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Abstract
Artificial intelligence (AI) ethics is undergoing a practical shift towards putting principles into design practices in devel-
oping responsible AI. While this practical turn is essential, this paper highlights its potential risk of overly focusing on
addressing issues at the level of individual artifacts, which can neglect more profound structural challenges and the
need for significant systemic change. Such oversight makes AI ethics lose its strength in addressing some hidden, long-
term harms within broader contexts. In this paper, we propose that the reflection on structural issues should be an
integral part of AI ethics. To achieve this, we develop a multi-level framework to analyze socio-ethical issues of AI at
both the artifact and broader structural levels. This framework can serve as a potentially transformative approach to un-
cover some unspoken assumptions in current AI ethics discourses and expose some blind spots in AI guidelines, policies,
and regulations. Our paper paves the way to develop a practical approach that can effectively integrate this multi-level
framework into real-world AI design and policymaking, ultimately bringing about transformative change.
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Introduction
Artificial Intelligence (AI) is significantly shaping our mod-
ern world, but it also brings a series of ethical, legal, and so-
cial challenges. In response, there has been a global push to
establish ethical guidelines to regulate AI’s risks and ad-
verse outcomes (Corrêa et al., 2023; Jobin et al., 2019;
HLEG, 2019). However, such AI governance through eth-
ical guidelines has received a lot of criticism. One major
concern is that these guidelines and principles are often
too abstract to apply in real-world situations (Bleher and
Braun, 2023; Hagendorff, 2021; Mittelstadt, 2019; Veale,
2020). These principles, for instance, often do not have
many real enforcement mechanisms, so there are usually
no or very minor consequences for not following ethical
codes—they are “toothless” (Rességuier and Rodrigues,
2020). Some companies even use such abstract ethics as a
marketing tool or a way of “ethics washing” to avoid stricter
legal regulations (Wagner, 2018). As a result, this principle-
based AI ethics is often seen not just as “useless” but as “a
dangerous distraction,” which takes significant funding and
resources away from better uses (Munn, 2022).

Therefore, AI ethics is undergoing a practical turn, try-
ing to translate abstract values and principles into concrete

design practices (Floridi, 2019; Hagendorff, 2022). This
by-design AI ethics aims to integrate human values seam-
lessly into the entire lifecycle of AI development. The
Ethics by Design (EbD) approach, for example, “starts
with high-level values for AI, which are then translated
into design requirements for AI systems, further translated
into specific measures to be undertaken at specific points
in the design process” (Brey and Dainow, 2023: 3). This by-
design approach can also be found in some similar method-
ologies such as “Ethics in/for Design” (Dignum, 2018: 2),
“Design for Values” (Buijsman et al., 2025), or in the
application of value-sensitive design (VSD) to create
“value-sensitive AI” (Sadek et al., 2023; Umbrello & van
de Poel, 2021), among others. There is also a growing em-
phasis on building the Ethical, Legal, and Social Aspects
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(ELSA) Lab approach to collaboratively design respon-
sible, human-centric AI (Ryan and Blok, 2023), “making
sure it is ethical in practice” (NLAIC, 2025). In this paper,
we acknowledge that to make AI ethics useful and action-
able, it may require a shift from abstract values/principles
to some practical design. We believe that practical ap-
proaches like VSD, EbD, and ELSA Labs are essential
for addressing ethical and social issues in specific AI devel-
opment, especially in their efforts to integrate values into
every aspect of AI artifacts. However, our hypothesis is
that we should also be cautious about this practical turn
as it tends to focus on the design of individual artifacts,
which may ignore deeper structural issues that are often
too abstract and complex to be addressed by technical de-
sign alone.

In this paper, structural issues refer to problems caused by
patterned relations, often produced and reproduced through
multiple, large-scale processes where no identifiable agent
directs, controls, or intends (Haslanger, 2023; Ryan et al.
2024; Young, 2011). The structural issues are distinct from
those at the artifact level, posing some different forms of
harm that AI ethics should address. Consider Marilyn
Frye’s metaphor of a birdcage (1983). Imagine a bird kept
in a birdcage. Examining one wire individually does not ex-
plain why the bird cannot fly. It is only when considering the
entire arrangement of wires—how they are connected and re-
inforce each other’s rigidity—that we understand why the
bird’s flight is restricted. Similarly, by-design AI ethics often
breaks down AI systems into individual components, like
data, algorithms, and generated content. The assumption is
that fixing the ethical issues in each of these components
will automatically make the whole AI system responsible
and trustworthy. However, this approach is like focusing
on one wire at a time in Frye’s birdcage metaphor—it often
gets lost in the details of individual AI artifacts while neglect-
ing the systemic effects caused by “structures.” To truly de-
velop responsible AI, it is not sufficient to just address
artifact-level issues, while ignoring the structural harms
that AI systems produce and reproduce.

Without considering underlying structural issues, AI
ethics may risk losing its ability to address some relevant
harms in larger contexts, missing opportunities for trans-
formative change. They may end up only treating the
“symptoms” rather than addressing the deep structures
and root causes that give rise to these symptoms. They
will thus fix bias in datasets, for instance, but fail to chal-
lenge the racist and patriarchal structures that create such
biases. Also, by ignoring structural issues, by-design eth-
ics could inadvertently become a form of “ethics washing”
(Van Maanen, 2022). Some AI developers may claim their
technologies are trustworthy because they have addressed
all possible issues like privacy, transparency, and biases.
However, they may have just solved some narrow con-
cerns within their AI technologies, while marginalized
groups keep suffering from broader structural injustices

that AI reinforces within existing unequal power systems.
This creates the illusion that the problem is “solved” (in a
narrow sense) and that AI appears to be “trustworthy,” but
in reality, it masks underlying power imbalances, further
marginalizing those already affected by structural oppres-
sion (Birhane et al., 2022). To address harms and promote
an equitable society, we propose that reflecting on struc-
tural issues should be an integral part of any by-design
AI ethics.

