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Keywords Abstract
Explainable Al; Al Ethics; xAl; In this paper | assess the ethical and epistemic utility of explainable Al
Artificial Intelligence algorithms. | first distinguish between different types of outputs that

Al can have. The first class of outputs is verifiable (either through a
third-party or in virtue of contributing to a win in a game scenario) —
that is, there is a way to independently verify the outputs of the
model. The second class of outputs is non-verifiable and include
outputs like ideals (finding the best of something) and generative Al.
While some epistemic value is gained by explaining the outputs of
verifiable Al, | argue that explanations created by xAl are unlikely to
have any ethical value. Therefore, if there is an ethical problem with
the use of opaque Al systems, explainable Al will not be able to help
solve it.
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1 INTRODUCTION

There is much discussion on the notion of explainability or ‘explicability’ for Al. It has been
suggested as a principle of Al along with the four bioethics principles (Floridi et. al. 2018).
Researchers have debated its utility as an ethical principle (see e.g. Robbins 2019, Herzog 2022).
It is unclear though, exactly, what kinds of cases the explanations offered by explainable Al
would be useful.

In this paper | distinguish between verifiable and non-verifiable Al outputs. In some cases, we
can independently verify the outputs via a third party. For example, when an algorithm classifies
an image as containing a cat, we can examine the image and verify whether that is the case. In
other cases we can verify the outputs because they occur in ‘game scenarios’. That is, we can
verify that a particular output is good by virtue of its consequences within a context that has a
clear win or loss. The output is assessed as correct simply in exactly those cases in which the
game is won. The clearest case is that of a game such as chess. An algorithm that suggests
moves for a chess game will be good or bad in virtue of its ability to win a game of chess.

For non-verifiable cases, there is, first, a class of outputs that | will call ‘ideals’. This class of
outputs tries to find the best of something or the most likely. For example, a hiring algorithm
might pick the best candidate for a job. This is not something that we can verify independently.
Even if the candidate turned out to be a great employee, there may have been a better
candidate. Finally, the outputs of generative Al can also not be verified. Although “truth” is
important, and assertions made by generative Al must be verified, the goal is creative output
that is similar to art and cannot be verified as correct or incorrect.

The point of distinguishing between these cases is to understand when explainable Al would be
needed and what it would be needed for. From there, we can assess whether explainable Al
could serve that need. | will first argue that there is a fundamental problem regarding the
evaluation of an explainable Al method’s efficacy. | will then argue that while there is an
epistemic purpose that could be served by explainable Al methods (if we could determine that
they were effective), there is never an ethical need for the explanations that are possible to
provide.

2 EXPLAINABLE Al

It is important to note that explainable Al, as we understand it today, is a result of
contemporary machine learning methods that are inherently opaque (Robbins, 2019). Old-
fashioned Al was easily able to explain itself. While the output could result from a complex
decision-making process that appeared unexplainable, the logic underlying it was explicitly
programmed into the algorithm by humans. One could trace the decision tree resulting in the
output (Rudin, 2019). While machine learning methods are far more powerful (in some
contexts) than old-fashioned Al, their outputs are not the result of encoded human reasoning;
rather, through training on many examples, the algorithm is able to (loosely speaking) encode
its own reasoning.

This reasoning, however, is not like human reasoning. It is reasoning that looks like weighted
nodes that are a part of hidden layers, connected to other layers. One could “open up” the
algorithmic model and see these layers, nodes, and weights; however, this would do little to tell
us how a particular output was reached. Even the programmers themselves would be lost.

This, of course, can be quite concerning when these algorithms are used in a way that will
significantly affect the lives of human beings. Algorithms used to evaluate loan applications,
predict crime (Perry, 2013), and evaluate job performance (Ajunwa, 2016) could directly impact
the well-being of individual people. It is intuitive that one would demand an explanation for
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these outputs. Many have made such demands (Al Principles, 2017; Floridi et al., 2018; The
Public Voice, 2018; Vollmer, 2018). Others disagree (Cortese et al., 2023; Robbins, 2019).

