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Abstract: Despite the significance of explicability in AI ethics, the prin-
ciple of explicability remains subject to several unresolved issues, in-
cluding its moral status, purpose, and the recipients of explanations. 
First, this paper proposes treating explicability as a prima facie duty 
to make machine learning algorithms explicable. Second, the dual na-
ture of explicability is highlighted. It is claimed that explicability is for 
the warranted trust of decision-recipients in the algorithmic decisions 
as well as for enhancing the autonomy of decision-makers.  

Keywords: Algorithm; explicability; explainability; trust; trustwor-
thiness; autonomy. 

1. A Call for the Principle of Explicability 

 Machine learning algorithms (hereafter, ML algorithms) are increasingly 
being utilized in complex, real-world decision-making, which is often of eth-
ical significance. While the obvious cases are autonomous weapon systems 
and self-driving cars, these algorithms are also used in ordinary decision-
making, from reviewing job applications, assessing loan applications, and 
approving parole to predictive policing. They are designed to help allocate 

https://doi.org/10.31577/orgf.2025.32401
https://orcid.org/0000-0002-7569-7776
mailto:hdcheon@snu.ac.kr
https://creativecommons.org/licenses/by-nc/4.0/legalcode
https://orcid.org/0000-0002-7569-7776


The Dual Nature of Explicability in AI Ethics 381 

Organon 32 (4) 2025: 380–401 

social services, decide on promotions or terminations, determine credit 
scores, or estimate a person’s risk of committing crimes. With rapid tech-
nological development, there are growing concerns about the ethical and 
responsible uses of AI algorithms. In particular, the demand for explaina-
bility or transparency in AI ethics has attracted considerable attention. For 
example, European Union’s General Data Protection Regulation is often 
interpreted as incorporating the ‘right to explanation’ when someone is af-
fected by automated decision-making (Goodman and Flaxman, 2017). The 
Future of Life Institute (2017) declared the Asilomar AI principles, which 
emphasized the transparency of algorithms when it causes harm or is in-
volved in judicial decision-making.1 Microsoft’s CEO Satya Nadella (2016) 
also calls for a similar requirement of intelligibility in terms of understand-
ing “how the technology works and what its rules are.”2    
 Luciano Floridi, one of the leading figures in AI ethics, suggested that 
similar principles - the principles of explainability, transparency, interpret-
ability, and accountability - can be incorporated under an overarching prin-
ciple, what he called the principle of explicability (Floridi et al., 2018; Flo-
ridi and Cowls, 2019). Floridi and his colleagues put forth the notion of 
explicability as encompassing both the epistemological sense of intelligibil-
ity and the ethical sense of accountability. The former concerns an answer 
to the question ‘How does it work?’ and the latter concerns an answer to 
the question ‘Who is responsible for the way it works?’ As long as the notion 
of explicability is general and robust, there is a wide consensus on the sig-
nificance of the explicability of ML algorithms. 

 
1  It includes two kinds of transparency: the failure and the judicial transparency. 
According to the failure transparency principle, if an AI system causes harm, it 
should be possible to ascertain why. According to the Judicial transparency, any 
involvement by an autonomous system in judicial decision-making should provide a 
satisfactory explanation auditable by a competent human authority (AI principle 
2017). 
2  “We should be aware of how the technology works and what its rules are. We 
want not just intelligent machines but intelligible machines. Not artificial intelligence 
but symbiotic intelligence. The tech will know things about humans, but the humans 
must know about the machines. People should have an understanding of how the 
technology sees and analyzes the world. Ethics and design and in hand” (Nadella 
2016). 
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 However, there are several unresolved issues on the principle of explica-
bility: its moral status, what it is for, to whom AI needs to be explicable, 
and what kinds of explanation should be given to meet the principle. First, 
the normative status of the principle is not clearly stated (e.g., whether it 
is a categorical requirement or a recommendation). Second, regarding why 
the principle is needed, there is a controversy between the trust-based view 
and the autonomy-based view. While some argue that explicable AI is for 
human autonomy, many scholars claim that it is required to enhance users’ 
trust in the system and its generated results. Third, there is no agreement 
on whether explicability ought to be directed toward decision-makers using 
the algorithms or toward decision-recipients affected by the algorithm-as-
sisted decisions. Further, it is required to provide the criteria on which we 
assess the intelligibility and accountability of AI. Although it is sometimes 
recognized that different explanations need to be given to different stake-
holders for different purposes, the problem of what kinds of explication are 
required (and how they meet the criteria) has yet to be thoroughly investi-
gated.3 For the reason of space, however, we confine our discussion to what-, 
why-, and whom-questions. 
 This paper aims to contribute to explicating the concept of explicability 
rather than providing a survey or description of its current usage in the 
relevant literature. By “explication,” as defined in Carnap (1950, 1955), I 
mean a prescription of how we should characterize the concept in order to 
use it more productively. It involves replacing the unclear concept (the ex-
plicandum) with a clearer one (the explicatum) to serve the goals of the 
concept better. Our primary focus is to demonstrate the dual nature of 
explicability by addressing the why- and whom-questions. While this paper 
does not present entirely novel arguments for particular views over others, 
it adopts a methodological strategy of dissecting and rearranging the exist-
ing materials from the current literature on explicability. I contend that the 
seemingly plausible arguments failed to support the claim they are supposed 
to because they are ignorant of the dual nature of explicability. Some argu-
ments are cogent in demonstrating one aspect of explicability but fail to 
account for another aspect, and vice versa. To a coherent set of answers to 

