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“A journey across the blurry landscapes of a society reshaped by algorithms and 
AI. This book brings clarity and depth through a wide set of theoretical lenses 
that cover the technological, political, economic and cultural aspects of our cur-
rent algorithmic condition.”

Massimo Airoldi, Assistant Professor of Sociology, 
University of Milan, Italy

“Algorithms and artificial intelligence are calling into question many estab-
lished conceptions and theories of the social world. By integrating a range of 
theories, this comprehensive new book provides the conceptual tools needed to 
gain insight and perspective on these shifts.”

David Beer, Professor of Sociology, University of York, UK

“This is a wonderfully timely book on algorithmic culture and artificial intel-
ligence. I am pleased to see this theme historicized from a modernization per-
spective as a contrast to the presentism of so much of contemporary work in this 
area. This is essential reading for anyone who wishes to understand the present 
algorithmic condition in its wider historical context.”

Göran Bolin, Professor of Media and Communication 
Studies, Södertörn University, Sweden

“This is an important new collection on the ‘algorithmic condition.’ The perva-
siveness of algorithms and AI in everyday life demands not only empirical work 
but new (and old) theoretical frameworks. This volume offers those frameworks 
from a rich variety of disciplinary and interdisciplinary perspectives with ex-
cellent contributions from both established and early career scholars and from 
the Global South as well as the North. The focus on theorising means that the 
significance of the collection will endure long beyond the latest version of an AI 
chatbot or instalment of the algorithmic turn.”

John Downey, Professor of Comparative Media Analysis, 
LoughboroughUniversity, UK, and former President of European 

Communication Research & Education Association (ECREA)

“A rich and diverse collection of essays using social theory to understand the 
profound impacts of artificial intelligence and ‘algorithms’ on society and cul-
ture. Researchers and students hungry for fresh ways of examining the vital 
issues raised by these technologies should devour this volume.”

David Hesmondhalgh, Professor of Media, 
Music and Culture, University of Leeds, UK



“This theoretically and empirically rich edited volume by Brzeziński and others 
offers novel insights in the adoption of AI and algorithms in the private sector. 
In exploring various dimensions of algorithmic conditions, practical cases and 
ethical implications, the book provides a comprehensive, multidimensional, and 
multi-perspective study on the algorithmic revolution. The book will be of great 
interest to scholars in sociology, media and communication, politics, computer 
sciences, and governance.”

Carolijn van Noort, Associate Professor of Blue Governance,  
Aalborg University, Denmark

“Is AI a new ‘social actor? ’ The new ‘engine’ of social change? Or are these 
19th-century concepts not adequate to the challenges posed by the revolution 
that seemingly everyone – in industry, state, science and the arts – wants AI to 
be? Offering a much-needed antidote to the uncritical use of outdated concepts 
in today’s ‘AI debate, ’ this book opens up a broad range of promising paths 
towards a new theory of technology and society in the face of AI.”

Noortje Marres, Professor in Science, Technology and Society, Centre for 
Interdisciplinary Methodologies, University of Warwick, UK

“The book is a timely and important contribution to understanding how AI and 
data driven technologies interact with society from the perspective of social sci-
ences and humanities. The latter branch of science is all too often left out in the 
current AI research and funding. The different chapters significantly fill the gap 
by taking a conceptual, interdisciplinary, international, and critical perspective 
on key issues co-shaping the algorithmic condition.”

Jo Pierson, Professor of Responsible Digitalisation, Hasselt University, 
Belgium, and Professor of Media and Communication Studies,  

Vrije Universiteit Brussel, Belgium

“This book explores the profound impact of AI and algorithms on society and 
culture. It examines the dual nature of digital technologies as tools of innovation 
and instruments of power, addressing their applications, ethical challenges, and 
influence on social inequalities. A must-read for understanding the intersection 
of technology and society in the digital age.”

Aleksandra Przegalińska, Vice Rector of ESR and International Affairs, 
Kozminski University, Poland, and Senior Research Associate,  

Center for Labour and Just Economy, Harvard University, USA



Algorithms, Artificial Intelligence 
and Beyond

This volume brings together eminent scholars from various parts of the world, 
representing different fields of knowledge in order to explore the social, cultural, 
political and economic effects of the development of new technologies.

On the one hand, the book contextualises the discussion of algorithms and artifi-
cial intelligence (AI) within the broader framework of the digital revolution, on the 
other it also examines individual experiences and practices. Moreover, in light of the 
speed at which algorithms and AI are being incorporated into various aspects of life, 
contributors also question the ethical implications of their development. The wide-
spread development of AI and algorithmic solutions is one of the most important 
contemporary phenomena. It has an overwhelming impact on the social and cultural 
life of the 21st century. In this context, one can point to both exciting examples of 
the application of algorithms and AI in business and popular culture, as well as the 
challenges of widening social inequality or the expanding scope of surveillance.

The scope of the impact of algorithms and AI makes the formation of new theo-
retical frameworks vital. This is the aim of this book, which will be of interest to 
academics within the humanities and social sciences with an interest in technology 
and the impact of algorithms and AI on society and culture.

Dariusz Brzeziński is Associate Professor at the Institute of Philosophy and Soci-
ology at the Polish Academy of Sciences, Poland and a Visiting Research Fellow at 
the School of Sociology and Social Policy at the University of Leeds, UK.

Kamil Filipek is Assistant Professor in the Department of Economic Sociology 
and Social Research Methods at Maria Curie-Skłodowska University in Lublin 
(UMCS), Poland.

Kuba Piwowar is Assistant Professor at the Department of Culture and Media at 
the SWPS University in Warsaw, Poland.

Malgorzata Winiarska-Brodowska is Assistant Professor in the Department of 
Journalism and International Communication at the Institute of Journalism, Media 
and Social Communication at Jagiellonian University in Krakow, Poland.
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Theorising the Algorithmic Condition 
Challenges, Strategies, and Perspectives

Dariusz Brzeziński, Kamil Filipek, Kuba Piwowar 
and Malgorzata Winiarska-Brodowska

�Introduction

“It is reasonable to suppose that the proliferation of information-processing ma-
chines is having, and will continue to have, as much of an effect on the circulation 
of learning as did advancements in human circulation (transportation systems) and 
later, in the circulation of sounds and visual images (the media),” Jean-François 
Lyotard (1983 [1979]: 4) concluded in The Postmodern Condition: A Report on 
Knowledge, which originally appeared in French in 1979. This by now classic 
study introduced Lyotard’s famous thesis that a momentous transformation was 
taking place in knowledge production and distribution in the second half of the 
twentieth century, and that this transformation was intimately related to changes in 
the condition of the times. In short, Lyotard argued that postmodernity was char-
acterised by “incredulity towards metanarratives,” that is, the unifying stories that 
had once been the ultimate reference point for all knowledge. Loytard’s analysis 
of “computerised societies” formed a very important part of his reflections on the 
genesis, course, and consequences of the decline of metanarratives. He stated that 
the knowledge produced in such societies was being increasingly commoditised, 
becoming a good for which industry, commerce, the military, and politics were 
competing. In Lyotard’s view, new technologies were decisively changing the bal-
ance of power in the contemporary condition, which also necessitated a significant 
transformation in the way this condition should be theorised.

Lyotard’s recognition of the relationship between the development of techno-
logical knowledge and social change has lost none of its relevance today, almost 
half a century after the publication of The Postmodern Condition. If anything, the 
current processes of algorithmisation and the development of artificial intelligence 
(AI)1 have elevated this relationship to a higher level. The contemporary world, 
which tends to be referred to as the “algorithmic condition,” echoing Lyotard’s 
work among others (Coleman et al. 2018; Pedwell 2024), is characterised by the 
pervasiveness of technology in all spheres of social life. For example, economic 
processes, modes of governance, and security systems are increasingly based on 
quantification carried out by algorithms (e.g. Crawford 2021; Elliott 2022; Beer 
2024). The causality of algorithms is also very much present in culture since, as 
Elliott (2019) has observed, “[t]his explosion in AI, machine learning and big data 
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goes to the core of the daily routine interactions in which people are embedded – 
from personalised social media to facial recognition software to gain access to 
offices” (xviii). What is more, technology is becoming an ever more conspicuous 
presence in the realm of individual development, profoundly transforming the ways 
in which individuals make both everyday and long-term decisions (e.g. Airoldi 
2022; Elliott 2023; Novotny 2021).

In the context of all these transformations co-shaping the “algorithmic condi-
tion,” it is a matter of some urgency to develop new theoretical frameworks that 
will help us analyse it adequately. Significant efforts have already been made in this 
regard (e.g. Elliott 2019; Hristova et al. 2021; Marres 2017; Roberge and Castelle 
2021); however, in view of the dynamics of contemporary reality, the existing theo-
risations must constantly be revised, and new social and cultural phenomena must 
be thematised as they arise. This is precisely the purpose of this book. The authors 
of the papers it includes explore various dimensions of the algorithmic condition, 
seeking novel ways to theorise it. They come from different fields of knowledge 
(sociology, cultural studies, media and communication studies, philosophy, politi-
cal science, management and administrative sciences, and computer sciences) and 
from various countries (Australia, Canada, China, Germany, Norway, Hungary, 
Poland, and the United Kingdom). All this makes the volume a comprehensive, 
multidimensional, and multi-perspective attempt to reflect on the genesis, course, 
and implications of the algorithmic revolution currently underway.

This chapter introduces the reader to the issues addressed by the contributors 
and presents the lines of argumentation they advance in their chapters. It is divided 
into three sections. The first section offers an overview of the development of the 
algorithmic condition up to the present day. Corresponding to the multidisciplinary 
nature of the volume, the next section outlines the various perspectives from which 
algorithms and AI are researched in the social sciences and humanities today. The 
third section sketches out the book’s structure and the objectives pursued by the 
authors in each of its five parts. The conclusion draws on Lyotard’s The Postmod-
ern Condition to reflect on both the “heteromorphous nature” of and the utopian 
position2 adopted by the theorisations of the algorithmic condition in the volume.

�“Where Do We Come from? What Are We? Where Are We Going?”

Technologies have never been and are not independent of the context in which they 
operate (Ede 2019). The multiple ways in which they are used are shaped by the 
prevailing culture, the political system, and the economic conditions of their time 
(MacKenzie and Wajcman 1999). Similarly, algorithms and AI are produced by 
specific norms, principles, rules, and geopolitical contexts. Thus, a look back at 
the milestones of AI development helps better understand the challenges faced by 
social scientists and humanities scholars who investigate broadly understood tech-
nological development. It is also an excellent starting point to reflect on the future 
of the algorithmic condition.

The genesis and evolution of the algorithmic condition is a saga filled with relent-
less experimentation, unexpected developments, and intense competition, propelled 
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by commercial and political motives (e.g. Wooldridge 2021). Numerous accounts 
and narratives have chronicled this complex history, as examined by Mirosław 
Filiciak and Kuba Piwowar in this volume. The key turning points usually cited in 
this context are: Alan Turing’s research on “machine intelligence” in the early 1950s 
(Turing 1950); the Dartmouth Summer Research Project on AI in 1956 (McCarthy 
et al. 1955); the development of programming languages and machine learning over 
the following decades, in which the “summers” of rapid growth alternated with 
the “winters” of stalled progress (Gonsalves 2019); the further advancement of the 
natural language processing (NLP) technology (Indurkhya and Damareu 2010); 
and, finally, the still continuing surge of interest in deep learning, which uses multi-
layer neural networks to process and analyse data (Prince 2023).

From the point of view of the investigations undertaken in this volume, one very 
important moment in the latest history of AI was the introduction in 2017 of the 
AlphaGo Zero model, demonstrating that, although training data are crucial, they 
are not an ultimate prerequisite for intelligent systems. To explain, AlphaGo Zero is 
a more advanced version of the AlphaGo model, which defeated Korean Go3 grand-
master Lee Sedol in 2015 (Silver et al. 2016). Massimo Airoldi (2022) captures the 
significance of this technology by elucidating that: “Far from mechanically executing 
tasks, current AI technologies can learn from (datafied) experience, a bit like human 
babies. And as with human babies, once thrown into the world, these machine learn-
ing systems are no less than social agents, who shape society and are shaped by it in 
turn” (14). The multiple and widely varying implications of the fact that algorithms 
are now “social agents” are among the pivotal topics addressed in this book.

