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Abstract
AI systems increasingly support human decision-making across domains of profes-
sional, skill-based, and personal activity. While previous work has examined how AI 
might affect human autonomy globally, the effects of AI on domain-specific auton-
omy—the capacity for self-governed action within defined realms of skill or exper-
tise—remain understudied. We analyze how AI decision-support systems affect 
two key components of domain-specific autonomy: skilled competence (the ability 
to make informed judgments within one’s domain) and authentic value-formation 
(the capacity to form genuine domain-relevant values and preferences). By engag-
ing with prior investigations and analyzing empirical cases across medical, financial, 
and educational domains, we demonstrate how the absence of reliable failure indica-
tors and the potential for unconscious value shifts can erode domain-specific auton-
omy both immediately and over time. We then develop a constructive framework 
for autonomy-preserving AI support systems. We propose specific socio-technical 
design patterns—including careful role specification, implementation of defeater 
mechanisms, and support for reflective practice—that can help maintain domain-
specific autonomy while leveraging AI capabilities. This framework provides con-
crete guidance for developing AI systems that enhance rather than diminish human 
agency within specialized domains of action.
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1  Introduction

Artificial Intelligence systems are increasingly used to provide outputs that aim to 
facilitate decision-making, often by providing direct suggestions for a course of 
action. This decision support can happen discretely in the form of alerts, such as the 
EPIC system used by hospitals to detect risk of sepsis (a life-threatening reaction to 
infection) that are intended to trigger clinicians to take action (Habib et al., 2021). 
It can happen continuously, as with self-driving cars that do (most of) the work of 
driving the vehicle for you, but with the expectation that the human stays attentive to 
potential automation failures. And it can happen over time, the way Large Language 
Models (LLMs) are used to write initial drafts of texts then reviewed by people, 
and then again to finetune subsequent versions. All these interactions are meant to 
empower people in specific action domains. They should lead to better patient care, 
safer driving, and better-written outputs.

However, as we will argue, such uses of AI can affect human autonomy: the abil-
ity to make decisions and act according to values that are significantly ‘one’s own’ 
(Christman, 2020; Prunkl, 2022). While there are more expansive ways of under-
standing the concept,1 there is widespread agreement that autonomy involves some 
level of self-governance, which has two main conditions. On the one hand, com-
petency conditions involve having the psychological capacities underlying practical 
rationality like memory, imagination, planning, self-control, and emotional regula-
tion. On the other hand, authenticity conditions require that the motivations and val-
ues that drive the agent are truly their own, as opposed to distorted or illegitimately 
influenced from outside.

Researchers have examined how AI use can impact different aspects of people’s 
autonomy (Burr et al., 2018; Prunkl, 2024), as well as our psychological need for 
feeling autonomous (Calvo et al., 2020). These analyses tend to focus on the impact 
of AI-supported decisions on those affected by them (like job candidates affected 
by hiring algorithms (Vaassen, 2022) or incarcerated people affected by automated 
parole decisions; Rubel et al., 2021; Taylor, 2024). When examining the decision-
makers themselves, researchers have focused on AI’s impact on its impact on global 
autonomy: the overall level of autonomy a person enjoys across multiple spheres of 
action. Some have focused on AI’s impacts on specific domains of autonomy, like 
interaction with social robots (Formosa, 2021). Here we focus on a particularly rel-
evant and under-explored domain of human action: skillful decision-making, and the 
use of AI systems as tools for decision support.

We will argue that both competence and authenticity can be affected in AI 
decision-support interactions, which we understand as interactions in which the 
human uses AI outputs as input for a decision-making process. This ranges from 

1  Particularly, researchers have proposed that ‘autonomy’ might be a multi-dimensional concept, where 
not all of its dimensions are exhausted by self-governance. (See particularly (Killmister 2018; Mackenzie 
et al., 2014) for more expansive multi-dimensional accounts.) In this paper we focus on self-governance 
as a shared core element of autonomy across different perspectives, and do not mean to claim that this 
exhausts the discussion: there is more to be said about how human-AI interactions affects other dimen-
sions of autonomy.
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medical doctors making diagnosis or prescription decisions and judges making 
parole decisions, to professionals deciding what feedback to provide to a colleague 
and drivers making motor decisions about how to steer a vehicle. Recent work has 
already  explored the effects of algorithmic decision support on the autonomy of 
those affected by automated decisions; for example, how algorithmic management 
affects worker autonomy (Arango-Muñoz, 2011); or how recommender systems 
impact autonomous value formation (Arzberger et  al., 2024). Instead, this paper 
focuses on the impact of algorithmic decision support on the autonomy of the deci-
sion-makers assisted by these technologies.

We argue that decision-maker autonomy is at risk along both dimensions of 
autonomy, within the domains in which the AI provides support. Regarding com-
petency, we highlight AI opacity as an issue for domain-specific competency during 
the use of AI (Section 2.1) and deskilling as an issue for domain-specific compe-
tence in the long run (Section 2.2). And regarding authenticity, we argue that inter-
actions with AI systems to achieve one’s goals can bias value-formation processes 
(Section 2.3) leading to a change of values within the domain that is inauthentic. 
Importantly, all these effects can be domain-specific: the decision maker’s autonomy 
can be affected in the AI-supported decision domain while their autonomy remains 
intact in other domains. This also means that not all losses of autonomy are prob-
lematic: if a coder gives up part of their autonomous ability to write code due to 
long-term interactions with AI coding assistants, then that may be unproblematic if 
their ability to produce code together with AI assistance is improved compared to 
the original autonomous ability. In many cases, dependence on technology reduces 
our autonomy in one task to improve our overall autonomy in achieving higher-level 
goals. However, many of the cases we discuss here relate to losses of autonomy 
in decision-making and control over our values, which is (we believe) much more 
problematic than a loss of autonomy in coding or mental arithmetic.

In part 3 we propose that these risks can be mitigated by intentionally designing 
the socio-technical environment within which AI decision support occurs. Support-
ing domain-specific competency requires providing sufficient information, particu-
larly about risks of system failure, to counteract their opacity (Section 3.1); appro-
priately distributing roles between humans and AI systems (Section 3.2); designing 
training regimens in ways that protect skills (Section 3.3). Additionally, the authen-
ticity of domain-specific user values can be bolstered by choice frictions of the right 
kind (Section 3.4). We thus formulate a number of socio-technical recommendations 
for the design of autonomy-preserving AI decision-support systems.

2 � Challenges to Domain‑Specific Autonomy in Human‑AI 
Interactions

2.1 � Challenges to Synchronic Competency: The Lack of Failure Mode Warnings

AI systems, and especially deep neural networks, are widely considered to be epis-
temically opaque (Boge, 2022). We currently do not know why they produce the 
outputs that they do and therefore have no access to the reasons for these outputs. 
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While we do of course have access to the AI systems themselves, the combination of 
a vast number of parameters with a lack of explicit representations (parameters typi-
cally cannot be linked to real-world quantities) means that when using AI systems 
we are often limited to outputs and accuracy scores. Research on Explainable AI 
aims to improve this situation (Explainable artificial intelligence (XAI): What we 
know and what is left to attain trustworthy artificial intelligence. 2023), but as we 
discuss in Section 3.1 still has a long way to go before it manages to provide effec-
tive explanations. However, users of AI systems lack more than just explanations 
of outputs. They also miss a broader set of indicators that tell us when an AI output 
is reliable and when it is not. In other words, we often cannot easily distinguish 
between cases when the AI we are using operates as it should, and cases when it 
may fail, requiring a shift to a more reflective engagement with—and perhaps an 
override of—the AI system’s recommended path of action.

The absence of failure mode indicators affects how we relate to AI systems, in 
contrast with many other pieces of technology. From a technological mediation 
perspective (Verbeek, 2006), when we use a technology as a tool, this technology 
mediates both the way we act on the world and the way the world presents itself to 
us. As long as our use of the technology works as expected and is unimpeded, it is 
(in the terminology of Heidegger (Heidegger, 1996)) “ready-to-hand”: the technol-
ogy itself recedes from our attention and our engagement with it is intuitive and 
fluid. The flow of action is impeded only when we notice the tool is malfunctioning. 
This breakdown makes the technology appear as “present-at-hand”: the immediate 
relationship between us and the world is interrupted, and the tool itself enters the 
focus of our attention. It is then that we can reflectively engage with it and critically 
assess why it is malfunctioning and what we should do about it. The skillful use of 
a tool requires that we appropriately manage the shift between intuitive, ready-to-
hand engagements with the world and reflective, present-at-hand engagements with 
the tool itself. In AI systems, the lack of failure mode signals reduces the human 
decision-maker’s ability to switch between intuitive and reflective modes, i.e., the 
ability to make the meta-decision of when to intuitively rely on the system’s output 
and when to critically question it.

This kind of shift between intuitive and reflective modes is not as difficult for 
other technologies. For simple tools such as shovels we can immediately see when 
it does not function properly, as there will be visible damage to the tool even before 
we attempt to use it, and haptic feedback will highlight noticeable differences once 
we pick it up. While this certainly gets more complicated as tools get more sophis-
ticated, even in the case of, e.g., an MRI machine there is a set of indicators and 
known failure modes for these machines that radiologists are trained to recognize. 
They can see, for example, when a patient is not holding their breath for the entire 
duration of a scan and will pause the scan as soon as (or even slightly before) this 
happens, as they know that this will lead to inaccurate imaging. Similarly, airplane 
automations come with long sets of instructions that pilots are trained on, complete 
with protocols for how to act when indicators light up, which pilots must know by 
heart. The system can of course still fail in unexpected ways, but in the prime cases 
where this has happened, such as the Boeing 737 Max incidents, that unexpected 
failure is recognized as a serious design error that should have been addressed both 
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socially (in pilot training) and technically. Lack of clarity about failure modes fatally 
endangered the passengers of the airplanes and hindered the competency of the 
pilots flying the plane as they did not know what was failing in the plane or how to 
correct it.

AI systems are, in most setups, not accompanied by these kinds of warning sig-
nals, nor are their failure modes easily detected. There certainly are patterns to how 
AI systems fail. We know that they become less reliable for inputs that are dissimilar 
from the training data and we know that AI systems are sensitive to correlations 
in the data that are not always generalizable, the way object recognition systems 
often pay undue attention to color and texture, confusing other bright yellow objects 
with bananas (Hendrycks et  al., 2021). Without support to spot dissimilar inputs, 
however, there is frequently no way for a user to tell when the system is operating 
outside its scope. Crucially, as we do not know what patterns the system is in fact 
sensitive to, there is no telling when it uses patterns that fail to generalize to the cur-
rent situation.

One might hope here that we can indicate the uncertainty of an AI output and use 
that as a guideline for whether the system requires critical engagement. However, 
uncertainty quantification is still a serious challenge (Kuppers et al., 2020). Adver-
sarial examples are a nice highlight of this fact, as they show that with minimal 
changes to the input we can get AI systems to produce wildly incorrect outputs with 
high confidence ratings (Alcorn et al., 2019).

