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Abstract
Several competing narratives drive the contemporary AI ethics discourse. At the two extremes are sociotechnical dogmatism, 
which holds that society is full of inefficiencies and imperfections that can only be solved by better technology; and socio-
technical skepticism, which highlights the unacceptable risks AI systems pose. While both narratives have their merits, they 
are ultimately reductive and limiting. As a constructive synthesis, we introduce and defend sociotechnical pragmatism—a 
narrative that emphasizes the central role of context and human agency in designing and evaluating emerging technologies. 
In doing so, we offer two novel contributions. First, we demonstrate how ethical and epistemological considerations are 
intertwined in the AI ethics discourse by tracing the dialectical interplay between dogmatic and skeptical narratives across 
disciplines. Second, we show through examples how sociotechnical pragmatism does more to promote fair and transparent 
AI than dogmatic or skeptical alternatives. By spelling out the assumptions that underpin sociotechnical pragmatism, we 
articulate a robust stance for policymakers and scholars who seek to enable societies to reap the benefits of AI while manag-
ing the associated risks through feasible, effective, and proportionate governance.
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1  Introduction

Rapid advances in machine learning (ML) research and 
the accelerated adoption of artificial intelligence (AI) sys-
tems across societies have sparked intense debate among 

policymakers, scholars and the broader public about AI’s 
societal implications. While harboring many diverse per-
spectives (Gilardi et al. 2024), the discourse is largely domi-
nated by two competing narratives. Proponents of increased 
automation emphasize gains in efficiency and scientific pro-
gress, while critics counter that AI poses intolerable risks to 
individuals and society, disproportionately harming disad-
vantaged communities.

In a sense, there is nothing new about this dichotomy, 
which echoes political debates going back at least as far as 
the Industrial Revolution (Hobsbawm 1952; Johnson and 
Acemoglu 2023). However, with the growing power and 
ubiquity of AI systems, the struggle between these com-
peting narratives—which we call sociotechnical dogmatism 
and sociotechnical skepticism, respectively—has assumed 
a new urgency. In this article, we explore the philosophical 
assumptions underpinning the two narratives and establish 
the theoretical and practical advantages of a pragmatic syn-
thesis between them.

Before proceeding, two clarifications are in order. First, 
the sociotechnical dogmatism and sociotechnical skepticism 
we describe are competing narratives, not distinct groups 
of people. Narratives are selective depictions of reality that 
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humans use to make sense of the world (Bruner 1991). The 
dogmatic and skeptical narratives surrounding AI run across 
different research, business, and policy communities, and 
permeate their knowledge production to varying extents. 
Importantly, however, few people subscribe wholesale to 
strong versions of either narrative. Our aim in this article 
is thus to scrutinize claims and assumptions, not people or 
organizations.

Second, sociotechnical dogmatism and sociotechni-
cal skepticism are intended as ideal types in the Weberian 
sense.1 They are umbrella terms that cover a variety of 
similar, though not synonymous, labels. The former shares 
traits with techno-optimism (Danaher 2022), -solution-
ism (Morozov 2013), and -chauvinism (Broussard 2018); 
the latter may be caricatured as techno-pessimism (Königs 
2022) or identified with the field of critical data studies more 
broadly. We have chosen to use the terms dogmatism and 
skepticism to highlight important links between the present-
day AI ethics discourse and classical debates in ethics and 
epistemology, as well as to avoid unwelcome associations 
with overlapping terminologies.

There is undeniable merit to both narratives. The dog-
matic narrative is right in emphasizing that the benefits of 
AI systems—ML algorithms included—are both economic 
and social. Consider the case of drug discovery. In the last 
decade, ML-based models trained on biomolecular data 
have become essential to drug discovery pipelines (Kes-
havarzi Arshadi et al. 2020). As the COVID-19 pandemic 
led to worldwide lockdowns, ML played an important part 
in accelerating the development of vaccines that saved mil-
lions of lives (Sharma et al. 2022). Similarly, concerning 
road safety, predictive analytics based on past accident data 
feed into decisions on highway redesigns that reduce the risk 
of future incidents (Mannering et al. 2020). These examples 
illustrate a more general point: abstaining from using ML 
systems altogether may incur significant social opportunity 
costs (Floridi et al. 2018).

At the same time, the skeptical narrative is correct in 
drawing attention to cases where ML systems cause harm. 
There is substantial evidence—from domains as diverse as 
predictive policing (Browning and Arrigo 2021), recruit-
ment (Köchling and Wehner 2020), and credit scoring 
(Mendes and Mattiuzzo 2022)—that ML systems threaten 
to codify and amplify injustices already present in society. In 
one dramatic example, Obermeyer et al. (2019) found racial 
bias in a health screening algorithm that affects millions 
of Americans. Subsequent simulations suggest that rectify-
ing the disparity would nearly triple the number of Black 

patients receiving medical attention for chronic illnesses. 
In short, there is no question that ML systems can replicate 
existing social inequalities (McGregor 2021) and often fail 
to perform as advertised (Narayanan and Kapoor 2024). To 
deny such evidence would be intellectually dishonest and 
morally inept.

As the above analysis suggests, the problem with the 
dogmatic and skeptical narratives is not that they are wrong 
but that they are incomplete. The dogmatic narrative is so 
focused on the ends of technological progress that it can be 
blind to the unjust means that attend such advances. Worse, 
it is often deployed by people with a vested interest in oppos-
ing democratic efforts to regulate the tech industry.2 The 
skeptical narrative, meanwhile, has a tendency of attribut-
ing evils to technology that exist not only in algorithmically 
mediated systems but in most human organizations of suf-
ficient size and complexity. Such puritanism is self-defeating 
since it leaves no room for evaluating the relative merits 
and constraints of specific policy options or for improving 
on an imperfect status quo with incomplete information. 
Strong versions of sociotechnical dogmatism and skepticism 
both erode the space for human autonomy and deliberation 
regarding political ends, and are ill-equipped to conceptu-
alize the opportunities and challenges related to fairness, 
accountability, and transparency in ML.

A more nuanced approach is possible. Such an approach 
would have to be principled but flexible, acknowledging the 
irreducible context-dependence of value judgments. It would 
have to be relational, not relativist, preserving the autonomy 
of stakeholders to determine their tolerance for error and 
prioritize between different normative ends. It would have 
to experiment with both technology design and structural 
reform, combine quantitative and qualitative modes of rea-
soning, and incorporate mechanisms for feedback, learning 
and redress into empirically grounded efforts to develop 
policies that target specific social challenges. We submit 
that sociotechnical pragmatism meets all these desiderata.

In this article, we conduct a critical review (Grant and 
Booth 2009) of the AI ethics literature, centering the nar-
ratives driving the contemporary discourse.3 In doing so, 
we offer two main contributions. First, we show how ethi-
cal and epistemological considerations are intertwined in 
the AI ethics discourse by tracing the dialectical interplay 
between dogmatism and skepticism across disciplines. By 

1  According to Weber (1904), an ideal type is formed by the one-
sided accentuation of particular points of view, according to which 
individual phenomena are arranged into a unified analytical construct.

2  Not all attempts to regulate or control technology are democratic. 
State control of digital platforms has led to increased surveillance and 
repression in authoritarian regimes (Feldstein 2021).
3  A critical review is a narrative synthesis of a body of literature. It 
involves (i) a non-comprehensive search to identify dominant themes 
and (ii) an interpretative process that combines the reviewer’s theo-
retical premise with existing theories in ways that allow for synthesis 
and interpretation of diverse studies (Sukhera 2022).
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mapping how different assumptions are related, logically 
and genealogically, we help policymakers and scholars make 
sense of the growing cacophony of voices weighing in on 
this debate. Second, we demonstrate through examples how 
pragmatism does more than dogmatic or skeptical alterna-
tives to (i) promote the design and use of AI systems that are 
legally compliant, ethically sound, and technically robust, 
and (ii) channel the power of technological innovation to 
serve socially beneficial ends.

A final remark. For this article, we have a broad audi-
ence in mind—including AI researchers and developers, 
the informed public, and policymakers. Recent develop-
ments in the European Union4 and the United States5 show 
that governments around the world are exploring different 
approaches to AI regulation. It is of critical importance to 
get the framing of those regulations right. The self-regu-
lation called for by AI developers has proven ineffective 
so far (Floridi 2021). At the same time, overly restrictive 
regulations may lower economic growth and reduce living 
standards. Further, some ideas for how to reform policy 
and practice are infeasible to implement or based on flawed 
assumptions about the role that technology plays in driving 
societal change. These will at best miss the mark and at 
worst lead to significant social costs. For all these reasons, 
we hope that the sociotechnical pragmatism we espouse will 
inform the larger discourse on how to reap the benefits of AI 
while mitigating the associated risks.

The article proceeds as follows. In Sect. 2, we survey 
a wide range of scholarship to trace the interplay between 
sociotechnical dogmatism and sociotechnical skepticism 
from the Industrial Revolution to the present day. In Sect. 3, 
we introduce sociotechnical pragmatism as a theoretical 
stance that provides a constructive basis for designing and 
regulating AI systems. In Sect. 4, we consider two case 
studies—fairness and explainability in ML—and highlight 
pragmatism’s real-world implications in these domains. In 
Sect. 5, we conclude by stressing the essential role of agency 
and context in understanding and driving social change.