The advent of Keras, an open-source Python library, represents yet another 
milestone in the latest history of AI. Conceived by François Chollet (2021), Keras 
heralded a “democratic” phase in AI development by providing an unparalleled 
opportunity for individuals with basic programming skills to leverage the potential 
of AI across various fields, such as business, medicine, and the military. Since its 
inception in 2015, the Keras library has fuelled a remarkable upswing in design-
ing AI models. Many of these models still continue to underpin a wide array of 
solutions leveraging AI. However, the democratic phase in the development of AI 
is coming to an end. The arrival of large models, initially represented by Large 
Language Models (LLMs), was a harbinger of this shift (Amaratunga 2023). Chat-
GPT, the most well-known example of the business success of LLMs, is in fact the 
fastest-growing consumer application in history. Currently, Large Visual Models 
are joining LLMs, along with multimodal models that easily switch between vari-
ous data sources.

A critical aspect in this process is that building large models is not something 
that everyone can afford. Creating such a model requires access to immense com-
putational power, capacity to process astronomical amounts of data, and a host 
of outstanding AI professionals to devise, test, and refine the developed solution. 
Consequently, the centres capable of building AI models are few and far between, 
and fees for using these large models have been imposed. Besides, given that the 
data processed by these centres are now fundamental for politics, the economy, 
and social life, the centrality of AI hubs in contemporary power networks is ever 
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more pronounced. This has made the current phase essentially undemocratic and is, 
moreover, having a vital part in the processes taking place in contemporary democ-
racies. This issue is investigated in this volume mostly in the chapters by Kieron 
O’Hara, and Jonathan Roberge, Nicolas Chartier-Edwards, and Étienne Grenier.

What will be the next step in the development of the algorithmic condition? 
Many researchers envisage the emergence of artificial general intelligence (AGI), 
which will surpass everything that has been achieved so far in this very dynamic 
field of science. Whether there will be one AGI or rather multiple versions of AGI 
is difficult to predict today. What is less challenging to foresee is that if AGI comes 
into being, it will change our lives even more profoundly, introducing new dimen-
sions of risk, new lines of social division, and new conflicts that we are not yet able 
to imagine (Sigalos and Browne 2024).4 For the time being, we can only make con-
jectures about the consequences of the development of AGI, and the analyses in this 
volume can usefully support such speculations. The optimistic vision of AI-using 
communities of practice presented by Kamil Filipek and the algorithmic bureau-
cracy depicted by Baogang He and Jinjin Wu are worth exploring in this context. 
However, they need to be juxtaposed with the insights from chapters by Christoph 
Lutz, who discusses AI in conjunction with social inequality, and by Anna Górska 
and Dariusz Jemielniak, who deal with the problem of racial bias in AI.

It is evident that AI has not reached the pinnacle of AGI yet. It continues to be 
embodied in models meticulously coded by programmer teams, each designed to 
perform narrowly and explicitly defined assignments. As AI models grow in size 
and enhance their capability across a spectrum of tasks, including text analysis, 
image processing, and sound recognition, their performance hinges on several criti-
cal factors. These include their creators’ expertise, the choice of training data, the 
methodologies employed to evaluate their effectiveness, and the criteria adopted 
for their continual assessment. In its ongoing evolutionary phase, AI has seam-
lessly woven itself into the fabric of our existence, bringing about permanent shifts 
in various domains of our lives. This phenomenon is brilliantly rendered in articles 
by Robert Seyfert and Anthony Elliott. The horizon of the algorithmic condition 
teems with further transformations, though the mechanism to steer this extensive 
metamorphosis, which affects every aspect of human endeavour, remains elusive. 
This situation calls for a heightened awareness and understanding of AI’s trajectory 
in order to make sure that its future advancements align with ethical standards and 
constructively contribute to social progress.

�Multiple Research Perspectives for Exploring Algorithms 
and Artificial Intelligence

In The Postmodern Condition: A Report on Knowledge, Jean-François Lyotard 
(1983 [1979]) noted that the classic dividing lines between the various disciplines 
were being called into question: “[D]isciplines disappear, overlappings occur at the 
borders between sciences, and from these new territories are born” (39). In the algo-
rithmic condition, sciences not only overlap and promote new, often interdiscipli-
nary, research, but also go beyond their disciplinary boundaries in these explorations 
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to integrate non-scientific entities, including non-academic stakeholders in knowl-
edge production. AI research is increasingly being undertaken as part of cross-
disciplinary studies. It is becoming necessary not only to combine the STEM fields 
(science, technology, engineering, and mathematics) with the social and humanistic 
sciences (sociology, law, philosophy, media and social communication sciences, 
economics, political sciences, and psychology) but also to seek partners for col-
laboration outside of academia to launch transdisciplinary investigations.

The trans-disciplinarity of today’s inquiries is well reflected in this book, since 
its chapters have been written by scholars who come from very different disciplines 
but are uniformly committed to transdisciplinary research. This transdisciplinary 
mindset is explicitly communicated, for example, in the very title of the article 
authored by Malgorzata Winiarska-Brodowska and Katalin Feher. Furthermore, in 
parallel to their academic research, some of the authors of the chapters either work 
with technology companies or are artists using new media and technologies. The 
aggregation of all these perspectives in this volume is in line with the “algorithmic 
turn,” currently unfolding in the social sciences and humanities5 (Edwards and 
Veale, 2017; Gurumurthy and Bharthur 2018; Kiberg and Spilker 2023). Dariusz 
Brzeziński discusses this issue in more detail in his chapter.

Three major thematic concerns can be identified among the multiple approaches 
that researchers of the algorithmic condition encounter in expert, scientific, and 
media discussions. They are the social and cultural embeddedness of algorithms and 
AI, the political and economic applications of the new technologies, and their legal 
and ethical aspects. Concerning the former, scholars investigate how algorithms and 
AI influence and are influenced by societal norms and cultural values. Thereby, 
their focus is often on understanding and designing AI systems that are culturally 
sensitive and socially beneficial (e.g. Elliott 2022; Hristova et al. 2021). The second 
stream examines how algorithms and AI are used within political and economic 
contexts, and how they impact public policy, governance, and power dynamics. This 
includes the use of digital technologies in surveillance, national security, and public 
administration. Attention is also paid to geopolitical aspects, such as how nations 
leverage AI for strategic advantages, and how global technological companies are 
shaping the current algorithmic condition (e.g. Tinnirello 2022; Zuboff 2019). The 
third thematic preoccupation ties in with the fact that the more AI technologies be-
come more integrated into our everyday life, the more significant legal and ethical 
questions they raise. This research area addresses, for example, the liability of AI 
systems, intellectual property rights, and the ethical design of autonomous systems. 
It also tackles the formulation of regulations and guidelines to ensure that AI devel-
opment and deployment are safe, transparent, and fair (e.g. Brevini 2022; Crawford 
2021). All these points of interest are covered in the papers in this volume.

Notably, the respective chapters theorise the algorithmic condition from various 
geographical perspectives, from the US and Canada to the European Union and 
the Far East. This is of special importance as there are some significant differences 
between approaches to digital technologies embraced in various cultures (e.g. 
Kai-Fu 2018; Wang et al. 2023; Zeng 2022). Andrés Ortega Klein (2020) under-
lines that “technology ushers in a clash of cultures to which insufficient attention 
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has been paid” (3). In his analysis of the narrative and reality around the nexus of new 
technologies, defence of shared values, and regulation, Ortega Klein stresses that 
values are an ever more salient element in discussions on technology, in particular 
regarding AI in the context of surveillance systems and other aspects of exportable 
techno-authoritarianism. Human rights approaches for the digital era vary across the 
globe, and these divergencies are important for understanding research and theory-
building around AI since values that are cultivated within a socio-political context 
are integrated into technology. This technology subsequently drives soft power and 
hard, military power alike. AI applied, for example, in surveillance systems may 
be used for both political (e.g. Qiang 2019) and economic purposes (e.g. Zuboff 
2019). Embedding research on AI in different scientific perspectives and in differ-
ent cultures may contribute to a better understanding of current processes, helping 
researchers and practitioners define social values of the future. This context is par-
ticularly highlighted in the chapter of Zheng Liu.

All these differences notwithstanding, there is ample room for collaboration. 
For example, Huw Roberts et al. (2021) identify the areas where the EU and espe-
cially the US need improvement in order to achieve ethical outcomes and deepen 
their cooperation. Likewise, comparing the AI policies of the US and China and 
constructing a framework for capturing the origin and trajectory of policy differ-
ences, Emmie Hine and Luciano Floridi (2024) argue that while there are impedi-
ments to cooperation, there is also room for dialogue and mutual growth. Similarly, 
on the global level (for instance, as expressed in the UN document The Right to 
Privacy in the Digital Age: Report [2021]), many countries work to ensure the ethi-
cal, human-centred, and responsible development and implementation of AI, act 
towards an enabling environment for AI policy and insist that this setting should 
foster a variety of approaches in the creation of AI technologies. These issues are 
also discussed in this book.

�Five Theoretical Approaches to the Algorithmic Condition

The volume consists of five parts. Each of them looks into the relationship between 
theory and the algorithmic condition from a different angle. The chapters in Parts I 
and II are focused on finding new theoretical frameworks or revisiting the existing 
ones to adapt them to the social and cultural challenges that result from the devel-
opment of algorithms and AI. Parts III through V are devoted to investigating the 
planes of analysis related to the social, cultural, political, and economic changes 
and linked to the ethical and legal challenges, as outlined in the foregoing.

Part I, titled The Algorithmic Revolution: New Theoretical Frameworks, 
includes two chapters. In his opening piece, “A Theory of Algorithmic Sociality 
(TaS),” sociologist Robert Seyfert proposes the eponymous framework as a way 
to conceptualise the new (post-) social relations spawned by the development of 
algorithms and AI. According to Seyfert, the current phase of digitalisation (which 
he calls Digitalisation 2.0), “can be understood (…) as the comprehensive digital 
transformation of society in which conventional face-to-face relations are replaced 
by digitally and algorithmically mediated relations as the dominant modes of 
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relating in society” (p. 18, italics original). Seyfert does not consider traditional ap-
proaches to theorising human relations obsolete but claims that we need to expand 
the field of analysis to problematise the increasingly complex and multiple forms 
of these relations. His very approach is relational, meaning that he aims to theorise 
the reciprocal relationships of algorithms and humans.

In the following chapter, titled “Theorising Artificial Intelligence as Practice,” 
sociologist and data scientist Kamil Filipek offers an innovative perspective on 
the algorithmic condition, inspired by the theories of practice (see, e.g. Knorr 
Cetina, Schatzski, and von Sevigny 2000). Filipek argues that this theoretical 
approach, which has been used and honed for some three decades now, provides 
an excellent platform for theorising new social and cultural phenomena related 
to the development of algorithms and AI. As he argues, “in this view, what really 
matters is not just what we formally call AI, but rather how people actually use and 
shape it, how they practise AI” (p. 39). Like Seyfert, Filipek focuses on theorising 
the relations that arise at the intersection of society and technology. He does this 
by applying the long-established concept of a “community of practice” (Wenger 
1998) to his case study.

Part II of the volume is titled Algorithms, Artificial Intelligence, and the The-
ories of Modernity and contains two chapters that revise the theories of modernity 
from the vantage point of the algorithmic condition. In “Images of Algorithmic 
Modernity: Agency and Autonomy in the Age of Predictive Analytics,” sociologist 
Anthony Elliott explores the profound effects of digital technology on contempo-
rary society, addressing the promise and perils of our increasing reliance on algo-
rithmic systems. Elliott builds on his concept of “algorithmic modernity” (Elliott 
2022), but he primarily looks at the work of Cornelius Castoriadis as an inspira-
tion for critical reflection on the algorithmic condition. His text critically examines 
the impact of AI on various aspects of daily life, from social interactions to the 
economy, and highlights the dual nature of such technologies as both enablers of 
convenience and facilitators of social disparities. Elliott’s discussion extends onto 
the complexities of navigating our increasingly digital world, where algorithmic 
decisions determine human experiences and agency. His narrative urges a balanced 
view as he recognises the transformative power of AI while calling for a cautious 
approach to the integration of AI into societal structures. In doing that, Elliott em-
phasises the imperative of addressing the resulting inequalities and ensuring that 
technology serves the broader public good.