This lack of failure transparency creates a situation where human decision-mak-
ers have to rely on general claims about the AI system’s reliability. They have very 
limited tools to determine when to be critical about the functioning of the AI and 
when to accept it as is. This theoretical claim is reflected also in the empirical lit-
erature on decision support systems, where we see users struggle to calibrate their 
reliance on AI systems (Klingbeil et al., 2024; Schemmer et al., 2023). This can lead 
to either under-reliance on the system, as people decide that it is better to trust their 
own faculties, with lower performance as a result (He et al., 2023); or it can lead 
to overreliance, often accompanied by automation bias, where users adopt the AI’s 
recommendation outputs even when they are incorrect (Klingbeil et al., 2024). Since 
AI systems are ideally instrumental to us (better) achieving our goals, this is a clear 
challenge to the competency dimension of autonomy.

Let us now go back to autonomy. This discussion of failure transparency high-
lights one aspect of the competency condition not so frequently discussed: metacog-
nition, i.e., the set of abilities that allow an agent to monitor and control their own 
cognitive activities (Arango-Muñoz, 2011; Proust, 2019). By providing them with a 
sense of certainty or doubt, error or fluency, metacognition crucially enables deci-
sion-makers to reliably track to what extent their action advances their self-endorsed 
values and objectives within the chosen domain. If metacognition misfires, say, by 
providing us with a mistaken sense of certainty, or with a feeling of fluency dissoci-
ated from correct performance, we are no longer able to track whether we are mak-
ing progress towards our goals in that domain — in short, without an acute sense of 
metacognition, our competency is significantly diminished. As a result, we under-
rely or over-rely on the system making less competent decisions than if we were able 
to appropriately rely on the AI system.
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Failure signals are thus crucial because by alerting us that (there is a risk that) 
something is wrong or out of the ordinary, they allow metacognitive feelings to 
adjust to the situation: a heightened sense of doubt and error allows us to steer 
information processing more cautiously. Without these signals, however, we tend to 
remain in an intuitive state of flow while making decisions that lead us astray from 
the values we intend to advance.

Thus, in human-AI interaction settings where a human decision-maker’s access 
to reality is mediated by the output of an AI system that lacks failure signals, the 
decision-maker’s autonomy is significantly compromised since they cannot reliably 
track when their decisions advance their values and when they do not. This reduc-
tion in competency is due to not having access to signals that allow them to meta-
cognitively guide their cognitive processes.

2.2 � Challenges to Diachronic Competency: Deskilling

Competency can also degrade over time, as we come to rely more and more upon AI 
systems to do parts of the work for us (OpenAI, 2023; Passi & Vorvoreanu, 2022). 
This kind of deskilling is not specific to AI: one of the best-known examples of 
deskilling is what the calculator has done to our mental math skills. However, with 
the wide range of tasks that we are considering to incorporate AI into, it is nev-
ertheless important to be aware of the potential longer-term effects of this on our 
domain-specific autonomy. First, because there are recent suggestions that AI usage 
leads to a loss of critical thinking skills, harming the metacognition discussed above 
(Gerlich, 2025). Second, we also see domain-specific challenges: on the one hand, 
in cases where people are expected to keep monitoring the quality of decisions over 
time and, on the other hand, in cases where AI is expected to scaffold our skills in 
some environments, while we also have to make decisions in environments without 
AI support.

For the former, we can look at a range of cases where support through automa-
tion has lowered people’s knowledge and their confidence in their own decisions. In 
a recent case, Wessel (Wessel, 2023) investigated the use of decision-support sys-
tems by financial professionals. These professionals reported that as reliance on AI 
increases, both their declarative knowledge of customer and financial data and their 
procedural knowledge of doing tasks without AI support decreased. Sutton et  al. 
(2018) give a good overview of this effect in a wider range of domains. They men-
tion that doctors have decreased confidence in their ability to diagnose patients after 
relying on AI systems (Goddard et al., 2011, 2014), that auditors with similar levels 
of experience are less able to perform audit tasks when they primarily worked with 
audit support systems (Dowling & Leech, 2014) and that marketing managers sup-
ported by machine learning show decreased levels of creativity (Wortmann et  al., 
2016). Together, these results suggest that sustained AI assistance can reduce the 
human decision-maker’s domain-specific competency through time by altering both 
their cognitive abilities (making them less capable of acquiring and using decision-
relevant information by themselves) and their metacognitive processes (reducing 
their sense of confidence in their ability to make appropriate decisions independently 
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of the AI system’s support). If compounded through time, these two effects can lead 
human decision-makers to over-rely on AI support, and make them less confident 
in rejecting the AI’s suggestions when they should be overridden (OpenAI, 2023; 
Passi & Vorvoreanu, 2022). If you add up the AI system’s lack of failure signals 
and the loss of human expertise, the result could be a significant overall loss in the 
capacity to track decision quality within expertise domains. This amounts to a loss 
in domain-specific competency over time, which would render humans less able to 
adequately evaluate the relevance of the AI’s contributions, and thus make our deci-
sions in those domains less autonomous.

Domain-specific deskilling takes place not only as the gradual loss of already-
acquired skills: it also manifests in a reduced ability to acquire new ones. In a peer 
review task, the inclusion of an AI tool helped students give concrete, original and 
relevant suggestions. However, once the AI assistance was removed the participants 
did significantly worse than when assisted, providing shorter feedback that was 
flagged as needing revision more often, as well as writing more generic and unre-
lated comments. As the researchers themselves note: “AI prompts played a signifi-
cant role in maintaining the quality of students’ feedback” [25:10]. While perhaps 
not a case of deskilling per se, as the study did not look at long-term effects of using 
AI, it does highlight the risk that AI interaction may not support skill acquisition but 
rather generate dependence without actually acquiring an independent (autonomous) 
competence to provide high-quality feedback.

Deskilling through hindering new skill acquisition can also occur when engaging 
with AI chatbots, such as mental health chatbots. While the relationship between 
a mental health patient and their provider involves a level of dependence (Clem-
ens, 2010), mental healthcare professionals have a duty to help someone who may 
struggle to advocate for themselves and recover their autonomy (Brown & Halpern, 
2021). Mental health chatbots, however, do not replicate such a therapeutic relation-
ship. As Hamdoun et al. (Hamdoun et al., 2023) write, these systems “present a par-
adox: the promise of 24/7 companionship and the expectation of self-sufficiency” (p. 
32). While the claims of mental health chatbots to relieve acute psychological dis-
tress are widely supported in the literature, the relationship between mental health 
chatbot use and long-term psychological wellbeing is less clear (Li et al., 2023). In 
addition, studies with users of generic conversational agents have found evidence 
of users developing overdependent, sometimes arguably addictive, relationships to 
their chatbot (MD Haque & Rubya, 2023). For example, users of Replika, a compan-
ion conversational agent that also claims to improve mental health,2 reported such 
dependence on their chatbots that they could no longer go for a walk without it or 
used it to replace real-world social interactions (Ma et al., 2024). These interactions 
with AI thus fail to provide users with the necessary social skills for maintaining 
psychological wellbeing.

2  From https://​repli​ka.​com/: “Coaching: Build better habits and reduce anxiety,” and a featured review 
from The New York Times: “Replika was designed to provide positive feedback to those who use it, in 
accordance with the therapeutic approach made famous by the American psychologist Carl Rogers, and 
many psychologists and therapists say the raw emotional support provided by such systems is real.”.

https://replika.com/
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In sum, the evidence discussed in this section suggests that AI decision support 
can lead human agents to lose competencies crucial to autonomous domain-specific 
choice through time because it can both erode previously-acquired decision skills 
and hinder the development of new ones. We highlight the twin risks of cognitive 
deskilling, where AI support prevents human agents from accessing the information 
required to maintain and develop skilled judgment, and metacognitive deskilling, 
where it leads human agents to lower their level of confidence in their AI-free deci-
sions and judgments. These are all instances of a diachronic loss of the competen-
cies necessary for domain-specific autonomous decision-making. Next, we look at 
the effects of AI support on the authenticity dimension of domain-specific autonomy 
before turning to design recommendations in Section 2.1.

2.3 � Challenges to Domain‑Specific Authenticity

Traditionally, whether a person is authentic has been theorized as determined by 
whether their motivations and values are in the correct type of relation (e.g. whether 
an agent wholeheartedly endorses their motivations (Dworkin, 1988; Frankfurt, 
1988)). Recently, Karlan (Karlan, 2024) has provided a seminal discussion about 
whether AI-supported decisions might lead human agents to decide inauthentically 
in that sense, i.e., going unwittingly against the values that they hold at the time 
of deciding. For example, to narrow 250 applicants for a junior job to a list of 5–6 
interviewable ones, a hiring manager at a technology company uses an AI-based 
resume filtering system, and in doing so might have made a decision inconsistent 
with her commitment to being fair to all candidates, given the well-known prone-
ness to exacerbate human biases of such systems (Deshpande et al., 2020; Gaddis, 
2018).

While crucial, it has recently become clear that these ‘static’ accounts presuppose 
that the agent’s values at the time of decision were formed authentically, and not 
themselves a product of inauthentic processes. Static accounts thus miss a crucial 
element of authenticity: our values and beliefs transform as our practical circum-
stances change and we develop our sense of who we are. Adopting a historical per-
spective (Christman et al., 2014; Mackenzie et al., 2014), a key question is whether 
the processes whereby an agent’s values and beliefs change is authentic, or whether 
it alienates them from their identity. While there is not much agreement about what 
makes value shifts authentic (Feldman & Hazlett, 2013; Taylor, 1992), one plausible 
basic condition is that the agent should be able to become aware of the value shift. 
That is because the person can judge to what extent the shift fits with who they are 
only if it is consciously accessible. More precisely, unless the agent is in principle 
able to become aware of a shift in their values, they cannot tell whether it supports 
or undermines their practical identity (i.e., the person’s most central commitments 
and values which structure the way the agent sees the world, deliberates, and acts 
(Christman et al., 2014; Korsgaard, 1996)).

We extend the discussion of AI-aided decision making’s impact on authenticity 
beyond its immediate effects (Karlan, 2024) and examine long-term value changes. 
In this section we will discuss the emerging evidence that AI decision support can 
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generate shifts of values and beliefs of which the decision-makers remain unaware. 
We argue that if such inaccessible value shifts accumulate through time, the human 
decision-maker may change their value set in ways that erode autonomy by under-
mining authenticity diachronically, i.e. by leading the agent to adopt inauthentic val-
ues. In sum, because such cumulative value shifts are inherited in a persistent and 
unconscious manner, the decision-maker is unable to judge such shifts from the per-
spective of their practical identity to assess their authenticity.

To start, interacting with an AI system can result in shifts that persist even after 
the AI interaction has ceased. For example, Vicente & Matute (2023) found AI-
inherited bias in a medical image classification task. Participants who had biased AI 
assistance made more errors (in line with the AI bias) on the classification tasks than 
those who had no AI assistance. In a second, unaided classification task, they found 
higher error rates in AI-assisted participants even after the AI system was removed. 
In addition, participants who reported greater levels of trust in the AI system made 
more errors than those with lower levels of trust.