2 � Framing the debate

In this section, we illustrate what we mean by sociotechnical 
dogmatism and sociotechnical skepticism, focusing on the 
assumptions underpinning these narratives. But first, some 
remarks about scope and methodology are in place.

To narrow down the scope, we focus our review on the 
AI ethics discourse. To begin, questions that are primarily 
legal or technical in nature fall outside the scope of this 
study.6 That said, we still refer to contributions made by 
legal scholars or technical AI experts where these have direct 
implications on debates surrounding fairness, accountability 
and transparency in ML.

Further, the AI ethics discourse harbors many diverse 
voices and perspectives. While some researchers focus on 
near-term issues related to privacy or bias (O'Neil and Gunn 
2020), others examine long-term issues related to artificial 
general intelligence (AGI) (Bengio 2024). Researchers also 
ground their analysis in different ethical frameworks, be they 
consequentialist (Vamplew et al. 2018), rights-based (Yeung 
et al. 2020), or virtue-ethical (Hagendorff 2022). Not all of 
these views can be neatly mapped onto a one-dimensional 
spectrum.7 For example, researchers focusing on the large-
scale societal risks that AGI may pose in the future have 
argued for a slow-down of technological innovation—not 
because AI systems fail to work as intended but because they 
are bound to become too powerful.8 This position shares 
some assumptions with dogmatism and some conclusions 
with skepticism. Still, though no doubt a simplification, 
our purported dichotomy is analytically useful for two rea-
sons. First, the struggle between sociotechnical dogmatism 
and skepticism is a persistent and instructive feature in the 
history of technological development (Frey 2019). Second, 
the dialectic is mirrored in the age-old tension between real-
ism and constructivism in epistemology (more on this in 
Sect. 4).

Finally, our critical literature review is not limited to aca-
demic articles but includes references to policy drafts, jour-
nalistic works, and statements made by politicians and busi-
ness leaders. The reasons for this are simple: the AI ethics 

4  The European AI Act was finally approved on 13 June 2024 as Reg. 
(EU) 2024/1689; 2. The original draft of the AI Act was published by 
the European Commission in April 2021.
5  In Oct. 2023, President Biden issued an Executive Order on Safe, 
Secure, and Trustworthy AI. In Feb. 2022, the Algorithmic Account-
ability Act of 2022 was introduced to the US Senate.

6  Readers interested in the legal and safety challenges AI systems 
pose are referred to the Research Handbook on the Law of Artificial 
Intelligence (Barfield and Pagallo 2024) and Open Problems in Tech-
nical AI Governance (Reuel et  al. 2024) for excellent overviews of 
the legal and technical literature, respectively.
7  Focusing on the discourse surrounding generative AI, Gilardi et al. 
(2024) identify four main types of narratives: (1) the existential risk 
narrative; (2) the effective accelerationist narrative, (3) The real, 
immediate societal risks narrative, and (4) the balancing risks narra-
tive – while acknowledging significant diversity of views within each.
8  One example is the open letter that called on companies to Pause 
Giant AI Experiments (Future of Life Institute 2023), which has been 
signed by over 33,000 people, including leading AI researchers.
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discourse supersedes academic silos, and many communities 
influence policymaking and shape the design of technolo-
gies.9 Moreover, the strengths of competing narratives are 
unevenly distributed across different carrier strata. While 
the skeptical narrative is promoted mainly by journalists, 
social advocacy groups, and academic researchers (Wilson 
2017), the dogmatic narrative is often endorsed by inves-
tors and politicians encouraging a laissez-faire approach to 
regulation (Johnston 2020). Because the AI ethics discourse 
is intrinsically part of larger conversations around innova-
tion, technology, and social change (Hilbert 2020; Heilinger 
2022), we make a conscious effort throughout to situate it in 
its proper historical context.

2.1 � Sociotechnical dogmatism

Sociotechnical dogmatism, as defined in this article, is an 
umbrella term for narratives that one-sidedly emphasize 
the power of technological advancement to fuel economic 
growth and social progress. These are powerful narratives, 
with deep roots in enlightenment ideals about objective 
knowledge and continuous material and moral progress. 
Sociotechnical dogmatism does not deny that individual 
technologies may have limitations and adverse effects. But in 
the long run, it holds, efforts to restrict or slow down techno-
logical advancements are misguided—and potentially even 
harmful. Silicon Valley investor Marc Andreessen recently 
summarized the essence of the dogmatic narrative in his 
Techno-Optimist Manifesto:

Technology—new knowledge, new tools, what the 
Greeks called techne—has always been the main 
source of growth, and perhaps the only cause of 
growth, as technology made both population growth 
and natural resource utilization possible […] there is 
no material problem—whether created by nature or by 
technology—that cannot be solved with more technol-
ogy. (Andreessen 2023)

Andreessen is blunt in spelling out the radical materialism 
that underpins dogmatism. Yet there is little new here: the 
essence of his statement was already recognized as a domi-
nant post-enlightenment narrative in critiques formulated by 
scholars like Weber (1910), Horkheimer and Adorno (1944), 
and Lyotard (1984). In what follows, we identify the ethical 
and epistemological assumptions that underpin the dogmatic 
narrative.

At the core of sociotechnical dogmatism is an empha-
sis on the unique affordances of AI and big data—and a 

tendency to draw far-reaching conclusions on this basis. 
Consider the 2008 Wired cover story, in which then-Editor-
in-Chief Chris Anderson notoriously embraced the “end of 
theory” perspective on big data:

This is a world where massive amounts of data and 
applied mathematics replace every other tool that 
might be brought to bear. Out with every theory of 
human behavior, from linguistics to sociology. Forget 
taxonomy, ontology, and psychology. Who knows why 
people do what they do? The point is they do it, and we 
can track and measure it with unprecedented fidelity. 
With enough data, the numbers speak for themselves. 
(Anderson 2008)

Anderson’s instrumentalism elevates predictive accuracy 
over explanatory insight as the goal of inquiry. While the 
scientific method requires structural reasoning to gener-
ate hypotheses and experiments to isolate cause and effect, 
proponents of this new behaviorism hold that big data has 
inaugurated an era of automated discovery requiring little or 
no human input (Hey et al. 2009; Desai et al. 2022). As the 
focus has shifted from datasets to the algorithms required to 
make sense of them, the dogmatic narrative has highlighted 
AI systems’ potential to solve complex problems, unlock 
economic growth, and contribute to human flourishing.

In The Creativity Code, Du Sautoy (2019) argues that AI 
systems can do anything humans can—only better. Through 
examples from domains as diverse as music and finance, he 
attempts to show that machines can be not only efficient but 
also genuinely creative. Thanks to powerful AI systems, the 
argument goes, it will be possible to solve complex optimi-
zation problems like food production, disease prevention, 
and reductions in carbon emissions. Recent advances in 
ML research, such as transformers (Vaswani et al. 2017) 
and foundation models (Bommasani et al. 2021), have been 
followed by dogmatic claims about AI’s seemingly god-
like capabilities to perform cognitive tasks from research-
ers (Future of Life Institute 2023) and private sector actors 
(Goldman Sachs 2023) alike. Such sentiments, which border 
on science fiction (Leaver and Srdarov 2023), are best under-
stood against a larger backdrop.

In Enlightenment Now, Pinker (2018) argues that, thanks 
to science and technology, life has improved for most of 
the earth’s inhabitants over the past 300 years along a wide 
range of value criteria from child mortality to material well-
being. Mayer-Schönberger and Ramge (2018) argue along 
similar lines that AI’s capacity to improve efficiency and 
enable new solutions to complex problems is Reinvent-
ing Capitalism by creating data-driven markets that will 
result in more stable and productive societies. To be clear, 
there is nothing dogmatic about observing that technology 
has contributed to improved living standards. However, 

9  Ideas, as sociologists like Weber (1922), Wuthnow (1989), and 
Collins (2000) have noted, need carrier strata that systematize and 
promote them.
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sociotechnical dogmatism does not stop there. It views such 
progress as the logical culmination of a scientific-rational 
worldview, projecting its consequences into the future 
with limited regard for collateral damage. Hence, there is a 
strong link between dogmatism and what Dafoe (2015) calls 
Technological Determinism. For example, Kurzweil (2005) 
argues that technology is necessary and sufficient to ensure 
positive social outcomes. On this view, the future is bright—
provided that technological innovation is neither restricted 
nor slowed down.

Of course, this depiction is greatly simplified. As Danaher 
(2022) observes, dogmatic claims differ in the degree and 
temporal orientation of their optimism as well as the role 
they ascribe to technology. That said, sociotechnical dogma-
tism rests on the belief that, in the long run, good prevails 
over evil and technology plays an essential role in ensur-
ing that outcome. What assumptions underpin this belief? 
Building on the work of Boden (1966), Danaher argues that 
dogmatism is underpinned by four premises:10

1)	 The fact premise, which states that it is possible to 
assemble relevant facts;

2)	 The value premise, which states that there are value cri-
teria according to which the facts can be evaluated;

3)	 The evaluation premise, which states that the evaluation 
of the facts in light of the value criteria will be positive 
on balance; and

4)	 The technological premise, which states that technology 
plays a crucial role in ensuring that positive evaluation 
of the facts holds up in light of the values.

Sociotechnical dogmatism is characterized by an uncom-
promising acceptance of all four premises. However, each is 
open to legitimate critique, with attacks on the earlier prem-
ises signaling more radical forms of sociotechnical skepti-
cism. We will employ this typology in later sections to cat-
egorize the most salient objections to dogmatic narratives.