The next chapter, titled “Zuckerberg’s Cave: Smartness and Discipline in Digi-
tal Modernity,” is authored by philosopher, computer scientist, and political writer 
Kieron O’Hara. Drawing on Anthony Giddens’ (1990) concept of “late” or “re-
flexive” modernity, O’Hara (2020) develops his theory of “digital modernity,” em-
phasising that its institutions and axiology are increasingly shaped by technology. 
While O’Hara refers to very optimistic narratives of the algorithmic condition, he 
also points to its not-always-recognised dystopian potential. In this context, he 
revisits Plato’s metaphor of the cave and concludes that the inmates of the modern 
Zuckerberg Cave usually do not want to leave it at all. Rather, he argues, “dwellers 
in the metaverse are fully aware, preferring the discipline supplied by the virtual 
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and in the ideal accepting its priority over the physical. Digital modernity hits a 
sweet spot for the prisoners” (p. 81). O’Hara’s chapter represents a critical and 
engaged approach to the development of the algorithmic condition.

Part III of the book, titled Theory, Culture, and Society in the Algorithmic 
Condition, includes three chapters. Its opening text, “Algorithmic Nostalgia: 
Longing for the Past in the Age of Artificial Intelligence,” written by sociologist and 
culture scholar Dariusz Brzeziński, navigates the intersection of digital advancements 
and longing for the past. Brzeziński identifies four dimensions of algorithmic 
nostalgia: algorithmic generation of nostalgic content on social media, promotion 
of nostalgic longing on streaming platforms, digital manipulation of content for 
nostalgic effects, and digital reconstruction of the past. These developments, ranging 
from Facebook’s “On This Day” to Netflix’s revival of classic shows and the tech-
nologically resurrected performances of bands such as ABBA, illustrate the trans-
formation of nostalgia in the digital age. Brzeziński contends that these phenomena 
not only cater to but also fuel nostalgic yearnings, blurring the line between reality 
and hyperreality in the process, and challenging the traditional notions of nostalgia. 
Driven by commercial interests and technological capacities, the proliferation of 
digitally induced nostalgia calls for a re-evaluation of nostalgia’s conceptual frame-
work and brings into relief the need for empirical research to understand its evolving 
role in culture and society.

Penned by media scholars Malgorzata Winiarska-Brodowska and Katalin Feher, 
the next chapter is titled “Socio-Cultural Artificial Intelligence (SCAI) and Journal-
ism: A Transdisciplinary Perspective in Media and Communication Studies” and 
theorises the intersection between the algorithmic condition and the mediasphere, 
with a particular emphasis on journalism. To this end, the authors develop a socio-
cultural AI (SCAI) perspective, which, as they argue, differs from techno-AI in 
viewing “technology as a tool and not as an ultimate goal” (p. 107). They discuss the  
results of an empirical study of articles published in high-ranked academic journals 
between 2009 and 2023. Its findings reveal that the advantages and challenges of 
the algorithmic condition are ever more relevant to the media (as epitomised by 
“filter bubbles,” “fake news,” or “deep fake”). The authors also analyse transfor-
mations in theories of journalism related to the development of algorithms and AI, 
emphasising their transdisciplinary character.

In the following chapter, titled “Narrating AI Stories: Selected Strategies,” 
culture and media scholar Mirosław Filiciak and sociologist and culture researcher 
Kuba Piwowar scrutinise the narratives surrounding AI, particularly those dis-
seminated by Big Tech companies, and their impact on public perceptions and 
policy. They outline the dichotomy of optimistic and pessimistic portrayals of 
AI and examine the sources and evolution of these narratives. Their discussion 
spells out how Big Tech’s dominance in the AI discourse often marginalises critical 
voices, emphasising the need for diverse perspectives in the conversation around 
AI’s societal impact. Filiciak and Piwowar explore the role of governments, criti-
cal collectives, and popular culture in constructing alternative narratives that chal-
lenge the status quo. By underscoring the importance of critical engagement with 
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AI narratives, they aim to foster a more inclusive and critical discourse on AI and 
encourage a holistic approach to its development and implementation.

Part IV of the book, titled Theorising AI-Driven Power and Politics, focuses 
on searching for new theoretical frameworks related to politics, economy, and 
management in the algorithmic condition. In their opening piece, “If (world2vec) 
Then vec2politics: On Machine Learning and the Performativity of Recursive 
Power,” sociologist Nicolas Chartier-Edwards, artist and researcher in digital cultures 
Étienne Grenier, and sociologist and cultural scholar Jonathan Roberge examine the 
profound influence of AI on contemporary societies. As AI transcends mere predic-
tion to shape the societal fabric through smart monitoring, the manipulation of in-
formation flow, and automated financial systems, its entrenchment raises concerns 
about the complexity it adds to social and symbolic realms. The authors introduce 
the concept of “vectorial politics,”6 which is underpinned by AI’s recursive impact 
on society and driven by algorithmic techniques, such as backpropagation and vec-
torisation. By simplifying complex data into manageable forms, these mechanisms 
inadvertently simplify social complexities as well and, as a result, undermine tra-
ditional decision-making paradigms. The contributors further examine the societal 
and political theories emerging from AI’s influence; they rely on Yoshua Bengio’s 
work as a case study to unravel the entanglement of AI in social structuring and 
political discourse. Through the lens of backpropagation and vectorisation, they 
critique the circular logic that pervades AI’s approach to societal issues and call 
for a more inclusive and critically informed engagement with technology’s role in 
shaping future societal norms.

In the following chapter, titled “Generative AI, Big Tech, and the Value of 
Political Economy Analysis for the Sociology of Artificial Intelligence,” cultural 
and economic sociologist Zhung Liu makes a case for a political economy frame-
work as indispensable in developing a comprehensive sociology of AI. Liu spot-
lights the shift in AI innovation from academic institutions to industry giants and 
startups, prompted by commercial interests. This market-driven “AI summer” is 
characterised by considerable investments from both the public and the private 
sectors, notably in the US and China, with tech giants leading breakthrough in-
novation in areas such as LLMs and generative AI. However, Liu cautions against 
oversimplifying the narrative to dominance by these tech behemoths and fore-
grounds the critical role of startups, academia, and the intricate web of investments, 
which together shape the AI landscape. The political economy approach cham-
pioned by Liu aims to dissect these complex interactions, revealing the nuanced 
power dynamics, ownership structures, and market forces that boost AI research 
and innovation. By applying political economy analysis, Liu seeks to unearth the 
sociopolitical underpinnings of AI development and embraces a sociology of AI 
that fully integrates economic and political considerations to better understand AI’s 
societal implications and potential future trajectories.

The next chapter, Four Models of Algorithmic Bureaucracy in China, written by 
political economist Baogang He and public administration scholar Jinjin Wu, ex-
plores the ways in which big data, innovative technology, and AI have transformed 
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the traditional bureaucracy into an algorithmic bureaucracy. They develop an ana-
lytical framework to demonstrate how different models of algorithmic bureaucracy 
emerge from the interaction of algorithmic functions and application systems. 
Their framework refines the understanding of the algorithmisation of bureaucratic 
organisations by analysing the role of algorithmic functions and their application 
systems in transitioning bureaucracy. They identify four categories of algorithmic 
bureaucracy models, which stem from the interplay of the automation and pre-
diction functions and the departmental versus cross-departmental applications. 
These models offer insights into how algorithms impact bureaucratic structures, 
processes, and power relations, providing a nuanced view of AI applications in 
public administration beyond the dominant narrative of digital authoritarianism in 
China. The four case studies reported by the authors illustrate the diverse impacts 
of algorithmic bureaucracy and illuminate its potential to address inefficiencies and 
improve public service performance.

Part V, the book’s last, is titled Critical Theory of Artificial Intelligence. It con-
sists of two chapters that critically examine the adverse social consequences of the 
algorithmic condition. The opening chapter, “Social Inequalities and Artificial Intel-
ligence: How Digital Inequality Scholarship Enhances Our Understanding,” written 
by communication and media scholar Christoph Lutz, focuses on how inequality is 
exacerbated by the ascendancy of digital technology. Lutz delineates a “digital divide” 
across three levels: access, skills, and uses, and inspects the outcomes of technology 
use, particularly within organisational contexts where AI systems are both devel-
oped and applied. His discussion of intra-organisational and inter-organisational  
dynamics reveals that these digital divides comprehensively affect the workplace, 
from access to AI technologies and the skills to use them to the benefits from their 
use. If these divides are to be effectively counteracted, AI inequality must be rec-
ognised as a significant issue, and socio-technical approaches, legal interventions, 
and measures that promote empowerment, collaboration, and equitable access to 
AI technologies must be put in place. According to Lutz, future research should 
critically evaluate interventions, explore the “inequality footprint” of organisations 
in magnifying or mitigating AI inequality, and aim to build an infrastructure that 
facilitates comprehensive data sharing on AI-related organisational practices.

In the last chapter, “AI Racial Bias: How Text-to-Image Artificial Intelligence 
Generators Construct Prestigious Professions,” management scholars Malgorzata 
Górska and Dariusz Jemielniak address a critical gap in scholarship by exploring 
the intersection of AI with race and gender. To explain how biases underlying AI 
technologies perpetuate social inequities, they survey the historical and institutional 
factors that have contributed and still contribute to the underrepresentation of mar-
ginalised groups in technological discourses. Their discussion draws on examples 
from algorithmic processes and content generation to shed light on the role of AI 
in reinforcing stereotypes and aggravating discrimination, and to underscore the 
importance of incorporating diverse perspectives into AI research and development. 
Their plea for a more inclusive approach to AI dovetails with and adds to the broader 
conversation about the imperative to critically examine and address the social impli-
cations of technological advancements. They call for a balanced and comprehensive 
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engagement with these issues so as to unveil and challenge the racial and gender 
biases within AI systems and to promote a more equitable technological future.

�Conclusion

“The heteromorphous nature of language games” is one of the most important as-
pects of Lyotard’s analyses in The Postmodern Condition (1983 [1979]: 66). Me-
ticulously investigated by other intellectuals who have since studied social and 
cultural transformations, this phenomenon concerns all forms of expression, in-
cluding scientific discourse. It involves a shift away from a search for a unified 
scientific worldview, based on solid foundations, to the proliferation of diverse 
theories, concepts, and orientations. In this context, Lyotard’s suppositions on the 
consequences of the computerisation of society are still highly relevant. In one of 
his scenarios, this process could lead to advances in the regulation and control of 
social life, which would de facto entail the formation of a disciplinary society. His 
other scenario assumed a contrary outcome, with informatisation facilitating and 
intensifying social dialogue. Lyotard (1983 [1979]: 67) did not prophesy which 
direction things would take, but he stated that the realisation of the latter option was 
premised on citizens’ free access to memory and data banks.

The texts collected in this volume reveal that both scenarios outlined by Lyotard 
frame the discourse on the theorisation of the algorithmic condition today. Some 
of the chapters show that algorithms and AI create innovative disciplinary mecha-
nisms or breed new dimensions of social inequality and bias. Others point out that, 
in the algorithmic condition, both information transfer and social practices are re-
markably improved, as a result of which further advances in democratisation are 
also possible. Both ways of theorising and the numerous attempts to combine them, 
also represented in this volume, contribute to the contemporary “heteromorphous 
nature of language games” involved in the development of algorithms and AI. It is 
this heteromorphous nature, rather than the search for a single, all-encompassing 
theory of the algorithmic condition, that corresponds to and helps capture its com-
plexity, multidimensionality, and ambivalence.

Crucial to deliberations in this book is also a reflection on and advocacy for 
conditions necessary for the algorithmic condition to increase individual autonomy 
and reflexivity and to buttress the construction of a more equitable future. In this 
respect, the contributors’ analyses are utopian, and in line with today’s discourse on 
utopia (e.g. Jacoby 2005; Levitas 1990, 2013; Sargent 2005), their utopian invest-
ment is intended as a reference point for further social and cultural development. 
This type of utopian thinking is consistent with the “heteromorphous nature of 
language games,” because, instead of proposing specific blueprints, this thinking 
sketches the general contours of the transformations needed and encourages dia-
logue on their directions. This approach is also fully in harmony with the crowning 
conclusion of The Postmodern Condition, in which Lyotard (1983 [1979]) lauds 
open dialogue underpinned by free access to information and proclaims: “This 
sketches the outline of a politics that would respect both the desire for justice and 
the desire for the unknown” (67).
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Notes
	 1	 The term “artificial intelligence” has a very broad semantic field. Anthony Elliott (2022) 

proposes seven ways of defining AI, as: (i) computer programmes capable of intelligent 
activity; (ii) autonomous systems that rival or exceed human capabilities; (iii) techno-
logically driven forms of thought; (iv) a project of the automated production of mean-
ings, signs, and values; (v) the study and design of “intelligent agents”; (vi) systems 
imitating intelligent human behaviour; and (vii) an imitation of biological intelligence.