While these studies only evaluated one unaided task after the initial AI inter-
action, we have reason to believe that such biases will persist for longer. This is 
because values, beliefs, and biases embedded in AI systems could be subconsciously 
transmitted to the user and influence their beliefs even after the system is no longer 
in use (Kidd & Birhane, 2023) since systems tend to offer biased information at a 
critical moment of curiosity, when someone is uncertain and open to learning, and 
after which it can be difficult to challenge. As Vicente and Matute found, overhyping 
the system’s capabilities or presenting its results as fully objective further add to the 
likelihood that such a bias will be taken on by increasing trust.

Kidd and Birhane (2023) further predict that, in such an open, trusting state of 
curiosity, it may not always be obvious to the person that such biases and beliefs 
are present. Emerging evidence suggests that such shifts are, indeed,  inherited 
unconsciously by the decision-maker when interacting with an AI system. For 
example, Jakesch et  al., (2023) evaluated opinion posts about whether social 
media is good for society, where participants were assisted by an LLM biased for 
or against social media. Participants who used the writing assistant were more 
likely to write posts that reflected the assistant’s bias and to mimic its bias when 
asked for their opinion on social media after the experiment when compared with 
a control group. Crucially, most participants were not aware that the model was 
skewed and could be influencing their writing. When asked, only 10% of partici-
pants detected the model’s bias when it aligned with their existing opinion, and 
only 30% did when the bias contradicted it. In addition, most participants reported 
that they felt the assistant was knowledgeable and had expertise in the topic. In 
addition, interactions with social media recommendations can influence value 
and belief shifts unbeknownst to the user. Social media has become a widely-
used source of information on relevant world events: many users interact with the 
recommender system to seek information relevant to them – for example, using 
social media posts to initially flag a relevant news event for the user to investigate 
in more detail elsewhere (Edgerly, 2017). However, it is well-accepted that rec-
ommender systems are often designed to retain user attention and engagement, 
the fuel of the “attention economy” (Davenport & Beck, 2001; Goldhaber, 2025). 
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Kasirzadeh and Evans (2023) found that systems readily promote polarized politi-
cal content early in order to increase the acceptance of recommendations later on. 
This phenomenon of “user tampering” can arguably promote diachronic shifts in 
the user’s values and beliefs for economic gains. Indeed, this change of interest in 
and acceptability of certain content could be viewed as a modification of a user’s 
opinions to retain user engagement. Taken together, not only can such value shifts 
be persistent, but the human collaborator can unconsciously inherit them from the 
AI system.

Supported by this emerging evidence, we postulate that inauthentic value shifts 
within domains (e.g. political opinions, or bias in diagnosis) can occur through 
repeated interactions with AI systems. Over time, an AI system’s existing biases and 
embedded value sets can be unconsciously inherited by the decision-maker, even 
when such a shift is in tension with the user’s core values. Together, this threat-
ens their ability to assess such shifts in relation to their practical identity. The lack 
of awareness that the shifts are occurring means that the decision-maker cannot 
actively endorse them, and this can result in problematic, cumulative shifts to the 
agent’s beliefs, values, and attitudes over time.

Notably, those most at risk could be those marginalized from discussions around 
AI and its development. Many have flagged the prevalence of mostly WEIRD (West-
ern, Educated, Industrial, Rich, Developed, Henrich et al., 2010) values in LLMs. 
For example, ChatGPT tends to align with American norms, values, and opinions 
(Benkler et al., 2023; Cao et al., 2023; The ghost in the machine has an american 
accent: value conflict in, 2022). As such beliefs, as we have seen, could be plausibly 
unconsciously picked up by those interacting with AI systems, those of non-WEIRD 
backgrounds are especially at risk of acquiring values that are not in accordance 
with their practical identity. This is especially true as use of predominantly Western-
orgin AI, including LLMs such as Chat-GPT, continues to rise in other parts of the 
world. Therefore, care must be taken to explicitly address the concerns of authentic-
ity loss due to undetected value shifts. We will provide suggestions about this in 
Section 3.3.

In this juncture, we think that it’s relevant to briefly explore the link between our 
discussion and discussions of automated manipulation (Jongepier & Klenk, 2022; 
Susser et  al., 2019). Manipulation comes up naturally when thinking of ways of 
undermining our autonomy. Different accounts of manipulation share the idea that 
the goal of manipulation is to get someone to take a certain action, while some put 
the emphasis on the manipulator’s intentions (Susser et al., 2019) and others on the 
manipulator’s carelessness (Klenk, 2022). Regardless of the specific account one 
adopts, we think that they link up naturally with our discussion of autonomy here. 
The stereotypical cases of manipulation, focused on individual actions, describe 
situations where we fail to act in accordance with our own values and reasons due 
to external factors. We are made to act differently than we would have, and our 
competence to act on our own values and reasons may be undermined. The exam-
ples above already illustrated this: we may end up with biases and opinions that we 
would, upon reflection, want to avoid. As a result, after sufficiently long histories 
of interaction with AI-based decision support systems, people taking actions due to 
their AI-inherited biases and beliefs that they otherwise would not have, and do so 
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in predictable ways. We thus have an effective way to change behavior via the long-
term erosion of authenticity.

This type of manipulation is, in our view, an especially worrying case. Manipu-
lations that focus on singular actions, or that change our behavior through target-
ing the competency dimension (keeping our values intact but leading us to act 
differently than we would like to) are problematic but easier to fix. Competencies 
can be restored, perhaps sometimes even simply by removing the AI system from 
the process. Furthermore, barriers to competency are more easily detected (e.g. 
through introspection). On the other hand, once our values have been changed to 
something inauthentic, it is both harder to detect and much more difficult to repair. 
When manipulation of this kind has happened at a larger scale, how do we deter-
mine which values are actually authentic, and which are the result of manipulation? 
Moreover, regaining authenticity can face resistance from within, since the agent 
now has a competition between inconsistent sets of values. We therefore think that 
it is important to also pay close attention to the authenticity dimension of autonomy, 
including in the debate on manipulation. The recommendations in the next section 
are a starting point, but overall we believe that more attention is needed for dia-
chronic manipulation that is harder to spot and affects us more deeply, yet is not 
captured as naturally by current accounts of manipulation that focus on whether a 
specific, singular, action is manipulated.

3 � What Now? Recommendations

We have argued that autonomy can be harmed in a variety of ways as a result of 
collaborative interactions with AI systems. Yet, we believe that these harms to 
autonomy can be mitigated. We need to consciously design the interactions we have 
with AI systems in order to protect autonomy, keeping up human competence and 
authenticity while having the benefits of AI support. In this section we look at what 
can be done to tackle the challenges of a lack of failure transparency, of deskilling 
and of opaque value shifts due to interactions with AI. While none of these can be 
tackled by changing the AI algorithm alone, a socio-technical lens at the broad setup 
within which we work with AI helps identify a way forward.

3.1 � Protect Competency Synchronically by Making Failures More Transparent

The lack of failure transparency was introduced as stemming from the more general 
opacity of AI systems. Because we don’t know why the system produces a certain 
output, it is very difficult to evaluate whether the output makes sense or to antici-
pate when the system as a whole is less reliable. As such, attempts to make AI sys-
tems more explainable (Explainable artificial intelligence (XAI): What we know and 
what is left to attain trustworthy artificial intelligence. 2023) are a natural first step 
to tackling this challenge. However, while we believe that good explanations would 
be very valuable and despite a vast literature on the technical side of explainable 
AI (Guidotti et  al., 2019; Hendrycks et  al., 2021), the current state of what XAI 
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can offer users is insufficient. Empirical evaluations of popular explainable AI tech-
niques have shown little to no cognitive benefits (Waa et  al., 2021). Users do not 
make better decisions, i.e. do not disagree with wrong AI outputs or agree with cor-
rect AI outputs more often (and thus do not improve competence), based on this 
extra information (Labarta et al., 2024). They are also not able to better anticipate 
what the AI system will do for new inputs (Poursabzi-Sangdeh et al., 2021).

These empirical results warrant a cautious take on making AI explainable, at least 
for the currently used XAI techniques. Since the issue for competency stems from a 
challenge to metacognition, we would need to see explanations that support meta-
cognition specifically. However, as the current techniques do not allow us to reason 
any better about AI outputs or the behavior of the AI system as a whole, we don’t 
see this as a crucial support for metacognition: they do not (yet) provide the signals 
needed to reliably steer information processing and decision-making. While recent 
work is exploring new types of explainable AI techniques, using for example causal 
inference techniques (Beckers & Halpern, 2019; Buijsman, 2022; Raphaël Millière 
& Cameron Buckner, 2024), these have yet to be tested empirically to see if they 
could support metacognitive competency in different domains. We therefore sug-
gest to look further than explainable AI, although purely due to the current state 
of the art. If new, more effective, explanations are develeoped then explainability 
is still a promising way to improve competence, and if (as a reviewer suggested) 
they also highlight the values underlying the AI outputs then this can also help with 
authenticity.

More general approaches to tackling failure transparency that does not rely on 
making the AI system itself more transparent have also been suggested. Buijsman 
and Veluwenkamp (Buijsman & Veluwenkamp, 2022) discuss precisely this issue in 
light of defeaters: pieces of information that either give the user evidence to doubt 
the AI system’s reliability (undermining) or offer evidence in favor of an alterna-
tive conclusion (undercutting). In both categories we can design the socio-technical 
system in such a way that users receive such defeaters/warning signals when appro-
priate. For example, users can receive a warning when an input is an outlier com-
pared to the AI system’s training set. Outlier detection methods are readily available 
(Boukerche et al., 2021) and we know that in general AI systems will be less reliable 
when processing outliers, thus giving grounds to provide the decision-maker with 
an undermining defeater. Users will then have extra reason to critically reflect on 
the AI system’s output before incorporating it into their decision-making process. 
As a second example, there are bound to be reasons that make a system misfire. 
The NarxCare system, an AI system that predicts whether a patient requesting opi-
oids might be addicted to them, screens people’s entire medication purchase history 
(Pozzi, 2023). This can include painkillers bought for pets, with legitimate reasons 
that show that there is in fact no reason to suspect addiction, but the evidence that 
the painkillers were bought for a different reason is not processed by the system 
itself. Either a supporting system highlighting prescriptions from veterinarians or 
a sensitivity to patients explanations (and possible provision of harder evidence) 
would be a good way to build in an undercutting defeater in the process.

While empirical evidence is still wanting, the very purpose of defeaters is to high-
light when a system might fail, either due to unreliability or due to insensitivity to 
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additional reasons for a decision. We thus expect that designing the socio-technical 
systems that include these warning signals will aid people’s competency in decision-
making by supporting metacognitive accuracy, ultimately allowing decision-makers 
to distinguish cases when they should intuitively rely on AI outputs from those in 
which they should more critically evaluate them. If there is a warning signal/defeater 
then we know that we should switch our use of the AI system from the intuitive to 
the reflective mode. In addition, we believe that a broader redesign of socio-techni-
cal systems would be helpful as it is also often the role that is given to AI systems 
that leads to problems with competence, both through the lack of failure transpar-
ency and through deskilling.