As mentioned, sociotechnical dogmatism is often pro-
moted by Silicon Valley entrepreneurs and other business 
executives (Tutton 2020). At times, policymakers and 
researchers also implicitly or explicitly propagate it, and 
for good reason. The living standards are higher today than 
ever before, and human ingenuity—including technological 
innovation—has played no small part in this. If properly 
designed and deployed, AI and other emerging technolo-
gies promise to accelerate this trajectory, e.g., by allowing 
governments to develop a more productive and equitable 
public sector (Margetts et al. 2024).

While highly influential, the dogmatic narrative is 
not without its critics. As a powerful counternarrative, 

sociotechnical skepticism paints a picture of human history 
that is very different from the one presented thus far.

2.2 � Sociotechnical skepticism

In the context of AI ethics, sociotechnical skepticism is a 
collection of related narratives that consistently foreground 
the capacity of technology to cause harm or exacerbate 
preexisting socioeconomic injustices. These center on the 
fundamental inability of technology to address social and 
political issues, and the demonstrable harms that specific 
technologies have on individuals, groups, and the environ-
ment. Sociotechnical skepticism is associated with calls for 
more regulation, from greater oversight of the design and 
use of AI systems to bans on specific use cases. Perhaps 
the most radical attacks on dogmatism, however, arise from 
epistemological objections that challenge the very possibil-
ity of objective knowledge or moral progress.

In recent years, many scholars have lent voice to different 
facets of sociotechnical skepticism. In To Save Everything, 
Click Here!, Morozov (2013) critiques the “solutionist” 
impulse to regard all human affairs as ripe for optimization. 
On this view, efficiency is a false idol that distracts us from 
more pressing social goals. In Weapons of Math Destruction, 
O’Neil (2016) extends the analysis to advertising and crimi-
nal justice, demonstrating how algorithms implement perni-
cious feedback loops that disproportionately impact vulner-
able communities. Along the same lines, Eubanks (2018) 
examines the effects of AI on poor Americans in Automating 
Inequality; Noble (2018) provides an intersectional critique 
of Google search results in Algorithms of Oppression; and 
Benjamin (2019) argues that the racism that has historically 
been encoded into the US legal system is now being built 
into technology.

Focusing on different—but equally subversive—effects 
of AI and other data-driven technologies, Zuboff (2019) 
argues that tech giants have inaugurated The Age of Surveil-
lance Capitalism, in which human experience is system-
atically processed into behavioral data and used to develop 
prediction products that undermine autonomy and democ-
racy. Similarly, in her book Privacy is Power, Véliz (2021) 
exposes how individual (data) privacy is being eroded by big 
tech and governments before outlining how to design and 
adopt privacy-friendly alternatives to Google, Facebook, and 
other online platforms. Rich in detail, all of these scholarly 
contributions demonstrate through example the limitations 
of present day AI systems and the political economy that 
shape their design and use. 

The broad canvas painted by these works is clear: soci-
otechnical dogmatism is at best misguided and at worst a 
disingenuous cover for the self-interested agendas of profit-
seeking companies or authoritarian regimes. Yet a careful 
analysis displays how different skeptical counternarratives 

10  Danaher (2022) uses techno-optimism when referring to what we 
in this article call sociotechnical dogmatism.
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focus their critique on the different premises that underpin 
dogmatism. For example, several recent works have chal-
lenged the evaluation premise, i.e., that the benefits brought 
by ML systems outweigh the associated harms.

In The Atlas of AI, Kate Crawford (2021) traces the 
“oppressive logic” that underpins ML systems beyond the 
digital realm, from the exploitation of data workers in devel-
oping countries to the environmentally damaging extraction 
of rare earth minerals needed to produce machine hardware. 
Crawford does not deny that ML systems are powerful tools 
that can solve specific computational problems. Instead, she 
questions the evaluation premise by highlighting the social 
and environmental costs of such systems. Similarly, Bender 
et al. (2021) argue that the narrow utility of large language 
models must be balanced against a variety of costs—typi-
cally born by those who do not benefit from the resulting 
technology—including financial burdens resulting in high 
barriers to market entry, as well as substantial harms from 
misinformation and unlawful discrimination.

Other works have challenged the technology premise, 
i.e., that technology plays an important role in determining 
whether the future will be better or worse on balance. For 
instance, Broussard (2018) critiques sociotechnical dog-
matism’s irrational reliance on technological solutions for 
human problems. Because human problems are not exclu-
sively material, we should not expect social problems to 
retreat before a digitally enabled utopia.

Challenges levied against the evaluation and technology 
premises license comparatively mild versions of skepticism. 
These critiques share with sociotechnical dogmatism the fact 
premise, i.e., that it is possible to assemble relevant facts 
about the natural world; and the value premise, i.e., that 
there are value criteria against which those facts can and 
should be evaluated. What is left for debate is substantial 
but not insurmountable—specifically, what the facts are, 
according to which value criteria they should be evaluated, 
and the role technology plays in that evaluation. However, 
other critics go further.

Strong versions of sociotechnical skepticism challenge 
not only the technology and evaluation premises but also the 
fact and value premises. For instance, adherents of the soci-
ology of scientific knowledge (SSK)—a movement rooted 
in the post-structuralism of Foucault (1976) and the con-
structivism of Latour and Woolgar (1986), which arguably 
reached its apex in the “strong programme” of Barnes et al. 
(1996)—hold that all so-called facts are irreducibly subjec-
tive, and that all social and institutional relationships should 
be viewed in terms of asymmetrical power relations. This 
denies the possibility of assembling facts about the world 
and erodes any basis for identifying value criteria against 
which any state of affairs can be deemed better or worse.

Strong skepticism—i.e., narratives that challenge not only 
the technology and evaluation premises but also the fact and 

value premises—clearly undermine dogmatism. But, as we 
shall see in Sect. 4, they also make it hard to justify policy 
interventions on normative grounds or articulate any con-
structive vision for future societies. Of course, this does 
not mean that skeptical narratives are without merit. On the 
contrary, they serve important functions in surfacing social 
problems that need to be addressed (Martínez 2024) and 
expanding the Overton window of plausible policy options 
(Johnson et al. 2024). At their best, skeptical narratives push 
technology providers and governments to reduce AI harms, 
improve transparency and accountability throughout AI sup-
ply chains, and distribute AI’s benefits more broadly. To 
succeed in this, however, they must find resonance in pro-
gressive political programs that have constructive as well 
as critical components, offering concrete, feasible policy 
options. This is where sociotechnical pragmatism comes in.

3 � Sociotechnical pragmatism

In this section, we introduce and defend sociotechnical 
pragmatism as a constructive synthesis of the dogmatic and 
skeptical narratives. Our argument proceeds in two steps. 
First, we outline sociotechnical pragmatism as a theoretical 
stance. Second, we highlight its implications for contempo-
rary debates in AI ethics.

3.1 � Theoretical stance

With origins in nineteenth century American thought—
particularly the works of Charles S. Peirce, William James 
and John Dewey—pragmatist philosophy has a rich history 
(Scheffler 1974). Central to all varieties of pragmatism is the 
primacy of agents and contexts over ideas and abstractions 
(James 1907). Conceptual advances are only valuable inso-
much as they are useful. A theory with no practical implica-
tions is little more than a formal exercise.

How can sociotechnical pragmatism be situated in rela-
tion to dogmatism and skepticism? To start with, pragma-
tism is a philosophical tradition that does not separate know-
ing the world from acting within it (Peirce 1878). This is part 
of the “maker’s knowledge” tradition (Floridi 2018). The 
emphasis on agency—the ability to make representations 
of the world and intervene in it (Hacking 1983)—is fun-
damentally incompatible with determinism in general and 
sociotechnical dogmatism in particular. On this account, the 
future is not determined by technological innovation alone 
but depends on the actions we take to shape it.

In contrast to strong versions of sociotechnical skepti-
cism, however, pragmatism offers a robust foundation 
upon which to build constructive, progressive research and 
policy programs (Dewey 1948). The pragmatists hold that 
theories should be judged by their success when applied 
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to real-world situations (Legg and Hookway 2008). This 
maxim has immediate consequences. Opposing the use of 
AI “on principle” is nonsensical in pragmatist terms. AI sys-
tems may have undesirable consequences that call for them 
to be redesigned, and AI systems employed for unethical 
purposes should rightly be opposed. But such evaluations 
will necessarily be context-specific and reflect the values 
and goals of the communities that design or are subject to 
decisions produced by such systems. This brings us to a 
larger point.

Pragmatism points us to the kind of freedom that con-
sists of humans taking full responsibility for our claims and 
actions (Brandom 1979; Rorty 2021). The denial of divinely 
ordained truths (and the privilege of powerful elites to inter-
pret them) makes pragmatism a radical movement. However, 
the view that what counts as morally acceptable is a revis-
able cultural inheritance also makes pragmatists hesitant to 
accept utopian imperatives—whether dogmatic or skepti-
cal. Instead, pragmatists tend to embrace progressive yet 
practical solutions. This involves democratic deliberation 
regarding normative ends (Dryzek 2004), combined with 
evidence-based policymaking (Sanderson 2009) and insti-
tutional innovation (Frega 2019) to empirically establish the 
most feasible and effective ways of achieving those ends.