Below, | want to highlight some of the proposals made for achieving explainable Al. All types of
explanations are not equally useful depending on the context. If explanations are to be useful,
they must be fit for purpose.

2.1 EXPLAINABLE Al METHODS
2.1.1 Local vs. Global

Local methods attempt to explain individual outputs of a machine learning system. They answer
the question which features of a specific input led to the output in question? Global methods
attempt to explain what features the model generally considers (Dwivedi et al., 2023). In the
former, the object of consideration is the output. How did we come to this particular output? In
the latter, the object of consideration is the model. How does the model generally classify
things?

For the purposes of this paper, only local methods will be considered, as our goal here is to
understand when an explanation will help us evaluate an output. Users are not concerned with
how an application and its model work in general, but why its output is correct. The user has a
responsibility for the outputs and their consequences. Knowing how the model generally works
may be interesting for those choosing one model over the other, but for considering particular
outputs, it would be less useful to know how the model generally works than how it worked this
particular time.

If an algorithm classified someone as “very bad” in terms of job performance (with the probable
consequence that they will be let go), then it is useful to have a local explanation that tells us
how this particular classification was achieved. It is a lot less useful than knowing that the
algorithm generally uses things like the number of emails sent and customer satisfaction
surveys. Before firing someone, we would want to know which considerations were in fact used.

2.1.2 Ante-hoc vs. Post-hoc

Ante-hoc methods are based on models that are intrinsically explainable (Retzlaff et al., 2024).
Decision trees are the most obvious example here. Any output of a decision tree model can be
explained by tracing the route taken to achieve the output. For example, a loan approving
algorithm based on a decision tree might have if-then statements like: if the applicant has a
salary of more than 5000 euros a month, then approve the loan; otherwise, if the applicant has
a salary of more than 3000 euros a month and no debt, then approve the loan; otherwise, reject
the loan. This simple (but clearly problematic) algorithm would be easily explainable. Any real
algorithm designed to approve loans should be much more complicated — and have many more
if-then statements. However, any output would be intrinsically explainable. These explanations
would all be local explanations — that is, they would explain the particular output.

Post-Hoc explainable Al methods are attempts to use a different black box model to gain an
understanding of how the first model reached the output it did. The most popular methods that
fall into these categories are Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro et
al., 2016) and Shapley Additive explanations (SHAP) (Lundberg & Lee, 2017). Both of these
methods assign values to input variables, which show how important they are for determining a
specific output. LIME and SHAP are themselves machine learning models that explain individual
outputs in a model-agnostic way. That is, they can work on any machine learning model — no
matter the methodology (Gramegna & Giudici, 2021).

The whole purpose of explainable Al methods is to overcome the problem of models where the
explanation is not intrinsic. Therefore, this paper will not be looking at ante-hoc explainability
but only Post-Hoc explainability.
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3 Al OUTPUTS

For the purposes of understanding when explanations are useful, | will divide the types of Al
outputs into verifiable and non-verifiable outputs. There is a relevant difference between
evaluating an output that can be independently verified and one that cannot. This is true
outside of Al as well. If I ask my daughter if she cleaned her room this morning, and she says
‘ves’, | can simply go and check if her room is clean or not. Or, after asking her this question
many times and getting a truthful answer, | could believe that she is reliable about this and need
nothing further for my belief that her room is clean. However, if | ask her how school was today
and she says ‘great’, then | have no way of determining whether it was great or not. | might ask
her what made it great — that is, | would like an explanation so that | could better understand
her labelling the school day ‘great’.

| will further split verifiable Al outputs into those that can be verified by third-party means and
those that can be verified in virtue of the consequences of their output. The latter is what | will
call ‘game scenarios’, as the outcome of the game will help determine whether a move was
‘correct’.

3.1 VERIFIABLE
3.1.1 Third-Party Verifiability

The explosion of Al is really a result of these types of outputs. When machine learning gave
machines the power to classify text, images, and a host of other things, Al took off as a field.
Things that couldn’t be automated before could now be automated. More importantly,
advertisers could make predictions about what ads consumers would click on, making the use of
Al highly profitable.?