3.2 � Protect Competency Skills by Redesigning Socio‑Technical Systems

A common setup of human-AI interactions is one where both the human and the 
AI are solving the same task. Decision support systems are a good example, as the 
AI system focuses on the same decision as the human. Self-driving cars are another 
example, as both the AI and the human have the task to drive the car. Yet in precisely 
these kinds of situations we see that it is hard for people to maintain their attention 
on the task at hand. Thus, for self-driving cars we see that the more the human trusts 
in the AI system, the longer their reaction times are (Payre et al., 2016), presumably 
because they disengage from the actual driving task. This translates also to other 
domains, as e.g. consultants struggled to maintain quality in their reports when they 
were initially written by an LLM. Compared to when consultants do the writing 
themselves, one study observed a 23% drop in the quality of problem-solving when 
consultants had the LLM write the first draft of the report (Candelon et al., 2023).

While we could of course try to remedy these situations by introducing a range 
of warning signals, a better solution would be to redesign the socio-technical sys-
tem as a whole by giving the AI system a different role. When driver support sys-
tems in cars are designed not to take over the driving entirely, but rather give haptic 
feedback (changing the pressure in the gas pedal and nudging the steering wheel) in 
line with what the AI calculates as the optimal speed and direction, no reduction in 
response times is observed (Korsgaard, 1996). In the very different setting of breast 
cancer screening Dembrower et  al. (2023) found that giving AI a role completely 
independent from the human operator can also be beneficial. Instead of the standard 
of two radiologists doing the screening, they tested a setup where the screening is 
done by one radiologist and (independently) by one AI system. Whenever one of 
the two flags potential breast cancer, the patient was then referred to the hospital for 
further testing, leading to both a big efficiency gain and an improvement in screen-
ing sensitivity.

The red thread we see in these examples is that in the first two, where we see 
performance drops, people have as their main role the correction of an AI system. 
Since failures are hard to detect, and it is additionally difficult to maintain atten-
tion when failures are rare, this leads to problems: opportunities to exercise our own 
skills are less frequent, and we thus become slowly more dependent on the AI sys-
tems to carry out the tasks for us. On the other hand, in the case of haptic control 
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and the radiology screening we have a situation where humans carry out the entirety 
of the task, supported (in different degrees and ways) by an AI system. The per-
son in this driving case actively has to turn the wheel and regulate speed, although 
aided by haptic cues from the automation. The radiologist has no direct interaction 
with the AI at all, thus keeping up their skills in the same way as without automa-
tion. Yet through the introduction of AI the socio-technical system as a whole is 
still improved. A different way to put this is that in the first cases we see a joint task 
scenario, where humans and AI systems solve the same task, with humans taking 
the role of correcting the AI at that task. Instead, we recommend to focus on design-
ing systems where humans have independent tasks, not correcting the AI system 
but rather focusing on complementary work that together with the AI adds up to a 
more effective socio-technical system. In a practical implementation of these ideas, 
Carmona-Díaz et  al. (2025) present a tutorial for unstructured text analysis where 
LLMs are used for time-intensive classification tasks while human researchers main-
tain control over evaluation at multiple steps of the iterative process. Researchers 
can choose which stages of the process to automate and which to leave in humans’ 
hands, to ensure that human expertise guides the process.

As a final note on this design point, we want to stress that this also means that we 
should design the socio-technical system in a way that prevents challenges to auton-
omy from outside as well. The NarxCare system mentioned above is a good example 
of how this can go wrong. In this case, doctors who prescribe more than the AI sys-
tem advises are labeled as overprescribers. These doctors are then at risk of losing 
their medical license and may even face legal prosecution (Pozzi, 2023), thus creat-
ing a very high barrier for doctors to act differently than the system suggests. This 
harm to autonomy is not one stemming directly from the interaction between the 
AI and the doctor: it is one that is baked into the socio-technical system and points 
to a certain role that is ascribed to the AI system (as presumably being more objec-
tive and accurate, so that doctors who ‘overprescribe’ are seen as suspicious). It rel-
egates users of the system to accepting the (negative) outputs of the system, thus 
taking away their autonomy. Designing the interaction in ways that disempower the 
human and place AI as an “automatic authority” (Lazar, 2024) are bound to amplify 
the negative deskilling effects discussed, as well as increase automated errors, ren-
dering the sociotechnical system more fragile overall.

3.3 � Protect Competency Skills by Designing Training Regimens

The redesign of socio-technical systems detailed above can help to protect both syn-
chronic and diachronic competence. By ensuring that people do independent tasks, 
they maintain the skills to do those tasks and have the requisite environment to 
acquire them. This may not always be an option, as e.g. LLMs can only aid effec-
tively in coding tasks when they are working in a joint task setting, working on 
the same code the human is working on. Of course, we might relegate an LLM to 
debugging, but in practice it is often useful to let it draft new code as well as debug 
code. In these kinds of settings, training regimens are a practical way to ensure that 
skills are maintained. These are common in high-stakes professions, as e.g. doctors, 
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financial controllers and pilots are required to maintain and update their skills every 
year through such regimens. We may thus maintain competencies in a similar man-
ner as we introduce AI into workflows, asking the humans involved to solve the task 
independently with some regularity.

Whether this is necessary will depend on a few factors. First, there is of course 
the question whether the socio-technical system as it is set up will indeed lead to a 
loss of competence through deskilling. Even if it doesn’t, there is a question whether 
training regimens can help mitigate a loss of competence due to a lack of failure 
transparency. To our knowledge, empirical results on this point are not yet available, 
and so it is an open question whether such AI-specific training will help.

Second, there is a question regarding the type of task that we might become less 
competent in. The use of calculators has made us less competent in mental arith-
metic, and this is rarely a problem. For once we acquire the necessary facility 
with numbers from doing arithmetic it seems fine that our mental arithmetic skill 
declines through long-term use of calculators. There is, however, a disanalogy with 
AI because calculators are both far more reliable and (serious) failures are easier to 
spot. As a result, we don’t require training in calculations without calculators even 
for high-risk tasks, but there is a need for such training in high-risk joint tasks with 
AI.

Third, the need for such training regimens is likely to be higher when we focus on 
skill acquisition. As discussed, this can be hindered by AI support. Unsurprisingly, 
we don’t learn to program nearly as well when an LLM produces first drafts of the 
code, just as we don’t use calculators while learning mental arithmetic. There is, 
thus, a need to identify which skills remain crucial even as we may relegate some 
of them to AI systems later on. Mental arithmetic is still relevant because it leads to 
general numeracy skills. Coding will still be relevant even if more and more code is 
computer-generated, because it leads to insights into how computer programs func-
tion that are needed to determine code effectiveness, diagnose problems and brain-
storm for new functionalities. Summing up, then, introducing additional training 
regimens can be crucial to ensure that we acquire and maintain essential skills. The 
human-AI interactions discussed here are far closer to the pilot-automation interac-
tions in planes, that require extensive training and upkeep, than our use of calcu-
lators. Good design of training regimens is thus an important step in maintaining 
autonomy and preventing a diachronic loss of competency.

3.4 � Protect Authenticity by Designing Adaptive Systems with Positive Friction

Finally, we argued that failures of authenticity can arise from unconscious AI-
mediated value shifts of a decision-maker that persist after the human-AI interac-
tion concludes. In particular, those from non-Western (Non-WEIRD) backgrounds 
and marginalized communities are particularly at risk of having their authenticity 
undermined because of the largely WEIRD values, beliefs, and biases embedded 
in systems, such as LLMs. To tackle these challenges, we propose that systems be 
designed with a level of positive friction to encourage cultivation of self-knowledge 
and designed to be sufficiently adaptive to a plurality of different value sets.
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Regarding the former, positive friction could be used in AI to promote self-
knowledge as a means of safeguarding oneself from unconscious value shifts. While 
there are varying accounts of self-knowledge, for our purposes we are using the 
term in the broadest sense to mean awareness of one’s emotions, thoughts, beliefs, 
desires, and values (Gertler, 2010). In this regard, promoting reflection in techno-
logical design could be a helpful means of increasing self-knowledge. This could 
be achieved through the selective use of friction in the design of AI interactions. 
Researchers in the UX and HCI communities have begun exploring the role of 
design friction—design choices that inhibit the “flow” and ease at which a user navi-
gates an interface—to promote more conscious, and autonomous interactions with 
technology (Cox et al., 2016). They utilize insights from behavioral and cognitive 
psychology to guide their exploration of positive friction—for example, the fast and 
slow processing model (Kahneman, 2011). In particular, in the field of data privacy 
decision-making, such design friction has been proposed as a means to help deci-
sion-makers make more reflective, value-centered privacy decisions in a cognitively 
overwhelming environment (Carter, 2022; Terpstra et  al., 2019). Similarly, in AI, 
the use of such friction has also been proposed as a means of supporting one’s self-
control and goal-pursuit abilities, serving here as a reflective tool (Chen & Schmidt, 
2024).

While more empirical work is needed to fully explore the efficacy of these inter-
ventions at supporting reflection, positive design friction is a promising means 
of cultivating greater self-knowledge by bringing one’s unconscious interaction with 
technology to the forefront. In theory, bringing technology interactions to the deci-
sion-maker’s awareness could have a protective effect on unconscious value shifts. 
By making the unconscious more known, one should be more able to deliberately 
endorse value shifts from the perspective of one’s own practical identity, effectively 
safeguarding (some of) one’s authenticity.

Next, we turn to ensuring that systems are sufficiently adaptive to promote 
authentic identity formation—that is, value shifts that are endorsed by the agent’s 
core identity. Besides promoting conscious awareness of value shifts through posi-
tive friction, the systems themselves could be adaptive to the values of each collabo-
rator as a further means of guarding against identity-inconsistent value shifts. While 
the positive friction would, ideally, promote a degree of self-knowledge that would 
allow someone interacting with an AI to consciously endorse value shifts, a system 
that too greatly varies from the agent’s own value set could introduce a cognitive 
load that is simply too excessive for one to consciously endorse each and every shift. 
A sufficiently adaptive system, which can shift itself instead of shifting its human 
collaborator, could work in conjunction with friction to safeguard authenticity.

To create such a system will require understanding which values are currently 
instilled in AI (which can often be done through correlational studies, such as 
(Verma et  al., 2025), without the need for new explainable AI techniques).3 As 
we discussed earlier, the values in many leading AI systems are largely WEIRD. 
In order to have a more active say in the values being instilled in AI, how values 

3  Our thanks to a reviewer for pointing this out.



Autonomy by Design: Preserving Human Autonomy in AI… Page 17 of 23     97 

can—and which ones should—be incorporated into these systems has been an active 
area of research in the fields of value-alignment and value-sensitive design. In the 
value alignment arena, Anthropic’s Claude takes a constitutional AI approach that 
seeks to align with broadly shared public values such as care and respect (Consti-
tutional AI: Harmlessness from AI Feedback., 2022). Others have proposed using a 
human-rights based approach to align models (Prabhakaran et al., 2022) or identify-
ing broad, universal values for aligning recommender systems (Stray, 2020). Sim-
ilarly, the field of value-sensitive design aims to conceptualize and operationalize 
consensual norms and values in the design process through a tripartite methodol-
ogy that includes stakeholder value conceptualization, empirical investigations, and 
technical investigations (Friedman et al., 2013).