Further, sociotechnical pragmatism stresses the recipro-
cal relationship between social and technical systems.11 In 
applied contexts, algorithms inevitably form part of larger 
sociotechnical systems that encapsulate other artifacts, peo-
ple, and organizations (Lazar and Nelson 2023). Individual 
components of sociotechnical systems cannot be analyzed 
in isolation (Leveson 2016). Many AI harms stem not from 
failures of individual technical components but from the 
dynamic ways different parts of the system interact and, 
of course, how they are used, by whom, and for what pur-
pose (Lauer 2021). Technological fixes—while useful and 
sometimes necessary (Baxter and Sommerville 2011)—are 
therefore insufficient. Pragmatists hold that, to ensure good 
governance, technological solutions must be complemented 
by legal and cultural interventions (Maas 2022).

The pragmatist stance is deeply historical. As a driver of 
social change, technology is best understood as the com-
plex web of knowledge, institutions, tools, and behaviors 
that enable us to solve real-world problems (Ede 2019). 
Both dogmatic narratives hailing technology as an inevi-
table force  that drives progress and skeptical narratives 
discarding it as inherently oppressive stem from a view of 
technology as something separate from human society. But 
this view does not withstand empirical scrutiny. Successful 

invention requires not only scientific breakthroughs but also 
social utility and acceptance (Bronowski 1965). Thus, there 
are constant tensions between the need to utilize technology 
and adhere to established rules governing its use (van Dijk 
2024).

Finally, pragmatism embraces multi-model thinking 
(Kaushik and Walsh 2019). Abstract frameworks like utili-
tarianism, Marxism, and human rights are indispensable for 
analyzing social dynamics. But their power lies in filter-
ing the complexity of the world through particular lenses 
(e.g., utility, class struggle, inalienable rights) that obscure 
as much as they explain. Engaging with many different 
models is key to making sense of social phenomena (Page 
2018). Critically, however, no single model provides con-
clusive guidance for how to evaluate technologies or design 
policies. As demonstrated in Sect. 2, sociotechnical dogma-
tism is underpinned by utilitarian thinking. Despite its con-
ceptual merits, utility is hard to measure (Williams 1973), 
and interpersonal comparison of utility is complicated by 
assumptions about timescales and identity (Parfit 1987). The 
dogmatic narrative around AI’s societal impact is irrespon-
sible in glossing over these limitations.

In contrast, skeptical narratives tend to build on concepts 
rooted in the human rights literature, Marxism, or post-
structuralism. These are powerful frameworks for evaluating 
social change–but there are limits. Rights are often incon-
clusive, as they stand in tension with other rights (Biggar 
2020); AI systems may reconfigure power relations in ways 
that benefit one group over another (Lazar 2022) while still 
(in Rawlsian spirit) improving the lives of the worst off; and 
technology can be both empowering and alienating at the 
same time (Schroeder 2019). Many evils that skeptical narra-
tives ascribe to AI (like social stratification) are deep-rooted 
social problems that have existed in all societies of suffi-
cient size and complexity (Schumpeter 1942). By failing to 
diagnose socioeconomic ills with sufficient precision, such 
totalizing critiques struggle to guide social change and can 
unintentionally obstruct actionable avenues for improvement 
(Murdoch 1994). Rooted in multi-model thinking, pragma-
tism provides a robust stance for assembling evidence from 
different sources and interrogating it through complemen-
tary theoretical lenses.

Of course, adopting a pragmatist stance does not resolve 
all (or even most) ethical tensions associated with the design 
and use of technology. As Isaiah Berlin (1997) argues in The 
Pursuit of an Ideal, different values that are desirable in and 
of themselves can clash and require tradeoffs. It is important 
to stress that this “incommensurability”—which gives rise 
to moral dilemmas—is not exclusively (or even primarily) a 
conflict between social groups with different values. Rather, 
it is the result of the many conflicting impulses experienced 
by individual human beings, and thus a conflict between 
alternative yet incompatible modes of self-realization (Rorty 

11  The structures, values, and behaviors constituting human socie-
ties both shape (Flanagan et al. 2008) and are shaped by technology 
(Schroeder 2018).
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2021). For pragmatists, these lessons from the theory of 
value pluralism do not constitute a conclusion but a starting 
point. Accepting that emerging technologies can bring both 
social benefits and potential harms only tells us that it is 
reasonable to subject these to proportional governance and 
oversight. It does not tell us what the nature or purpose of 
that governance ought to be.

This is where critical data studies as a discipline has 
an important role to play. Sociotechnical pragmatism can 
be conceived as exploratory problem solving, i.e., a prac-
tice in which a community examines the empirical world 
to improve a situation the community has decided needs 
change (Prasad 2021). By highlighting AI systems’ short-
comings, critically oriented researchers and social advocacy 
groups help surface and frame such situations (Abebe et al. 
2020). The point here is that all pragmatic research has a 
critical component—but not all critical research has a prag-
matic component. Unwavering sociotechnical skepticism 
runs the risk of prioritizing abstract values over real-world 
consequences, effectively making the perfect the enemy of 
the good (Mulgan 2023).

To summarize, pragmatists are willing to experiment 
with both structural reform and technological solutions to 
empirically determine what does and does not work, prefer-
ably according to public and predetermined criteria. How-
ever, as opposed to sociotechnical dogmatism, pragmatism 
views emancipation as neither inevitable nor final (Gross 
et al. 2022). While unable to guarantee pro-social outcomes, 
good governance facilitates well-intentioned actions, deters 
malicious actors, and provides a foundation for communities 
to engage in an informed dialogue around what normative 
goals to prioritize and at what cost.

3.2 � Practical implications

The theoretical stance outlined above has several direct 
implications for policymakers, technology providers, and 
researchers. Here, we highlight the five most important ones.

First, sociotechnical pragmatism holds that the design 
and use of AI systems can only be beneficial or harmful 
insofar as they advance or hinder specific normative goals. 
This requires policymakers and researchers to be clear about 
the problems they seek to address and the normative ends 
they want to achieve. In the contemporary ethics discourse, 
the term “AI” refers not to a specific technology but to a 
wide range of computational techniques, from logic-based 
automated decision systems to large language models based 
on deep neural networks (Narayanan and Kapoor 2024). 
Each computational technique comes with affordances 
and constraints, and gives rise to different ethical, techni-
cal, and legal risks depending on the use case for which 
it is employed (Maragno et al. 2023). Hence, totalizing 
claims about AI (or technology) as either emancipatory (as 

sociotechnical dogmatism claims) or oppressive (as socio-
technical skepticism implies) lack resolution and undermine 
human agency.

AI’s societal impact is largely a matter of design (Floridi 
et al. 2021).12 But pragmatic problem-solving demands spe-
cific problem formulations. A good example is provided by 
Wang et al. (2023). The authors demonstrate that ML sys-
tems employed to make predictions about individuals face 
fundamental limitations that design changes cannot address, 
and that such systems’ performance often fails to satisfy 
technology providers’ own claims. It is precisely because 
their study focuses on a specific type of AI system and lim-
its the scope of its criticism to empirically evaluating these 
systems on their own terms that the authors can present veri-
fiable results and draw actionable conclusions. This is the 
kind of normative clarity, conceptual precision, and meth-
odological rigor sociotechnical pragmatism demands.

Second, sociotechnical pragmatism implies that a nor-
mative evaluation of the merits and limitations of AI sys-
tems cannot be conducted in isolation but only in relation to 
the available alternatives. Consider environmental impact 
as an example. While ML systems require vast amounts of 
energy to train (Cowls et al. 2021), they can reduce carbon 
emissions by substituting or enhancing wasteful processes 
(Tomlinson et al. 2024). Determining the net environmen-
tal impact is thus nontrivial and requires careful empirical 
analysis of specific use cases. Human decision-makers and 
ML systems also have different strengths and weaknesses 
from a fairness perspective (Hullman et al. 2022). Human 
judgment, for instance, can be influenced by prejudices and 
fatigue (Kahneman 2011). Using ML systems can there-
fore lead to fairer decisions in some circumstances (Lepri 
et al. 2017). The studies have repeatedly shown that even 
well-intentioned people are prone to biases against histori-
cally disadvantaged groups (Greenwald and Krieger 2006). 
However, a comparison between individual human decision-
makers and algorithms is somewhat misleading.

Typically, the alternative to an algorithm is bureaucratic 
systems that arose precisely in response to the subjectiv-
ity and inconsistency of human decision-making (Barocas 
et al. 2023). While bureaucracies incorporate mechanisms 
to ensure procedural regularity and operational transpar-
ency (Strandburg 2019), they too have flaws and often 
lack mechanisms of redress. As Weber (1922) and Wie-
ner (1950) noted, even well-functioning bureaucracies can 
appear dehumanizing to individual decision subjects.13 

12  In the words of Kranzberg (1986), technology is neither good nor 
bad; nor is it neutral.
13  A potent critic of the bureaucratic state was Kafka. His 1925 novel 
The Trial tells the story of Josef K., a man arrested for unspecified 
crimes, who struggles to mount a defense without any charges. The 
tale has been used to support the “right to explanation” (Vredenburgh 
2021).