Highlighting the necessity to consider structural issues is not
new. In the literature on AI and data ethics, many authors have
already mentioned different structural issues, either directly or
indirectly. Several scholars have argued the importance of prac-
tices that go beyond focusing only on artifacts and individual
harms (Attard-Frost et al., 2023; Crawford, 2021; Hagendorff,
2022; Smuha 2021). Some have critically pointed out that cur-
rent ethical AI discourse often overlooks relational aspects of
AI ethics (Metcalf et al., 2023), instead “co-opting the language
of critics and folding them into a limited, technologically deter-
ministic, expert-driven view of what ethical AI/ML means and
how it might work” (Greene et al., 2019: 2122). Some other
studies explore how AI mirrors or perpetuates broader socio-
political structures, such as capitalism (Zuboff, 2019), colonial-
ism (Birhane, 2020; Couldry and Mejias, 2018; Muldoon and
Wu, 2023), sexism (Rafanelli, 2022), racism (Benjamin,
2019), and caste systems (Sambasivan et al., 2021). Concerns
have also been raised about AI’s fundamental implications
caused by ontological structures for human existence in the
digital age, such as dataism (Blok, 2023b), AI alienation
(Haga, 2022), anthropocentrism (Hagendorff, 2022), AI instru-
mentalism (Gill, 2020), de-humanization (Fritts and Cabrera,
2021), and objectification (Wang, 2023).

There seems to be, however, a lack of in-depth analysis
of structural issues in AI ethics. The term “structural issue”
is often used broadly, but what exactly is a “structure,” and
what makes an issue “structural”? If it is a matter of struc-
ture, how do structural issues differ from non-structural
ones, and how are they related? Why should we morally
care about structural issues if they are not intended and
caused by any individual agent? These questions have not
yet been theoretically clarified in the context of AI ethics.
In addition, while existing AI ethics literature rightly high-
lights the importance of addressing structural issues, it tends
to treat them as if all structural issues exist at the same level.
However, a closer look will show that AI’s structural effects
stretch across a spectrum of levels with different degrees of
complexity and focus. Understanding these nuances of
structural issues is crucial for AI ethics, as it helps clarify
how different structural effects relate to different responsi-
bilities in developing responsible AI. Therefore, this paper
will make a detailed analysis of structural issues in AI ethics
and propose a multi-level approach grounded in social, pol-
itical, and philosophical literature. We will then perform a
first try to explore how to implement this approach in re-
sponsible AI design.
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This paper starts with a review of AI ethics literature to
illustrate the structural impacts of AI that are often ne-
glected in by-design AI ethics. To guide this review, we ap-
plied the input/throughput/output analytical framework,
originally proposed, and proven effective in uncovering
underlying assumptions in the responsible innovation and
research literature (Blok & Lemmens, 2015). The frame-
work views the responsible development of AI as a process
with three analytical stages: input, throughput, and output.
Input refers to the goals and values that shape the starting
point of AI design. Throughput looks at how these elements
are integrated into actual design process by engaging with
stakeholders. Output focuses on the outcomes of the design.
In this paper, the first three sections critically analyze a ser-
ies of issues emerging during the phases of input (values
identification) (Section Challenging the input of by-design
AI ethics: translating uncritical values into actions),
throughput (actual design) (Section Challenging the
throughput of by-design AI ethics: participation without
structural change), and output (outcomes evaluation)
(Section Challenging the output of by-design AI ethics: un-
predictable outcomes). We then show that most of these is-
sues are structural in nature, yet they are often ignored in AI
ethics. To fill this gap, we develop a multi-level framework
to clearly analyze AI impacts, from specific artifact-level
concerns to broader structural implications (Section The de-
velopment of a multi-level framework for AI ethics).
Moving further, we propose a practical method to imple-
ment this multi-level approach in responsible AI designs
(Section Implementing multi-level framework as a diagno-
sis of socio-ethical issues).

Challenging the input of by-design AI
ethics: translating uncritical values into
actions
By-design AI ethics often begins with abstract inputs, such
as ideal goals (e.g. developing trustworthy and human-
centered AI) or related values and principles that should
be integrated into the design process. However, when trans-
lating these goals, values, and principles into real-world de-
sign, they are often treated as self-evident, as if they just
need to be implemented. In reality, these inputs are more
complex than they appear. In this section, we will critically
examine how by-design AI ethics tends to overlook the
broader effects of techno-solutionism, power dynamics,
and the disruption of everyday life when translating these
values into design practices.

Techno-solutionism
By-design AI ethics are often driven by a pragmatic ap-
proach to values, focusing on values that can be operationa-
lized and incorporated into specific AI designs. While this

approach is practical, it can oversimplify complex social is-
sues that require broader political engagement and actions
within a larger social context, reducing them to technical at-
tributes that can be fixed (Hagendorff, 2020; Greene et al.,
2019). This techno-solutionism in selecting and integrating
values can lead to the neglect of deeper structural problems,
which are often seen as too abstract or complex for AI de-
signers to address.

The goal of trustworthy AI, for example, is often reduced
to a few basic values like privacy, transparency, security,
and accountability (HLEG, 2019). While these aspects are
essential for ethical AI development, they are also the
ones that “are most easily operationalized mathematically
and thus tend to be implemented in terms of technical solu-
tions” (Hagendorff, 2020: 103). Even when values with sig-
nificant social and political weight are integrated, they are
often simplified into technical issues that can be fixed
within the design of a specific AI product. Take “fairness”
and “justice,” for instance. In by-design ethics, they are of-
ten flattened to technically fixable issues of “purely object-
ive” datasets and algorithms (Benjamin, 2019). This leads
to attempts to fix the problem, such as debiasing datasets
using tools like “AI Fairness 360” (Birhane et al., 2022).
However, this reductionist approach overlooks the fact
that data bias is not just a technical issue but is embedded
in broader structures of historical inequality (e.g. racism,
sexism, post-colonialism) (Madaio et al., 2022). When so-
cial injustice is framed narrowly as unfairness in data and
algorithms, AI ethics fails to address its root causes and ne-
glects the larger social context and power structures that
contribute to the marginalization of certain groups.

