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Abstract

In this paper, we argue that one way to approach what is known in the literature as
the “Trust Gap” in Medical Al is to focus on explanations from an Explainable Al
(xAI) perspective. Against the current framework on xAI — which does not offer a
real solution — we argue for a pragmatist turn, one that focuses on understanding
how we provide explanations in Traditional Medicine (TM), composed by human
agents only. Following this, explanations have two specific relevant components:
they are usually (i) social and (ii) abductive. Explanations, in this sense, ought to
provide understanding by answering contrastive why-questions: “Why had P hap-
pened instead of Q?” (Miller in Al 267:1-38, 2019) (Sect. 1). In order to test the
relevancy of this concept of explanation in medical xAl, we offer several reasons
to argue that abductions are crucial for medical reasoning and provide a crucial tool
to deal with trust gaps between human agents (Sect. 2). If abductions are relevant
in TM, we can test the capability of Artificial Intelligence systems on this merit.
Therefore, we provide an analysis of the capacity for social and abductive reason-
ing of different Al technologies. Accordingly, we posit that Large Language Models
(LLMs) and transformer architectures exhibit a noteworthy potential for effective
engagement in abductive reasoning. By leveraging the potential abductive capabili-
ties of LLMs and transformers, we anticipate a paradigm shift in the integration
of explanations within Al systems. This, in turn, has the potential to enhance the
trustworthiness of Al-driven medical decisions, bridging the Trust Gap that has
been a prominent challenge in the field of Medical Al (Sect. 3). This development
holds the potential to not only improve the interpretability of Al-generated medical
insights but also to guarantee that trust among practitioners, patients, and stakehold-
ers in the healthcare domain is still present.
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1 Introduction

Al systems are becoming increasingly more capable in many fields and domains.
Most recent evidence of this has been the rise of Large Language Models (LLMs;
Zhao et al., 2023) like the GPT family of models (Radford et al., 2018; OpenAl,
2023; Bubeck et al., 2023). As these systems continue to improve, it becomes more
important to consider how they are deployed. In this paper, we concentrate specifi-
cally on how Al should be used in medicine. Because of their greater image recog-
nition and classification performance, several Al systems have already been used
within the Medical Field (Pesapane et al., 2018; Briganti & Moine, 2020; Piccialli et
al., 2021). However, current state-of-the-art Al, specifically neural networks, face a
particular issue when deployed. The problem is that existing neural networks (NNs)
are black box systems (Adadi & Berrada, 2018; Carabantes, 2020) that are opaque
even to their designers. While modern Al systems are becoming more capable, the
price for this capacity is the increasing complexity of these systems. As they continue
to grow in size, we are less able to interpret the causes of their outputs. This problem
gave rise to the field of Explainable Artificial Intelligence (xAl; Schwalbe & Finzel,
2023). It is clear that if we are going to deploy these systems in fields such as medi-
cine, where human lives are at stake, it is necessary to develop methods of explaining
these opaque Al systems.

However, what is an explanation? If explainability is our goal, we require a clear
definition of it. One major problem with research in XAl is that it lacks an agreed-
upon definition (Lipton, 2018; Mittelstadt et al., 2019; Miller, 2019). For this rea-
son, we can observe a pragmatic turn happening in xAl (Paéz, 2019; Duran, 2021,
Kim et al., 2022; Nyrup & Robinson, 2022), which aims to situate the notion of
explainability in how people offer explanations on a day-to-day basis. It is argued that
explanations have to be understood within a specific context and perspective. In this
paper, we argue along similar lines. We take the stance that it is important to develop
further xAI techniques on the background of the patient-doctor relationship involved
in medical practice.

Medical doctors and healthcare professionals require the consent of their patients
to do their work. To do so, they need to be able to justify and provide reasons for their
diagnoses. In this way, the doctor-patient relationship is built on frust in the medi-
cal process and its ability to justify itself at every step. However, the patient-doctor
relationship is jeopardised once NNs become involved. With the current opaque Al,
no reasons for a decision can be easily extracted. Thus, trust is undermined in two
specific ways: (i) the trust that patients can have in healthcare professionals in general
and (ii) the trust that medical doctors can have in the medical process itself. This gen-
erates a Trust Gap (TG) that needs to be crossed when a patient asks for a reason for
a specific procedure, treatment or diagnosis. To cross this gap, we must understand
the process underlying common explanations.

In the first section of the paper, we explain the problems with the explanations
offered within xAI. We argue that current xAI methods do little to help. The explana-
tions on the offer do not reduce the ambiguity of Al decisions. Based on this, we must
turn to social sciences and base our definition of explainability on everyday explana-
tions. Following Miller (2019), we understand explanations as answers to contrastive
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why-questions. We hold that the explanatory process comprises two distinct parts,
social and abductive, that work in tandem to produce an understanding.

In the second section, we apply this framework to medical practice. We argue
that there is a good case to be made that medical explanations are abductive, which,
alongside their social character, allows doctors to cross the TG above. We make
this argument in spite of the fact that abductive reasoning remains underexplored
within the relevant literature, which partially also motivates our present approach.
It is essential to differentiate between an Easy Trust Gap (eTG) and a Hard Trust
Gap (hTG). An eTG is related to the fact that even if doctors can justify and answer
why-questions, they can still face eTGs, since they may not be in control of the entire
epistemic network of information and technical details of a specific medical case.
However, because someone in the justificatory chain can grasp the necessary epis-
temic details that are missing, the TG can be quickly closed since the medical doc-
tor can look for the missing information with another medical expert or technician.
Within eTGs, the medical doctor has epistemic potentiality: a specific medical detail
can be missed that can be filled by the epistemic role of another healthcare expert.
The case is different when we consider hTGs: because Al models are epistemically
opaque by nature (Carabantes, 2020), the epistemic potentiality is missing, and the
missing information to provide an explanation to patients cannot be found anywhere
in the epistemic chain.

In the third section, we apply these ideas to XAl by asking whether current Al
systems (specifically transformer NN architecture) can transform those hTGs into
eTGs. We hold that it is not enough to merely engage with pragmatic turn in xAl, but
it is also vital to ascertain how much the current paradigm in Al is capable of follow-
ing these pragmatic demands. If LLMs and transformer architecture generally show
a promising capacity to engage in abductive reasoning, it would place transformers
where they may contribute significantly to XAl. In this section, we do a literature
review of recent studies testing the performance of transformers in abductive rea-
soning (Bhagavatula et al., 2020; Hessel et al., 2022; Liang et al., 2022) and social
reasoning (Sap et al., 2022; van Duijn et al., 2023; Shapira et al., 2023) tasks.