3171AI & SOCIETY (2025) 40:3163–3185	

Moreover, bureaucracies too are sociotechnical systems in 
which human- and machine-centric information processes 
overlap (Di Maio 2014). That is why bureaucracies, despite 
procedural protections, are not immune to the imperfections 
and biases of the people who fill their ranks. It is also why 
identifying and mitigating such biases with computational 
methods is not just a speculative ideal but a real opportu-
nity. The proposed US Algorithmic Accountability Act of 
2022 accounts for this dynamic by requiring organizations 
deploying new algorithms to “describe the existing decision-
making process” and “explain the intended benefits of aug-
menting it” (Mökander et al. 2022). The policymakers in 
other jurisdictions should take note.

Johnson and Zhang (2022) provide a good example of 
work along these lines. In What is the Bureaucratic Coun-
terfactual?, they show that the alternative to algorithmic 
classification for social policy purposes is often categorical 
prioritization—a method with its own constraints. Most per-
tinently, it demands that continuous attributes be simplified 
into discrete categories that homogenize different levels of 
need. Surveying the real-world impact of housing vouchers 
and school financing, Johnson and Zhang do not claim that 
algorithmic or bureaucratic systems are superior in any uni-
versal sense. Instead, they show empirically that categorical 
prioritization in social policy has opportunity costs, and that 
there is an understudied potential for predictive algorithms 
to narrow inequalities.

Third, sociotechnical pragmatism accepts that different 
normative ends conflict and require tradeoffs. We consider 
two such cases in Sect. 4, where fairness and explainability 

are each purported to come at some cost to algorithmic per-
formance. Though details vary, we may describe the general 
problem setting in terms of a Pareto frontier.14 Imagine a 
two-dimensional space with axes for, say, accuracy and fair-
ness. Given formal definitions of each, we may score deci-
sions along both axes and locate them within this coordinate 
system (see Fig. 1). If there is no tradeoff, then we should 
be able to design arbitrarily fair and accurate models. But if 
these ideals are in tension, we find an empty space near the 
origin, indicating that maximally fair models incur some 
performance penalty and vice versa. We say that one system 
Pareto dominates another if and only if it is strictly better 
along at least one axis and no worse along any other. The 
Pareto frontier is constituted by the set of points that can-
not be made more accurate without becoming less fair or 
vice versa. Note that there is no context-independent way to 
decide which point along the frontier we consider optimal, 
for this judgment depends upon our valuations of different 
desiderata for particular problems.

In The Ethical Algorithm, theoretical computer scientists 
Kearns and Roth (2019) argue that delicate tradeoffs like 
this cannot be navigated without confronting them head-on:

Once we pick a decision-making model […] there are 
only two possibilities. Either that model is not on the 
Pareto frontier, in which case it’s a “bad” model […] or 
it is on the frontier, in which case it implicitly commits 
to a numerical weighting of the relative importance of 
error and unfairness. Thinking about fairness in less 
quantitative ways does nothing to change these reali-
ties—it only obscures them (Kearns and Roth 2019).

Of course, the quantitative approaches to ensuring social 
justice have their own limitations and should be comple-
mented by qualitative engagement (Narayanan 2022). How-
ever, the notion that putting numbers to problems somehow 
does violence to our underlying humanity or commits us to 
naïve dogmatism is itself reductive and limiting. To prag-
matists, the quantitative methods are merely one tool among 
many for diagnosing and combatting social injustice—and 
a powerful one at that. Used correctly, they bring to light 
the complexity of the issues under discussion. Ignoring that 
option on philosophical grounds incurs devastating oppor-
tunity costs that society can ill afford.

Fourth, sociotechnical pragmatism seeks to foster the use 
of ML systems for socially beneficial purposes, while taking 
concrete measures to mitigate technological risks (Lappin 
2025; Suleyman 2023). Consider healthcare as an example. 
Society has an obligation to put patients’ safety first. Often, 

Fig. 1   A schematic example of the Pareto frontier (Kearns and Roth 
2019)

14  The concept now referred to as a Pareto frontier (and the associ-
ated notion of Pareto efficiency) is attributed to the Italian economist 
and sociologist Vilfredo Pareto. For details, see Lockwood (2008).
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that means using available technologies to develop new 
drugs or diagnose patients early in the course of a disease. 
To ensure that new drugs are safe, pharmaceutical compa-
nies train ML algorithms to detect treatment response pat-
terns (Nadler et al. 2020). AI systems can also improve the 
cost-efficiency of the healthcare system, freeing up resources 
to provide better care (Mainz et al. 2024). The fact that red 
tape related to such models could restrict the development 
of potentially lifesaving procedures shows that it is often 
impossible to “err on the side of caution.” The real tension 
is therefore not between innovation and regulation (a false 
dichotomy) but between good regulation that promotes both 
growth and pro-social outcomes and bad regulation that fails 
in doing so.

This insight permeates the framing of emerging AI regu-
lations. Take European AI Act as an example. While the 
use of “high-risk” AI systems (like those used in medical 
diagnostics) is encouraged, the AI Act mandates that such 
systems undergo “conformity assessments” before they are 
put on the market and that their outputs are monitored over 
time (Mökander et al. 2021). The regulatory provisions of 
the European AI Act also go hand-in-hand with incentives 
for innovation and investment in enabling digital infrastruc-
ture (Novelli et al. 2024). Similarly, The UK Government 
(2023) has pursued A pro-innovation approach to AI regu-
lation, acknowledging AI’s potential to improve the quality 
of public services while relying on sector-specific regula-
tors to oversee the use of AI in their respective domains. Of 
course, it is hard to strike the right balance. Yet the rhetoric 
used by policymakers indicates that there is an appetite for 
a pragmatic stance that combines rigorous and proportional 
AI governance mechanisms with investments in research and 
innovation to solve real-world problems.

Fifth, sociotechnical pragmatism asserts that procedural 
regularity and transparency contribute to good govern-
ance (Morley et al. 2021). Consider the functions of data-
sheets (Gebru et al. 2021) and model cards (Mitchell 2019). 
By providing information on how ML models are trained 
and tested, such transparency enhancing tools enable down-
stream developers to design applications that account for the 
known limitations of the model in question (Mökander et al. 
2023). Awareness of ML models' limitations is also a pre-
requisite for designing procedural guardrails. For example, 
human-curated validation of ML systems can aid the design 
and use of bias-aware and efficient data-driven reasoning in 
healthcare settings (Boman 2023).

Other mechanisms to improve technical robustness and 
procedural transparency include algorithmic impact assess-
ments (Selbst et al. 2021; Thomas et al. 2024), disclosure 
requirements (Kamalnath and Varottil 2022), red teaming 
(Longpre et al. 2024), and AI audits (Metaxa et al. 2021; 
Mökander 2023). Different mechanisms fill different func-
tions. For example, internal audits help check that the 

engineering processes involved in designing ML systems 
meet specific expectations or standards (Raji et al. 2020). 
Their goal is to identify and mitigate risks before harm 
occurs. In contrast, external audits help technology provid-
ers verify claims about the systems they design and deploy 
(Brundage et  al. 2020). Independent third-party audits 
thereby provide a basis for holding technology providers 
accountable. The fact that these governance mechanisms 
help address both near-term and long-term AI risks (Chris-
tian 2020) means that pragmatists should focus on building 
broad coalitions for change (Arnold and Toner 2024).15

A final point. The practice of transparently communicat-
ing normative tradeoffs not only sparks ethical deliberation 
among developers of ML systems but also informs the public 
discourse concerning what society we want to live in, and 
what compromises we are willing to strike in bringing that 
society to fruition. The purpose of technically informed eval-
uation tools is not to guarantee ethical outcomes (an impos-
sible goal). Rather, it is to make implicit technology design 
choices visible, foreground tensions between competing 
values, give voice to different stakeholders, and arrive at 
resolutions that—even when imperfect—are at least publicly 
defensible (Whittlestone et al. 2019).

The significance of this position does not lie in the nor-
mative conclusions it justifies, but in the way it reorients our 
thinking about legitimacy toward political practice (Fossen 
2017). Sociotechnical pragmatism puts a premium on jus-
tification through informed, rational, and honest discourse. 
However, decades of research in philosophy, as well as in 
social and behavioral sciences, have shown that notions like 
justification and explanation are significantly more complex 
than intuition suggests (Miller 2017; Danks 2022).

4 � Contemporary debates in AI ethics

In this section, we use the conceptual tools introduced in the 
previous sections to analyze the contemporary discourse on 
AI fairness and explainability. These topics are essential for 
AI practitioners, policymakers, and end users, as they lie at 
the heart of debates regarding whether and how to deploy 
ML systems in high-risk settings like finance or healthcare. 
Throughout, we leverage real-world examples to show how 
sociotechnical pragmatism does more to promote fair and 
transparent AI than either dogmatic or skeptical alternatives.

15  For details, see Baum (2018), Prunkl and Whittlestone (2020), or 
Sætra and Danaher (2023).



3173AI & SOCIETY (2025) 40:3163–3185	

4.1 � Fairness

In 2021, Mark Rutte, the prime minister of the Netherlands, 
offered to resign following controversy surrounding a data-
driven welfare fraud detection system referred to as “SyRI.” 
Simplified, SyRI was an algorithm that used statistical pat-
terns to flag potential benefit fraud based on data aggre-
gated from government agencies (Meuwese 2020). While 
its stated purpose was to make state administration more 
efficient, SyRI was found to systematically discriminate 
against minorities, wrongly accusing over 26,000 families 
of benefit fraud (van Bekkum and Borgesius 2021). Private 
companies have faced similar controversies. In 2018, Ama-
zon’s automated recruitment tool was found to discriminate 
against female candidates. Trained on résumés from past 
hires, the system had learned to prefer male candidates and 
to downgrade applications containing words associated with 
women (Langenkamp et al. 2020). These and other incidents 
demonstrate how AI systems trained on unrepresentative or 
incomplete or data can perpetuate existing societal biases 
and create new ones.