	 2	 In line with recent trends in the social sciences and humanities (e.g. Jacoby 2005; Levitas 
2013), utopian thinking is understood here not as an aspiration to design a perfect and 
unchanging society (which, of course, would altogether contravene the assumptions of 
the postmodern condition), but as relativising the status quo, combined with exploring 
alternatives to it. We explain the idea in more detail further in the text.

	 3	 Go is a board game invented in ancient China that has been gaining popularity around 
the world in recent years.

	 4	 OpenAI CEO Sam Altman contends that AGI will not have as much impact on the world 
as it seems (Sigalos and Browne 2024). It is hard to take his words at face value.

	 5	 “The algorithmic turn” is one of the cultural turns deriving from the linguistic turn 
(Bachmann-Medick 2016 [2006])

	 6	 The coinage “vectorial politics” was previously used by Paul Virilio in Negative 
Horizon: An Essay in Dromoscopy (2005 [1984]), where he wrote: “Hyperconnected 
in these terminal points and other control and surveillance points, the anational State 
prepares to cast off its moorings with urban populations, its milieu is henceforth the non-
lieu, the non-place, of speed, the non-territory of an essentially vectorial politics where 
the pre-eminence of Time replaces that of Space” (95).
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A Theory of Algorithmic 
Sociality (TaS)

Robert Seyfert

�Introduction

Several attempts have been made in recent years towards theorising digital trans-
formations (Daniels et al. 2017; Lupton 2015; Marres 2017; Selwyn 2019; Maasen 
and Passoth 2020). These approaches are concerned with examining the digital 
transformation in society as a whole (cf. Baecker 2018; Nassehi 2024; Seyfert and 
Roberge 2016) or in its social domains, e.g., the infrastructure (Healy 2015; La-
tour et al. 2012), the economy (Pfeiffer 2021), the financial market (MacKenzie 
2021), forms of subjectification (Goriunova 2019; Reckwitz 2020) and everyday 
life (Amoore and Piotukh 2016; Elliott 2022).

In the following, I propose a theory of algorithmic sociality (TaS) following on 
from and in continuation of existing conceptual approaches. This theory aims to 
(1) conceptualise new (post-)social relations that have emerged in the process of 
digital transformation and add them to other types of social relations prevalent in 
sociology, such as intersubjective and interobjective relations. In doing so, digitali-
sation will not be understood as a unifying (or perhaps even simplifying) movement, 
but (2) as a process in which both the forms of relationships and the individuals 
in these relationships become more diverse and heterogeneous. (3) The individu-
als or elements (human subjects, algorithmic objects, etc.) that play a role in these 
relations and processes are typologically mapped. Gilbert Simondon’s concept of 
disparity (disparation) is used to conceptualise the relations and processes between 
the individuals and such elements. The notion of algorithmic sociality is proposed 
to describe these new (post-)social relations.

�A Relational Theory of Algorithmic Sociality (TaS)

The fundamental need for such a theory arises from changes to our societal 
situation. The digital transformation in recent decades has changed social 
coexistence, the institutions and organisations of society as a whole to an extent 
that also necessitates a transformation of sociological theory. In order to gain 
conceptual access to the digital transformation of society, the first step could be 
to distinguish the current (algorithmic) age as Digitalisation 2.0 from the age 
of Digitalisation 1.0.

1
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In a very abstract manner, digitalisation can be defined as the “transformation of 
analogue values into digital formats [within a] binary distinction” (Baecker 2018: 
60). The focus is on creating digital representations of physical entities (digital im-
ages, music, etc.) (Hedrick et al. 2020).

The central problems of Digitalisation 1.0 in the late 1990s and early 2000s 
revolved around questions of transmitting these digital representations, intercon-
nectedness (network society) and information exchange (information society), i.e., 
how information and data “are produced, circulated, and remediated via networked 
digital technologies” (Grusin 2010: 6; cf. Payne 2013). Initially, however, this was 
not a phenomenon that encompassed society as a whole but rather related to spe-
cific industrial sectors, expert cultures and niche milieus.

Digitalisation 2.0 can be understood as the generalisation of these phenomena, 
as the comprehensive digital transformation of society in which conventional face-
to-face relations are replaced by digitally and algorithmically mediated relations 
as the dominant modes of relating in society. However, this dominance of relations 
to and with digital systems by no means renders the intersubjective and bodily-
physical presence relationships traditionally studied in sociology obsolete. Rather, 
they expand the diversity and heterogeneity of already existing social relations, 
whereas these can even experience special appreciation and cultural status through 
the hegemony of digital relations.

Digitalisation 2.01 can be defined by two central criteria which at the same time 
make it distinguishable from Digitalisation 1.0. On the one hand, it is defined by 
digital collaboration and participation (Jenkins et al. 2006). Here, the separation 
of producers and consumers is overcome: everyone becomes a producer as well as 
a consumer of digital phenomena (Ritzer and Jurgenson 2010). Examples for this 
include Web 2.0 (e.g., social media in contrast to static websites as phenomena of 
Digitalisation 1.0), in which everyone can (potentially) both consume and produce. 
A second criterion is the spatio-temporal mobilisation and flexibilisation that 
actually makes the digitalisation of all areas of everyday life possible: “Technology 
itself—in terms of both applications and operating software—moves from desktop 
to WebTop” (Lash 2006: 580).

In the context of Digitalisation 2.0, there is often talk of increasing democratisa-
tion. In contrast to participation and spatio-temporal mobilisation, however, this is 
not an empirical finding, but rather rhetoric (Beer and Burrows 2007). In view of 
the private-sector status of the digital platforms in which the central social relations 
take place today, there can hardly be talk of democratisation (Zuboff 2019). We 
can, however, sociologically translate the rhetoric of democratisation, namely as 
generalised participation: while participation in central social media is not demo-
cratically organised, it is widespread. This generalisation refers to the difference 
mentioned between Digitalisation 1.0 and Digitalisation 2.0: to the transition from 
a niche culture to a phenomenon that affects society as a whole, to the spread of 
algorithms into all areas of social life (Roberge and Seyfert 2016).

With TaS, this chapter aims to contribute to a theoretical understanding of 
this general proliferation of digital relationships. In the process, extensive refer-
ences can be made to current debates in the sociology of technology, science and 
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technology studies, the sociology of the digital (or digital sociology) and others. 
In principle, these theoretical approaches are not interested in sociological analy-
sis with and through algorithms (such as Data Science), but in the sociologi-
cal elucidation of a society that is increasingly determined by algorithmically 
mediated relations (individual, institutional, organisational, etc.). The concept of 
relationship is quite broad, encompassing interactions (Rammert 2016; Rammert 
and Schulz-Schaeffer 2016) as well as interpassions (Seyfert 2019: Chapter 10). 
Such an approach points to a methodological relationalism that sees the relation-
ships between individuals and elements (e.g., human individuals and algorithmic 
objects) as constitutive and primary vis-à-vis these entities. If one understands 
algorithms as relational mechanisms, one can assume that both the algorithm as 
well as the individuals emerge from this relationship or are changed by it and 
(in the case of machine-learning algorithms) even learn from each other (Brooker 
et al. 2017; Gillespie 2016). Such theories are thus directed against two dominant 
traditions. They are directed (1) against an algorithmic determinism that consid-
ers algorithms primarily an instrument for the configuration of users (Woolgar 
1991), or even for the manipulation and control of human individuals (cf. Harari 
2017). And they are directed (2) against an algorithmic instrumentalism that sees 
algorithms merely as a passive tool of humans (cf. Steiner 2012). Algorithms are 
neither adequately described as objective representations of the social world nor 
as subjectifying technologies. The “truth” of algorithms is no more in their code 
than the truth of individuals is in their brain structures. Both emerge from inter-
relationships in line with Simmel’s reciprocal relationships (Simmel, 1910: 386), 
i.e., people co-produce algorithms just as algorithms conversely co-produce peo-
ple (Kalpokas 2019: 70). In this context, algorithms take on a special role within 
the digital transformation of society because they represent one of the crucial 
types of reciprocity in digital societies.

The relationality of the theory, however, does not assert a dissolution of the ele-
ments and individuals interwoven in them. Through their interrelationships, they 
find themselves in a state of permanent change, yet still remain distinct elements. 
With Gilbert Simondon, I will describe their relationship as a disparity. This is a 
metastable equilibrium, i.e., (1) a quasi-coherent entity in which (2) a problem-
atic and tension-laden relationship between the elements persists. This problem-
atic relationship is neither dialectically eliminated nor do the elements merge into 
a socio-technical symbiont. One consequence of such a theoretical constellation 
is to distance oneself from post-digital approaches, i.e., those that seek to level 
the distinction between digital and analogue. I argue for a theory of social modes 
of relating (Seyfert 2019) that does not overcome the distinction between digital 
and analogue, but rather assumes the multiplication and heterogenisation of so-
cial relations: the new forms of digital (or algorithmic) social relations are join-
ing, supplementing, and multiplying the classical analogue (or intersubjective and 
bodily-physical) relationships.

Accordingly, the theory (TaS) unfolds in the following order: (1) the individuals 
or elements (e.g., human individuals and algorithmic technologies), (2) the relations 
that these elements enter into and (3) the processes associated with these relations.
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In order to adequately present the theoretical context, I will first trace the 
environment and the elements in which these relations take place (and which 
in turn shape the elements). This is in no way intended to indicate a primacy 
of a (natural or technical) environment or of the elements (people, algorithms). 
A good theory has no core or hierarchical structure, it has no beginning and no end 
(Deleuze 1994: 129). If I begin by presenting the environment and the elements 
of algorithmic sociality, it is simply because of the convention that presenting a 
theory has to start somewhere.

�Elements of Algorithmic Sociality

For the sake of simplicity, I am developing the TaS using the heuristic distinction 
between two systems and environments2: digital and analogue environments or 
digital and analogue systems.

Before I go into this in more detail, I would like to explain the distinction be-
tween analogue and digital. Representatives of post-digital approaches in particular 
will assume that this is an adoption of an outdated conceptual differentiation. 
These approaches argue that it is precisely the fact that digital relationships have 
become ubiquitous and self-evident that makes distinguishing between digital and 
analogue obsolete. For example, Nicholas Negroponte (1998) observes – during 
Digitalisation 1.0 – in the context of computers that we only notice them when they 
are not there or when they are not working. In everyday life, we do not encounter the 
digital as something particular or specific. The difference between the digital and the 
analogue seems to have disappeared. The same seems to be true for algorithms today. 
Just like in the past, we are now – in the second wave of (algorithmic) digitalisation – 
dealing with a radical structural transformation of society and all social relations. 
Analogous to the thesis of post-digitality, one could therefore speak of a post- 
algorithmic age today, which would refer to the fact that precisely the ubiquity and 
self-evidence of algorithms make the distinction between algorithmic and non- 
algorithmic phenomena superfluous. Without being able to trace the discussion about 
the concept of the post-digital constellation in detail, one would first have to point 
out the ideology of progress implicit in this theory, which becomes apparent, among 
other things, when the distinction between digital and analogue or online and offline 
is described as “anachronistic” due to our permanent digital networking (Berry 
2015: 50). From this perspective, Digitalisation 2.0 is the age of the post-digital. 
I consider the notion of a post-digital (or post-algorithmic) age to be implausible 
in empirical and theoretical terms, especially with regards to the transformation of 
social relations. The COVID-19 pandemic COVID-19 pandemic of the past years 
has allowed individuals to experience first-hand the differences and values of various 
modes of relation, including digital-analogue, digital-digital and analogue-analogue.