 
3  The question of what kinds of explanations are needed for different contexts will 
be addressed in a separate article. 
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the why and whom-questions, it is crucial to take into account the duality 
of explicability.  
 This paper will proceed as follows. In Section 2, I begin with setting the 
stage by examining how data science usually works in practice and suggest 
the principle of explicability as a prima facie duty to make ML algorithms 
explicable. In Section 3, I clarify the who(m)-question, addressing who is 
responsible for making algorithms explicable and to whom the explanation 
is owed. In Section 4, I delve into reasons for demanding explicability, high-
lighting the duality of autonomy and trustworthiness. In Section 5, it is 
claimed that the explication should be directed toward decision-makers as 
well as decision-recipients.  

2. Setting the Stage 

 In our context under consideration, the primary function of ML algo-
rithms is to offer prediction-based classification or ranking for specific pur-
poses. It is often claimed, for example, that ML algorithms estimate the 
probability of a prisoner committing crimes again to determine their eligi-
bility for release on parole or predict an applicant’s credit score to classify 
her as qualified or unqualified for a bank loan (Pasquale, 2015; O’Neil, 
2016). Of course, before the advent of ML algorithms, individuals have rou-
tinely been subject to classification: people have been ranked on credit score, 
deemed as qualified or disqualified for insurance, or accepted or rejected for 
various applications. Now, these classificatory tasks are being automated 
with ML algorithms.  
 How do automated or algorithm-assisted decision-making systems work 
in real-world cases? Roughly speaking, the decision-making processes con-
sist of several steps that need to be iterated: defining the problem, data 
collection, building algorithm models, training and testing models with col-
lected data, and application in real-world situations.4 Think of a loan ap-
plication system as an instance. First, the problem should be clearly defined: 

 
4  Roose (2023) introduces similar steps in explaining how AI technology actually 
works: 1) set a goal, 2) collect lots of data, 3) build your neural network, 4) train 
your neural network, 5) fine-tune your model, and 6) launch carefully.  
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classifying an applicant based on her credit and ability to repay the debt. 
Then, developers build models and collect data to train and test the model. 
If the tested model turns out to be successful, it will be applied in the 
decision-making of loan applications. Such algorithmic decision-making sys-
tems are to be used in a wide range of real-world situations.  
 Let me, in this paper, focus on situations where the use of ML algorithms 
is morally significant in that they involve direct assessment of personal ca-
pacities, characters, or properties that would affect the condition or quality 
of their lives (i.e., judicial sentencing, job interview, or predictive policing).5 
Given that the algorithms are used in this context, precisely what does the 
principle of explicability state? Although Floridi and colleagues (Floridi et 
al., 2018; Floridi and Cowls, 2019) put forth explicability as an overarching 
principle, they are not explicit on the normative status of the principle. As 
an ethical principle, it might be understood as a categorical imperative that 
ML algorithms be explicable or a recommendation that explicable algo-
rithms be more desirable than inexplicable ones. Or, the principle might be 
interpreted as saying that it is morally wrong to use inexplicable AI in 
specific contexts.6  
 To clarify the normative status of the principle, we can take advantage 
of an analogy with biomedical ethics. In the meta-analysis of AI ethics 
guidelines, Floridi and Cowls (2019) found that AI ethics share four core 
principles of bioethics: beneficence, non-maleficence, autonomy, and justice 