Importantly, we find that while these systems can potentially use abductive reason-
ing, they also show some limitations. Transformers are capable of selective abduction
because they can choose well from a set of pre-made hypotheses. However, they
do not fare as well in creative abduction in tasks requiring the generation of novel
hypotheses. We conclude that this deficiency is likely to have repercussions when
these systems are tasked with generating explanations of their output. These limita-
tions would likely affect the application of these systems in XxAl. Therefore, we hold
that there is a need for more research to improve current Al systems’ creative abduc-
tive reasoning ability.

2 Explaining Away Al Ambiguity
In recent years, the field of XAl has received considerable critique for its approach.

One of the identified issues is that the core concepts of the field, such as explain-
ability or interpretability, show themselves to be “simultaneously important and slip-
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pery” (Lipton, 2018, p. 20). These terms lack an agreed-upon definition, resulting in
many XAl proposals that do not move the field forward. Miller et al. (2017) identify
that the root cause is that the inmates are running the asylum in xAl, where expla-
nations are formulated by data scientists for other data scientists. Many researchers
working on xAl tend to take the approach of “I know it when I see it” when choosing
their model of substantive explanation. However, that leads to researchers following
their intuitions, with the result often being explanations unsuitable for the end users.

An excellent example of where current XAl methods fail is in cases where doc-
tors have to interpret the outputs of NN. Often, doctors have to deal with ambiguity
regarding the causes of the given output (Lebovitz, 2020). Prima facie, the informa-
tion from Al should improve and speed up the diagnostic process. Nevertheless, this
is only the case if the doctor arrives at the same conclusion as the Al In cases where
the Al disagrees with the clinician, it is necessary to interpret why the system gener-
ates the given output. This leads to a surge of ambiguity, where the doctor must doubt
the system or her diagnosis. The problem is that the XAl methods available do little to
diffuse this ambiguity; for example, in their survey, Wysocki et al. (2023) found that
explanations provided by the CORONET system did not raise the understanding of
the system itself. We believe that the problem lies in the form XAl explanations take.

The fact is that xAI methods concentrate primarily on identifying the importance
of different input features. However, this has its issues, as noted by Lim et al. (2019,
4) in xAl “showing feature attribution or influence is very popular, but this only
indicates which input feature of a model is important or whether it had positive or
negative influence towards an outcome.” We argue that the problem is that many xAl
methods often, at best, answer how-questions, which “determine the set of causes
that, if removed, would prevent the event from happening” (Miller, 2019, p. 7). A
problem with this is that it generates an interpretability gap (cf. Holm, 2023; Ghas-
semi et al., 2021). Let us take saliency methods as an example. When the method
generates a heatmap of important features in the input, the problem we encounter
is that “it is not clear from the heat map what it is about the hot areas that the Al
considers important for its output.” (Holm, 2023, p. 3, emphasis original). We know
what caused the Al to make a particular classification, and we gain knowledge of
how Al processes the input, but we do not know why these features are important.
This gap in our understanding is the source of the ambiguity that doctors face when
interpreting Al, leaving it to them to interpret the feature’s importance. That leads to
one of the two results were either doctors understand these systems through their own
confirmation bias (Ghassemi et al., 2021), where they think that what matters to them
is also salient for the Al, or they let these systems decide for them, succumbing to
the automation bias (Goddard et al., 2021; Lyell & Coiera, 2017) and trusting these
systems unquestioningly.

This ambiguity is likely to affect the diagnostic process and the relationship
between patients and doctors as a whole. We believe the interpretability gap consti-
tutes the difference between an eTG and an hTG. To deal with the doubt generated
by Al, we must base our understanding of explanation on “what it means to say that
a human agent understands a decision or a model” (Paéz, 2019, 442, emphasis origi-
nal). For this reason, several researchers call for a pragmatic turn in XAl (Paéz, 2019;
Duran, 2021; Kim et al., 2022; Nyrup & Robinson, 2022). They argue that it is nec-
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essary to develop XAl from the perspective of the explanatory processes that human
beings use and base on it the account of human-computer interaction. Further, it is
argued that we need to engage with models of explanation in social sciences (Miller
etal., 2017; Miller, 2019). When we do, we find that there are four criteria for expla-
nations: (1) Explanations are contrastive; (2) Explanations are selected; humans are
biased toward particular causes; (3) Probabilities and statistical data do not generate
understanding; and (4) Explanations are social.

In this paper, we are particularly interested in (1) and (4) since we believe both are
important for dealing with the ambiguity we encounter with Medical Al and deciding
whether we are facing an eTG or hTG. We must understand that an explanation is
both a process and a product (Lombrozo, 2006). The product of an explanation takes
the form of an answer to a why-question, which is contrastive in the sense that people
do not want to “explain the causes for an event per se, but explain the cause of an
event relative to some other event that did not occur” (Miller, 2019, p. 9, emphasis
original). Explanation ought to answer the question of ‘“Why had P happened instead
of Q?’ (cf. Lipton, 1990; Miller, 2021). We can observe that this is the case with
ambiguity with medical Al The clinicians in those situations seek to understand why
Al came to a different conclusion than they did. They seek an explanation on the
background of their own diagnosis and want to know why Al thinks differently. That
creates the context for the given explanation. Current x Al methods do not answer this
question, thus generating the issues we discussed above.

As a process, the explanation comprises two different but connected explanatory
processes. Explanation involves “transferring knowledge between explainer and
explainee, generally an interaction between a group of people” (Miller, 2019, p. 6,
emphasis added). Thus, the explanatory process is social; explanations “are commu-
nicative acts where an explainer conveys some information to an audience” (Nyrop
& Robinson, 2022, 13; emphasis original). Following this, within the contrastive
context, explanations must also be aimed at a particular explainee. This, however,
has to go beyond merely producing an explanation and be understood as an ongoing
process. As urged by Rohlfing et al. (2021), we simply cannot view the explainee as
a passive receiver of explanation; instead, she and the explainer steer the process of
explanation together. Both of the participants in the explanatory process are social
agents. Therefore, the explainer needs to model the explainee and vice versa to con-
verge on the explainee gaining understanding.