Within the pandemic situation, relations between physically present bodies gained 
special appreciation precisely because of the dominance of digital relationships. 
However, this valorisation of intersubjective relations in pandemic times presupposes 
a distinction between digital and analogue relations. The concept of post-digitality, 
however, systematically levels such empirical differences. New forms of social 
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relations – such as between algorithms and subjects – are invisibilised, and this is 
because the comparison to other forms (e.g., to analogue face-to-face interactions), 
which could make the specifics of such forms of relationship visible at all, is lost.

The transformation of social relations and the emergence of new forms (includ-
ing subject-algorithmic relations) is also not accompanied by the dissolution of the 
elements involved (human subjects, algorithmic objects, etc.) and their merging 
into socio-technical symbionts. Rather, the individuals and elements are subjected 
to their own transformation processes, e.g., in which new forms of subjectivity 
are developed. Everywhere, the distinction between algorithmic object and human 
subject is performatively produced and stabilised (e.g., through the valorisation of 
intersubjective relations during the pandemic or through regulatory demarcations 
of algorithmic objects [Seyfert 2022]). At the same time, the relationship between 
the two is context-dependent: some human subjects claim complete control over 
“their” algorithmic tools, while others are much more willing to “surrender” to 
the algorithms and be guided by them. Strictly speaking, one can no longer talk of 
algorithmic objects and human subjects, but (following Michel Serres) of algorith-
mic and human quasi-subjects and quasi-objects (Lange et al. 2019: 604 ff.).

If the representatives of post-digital approaches assert an increasing indistinguish-
ability of digital and analogue phenomena or living environments – as a dialectical 
abolition of distinction or even as a transition into symbiotic relations – the TaS 
conceptualises the relationship between analogue and digital elements (in section 
2.2) with Gilbert Simondon as a disparity and a metastable equilibrium.

The realm of the analogue includes analogue systems (animals, plants, people, 
etc.) and the analogue environment (the natural environment of material things and 
artefacts, etc.). The analogue environment also includes technical artefacts that are 
not digital. For reasons of space, the analogue environment will only be mentioned 
in passing in the following, e.g., in connection with the object recognition of autono-
mous vehicles. I mention them here for the sake of completeness of theory. In contrast, 
analogue systems will play a more important role, especially human subjects.

The digital realm includes the digital environment: these are technical infra-
structures, networks, servers, “integrated circuits, printed circuit boards, cables, 
power supplies, memory and printers,” etc. (Tanenbaum and Austin 2013: 8). In this 
context, infrastructures must be thought of as relational and procedural, not as static 
and fixed. Star and Ruhleder propose the following definition: “Infrastructure is a 
fundamentally relational concept. It becomes infrastructure in relation to organized 
practices” (Star and Ruhleder 1996: 113). Thus, an algorithm itself can also become 
the infrastructure and digital environment of another algorithm, e.g., (in the case of 
machine learning) when an algorithm recognises patterns in training data and de-
velops a model from them. Such a model can in turn form the digital environment 
or infrastructure for an algorithm to identify inferences in live data.

The digital environment also includes data (big and small). Data, too, should not 
be thought of as singular entities, but rather as relational components. They only 
gain their independent value based on their specific position and the relationships 
they can enter into within the data structure: “Digital data are thus designed to be 
linked with other data for specific calculations in order to algorithmically produce 
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result data” (Häußling 2020: 141). Data are not simply raw data, but specifically 
structured information. Each phenomenon that an algorithm is to process must be 
modelled in an algorithm-specific way (Manovich 1999: 84). In other words, data 
must be transferred into a concrete data form and formalised so that algorithms can 
operate with them automatically. One can then also analyse algorithms by looking 
at how information has to be tailored to the algorithms, how information is made 
algorithm-ready (Gillespie 2014: 171). In the context of a relational TaS, the de-
velopment of relational object-oriented database systems is important. While older 
systems organised data in inflexible hierarchies, in these systems “information can 
be organized in more flexible ways, where bits of data can have multiple associa-
tions with other bits of data, categories can change over time, and data can be ex-
plored without having to navigate or even understand the hierarchical structure by 
which it is archived” (Gillespie 2014: 171).

Furthermore, the digital environment is also a codified space, a measured and 
digitally mapped space. A digital environment is, e.g., an environment for which a 
digital map exists that can be downloaded and used for orientation. If such a map 
does not exist, it is an analogue environment. This example shows that terms such 
as digital environment, analogue environment, digital systems and analogue sys-
tems are heuristic terms whose reference to reality can only be clarified in empiri-
cal studies. A digital space (for which a digital map exists in principle) becomes an 
analogue space for those who lack access (who do not have this map, do not have 
online access or access rights, etc.).

Digital systems now include algorithms, e.g., in digital platforms, automated 
systems, social media, etc. Data are fundamentally part of the digital environment, 
but they only become part of digital systems at the moment of their algorithmic 
relation, i.e., when they pass from the status of virtuality (in the database) to the 
status of actualisation. Data can only operate as interfaces between social and 
algorithmic processes (Häußling 2019: 144) if algorithms mediate the connection 
between data and social processes when they actualise them.

What applies to the distinction between digital environments and digital systems 
also applies to the distinction between analogue and digital environments, namely 
that it is a largely heuristic distinction. The well-known insight testifies to this: 
“Hardware and software are logically equivalent” (Tanenbaum and Austin 2013: 8).  
This refers to the “softening of hardware,” i.e., the fact that the processing systems 
are increasingly embedded directly in the hardware (Vahid 2003, 27 ff.). The refer-
ence to embedding software in hardware simultaneously helps to define the digital 
environment more precisely. This does not necessarily have to be imagined as 
something external, as a zone “out there.” Instead, the environment can be very 
close. Digital environments are not only “big” infrastructures like cable lines, radio 
towers and satellites, but all kinds of digital shells and infrastructures in which 
digital systems are embedded. I already pointed out that a model or virtual data can 
also form an environment.

The crucial aspect is that algorithms are the central mechanisms of digital 
systems in digital environments. For the TaS, they thus represent the main elements 
of a digitally transformed society. This approach thus goes beyond the idea of 
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an information society (Beck et al. 2014) or a network society (Castells 2000) and 
does justice to the algorithmisation of contemporary society. Algorithmic sociality 
does not so much refer to the fact that access to the social world is mediated via 
data or networks (cf., e.g., Häußling 2020); rather, algorithms are the relations 
and processes that allow data to become part of a data network in the first place. 
Without relationising data (its actualisation) by algorithms, data are objects in 
Latour’s sense, i.e., they are disconnected elements without social existence. What 
Latour said about archaeological excavation objects and archaeologists applies to 
data and algorithms: “as soon as they grasp in their hands these poor fossilised or 
dusty objects, these relics immediately cease to be objects” and return to the social 
(relationising) world (Latour 2000: 11).

Below, I would like to go into more detail on the definition of algorithms speci-
fied here. In social and cultural studies, algorithms are conceptualised in various 
ways, such as rules, formulae, functions or mathematical abstractions and situated 
practices (Mackenzie 2017: 8).

Relational and operational (actualising) aspects are central to the TaS: “Relation-
ships between real-world surveillance data and machines capable of making statisti-
cally relevant inferences about what that data can mean” (Cheney-Lippold 2011: 
178). In this context, an algorithm is not just a formal instruction, not just a “set of 
rules proceeding from inputs to output” executed by a computer (Soare 1997: 222). 
It is not just a table of symbols or a formula (cf. Cleland 2001). The notion of an 
algorithm as a formal instruction separates instructions from their implementation 
and execution. Algorithms are not only formal procedural descriptions, however, but 
above all processes. If data are the “products of relations” (Häußling 2020: 139), 
then algorithms are the processes that set this relationising in motion. They not only 
establish relationships between different environments and systems, but also inscribe 
specific temporalities and temporalities in the social world; “they need unfolding, 
and thus they embody time” (Miyazaki 2016: 129). In this respect, I understand al-
gorithms not only as formal schemata but also as real processes and operations. In 
fact, I follow the definition of an algorithm by Gurevich and Blass: “By definition, a 
computable function is a function computable by an algorithm” (Gurevich 2000: 80). 
In this respect, in terms of the TaS, “an algorithm is a machine” (Blass and Gurevich 
2004a: 216). This also overcomes the distinction between algorithms as formal rules 
and their technical implementation and execution. Those wishing to separate algo-
rithms and implementation use the word “implementation for the things that we call 
algorithms” (Blass and Gurevich 2004a: 234).

In the context of establishing relationships between different environments and 
systems, another common specification is to define algorithms as “recursive func-
tions” (Moschovakis 2001). Thus, Totaro and Ninno see recursion as the central 
defining feature of algorithms and at the same time the interpretative key to un-
derstanding modern rationality (2014, 2020). A recursive function is a process in 
which the output is processed as input in a potentially infinite loop (Wirth 1996: 
140). It is a “nesting, and variations of nesting” (Hofstadter 1979: 127). To il-
lustrate this, reference is often made to an object positioned between two mirrors 
directly facing each other, producing an infinite chain of reflections of that object 
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(Totaro and Ninno 2014: 30). However, defining an algorithm as a recursive func-
tion does not do justice to the diversity of algorithms. It is virtually useless for a 
general TaS. Such a definition obviously does not include those types of algorithms 
that are interrelated with an unknown (digital) environment and can also compute 
non-recursive functions (Blass and Gurevich 2004b: 296 and 289). The TaS there-
fore follows such definitions that understand algorithms as “interactive” (without 
attaching much importance to the activist slant of interactionist terminology at this 
point). Interactive algorithms interact with an unknown (digital) environment that 
provides random bits (Blass and Gurevich 2004b: 289f.). Only a definition like this 
does justice to a relational approach in which algorithms are not defined ontologi-
cally by the content of an instruction or a code, but as machines that are structured 
in relation to the environment. Algorithms are relational mechanisms that relate 
elements (e.g., data) to each other (i.e., process them) and enact3 or co-produce 
them while doing so4 (Seyfert 2022). This process is followed by another algorithm 
that places (processes) the data produced in this way in new relationships, and so 
on. If data are structurally relational, i.e., they are determined by their constellation 
to other data, algorithms are procedurally relational, i.e., they put data into rela-
tionships, actualise them and thus enact them. The procedural-relational character 
of algorithms is also the reason why data alone are not part of algorithms; rather, 
they form the environment of algorithmic systems: data are only related to each 
other (i.e., processed) through algorithms; they are actualised and produced by 
algorithms.

This rather general definition of algorithms can now be used to specify further 
forms, which I can only hint at due to the limited space available. In discourse on 
algorithms, a distinction is usually made between learning and non-learning (based 
on human rules) algorithms. However, this is not an entirely trivial distinction, which 
makes the differences seem greater than they actually are. On the one hand, we can 
make this distinction appear as a qualitative difference: while rule-based algorithms 
produce an output by processing an input based on explicit rules, machine learners 
(Mackenzie 2017) achieve this goal based on automatically learned knowledge. The 
resulting outputs are ambivalent (for the human) participants (which I will discuss 
in more detail in section 2.3). However, we can also understand this distinction as an 
internal increase in complexity, whereby the prominent distinction of learning/non-
learning loses significance. Then, while rule-based algorithms produce an output by 
processing an input according to a fixed rule, machine learners produce algorithms 
themselves starting from given inputs and outputs: “Learning algorithms […] are 
algorithms that make other algorithms. With machine learning, computers write their 
own programs” (Domingos 2015: 6).

In addition, there are hybrid forms (Chiticariu et al. 2013: 827), and sub-forms 
(supervised, unsupervised, reinforcing, etc.), which I cannot go into here due to 
lack of space.

The key significance of relations and processes already becomes clear in this 
basic representation (Figure 1.1) of the system-environment distinction.