 
5  I do not intend that those situations mentioned exhaust all the cases where using 
ML algorithms is ethically significant. Further, there are many other situations 
where algorithms have nothing to do with assessing personal capacities, characters, 
or properties (e.g., voice assistants), or no one is affected significantly by the algo-
rithms in a moral sense (e.g., spam filters). However, the issue of accountability, the 
ethical aspect of explicability, arises when someone is affected by algorithm-assisted 
decision making.  
6  The failure transparency of Asilomar AI principles (2019) states that if an AI 
system causes harm, it should be possible to ascertain why. It sounds like a cate-
gorical imperative which should be obeyed when there is harm caused by AI sys-
tems. London (2019) takes the principle as a recommendation to prioritize expla-
inability over predictive accuracy and criticizes it as unwarranted in the healthcare 
field.  
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(Beauchamp and Childress, 2012).7 It is worth noticing that the four prin-
ciples are usually regarded as prima facie duties. As they are not exception-
less requirements or imperatives, each principle needs to be weighed against 
other principles when applied to a concrete case and, when warranted, can 
be overruled by other principles. While they are instrumental in reflecting 
on moral problems and working toward an ethical resolution, they do not 
provide easy, ready-made solutions to particular cases. Likewise, we can 
take the principle of explicability as a prima facie duty for contemplating 
the moral problems of algorithmic decision-making systems, not merely an 
unqualified requirement for every application of AI algorithms. More spe-
cifically, I suggest the explicability principle as involving a prima facie duty 
to make ML algorithms explicable when applied in morally significant situ-
ations. As a prima facie duty, explicability does not necessarily take priority 
over others.8 Nonetheless, the principle can be overruled only when there 
are good reasons justifying doing so. 

Efforts to develop explicable ML systems can create tensions with other 
important values, including predictive accuracy, efficiency, privacy, and 
fairness. For the ethical development and deployment of ML systems, it is 
necessary to carefully manage the trade-offs among these competing values. 
This requires consideration of the specific context of deployment since no 
single solution is suitable for every situation. Suppose the ML algorithms 
are used in medical diagnosis, which often demonstrate superior predictive 
accuracy despite their highly complex and inscrutable structures. In this 
medical context, patient well-being is at stake, and diagnostic errors have 
severe consequences. Consequently, prioritizing accuracy over explicability 
can be ethically justified. Another type of trade-off involves the tension 
between explicability and efficiency. In situations demanding urgent deci-
sion-making (e.g., real-time financial trading or emergency response sys-
tems), rapid action is vital. In such demanding scenarios, the time delays 

 
7  It does not mean that they do offer a perfect translation. It only means that 
various ethical principles in different guidelines can be incorporated into four overar-
ching principles with slightly different connotations. 
8  Of course, the remaining question is how to deal with a situation where diffe-
rent principles conflict. That is a subject to further discussion, depending on the 
context. 
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caused by generating detailed explanations may be practically untenable. 
Hence, in these contexts, operational efficiency can override the requirement 
for transparency. 

Additional trade-offs become apparent when it comes to considering 
data privacy and fairness. For example, when the automated system is used 
to assess job applicants, providing exhaustive explanations might inadvert-
ently compromise the applicant’s privacy by revealing sensitive personal 
information. Moreover, full transparency can sometimes unintentionally un-
dermine fairness. This can occur when simple, interpretable models rely on 
proxy variables closely correlated with protected characteristics (e.g., race 
or gender). Then, the principle of explicability may conflict with the de-
mand for anti-discrimination. Paradoxically, a reduced degree of explicabil-
ity in such situations might help to preserve privacy and promote fairness. 
Determining when the principle of explicability can be overridden requires 
careful, context-specific ethical deliberation. Decision-makers must assess 
the potential benefits we can get by improved accuracy or efficiency and 
the risks posed by diminishing privacy or fairness. Critically, the ethical 
legitimacy of any trade-off depends upon the acceptance or consent of the 
stakeholders affected by the decision-making systems.  
Given that explicability is a prima facie duty, we must ask who holds the 
duty, to whom, and why. 

3. Clarifying the Who and Whom Questions 

 Two questions, ‘Why does the principle of explicability matter?’ and 
‘Who has the duty to make algorithms explicable to whom?’ are intimately 
related. As demonstrated subsequently, the answer to the first question in-
forms the latter. In order to clarify the who(m)-questions, it is crucial to 
identify the key stakeholders involved in using automated decision-making 
systems. Among many stakeholders, five roles participate primarily in de-
veloping and utilizing ML algorithms: algorithm-developers, algorithm-us-
ers (and decision-makers), managing-users, decision-recipients, and regula-
tors (cf. Arrieta et al., 2020; Langer et al., 2021). It appears that developers, 
algorithm-users, and decision-recipients are the most directly involved 
stakeholders with respect to the who/whom questions.  
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 Algorithm-developers are those who are engaged in designing and devel-
oping ML algorithms. The developed and tested algorithms are used by 
algorithm-users. By algorithm-users, I mean those who make decisions using 
ML algorithms. Usually, algorithm-users are professionals (e.g., judges, po-
lice officers, and human resources managers) working in tandem with a 
system, or those who use the system make decisions that affect individuals. 
Decision-recipients (affected parties) are individuals or groups of individuals 
who are actually or potentially influenced by the system’s decision. Typi-
cally, the three roles separately hold. Designers build the system on users’ 
requests, and users make decisions about the applicants who are affected 
by the decision. For example, when algorithms are used in reviewing loan 
applications, developers design and develop the review algorithm, bank of-
ficers use it to judge whether applicants are eligible, and the decision made 
influences applicants. 