The part that we want to stress is that explanations happen within social practices, !
which involve “a protocol that serves as an orientation in the sense of what to do
next and an interpretation of where an action could be going” (Rohlfing et al., 2021,
724). For human beings, these social practices very often have a linguistic form.
Linguistic social practices help to further structure and control the process of explain-

! Several discussions in this paper highlight the active role of the explainee in explanations, emphasiz-

ing that explanations are not mere passive information but rather an ongoing dialogue between parties,
which indicate the social nature of explanations that will be central to our argument. Késtner et al. (2021)
introduced the Explainability-Trust Hypothesis (ET), positing that explanations can foster trust in the
explainee. Blanco (2022, pp. 249-251) further examined this idea, emphasizing the importance of con-
sidering the explainee’s role and background knowledge for ET to be effective. Both theses can serve as
a background assumption for the argument we are developing in this paper.
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ing. Because of this, developing XAl by engaging with how natural language struc-
tures explanations is likely to prove fruitful. Several studies have shown that natural
language explanations have benefits, such as increasing trust in the given system
(Chaves & Gerosa, 2020; De Gennaro et al., 2020). However, current XAl primarily
uses natural language for “generating explanations using context and presenting them
as a fixed explanation” (Cambria et al., 2023, p. 8, emphasis added). This is problem-
atic because explanations are primarily conversations. As shown by Lebovitz (2020),
when doctors interact with Al, they are often frustrated precisely because they lack
any means of having a recourse with the Al. Only presenting the explanation in natu-
ral language is not enough to deal with the interpretability gap. We need xAl systems
that are conversational agents (Nguyen et al., 2023; Jentzsch et al., 2019) capable of
engaging in the social practice of explaining. We would add that explainable Al may
not be enough; we also need explanatory Al (Elton, 2020; Sovrano & Vitali, 2022;
Grangea et al., 2022), where we have autonomous Al agents which are capable of
explaining other artificial agents or themselves.

However, while the social process can help the explainer and explanee eventu-
ally arrive at a satisfying explanation, it cannot be the start of the explanatory pro-
cess. The social process allows for knowledge transfer, but it cannot fully generate
the explanation. The second explanatory process is a cognitive process, which takes
the form of “abductive inference for ‘filling the gaps’ to determine an explanation
for a given event” (Miller, 2019, p. 6; cf. Lombrozo, 2012). Abduction involves the
agent encountering an unexpected outcome, which prompts her to develop a possible
hypothesis of its cause. According to Hoffmann et al. (2020) and Miller (2023), the
process of abduction has the following five phases:

1. Observation of an event — The agent encounters an event that is not in accordance
with its current mental model, which prompts the agent to start an exploratory
process, where she imagines the causes of said event.

2. Generate Hypotheses — The agent generates several informed guesses that could
explain the event, which then serve as hypotheses moving forward.

3. Judge the plausibility of the hypotheses — The agent starts looking for evidence
that could prove or disprove its formulated hypotheses, with some of them dis-
carded as other hypotheses are found more probable.

4. Resolve understanding — In the end, the agent finds one hypothesis that explains
the event particularly well and fits the evidence found. This hypothesis is then
adopted as the explanation of the event. The abductive process may stop here or
proceed to 5.

5. Extend — Revise and extend the process as new evidence is encountered by the
agent.

What is argued by several researchers is that an abductive process of this form may
serve as a good foundation for xAI (Miller, 2019, 2023; Hoffmann et al., 2020; Medi-
anovskyi & Pietarinen, 2022). In xAl, the hope is that if we produce enough local
explanations for specific Al outputs, we could eventually arrive at a general model
of the given system. However, that is not the case, as pointed out by Mittelstadt et
al. (2019); these local explanations have issues with generalisation precisely because
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they are not contrastive. A particular set of data points may lead us to one conclusion
about the importance of an input feature, but we need to ask ourselves the question
of “[importance] compared to what?” (Mittelstadt et al., 2019, p. 282). We need to
situate such inductive explanations in some greater context. That is why, if we want
to develop xAl, what is necessary “is not induction but abduction” (Medianovskyi
& Pietarinen, 2022, p. 3). The reason is that abduction serves as the beginning of the
explanatory process because “the conclusion we arrive at is a theory, not the theory. It
is a case, but not the only case. Abduction provides possible accounts for why some-
thing might be the case.” (Veen, 2021, 1176, emphasis original). Abduction gives us
a possible explanation, which we are invited to investigate. That further frames the
explanatory context. However, we should not think that abduction captures the whole
process of generating knowledge:

“Abductions alone do not add to present state knowledge, the full cycle of abduc-
tion-deduction-induction does. Abduction concludes with a question and is an invita-
tion to further inquiry. Its conclusion proposes, could X possibly be the case? Let us
find out.” (Medianovskyi & Pietarinen, 2022, p. 7).

Abduction alone cannot generate knowledge, but it is an important starting point.
Interestingly, Medianovskyi and Pietarinen (2022) argue that abduction, combined
with current XAl methods such as feature visualisation, could help facilitate the find-
ing of explanatory hypotheses. Current XAl methods may help us generate observa-
tions, which can further motivate specific hypotheses regarding Al behaviour. While
insufficient on their own to provide illuminating explanations, they can provide sup-
port for abduction. In xAl, abduction may be vital because it can supply a possible
why and kickstart the exploratory process that characterises explanations.

If Medianovskyi and Pietarinen (2022) are correct, it is important to study and
eventually develop abductive reasoning processes within current and future Al
systems that would supplement and scaffold the xAi methods already used today.
Further, following the argumentation of Miller (2019), the presence and active use
of abductive reasoning in Al and xAl is likely to prove useful for translating the
decisions of Al systems into an explanatory form that is more accessible to the end
users of these systems. In this manner, abduction may augment current approaches in
significant ways that could alleviate many of the difficulties mentioned above.> We
interpret the pragmatic turn and its concept of explanation (so far as it is inspired by
findings in social sciences) as putting forward the claim that social and abductive
processes of explanation ought to be taken seriously. While current XAl methods do
provide some limited insight, their explanatory value (and the trust that is generated
as a result of successful explanation) can be improved if we account for the explana-
tory processes in use.

2 As pointed out by one of the anonymous reviewers, focusing on abductive reasoning and explanatory
process also has one particular advantage over a more standard approach. In xAl, a causal explanation
is usually pursued as the desired result of the xAI methods. It makes sense to desire to have an account
of what particular cause led to the event. However, causal explanation is very demanding, especially in
the face of incomplete evidence (which is usually the case in healthcare contexts). So often, the best we
can do is to guess (cf. Popper, 1959, p. 278), which human reasoners often do. By focusing on the use of
abduction in xAl, we relate Al more closely to human practices in medicine.