One of the reasons that this was so interesting was that we could say how good these
algorithms were. We could claim how well they were able to, for example, classify images that
had cats in them. More practically, moles could be classified as cancerous or not (with varying
accuracy depending upon skin color). We could extensively test them and say something about
their efficacy (Robbins, 2025).

The important thing about these types of classifications (for the purposes of this article) is that
they are verifiable. That is, for any particular output, we can verify whether the algorithm was
correct or not. If the algorithm classifies an image as having a cat in it, but there is no cat in the
image, we can see that it was incorrect. If an algorithm classified a mole as cancerous, but after
a biopsy, it is proven to be benign, then we know the algorithm was wrong.

This is not true for all classifications. To take an extreme example, classifying an image as
‘beautiful’ cannot be verified in any meaningful way. Reasonable people will disagree about
what is beautiful.

3.1.2 Game Scenarios

Sometimes outputs by Al can be verifiable in virtue of the end result being so clear. An
algorithm recommending a move in Chess or Go, for example, can be somewhat evaluated in
virtue of its leading to a win. A surprising move, like the famous move 37 in game two between
the then world champion Lee Sedol and DeepMind’s AlphaGo algorithm (Silver et al., 2016), was
so unusual that it was estimated to have only a 1 in 10,000 chance of being played. That is,
humans believed the move, in the moment, to be strange at best, and bad at worst. However,

1 The reader may not immediately recognize this as a type of classification; however, it is simply an
advertisement being categorized as ‘will be clicked on’ for a particular user, then one can verify how well the
algorithm does.
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as the game continued, it was clear that this move was genius. The consequences of that move
within the game scenario proved the move to be a good one (Metz, 2016, p. 37).

This isn’t true in situations outside of games. There often aren’t clear win or lose conditions, and
when there are, they are often dependent on so many variables that it is impossible to say that
any particular variable contributed in a positive or negative way. We often speak loosely of
playing ‘the game’ when it comes to things like job interviews. Many will have advice about
what you have to do to succeed in an interview. Of course, even if you receive the job, and
therefore ‘win’ the game, it is difficult to say that, for example, wearing a suit and tie to the
interview helped or hurt your chances. Major consultancies have questions? like “estimate the
total number of gallons of gasoline a typical gas station pumps in the United States on a typical
weekday”. They expect you to come up with a method of answering that question and to offer
an answer. If | asked that question in an interview, anything other than “I have no idea” would
ensure that you were not selected. The point of this example is that the outcome depends on
people who are outside of your control.

3.2 NON-VERIFIABLE Al OUTPUTS
3.2.1 Ideals

Often, algorithms classify people or things in such a way that we cannot verify the outputs. For
example, when a popular Al product classifies a person as being a “good candidate”, it is not
possible to verify this output as being correct. ‘Good’ is not objective in this case. Hiring
committees argue about which characteristics/achievements/etc should be used to evaluate
candidates for a particular job. Different committees can reasonably disagree on the weight and
importance of specific considerations. There may be differing opinions on, for example, whether
using someone’s h-index is a good indicator of future academic performance. There is a growing
movement to move away from quantity metrics (like the h-index) towards quality metrics - like
having candidates submit a writing sample (Chapman et al., 2019). Maybe some combinations
of the two. The point is that these considerations are the core object of the debate - not the
outcome. This will be important for understanding whether explainable Al is useful for these
types of outputs or not.

One might argue that the output is verifiable in the sense that if the chosen candidate performs
well in their job, then the output was correct. However, this ignores a couple of things. First,
that candidate may have been a terrible candidate who happened to do very well in their job.
Second, there may have been a better candidate in the pool that was not chosen.

3.2.2 Generative Al

Generative Al differs fundamentally from the classification algorithms described above. Its
ability to generate coherent prose, images, and even videos doesn’t lend itself to the same
criteria of “success”. The possible criteria for a successful text output are extremely varied:
From creating good documentation for my software prototype to making someone fall in love
with me. If a text serves my purpose, | can consider it successful. In contrast to “Ideals”-outputs
the considerations that lead to generating the text are not relevant as long as it serves its
purpose.