Power dynamics
When translating values into practice, by-design ethics tend
to assume that the values are widely shared and ready to im-
plement. However, selecting which values to prioritize in
AI development is often shaped by power dynamics. It
might be true that choosing those values is not random, as
it is often claimed to be based on a broad international con-
sensus or in line with basic human rights (HLEG, 2019;
Brey and Dainow, 2023). But it is still up for debate
whether there are universal human rights accepted by all
cultures, especially since this idea of value universalism
has been criticized for being West-centrism (Zwart et al.,
2024). For instance, the value of autonomy, which fre-
quently appears in AI ethics guidelines, is deeply rooted
in Western liberalism and individualism. In cultures that
emphasize collectivism, autonomy may hold a different
meaning or less prominence (Nakada and Tamura, 2005).
Also, ethical guidelines for AI, particularly those from gov-
ernments and private companies, are predominantly shaped
by Western countries and corporations leading the AI in-
dustry (Jobin et al., 2019). Voices from the global South
are often underrepresented in these discussions (Birhane,
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2020; Wakunuma et al., 2021). So, it is somewhat naïve to
claim a widespread consensus on current AI ethical values,
especially given the limited participation and influence of
the global South in shaping these values in AI design.

The disruption of everyday life
In AI ethics literature, the ideals of human-centered AI and
trustworthy AI are often portrayed as inherently good things
without much questioning. However, this optimistic fram-
ing can obscure the complex lived experience of individuals
who may struggle within AI systems every day. To fully
understand trust in AI, for example, we should move be-
yond a list of abstract values like transparency, privacy,
and non-discrimination, to consider the emotions, fears,
frustrations, and daily struggles that fuel distrust. People
may fear losing control, feel anger over political manipula-
tion, or worry about being replaced by machines. This ero-
sion of trust does not happen overnight—it builds over time,
driven by scandals, irresponsible practices by tech compan-
ies, and insufficient AI regulations. Distrust, therefore, is
not just a reaction to specific issues like privacy violations
or lack of transparency; it reflects a broader disruption of
people’s everyday experiences with AI.

Given this complexity, promoting trust in AI may not al-
ways be the best approach. In some cases, fostering a healthy
skepticism or even justified distrust might be necessary.
Some have argued that for marginalized groups, like Black
people facing systemic racism, social distrust is justified
(Davidson and Satta, 2021). This justified skepticism can
also extend to AI systems, particularly in the context of per-
vasive surveillance capitalism and the relentless datafication
of human lives into commercial products (Zuboff, 2019;
Crawford, 2021). Such distrust does not aim to erode soci-
etal trust but rather to push for the creation of conditions
that genuinely merit it (Davidson and Satta, 2021: 23). In
this way, distrust becomes a way of challenging systemic is-
sues, advocating for accountability, and ultimately making
our algorithmic society more trustworthy (Wang, 2022a).

Overall, this section criticizes that by-design AI ethics
oftenoverlook some important issues like techno-solutionism,
power dynamics, and the disruption of everyday life during
the input phase of AI design. They often focus too much on
translating abstract values into implementable design actions
without taking a closer look at the values themselves.

Challenging the throughput of by-design
AI ethics: participation without structural
change
The throughputphaseof by-designAIethics involves the actual
AI design process in collaborating with various stakeholders.
This co-design process emphasizes participation and its poten-
tial for transformation.As a “reflection-in-action,” it enables the

public to surface relevant issues, reveal hidden power dynam-
ics, and advocate for meaningful institutional change
(Robertson and Simonsen, 2012: 5). However, in this section,
we will show that the transformative potential of participation
can be undermined and distorted if AI ethics only focus on de-
signing specific AI artifacts while failing to consider important
structural change. This oversight runs the risk of reducing par-
ticipation tomere labor extraction, themanipulation of legitim-
acy, and a disconnection from people’s lived experiences.

Participation as an extraction of labor
Ideally, by participation, AI ethics would include feedback
from the public or affected users in the AI design process
(Hansson, 2017). This allows the public to serve as an add-
itional resource for AI designers to identify ethical issues
and improve ethical compliance in the design process.
However, this idealized view of participation may ignore
the economically extractive structure underlying real-life
AI designs. For example, in many interdisciplinary projects,
ethical/legal experts and citizens may act in consultation
roles to identify the potential ethical, legal, and social issues
in particular AI systems. However, this consultation might
be limited to some particular forms that only align with
business objectives. On the one hand, companies may use
stakeholder input to extract business information that pri-
marily serves their business objectives (Brand and Blok,
2019). On the other hand, when social values conflict
with companies’ focus on economic value creation and
profit-seeking, social values are often dismissed as less rele-
vant in AI designs (Blok and Lemmens, 2015: 22). As a re-
sult, this participation may reduce the consultation role of
ethical/legal experts and citizens to some free labor, indir-
ectly helping AI companies maximize their profits.

This form of participation exemplifies what Mona
Sloane calls “extractive participation,” where human labor
is utilized to improve existing AI systems without proper
acknowledgment or compensation (Sloane, 2024). This ex-
tractive participation extends beyond the consultation role
of experts and citizens. A more direct example is the em-
ployment of low-paid workers to carry out repetitive tasks,
such as labeling and flagging unethical content (Perrigo,
2023). Additionally, this extraction occurs in everyday
life, where users’ interactions with AI products like
ChatGPT generate continuous feedback and data, enabling
companies to refine their technologies without recognizing
or compensating users for their contributions (Sloane,
2024).