In addition to the three main roles, other stakeholders are indirectly but 
significantly engaged in decision-making processes: managing-users and reg-
ulators. Managing-users (e.g., company, committee, etc.) decide to adopt 
an automated decision-making system with which algorithm users make 
decisions. Although they are not working with particular ML algorithms, 
they request developers to build a decision-making system with the desired 
specification and supervise the uses of the system. Thus, managing users 
are users of algorithms in an indirect sense. Finally, there are regulators 
(e.g., the government) who monitor and regulate the whole process and 
intervene in the cases where necessary. They are expected to establish moral 
and legal standards for the general use and development of automated sys-
tems. This class of stakeholders plays a unique role since they operate as a 
“watchdog” for both the systems themselves and the way in which they 
interact with the other stakeholders.  
 They are five different roles that people can play in decision-making 
processes. I prefer to talk about the roles rather than types of stakeholders 
because a single stakeholder can often play multiple roles simultaneously. 
For example, a CEO of an IT company who actively contribute to develop-
ing an algorithm for reviewing job applicants may also use it to make deci-
sions, thus playing the roles of a developer, algorithm-user, and managing-
user. Alternatively, one person (or a group of people) can be both a decision-
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maker and decision-recipient, where their decisions affect themselves. When 
we use a recommendation system for choosing books or movies (on Amazon 
or Netflix), we play the roles of algorithm-users and decision-recipients in 
that we make decisions affecting ourselves. In these cases, people decide 
whether to accept or reject the algorithm’s suggestions or to use them for 
their actions. Still, the distinction of roles between designers, decision-mak-
ers, and decision-recipients holds.9 Further, in our context of interest, where 
the issue of accountability is salient, the asymmetry between algorithm-
users who make decisions with ML algorithms and decision-recipients who 
are affected by the decisions is assumed.  
 Given that the principle of explicability is about a prima facie duty to 
make ML algorithms explicable, we need to distinguish two who-questions: 
“Who has the duty?” and “To whom should the algorithms be explicable?” 
Let us call the former the who-question and the latter the whom-question. 
The answer to the former, I believe, is not very controversial. Anyone in-
volved in designing, building, and using ML algorithms in ethically signifi-
cant situations ought to contribute to making them explicable. First of all, 
algorithm-developers have a duty because they are the only ones who can 
make algorithms explicable (or inexplicable) in a direct sense. Nevertheless, 
the duty must be distributed among managing-users and regulators because 
they are supposed to contribute to developing and using the algorithms. 
Managing-users ought to have developers make ML algorithms explicable, 
while regulators must guarantee that the algorithms used in morally signif-
icant situations are explicable.  
 If we have a consensus on who has the duty, then the remaining question 
is: ML algorithms should be explicable to whom? One obvious response 
would be that ML algorithms should be explicable to every role of  

 
9  Medical AIs (e.g., imaging) are located in more complex situations. Developers 
and engineers build the medical AI system at the request of health professionals, 
who make use of the system to diagnose and treat diseases. Interestingly, decision-
making in AI-assisted medicine is distributed among doctors and patients, although 
the final decision should be made by patients. With the aid of the ML algorithm, 
health professionals determine what the disease is and suggest a promising treat-
ment. Patients accept (or reject) the treatment based on the doctor’s suggestion 
(based on ML) and their own values and preferences. 
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stakeholders, including developers and regulators. Developers might think 
explicable AI is desirable because it helps to examine the limitations and 
errors and improve the performance of a system (e.g., debugging). To build 
a reliable system, however, it is unnecessary to make it explicable. Of 
course, there is a trivial sense that ML algorithms must be explicable to 
developers if they ought to be explicable to anyone. For the developers are 
those who are able to make it explicable and provide the explication to 
other stakeholders. From the regulator’s perspective, explicability is needed 
to supervise and regulate the use of algorithms in morally significant deci-
sion-making. It does not necessarily mean the algorithms should be expli-
cable to regulators in every morally loaded case. Instead, regulators might 
request the explicable AIs on behalf of decision-recipients and ordinary cit-
izens because they are actual or potential parties concerned who are directly 
assessed and affected by the algorithmic decision-making systems.   
 The whom-question we are asking is more specific: to whom should the 
explanation be intelligibly given when ML algorithms are used in morally 
significant cases? According to a dominant view, what I call “the recipient-
oriented view,” algorithms should be explicable to individuals affected by 
the decision-making system’s outputs (e.g., Grote and Berens, 2020; Kim 
and Routledge, 2021; Watcher et al., 2018). In other words, the developers 
ought to make the algorithms explicable so that the decision-makers using 
the algorithms can provide the decision-recipients with an explanation (e.g., 
“how the decision was produced”). Although most of the literature focuses 
on the explicability toward the decision-recipients, there is an alternative 
view, what we might call “the user-oriented view.” For example, Robbins 
(2019) claims that explicability is not directed toward the person subject to 
the algorithm’s decision, and algorithms should be explicable to those who 
make a decision using the algorithms. In other words, the algorithm-design-
ers ought to make it explicable to decision-makers.  