Algorithmic bias is a serious social problem, as it may 
result in allocational or representational harms (Mitch-
ell et al. 2021). Promisingly, researchers have made great 
progress in advancing the theory and practice algorithmic 
fairness. This includes the assembly of more representative 
datasets (Ding et al. 2021; Le Quy et al. 2022; Fabris et al. 
2022; Kirk et al. 2024), the development of new algorithms 
and training techniques to reduce the bias of ML models 
(Friedler et al. 2019; Mandal et al. 2020; Wan et al. 2023), 
and the proliferation of fairness tools and metrics to test and 
evaluate ML systems both prior to and after their deploy-
ment (Bellamy et al. 2019; Bird et al. 2020; Pagano et al. 
2023). These are significant engineering and design achieve-
ments, and have led to the emergence of a new industry 
focused on providing ethical assurance. Today, countless 
startups and consulting companies offer AI auditing services 
designed to help clients ensure that AI systems are “fair” or 
“ethical” (Shneiderman 2020; Mökander 2023).

However, it is important to remain realistic about the lim-
its of technical fixes in this domain. To begin with, thick 
ethical concepts are difficult to operationalize, as they have 
both descriptive and evaluative content (Williams 1985). 
Moreover, the focus to date has overwhelmingly been on 
prediction tasks like those found in supervised learning, with 
much less attention paid to the ethical impact of other ML 
applications such as unsupervised or reinforcement learning 
(Jabbari et al. 2017; Polonioli et al. 2023; Watson 2023).

With these challenges in mind, how do we define fair-
ness in the context of AI ethics? A substantial subgenre of 
the ML literature is devoted to formalizing criteria in an 
explicit effort to answer this question (Pessach and Shmueli 

2022; Caton and Haas 2024). Prominent examples of fair-
ness definitions include:

•	 Fairness through unawareness. A model is fair if sensi-
tive attributes are not included in the training data.

•	 Demographic parity. A model is fair if predictions are 
independent of sensitive attributes.

•	 Equality of opportunity. A model is fair if predictions are 
independent of sensitive attributes after conditioning on 
the true outcome.

This list is hardly exhaustive. A tutorial by Narayanan (2018) 
surveyed no fewer than 21 competing definitions of algorith-
mic fairness. Others have emerged since (e.g., Kusner et al. 
2017; Kim et al. 2018; Romano et al. 2020). A thorough 
analysis of these and other fairness criteria is beyond the 
scope of this article.16 It suffices to observe that while each 
captures some intuitive notion of fairness, impossibility 
theorems have shown that many of the most popular formal 
criteria are mutually incompatible except in trivial cases 
(Chouldechova 2017; Friedler et al. 2021; Kleinberg et al. 
2017). This suggests that while mathematical formulae can 
help clarify the tradeoffs inherent in any socially sensitive 
decision-making context, they cannot in principle “solve” 
the problems posed by algorithmic fairness.

The impulse to automate our way out of fundamental 
social problems like systematic discrimination and struc-
tural inequality is a clear example of sociotechnical dog-
matism in action. The computer scientists and tech compa-
nies share some responsibility for promoting the notion that 
problematic models and datasets can be rectified through 
technical solutions that make them safe for deployment. 
Microsoft,17 Google,18 Amazon,19 and IBM20 all offer fair-
ness toolkits and dashboards that operate on their respective 
cloud platforms, putting model auditing and bias mitiga-
tion tools behind user-friendly graphical interfaces. Though 
the accompanying whitepapers typically document the 
limitations of these approaches—“it is not possible to fully 
‘debias’ a system” reads the abstract of Microsoft’s Fairlearn 
paper (Bird et al. 2020)—it is safe to assume that most users 
do not engage with this technical material, opting instead 
to outsource the work of AI fairness to established brands.

The dogmatic approach to algorithmic fairness is not only 
theoretically limited but may also produce real-world harm 
when uncritically employed in applied contexts (Selbst et al. 

16  For more comprehensive discussions, see Saxena et al. (2019) or 
Barocas et al. (2023).
17  https://​fairl​earn.​org/
18  https://​www.​tenso​rflow.​org/​respo​nsible_​ai
19  https://​aws.​amazon.​com/​sagem​aker/​clari​fy/
20  https://​aif360.​res.​ibm.​com/

https://fairlearn.org/
https://www.tensorflow.org/responsible_ai
https://aws.amazon.com/sagemaker/clarify/
https://aif360.res.ibm.com/
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2019). Optimizing an ML systems’ output to strictly satisfy 
any fairness definition implies privileging some individuals 
and groups and at the expense of others, as different fairness 
definitions conflict and require tradeoffs (Corbett-Davies 
et al. 2024). Optimizing an ML systems’ performance for 
fairness can also come at the expense of other values like 
predictive accuracy. Focusing on the much-discussed exam-
ples of predictive policing and criminal recidivism, Corbett-
Davies et al. (2017) demonstrate that there is often a real 
tension between improving public safety and satisfying pre-
vailing notions of algorithmic fairness.

Other failure modes are subtler. The techno-solutionist 
approach to algorithmic fairness risks ignoring the possi-
bility that in some cases better outcomes may be attained 
without technology (Selbst et al. 2019); giving AI deployers 
and users a false sense of security that undermines the need 
for continuous ethical reflection (Leslie 2019); and eroding 
humans’ sense of their non-instrumental obligations to each 
other (Mökander and Schroeder 2024). In addition, there 
are legitimate concerns about skewed incentives in the AI 
assurance industry. Several studies have highlighted the risk 
of “fairwashing”, whereby AI systems are made to appear 
more ethical than they are through post-hoc rationalization 
with respect to some fairness metric(s) (Aïvodji et al. 2019; 
Burr and Leslie 2023). Others have warned that AI assurance 
companies with an interest in keeping client relationships 
friendly risk being too lenient when conducting fairness 
audits (Costanza-Chock et al. 2022; Munn 2023).

These are well-documented risks (OECD 2024), and both 
pragmatic and skeptical narratives in AI ethics stress the 
limitations of mathematical fairness definitions and caution 
against algorithmically oriented approaches to improving 
public policy. However, strong versions of sociotechnical 
skepticism go further. For example, Hoffmann (2019) argues 
that the very logic of computation is fundamentally unfit to 
address problems of social injustice, as both are founded on 
the same rationalist mode of hierarchical labeling and sort-
ing. The problem formulation itself—in terms of variables 
and averages, optimizing metrics for prespecified groups—
fails to question how the categories that algorithmic fair-
ness seeks to protect are themselves contested, socially con-
structed, and reductive (Hanna et al. 2020; Cantwell Smith 
2019). On this view, data science privileges mathematical 
order over lived experience (McQuillan 2018). Building on 
the works of Bowker and Star (2000) and Gonen and Gold-
berg (2019), Birhane (2021) writes:

The mathematization and formalization of social 
issues brings with it a veneer of objectivity and posi-
tions its operations as value-free, neutral, and amoral. 
The intrinsically political tasks of categorizing things 
such as ‘‘acceptable’’ behavior, ‘‘ill’’ health, and 
‘‘normal’’ body type then pass as apolitical technical 

sorting and categorizing tasks. Unjust and harmful out-
comes, as a result, are treated as side effects that can 
be treated with technical solutions such as ‘‘debias-
ing’’ datasets rather than problems that have deep roots 
in the mathematization of ambiguous and contingent 
issues, historical inequalities, and asymmetrical power 
hierarchies. (Birhane 2021)

Goals like “greater transparency,” “better algorithms,” or 
“more representative datasets” do little to resolve these 
issues and may even exacerbate them by normalizing neo-
liberal modes of agency in which users must navigate a com-
plex marketplace of algorithmic alternatives with limited 
information (Ananny and Crawford 2016). On this view, the 
language of power is more appropriate than that of facts and 
principles when assessing the ethical and social implications 
of ML (Waelen 2022). Efforts to advance technical solutions 
to algorithmic bias will only add fuel to the fire.

These objections are provocative and perspicacious. They 
amount to a full-throated challenge to the value premise—
perhaps even the fact premise, as discussed in Sect. 2. And 
the challenge has bite: the pervasiveness of metrics and 
quantification in modern societies does affect individual 
behavior, social interactions, and institutional practices (Mau 
2019). For example, ranking systems often lead to increased 
self-monitoring and competition. However, abstaining from 
quantifying human abilities and social relationships is a 
risky strategy for anyone who hopes to wield policy as an 
instrument of social change.

When difficult decisions must be made, the current state 
of the art is to appeal to expert judgment, aided by some pro-
cedural guardrails (Gasser and Schönberger 2024). For all 
its merits, this strategy is vulnerable to human bias, caprice, 
and outright fraud (Kahneman et al. 2021). That existing 
datasets are tainted with human error (both individual 
and social) is a central premise in the skeptical arguments 
against automation. Historical decisions on credit lending, 
job hiring, and criminal justice are commonly cited exam-
ples. However, for the same reasons, the skeptical impulse 
to oppose technological advances that could improve this 
state of affairs may be counterproductive, effectively revert-
ing responsibility back to the very institutions that created 
the problem in the first place.