Participation as a manipulation of legitimacy
In an ideal scenario, participation acts as a bridge between
AI designers and the public, fostering trust and ensuring
democratic legitimacy in AI development. In this vision,
participation is not just about identifying ethical challenges
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but about embedding inclusion and legitimacy into the de-
velopment process (Ten Holter, 2022). However, this idea-
lized picture often overlooks the power dynamics inherent
in the co-design process, where participation can be ma-
nipulated by the powerful to acquire legitimacy. This dis-
torted form of participation is what Sherry Arnstein calls
“manipulation” in her famous participation ladder model
(2019). Arnstein argues that when power imbalances exist,
participation can become illusory: citizens may believe they
have a say, but the process is structured to deny them any
real power. Such forms of participation, disguised as inclu-
sive and democratic, often serve to pacify dissent by offer-
ing symbolic rather than substantive involvement (Gilman,
2022).

In real-worldAI design, these power imbalances are preva-
lent, where participation processes are often overdetermined
by those with the most power of influence (Blok and
Lemmens, 2015). This asymmetrical structure allows power-
ful entities to manipulate the design process to “acquire soci-
etal and ethical legitimacy” (2015: 25). For instance,
interdisciplinary participation is frequently criticized for treat-
ing ethics as an afterthought or an add-on to innovation pro-
grams—used to validate existing practices rather than
genuinely address social challenges (Zwart and Nelis, 2009;
Ryan and Blok, 2023). This manipulation is especially harm-
ful to those alreadymarginalized groups,whose active partici-
pation may only be seen as mere data points or statistical
abstractions forAI companies seeking ethical proof.After par-
ticipation, their marginalized situation is still unchanged. This
manipulative dynamic can even create a vicious cycle: when
participants see that their involvement fails to challenge exist-
ing power structures, they become more skeptical of the pro-
cess, making meaningful and transformative engagement
even harder to achieve (Wang, 2022b).

Participation as a detachment from the lifeworld
When participation is not distorted by economic and
power structures, and when powerholders really want to
engage citizens and other stakeholders in AI design deci-
sions, there is still a concern about overlooking the disrup-
tive structure of datafication on the lifeworld where
participants live and act in their daily lives. For instance,
when participants are asked to identify relevant ethical is-
sues in co-design processes, they are often prompted to
base their choices on existing abstract values such as priv-
acy, transparency, accountability, fairness, and so on
(Boenink and Kudina, 2020). However, humans’ everyday
concerns are not just abstract or theoretical concepts, but
rather involve real, subjective feelings experienced in
daily life. These feelings are easily dismissed as individual
complaints and seen as irrelevant in AI design, but they
might actually reflect a bigger structural issue in the wide-
spread use of AI in our societies like the datafication of the
lifeworld. This datafication involves the process of

transforming every aspect of our daily lives into data
that can be quantified, analyzed, and used for decision-
making, prediction, and optimization (Couldry and
Mejias, 2018; Zuboff, 2019). That means when we design
AI technologies, we are not just designing individual arti-
facts but contributing to the broader process of datafication
that shapes and disrupts the meaning of the world.

During stakeholder meetings, for example, some farm-
ers (especially smallholders) often express a feeling of
powerlessness when it comes to using AI (van der Burg
et al., 2022). They have to decide whether to adapt, learn
new skills, or risk falling behind. This feeling that AI is an
unstoppable force is often considered a personal issue, not
directly tied to any specific AI technology or values out-
lined in existing ethical frameworks, so it is often disre-
garded in AI designs. However, this personal feeling of
being compelled to adopt and integrate AI on their farms
may actually reflect a larger issue: the disruptive impact
of datafication on farmers’ traditional farming practices.
Datafication is not just about creating a digitalized envir-
onment; it is about redesigning the meaning of everyday
life (Blok, 2023b). It cultivates the new assumption
that by transforming all aspects of daily life into data,
we can gain valuable insights and optimize processes for
improved efficiency (Korenhof et al., 2021). But for small-
holders, they may not necessarily embrace these
efficiency-focused and optimization-driven approaches.
Instead, they may prioritize their connection to the commu-
nity and practice eco-friendly methods, even if they are not as
efficient. This broader concern prompts AI designers to think
carefully about some different requirements in their design
practices, like considering potential disruptions to local farm-
ing practices in developing AI technologies, and ensuring that
the use of AI in farming respects the way people already do
things and their community traditions.

Overall, by-design AI ethics often highlights the import-
ance of active and inclusive participation in the AI design
process. However, as we have elaborated, if the unequal
power structure does not shift and the disruptive structure
of datafication is not properly considered, participation
may fall into a trap of extraction, manipulation, or detach-
ment from people’s everyday experiences.

Challenging the output of by-design AI
ethics: unpredictable outcomes
The output of by-design AI ethics is often assumed to
produce predictable results, such as mitigating the nega-
tive impacts of AI and promoting social benefits by inte-
grating values into AI design. In this section, however,
we challenge this belief of predictable AI outcomes by
critically examining its underlying assumptions of linear
reductionism, anthropocentric designer agency, and
immaterialism.

Wang and Blok 5



Linear reductionism
By-design AI ethics often assume a linear reductionism that
an AI system can be breakable into different components of
AI products like data, algorithm, and generated content, and
if we fix ethical and social issues associated with each com-
ponent (Dignum, 2018; Brey and Dainow, 2023), the entire
AI system will automatically produce responsible out-
comes. However, AI is more than just an individual arti-
fact/system but constitutes a complex socio-technical
ecosystem marked by nonlinearity and uncertainties. This
intricate entanglement with larger social dynamics and
structures makes AI inherently unpredictable.

AI is deeply intertwined with socio-political structures,
forming a complex system that cannot be directly broken
down into independent parts or linear processes. As
Carsten Stahl shows, this AI as a complex ecosystem has
the intricate interplay among its various components, often
exhibiting highly nonlinear relationships (2021). As a re-
sult, the intervention of one aspect of the ecosystem can of-
ten stir up unexpected outcomes that do not match what was
initially planned. A typical example is the Jevons Paradox
or rebound effect in the context of AI: AI’s boosted effi-
ciency in performing tasks may actually trigger more de-
mand for those tasks, resulting in consuming more
resources (York and McGee, 2016). This nonlinear effect
can be even stronger when assessing AI’s long-term im-
pacts. Imagine trying to gauge the impact of Gutenberg
printing his first Bible in 1455. Back then, no one could
foresee that it would challenge the authority of the
Catholic Church and pave the way for modern science
and new industries (Naughton, 2023). If AI technology is
as transformative as claimed, its long-term impacts can be
even more profound and unpredictable.