However, in order for a system to be sufficiently adaptive and work to safeguard 
authenticity, it will need to be able to incorporate variation of values based on one’s 
culture and lived experience. There are a number of current efforts to elicit and 
capture value plurality in AI which could help us accomplish such a feat, such as 
the concept of situated values (Arzberger et  al., 2024) or personal values (Carter, 
2024). Of course, those whose authenticity is most at risk from identity-inconsistent 
value shifts are those whose values are not currently being captured by AI systems. 
More work will therefore also be required to capture traditionally marginalized per-
spectives and values around AI, and designing adaptive systems to these value sets 
should be prioritized.4

4 � Conclusion

There is a lot to gain from human-AI interactions. Yet, at the same time, these 
potential benefits come at a risk to our domain-specific autonomy. As we have 
highlighted, through the lens of autonomy as self-governance, we see risks to both 
domain-specific competence and authenticity. Concerns around competence arise 
due to a lack of failure transparency and deskilling within domains, and around 
authenticity due to changes in our values resulting from interactions with AI sys-
tems. Each of these risks pose a challenge for human-AI interactions that need to 
support us not just in the short term, but also in long-term interactions. Especially 
the diachronic risks, of deskilling through loss of skills or ineffective skills acquisi-
tion and of inauthentic value changes, require much more attention to ensure that we 
maintain our autonomy to accomplish specific goals as we integrate AI into more 
and more aspects of our lives.

At the same time, we believe that good design of human-AI interactions can help 
to mitigate these risks. The role that AI systems are assigned in human-AI inter-
actions matter greatly, and we’ve highlighted that in particular joint task settings, 

4  Notably, one should proceed carefully when adapting such systems to values in a personalized manner. 
As explored at great depth in Kirk et. al. (2024), the benefits of such personalization for autonomy and, 
as we have argued, specifically authenticity, will need to be carefully balanced against other ethical con-
cerns around data privacy and algorithmic bias.
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where humans and AI are effectively solving the same task, are likely to lead to 
reduced human autonomy for those tasks. Instead, independent task setups where 
humans and AI systems solve complementary tasks already avoid many of the issues 
we have highlighted. That being said, we still need further steps to protect both 
our competencies and our authenticity. We can make failures of AI systems more 
transparent, for example by actively designing for defeaters (Kasirzadeh & Evans, 
2023). We can also ensure that training regimens are in place that maintain skills 
and ensure effective acquisition of new skills. Here, temporary suspension of the AI 
system may lead to benefits in the long run.

Finally, we need to actively ensure that our values remain authentic. Positive fric-
tion in human-AI interactions can promote reflection on our values and ensure that 
any shifts in those values happen consciously and authentically. More adaptive sys-
tems that better align to the personal values of the human it is interacting with can 
also help to prevent the scenario where humans adapt their values to suit those of a 
more rigid AI system. Both these steps can help prevent inauthentic value shifts that 
can often be seen as a type of manipulation that goes beyond individual actions and 
deserves more attention. Only if we tackle all these parts of autonomy in the design 
of human-AI interactions can we ensure that we benefit from them in the long run.

Funding  None.

Data Availability  Not applicable.

Declarations 

Ethics Approval and Consent to Participate  Not applicable.

Consent for Publication  All authors consent to submission and publication at Philosophy and Technology.

Competing Interests  The author(s) declare that there are no conflicts of interest.

Open Access  This article is licensed under a Creative Commons Attribution 4.0 International License, 
which permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended 
use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain permis-
sion directly from the copyright holder. To view a copy of this licence, visit http://creativecommons.org/
licenses/by/4.0/.

References

Alcorn, M. A., Li, Q., Gong, Z., Wang, C., Mai, L., Ku, W.- S., & Nguyen, A. (2019). Strike (with) a 
pose: Neural networks are easily fooled by strange poses of familiar objects. In 2019 IEEE/CVF 
Conference on Computer Vision and Pattern Recognition (CVPR) (pp. 4840–4849). IEEE. https://​
doi.​org/​10.​1109/​CVPR.​2019.​00498

http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1109/CVPR.2019.00498
https://doi.org/10.1109/CVPR.2019.00498


Autonomy by Design: Preserving Human Autonomy in AI… Page 19 of 23     97 

Ali, S., Abuhmed, T., El-Sappagh, S., Muhammad, K., Alonso-Moral, J. M., Confalonieri, R., Guidotti, 
R., Del Ser, J., Díaz-Rodríguez, N., & Herrera, F. (2023). Explainable artificial intelligence (XAI): 
What we know and what is left to attain trustworthy artificial intelligence. Information Fusion, 99, 
101805. Retrieved January 20, 2025 from https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S1566​
25352​30011​48

Arango-Muñoz, S. (2011). Two levels of metacognition. Philosophia, 39(1), 71–82. https://​doi.​org/​10.​
1007/​s11406-​010-​9279-0

Arzberger, Anne, Buijsman, S., Lupetti, M. L., Bozzon, A., & Yang, J. (2024). Nothing comes without its 
world–practical challenges of aligning llms to situated human values through RLHF. In Proceedings 
of the AAAI/ACM Conference on AI, Ethics, and Society, 2024. 61–73. Retrieved January 20, 2025 
from https://​ojs.​aaai.​org/​index.​php/​AIES/​artic​le/​view/​31617

Bai, Y., Kadavath, S., Kundu, S., Askell, A., Kernion, J., Jones, A., Chen, A., Goldie, A., Mirhoseini, A., 
McKinnon, C., Chen, C., Olsson, C., Olah, C., Hernandez, D., Drain, D., Ganguli, D., Li, D., Tran-
Johnson, E., Perez, E., … Kaplan, J. (2022). Constitutional AI: Harmlessness from AI Feedback. 
Retrieved August 29, 2023 from http://​arxiv.​org/​abs/​2212.​08073.

Beckers, S., & Halpern, J. Y. (2019). Abstracting causal models. In Proceedings of the AAAI conference 
on artificial intelligence, 2019. 2678–2685. Retrieved January 20, 2025 from https://​ojs.​aaai.​org/​
index.​php/​AAAI/​artic​le/​view/​4117.

Benkler, N., Mosaphir, D., Friedman, S., Smart, A., & Schmer-Galunder, S. (2023). Assessing LLMs for 
moral value pluralism. https://​doi.​org/​10.​48550/​arXiv.​2312.​10075

Boge, F. J. (2022). Two dimensions of opacity and the deep learning predicament.  Minds & 
Machines, 32(1), 43–75. https://​doi.​org/​10.​1007/​s11023-​021-​09569-4

Boukerche, A., Zheng, L., & Alfandi, O. (2021). Outlier detection: Methods, models, and classification. 
ACM Computing Surveys, 53(3), 1–37. https://​doi.​org/​10.​1145/​33810​28

Brown, J. E. H., & Halpern, J. (2021). AI chatbots cannot replace human interactions in the pursuit of 
more inclusive mental healthcare. SSM - Mental Health (SSM-MH), 1, 100017. Retrieved January 
17, 2025 from https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S2666​56032​10001​77

Buijsman, S. (2022). Defining explanation and explanatory depth in XAI.  Minds & Machines,  32(3), 
563–584. https://​doi.​org/​10.​1007/​s11023-​022-​09607-9

Buijsman, S., & Veluwenkamp, H. (2022). Spotting when algorithms are wrong. Minds & Machines, 
33(4), 541–562. https://​doi.​org/​10.​1007/​s11023-​022-​09591-0

Burr, C., Cristianini, N., & Ladyman, J. (2018). An analysis of the interaction between intelligent 
software agents and human users. Minds & Machines, 28(4), 735–774. https://​doi.​org/​10.​1007/​
s11023-​018-​9479-0

Calvo, R. A., Peters, D., Vold, K., & Ryan, R. M. (2020). Supporting human autonomy in AI systems: 
a framework for ethical enquiry. In C. Burr, & L. Floridi (Eds.), Ethics of Digital Well-Being (pp. 
31–54). Springer. https://​doi.​org/​10.​1007/​978-3-​030-​50585-1_2

Candelon, F., Krayer, L., Rajendran, S., & Martinez, D. Z. (2023). How people can create–and destroy–
value with generative AI.  BCG Glob. 21, (2023). Retrieved January 22, 2025 from  https://​bcghe​
nders​onins​titute.​com/​wp-​conte​nt/​uploa​ds/​2023/​09/​how-​people-​create-​and-​destr​oy-​value-​with-​gen-​
ai.​pdf.

Cao, Y., Zhou, L., Lee, S., Cabello, L., Chen, M., & Hershcovich, D. (2023). Assessing cross-cultural 
alignment between ChatGPT and human societies: An empirical study.  https://​doi.​org/​10.​48550/​
arXiv.​2303.​17466

Carmona-Díaz, G., Jiménez-Leal, W., Grisales, M. A., Sripada, C., Amaya, S., Inzlicht, M., & Bermú-
dez, J. P. (2025). An AI-Powered Research Assistant in the Lab: A practical guide for text analysis 
through iterative collaboration with LLMs. arXiv.org. Retrieved May 16, 2025 from https://​arxiv.​
org/​abs/​2505.​09724​v1.

Carter, S. E. (2022). A value-centered exploration of data privacy and personalized privacy assistants. 
Digital Society, 1(3), 27. https://​doi.​org/​10.​1007/​s44206-​022-​00028-w

Carter, S. E. (2024). A value-centered approach to data privacy decisions. University of Galway.
Chen, Z., Schmidt, R. (2024). Exploring a behavioral model of “Positive Friction” in human-AI interac-

tion. In A. Marcus, E. Rosenzweig, M. M. Soares (Eds.), Design, User Experience, and Usability 
(pp. 3–22). Springer Nature Switzerland. https://​doi.​org/​10.​1007/​978-3-​031-​61353-1_1

Christman, J. (2014). Coping or oppression: Autonomy and adaptation to circumstance. In A. Veltman & 
M. Piper (Eds.), Autonomy, Oppression, and Gender (pp. 201–226). Oxford University Press.

https://www.sciencedirect.com/science/article/pii/S1566253523001148
https://www.sciencedirect.com/science/article/pii/S1566253523001148
https://doi.org/10.1007/s11406-010-9279-0
https://doi.org/10.1007/s11406-010-9279-0
https://ojs.aaai.org/index.php/AIES/article/view/31617
http://arxiv.org/abs/2212.08073
https://ojs.aaai.org/index.php/AAAI/article/view/4117
https://ojs.aaai.org/index.php/AAAI/article/view/4117
https://doi.org/10.48550/arXiv.2312.10075
https://doi.org/10.1007/s11023-021-09569-4
https://doi.org/10.1145/3381028
https://www.sciencedirect.com/science/article/pii/S2666560321000177
https://doi.org/10.1007/s11023-022-09607-9
https://doi.org/10.1007/s11023-022-09591-0
https://doi.org/10.1007/s11023-018-9479-0
https://doi.org/10.1007/s11023-018-9479-0
https://doi.org/10.1007/978-3-030-50585-1_2
https://bcghendersoninstitute.com/wp-content/uploads/2023/09/how-people-create-and-destroy-value-with-gen-ai.pdf
https://bcghendersoninstitute.com/wp-content/uploads/2023/09/how-people-create-and-destroy-value-with-gen-ai.pdf
https://bcghendersoninstitute.com/wp-content/uploads/2023/09/how-people-create-and-destroy-value-with-gen-ai.pdf
https://doi.org/10.48550/arXiv.2303.17466
https://doi.org/10.48550/arXiv.2303.17466
https://arxiv.org/abs/2505.09724v1
https://arxiv.org/abs/2505.09724v1
https://doi.org/10.1007/s44206-022-00028-w
https://doi.org/10.1007/978-3-031-61353-1_1