@ Springer



105 Page 8 of 25 S. S. Gouveia, J. Malik

However, the particular way the social and abductive processes are going to be
implemented in XAl is likely to produce important caveats that we need to pay atten-
tion to. A potential issue with supplemental x Al methods added on top of an Al model
is that they only produce an interpretable representation of the system’s features. The
fact of the matter is that “interpretable explanations need to use a representation that
is understandable to humans, regardless of the actual features used by the model”
(Ribeiro et al., 2016, p. 3; emphasis original). Whatever insight that is produced by
external XAl systems is not direct in the same way as human abductive reasoning.
Human reasoners often reflect on their own cognitive grasp of the problem at hand
in ways that are unlike how the Al model is interpreted by the xAl system. This sig-
nificantly complicates the picture of human-computer interaction. While two human
interlocutors can hold each other accountable directly, with Al, one can only interact
through layers of interpretable representations. Therefore, we would argue that XAl
methods cannot be just bolted on already existing systems. Rather, following our
appeal to the concept of explanatory Al, what we need to ultimately aim for are Al
systems that, in themselves, are responsive to the accountability necessary for trust.?

So, following all of this, we understand explanations as involving distinct social
and abductive processes which aim at providing answers to contrastive questions.
Our task is now two-fold. First, it is necessary to judge how the practice of explana-
tion in medicine reflects the criteria set out above. In line with the pragmatic turn, we
have to pay attention to the particular context of explanations we find in medicine.
We, in particular, set our sights on the doctor-patient relationship because we believe
it may reflect some issues similar to those we encounter in XAl. Building on how
doctors can explain their hypotheses to patients may provide a valuable blueprint for
xAl. Second, we need to judge how capable the current Al is of following this stan-
dard and how its capability could be applied to medical xAl. That is done in the third
section. However, first, we must show why abduction is a relevant tool for medical
sciences.

3 Accountability relates to one philosophical issue connected to the TG. Our claim in this paper is that the
hTG presented by current opaque systems can be turned into eTG if the XAl system engages in abductive
reasoning to generate a why-explanation, good enough to serve as an explanatory reason for Al output.
The problem is that if XAl systems only produce representations, we cannot say that the hTG has been
resolved into eTG because there is still “no one” who knows why precisely the Al system produced a
particular output. It could be argued that, at best, we created a system that “mimics” human abductive
reasoning and provides probable explanations. This is a complex issue related to the overall opacity of
Al systems. While solving all of this together is outside the scope of this paper, we would like to stress
that we do not make only an appeal to abductive aspects of explaining but the social ones as well. In
order to deal with the TG, xAl developers also have to understand that their models ought to be bound to
social practices. While abductions generate explanations of the AI models, these explanations are subject
to social norms and standards. Medicine is no different. The framework within this paper cannot solve
the entire problem of xAl. However, that is not our goal. Rather, we aim to formulate a set of standards
for xAl that would be sufficient for their ethical deployment in healthcare, and this can be considered an
improvement over the current state of affairs.
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3 Abduction in Medical Sciences

There has been a long and controversial debate about the nature of medical reason-
ing in medical sciences since it is a concept investigated by different disciplines with
different aims (cognitive psychology, medical education, philosophy of science, etc.)
(Norman, 2005). The nature of medical reasoning involves — most of the time — a
complex interplay between deductive, inductive, and abductive reasoning in a het-
erogencous cycle. Each kind of reasoning has an essential role in diagnostic and
decision-making processes within the field of medicine:

(i) Deductive Reasoning: Deduction works by applying general principles to spe-
cific cases, following a top-down approach; for example, if a patient exhibits
specifically known symptoms (S € X, y, z) and we know that (S € x, y, z) are
associated with a particular condition A, then, by the deduction, the medical doc-
tor concludes that the patient has that medical condition A;

(i1) Inductive Reasoning: Induction works from drawing a general hypothesis from
specific cases and observations, following a bottom-up approach; for example, if
a physician observes several patients with the same (S € x, y, z) that are respond-
ing well to a treatment B, then it can be induced that the medical treatment B is
effective for that medical condition A;

(iii) Abductive Reasoning: Abduction works by seeking the most plausible explana-
tion from an incomplete set of evidence or medical observations; for example,
given an incomplete set (S € X, y, z, ... n), the physician can provide a potential
diagnosis that best explains (S € x, y, z, ... n), leading to further confirmation
mechanism for that specific diagnosis.

In essence, medical reasoning is a complex process that integrates deductive reason-
ing to apply general medical knowledge, inductive reasoning to form hypotheses
based on specific cases, and abductive reasoning to generate the best explanations
in the presence of medical uncertainty. Undoubtedly, each of these reasoning pro-
cesses plays an important and relevant role within the medical enterprise. In medical
diagnostics, however, following Gungov (2018), combining deductive and inductive
methods is considered insufficient for ensuring favourable medical outcomes. For
our argument, we need to provide further reasons and evidence that, at least in some
parts of the field of medicine, abduction plays an essential and fundamental role in
providing a foundation for generating explanations. We have to do so in spite of the
unfortunate fact that “clear and explicit analyses of abduction in clinical research and
practice are not very frequent” (Chiffi & Andreoletti, 2023, p. 416).

Abductions* are known to be an interesting cognitive instrument for healthcare
professionals since they allow further exploration when medical uncertainty is pres-
ent in many medical judgments concerning prognosis, treatments or diagnoses (Chiffi,

4 Ramoni et al. (1992) make a distinction between unfocused and focused abduction: the first is related to
the selection of general hypotheses to constrain the range of possible alternatives in the first stage of the
medical process; the second is related to the idea that those selected general hypotheses need to be shaped
on the clinical characteristic of the patients (Ramoni et al., 1992). Although this distinction is pertinent,
it is not relevant to the general argument of the paper.
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2021). Abduction can also help clinicians in choosing relevant aspects to understand
the interplay between evidence collected at the population level and the specifics of a
single clinical case — that can be quite dissimilar from each other — crucial for formu-
lating judgments on individual risk (Chiffi & Andreoletti, 2023).

It is essential to notice that we are not arguing that all medicine is abductive but
that a crucial part is indeed based on abductive reasoning in conjunction with induc-
tion and deduction. While induction derives a general truth from facts and evidence,
and deduction explains something from a general rule, abduction creates an additional
layer that is missing by interpreting a specific case about a higher-level hypotheti-
cal pattern that can be confirmed or rejected with further mechanisms (e.g. testing,
exams, evidence) (Eriksson & Lindstrém, 1997).

Following Karlsen et al. (2020), we can provide a specific medical diagnosis
example that illustrates the relationships between the three kinds of reasoning and
their conjunctions in cases of medical uncertainty. The process can be divided into
four specific stages:

Stage 1: Specific symptoms are considered incomplete or unexpected, requiring a
new explanation that diverges from an established hypothesis.