Anthropocentric designer agency
By-design AI ethics often assume that humans have ultim-
ate control over how AI systems are developed and used, so
humans can steer them toward social benefits. They believe
that humans can shape AI technologies and control the out-
comes in ways that align with ethical, moral, and social va-
lues, ensuring that AI serves the greater good (van den
Hoven, 2013). This belief reflects the high degree of an-
thropocentric designer agency (Donia and Shaw, 2021),
where technologies are often seen as passive objects await-
ing (re)design by human designers, while humans are
viewed as the exact opposite of objects, characterized as ac-
tive, thinking subjects who can control technologies
(Rosenberger, 2014). However, the historical trajectory of
innovation reveals that design is not solely dictated by hu-
man actors but sometimes follows its own course or inher-
ent trends in technological progress.

Gilbert Simondon’s notion of the “technological milieu”
can help explain this idea of inherent trends more clearly.

He suggests that innovations do not materialize in isolation
but are molded by the broader context of technological ad-
vancements over time (2017). The design of a new smart-
phone, for example, is not simply determined by the
intentions of its designers but is also influenced by advance-
ments in materials science, semiconductor technology, and
wireless communication protocols. This example suggests
that AI design decisions are not totally determined or con-
trolled by designers’ intentions but sometimes are shaped
by the cumulative effects of past innovations, ongoing re-
search, and technological infrastructure. Our intention is
not to imply that AI technology develops autonomously
or independently. Instead, we highlight the co-evolutionary
relationship between humans and AI technologies, where
design decisions are influenced by both human agency
and inherent technological tendencies (Simondon, 2017).
This relationship means that AI technology cannot be en-
tirely directed and designed by human desires or intentions.
The ethical and social outcomes of AI are often not predi-
cated and controlled only by designers.

Immateriality
By-design AI ethics often focus on the digital and immater-
ial aspects of AI, such as data, algorithms, and generated
content, while they tend to ignore the material production
relationships and underlying physical infrastructure that
make all these digital elements possible. They often see
AI as something that emulates human cognitive abilities
and exists only in the “cloud” (Wyatt, 2021), resulting in
a misleading impression that AI is only about digital, vir-
tual, and immaterial aspects (Newlands, 2021; Brevini,
2023). This myth of immaterialism obscures some import-
ant ethical and social impacts of AI, making them often in-
visible to the public. Three often overlooked material issues
of AI include its labor exploitation, environmental costs,
and the extraction of everyday life.

Research has revealed that so-called AI systems often de-
pend on the labor of millions of low-paid “ghost” workers
worldwide. These workers perform repetitive tasks under
precarious conditions, yet their contributions are deliberately
obscured from public view (Gray and Suri, 2019; Perrigo,
2023). By concealing this human labor, AI companies create
the illusion that AI is highly advanced, fully automated, and
objective, which helps them evade regulation and attract
greater commercial investment (Newlands, 2021: 8).

Beyond hidden labor, the environmental costs of AI are
also often shrouded in secrecy by corporations (Crawford,
2021). Recent studies, however, have shown that AI sys-
tems consume significant amounts of energy and emit sub-
stantial greenhouse gases during training, fine-tuning, and
usage (Luccioni et al., 2023). Also, they rely on industrial
processes such as mining natural resources, manufacturing
technical components, and managing electronic waste
(Wynsberghe et al., 2023).
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Lastly, AI is not merely about running abstract data and
algorithms; it fundamentally depends on extracting human
experiences from everyday life and converting them into
data commodities. Critics argue that this commodification
of life data should not occur arbitrarily, as these data are
deeply tied to human experiences and emotions (Zuboff,
2019). These experiences are essential for shaping indivi-
duals’ sense of identity and their meaningful relationships
with others (Roessler, 2015). Despite this, current design-
based AI ethics often fail to address the profound impact
of continuous real-time surveillance on people’s under-
standing of themselves and the world.

In summary, this section challenges the widespread
belief in current design-based AI ethics that AI impacts
are predictable and can be directed toward social benefits.
To do this, we critically examine three core assumptions
that underlie the belief in predictability. Along with the
previous two sections, we have explored concerns arising
from the input (section Challenging the input of by-
design AI ethics: translating uncritical values into ac-
tions), throughput (section Challenging the throughput
of by-design AI ethics: participation without structural
change ), and output (section Challenging the output of
by-design AI ethics: unpredictable outcomes) phases of
by-design AI ethics. Many of these concerns center on
structural issues that are often neglected in AI ethics
practices (see Table 1). For the remainder of the paper,
we will focus on clearly understanding the structural fea-
tures of these issues.

The development of a multi-level
framework for AI ethics
The previous sections provided a review of AI ethics in the
practical turn. We identified two types of socio-ethical is-
sues: one relates to specific AI artifacts, which by-design
ethics often focus on, while the other concerns broader chal-
lenges that are often neglected in AI ethics. Most of these
broader issues are structural in nature. In this section, we
will explore what makes issues structural, how structural is-
sues relate to artifact-level ones, and why AI ethics should
integrate both in developing responsible AI. To achieve
this, we turn to social, political, and philosophical theories
to build a multi-level approach to AI ethics.