	 S. Buijsman et al.   97   Page 20 of 23

Christman, J. (2020). Autonomy in moral and political philosophy. In  E. N. Zalta (Ed.),  The Stanford 
Encyclopedia of Philosophy (Fall 2020), Metaphysics Research Lab, Stanford University. Retrieved 
October 5, 2022 from https://​plato.​stanf​ord.​edu/​archi​ves/​fall2​020/​entri​es/​auton​omy-​moral/

Clemens, N A. (2010). Dependency on the psychotherapist. Journal of Psychiatric Practice, 16, 1 (2010), 
50–53. Retrieved January 17, 2025 from https://​journ​als.​lww.​com/​pract​icalp​sychi​atry/​fullt​ext/​2010/​
01000/​depen​dency_​on_​the_​psych​other​apist.7.​aspx?​casa_​token=​EUs13​v2ppt​sAAAAA:​ljCuD​
yFxrM​O5tMA​NRDFs​GhznE​UGt-​EFKBt​xWi9y​AvgVSo-​NWkQa​lLn_​4AZVM​pQgu_​zR2XN8_​
eJ6Se​3RzLC​NB9tU​o78ul​XgA&​casa_​token=​I8Pnh​KbNLX​sAAAAA:​jrc3d-​3Wgay​e5K_​Dzh_​
tpX0K​sDhzf​l5DNc​385J3​ejvw4​RkCgn​MbO6z​hZHCV​9irAB​IcDkJ​Hp7vp​pXvZu_​j0XRS​0ESGI​
kzVgM

Cox, A. L., Gould, S. J. J., Cecchinato, M. E., Iacovides, I., & Renfree, I. (2016). Design frictions for 
mindful interactions: The case for microboundaries. In Proceedings of the 2016 CHI Conference 
Extended Abstracts on Human Factors in Computing Systems (pp. 1389–1397). ACM. https://​doi.​
org/​10.​1145/​28515​81.​28924​10

Darvishi, A, Khosravi, H., Sadiq, S., Gašević, D., & Siemens, G. (2024). Impact of AI assistance on stu-
dent agency. Computers & Education, 210, 104967. https://​doi.​org/​10.​1016/j.​compe​du.​2023.​104967

Davenport, T. H., & Beck J. C. (2001). The Attention economy. Ubiquity, 2001(May), 1. https://​doi.​org/​
10.​1145/​376625.​376626

Dembrower, K., Crippa, A., Colón, E., Eklund, M., & Strand, F. (2023). Artificial intelligence for breast 
cancer detection in screening mammography in Sweden: a prospective, population-based, paired-
reader, non-inferiority study. The Lancet Digital Health, 5(10), e703–e711. Retrieved January 20, 
2025 from https://​www.​thela​ncet.​com/​journ​als/​landig/​artic​le/​PIIS2​589-​7500(23)​00153-X/​fullt​ext

Deshpande, K. V., Pan, S., & Foulds, J. R. (2020). Mitigating demographic bias in AI-based resume 
filtering. In Adjunct Publication of the 28th ACM Conference on User Modeling, Adaptation and 
Personalization (pp. 268–275), July 14, 2020. ACM. https://​doi.​org/​10.​1145/​33863​92.​33995​69

Dowling, C., & Leech, S. A. (2014). A big 4 firm’s use of information technology to control the audit 
process: How an audit support system is changing auditor behavior.  Contemporary Accounting 
Research, 31(1), 230–252. https://​doi.​org/​10.​1111/​1911-​3846.​12010

Dworkin, G. (1988). The theory and practice of autonomy. Cambridge University Press.
Edgerly, S. (2017). Seeking out and avoiding the news media: Young adults’ proposed strategies for 

obtaining current events information.  Mass Communication and Society,  20(3), 358–377. https://​
doi.​org/​10.​1080/​15205​436.​2016.​12624​24

Feldman, S. D. & Hazlett, A. (2013). Authenticity and self-knowledge: Authenticity and self-knowledge. 
Dialectica, 67(2), 157–181. https://​doi.​org/​10.​1111/​1746-​8361.​12022

Formosa, P. (2021). Robot autonomy vs. human autonomy: social robots, artificial intelligence (AI), and 
the nature of autonomy. Minds & Machines, 31(4), 595–616.

Frankfurt, H. G. (1988). The Importance of What We Care About. Cambridge University Press.
Friedman, B., Kahn, P. H., Borning, A., Huldtgren, A. (2013). Value sensitive design and information 

systems. In N. Doorn, D. Schuurbiers, I. Van De Poel, M. E. Gorman (Eds.), Early engagement and 
new technologies: Opening up the laboratory (pp. 55–95). Springer Netherlands. https://​doi.​org/​10.​
1007/​978-​94-​007-​7844-3_4

Gaddis,  S. M. (Ed.). (2018). Audit Studies: Behind the Scenes with Theory, Method, and Nuance. 
Springer International Publishing. https://​doi.​org/​10.​1007/​978-3-​319-​71153-9

Gerlich, M. (2025). AI tools in society: Impacts on cognitive offloading and the future of critical thinking. 
Societies, 15(1), 6. Retrieved January 22, 2025 from https://​www.​mdpi.​com/​2075-​4698/​15/1/6

Gertler, B. (2010). Self-Knowledge. Routledge. Retrieved January 20, 2025 from https://​www.​taylo​rfran​
cis.​com/​books/​mono/​10.​4324/​97802​03835​678/​self-​knowl​edge-​brie-​gertl​er

Goddard, K., Roudsari, A., & Wyatt, J. C. (2011). Automation bias–a hidden issue for clinical decision 
support system use. International Perspectives in Health Informatics, 17–22. Retrieved January 20, 
2025 from https://​ebooks.​iospr​ess.​nl/​volum​earti​cle/​13863

Goddard, K., Roudsari, A., & Wyatt, J. C. (2014). Automation bias: empirical results assessing influ-
encing factors.  International Journal of Medical Informatics, 83(5), 368–375. Retrieved January 
20, 2025 from https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S1386​50561​40001​48?​casa_​token=​
3zf0y​Qe0HJ​cAAAAA:​aMKhJ​MhgnO​V7hCH​U977P​za9za​fG_​eqEYv​NkQ29​XHy82​9yv03​Hjzg4​
9rCWo​D1pcu​qKT_​7fPSF​11A

Goldhaber, M. H. (2025). The attention economy and the net. First Monday, 2, 4 . Retrieved January 
20, 2025 from https://​schol​ar.​google.​com/​schol​ar?​hl=​en&​as_​sdt=0%​2C5&q=​Goldh​aber%​2C+​M.+​

https://plato.stanford.edu/archives/fall2020/entries/autonomy-moral/
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://journals.lww.com/practicalpsychiatry/fulltext/2010/01000/dependency_on_the_psychotherapist.7.aspx?casa_token=EUs13v2pptsAAAAA:ljCuDyFxrMO5tMANRDFsGhznEUGt-EFKBtxWi9yAvgVSo-NWkQalLn_4AZVMpQgu_zR2XN8_eJ6Se3RzLCNB9tUo78ulXgA&casa_token=I8PnhKbNLXsAAAAA:jrc3d-3Wgaye5K_Dzh_tpX0KsDhzfl5DNc385J3ejvw4RkCgnMbO6zhZHCV9irABIcDkJHp7vppXvZu_j0XRS0ESGIkzVgM
https://doi.org/10.1145/2851581.2892410
https://doi.org/10.1145/2851581.2892410
https://doi.org/10.1016/j.compedu.2023.104967
https://doi.org/10.1145/376625.376626
https://doi.org/10.1145/376625.376626
https://www.thelancet.com/journals/landig/article/PIIS2589-7500(23)00153-X/fulltext
https://doi.org/10.1145/3386392.3399569
https://doi.org/10.1111/1911-3846.12010
https://doi.org/10.1080/15205436.2016.1262424
https://doi.org/10.1080/15205436.2016.1262424
https://doi.org/10.1111/1746-8361.12022
https://doi.org/10.1007/978-94-007-7844-3_4
https://doi.org/10.1007/978-94-007-7844-3_4
https://doi.org/10.1007/978-3-319-71153-9
https://www.mdpi.com/2075-4698/15/1/6
https://www.taylorfrancis.com/books/mono/10.4324/9780203835678/self-knowledge-brie-gertler
https://www.taylorfrancis.com/books/mono/10.4324/9780203835678/self-knowledge-brie-gertler
https://ebooks.iospress.nl/volumearticle/13863
https://www.sciencedirect.com/science/article/pii/S1386505614000148?casa_token=3zf0yQe0HJcAAAAA:aMKhJMhgnOV7hCHU977Pza9zafG_eqEYvNkQ29XHy829yv03Hjzg49rCWoD1pcuqKT_7fPSF11A
https://www.sciencedirect.com/science/article/pii/S1386505614000148?casa_token=3zf0yQe0HJcAAAAA:aMKhJMhgnOV7hCHU977Pza9zafG_eqEYvNkQ29XHy829yv03Hjzg49rCWoD1pcuqKT_7fPSF11A
https://www.sciencedirect.com/science/article/pii/S1386505614000148?casa_token=3zf0yQe0HJcAAAAA:aMKhJMhgnOV7hCHU977Pza9zafG_eqEYvNkQ29XHy829yv03Hjzg49rCWoD1pcuqKT_7fPSF11A
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Goldhaber%2C+M.+H.+%281997%29.+The+attention+economy+and+the+net.+First+Monday%2C+2+%284%29%2C+7.%0A&btnG


Autonomy by Design: Preserving Human Autonomy in AI… Page 21 of 23     97 

H.+%​281997%​29.+​The+​atten​tion+​econo​my+​and+​the+​net.+​First+​Monday%​2C+​2+%​284%​29%​
2C+​7.%​0A&​btnG=

Guidotti, R., Monreale, A., Ruggieri, S., Turini, F., Giannotti, F., & Pedreschi, D. (2019). A survey of 
methods for explaining black box models. ACM Computing Surveys, 51(5), 1–42. https://​doi.​org/​10.​
1145/​32360​09

Habib, A. R., Lin A. L., & Grant, R. W. (2021). The epic sepsis model falls short—the importance of 
external validation. JAMA Internal Medicine, 181(8), 1040–1041. Retrieved January 13, 2025 from 
https://​jaman​etwork.​com/​journ​als/​jamai​ntern​almed​icine/​artic​le-​abstr​act/​27813​13