Again, one might argue that texts must (and can) be verified. But what is being verified is not
the text itself, but the assertions made in it (Robbins & Blundell, 2025). The goal is to prevent
the use of text that has factual errors in it. This is not the same as verifying whether the output
is “correct”.

2 Stupid questions
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4 UTILITY OF EXPLAINABLE Al

We must first acknowledge that the whole point of machine learning is to reach a classification
that we struggle to create ourselves. We can’t easily explain what features an image must have
that depicts a cat. Patterns detected by machine learning algorithms would be inarticulable in
human language. Any explanation would thus be a mere effort to translate the actual
considerations and logic of the algorithm into human articulable ones. The problem is, however,
that we are not able to evaluate such translations as we do not know the source language. If we
did, we could translate ourselves. So, for all we know, the explanations could be the result of
extremely poor translations. The first subsection will consider the issue of evaluating the
efficacy of explainable Al.

Bracketing this problem, it would be good to know when an explanation for a particular output
would be useful or not. Importantly, it would be good to know how, exactly, it would be useful.
As explanations would provide information on how a particular output was achieved, there is
some epistemic utility in such explanations. Taking a real-world example of Al, chess
commentators and grandmasters, when analyzing ongoing games, use an Al chess engine to see
what the next best moves are. Oftentimes the engine recommends a move and the
commentators/grandmasters ask: “What is the idea there?”. They can’t immediately
understand why the algorithm has recommended that particular move. When grandmasters
recommend a move, they can give a clear explanation of why the move is a good one (e.g. it
threatens a fork, takes space in the center, and discovers an attack on the rook). This helps
people learn what to look for in future games. The algorithm fails to do this, leaving us without
helpful information to apply to future cases. The issue of epistemic value will be discussed in the
second subsection below.

In the last subsection (4.3), the issue of the ethical utility of explainable Al will be discussed. |
argue that because the considerations used to make an output should be the object of what we
are evaluating, there is no ethical value given by explainable Al. We are simply adding an
opaque process on top of an opaque process — without any way to judge its effectiveness.

4.1 EFFECTIVENESS

How do we evaluate whether an explanation is correct? First, | mean ‘correct’ in terms of
whether the considerations used by the model and the weights given to them are represented
accurately by the explanation. The point is to have the information needed to evaluate whether
the explanation is a good one. For that evaluation to be worth doing, it is important that the
explanation accurately represents how the model arrived at the output.

The first difficulty is that the purpose of using machine learning models is to detect patterns
that would be inarticulable (and thus codable) by humans. The first interesting use of machine
learning was to identify handwritten numbers (LeCun et al., 1989). The point of doing this was
that we (humans) are unable to articulate the specific patterns that could be encoded into rules
that would detect handwritten numbers. Numbers are written in so many ways. Things become
even more complicated when we consider algorithms that identify objects and people in
images. The patterns detected by computers will be complex and non-articulable. Any attempt
to pick out specific features will be a translation of these complex non-articulable patterns into
human language. The ‘correctness’ of the algorithm providing an explanation depends on the
quality of this translation. But as we cannot know the source (the complex pattern detected by
the algorithm), we cannot know how close the translation is to approximating it.

JHTR Journal of Human-Technology Relations Vol. 3 (2025) 7
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For example, if | say the translation of some German is “have a nice day,” you would not be able
to assess the quality of my translation unless you knew what the German words, that | was
translating from, meant. That is the state we find ourselves in when using xAl (local, post-hoc).

There are also many concerns that the explanations provided by these methods confuse more
than they enlighten. One study took participants who had advanced mathematical and machine
learning knowledge and asked them to make classifications — one group had SHAP explanations
at hand to help, and the other did not. The results showed that the participants were simply
confused by the explanations and did not perform any better (Moreira Cunha & Diniz Junqueira
Barbosa, 2024).

There is also a concern that with more and more parameters and data, the xAl algorithms
significantly lose performance (Wang et al., 2024). Finally, these methods are computationally
costly and won’t be worth using (Salih et al., 2025).