The next section will deal with the new forms of social relations that become 
visible through the TaS.
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�Relations of Algorithmic Sociality

Sociology usually understands social relations as intersubjective relations, i.e., 
the interactions and interpassions of humans. In addition, approaches interested in 
subject-objective relations, i.e., the relationship of humans to non-human and more-
than-human entities and things, can be found – although not in similar distribution – 
e.g., in the theories of post-social (Knorr Cetina 1997) and interobjective relations 
(Latour 1996), New Materialism (Lemke 2015), heterological ecologies (Kwek and 
Seyfert 2018) or the sociology of technology (Rammert 2016; Rammert and Schulz-
Schaeffer 2016; Häußling 2019). The TaS is now also taking a look at these social 
relations that are emerging with the digital transformation. This already gives a first 
indication of the heterogeneity of social relations. The intersubjective and subject-
objective relations are supplemented by inter-algorithmic, subject-algorithmic and 
object-algorithmic relations. An object-algorithmic relation, e.g., is the relationship 
of automated systems to a natural (analogue) environment. A classic example is in 
the automated object recognition of autonomous vehicles (cf. Hind 2019). Autono-
mous vehicles should not only recognise and react to other vehicles or pedestrians 
but also to things in the natural environment (such as trees, paths, but also weather 
and light conditions). In this context, it is important to point out that digital systems 
only have mediated access to the analogue environment via the digital environment. 
Strictly speaking, an object-algorithmic relation is a heuristic idea rather than an 
empirical object. No algorithmic system has full access to the natural environment. 
Each of these systems only recognises objects in the natural (analogue) environment 
when mediated via the digital environment, meaning that they are highly digitally 
mediated. Autonomous vehicles access their environment with the help of a variety 
of sensors (lidar, 360-degree cameras, GPS, etc.). The algorithm uses these data to 
create an environment model in the digital environment, i.e., a representation of the 

Figure 1.1 � Elements of algorithmic sociality.
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vehicle environment in real time. The acquired data and the model are used by the 
vehicle to recognise the environment (object recognition, traffic light signals, etc.), 
to determine the position, to plan the movement (e.g., evasive manoeuvres) and to 
control (e.g., braking and accelerating), etc. (Devi et al. 2020: 2123).

Although not at the same level, a similar digitally mediated image can also 
be found in subject-objective relations, e.g., for our relationship to the analogue 
natural environment. This relationship is also increasingly only possible through 
and via the digital environment, e.g. when we move in a coded environment with 
the help of digital maps (determining our position), in which an algorithm suggests 
possible routes (planning) or informs us about dangerous situations through warn-
ing apps (control). Algorithms are constantly present. This also means, e.g., that the 
natural environment is increasingly perceived on the basis of its algorithmic repre-
sentability: movement in space is co-determined by the affordances of navigation 
devices. For example, holiday destinations might be chosen based on whether they 
can be sufficiently represented on social media (Sari and Trinanda 2020).

Algorithms put data (elements in the digital environment) into a relationship 
and thus make them flow (or process them), e.g., when they sort data. For the al-
gorithms relevant here (interactive algorithms), it is true that data themselves are 
(structurally) relational objects, i.e., they can in turn influence the activities of algo-
rithms (Häußling 2020: 142). The relational character of algorithmic sociality can 
be illustrated by the various forms of algorithmic discrimination (cf. Hajian et al. 
2016). This is the relational entanglement of specific elements in the digital envi-
ronment (e.g., data sets), digital systems (e.g., algorithms) and analogue systems 
(e.g., people) and the analogue environment. Thus, the analogue (social) environ-
ment exhibits forms of discrimination that machine-learning algorithms can pick 
up and reproduce. This is similar to other processes of socialisation: if I socialise 
or train a learning algorithm, e.g., exclusively on people with a similar physical 
characteristic (e.g., skin colour), this will result in models that become blind to 
characteristics that deviate from this. If an algorithm now uses this model with 
live data, this consequently leads to biased and discriminated outputs. This is even 
more true when it is used on data sets that take into account more diverse physical 
characteristics. In this case, training on biased data leads to a discriminatory model 
or algorithm. It is also conceivable that the data (of the digital environment) show 
discriminations that are not found in the analogue (social) environment, i.e., that 
algorithms even intensify discrimination. This raises the question, e.g., which data 
should be taken into account in order to overcome the discrimination (Williams 
et al. 2018). One proposed solution is to balance data sets so that they better repre-
sent the social world (Pessach and Shmueli 2020: 17). Even more complex forms 
of discrimination are conceivable, e.g., by applying models to data that have little 
to do with the training data (cf. Tal et al. 2019). Even this brief overview points to 
the deep relational interconnectedness of analogue environment (social discrimi-
nation), analogue systems (subjective bias), digital environment (data bias) and 
digital systems (algorithmic processing bias).

Despite this fundamental interconnection, it is necessary, as explained in 
the beginning, to distinguish algorithmic from non-algorithmic relationships, 
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relationships between humans and algorithms and relationships between algo-
rithms. Karin Knorr Cetina and Donald MacKenzie have shown how the operations 
of algorithms can be studied using the notion of interaction traditionally reserved 
for human relationships in sociology (Knorr Cetina 2013; MacKenzie 2019). Be-
yond the notion of an interaction of algorithms, other approaches conceptualise in-
ter-algorithmic relations through the concept of the algorithmic mass or avalanche 
(Borch 2020) and the algorithmic series or queue (Pardo-Guerra 2019), e.g. In 
such approaches, ideas of the production of technologies are developed that extend 
beyond the idea of a purely technical evolution or economic efficiency. In his stud-
ies of algorithmic stock market trading, Donald MacKenzie is interested in how 
algorithms communicate or interact with each other. Their interaction is also part 
of a complex political economy. MacKenzie is also concerned with the question 
of how inter-algorithmic communication is enabled and co-produced by political 
and social processes, since the emergence of algorithmic stock market trading can-
not be explained without the very specific regulation of financial markets and the 
market microstructure that this regulation helped to produce (MacKenzie 2021).

In addition to the conceptualisation of inter-algorithmic relations, I would like to 
highlight another form of social relation, which, according to my thesis, is the central 
relational form of algorithmic sociality. This concerns subject-algorithmic relations. 
It is not an algorithmically mediated form of intersubjectivity (as in social media) 
or a kind of inter-algorithmic sociality (as in the case of financial market algorithm 
communication); nor is it a form of sociality based on algorithmic processes (a kind 
of mechanical or machinic sociality). Rather, the concept of subject-algorithmic 
relations refers to the relations between analogue systems (plants, animals, humans, 
etc.) and digital systems. Endless examples can be found, ranging from wearables 
for humans (Nosthoff and Maschewski 2019) and animals (Lindzon 2015); interac-
tion with assistance systems and robots (Karafillidis and Weidner 2018); the use 
of search engines, sales platforms, computer and video games; to smart farming 
in agriculture (Wolfert et al. 2017). It is the subject-algorithmic relations that form 
the core of algorithmic sociality. This is overlooked by studies that approach the 
digital transformation exclusively from the technical side, privileging the role of 
technology over non-technical entities and processes (Suchman 2006: 269f.), e.g., 
by exclusively studying the possibilities, capabilities and limitations of new tech-
nologies such as machine learning and Big Data. However, it is also overlooked by 
those that approach these phenomena exclusively phenomenologically and subject- 
theoretically, i.e., focusing exclusively on the influence, experiences and impressions 
of individual subjects. Both the technical focus and the phenomenological focus 
presuppose one of the two sides of the relation as constitutive. Thus, algorithms are 
often understood exclusively as instruments of control that exert influence on people 
as strangely passive elements and do not experience any change in these relation-
ships themselves (cf. Zuboff 2019). Or, conversely, algorithms are passive tools 
created by humans, which in turn leave them completely unchanged.

The TaS shifts the primacy from both ends of the relation (algorithmic object-
human subject) to the relation between these two sides and from there analyses 
how both sides co-produce and change in their reciprocity. Such an analysis must 
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(1) focus on the different facets of the relation. It is not empirically sufficient to 
simply speak of the relationship between people and algorithms, people and ma-
chines, people and robots, etc. Rather, it is important to provide a conceptual toolkit 
that is complex enough to make the details of these relationships visible. Else-
where, I have suggested that these modes of relating should be explored through 
an analysis of affect, i.e., the ways in which each side of the relation is affected by 
the other and the ways in which each affects the other side of the relation (Seyfert 
2019: Chapter 8). Thus, such a relationship goes far beyond cognitive, intentional 
and reflexive processes. For example, an ethnography of high-frequency algorith-
mic trading has brought to light, among other things, the socio-technical relations 
between human subjects and their technical devices, including relations to algorith-
mic technologies. This is not simply a form of screen-based work and information 
processing but rather a multi-sensory experience. Traders engage deeply in trad-
ing activities through a combination of visual and auditory cues, and occasionally, 
chemical stimuli (Seyfert 2018). Furthermore, one can investigate the relationships 
of human subjects and algorithmic objects alongside the distribution of attention, 
cognition, action, control and responsibility. These are quite dynamic and change-
able constellations that can be present in very different forms of relation and par-
ticipatory relationship depending on the context and situation.

Beyond the diverse and heterogeneous forms of relation, an analysis of algo-
rithmic sociality (2) can make the transformative effects visible. This can analyse 
which processes are set in motion by these relations. Here, a central argument of 
a relational theory is that the two sides (e.g., human individuals and algorithmic 
technologies) are not determined by themselves, but that these are only enacted and 
transformed in the interrelationship. Studying processes of algorithmic sociality 
can make this change visible. As already mentioned above, this is also accompa-
nied by processes of subjectification, which can refer to both human individuals as 
well as algorithmic technologies (e.g., anthropomorphised robots).

Despite this reciprocity, the TaS assumes that the elements remain fundamentally 
distinguishable. They are neither annulled in a dialectical process nor do they merge 
into a socio-technical symbiont. I prefer to describe their relationship (3) as dispa-
rate and metastable. The concept of disparity was introduced by Gilbert Simondon 
in his theory of individuation, among others (Simondon 1995). He thus solves the 
problem of dialectical methods, in which the production of a systematic unity always 
takes place at the expense of the heterogeneity of its elements (cf. Deleuze 1994). 
A disparate relationship is the mediation of (at least) two positions, in which the 
original contradictoriness continues to exist after the mediation. In contrast, dialectics 
mediates the contradiction and eases the tension: “The essential moment thereby 
vanishes from the fluctuating interplay, namely, that of disintegrating into extremes 
of opposed determinatenesses” (Hegel 2018: 112). Disparity is now a process in 
which “two disparate realities can become a system” without the opposition itself 
being cancelled out (Simondon 1995: 29). Gilbert Simondon uses the example of 
human vision to illustrate how incompatible elements are held together under tension 
in a disparate relationship: each eye perceives reality as a two-dimensional image. As 
the left and right eyes are in different positions, the two images can never overlap. 
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There is no third image that can be formed from this, i.e., the images are disparate 
(parallax). They are in contradiction, in tension with one another. The solution lies in 
the integration of these two two-dimensional images into an “integrated system of the 
two images, a system that exists according to a higher level than that of each of the 
images, but does not contradict them” (Simondon 1995: 206): a three-dimensional 
image. In doing so, the contradictoriness of the two two-dimensional images is not 
(dialectically) eliminated; rather it remains (disparate). Not only is the unity and 
integrity of the system taken into account (as in dialectic), but so are the difference 
and contradiction of the elements. The tension and the contradiction between the 
elements do not disappear; they are not dialectically abolished, but remain in a “met-
astable equilibrium” throughout our lives (Simondon 1995: 33).

I will now transfer this conception of disparate and metastable relationships to 
the (post-)social relations in digital constellations (Figure 1.2).

�Processes of Algorithmic Sociality

In my schema, I will limit myself in the following exclusively to the subject-
algorithmic relations of algorithmic sociality, so to the interrelationships (interac-
tions and interpassions) of human subjects with algorithms or the interrelationships 
mediated via algorithms. These relations are interrelationships in which every ac-
tion on one side leads to a reaction on the other side, which in turn is an action or 
passion. The reciprocity is to be taken seriously, as it is not a one-sided relationship 
or influence, but a transformative interrelationship in which both sides undergo 
processes of transformation, e.g., de-subjectification and re-subjectification. In-
formed by Spinoza’s affect theory, interrelationship means that one cannot affect 
without being affected at the same time. All receptions and passions (forms of 

Figure 1.2 � Relations of algorithmic sociality.



30  Algorithms, Artificial Intelligence and Beyond

being affected), as well as all actions and reactions (forms of affecting), must be 
understood as transformative events according to Spinoza (Spinoza 1994).