Stage 2: A new hypothesis, strategically formulated to predict and elucidate the
incomplete set of symptoms, is postulated through the process of abduction,
allowing for a comprehensive exploration of potential explanations.

Stage 3: This procedural sequence advances through deduction, navigating toward
the identification of the hypothesis’s most probable explanation.

Stage 4: When tests consistently validate the predictions, the outcomes are incor-
porated into scientific findings through an inductive process within a diagnosis,
effectively elucidating the symptoms in the most comprehensive manner. (cf.
Karlsen et al., 2020)

Charles Peirce, the pragmatist philosopher, was one of the first authors to define
abduction, claiming that it is “the operation of adopting an explanatory hypothesis”,
providing a first formal description of it: “The surprising fact, C, is observed; But if
A were true, C would be a matter of course, Hence, there is reason to suspect that A is
true” (Peirce, CP 5.189).° This definition fits exactly the diagnostic example provided
above and many of the descriptions that can be found in the medical literature about
the medical process of reasoning: for example, Aliseda (2006) claims that “abduction
is a reasoning process invoked to explain a puzzling observation” (Aliseda, 2000, p.
28).

Another important characteristic of abduction®, following Peirce (cf. CP 6.525), is
that it has a selective component that is relevant to making it a valuable instrument

5 Peirce’s definition of abduction changed over time, as shown by Pietarinen and Bellucci (2014), but this
change does not affect our general claim about the role of abduction in medical sciences.

6 There is a long debate about whether abduction is similar or different from Inferences to the Best Expla-
nation (IBE). Again, this conceptual debate is intriguing but not primarily relevant to the paper’s central
argument. Douven (2021) argues that they are similar; Campos (2009) claims they are different. A more
plausible position between these two extremes is to argue that abduction and IBE overlap somewhat,
even if they are also different (Mackonis, 2013, p. 976).
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in a medical context. Since an unknown medical condition can raise many different
hypotheses to explain that medical condition, abduction needs to not only gener-
ate those hypotheses but also provide a criterion to rank or select the most promis-
ing hypotheses that should have medical priority over the others (Stanley & Nyrup,
2020), in this sense, abduction is also a process of eliminating explanations that are
less plausible until the most convenient one is achieved. Moreover, abduction can
also be seen as selective in opposition to creative: in the first case, the medical doctor
focuses on a specific hypothesis from a closed set of possible explanations that are
already selected by previous cases or experiences; in the second case, the medical
doctor infers a hypothesis which is not available at all (Magnani, 2001, p. 75).

Abductive reasoning should not be confined solely to medical diagnosis; it is also
pertinent to other crucial medical tasks, such as implementing and adopting specific
therapeutic strategies for a given disease. Take, for example, the real case of the
Covid-19 pandemic (Ali et al., 2020). The standard therapeutic interventions proved
ineffective in addressing this particular disease. There was limited evidence regard-
ing its nature, a lack of hypotheses to explain high individual variations, and many
traditional treatments for diseases with analogous symptoms were inefficient. In a
nutshell, Covid-19 created a medicinal context of high uncertainty, and healthcare
researchers had to employ abduction to generate new and alternative hypotheses to
address this medical uncertainty. This involved selecting the most promising hypoth-
eses given the available information constraints (Campaner & Sterpetti, 2023, p.
457).

Abduction not only plays a role for doctors in their pursuit of a correct diagnosis or
therapy but is also crucial for the communication acts between doctors and patients:
abduction is also used by patients so they can understand their medical situation.
Based on real-case examples’ reported by Martini (2023), we will show how abduc-
tive reasoning is used (i) in an actual diagnosis situation and (ii) in the understanding
of a patient’s own medical condition by themselves.

Regarding (i), a patient informs their doctor about their medical history, start-
ing with back pain and leading to odd-coloured stools and dark urine. The doctor
claims this progression was expected due to cancer’s natural progression that tends
to block the bile duct, connecting the abnormal test results (gamma-glutamyl trans-
ferase, phosphatase, bilirubin) to pancreatic cancer using abductive reasoning since
it explains the abnormal results and also the symptoms described by the patient. This
best hypothesis provides a unique diagnosis, predicts what might happen, and sug-
gests treatment. It also helps the patient make sense of their own experience. A biopsy
later confirms the initial best guess of pancreatic cancer, making the diagnosis even
more certain (cf. Martini, 2023, 473-474).

Regarding (ii), a patient’s partner informs the oncologist that the patient lost sig-
nificant weight, attributing it to health issues affecting their mental health via anxiety.
Despite anxiety being more common than pancreatic cancer (the correct diagnosis),
it served as an explanation for the partner’s abductive inferences about weight loss.
Another example can be offered with a patient who, because of the COVID-19 situ-

7 The cases are related to the COMMUNI. CARE protocol by recording and transcribing doctor-patient
interviews at San Raffaele University Hospital (Consolandi et al., 2020).
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ation, slept on the couch for about 20 days and experienced lower back pain. They
attribute the pain to couch-sleeping, a more common explanation than pancreatic
cancer, the correct diagnosis. In both cases, the most readily available explanation is
used to support abductive inferences by the patients to explain their symptoms before
seeing a healthcare specialist (cf. Martini, 2023, 476-477).

Finally, abductive reasoning is also relevant for clinicians when a patient’s symp-
toms are not only explained by particular physiological factors: this allows healthcare
experts to explore social dimensions influencing a patient’s health. Some diseases can
have multifaceted presentations, and since explanations are not isolated acts but are
embedded in social interactions (Rohlfing et al., 2021), the best hypothesis to explain
specific symptomatology can be based on a broad range of social influences, such as
environmental factors or lifestyle choices of the patient.

This second section provides diverse reasons to consider that abductive reasoning
is, in fact, one of the fundamental instruments for different kinds of healthcare prac-
tices in human medicine. In the next section, we provide some evidence that at least
some Al systems can perform abductions. If that is the case, these technologies could
be a valuable instrument to transform hTGs currently present in Medical Al into
¢TGs, making the process more transparent to medical doctors and, consequently,
patients. However, the abductive reasoning of Al is subject to specific limitations
with possible consequences to their use in XxAl. We go into detail in the next section.

4 Abduction in Artificial Intelligence

In the previous section, we argued that there are good reasons to suppose abductive
reasoning plays a significant role in medical practice, especially in communication
between doctors and patients. Further, abductions were found to help reduce uncer-
tainty in medical research and decision-making. If abductive inferences of the kind
we examined are useful in this way, then it is necessary to judge how capable current
Al systems are compared to human performance. In this third and final section, we
discuss this possibility. To do so, engaging with the current architectural paradigm
of Al is necessary. In the case that current Al displays these capabilities, they would
play a relevant role in medical contexts.