Hamdoun, S., Monteleone, R., Bookman, T., & Michael, K. (2023). AI-based and digital mental health 
apps: Balancing need and risk.  IEEE Technology and Society Magazine,  42(1), 25–36. Retrieved 
January 17, 2025 from https://​ieeex​plore.​ieee.​org/​abstr​act/​docum​ent/​10063​146/?​casa_​token=_​
YdweC​azquU​AAAAA:​k7sOi​KQKel​u6woQ​kmmoE​cRLaQ​8tsKj-​XeqCR​FoDGa​5kBAe​oWjNv​
ywQj-​zhpda​eYTzf​2KGk0​mRVk

Haque, R. & Rubya, S. (2023). An overview of chatbot-based mobile mental health apps: insights from 
app description and user reviews. JMIR MHealth UHealth, 11(1), e44838. Retrieved January 17, 
2025 from https://​mheal​th.​jmir.​org/​2023/1/​e44838/

He, G., Kuiper, L., & Gadiraju, U. (2023). Knowing about knowing: An illusion of human competence 
can hinder appropriate reliance on AI systems. In Proceedings of the 2023 CHI Conference on 
Human Factors in Computing Systems (pp. 1–18). ACM. https://​doi.​org/​10.​1145/​35445​48.​35810​25

Heidegger, M. (1996). Being and time: A translation of Sein und Zeit. SUNY Press.
Hendrycks, D., Zhao, K., Basart, S., Steinhardt, J., & Song, D. (2021). Natural adversarial examples. In 

Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 15262–
15271). Retrieved January 17, 2025 from http://​opena​ccess.​thecvf.​com/​conte​nt/​CVPR2​021/​html/​
Hendr​ycks_​Natur​al_​Adver​sarial_​Examp​les_​CVPR_​2021_​paper.​html

Henrich, J., Heine, S. J., & Norenzayan, A. (2010). The weirdest people in the world? Behavioral and 
Brain Sciences, 33(2–3), 61–83. https://​doi.​org/​10.​1017/​S0140​525X0​99915​2X

Jakesch, M., Bhat, A., Buschek, D., Zalmanson, L., & Naaman, M. (2023). Co-writing with opinionated 
language models affects users’ views. In Proceedings of the 2023 CHI Conference on Human Fac-
tors in Computing Systems (pp. 1–15). ACM. https://​doi.​org/​10.​1145/​35445​48.​35811​96

Johnson, R. L., Pistilli, G., Menédez-González, N., Duran, L. D. D., Panai, E., Kalpokiene, J., & Bertulfo, 
D. J. (2022). The ghost in the machine has an American accent: value conflict in GPT-3. https://​doi.​
org/​10.​48550/​arXiv.​2203.​07785

Jongepier, F., spsampsps Klenk, M. (2022). Online manipulation: charting the field. In  F. Jongepier, 
spsampsps M. Klenk (Eds.), The Philosophy of Online Manipulation. Routledge.

Kahneman, D. (2011). Thinking, fast and slow. Penguin Books.
Karlan, B. (2024). Authenticity in algorithm-aided decision-making. Synthese, 204(93), 92–25. https://​

doi.​org/​10.​1007/​s11229-​024-​04716-7
Kasirzadeh, A., & Evans, C. (2023). User tampering in reinforcement learning recommender systems. 

In Proceedings of the 2023 AAAI/ACM Conference on AI, Ethics, and Society (AIES). Montreal. 
https://​doi.​org/​10.​1145/​36002​11.​36046​69

Kidd, C., & Birhane, A. (2023). How AI can distort human beliefs. Science, 380(6651), 1222–1223. 
https://​doi.​org/​10.​1126/​scien​ce.​adi02​48

Killmister, S. (2018). Taking the Measure of Autonomy: A Four-Dimensional Theory of Self-Governance 
(1st ed.). Routledge, 1 [edition]. | Routledge, 2017. | Series: Routledge studies in contemporary phi-
losophy ; 96. https://​doi.​org/​10.​4324/​97813​15204​932

Kirk H., Vidgen B., Röttger P., Hale S. (2024). The benefits, risks and bounds of personalizing the align-
ment of large language models to individuals. Nature Machine Intelligence 6(4), 383–392. https://​
doi.​org/​10.​1038/​s42256-​024-​00820-y

Klenk, M. (2022). (Online) manipulation: sometimes hidden, always careless.  Review of Social Econ-
omy, 80(1), 85–105. https://​doi.​org/​10.​1080/​00346​764.​2021.​18943​50

Klingbeil, A., Grützner, C., & Schreck, P. (2024). Trust and reliance on AI—an experimental study on 
the extent and costs of overreliance on AI. Computers in Human Behavior, 160, 108352. Retrieved 
January 17, 2025 from https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S0747​56322​40022​06

Korsgaard, C. (1996). The Sources of Normativity. Cambridge University Press. Retrieved January 20, 
2025 from https://​books.​google.​com/​books?​hl=​en&​lr=​&​id=​x9EgA​wAAQB​AJ&​oi=​fnd&​pg=​
PR9&​dq=​info:​G90TC​OqVKw​kJ:​schol​ar.​google.​com&​ots=​yNKd4​5sDC1​&​sig=​RYjNM​c9ujI​
enNqu​t5v4A​7Lrkz​o4

https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Goldhaber%2C+M.+H.+%281997%29.+The+attention+economy+and+the+net.+First+Monday%2C+2+%284%29%2C+7.%0A&btnG
https://scholar.google.com/scholar?hl=en&as_sdt=0%2C5&q=Goldhaber%2C+M.+H.+%281997%29.+The+attention+economy+and+the+net.+First+Monday%2C+2+%284%29%2C+7.%0A&btnG
https://doi.org/10.1145/3236009
https://doi.org/10.1145/3236009
https://jamanetwork.com/journals/jamainternalmedicine/article-abstract/2781313
https://ieeexplore.ieee.org/abstract/document/10063146/?casa_token=_YdweCazquUAA​AAA​:k7sOiKQKelu6woQkmmoEcRLaQ8tsKj-XeqCRFoDGa5kBAeoWjNvywQj-zhpdaeYTzf2KGk0mRVk
https://ieeexplore.ieee.org/abstract/document/10063146/?casa_token=_YdweCazquUAA​AAA​:k7sOiKQKelu6woQkmmoEcRLaQ8tsKj-XeqCRFoDGa5kBAeoWjNvywQj-zhpdaeYTzf2KGk0mRVk
https://ieeexplore.ieee.org/abstract/document/10063146/?casa_token=_YdweCazquUAA​AAA​:k7sOiKQKelu6woQkmmoEcRLaQ8tsKj-XeqCRFoDGa5kBAeoWjNvywQj-zhpdaeYTzf2KGk0mRVk
https://mhealth.jmir.org/2023/1/e44838/
https://doi.org/10.1145/3544548.3581025
http://openaccess.thecvf.com/content/CVPR2021/html/Hendrycks_Natural_Adversarial_Examples_CVPR_2021_paper.html
http://openaccess.thecvf.com/content/CVPR2021/html/Hendrycks_Natural_Adversarial_Examples_CVPR_2021_paper.html
https://doi.org/10.1017/S0140525X0999152X
https://doi.org/10.1145/3544548.3581196
https://doi.org/10.48550/arXiv.2203.07785
https://doi.org/10.48550/arXiv.2203.07785
https://doi.org/10.1007/s11229-024-04716-7
https://doi.org/10.1007/s11229-024-04716-7
https://doi.org/10.1145/3600211.3604669
https://doi.org/10.1126/science.adi0248
https://doi.org/10.4324/9781315204932
https://doi.org/10.1038/s42256-024-00820-y
https://doi.org/10.1038/s42256-024-00820-y
https://doi.org/10.1080/00346764.2021.1894350
https://www.sciencedirect.com/science/article/pii/S0747563224002206
https://books.google.com/books?hl=en&lr=&id=x9EgAwAAQBAJ&oi=fnd&pg=PR9&dq=info:G90TCOqVKwkJ:scholar.google.com&ots=yNKd45sDC1&sig=RYjNMc9ujIenNqut5v4A7Lrkzo4
https://books.google.com/books?hl=en&lr=&id=x9EgAwAAQBAJ&oi=fnd&pg=PR9&dq=info:G90TCOqVKwkJ:scholar.google.com&ots=yNKd45sDC1&sig=RYjNMc9ujIenNqut5v4A7Lrkzo4
https://books.google.com/books?hl=en&lr=&id=x9EgAwAAQBAJ&oi=fnd&pg=PR9&dq=info:G90TCOqVKwkJ:scholar.google.com&ots=yNKd45sDC1&sig=RYjNMc9ujIenNqut5v4A7Lrkzo4


	 S. Buijsman et al.   97   Page 22 of 23

Kuppers, F., Kronenberger, J., Shantia, A., & Haselhoff, A. (2020). Multivariate confidence calibration 
for object detection. In Proceedings of the IEEE/CVF conference on computer vision and pattern 
recognition workshops  (pp. 326–327). Retrieved January 17, 2025 from http://​opena​ccess.​thecvf.​
com/​conte​nt_​CVPRW_​2020/​html/​w20/​Kuppe​rs_​Multi​varia​te_​Confi​dence_​Calib​ration_​for_​Object_​
Detec​tion_​CVPRW_​2020_​paper.​html

Labarta, T., Kulicheva, E., Froelian, R., Geißler, C., Melman, X., spsampsps Von Klitzing, J. (2024). 
Study on the helpfulness of explainable artificial intelligence. In L. Longo, S. Lapuschkin, spsamp-
sps C. Seifert (Eds.),  Explainable Artificial Intelligence  (pp. 294–312). Springer Nature Switzer-
land. https://​doi.​org/​10.​1007/​978-3-​031-​63803-9_​16

Lazar, S. (2024). Legitimacy, authority, and democratic duties of explanation. In D. Sobel, & S. Wall 
(Eds.), Oxford Studies in Political Philosophy Volume 10 (pp. 28–56, 1st ed.). Oxford University 
Press. https://​doi.​org/​10.​1093/​oso/​97801​98909​460.​003.​0002

Li, H., Zhang, R., Lee, Y.-C., Kraut, R. E., & Mohr, D. C. (2023). Systematic review and meta-anal-
ysis of AI-based conversational agents for promoting mental health and well-being.  NPJ Digi-
tal Medicine,  6(1), 236. Retrieved January 17, 2025 from https://​www.​nature.​com/​artic​les/​
s41746-​023-​00979-5

Ma, Z., Mei, Y., & Su, Z. (2024). Understanding the benefits and challenges of using large language 
model-based conversational agents for mental well-being support. In AMIA Annual Symposium 
Proceedings, 2024. 1105. Retrieved January 17, 2025 from https://​pmc.​ncbi.​nlm.​nih.​gov/​artic​les/​
PMC10​785945/

Mackenzie, C. (2014). Three dimensions of autonomy: A relational analysis. In A. Veltman & M. Piper 
(Eds.), Autonomy, oppression, and gender (pp. 15–41). Oxford University Press.

Millière, R., & Buckner, C. (2024). Interventionist methods for interpreting deep neural networks. 
Retrieved January 20, 2025 from https://​philp​apers.​org/​rec/​MILIMF-2

OpenAI. (2023). GPT-4 System Card. Retrieved from https://​cdn.​openai.​com/​papers/​gpt-4-​system-​card.​
pdf. Accessed 8 July 2025.