4.2 EPISTEMIC UTILITY

It would be quite interesting for researchers to know which features were important in
classifying moles as cancerous for an effective Al model. Unexpected features leading to an
accurate cancer diagnosis could help researchers better understand skin cancer. That is, there is
an epistemic benefit to such explanations.

This is because a perfect alignment between the model's features and the xAl algorithm's
explanations is unnecessary. Simply pointing towards a feature that was heretofore unknown to
have any connection to skin cancer could, with testing, prove beneficial to future diagnoses. An
algorithm with explanatory power could be a “hypothesis generator” — suggesting things to test
further.

There would also be epistemic value of explanations in game scenarios. Those interested in
these games will find the explanation of particular moves suggested by a powerful algorithm
valuable. It will help them learn to play that game better. If a SHAP model were to tell you that a
particular move in the game of chess was chosen because it activated your bishop, defended
your king, and controlled more of the center, it would help you to learn how to play better
chess. If more game scenarios like protein folding are found, then explainable Al could help us
better understand how these mechanisms work.

One could think that the epistemic value could also be found for non-verifiable outputs like
ideals. A hiring algorithm may find patterns and suggest features that may have been
overlooked by a hiring committee. The algorithm, having selected what it determines to be the
best candidate, could show which features most contributed to the output.

However, this is a mistake. Adding an algorithm to the hiring committee like this would just be
adding one more voice. When a member says what feature they think is important for the
evaluation of candidates, a reasonable question is “why do you think that feature is important?”
The whole process is a conversation about justifying the criteria. Simply pointing to a criterion is
pointless. Further problems arise when you consider that the algorithm, having been trained on
past data, will inherently be biased towards features that resulted in people being hired in the
past (Robbins, 2023). We have already seen this result in men being selected for management
positions simply because they are men (Dastin, 2018).

4.3 ETHICAL UTILITY

To achieve some sort of ethical utility, Al explanations would need to contribute to some ethical
value. Values discussed in the literature include: autonomy (Vaassen, 2022), control (Robbins,
2019), safety (Kuznietsov et al., 2024), and trust (Herzog, 2022). A user of an Al system equipped
with an explanation for an output could have increased autonomy to make their own decision,
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have more control (and therefore responsibility) over the consequences of that output, be able
to prevent unsafe outcomes, and trust the system more (which is important if the system works
well).

If these values are sufficiently upheld without an explanation, one could argue that the
explanation contains no ethical utility. Taking the first class of Al outputs, we can see this quite
clearly. When outputs can be independently verified via a third party, then an explanation holds
no additional ethical value. An algorithm that classifies an image as containing a cat can be
easily verified by looking at the picture. An explanation highlighting the features that lead to the
output would add nothing to the user.

If we can already check whether the classification was correct or not, then why would we care
about the explanation? For example, if an algorithm identifies a mole as being cancerous, a
doctor will most certainly administer a biopsy that would confirm or contradict the algorithm’s
diagnosis. Then what ethical justification is there for explaining why the algorithm classified that
mole as cancerous? (see e.g. Durdn & Jongsma, 2021; London, 2019).

Using such an algorithm in practice would, of course, depend on its efficacy. With extremely low
efficacy, biopsies would always need to be performed, making the algorithm rather useless. One
would hope that such an algorithm would not be used in practice. But at a high efficacy rate
there would be a simple way of verifying predictions of cancer - undermining the need for any
explanation. Finding out that the mole was classified as cancerous because it had a particular
edge pattern would not be very interesting compared to the biopsy verification of the mole
being cancerous.

The whole purpose of explainability in this situation would be to give the physician (or the
patient) more control over the diagnosis (Robbins 2023). However, all of that control is reached
by being able to check the output with a biopsy. The same is true for many other algorithms.
Facial recognition algorithms classifying who a particular person is, for example, do not need to
provide an explanation if the classification can simply be verified by looking at their faces,
checking their ID, etc.