The success of LLMs, such as various models of GPT (Radford et al., 2018; Ope-
nAl, 2023; Bubeck et al., 2023), has been facilitated by their transformer architecture
(Vaswani et al., 2017; Lin et al., 2021). Initially designed for machine translation,®
transformers have proven very capable in natural language processing (NLP). The
source of this success was the use of the novel technique of self-attention, which
enables transformers to consider different parts of the input and weigh their impor-
tance for the output. Architecturally, this ability has been further extended through

8 The vanilla transformer architecture was designed for sequence-to-sequence modelling and was com-
prised of encoder-decoder blocks. Since then, alternative transformer architectures have been designed
for different NLP tasks. These are encoder-only transformers such as BERT (Devlin et al., 2019), used for
natural language understanding and decoder-only transformers such as the GPT family (Radford et al.,
2018), utilised for sequence generation. However, differences between these architectures are not crucial
for the goal of this section.
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multiple attention heads, which allow transformers to consider relationships of parts
of the input from different perspectives. Transformers have since proven to be not
only valuable for NLP but also in other areas, such as computer vision (Dosovitskiy
et al., 2020; Khan et al., 2022) because they can accept different modalities of input
as tokens (Xu et al., 2023). For our argument, we must examine whether transform-
ers demonstrate promise along the dimensions we have stated before. If they do so,
it will mean that transformers could be further exploited for better XAl techniques
in healthcare. In this section, we thus review the recent literature surrounding the
performance of transformers at social and abductive reasoning. While some of these
studies are preliminary, they give us the most up-to-date picture of AI’s abilities.

Let us start with the social aspects of explanations. Since human explanations often
have a linguistic form, it is clear that LLMs could be employed to create XAl systems
that generate explanations in the natural language form. LLMs could be well-suited
to become conversational agents (Nguyen et al., 2023). However, their performance
on the explanatory tasks ought to be questioned. For example, while Bubeck et al.
(2023) show that GPT-4, in particular, was capable of seemingly answering contras-
tive questions of the kind we have in mind, they note that “GPT-4 often generates
explanations that contradict its own outputs for different inputs in similar contexts.”
(Bubeck et al., 2023, p. 62). That means that these explanations are not process-con-
sistent in the sense that they do not offer any insight into how the LLM arrives at its
output, showing that, despite their linguistic form, explanations provided by LLMs
do not fulfil the necessary conditions of being genuine explanations.

Further, we stressed that the social process of explaining requires mutual model-
ling between the explainer and the explainee: with LLMs, there is a debate about
whether they are capable of such modelling. It has been argued by Shanahan et al.
(2023) that we ought to metaphorically understand LLMs as playing the role of an
agent required by the user’s prompt. However, the metaphor invites the question of
whether the linguistic capacity of LLMs is predicated on having particular models of
linguistic agents (cf. Andreas, 2022). If so, it is necessary to judge how good LLMs
are at this modelling; whether LLMs possess a Theory of Mind (ToM) may serve
as a good proxy for this assessment. Several studies found smaller LLMs generally
incapable of social reasoning requiring ToM (Sap et al., 2022; van Duijn et al., 2023;
Kosinski, 2023). Larger systems like GPT-4 were discovered to be quite capable
at some ToM tasks’ with a performance at or above children’s level of reasoning
(Kosinski, 2023; van Duijn et al., 2023). What is problematic is that this performance
significantly suffers when models are presented with adversarial examples (Ullman,
2023; van Duijn et al., 2023; Shapira et al., 2023). That suggests LLMs do not have
a general ability to engage in social reasoning. However, as van Duijn et al. (2023)
noted, we are still in the early stages of testing the social reasoning of LLMs: the fact
that they perform well at some ToM tasks should not be discounted. LLMs continue

° These were the Unexpected Contents Task (aka Smarties task) and Unexpected Transfer Task (aka the
“Maxi task” or “Sally—Anne” test) in Kosinski (2023). Ullman (2023) created alternative adversarial
versions of these same tests. Van Duijn et al. (2023) similarly tested LLMs on the Sally—Anne test along-
side the Strange Stories test and the Imposing Memory test. Sap et al. (2022) and Shapira et al. (2023)
instead used datasets for AI (such as Triangle COPA, SociallQa, ToMi, epistemic_reasoning, FauxPas-
EAI) that were either explicitly developed by them or someone else.
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to undergo rapid development; future generations of these systems could be more
capable.

Further, there are possible avenues we could take to improve the ToM capabilities
of LLMs.'? One thing that van Duijn et al. (2023) suggest is that LLMs developed
capacity for ToM during the fine-tuning, specifically during the RLHF (reinforce-
ment learning from human feedback) phase, where the models were incentivised to
generate outputs in cooperation with the intentions of human evaluators. If proven
true, LLMs could be responsive to cooperative co-modelling that characterises expla-
nations. Further literature and study could suggest various ways to capitalise on this
potential. For example, Buckner (2024, 305-344) explores two distinct approaches in
psychology and their implementation in AI. A more traditional “rationalist” approach
supposes that ToM arises from a distinct need for social competition that forces
agents to exploit their innate capability to distinguish themselves to model and pre-
dict other agents. In Al, we could take this approach to conceive of ToM as a problem
of inverse planning, where the Al agent models other agents by deriving a reward
function that would best predict other agents’ behaviour; specifically, which function
would provide the most reward for the displayed behaviour. Such a system takes the
behaviour of other agents as input and produces a hypothesis of what motivates their
behaviour as an output. An example of a system inspired by this approach is ToMnet
from Rabinowitz et al. (2018). The drawback of this method is the need to develop
additional system modules, which enable the given system to emulate innate human
capability for ToM.!"!

The other approach that Buckner (2024) classifies as “empiricist” takes a more
developmentalist perspective. Proponents of this view hold that human infants lack
the means necessary to think of themselves as separate beings due to being dependent
on a caregiver. Instead, social cognition arises due to the influence of affective states
(such as sympathy) early in life, which help to form and shape the child’s social cog-
nition over time. In Al, this approach materialises as the field of affective computing
(Picard, 2000), where we aim to enable Al to recognise the same kind of cues that
allow humans to be sensitive to the mental states of other agents. An intriguing pos-
sibility that is suggested by Buckner (2024) is that the current RLHF method could
be further improved and extended if we “find ways to leverage a wider range of
qualitatively distinct valences of human feedback” (Buckner, 2024, p. 341) like these
affective states—either of these aforementioned approaches present possibilities for
improving upon ToM capabilities of current systems. Future research will have to
decide which of these approaches is better.