We start with clarifying what “structure” means. As
Sally Haslanger (2023) points out, in social and political
philosophy, “structure” is often used interchangeably with
“system.” A structure or system roughly means a whole
that is greater than the sum of its individual parts. For ex-
ample, a forest is more than just a collection of trees, and
a band is more than individual musicians. In the case of a
band, it includes not only the members but the formal roles
(like vocalist or drummer) and the informal elements, such
as shared beliefs, tastes in music, and playing styles, which

collectively define what the band is. In this context, a struc-
ture can be seen as an abstract representation of patterned
relations, or, as William Sewell describes it, a “schema”
that defines what it means to form a cohesive whole
(Sewell, 2005). However, Iris Young (2001, 2011) and
Haslanger (2023; 2012) argue that structures are not just
passive, abstract representations but actually actively
shape the realities that we live and act. For instance, these
structures “fundamentally condition the opportunities and
life prospects of the persons located in those positions”
(Young, 2001: 14). So, following Young and Haslanger,
we view a structure as the combination of patterns and re-
lated real-world actions, which exerts an active force to in-
fluence resource distribution and lived experiences.

As for Young, an issue is “structural” only because it is
caused by the existence of structures, rather than from the
actions or wrongdoing of any single individual. She argues
that individuals are not responsible for the initial production
of these structures, because structures often persist long be-
fore they live and after they die. That means the production
of unjust structures, such as racial hierarchies, is often unin-
tentional or “even run(s) counter to” the individual inten-
tions (Young 2011: 63). However, individuals do play a
role in the ongoing reproduction of these structures.
Young draws on Anthony Giddens’s theory of “structur-
ation” (1979) to explain this dynamic: “When individuals
act, they are doing two things at once: 1) They are trying
to bring about a state of affairs that they intend, and 2)
they are reproducing the structural properties, the positional
relations of rules and resources, on which they draw for
these actions” (Young, 2011: 60). For example, the struc-
tural injustice of sweatshop labor exists independently of
any single person. However, when someone buys clothes
from a high-street shop, they inadvertently perpetuate the
practices that sustain this injustice. Structures act as the pre-
conditions for individual actions, yet those actions, in turn,
help reproduce these structures.

Importantly, this reproduction does not mean individuals
are the cause of the structural problem itself. Instead, struc-
tural issues are the result of complex, large-scale processes
that involve many actors and systems over time. Let’s re-
visit the example of sweatshop labor as a structural issue.
At its core, sweatshop labor is maintained by the structural
dynamics of production and consumption in the global cap-
italist economy. These dynamics are part of multiple inter-
connected systems. As Young (2006) explains, workers in
developing countries occupy a structural class position rela-
tive to the small entrepreneurs who employ them. These
factory owners and managers, in turn, are dependent on
contracts from multinational clothing companies, which
are themselves locked in fierce competition within the glo-
bal garment industry. Consumers are similarly entangled,
influenced by the fashion industry’s creation of a “need”
for new clothes. This desire for up-to-date fashion becomes
internalized and perpetuated through habits and social
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norms—what Young refers to as “habitus” (Young, 2011:
61). So, it may seem that individuals can avoid contributing
to these unequal relationships by making different choices,
such as buying only fair-trade or second-hand clothing, but
such actions by individuals alone cannot disrupt the under-
lying structural forces that perpetuate the inequality.

Based on the above analysis, we can define a structural
issue as follows: An issue is structural when it is caused
by patterned relations or conditioning effects that are often
produced and reproduced through multiple, large-scale
processes, with no single agent directing, controlling, or in-
tending the outcome.1

Our focus on defining and addressing structural issues is
not meant to replace the consideration of individual issues
but rather to call for a multi-level approach to analyzing
them. Young, for instance, has already highlighted the
need for a “two-level” analysis in understanding the injust-
ice of sweatshop labor (2004: 377). On the individual level,
factory managers and owners can be held morally or legally
accountable for specific violations of human rights or labor
laws (2006: 116). On the structural level, however, all indi-
viduals whose actions reproduce the practice share a polit-
ical responsibility to work toward structural change. These
individuals are not liable for the initial production of these
structures but have a forward-looking obligation to partici-
pate in collective action to transform unjust practices. So,
according to her, the concept of political responsibility, re-
sulting from the reproduction of unjust structures, should
complement, not replace, the liability model of responsibil-
ity. This two-level approach can also be found in other so-
cial and philosophical literature. For instance, in Wright
Mills’ influential book, The Sociological Imagination
(1959), he criticizes how social problems are often wrongly
addressed as isolated individual issues rather than being
seen in the broader structures that shape them. Similarly,
as noted in the Introduction, Frye (1983) uses the birdcage
metaphor to illustrate how structural factors interconnect to
create barriers.

Now, we can see how this multi-level analysis can be ap-
plied to AI ethics. In the previous sections, we identified
some overlooked socio-ethical issues, such as technical/AI
solutionism, power asymmetries, and dataism/datafication.
Most of these are structural issues in the sense that they
are not caused by any individual designers or companies.
Instead, they are produced and reproduced through
large-scale, interconnected social, economic, and techno-
logical processes. For example, “AI solutionism”—the ten-
dency to treat complex social problems as solvable through
technical solutions—emerges not from a single designer’s
intent but from the broader culture of technological opti-
mism (technophilia) and market-driven innovation.
Similarly, “power asymmetries” in AI systems are produced
by widespread socioeconomic inequalities, regulatory gaps,
and the concentration of decision-making power in a few
Big Tech companies. “Dataism,” the ideology that priori-
tizes data as the ultimate solution to social issues, is rein-
forced by academic trends, commercial incentives, and
political agendas that emphasize data-driven approaches.
These structural issues cannot be adequately addressed by
focusing only on individual accountability or isolated pol-
icy changes. Instead, they require a broader, multi-level
analysis that considers how these problems are embedded
within and perpetuated by systemic patterns.

Moving further, we want to enhance this multi-level ana-
lysis by distinguishing four levels of issues rather than rely-
ing solely on the dichotomy of individual versus structural.
AI’s structural influence reveals a spectrum of structural
challenges spanning different degrees of complexity and
scope. For instance, some structural issues are socio-
political, such as data racism, data sexism, and algorithmic
colonialism. These are rooted in existing unequal social and
political structures. On the other hand, some other issues
like dataism or the loss of meaning are more ontological
in nature. They relate to our basic understanding of the
world and reality—our beliefs, mindsets, and worldviews.
These ontological structures are more stable and persistent,

Table 1. Overlooked socio-ethical issues in by-design AI ethics.