I suggest that the recipient-oriented view and the user-oriented view are 
not mutually exclusive but complementary to each other. In this regard, 
the problem with the two views lies in the assumption that explicability is 
directed to only one class of stakeholders involved in the decision-making 
processes, which has not been justified. The recipients-oriented view mis-
takenly assumes that the decision-recipients are those only who have the 
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right to receive the explanation of the algorithm’s decision. Robbins rightly 
highlights the significance of being explicable to decision-makers, which has 
been largely ignored by the proponents of the recipient-oriented view. How-
ever, he is also mistaken to maintain that explication is not directed toward 
the decision-recipients.10 It is worth noticing that different stakeholders 
might want explicable AI for different purposes. An algorithm explicable to 
one stakeholder might be inexplicable to other stakeholders. This consider-
ation motivates us to consider the possibility that while each view reflects 
a part of the whole process, explicability should be given to both decision-
makers and decision-recipients. The duality of explicability with respect to 
the whom-question is intimately related to the dual goals of explicability. 
As the answer to the whom-question is informed by the way we answer the 
why question, we will discuss why the explicability of algorithms matters 
in the next section. 

4. Why Algorithms Should Be Explicable 

(1) Opacity and Request for Explicability 

 What is explicability for? Why should we adopt the explicability prin-
ciple alongside other basic principles?11 Regarding these questions, two main 
views comprise most of the literature: the trust-based and the autonomy-
based views. Some scholars argue for the autonomy-based view, according 
to which the explicability helps humans working with algorithm models 
make their own informed decisions (e.g., Robbins, 2019). Others have ad-
vocated the so-called “trust-based view,” according to which the explicability 

 
10  Robbins claims that “the person using the algorithm is the person that the ex-
planation should be directed towards—not the person subject to the decision of the 
algorithm”(2019, p. 503). The reason why the claim is not justified will be examined 
in Section 6.  
11  From the managing user’s perspective, it is necessary to comply with relevant 
regulations (e.g., GDPR’s a right to explanation). However, such a compliance is 
merely a derivative reason while we are seeking for answers in a more fundamental 
level. 
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of algorithms is instrumental in enhancing the trust of decision-recipients 
in ML algorithms (e.g., Kim and Routledge, 2021).  
 Before we go further, the clarification of the trust-based view is in order. 
It is crucial to distinguish between trust and trustworthiness (Simon, 2013; 
McLeod, 2021). Note that people can trust someone who is untrustworthy 
and sometimes do not trust trustworthy persons. That is, the act of trust 
of the trustor in the trustee should not be conflated with the trustworthiness 
as a property possessed by the trustee. For business purposes, it would be 
advantageous to enhance people’s trust in AI systems; however, the increase 
in trust itself is not constitutive of a moral obligation to make the system 
explicable. Instead, one can maintain that developers are morally obliged 
to make trustworthy algorithms12, which requires explicability. In other 
words, we want people’s trust in algorithms to be justified or warranted. In 
the following, when I refer to the trust-based view, I will mean the idea that 
explicability is required to ensure that decision-recipients’ trust in algo-
rithms is warranted. In the remainder of this section, I claim that the two 
views - the autonomy-based and the trust-based view - are not competing 
but complementary to each other.  
 The request for explicable AI seems to stem from the opaque nature of 
ML algorithms. In contrast to GOFAI, recent ML algorithms (i.e., deep 
neural net) are not transparent (for the forms of opacity, see Burrell, 
2016).13 It is widely held that the black-box nature of algorithms calls for 

 
12  The call for trustworthy AI abounds. For instance, European Commission (2019) 
has presented Ethics Guidelines for Trustworthy AI and OECD (2019) published 
Recommendation on AI which emphasize the “international co-operation for trus-
tworthy AI.”  
13  There are different senses in which ML algorithms are not transparent. Basically, 
the opacity of ML algorithms means that the recipients of algorithm’s output have 
no understanding of why the decision-output has been made (and the inputs themsel-
ves are unknown or partially known). The opacity might mean intentional secrecy 
(no information open to recipients) or technical illiteracy (not easily understandable 
to non-experts). But there is a sense in which ML algorithms are fundamentally 
opaque even to engineers, which means “the mismatch between mathematical opti-
mization in high-dimensionality character of ML and semantic interpretation de-
manded for human intelligibility” (Burrell, 2016). The fundamental sense of opacity 
is our focus in this paper.  
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the principle of explicability when used in morally loaded cases. If the out-
comes of the black boxes have no moral significance, then explicability is 
not demanded.14 For instance, no one would argue for a duty to make Al-
phaGo (Go-playing algorithm) explicable. Hence, explicability is called for 
when black boxes are used in morally significant situations. Our question is 
why it is so.  