10 We would like to thank the reviewers for highlighting this important development, which should be
considered in this debate.

I Rabinowitz et al. (2018) specifically discuss two additional modules on top of the basic prediction
net: the character state net and the mental state net. The ToMnet is tasked with modelling agents moving
within virtual grid worlds. Character state net serves to characterise the agents by watching the trajecto-
ries of their movements and creating an appropriate character embedding, which is then fed to the mental
state net. This second component uses character embeddings and current episode trajectory to formulate
a mental state embedding. The prediction net utilises these mental state embeddings to predict future
agent behaviour while the embeddings constantly update. Rabinowitz et al. (2018) hope this approach will
approximate how humans mentalise ToM.
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But what about the abductive reasoning capabilities of these systems? An impor-
tant thing to consider is that the field of medical imaging — particularly radiology
— saw the most widespread use and adoption of Al systems in medicine (Pesapane et
al., 2018). Transformers have been shown to outperform the previous architectural
paradigm used in this domain (Dai et al., 2021). Moreover, when transformers are
considered in the medical field, it is for their capacity to accept different modalities
of data (He et al., 2023). This quality is attractive in healthcare, where multi-modal
data is increasingly more available (Acosta et al., 2022). Therefore, we must judge
transformers’ abductive reasoning capability in different modalities. The abductive
reasoning capacity of transformers has been most explored in NLP (Bhagavatula et
al., 2020). However, there are also prominent studies in visual abductive reasoning
(Hessel et al., 2022; Liang et al., 2022). Below, we go over these studies that compare
the performance of transformers to human abductive reasoning.

In NLP, we have an ART benchmark developed by Bhagavatula et al. (2020) to test
the abductive reasoning of LLMs based on narrative text. The system is given a set
of observations and is tasked with providing a plausible hypothesis which explains
them. Bhagavatula et al. (2020) created two different datasets for this benchmark.
The first one is the Abductive Natural Language Inference (aNLI) task, where a set
of observations and two plausible hypotheses are presented to Al, and the system has
to choose the more plausible hypothesis. According to the public leaderboard (Allen
Institute of Al, n.d.), Al has surpassed the human performance of 92.90% on this
task with a score of 93.65%. The problem is that the methodology of this result has
not been published. However, we can find the methodology of the second-best result
0f 92.80% (Zhang et al., 2022). Even if we discard the unpublished best result, the
performance of transformers proves incredibly close to human capability. This result
must be contrasted with the second dataset, Abductive Natural Language Generation
(aNLG), where no set of plausible hypotheses is provided to the system tasked with
generating novel plausible hypotheses. Recent tests on this dataset (Zheng, 2023)
show that transformers have reached a human approval of 79% but have not crossed
the threshold of human performance of 96% set by Bhagavatula et al. (2020).

When it comes to testing visual abductive reasoning, we find two prominent data-
sets. Hessel et al. (2022) developed the SHERLOCK dataset to test the visual abduc-
tive reasoning of transformers. It consists of a large set of images, annotated with
highlighting bounding boxes and includes textual clues that describe the highlighted
regions. The dataset also includes a collection of commonsense abductive inferences
prompted by the boxes and clues.!? This dataset tests Al on three tasks, but we are
only interested in two tasks that compare Al and human performance. In the localisa-
tion task, Al has to align the correct inferences with the boxes that best support them.
Al is either given the bounding boxes in the correct regions or has to choose between
different randomised proposals of how the boxes could be arranged. In the latter case,
the Al is also tested on how closely its chosen proposal intersects with the position of
the original boxes. On the other hand, the comparison task involves Al judging the
plausibility of a set of hypotheses for the image. This judgement is then compared to

12 All of the highlights, textual clues, and abductive inferences were provided by human annotators during
the creation of the dataset.
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assessments made by human evaluators via pairwise accuracy, where 50% is subse-
quently subtracted to see how much better the AI model performs over mere chance.
In localisation, the best human score was 92.30% with boxes placed and 96%* with-
out them. Meanwhile, human agreement arrived at 42% (92%) in the comparison
task. Currently, the best overall Al performance (Allen Institute of Al, n.d.; Zhang et
al., 2024) is the accuracy of 89% (boxes placed) and 44% (without placed boxes) in
the localisation task, while the comparison accuracy score is 31% (81%).

Finally, the other dataset is VAR (visual abductive reasoning), created by Liang et
al. (2022). VAR is comprised of video examples that are broken up into a chronologi-
cal set of events. Each video contains several premise events, which are explained by
one explanation event also in the video. Al is tasked with (1) describing these indi-
vidual premise events and (2) formulating a hypothesis in line with the explanation
event. This same task has also been given to human volunteers. Liang et al. (2022)
used several established automated metrics to evaluate Al-generated labels.'* Overall,
Al performed well below the human threshold both in describing premise events and
formulating hypotheses for explanation events. For example, CIDEr evaluation gave
the human performance a score of 155.72 for describing premise events and 147.79
for explanatory hypothesis, while the best scores Al received were 38.27 and 30.75,
respectively. Interestingly, Liang et al. (2022) did not test only transformer-based
NNs but also RNN and transformer+RNN hybrid systems.'* They found that pure
RNN performed worse than pure transformer or hybrid systems. This may suggest
that transformer architecture may contain elements which make it better at abductive
reasoning than previous architectures. However, further research is required to prove
this claim.

This data is philosophically interesting, given the selective/creative abduction
dichotomy developed in the second section. The reason is that the different datas-
ets and tasks in the literature can be understood as testing these different kinds of
abductions, respectively. In NLP, the aNLI dataset tests the linguistic capacity of
transformers for selective abduction, while aNLG tests creative abductive ability.
Meanwhile, in computer vision, we see localisation with bounding boxes placed and
comparison tasks as analogical to visual selective abduction. Localisation without
preplaced boxes and VAR instead test creative visual abductive reasoning. There-
fore, we can interpret the results analysed as suggesting that transformers can be
competent at selective abduction and less capable of creative abduction. As we saw,
transformers seem to, at the very least, closely match human performance at the aNLI
dataset and localisation task with boxes replaced. In the comparison task, transform-

13 Hessel et al. (2022) remark that a minority of images were not solvable within their testing methodol-
ogy, so this result applies to solvable instances.