The pragmatist synthesis is to observe that whether AI 
systems can be fruitfully deployed in high-risk domains is an 
empirical question that must be addressed on a case-by-case 
basis (Binns et al. 2018). The procedural solution is to map 
out the tradeoffs and ask difficult questions. Which notion 
of fairness is most relevant to the task at hand? What will 
be the social impact of prioritizing one notion of fairness 
over others in different contexts? Are we willing to sacrifice 
model performance (e.g., in terms of predictive accuracy) 
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to obtain fair outcomes, however we choose to operational-
ize the concept? If so, then how much of a drop in accuracy 
is tolerable? Perhaps most importantly, how can relevant 
stakeholders—including users and data subjects—influence 
these choices?

The answers to these and other questions can and should 
vary across domains. A one-size-fits-all solution threatens to 
anoint an “algorithmic leviathan” with the power to arbitrar-
ily exclude individuals from a wide range of socially signifi-
cant opportunities (Creel and Hellman 2022). It is vital not 
just to ask hard questions but also to be transparent about 
the process and the challenge of building fair models. The 
dogmatic narrative tends to downplay the risks and overes-
timate the effectiveness of current tools to mitigate algorith-
mic bias. Such bluster may help short-term sales but harm 
long-term user trust (Hildago et al. 2021). The skeptical nar-
rative, meanwhile, is reflexively in opposition. It demands 
superior outcomes that either lie beyond the limits of the 
Pareto frontier or defy quantification altogether. This is not 
a recipe for progress. Perhaps both narratives are polarized 
by the perceived excesses of their counterparts, strategically 
staking out extreme positions in an effort to rebalance a dis-
course they feel has become lopsided. If so, then both would 
be better off starting from a shared commitment to socio-
technical pragmatism, rather than converging on it through 
meandering dialectical cycles that delay or annul the benefits 
they claim to seek.

4.2 � Explainability

ML models are increasingly common in scientific research, 
where algorithms can help predict the outcomes of complex 
physical phenomena at scales ranging from the subatomic 
to the celestial. In a notable recent example, researchers 
introduced a probabilistic deep learning model for forecast-
ing seasonal Arctic Sea ice concentration (Andersson et al. 
2021). Not only did their model vastly improve upon the 
prior state of the art—it also suggested a previously over-
looked feedback loop between Arctic Sea ice and atmos-
pheric circulation that has since been incorporated into many 
large-scale climate models (Eyring et al. 2024). This rela-
tionship was revealed in model post-processing with vari-
able importance techniques, a popular form of explainable 
AI (XAI) that is widely used in scientific exploration and 
hypothesis generation (Zednik and Boelsen 2022).

XAI is a vast and growing field of scholarly inquiry aimed 
at helping humans understand the potentially opaque behav-
ior of complex statistical models such as deep neural net-
works (Saeed et al. 2023; Räuker et al. 2023). Methodologi-
cal approaches to computing explanations vary (Linardatos 
et al. 2021; Rudin et al. 2021) and serve different purposes. 
The primary aims of XAI are threefold (Watson and Floridi 
2021): (i) to audit, e.g., ensuring that a credit risk scoring 

algorithm does not unfairly rely on protected attributes; (ii) 
to validate, e.g., testing whether an image classifier exploits 
a watermark in the data; and (iii) to discover, e.g., generating 
novel hypotheses for disease mechanisms using explanations 
from a diagnostic model. In this section, we focus on the 
epistemological aspects of XAI, as characterized by goals 
(ii) and (iii). This avoids redundancies, since goal (i) largely 
overlaps with the fair ML agenda, and highlights connec-
tions between the XAI discourse and classic debates from 
the philosophy of science.

Whether the opacity of ML models is due primarily 
to technical complexity or corporate policy is a matter of 
some debate (Burrell 2016; Kroll 2018). In either case, the 
demand for XAI is undeniable. To highlight the dialectic 
between dogmatism and skepticism in this subfield of AI 
ethics, we will focus on post-hoc, model-agnostic XAI tools. 
For concreteness, consider the SHAP algorithm (Lundberg 
and Lee 2017), which attempts to explain individual model 
outputs by computing weights for all input features. This is 
an example of a local linear approximator, intended to aid 
interpretation by indicating the magnitude and direction of 
feature contributions in terms of simple scores that can be 
visualized and compared across variables. SHAP is post-hoc 
in the sense that it is applied to a target model f after training, 
as opposed to intrinsic alternatives that aim to make f inter-
pretable in the first place; and model-agnostic in the sense 
that SHAP treats f as a black box and makes no assumptions 
about its underlying architecture.21 Such XAI tools are popu-
lar with practitioners due to their flexibility and modularity. 
However, critics object that these traits are precisely what 
make methods like SHAP so unreliable in practice. After all, 
a local linear approximation to a highly nonlinear function 
is guaranteed to introduce errors that could mislead users 
about the true behavior of the target model f.

The dogmatist narrative stakes out a familiar position on 
XAI, arguing that new and improved methods will eventu-
ally resolve whatever perceived issues arise from humans 
failing to grasp the inner workings of complex ML mod-
els. This optimism is on display in many technical works, 
where authors promote their solution by demonstrating that 
it meets some favored criteria for interpretability (Lipton 
2018). Shapley values are motivated by foundational results 
from cooperative game theory (Shapley 1953), where they 
are known to uniquely satisfy a set of reasonable axioms 
(Sundararajan and Najmi 2020). This mathematical basis 
may seem reassuring, but several commentators have ques-
tioned the relevance of these axioms to XAI (Huang and 
Marques-Silva 2024; Bilodeau et al. 2024).

21  Model-specific variants such as DeepSHAP (for neural networks) 
and TreeSHAP (for tree-based ensembles) exist too (see Lundberg 
et al. 2020). Yet we restrict our focus to the more generic algorithm.
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Tech companies tend to amplify the dogmatic message 
and, undisturbed by scholarly reservations, offer explain-
ability toolkits intended to make ML algorithms more 
palatable for users who may lack the required expertise to 
design, troubleshoot, and modify models prior to deploy-
ment (see Microsoft22 and Google’s23 cloud offerings, for 
example). These well-designed and actively maintained 
software libraries tempt stakeholders into believing that we 
can always understand the behavior of ML models, no mat-
ter how complex. Indeed, many XAI projects are explicitly 
motivated by the goal of promoting user trust (Bhatt et al. 
2020), which may be low when the target model is opaque 
to humans.

The skeptical narrative takes a slightly different guise in 
XAI, as the risks in this case are primarily epistemic rather 
than ethical. The worry is that XAI may provide a mis-
leading explanation that gives users a false impression of 
understanding, perhaps contributing to a faulty decision with 
harmful consequences. For instance, Lipton (2018) argues 
that the very notion of “interpretability” is underspecified, 
with various tools addressing unique problems raised by dis-
tinct notions of a fundamentally ambiguous term. No won-
der XAI methods often give inconsistent explanations of 
the same model prediction (Krishna et al. 2022). This issue 
is echoed by Doshi-Velez and Kim (2017), who conclude 
that “there is little consensus on what interpretability in ML 
is and how to evaluate it for benchmarking.” Perhaps the 
strongest critic of post-hoc XAI methods is Rudin (2019), 
who argues that for high-risk decisions, we should restrict 
ourselves to globally interpretable models:

Explanations must be wrong. […] If the explanation 
was completely faithful to what the original model 
computes, the explanation would equal the original 
model, and one would not need the original model in 
the first place, only the explanation (Rudin 2019).

Rudin is right to point out that post-hoc explanations cannot 
guarantee 100% fidelity to the target model, for the same 
reason that maps are usually smaller than the territory they 
describe.24 But just as we rely on maps to navigate unfamil-
iar terrain, so we can use XAI tools to learn about the behav-
ior of a model, at least within some bounded subregion.

Scientists rely on idealizations and abstractions to get a 
handle on complex phenomena in many domains (Floridi 
2008; Potochnik 2017). There are no frictionless planes or 
infinite populations, but physicists and geneticists freely 

make use of such assumptions to strip away irrelevant details 
and focus on mechanisms of interest. Similarly, definitions 
of key scientific terms are seldom clear-cut. Biologists have 
yet to settle on a precise definition of the word “gene” (Hop-
kin 2009; Portin and Wilkins 2017), while competing inter-
pretations of “entropy” persist in thermodynamics (Brissaud 
2005; Swendsen 2011). It is worth reminding proponents 
of strong sociotechnical skepticism—who demand full con-
sensus on contested terms and complete fidelity from post-
hoc XAI tools—that such luxuries are often lacking even in 
mature natural sciences.

This illustrates how the debate between dogmatism and 
skepticism with respect to XAI reflects the longstanding 
tension between realism and constructivism in epistemol-
ogy. Simplified, naïve realists believe in the objectivity and 
singularity of truth, and view humans as passive receptors of 
information about the world (Comte 1865). The propositions 
are true, false, or meaningless (Schlick 1985). In contrast, 
radical constructivists (whether romantic or postmodern) 
deny the existence or ontological independence of an exter-
nal world (Berkeley 1734) and hold that all so-called facts 
are irreducibly subjective (Barnes et al. 1996). True expla-
nations, they argue, cannot exist and would be unknowable 
if they did.