I claim that explicability is called for when opaque technologies threaten 
autonomy or trustworthiness. To put it in another way, the demand for 
explicability does not arise when 1) the technologies can be justifiably 
trusted and 2) users are able to control the uses of the technologies in that 
they judge whether (and/or when) they can use it or not based on the 
knowledge of its capabilities and limitations. For example, think of pills 
whose physiological mechanism on how it works is unknown. Still, if they 
are proven safe and effective, and we know when we can use them (and 
when we should not), there is no need to explain how it works. The problem 
is that the opaque nature of ML algorithms can threaten trustworthiness 
and autonomy (control to decide). 

(2) Undermined Trustworthiness Calls for Explicability 

 Opacity undermines trustworthiness or warranted trust. Opaque algo-
rithms make it difficult to judge whether decision-recipients’ trust in them 
is warranted. Some scholars think that reliability is better for conferring 
trust than explanation.15 For example, London (2019) argues that prioritiz-
ing explicability over reliability is misleading and criticizes the call for an 
explanation as unwarranted. Indeed, there are many cases where new  

 
14  Robbins (2019) made a similar point.  
15  Even when ML algorithms have been shown to increase the accuracy of diagnosis, 
a lack of explanation for the diagnosis can lower doctors’ trust in the algorithms 
(Ribeiro, Singh, and Guestrin, 2016; Creel, 2020). However, it is unclear whether 
people will trust AI more when given some explanation. Recently, there is a growing 
body of empirical work on how providing an explanation affects people’s trust in ML 
and its decision (e.g., Lu et al., 2019). But they usually focus on types of explanation 
(i.e., decision tree or diagram) to effectively raise people’s trust. Here we are not 
concerned with mere increase of trust but with the warrant of the trust or trustwor-
thiness.  
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technology can be trusted when it works well by reliably generating the 
desired output. Pills might be justifiably ‘trusted’ if their functionality is 
well-proven. Thus, we can ask whether explicability is required when ML 
algorithms turn out to be reliable. London and others would say that relia-
bility suffices while explicability is not required.  

It is widely held that we should (or do) pursue AI technologies that are 
not merely reliable but also trustworthy (European Commission, 2019; 
OECD, 2019). One of the consensuses of philosophical literature on trust and 
trustworthiness is that trust is not mere reliance, although it is a kind of 
reliance. As Baier (1986, p. 235) succinctly put it, “trusting can be betrayed, 
or at least let down, and not just disappointed.” While reliance or reliability 
can be defined in terms of rational expectation, trust or trustworthiness is 
often defined in terms of normative or moral expectations of trustors. Unlike 
mere reliance, trust includes a normative expectation whose violations induce 
to betrayal, not merely disappointment. Trustworthiness can be defined by 
the property of a person who can be justifiably trusted. As trust can be be-
trayed, it is valuable only when directed to trustworthy persons.  

To establish trustworthiness, two requirements must be met: competency 
and responsiveness. As articulated by Jones (2012), a person is trustworthy 
with respect to the trustor in domain of interaction D if and only if “she is 
competent with respect to the domain, and she would take the fact that [the 
trustor] is counting on her (...) to be a compelling reason for acting as counted 
on” (pp. 70–71). Competency refers to a person’s ability to fulfill the trustor’s 
expectation with respect to the tasks she is supposed to do. Responsiveness, 
on the other hand, involves taking into account and responding to the trus-
tor’s interests and values. While a technological artifact can be deemed com-
petent if it can fulfill the user’s expectations regarding its task, it cannot meet 
the responsiveness condition. 
 To apply the notion of trust and trustworthiness to AI technologies, we 
need to consider a socio-technical system incorporating technological artifacts, 
human agents, and institutional structure (Nickel et al., 2010, Rieder et al., 
2021). Under this interpretation, the trustee is not a technological artifact 
but a network of technical objects and human agents. Accordingly, when 
someone ‘trusts’ a particular technology, she trusts a socio-technical system 
that includes designers, operators, and other stakeholders interacting within 
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a regulatory or legal framework. In this regard, pills or other technical prod-
ucts (as a component of socio-technical systems) can be regarded as trustwor-
thy to the extent that the human agents involved in developing and operating 
them are trustworthy, and the evaluative system for testing them is validated 
(e.g., industrial standards or certificates). It is the socio-technological system 
that can be responsive to the user’s interests and values.  