Passi, S., & Vorvoreanu, M. (2022). Overreliance on AI literature review. Microsoft Research. Retrieved 
January 17, 2025 from https://​www.​micro​soft.​com/​en-​us/​resea​rch/​uploa​ds/​prod/​2022/​06/​Aether-​
Overr​elian​ce-​on-​AI-​Review-​Final-6.​21.​22.​pdf

Payre, W., Cestac, J., & Delhomme, P. (2016). Fully automated driving: Impact of trust and practice on 
manual control recovery. Human Factors: the Journal of the Human Factors and Ergonomics Soci-
ety, 58(2), 229–241. https://​doi.​org/​10.​1177/​00187​20815​612319

Poursabzi-Sangdeh, F., Goldstein, D. G., Hofman, J. M., Wortman, J., Vaughan, W., & Wallach, H. 
(2021). Manipulating and measuring model interpretability. In Proceedings of the 2021 CHI Confer-
ence on Human Factors in Computing Systems (pp. 1–52). ACM. https://​doi.​org/​10.​1145/​34117​64.​
34453​15

Pozzi, G. (2023). Automated opioid risk scores: a case for machine learning-induced epistemic 
injustice in healthcare.  Ethics and Information Technology,  25(1), 3. https://​doi.​org/​10.​1007/​
s10676-​023-​09676-z

Prabhakaran, V., Mitchell, M., Gebru, T., & Gabriel, I. (2022). A human rights-based approach to respon-
sible AI. Retrieved October 24, 2022 from http://​arxiv.​org/​abs/​2210.​02667

Proust, J. P. (2019). From comparative studies to interdisciplinary research on metacognition.  Animal 
Behavior and Cognition, 6(4), 309–328. https://​doi.​org/​10.​26451/​abc.​06.​04.​10.​2019

Prunkl, C. (2022). Human autonomy in the age of artificial intelligence.  Nature Machine Intelli-
gence, 4(2), 99–101. https://​doi.​org/​10.​1038/​s42256-​022-​00449-9

Prunkl, C. (2024). Human autonomy at risk? An analysis of the challenges from AI.  Minds & 
Machines, 34(3), 26. https://​doi.​org/​10.​1007/​s11023-​024-​09665-1

Rubel, A., Castro, C., & Pham, A. (2021). Algorithms and autonomy: The ethics of automated decision 
systems. Cambridge University Press.

Schemmer, M., Kuehlm, N., Benz, C., Bartos, A., & Satzger, G. (2023). Appropriate reliance on AI 
advice: conceptualization and the effect of explanations. In Proceedings of the 28th International 
Conference on Intelligent User Interfaces  (pp. 410–422). ACM. https://​doi.​org/​10.​1145/​35816​41.​
35840​66

Stray, J. (2020). Aligning AI optimization to community well-being. International Journal of Community 
Well-Being, 3(4), 443–463. https://​doi.​org/​10.​1007/​s42413-​020-​00086-3

Susser, D., Roessler, B., & Nissenbaum, H. F. (2019). Online manipulation: hidden influences in a digital 
world. Georgetown Law Technology Review, 4(1), 1–45.

http://openaccess.thecvf.com/content_CVPRW_2020/html/w20/Kuppers_Multivariate_Confidence_Calibration_for_Object_Detection_CVPRW_2020_paper.html
http://openaccess.thecvf.com/content_CVPRW_2020/html/w20/Kuppers_Multivariate_Confidence_Calibration_for_Object_Detection_CVPRW_2020_paper.html
http://openaccess.thecvf.com/content_CVPRW_2020/html/w20/Kuppers_Multivariate_Confidence_Calibration_for_Object_Detection_CVPRW_2020_paper.html
https://doi.org/10.1007/978-3-031-63803-9_16
https://doi.org/10.1093/oso/9780198909460.003.0002
https://www.nature.com/articles/s41746-023-00979-5
https://www.nature.com/articles/s41746-023-00979-5
https://pmc.ncbi.nlm.nih.gov/articles/PMC10785945/
https://pmc.ncbi.nlm.nih.gov/articles/PMC10785945/
https://philpapers.org/rec/MILIMF-2
https://cdn.openai.com/papers/gpt-4-system-card.pdf
https://cdn.openai.com/papers/gpt-4-system-card.pdf
https://www.microsoft.com/en-us/research/uploads/prod/2022/06/Aether-Overreliance-on-AI-Review-Final-6.21.22.pdf
https://www.microsoft.com/en-us/research/uploads/prod/2022/06/Aether-Overreliance-on-AI-Review-Final-6.21.22.pdf
https://doi.org/10.1177/0018720815612319
https://doi.org/10.1145/3411764.3445315
https://doi.org/10.1145/3411764.3445315
https://doi.org/10.1007/s10676-023-09676-z
https://doi.org/10.1007/s10676-023-09676-z
http://arxiv.org/abs/2210.02667
https://doi.org/10.26451/abc.06.04.10.2019
https://doi.org/10.1038/s42256-022-00449-9
https://doi.org/10.1007/s11023-024-09665-1
https://doi.org/10.1145/3581641.3584066
https://doi.org/10.1145/3581641.3584066
https://doi.org/10.1007/s42413-020-00086-3


Autonomy by Design: Preserving Human Autonomy in AI… Page 23 of 23     97 

Sutton, S. G., Arnold, V., & Holt, M. (2018). How much automation is too much? Keeping the human 
relevant in knowledge work. The Journal of Emerging Technologies in Accounting, 15(2), 15–25. 
https://​doi.​org/​10.​2308/​jeta-​52311

Taylor, C. (1992). The Ethics of Authenticity. Harvard University Press. Retrieved January 20, 2025 from 
https://​books.​google.​com/​books?​hl=​en&​lr=​&​id=​f11Q-​RNvmS​EC&​oi=​fnd&​pg=​PP13&​dq=​tay-
lor+​the+​ethics+​of+​authe​ntici​ty&​ots=​e8802​3a82B​&​sig=​sE86W​E4w3R​Rbk7m​g0ZJu​VspuL​4g

Taylor, E. (2024). Explanation and the right to explanation. Journal of the American Philosophical Asso-
ciation, 10(3), 467–482. https://​doi.​org/​10.​1017/​apa.​2023.7

Terpstra, A., Schouten, A. P., de Rooij, A., & Leenes, R. E. (2019). Improving privacy choice through 
design: How designing for reflection could support privacy self-management. First Monday. 
Retrieved January 20, 2025 from https://​first​monday.​org/​ojs/​index.​php/​fm/​artic​le/​view/​9358

Unruh, C. F., Haid, C., Johannes, F., & Büthe, T. (2022). Human autonomy in algorithmic management. 
In Proceedings of the 2022 AAAI/ACM Conference on AI, Ethics, and Society (pp. 753–762). ACM. 
https://​doi.​org/​10.​1145/​35140​94.​35341​68

Vaassen, B. (2022). AI, opacity, and personal autonomy. Philosophy & Technology, 35(4), 88. https://​doi.​
org/​10.​1007/​s13347-​022-​00577-5

Verbeek. P.-P. (2006). Persuasive technology and moral responsibility: Toward an ethical framework for 
persuasive technologies. Persuasive, 6(1), 1–15.

Verma, S., Prasun, P., Jaiswal, A., & Kumar, P. (2025). RAIL in the wild: Operationalizing responsible 
AI evaluation using Anthropic’s value dataset. https://​doi.​org/​10.​48550/​arXiv.​2505.​00204

Vicente, L., & Matute, H. (2023). Humans inherit artificial intelligence biases. Scientific Reports, 13(1), 
15737. https://​doi.​org/​10.​1038/​s41598-​023-​42384-8

van der Waa, J., Nieuwburg, E, Cremers, A., & Neerincx, M. (2021). Evaluating XAI: a comparison of 
rule-based and example-based explanations. Applied Intelligence, 291, 103404. Retrieved January 
20, 2025 from https://​www.​scien​cedir​ect.​com/​scien​ce/​artic​le/​pii/​S0004​37022​03015​33

Wessel, N.-C. (2023). Decision-support systems and decision making: Managing decisional deskilling 
in human-DSS interactions in organizations. In ICDS 2023 : The Seventeenth International Confer-
ence on Digital Society.

Wortmann, C., Fischer, P. M., & Reinecke, S. (2016). “Too much of a good thing?” How Big Data 
changes managerial decision making in marketing. Retrieved January 20, 2025 from https://​dlab.​
sauder.​ubc.​ca/​sjdm/​prese​ntati​ons/​2015-​Poster-​Wortm​ann-​Chris​toph_-​BigDa​ta-​Decis​ionMa​king-​
Innov​ation.​pdf

Publisher’s Note  Springer Nature remains neutral with regard to jurisdictional claims in published maps 
and institutional affiliations.

https://doi.org/10.2308/jeta-52311
https://books.google.com/books?hl=en&lr=&id=f11Q-RNvmSEC&oi=fnd&pg=PP13&dq=taylor+the+ethics+of+authenticity&ots=e88023a82B&sig=sE86WE4w3RRbk7mg0ZJuVspuL4g
https://books.google.com/books?hl=en&lr=&id=f11Q-RNvmSEC&oi=fnd&pg=PP13&dq=taylor+the+ethics+of+authenticity&ots=e88023a82B&sig=sE86WE4w3RRbk7mg0ZJuVspuL4g
https://doi.org/10.1017/apa.2023.7
https://firstmonday.org/ojs/index.php/fm/article/view/9358
https://doi.org/10.1145/3514094.3534168
https://doi.org/10.1007/s13347-022-00577-5
https://doi.org/10.1007/s13347-022-00577-5
https://doi.org/10.48550/arXiv.2505.00204
https://doi.org/10.1038/s41598-023-42384-8
https://www.sciencedirect.com/science/article/pii/S0004370220301533
https://dlab.sauder.ubc.ca/sjdm/presentations/2015-Poster-Wortmann-Christoph_-BigData-DecisionMaking-Innovation.pdf
https://dlab.sauder.ubc.ca/sjdm/presentations/2015-Poster-Wortmann-Christoph_-BigData-DecisionMaking-Innovation.pdf
https://dlab.sauder.ubc.ca/sjdm/presentations/2015-Poster-Wortmann-Christoph_-BigData-DecisionMaking-Innovation.pdf

	Autonomy by Design: Preserving Human Autonomy in AI Decision-Support
	Abstract
	1 Introduction
	2 Challenges to Domain-Specific Autonomy in Human-AI Interactions
	2.1 Challenges to Synchronic Competency: The Lack of Failure Mode Warnings
	2.2 Challenges to Diachronic Competency: Deskilling
	2.3 Challenges to Domain-Specific Authenticity

	3 What Now? Recommendations
	3.1 Protect Competency Synchronically by Making Failures More Transparent
	3.2 Protect Competency Skills by Redesigning Socio-Technical Systems
	3.3 Protect Competency Skills by Designing Training Regimens
	3.4 Protect Authenticity by Designing Adaptive Systems with Positive Friction

	4 Conclusion
	References