By-design AI
Ethics Explanation Assumption Neglected Issue

Input The selection of which values
should be translated into AI
artifacts.

Those values and principles are treated
as pre-given entities, ready-made for
translation.

• Technical/AI solutionism:
• Power asymmetries
• Dataism/Pan-computationalism

Throughput The actual AI design process in
which stakeholders actively
participate.

The participation of diverse
stakeholders in co-design is equally
shaping AI development.

• Extraction of labor
• Legitimacy manipulation
• Detachment from the lifeworld

Output Evaluation of the ethical, legal, and
social outcomes of AI design.

The outcomes can be anticipated and
steered by human agents.

• Anthropocentric designer agency
• Linear reductionism
• Invisible labor, environmental cost,

and extraction of everyday life

AI: artificial intelligence.
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reflecting larger, more foundational processes that are even
more “structural” than socio-political structures. Also, we
can identify an intermediate level between the individual
and structural: the organizational level. This level concerns
digital platforms or AI companies that may not create struc-
tural outcomes but can cause group effects that go beyond
individual actions. The organizational issues include, for
example, tensions between profit-making and social objec-
tives, or the challenge of building public trust. These issues
represent a transitional layer between individual actions and
structural forces.

Hence, we can develop a refined multi-level framework
in understanding the AI’s ethical impacts, ranging from in-
dividual artifact level, to organizational, socio-political, and
ontological levels (see Figure 1). If an issue is primarily
caused by the development and use of specific AI technolo-
gies, we categorize it as an artifact-level issue. For example,
the Facebook app may cause data privacy issues, as seen in
the Cambridge Analytica scandal (Hu, 2020). The FICO
Score (a credit scoring system in the US) may create trans-
parency issues if users are unclear about why their credit ap-
plications are rejected (Wang, 2022b). By addressing these
specific issues, the responsibility of this particular AI arti-
fact can be largely improved. At the organizational level,
socio-ethical issues focus on how organizations (companies
or institutions) integrate, manage, and govern AI systems.
In the case of the Cambridge Analytica scandal, for ex-
ample, the issue at this level is not just about addressing
privacy concerns on a technical level. More importantly,
it involves gaining public trust, changing the organization’s
structure or culture, and thinking about how to make profits
while complying with ethical values.

At the socio-political level, socio-ethical issues deal with
the broader social, ecological, and political impacts of AI sys-
tems. We will take a bigger look at for instance how
Facebook, embedded in the wider structure of surveillance
capitalism, disrupts the socio-political landscape by turning
private human experiences into a commodity for exchange
and undermining democracy (Zuboff, 2019). The issues at
the ontological level address deeper philosophical and exist-
ential concerns about how AI reshapes the nature of human
existence, identity, and our basic understanding of reality.
For instance, when applying digital technologies in smart cit-
ies, it is doing two things at once: i) it is using sensors and col-
lecting data to create individual artifacts, and ii) it reproduces
an ontological structure of datafication, where interconnected
technologies form an ensemble of digital ecosystemwhere hu-
mans live and act (Blok, 2023a: 5). This datafication structure
on the one hand creates a new infrastructure for daily life,
where all parts of lives are datafied or reduced to data. On
the other hand, it reshapes our basic assumptions and beliefs
that data is the core building block of reality and that every-
thing, including human and non-human beings’ behavior,
can be quantified and understood through data analysis.
These beliefs fundamentally alter how we perceive and inter-
act with the world, which in turn affects how we carry out
real-life practices in AI ethics, governance, and design.

By adopting this refined multi-level analysis, we can
specify which types of issues belong to each category
and recognize the diversity within structural issues them-
selves. This nuanced understanding is crucial for AI eth-
ics, as identifying these levels more precisely can clarify
the responsibilities involved in developing responsible
AI. However, it is important to avoid “reify(ing) the

Figure 1. Relevant socio-ethical issues of AI across multiple levels.
AI: artificial intelligence.
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metaphor of structure” (Young, 2001: 18) and treating
structures as independent entities from the artifacts. In
fact, there are interconnections across levels. For example,
a biased algorithm (artifact level) may lead to discrimin-
atory hiring practices within a company and affect public
trust in that organization (organizational level). This, in
turn, may reinforce existing unequal power structures
and perpetuate systemic biases (socio-political level),
which may further influence broader beliefs and narratives
about justice and meritocracy (ontological level).
Considering these interconnections, when we attribute an
issue to a particular level, it does not mean that the issue
exists solely within that level. Rather, each level has its

primary focus, ranging from the immediate impact of AI tech-
nologies (artifact level), to the dynamics of organizations (or-
ganizational level), to systemic inequalities (socio-political
level), andfinally to broaderworldviews and ideologies (onto-
logical level). This layered approach allows for a more
nuanced understanding of how issues manifest and interact
across different domains.

Implementing multi-level framework as a
diagnosis of socio-ethical issues
In this section, we perform a first try to implement the multi-
level framework. While a detailed explanation is beyond the

Table 2. A multi-level impact matrix to identify socio-ethical issues of AI.

Level Impact Issue Diagnostic question

1. Artifact 1.1 Input Data • Bias or lack of
representation in data

• Privacy and data security

How do AI developers ensure that the input
data for the AI systems is representative,
unbiased, and ethically sourced?

1.2 Design Process • Lack of stakeholder
consultation

How are stakeholders engaged in the design
process, and what mechanisms ensure their
voices are heard?

1.3 Unintended Effects • Discrimination
• Inaccuracy
• Non-transparency

In what ways might this AI technology lead to
unintended effects?

2. Organizational 2.1 Responsibility Goal • Business v.s. social logic How does the organization balance
profit-making with ethical and social
responsibilities when developing the AI
technology?

2.2 Risk Management • Lack of accountability;
• Insufficient ethical

concerns

When the AI causes harm, who will be held
accountable, and what processes are in
place to ensure its compliance with
regulations and ethical norms?