14 These being BLEU@4 (Papineni et al., 2002), CIDEr (Vedantam et al., 2015), METEOR (Banerjee &
Lavaie, 2005), ROUGE-L (Lin & Hovy, 2002) and BERTScore (Zhang et al., 2019).

15 Important differences between RNNs and transformers lie in how they deal with sequence-to-sequence
NLP tasks. RNNs depend on recurrence in NLP tasks, meaning they relate immediate inputs in one
sequence. Once they process one element, they move on to the next, relating it to the hidden state, which
they change when processing the next element. Meanwhile, Transformers process input in parallel and use
attention instead. Attention mechanisms allow for relating different input parts across different sequences.
For more detailed comparisons, see Merkx and Frank (2021), Karita et al. (2019), and Tang et al. (2018).
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ers are further behind, but their performance is still significantly better than chance.
Meanwhile, in aNLG, localisation without preplaced boxes and in VAR, transform-
ers do much worse. Further, they are better in the linguistic domain in this regard,
AND transformers are behind human performance in visual reasoning.'®

This is important because an optimist about Al capabilities might say that if doc-
tors use primarily selective abduction during diagnosis, as Magnani (2001) argued,
transformers should be just as capable diagnosticians and hopefully just as able to
justify their outputs by providing specific hypotheses for them. It seems that when
transformers are provided with a set of hypotheses, they can choose the more plau-
sible hypothesis rather well. However, we would caution against such a conclusion
because the deficiencies we discussed are more critical than an optimist would sup-
pose. It is crucial to understand that the capacity for selective abduction is too low of
a bar for the trustworthy Al that is necessary for healthcare in general. This is due to
the arguments that we have made in the second section. Creative abduction proves
essential when there is no ready-made hypothesis at hand, which means creative
abduction is useful in situations with a significant amount of uncertainty. That means
that if medical Al is deployed in situations of high medical uncertainty, such as the
COVID-19 pandemic, transformer-based Al might not be as good at diagnostics. For
xAl, this deficiency is likely to prove crucial. As we argued in the first section, situ-
ations with high uncertainty are when explanations from Al are more required: we
need Al to provide explanations when it arrives at novel conclusions that doctors did
not expect. An Al that is not very proficient in creative abduction, as transformers are
suggested to be by these provisional experiments, could prove relatively inefficient at
xAl tasks since it could not generate a new and novel explanation. Instead, it might
refer back to already established hypotheses, thus reinforcing the confirmation bias
(Ghassemi et al., 2021) that arises from Al usage in medicine. This effect would
only be compounded by the fact that explanations generated by transformers are not
process-consistent. Nevertheless, some promising signs are showing with the devel-
opment of the technology, and we expect this feature to be only a contingency that
will be solved in the near future by improving the technology in question.

5 Conclusion

In this paper, we have argued that we should reconsider how we grasp explanations
in the field of medical xAl. The first section of this paper showed that the current xAI
techniques do not alleviate the uncertainty that doctors face in their interactions with
Al, creating a TG at two levels that need to be solved. To deal with these queries, we
appealed to the pragmatic turn in XAl to argue that we need to understand explana-
tions as involving distinct social and abductive processes that aim to provide answers
to contrastive questions. In order to test how relevant this concept of explanation is

16 In theory, AI might also have a potential advantage in this area. Human reasoners can get tired or dis-
tracted when solving a task. Thus, transformers could be more consistent regarding abductive judgements
in the future. However, as was found with ToM tasks, Al performance may lack robustness. Using this
advantage is likely to be a matter of further fine-tuning and technical improvements.
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in medical xAl, we examined the role that abductive reasoning plays in medicine.
We showed that it can be argued to reduce uncertainty in medical decision-making,
especially in cases where no ready-made hypotheses are on hand, and that abductive
reasoning provides an important first step that further shapes inductive and deduc-
tive reasoning processes that may allow the increasing of trust in the doctor-patient
relationship that current Al models are missing. While we believe that abduction
is no more important than other forms of reasoning, we have concentrated on its
explanatory role in this study. Given how under-explored the role of abduction is
within the philosophy of medicine, a study of abductive reasoning in medical xAl
presents an opportunity to find new ways of solving the problem that the TG presents.
As Miller (2019) stressed, abductive reasoning likely plays a vital role in producing
explanations. Therefore, it presents itself as an important starting point that allows us
to bridge the TG that may arise in traditional medicine. Based on this, we reasoned
that if abductive reasoning plays this role, we have to judge the capability of Al on
this merit. If Al is found capable in this area, then this capacity could be exploited
to improve the XAl capabilities of these systems in healthcare contexts in ways that
have not been studied much before.

In the last section of the paper, we engaged with the current state-of-the-art Al sys-
tems. We reviewed studies examining transformers’ capacity for social and abductive
reasoning. We found that explanations generated by LLMs are often process-incon-
sistent and that whatever capacity for social reasoning transformers demonstrate is
not robust. More importantly, when we reviewed studies testing the abductive rea-
soning of transformers, we found that transformers are better at selective rather than
creative abduction, which is significant for their use and implementation in xAl.
Suppose Al systems are to provide explanations in situations of great uncertainty,
which often arises from novel conclusions generated by Al systems. In that case, they
must demonstrate sufficient performance in creative abductive reasoning. While in
NLP, transformers seem to perform relatively well, in computer vision, they perform
worse. This is important for medicine, where Al is primarily used to process multi-
modal data. We would further like to stress that during our literature review, we
learned that Al models are being tested more on selective rather than creative abduc-
tion. When we look at the Allen Institute of Al (n.d.) public leaderboard, we can find
that, for example, there are vastly more submissions for the aNLI (121 submissions)
leaderboard than the aNLG (8 submissions) leaderboard. We believe that this paper
shows the importance of creative abduction, and thus, we think that further research
is needed to examine creative abductive reasoning in Al !” We hope this study will
lead other xAI and Al researchers to pursue more studies in this direction and moti-

17 One could raise the question of how the argument presented here can hold any relevance for deductive
and inductive Al models per se. The reason why we think abduction is interesting for the Trust Gap is that
it can allow the creation of second-order models that can, then, be applied to the deductive or inductive
models and help to translate the information that is opaque from a human point of view. At this stage, we
are neutral about this translating capacity. However, as we tried to show in the more recent literature on
transformers and neural networks, there are some promising signs that, in the near future, we will be able
to have conversational agents that can translate, in abductive language, many of the internal processing of
current black-model systems. This reinforces one of the claims of this paper: We don’t need only Explain-
able Al; we need Explanatory Al.
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vate the exploration of capabilities and the importance of abductive reasoning in this
field."®
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