It is worth noticing that reliability in the sense of well-functioning does 
not guarantee the trustworthiness of technology in cases where due process 
is crucial. For an ML algorithm to be trustworthy, it must be both compe-
tent and responsive. ML algorithms count as competent if they can meet 
the trustor’s expectations in the domain of decision-making. However, when 
algorithms are opaque, it is difficult to satisfy the expectations because 
people expect algorithmic decision-making to be fair, unbiased, and non-
discriminatory. To fulfill the trustor’s expectation, the fairness of the deci-
sion-making processes must be ensured, necessitating explicability. How, 
then, can a socio-technical system, which incorporates ML algorithms as a 
component, meet the responsiveness requirement? It is not only essential 
for the human agents involved to be trustworthy, but the evaluative system 
for assessing the ML algorithms should be validated. The algorithms should 
be explicable to ensure that the evaluative system is responsive to the trus-
tor’s values and interests.  

If the algorithm is opaque, it is impossible to discern what bases the 
decision made. Consequently, we lack an understanding of why it generates 
its outcomes and whether they are acceptable and justifiable. Therefore, the 
decisions generated from the opaque processes do not guarantee trustwor-
thiness. To build trustworthy AI, it is required to make the ML algorithms 
explicable because explicability is a crucial means to examine the fair and 
justifiable application of AI.16  

 
16  While we have been focusing on the warranted trust of decision-recipients in 
algorithms, the trust of algorithm users (decision-makers) matters too. They are 
those who use the algorithm in morally significant cases. If they do not have war-
ranted trust in it, they are not likely to use it. Furthermore, as they make an impact 
on the recipients of the decision, they must be held accountable to the recipients. 
Thus, decision-makers also care about the trustworthiness of ML algorithms.  
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(3) Undermined Autonomy Calls for Explicability 

 Opacity undermines autonomy. The principle of autonomy in AI ethics 
concerns a balance between human-led and machine-led decision-making 
(The Montreal Declaration for Responsible AI, 2017) or “between the deci-
sion-making power we retain for ourselves and that which we delegate to 
artificial agents” (Floridi and Cowls, 2019). Humans have to decide 
“whether to delegate decisions to AI systems, to accomplish human chosen 
objectives” (Asilomar AI Principles, 2017). According to Floridi and others, 
the principle of autonomy states that “humans should retain the power to 
decide which decisions to take: exercising the freedom to choose where nec-
essary and ceding it in cases where overriding reasons, such as efficacy, may 
outweigh the loss of control over decision-making” (Floridi and Cowls, 
2019).  
 When it comes to opaque algorithms, humans may lose control to decide. 
If we lack a good grasp of how the model works, it becomes very difficult 
to consider good reasons to choose whether to use it (i.e., whether to accept 
or reject the decision suggested by the system). Consequently, the auton-
omy of decision-makers using ML algorithms is compromised. In line with 
this spirit, Robbins (2019) asserts that the principle of explicability is pri-
marily for maintaining meaningful human control over ML algorithms. 
Here, the expression “meaningful human control” originates from the dis-
cussion around autonomous weapon systems and refers to the control hu-
man operators have over algorithmic uses of weapons. By generalizing this 
notion, Robbins (2019) adopts a specific conception of meaningful human 
control as “giving humans the ability to accept, disregard, challenge or 
overrule an AI algorithm’s decision” (p. 496). 

Suppose that an ML algorithm for medical diagnosis predicts that the 
symptom indicates skin cancer while giving no explanation. Further, sup-
pose that your doctor does not understand the functioning of the model and 
when to rely on it (or when not to). Even if the algorithm is more accurate 
in diagnosing diseases than humans, the doctor might lack the control to 
decide. Doctors, as algorithm-users, have responsibility for their use to the 
patients. If the algorithm is not explicable to the doctor who accepts the 
model’s decision that it is cancer, how can she be held responsible for her 
patients? As algorithm users make a decision and hold accountable for the 
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decision-recipients who are affected, they need to know how the outputs are 
generated.  

While Robbins correctly points out that explicability is for meaningful 
human control over ML algorithms, his assertion that autonomy is the sole 
objective of making ML algorithms explicable is misguided. It is true that 
explicability is instrumental to achieving autonomy, but this is only part of 
the whole story. As previously demonstrated, trustworthiness is another 
crucial goal of the explicability principle. Trustworthiness and autonomy 
are not mutually exclusive goals, but they are complementary ones. In sum-
mary, the principle of explicability has dual objectives: trustworthiness and 
autonomy.  