2.3 Post-deployment • Negative social or
environmental effects

• Loss of public trust

How does the organization plan to rebuild trust
when negative issues arise with its AI
technology?

3. Socio-political 3.1 Existing Power Structure • Socioeconomic
inequalities

• Power asymmetries

What are existing marginalized groups related
to the design and application of this AI
system?

3.2 Reproducing Injustice • Injustice
• Unequal distribution of

benefits

When AI is used, does it benefit all
communities equally, or does it exclude any
groups from its benefits?

3.3 Structural Change • Relational responsibility How can this AI system actively contribute to a
fairer socio-political landscape?

4. Ontological 4.1 Mindset • Dataism
• AI solutionism
• Anthropocentrism

What are the underlying assumptions driving
the design of this AI technology?

4.2 Lifestyle Influence • Disruption of traditions
• Detachment
• Datafication
• Loss of meaning

How might this AI technology impact humans’
ways of life, and when does this influence
might become problematic?

4.3 Reimagining Solutions • Design for marginal
groups

• Community-based design
Social innovations

What are alternative (non-AI) solutions that
may be more appropriate to address the
problem?

AI: artificial intelligence.
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scope of this article, we propose here a multi-level impact
matrix to briefly illustrate how this approach can help iden-
tify those issues. We categorize the social-ethical impacts
into four levels: artifact, organizational, socio-political,
and ontological. At each level, we analyze three types of im-
pacts based on the input, throughput, and output of AI influ-
ence. For each type of impact, we use a prompt question to
diagnose potential socio-ethical issues in AI. As defined in
the Introduction, the input/throughput/output framework
provides a structured analysis. The input refers to the goals
or resources that need to be considered before the design
process. The throughput involves integrating these goals
or resources into actual design or broader social processes.
The output focuses on the intended or unintended effects of
those processes and potential ways to address them.

We thus apply the input/throughput/output framework to
make a structured analysis of AI’s impacts across different
levels. At the artifact level, the input is about what the
goals the AI is going to achieve and what challenges it is
meant to address. The throughput involves how stake-
holders are engaged in the design process. The output fo-
cuses on the unintended effects of AI. For the
organization level, the input is about how economic and
social goals are defined and how they may come into ten-
sion. The throughput addresses how organizations manage
the ethical, legal, and social risks of AI and how to make
it compliant with regulations and ethical norms. The output
is about building and maintaining trust when issues arise.
At the socio-political level, the input concerns existing
power structures, injustices, and marginalized groups. The
throughput explores how AI may mirror or reproduce these
inequalities. The output focuses on how to responsibly con-
tribute to a more just social-political landscape. At the
ontological level, the input concerns the existing hidden as-
sumptions in AI developers’ thinking when they start to de-
sign the technology. The throughput examines how these
assumptions are baked into AI systems and how they influ-
ence human ways of life. The output challenges us to reim-
agine alternative solutions or beliefs.

All the issues associated with AI’s impacts at different le-
vels, along with the diagnostic questions to identify them, are
summarized in Table 2. This matrix does not provide a full
list of issues that AI developers can directly address.
Instead, we intentionally design it not as a checklist for AI
developers, but to be more suitable for workshop settings
or focus groups, where various stakeholders can engage in
meaningful discussions. A workshop setting is more suitable
here because, as we have argued throughout the paper, many
socio-ethical issues, especially some structural ones, cannot
be fixed by design alone and need diverse stakeholders to ne-
gotiate solutions. So, the questions are carefully tailored to
make sure that they can effectively identify relevant issues
across impacts at different levels, but at the same time being
open-ended and generic enough to capture nuances, diverse
perspectives, and foster debate on the issues.

This multi-level impact matrix can be used during the
early-stage design phase when AI technologies are still
adaptable, so AI developers can work with stakeholders
to identify potential issues and adjust AI in a responsible
way. For example, consider the well-known case of
Amazon’s automated recruitment system, which discrimi-
nated against women applicants (Kodiyan, 2019). In the
early stages of development, diverse stakeholders—such
as AI developers from Amazon, policymakers, job appli-
cants, and ethical and legal experts—could use this matrix
and its set of questions to diagnose socio-ethical issues.
This matrix would help reveal that bias is not just a problem
of biased datasets (BBC, 2018), but how it is embedded in
the input, throughput, and output of the AI design process,
and how it is linked to broader organizational cultures, his-
torical patriarchal inequalities, and cultural beliefs. Also, it
could prompt reflection on AI solutionism, encouraging
Amazon and stakeholders to consider whether such auto-
mated hiring systems should even be developed in the first
place, or explore alternative design philosophies that priori-
tize applicants over profits and efficiency.

Conclusion
This paper critically assesses the landscape of AI ethics, with a
particular focus on its practical tendency to integrate ethical
values into AI design practices. While this by-design AI ethics
can be beneficial in addressing explicit ethical and social is-
sues related to specific AI artifacts, it may overlook relevant
structural issues and fail to address hidden, long-term harms.
We start with a detailed review of the input (Section
Challenging the input of by-design AI ethics: translating un-
critical values into actions), throughput (Section Challenging
the throughput of by-design AI ethics: participation without
structural change), and output (Section Challenging the output
of by-design AI ethics: unpredictable outcomes) phases of by-
design AI ethics, revealing its strong emphasis on individual
artifacts while neglecting broader structural concerns. To ad-
dress this gap, we propose a multi-level framework to identify
socio-ethical issues in AI at both the artifact level and the
broader structural level (Sections The development of a multi-
level framework for AI ethics, and Implementing multi-level
framework as a diagnosis of socio-ethical issues). This frame-
work can help ethical experts, AI designers, and policymakers
develop responsible AI technologies by critically examining
hidden assumptions and blind spots within AI guidelines, pol-
icies, and regulatory frameworks. Future research will explore
how to integrate this multi-level framework into real-world AI
design and policymaking to drive structural and transforma-
tive change.
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