To describe this relationship, I will again choose an entry point that is contin-
gent and does not make any normative statements about the first relationship, i.e., 
does not grant any primacy to the first elements mentioned. I shall start with the 
receptive side of the algorithmic system. This can be identified heuristically as the 
attempt to recognise patterns (Nassehi 2024), e.g., in the form of behaviour recog-
nition. For example, an algorithmic system can attempt to “understand” human be-
haviour by recognising intent. Behaviourist models usually come into play in these 
experiments. This is important because pattern recognition in no way represents 
or maps “society”: algorithmic pattern recognition is not digital society. Rather, 
they are observations of the digital environment by specific digital systems with 
their own epistemic regimes (Seyfert 2016), so specific perspectives of observa-
tion based on specific assumptions which come about by using specific technical 
devices. Observing a digital system reduces complexity, e.g., by assuming that 
analogue systems can be understood or – more precisely – modelled with certain 
(implicitly embedded) behaviourist approaches: it is often a matter of trying to 
convince and capture analogue systems (Lischka and Stöcker 2017). These are 
not simply harmless correlation analyses, but models with behaviourist claims: 
habit-forming products (Eyal 2014). Attempts to control behaviour follow on from 
behavioural recognition processes, e.g., to encourage the purchase of product X. 
The behaviourist nature of digital control means that such algorithms are success-
ful in some areas, but not in others. They are successful precisely where people’s 
actions match the probabilistic predictions of behaviour by algorithmic systems, 
but not in other areas. There are also other reasons for the frequent lack of fit: the 
personal relevance of certain products is not determined on the basis of the prefer-
ences of specific individuals, but rather from a statistical assemblage of different 
components, a “matrix of probabilities of associations between people and things 
that shifts in time” (Mackenzie 2018: 11).

These ambivalent results also explain the mystification of algorithms: they make 
precise predictions and yet are completely off the mark at the same time. In some 
areas of social life, they are impressively accurate, yet this is now an even stronger 
contrast to the equally regular fulminant failure. Just as frequently as we are amazed 
at the precision of the prediction, we are stunned at how wrong they are. This also 
brings the other side of the subject-algorithmic relation into play. Empirically, the 
(e.g., human) subject in this relationship would be described neither as a mirror 
of the behaviourist predictions (and thus as a plaything of the algorithmic system) 
nor as a technologically enlightened subject (who would be able to see through the 
algorithmic operations completely). Rather, it is an individual for whom algorithms 
appear as largely non-transparent objects. This has to do with (1) that the majority 
of people are simply not technologically literate; or (2) that they are proprietary 
algorithms meant to be kept secret; or (3) that algorithms are often not designed 
to be interpretable by human subjects at all (Burrell 2016). However, this does not 
make human subjects externally controlled machines, as both behaviourist models 
(implicit) and critical sociology (explicit) assume.
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Rather, analogue systems (predominantly humans in our examples) operate 
largely with vernacular knowledge, i.e., they develop a pragmatic knowledge of 
the operations of algorithms. I call it vernacular knowledge and not implicit knowl-
edge because vernacular knowledge can, by all means, be explicit knowledge. The 
opposite of vernacular knowledge is not explicit knowledge, but expert knowledge. 
Think of search engine optimisation (SEO), e.g., search engine operators have a 
multiple interest in keeping their algorithms secret. On the one hand, they are a 
source of enormous economic profit. A search engine also depends on its search 
results not being easy to interpret and thus easy to manipulate. The culture of se-
crecy of search engine operators leads to users developing their own, indirect ways 
of knowing. They try to deduce indirectly how the algorithm works in a process of 
reverse engineering. In the case of SEO, an entire industry has emerged from this 
that deals with nothing else. This form of vernacular knowledge often even exists 
as explicit knowledge. We can also choose more everyday examples, such as the 
way we practically use digital route planners (Pentenrieder 2020), tap into the spe-
cific logics of social media and deal with recommendations from sales platforms. 
In all these examples we are working with vernacular knowledge, with “folk theo-
ries” (Eslami et al. 2016), i.e., with “intuitive, informal theories that individuals de-
velop to explain the outcomes, effects, or consequences of technological systems, 
which guide reactions to and behaviour towards said systems” (DeVito et al. 2017, 
3165). This knowledge is vernacular insofar as it emerges from use, from which 
one makes sense of the workings of the algorithms. And it is vernacular insofar as 
it spreads in semantic form (e.g., in the form of DIY videos or life hacks on inter-
net forums and social media). It is possible that this knowledge presents itself as 
“false” knowledge from the perspective of those who designed these systems, from 
the perspective of the experts. This could even be associated with appeals for the 
technical literacy of the population (computer science as a compulsory subject!). 
However, this techno-enlightenment perspective underestimates the performative 
effects of the digital practices that emerge from vernacular knowledge. For human 
subjects do not simply become manipulable objects for two reasons. One is that 
the assumptions and predictions of algorithmic systems (implicit or explicit) are 
largely socially unrealistic. The other is that “false” predictions can also produce 
real effects, make themselves true, as it were. This has been shown, among other 
things, by research on financial market models. Thus, the Black-Scholes model for 
option pricing was considered a rather inefficient calculation model in the finan-
cial market. However, due to its clarity and ease of use, it has become the most 
popular form of option price calculation in the financial market. The widespread 
dissemination in turn led to the influencing of market prices in a way that made 
the previously inefficient model the most efficient calculation model (MacKenzie 
2006; MacKenzie and Millo 20035). This example illustrates the unpredictability 
of digital practices. The unpredictability – which algorithmic systems will be suc-
cessful and how they will be used specifically in practice – means that the effects 
of behaviourist experiments are not predictable, but contingent.

With the reference to the performative effects of digital practices, the processes 
of algorithmic sociality are fully represented (Figure 1.3). Digital practices are not 
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directly linked to algorithmic attempts to control behaviour, but deviate from their 
expectations. The digital practices thus, in turn, become the source data for new 
behaviourist predictions. These processes are interrelationships of (1) algorithmic 
pattern recognition, (2) behaviourist behaviour control attempts, (3) vernacular 
recognition and (4) digital practices, which in turn form the material for algorith-
mic pattern recognition.

�Conclusion

The TaS is intended to provide an opportunity to clarify and empirically examine the 
diversity of forms of relationships that accompany the digital transformation, which 
here is understood as a multiplication rather than a transition (into a post-digital 
age) of social relations. A transformation understood like this requires a theory that 
is able to take into account all modes of relating, not only the emerging algorith-
mic ones but also the (seemingly) anachronistic ones, e.g., face-to-face interactions 
and interpassions. Beyond the intersubjective relations that sociology classically 
examines, it is now a matter of conceptually looking at relations to or with digital 
systems, or the intersubjective relations mediated by them. The reciprocity of algo-
rithmic objects and human subjects in particular plays an important role.

The relationship of the elements (algorithmic objects, human subjects, etc.) is 
understood as a disparity that brings these elements into a system of relationships, 
yet does not make the elements disappear, instead understands their relationship 
as contradictory and fraught with tension. At the same time, the elements in this 
relation do not remain unchanged, but are in a relationship of mutual affectation, 
i.e., change. Newly emerging social relations (e.g., between human subjects and 
algorithmic objects) do not form an emergent system in which the elements would 

Figure 1.3 � Processes of algorithmic sociality.
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merge, and thus do not lead to the end of subjectivity, but rather go hand in hand 
with new forms of subjectification and objectification.

As a conceptualisation of the new (digital) landscape of relations, the TaS can 
also form a basis for empirical studies. The formulation of correct questions is 
the start of every empirical investigation. In the theoretical framework of the TaS, 
these could be as follows: which elements (humans, animals, technologies, algo-
rithms, etc.) are relevant in the relations to be empirically observed? Which forms 
of interrelationships (interactions and interpassions) between human subjects and 
algorithmic objects exist and what exactly do they look like? Which changes can 
be observed through these new modes of relating? What does embedding the ele-
ments in the digital environment look like (e.g., through sensors, cameras, digital 
communication, etc.)? What is the relationship between data and algorithms, or 
how can this be explained in terms of their mutual relationship?

The new conceptualisation of social relations and social relationships proposed 
by the TaS and the refocusing of methodological procedures and empirical investi-
gations that this has made possible thus make a contribution to setting sociology on 
the path for researching society in times of the digital transformation.
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Notes
	 1	 Beer and Burrows (2007) point out that 2.0 terms (Web 2.0, Digitalisation 2.0, etc.) are 

contaminated concepts that often stem from strategic efforts by the advertising industry. 
I follow their example and use Digitalisation 1.0 and 2.0 exclusively as a “sensitising 
concept” (Swedberg 2014: 64).

	 2	 The system and environment distinction does not indicate a reference to Luhmann’s 
systems theory at this point, as one might perhaps assume.

	 3	 For the concept of enactment see Mol (2002: 33).
	 4	 For the concept of co-production see Jasanoff (2004).
	 5	 Donald MacKenzie also points out here the crucial difference between performativity 

theory and Merton’s theory of self-fulfilling prophecy: the Black-Scholes model for 
option pricing prevailed and has proven itself, even though the majority didn’t believe 
in its efficiency.
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Theorising Artificial Intelligence 
as Practice

Kamil Filipek

�Introduction

The advent of a “theory of practice” paradigm (Swidler 1986; Schatzki 1996, 2002, 
2005, 2006; Wenger 1998; Reckwitz 2002) provides a fresh way to look at how to 
problematise algorithms and artificial intelligence (AI) in today’s science. This new 
approach goes beyond the usual ways of defining AI, e.g. computer programmes, 
complex neural networks, human-like robots, or systems that can do tasks like a 
human. Instead, this theory focuses on a plethora of phenomena like what people 
know, what they value, how they act, and how they organise themselves. It also 
considers how meaning, sense, understanding, and power are shared and how cul-
ture affects all these things or is shaped by them. This perspective aligns closely 
with the emerging trends in contemporary sociology (Gillespie 2014; Elliott 2019; 
Burrell & Fourcade 2021; Airoldi 2022), which underscore that AI transcends mere 
technological innovation; it is shaped and utilised by people and it serves various 
purposes in society. Thus, in this view, what really matters is not just what we for-
mally call AI, but rather how people actually use and shape it, how they practice AI.

This chapter draws partial inspiration from Nick Couldry’s seminal work “The-
orizing Media as Practice” (2004) to propose a theory of practice aimed at prob-
ing the intricate nexus between technological innovation and societal structures. 
Specifically, the focus is on the multifaceted challenges engendered by AI’s current 
phase of development. In this interpretive schema, AI is conceptualised not as a 
monolithic, inelastic construct derived from abstract principles but rather as a dy-
namically evolving, negotiable, and temporally contingent socio-technical entity. 
AI is thus viewed as a relational phenomenon, emergent from an interplay of both 
social and non-social activities underpinning diverse practice frameworks. Simi-
larly, Massimo Airoldi’s (2022, p. 35) analysis of algorithms, with a focus on AI, is 
deeply rooted in theoretical exploration. Leveraging Pierre Bourdieu’s conceptual 
framework (e.g. 1977), the author of “Machine Habitus” embeds the development 
and application of AI within a wide-ranging societal backdrop. As precisely noted, 
“All machine learning systems are socialised, based on data contexts which bear 
the imprint of socially located cultural realities.” Consequently, AI is reframed as 
a dynamic, mutable construct whose characteristics are shaped by the social prac-
tices from which it emerges and within which it operates.
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The chapter is structured as follows. Initially, it explains some issues with defining 
AI in contemporary science. It then reveals the essence of the concept of “practice,” 
mainly based on Schatzki’s theory. In the subsequent part, the chapter highlights 
the critical elements of social practice identifiable in AI analysis. Finally, it briefly 
introduces the concept of “community of practice,” which possesses significant 
explanatory potential for contemporary phenomena associated with AI.

�Problems with Defining AI

Over the past several decades, the field of AI has seen significant evolution in both 
its technical capabilities and in the area of social applications (Schwartz 1989, 
Elliott 2022). This progress has been accompanied by numerous conceptual and 
definitional errors that have far-reaching implications for understanding, imple-
mentation, and regulation of AI. On one hand, there was an assumption that the in-
tricacies of the human brain and its cognitive processes could be emulated through 
increasingly advanced machines and mathematical models of neural operations 
(e.g. McCulloh & Pitts 1943, Fu 1994). Even though we have AI models today that 
are larger than the structure of the human brain (larger than 86 billion neurons), 
they capture only a fraction of the brain’s actual complexity. Another mistake 
stemmed from the naive scientific approaches of the past, which narrowed the defi-
nition of intelligence to specific tasks that humans perform – tasks that machines 
can often replicate just as effectively (e.g. Turing 1950). Reducing a task to a se-
quence of small, formally describable actions overlooks the multifaceted nature of 
human intelligence, which is capable of performing a wide array of often unrelated 
tasks. This excessive anthropomorphism of AI seems to be a reactionary response 
to the vast knowledge gap in understanding of intelligence, the human brain, and 
cognitive processes. Alarmingly, this gap is further widened when intelligence is 
conceptualised more broadly to encompass cognitive, social, emotional, problem-
solving, decision-making, creative, and adaptive processes, among others.

