians raised fewer concerns with transparency and
explainability while another study found that pathologists view transparency as less
important (Drogt et al., 2022). For a conclusive picture on how emergency practitio-
ners view Al transparency, more studies will have to be conducted, as well as on why
they care about transparency.

The desire of emergency practitioners to understand why Al decisions are made
reveals what is likely a shared desire among practitioners. Medical practitioners (at
least sometimes) want to be actively and critically engaged in the decisions they ulti-
mately have to make. They want to know why the decisions they make are the right
ones, and to do that they need to be able to assess the recommendations made by Al
models. Transparent Al models facilitate such critical engagement.
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