5. The Dual Nature of Explicability 

 The remaining question is to whom the explication is owed. Given the 
dual goals of explicability, I contend that explication should be directed 
toward both decision-recipients for their warranted trust in ML algorithms 
and decision-makers for their informed decisions.  
 First, concerning the objective of trustworthiness, the whom-question 
can be rephrased as follows: who are the trustors to whom algorithms should 
be trustworthy? The decision-recipients affected by algorithmic decision-
making are the trustors in question. Consequently, the recipient-oriented 
view on the whom-question is well aligned with the trust-based view on the 
goal of explicability. ML algorithms are used to assess the personal capaci-
ties or characters of decision-recipients. For a decision-making system uti-
lizing ML algorithms to be considered trustworthy, it must fulfill the recip-
ient’s expectations and remain responsive to the decision-recipients by op-
erating on behalf of their interests and values. When ML algorithms are 
used in morally significant situations, it is essential to guarantee that the 
decision-recipients’ trust in the algorithms is warranted. Therefore, there is 
a good sense in which explication should be given to the decision-recipients.  
 Second, when it comes to retaining autonomous decisions, ML algo-
rithms should be explicable to the decision-makers employing them. In or-
der to make informed and responsible decisions, algorithm-users should be 
able to decide whether to accept, modify, or reject the recommendations 
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generated by the algorithms. To achieve this, they must have an under-
standing of algorithms’ functionality, capabilities, and limitations. Provid-
ing the explication of how they work enables decision-makers to make more 
informed and autonomous decisions, particularly when their decisions have 
consequences of ethical significance. Thus, the autonomy-based view in-
forms us that explication should be directed toward the decision-makers.  
 Before we conclude the duality of explicability, a critical examination of 
Robbins’ criticism of the recipient-oriented view is in order. Without any 
justification, Robbins (2019) assumes that the explicability principle has 
only one goal - maintaining meaningful human control over algorithmic 
decisions. He posits that with an explanation of the algorithm’s decision, 
human beings can retain their control to decide. Although he is aware of 
“the ethical issues of ensuring that the outputs of algorithms are not made 
based upon ethically problematic or irrelevant considerations” (p. 501), he 
regards it as an aspect of meaningful human control. Consequently, he 
maintains that “an explanation of the algorithm’s decision can allow for 
someone to accept, disregard, challenge, or overrule the rejection. This gives 
meaningful control of the decision to human beings”(ibid.). It would make 
sense if the “human beings” refer to the decision-recipients. However, Rob-
bins contends that the explanation should be given to the decision-makers 
instead. While he concedes that a decision-recipient “subject to the algo-
rithm’s outputs may be interested to know the explanation,” he asserts that 
her interest “does not establish meaningful human control over the algo-
rithm’s output” (pp. 502–503).  

Robbins claims that explanations are not helpful to the decision-recipi-
ents. For example, in the case of a loan application rejected by an algorithm, 
the explanation of rejection may include a high debt-to-income ratio of the 
applicant. Without relevant domain knowledge, the applicant would be un-
able to assess whether the debt-to-income ratio considered was justifiable 
ground for rejection. Thus, Robbins concludes that the explanation fails to 
establish meaningful human control, and as a result, explanations need not 
be directed toward decision-recipients. However, this line of thought is 
flawed. First, as we have seen, the decision-maker’s control to decide is not 
the only purpose of explicability. Second, our claim is not that explanations 
given to the decision-recipients are always sufficient for them to judge 
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whether the algorithmic decisions are based on unethical or problematic 
considerations. For such judgments, decision-recipients need to have rele-
vant information and background knowledge. Nonetheless, it does not un-
dermine our claim that explicability is necessary for decision-recipients.17  
Most of the literature on explicability has mistakenly assumed that expli-
cation should be provided to just one stakeholder role for one and only 
purpose. By rejecting this unjustified assumption, we can embrace the dual 
nature of explicability. The duality of explicability is two-folded: first, ex-
plication serves the dual purposes of trustworthiness and autonomy; second, 
explanations should be directed to decision-recipients as well as decision-
makers. Moreover, these two dimensions seem to overlap coherently, as ex-
planations are needed to warrant decision-recipient’s trust in ML algorithms 
and facilitate informed decisions by decision-makers.  

6. Conclusion 

 Although many authors have made significant contributions to answer-
ing why ML algorithms should be explicable and to whom, they have failed 
to construct a coherent, systematic framework for conceptualizing and im-
plementing explicability. In this paper, I have attempted to fit the pieces of 
the puzzle together. First, I argued that explicability is instrumental in 
enhancing more fundamental values like autonomy and trustworthiness. 
Second, I highlighted the dual nature of explicability, particularly aligning 
the answers to why- and whom-questions along the two dimensions. Expli-
cability is directed toward both decision-makers for their autonomous and 
informed decisions and decision-recipients for their warranted trust in the 
algorithms. The next question we must address is how different explicatory 
strategies should be employed for different stakeholders, depending on the 
purposes of explicability. I suspect that intelligibility, the epistemic sense 
of explicability, can be met by pursuing an objectual understanding of how 

 
17 Robbins (2019), in footnote 12, mentioned the goal of actionable recourse, “the 
ability to contest incorrect decisions or to understand what could be changed in 
order for the data subject to achieve a more desirable result” but failed to consider 
further implications (p. 503).  
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the models work (for algorithm-users) or a causal/counterfactual explana-
tion of why a particular decision was made (for decision-recipients). How-
ever, that is a task I aim to tackle in another article. 
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