If explanations of outputs in game scenarios were to have any ethical relevance, then there
would have to be game-like scenarios that occur outside of games. An algorithm that outputs a
terrible move in chess, causing the game to be lost, simply does not have any ethical relevance.

We do often describe certain morally relevant aspects of life as ‘a game’. For example, one
might say that they are “playing the game” so that they can be promoted. However, this is using
this language loosely. Game scenarios occur when the outcome is clear (which this example
satisfies), and the contributions to that outcome are well-defined. In a game of chess, the moves
are all that contribute to the outcome of a win or a loss. In trying to get promoted, there are so
many other variables involved. Knowing that any one action contributed one way or another to
getting promoted is difficult.

Ideal classifications provide a more interesting case for explainable Al having ethical value.
Without the ability to independently verify the output, it will be difficult for those using the
algorithm to have any control over an opaque algorithm. An algorithm output rejecting
someone for a loan that doesn’t have any accompanying explanation would be extremely
difficult for a human to endorse or reject. There wouldn’t be enough information to do so.

The explanation would, the idea goes, give the user information about how the algorithm
reached its decision, which affords them the control to endorse or reject the decision. A SHAP
algorithm (highlighted above), which gives the user the importance of the features of a
particular output, could show the user that a feature was heavily used, which should not have
been. For example, if the algorithm rejected someone for a loan and the explanation included
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the feature “race” being important for the output, then the user would be able to reject the
output on ethical grounds.

Of course, the algorithm would most likely not be taking in ‘race’ as an input. We don’t want
race to be used at all. The issue is that the algorithm could learn certain proxies for race, like
address, name, or some combination of features that we would never know are highly
correlated with race. We could determine that some of these are proxies for race and then use
an explanation to ensure that this wasn’t being used. However, the entire point of using
complex Al models is to discover patterns that we would not be able to figure out ourselves.

Not only will proxies for protected features like race be used, but all kinds of patterns that are
simply not understandable to us. We would have to pretend that computers see data and
organize it into features the same way a human would. This is not the case. The features picked
out by computers will often be features that aren’t articulable to us. A computer doesn’t simply
look for a tail and whiskers to determine whether a cat is in a picture. It is so powerful because
it is not constrained by human ways of identifying features.

This is the crux of the problem. The entire difficulty in evaluating an ideal output is that the
process — or the considerations used — is the object of evaluation. If it were a hiring process
without Al, we would look at not only the rubric they used for evaluating potential hires, but the
makeup of the committee, and their justifications for not including certain criteria in their
evaluations. Using an xAl algorithm to provide an explanation in the Al case would be like using
an external committee to come up with what they think was used by the committee, given the
inputs and the eventual hire, without ever speaking to the hiring committee. We are placing an
opaque process on top of an opaque process and saying that we are increasing our
understanding of the output.

The conclusion of all of this is that explainable Al doesn’t offer any ethical value. The
explanations offered by explainable Al don’t equip anyone with more autonomy or control. The
limits of explainable Al prevent anyone, for example, from ensuring that an algorithm isn’t using
some combination of features that, if we understood them, would be unethical to use.

Because the opacity of Al raises real problems, considerable effort is now being devoted to
making Al less opaque. Providing explanations is hoped to mitigate these ethical concerns.
However, the explanations offered by explainable Al do not align with the explanations that are
ethically useful. Consequently, if an opaque Al system poses an ethical problem, explainable Al
alone will not be sufficient to resolve it.

5 CONCLUSION

Explainable Al has grown into a major research area, with methods emerging across many
application domains. Researchers pursue explainable Al primarily to address ethical concerns
that stem from Al’s opacity. The need for an explanation varies with the nature of the Al
output—verifiable results often require less justification than non-verifiable ones. While
explanations are essential in certain contexts, the ones generated by current explainable Al
techniques frequently miss the mark. As this paper demonstrates, some explainable Al outputs
have epistemic value—they can highlight features worth further scientific investigation—but
they fall short of providing ethically useful explanations. In practice, the straightforward remedy
is to avoid black-box models altogether whenever interpretability is a requirement.
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