According to pragmatism, however, realism and construc-
tivism present a false dichotomy. Because pragmatism does 
not separate knowing the world from acting within it (Hack-
ing 1983), it replaces the passive and declarative knowledge 
that something is the case with the interactive and practical 
knowledge of something being the case (Floridi 2011). It fol-
lows that one explanation can be preferable to another given 
a specific purpose, context, and level of abstraction (Floridi 
2008). All models may be wrong, but that does not mean 
that anything goes. Facts are not subjective but relational 
(Floridi 2011). While individual propositions can be neither 
proven nor disproven in isolation, they stand and fall with 
their implications for the broader systems of knowledge to 
which they are connected (Quine and Ullian 1970). Insofar 
as they can be tested or reproduced, explanations can also 
be deemed more or less reliable (Mayo 2018).

A pragmatic approach to XAI begins with the agent and 
the context. Who is seeking an explanation and why? Doc-
tors and patients may prefer different levels of detail, for 
instance, in their respective inquiries regarding an algorith-
mic diagnosis (Watson 2022). Perhaps the doctor’s expla-
nation is more faithful to the target model and underlying 
biology than the patient’s, but this does not mean the latter 
explanation is false or useless. On the contrary, if patients 
lack the requisite expertise in medicine or ML, they may 
be ill-served by a technical account that describes nonlin-
ear interactions between biomolecular pathways. Insofar as 
the goal is to secure trust among stakeholders (including 
patients and healthcare providers), then the accuracy of a 

22  https://​inter​pret.​ml/
23  https://​cloud.​google.​com/​expla​inable-​ai
24  Notwithstanding the best efforts of imperial cartographers in Borg-
es’s (1946) classic On Exactitude in Science.

https://interpret.ml/
https://cloud.google.com/explainable-ai
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system relative to viable alternatives must be a central con-
cern (London 2019).

Once again, we find ourselves at a familiar fork in the 
road. While the dogmatic impulse is to conclusively “solve” 
the “problem” of algorithmic explanation, the skeptical 
impulse is to declare that such solutions are impossible a 
priori. The pragmatic view is willing to accept that XAI 
tools can inform and improve decision-making under appro-
priate conditions. Doctors and patients may benefit from 
interactive XAI tools (SHAP included) that provide oppor-
tunities for follow-up questions and to elaborate on unex-
pected or unclear aspects of an initial explanation. Users 
may rationally choose different tradeoffs between accuracy 
and simplicity, effectively locating themselves at different 
points on a Pareto frontier between these goals. Of course, 
the pragmatic view also entails an acknowledgement that 
XAI tools are only part of the toolkit, alongside socio-struc-
tural explanations that offer complementary insights (Smart 
and Kasirzadeh 2024). Ultimately, it is an empirical matter 
whether and to what extent any given method succeeds in 
helping people better understand ML models.

5 � Conclusion

The societal and ethical implications of AI have sparked 
much debate. At the extremes of this discourse are two com-
peting narratives: sociotechnical dogmatism and sociotech-
nical skepticism. In this article, we discussed the ethical and 
epistemological assumptions underpinning those two narra-
tives and the pragmatic synthesis we espouse. For brevity 
and clarity, these narratives are summarized in Table 1.

It is worth re-emphasizing that we use the terms soci-
otechnical dogmatism, skepticism, and pragmatism as 
ideal types, to simplify and accentuate their underlying 

assumptions. Reality is more nuanced.25 Few researchers 
or policymakers subscribe wholesale to any pre-packaged 
narrative and individual articles typically draw on and com-
bine different traditions in the history of ideas. In practice, 
pragmatic insights permeate both the dogmatic and skeptical 
narratives—and this is a good thing. Still, contrasting the 
extreme positions is analytically useful to highlight the fault 
lines in the contemporary AI ethics discourse.

As we have shown, sociotechnical pragmatism constitutes 
a constructive and coherent stance that allows researchers 
and policymakers who seek to identify and mitigate the risks 
of emerging technologies to navigate between the Scylla of 
dogmatism and the Charybdis of skepticism. This stance has 
both epistemological and ethical aspects. In epistemology, 
pragmatism replaces objectivity with intersubjectivity: for 
practical purposes, there is no “point of view of the uni-
verse” (Singer and de Lazari-Radek 2014) or “view from 
nowhere” (Nagel 1986). However, pragmatism does not 
succumb to relativism either. Questions are asked within 
a given context, for a specific purpose, and at a particular 
level of abstraction (Floridi 2008). Once these parameters 
are fixed, the relative merits of competing answers can be 
distinguished by rational agents.

In ethics, pragmatism is the attitude that what counts as 
morally acceptable is not an insight produced by something 
non-human but a revisable cultural inheritance. Since we 
have no reason to believe that this inheritance should offer 
theoretical closure, we should not expect normative tensions 
to be overcome by technological innovation (as dogmatism 
claims) or solved by more restrictive regulation for specific 

Table 1   Summary of dogmatic, skeptical, and pragmatic positions in ethics and epistemology

Ethics Epistemology

Dogmatism Technology fuels economic growth and social 
progress. Efforts to restrict or slow down 
technological advancement are misguided 
and ultimately harmful

Propositions are true, false, or meaningless. What can be known can be stated 
precisely. A true explanation is complete and objective (absolutism, positivism)

Skepticism Technology exacerbates preexisting inequali-
ties. There are no purely algorithmic solu-
tions for social, economic, and/or political 
issues, which must be confronted with 
qualitative engagement rather than quantita-
tive measurement

All so-called facts are irreducibly subjective. Knowledge is socially constructed, 
not naturally discovered. True explanations (if any such things exist) are funda-
mentally unknowable (relativism)

Pragmatism Tradeoffs between competing values are 
inevitable. We must confront these tradeoffs 
and deliberate between them in a transparent 
and inclusive manner, striking provisional 
compromises to advance shared goals

What is true is not as important as what is useful. Theories only gain meaning 
through their impact on practice. Knowledge is a social project, and explana-
tions are radically context-dependent (pluralism, relationalism)

25  The AI ethics discourse is rich and multifaceted. Yet nuance is not 
always a virtue of theoretical work. At times, it can even obstruct the 
development of concepts that are intellectually interesting, empiri-
cally generative, and practically useful (Healy 2017).
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technological systems (as skepticism implies). Instead, poli-
cymakers should focus on  developing an ethical infrastruc-
ture (Floridi 2017) that (i) emphasizes the role of agency and 
context when evaluating the advantages and limitations of 
specific AI systems and (ii) promotes trust in digital tech-
nologies through procedural transparency and regularity.

Of course, there are limits to what can be achieved 
through good governance and ethically aligned design. 
Hardin’s (1968) thought experiment regarding The Trag-
edy of the Commons illustrates how dynamics on one level 
of abstraction (e.g., the individual) can lead to undesira-
ble consequences on other levels (e.g., the environment). 
Moreover, Hayek’s (1973) distinction between cosmos and 
taxis reminds us that sociotechnical systems have emergent 
properties, i.e., qualities that cannot be deduced from the 
system’s parts. The dogmatic and skeptical narratives fail 
to account for these complexities. To address sociotechni-
cal problems, pragmatism demands that we are specific in 
our problem formulations, explicit about our assumptions, 
open to combining quantitative and qualitative modes of dis-
covery, and prepared to continuously redesign technologies 
and policies based on evidence and learning (Berman and 
Fox 2023).

In Sect. 4, we showed how sociotechnical pragmatism 
does more to promote fair and explainable AI than dogmatic 
or skeptical alternatives. Importantly, however, the two case 
studies discussed are only illustrative. The tension between 
dogmatic and skeptical narratives also permeates the dis-
course with respect to other desiderata of ML models, like 
“accuracy” and “performance.” While a review of those 
domains lies outside the scope of this article, the pragma-
tist stance we have outlined can be applied to them as well. 
For example, while ChatGPT may be a “bullshit generator” 
(Narayanan and Kapoor 2022), it can still be a valuable tool 
for specific applications, especially when users are aware of 
and account for its inherent limitations (Floridi 2023). Simi-
larly, ML-based predictions (framed as a process of evaluat-
ing a model’s ability to approximate an outcome of interest) 
can be useful for researchers in the social sciences—without 
committing them to accept any dogmatic claims about deter-
ministically forecasting the future (Verhagen 2022).

AI poses enormous opportunities and challenges across 
a range of important sectors. As a result, policymakers 
face legitimate and challenging questions about whether 
and how to integrate black box ML models into areas like 
finance, healthcare, and defense. We have argued against 
the polar extremes of sociotechnical dogmatism, on the 
one hand, which urges an accelerated rate of technological 
deployment; and sociotechnical skepticism, on the other, 
which cautions against automated approaches, especially 
in domains with significant social, economic, and political 
consequences. There is nothing simple about our proposed 
alternative. Sociotechnical pragmatism is inherently messy, 

deliberative, and reformist. It commits us to specifying 
priorities and contexts, confronting (possibly unpleasant) 
tradeoffs, constructing mechanisms to reflexively adapt and 
improve our own decision-making, and building broad coali-
tions for change.

As AI grows ever more powerful and prevalent in the 
years to come (Suleyman 2023), societies will face tough 
choices about how to regulate emerging technologies. 
Though there are valuable lessons to be learned from the 
dogmatic and skeptical narratives, we argue that neither pro-
vides an actionable approach to achieving a just and progres-
sive information society. With hard work and a little luck, 
sociotechnical pragmatism might stand a chance.
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