An alternative line of inquiry posits that AI embodies a distinct form of non-
human intelligence, fundamentally anchored in algorithmic processes, computa-
tional capabilities, and data-centric learning mechanisms (e.g. Kurzweil 2005). 
The enigmatic complexity of the human brain has led some scholars to contend that 
human cognitive processes may not always operate at optimal efficiency and may, in 
certain instances, manifest redundancy. Unlike human intelligence, which evolves 
through experiential learning and is imbued with consciousness, AI’s competencies 
are honed through the calibration of large, high-quality datasets. This algorithmi-
cally driven intelligence enables AI to manage and scrutinise voluminous data sets 
at velocities unattainable by human cognition, thereby demonstrating exceptional 
aptitude in pattern recognition, predictive analytics, and problem-solving tasks. 
Another distinguishing characteristic of AI’s non-human intelligence is its capacity 
for high-precision, consistent task execution, devoid of fatigue, or emotional parti-
ality. Nevertheless, AI’s non-human intelligence is not without limitations, notably 
its lack of affective understanding, intuitive reasoning, and contextual awareness – 
key facets of human cognitive function.
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Challenging both approaches as inadequate frameworks for comprehending the 
current state of AI, I concur with Kate Crawford’s (2021) argument that the term 
“artificial intelligence” is a misnomer. She astutely emphasises that AI is contingent 
upon broader socio-political infrastructures, rendering it simultaneously a social 
and technological phenomenon. In this context, AI neither successfully replicates 
human-like attributes nor aligns perfectly with the multifaceted capabilities intrinsic 
to human intelligence. Thus, the nomenclature of “intelligence” seems ill-suited for 
describing this continually evolving technological construct which is excessively 
fetishised by most scientific communities around the world. The term “intelligence” 
itself is often ill-defined when applied to machines. In human psychology and so-
ciology, intelligence is a multi-dimensional construct encompassing not merely 
problem-solving capabilities but also emotional intelligence, creativity, and social 
acumen (Gardner 1983). The majority of extant AI systems are specialised for 
narrow domains and lack the versatility that characterises human intelligence. This 
underscores the inadequacy of the term “intelligence” in describing AI, affirming 
that it is neither fully “artificial” nor comprehensively “intelligent.” Building upon 
the aforementioned points, it is crucial to acknowledge that the operational param-
eters of AI are fundamentally constrained by the limitations of their training data 
and underlying algorithms. Unlike human intelligence, which possesses the abil-
ity to adapt, self-modify, and even question its own foundational beliefs, most AI 
systems operate within a predetermined scope and are not equipped to engage in 
meta-cognitive processes or ethical reasoning. Therefore, the term “intelligence” as 
applied to current AI systems might more appropriately be qualified with descriptors 
such as “narrow,” “domain-specific,” or “task-oriented,” to differentiate it from the 
more comprehensive, adaptive, and nuanced form of human intelligence.

To transcend the aforementioned problems, this chapter introduces an alterna-
tive conceptualisation of AI, framing it as a socio-technological construct. Such an 
approach is consistent with the postulate of Woolgar (1985), who viewed science 
as a social activity, as well as the proposal of Bloomfield (1988), who believed that 
the behaviours of intelligent machines, like human behaviours, should constitute an 
area of sociological research. In this paradigm, AI is not an isolated technological 
entity but is interwoven with social actions comprising practices, emerging from a 
specific set of technological and axiological contexts. Such an approach underscores 
the reciprocal relationship between AI and society, where social norms, values, 
rules, and structures influence the development and application of AI technologies. 
Consequently, AI should be understood as a socially dependent, i.e. constructed, 
interpreted, utilised, and evaluated entity, the characteristics of which are shaped by 
the social practices from which it emanates.

�What Is Practice?

Although there is no single theory of social practice, the contributions of Theodor 
Schatzki (1996, 2002, 2005, 2006), Andreas Reckwitz (2002), and Ann Swidler 
(1986) – major figures of the so-called the practice turn in contemporary theory – 
will provide the theoretical framework for consideration later in this chapter. 
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Briefly speaking, the “practice turn” refers to a shift in social theory that focuses 
on understanding the social world through practices, routines, and actions, rather 
than solely through abstract concepts or structures. Schatzki defines practice as 
“a set doings and sayings” (2002, p. 73) with “organized, open-ended spatial-
temporal manifolds of actions” (2005, p. 471). Activities are a major constituent 
of every practice, from cooking practices, car-parking practices, to practices of 
creation, and use of information technology. According to Schatzki, the set of ac-
tivities that make up a practice are linked by three phenomena: (i) understandings 
of how to do things, (ii) rules, and (iii) teleoaffective structure (2005, p. 471). 
Such conceptualisation holds promise for understanding the essence of AI within 
broader societal contexts.

Reckwitz focused on other dimensions of practices that may be useful in analys-
ing AI. For him practice is a “routinized way in which bodies are moved, objects 
are handled, subjects are treated, things are described and the world is understood” 
(2002, p. 250). He raises the importance of the temporal and social dimensions of 
each practice. “A practice is social, as it is a ‘type’ of behaving and understanding 
that appears at different locales and at different points of time and is carried out 
by different body/minds” (ibidem). Thus, every practice is constructed in the here 
and now, by actors we are usually able to identify. This means that practices are not 
static, but change/evolve over time with bodies/minds and their understanding of 
the surrounding world. The dynamics of practice appear to be particularly impor-
tant in the context of explaining the nature of AI. The essence of AI, its definition 
and interpretation, is constantly changing with the actors who are involved in the 
practices of its production and use.

Finally, Swidler’s contribution extends the analytical framework by introduc-
ing the concept of hierarchical structuring of practices. According to Swidler, 
practices are embedded in a “cultural repertoire” that includes skills, habits, and 
styles, and these repertoires in turn influence how practices are organised and pri-
oritised (Swidler 1986). This hierarchical arrangement allows for the categorisa-
tion of practices into different levels of complexity and significance, ranging from 
mundane daily routines to more specialised, institutionally governed practices. In 
the context of AI, Swidler’s notion of hierarchical practices invites us to examine 
how AI-related activities are organised within broader socio-technical systems. 
For instance, certain AI practices might be considered foundational, such as data 
collection and algorithmic development, while others may be more peripheral 
but nonetheless impactful, such as user-interface design or ethical consideration 
in AI deployment. This hierarchical view also allows us to interrogate the value 
systems and power dynamics that influence which practices are prioritised or 
marginalised within AI research and development. Furthermore, Swidler’s con-
cept of cultural repertoires opens the door to exploring how historical and cul-
tural contexts shape the practices surrounding AI. It prompts us to consider how 
different cultural norms, ethical frameworks, and historical experiences might 
influence the design, implementation, and perception of AI technologies across 
different societies. This multi-layered understanding enriches our perspective on 
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AI, highlighting that it is not merely a technological artrfact but also a complex 
social construct influenced by a web of practices that are themselves shaped by 
cultural, temporal, and institutional factors.

Thus, the contributions of Schatzki, Reckwitz, and Swidler collectively offer 
a robust theoretical framework for examining AI from the vantage point of social 
practice theory. Their insights facilitate a nuanced understanding of AI, considering 
it as an evolving social phenomenon that is intricately linked to an array of prac-
tices, influenced by temporal and spatial dimensions, and subject to hierarchical 
organisation based on cultural repertoires and societal norms.

�Technology as Social Practice

Incorporating the contributions of Schatzki, Reckwitz, and Swidler into the under-
standing of technology as a social practice provides a more nuanced, theoretically 
grounded framework. In this modified perspective, technology – such as AI – 
becomes an integral component of a complex set of social practices, each with its 
own manifold actions. These practices are shaped by and, in turn, shape societal 
norms, habits, and shared meanings, confirming Reckwitz’s focus on the routinised 
ways in which objects are handled and the world is understood (2002, p. 250).

It is worthwhile to consider the ubiquitous use of smartphones, which have 
become deeply embedded in daily routines and social interactions. This tech-
nology is not merely a tool but forms part of a hierarchical set of practices, in 
line with Swidler’s conceptualisation. These practices range from foundational 
activities like communication and information retrieval to more peripheral yet 
impactful practices, such as social media engagement and online shopping. Each 
of these practices possesses its own temporal and social dimensions, aligning with 
Reckwitz’s emphasis on the dynamics of practice. In this framework, technology 
serves as a critical mediating agent in the conduct and dynamics of practices, as 
well as in the relational interconnections that exist among them. While this notion 
is congruent with Actor-Network Theory, which argues for the integral role of 
both human and non-human actors (such as technology) in the formation and 
perpetuation of social networks (Latour 2007), the focus of this analysis remains 
on the theory of social practice.

By applying the theory of social practice in this manner, we recognise the recip-
rocal relationship between technological artefacts like smartphones or AI systems 
and the social contexts within which they operate. It reaffirms that these technolo-
gies are not isolated entities but are interwoven with a broad array of activities and 
understandings that collectively form the social fabric. Therefore, understanding 
technology through the lens of social practice theory enables a more comprehen-
sive exploration of its role, not just as a set of engineered functionalities but as a 
dynamic, mutable construct that evolves in tandem with the social practices from 
which it emerges and within which it functions. Importantly, such perspective illu-
minates how technology is both a product and a producer of social realities, entan-
gled in a complex web of activities, norms, and values.
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�Breaking AI Down into Practical Pieces

In this framework, AI is not merely a collection of algorithms and data sets but is 
fundamentally entwined with human activity – both as an enabler and as a con-
straint. It’s important to note that there is no single or universal context in which 
these dynamics occur; the practices surrounding AI are often contingent upon 
specific social, cultural, and technological environments. However, for the sake of 
generalisability and to illustrate the utility of practice theory, AI can be explored 
as emerging from and being embedded within a set of “organized, open-ended 
spatial-temporal manifolds of actions,” as Schatzki would phrase it (2005, p. 471). 
Hence, any comprehensive analysis of AI necessitates an exploration of the prac-
tices surrounding its development, deployment, and usage within specific – but not 
necessarily unique – social contexts.

Shared Meanings

A good example might be an AI team working at a tech company focused on de-
veloping AI solutions for healthcare. All members of the team engage in a range 
of tasks that reflect different aspects of AI development and deployment. The team 
shares a common technical language and understanding of key concepts like algo-
rithms, machine learning models, deep learning, and data analytics. These shared 
meanings allow for efficient communication and collaboration, thereby enhancing 
the effectiveness of their AI solutions in healthcare. Beyond technical jargon, the 
team also shares a common understanding of some ethical principles, such as fair-
ness, transparency, and social responsibility. Shared ethical framework guides their 
practices, especially when dealing with critical areas like data privacy or algorith-
mic bias. The collective understanding helps in aligning the team’s efforts with 
broader social values and norms, even if this social context is not fully realised by 
the members of the team.

Within the team’s organisational culture, certain practices and goals acquire 
specific meanings that might be unique to this group. For example, the focus on 
healthcare solutions might imbue their work with a sense of urgency and social 
importance, guiding their priorities and decision-making processes. But the team’s 
work does not exist in a vacuum; it interacts with a broader relational environment 
that includes healthcare providers, patients, policymakers, and the public. Shared 
meaning is crucial in these external interactions as well, ensuring that the AI solu-
tions are aligned with the expectations and needs of these diverse stakeholders. 
It’s worth adding here that the shared meaning will vary greatly depending on the 
composition of the team, the country in which the team operates, and the dominant 
culture that influences social practices. Despite these differences, it is the shared 
meaning that acts as a kind of glue which binds the seemingly chaotic actions of 
individual team members into coherent AI practices, which, in the next step, may 
lead to the creation of a specific market product.

As the team navigates through complex challenges and changing landscapes, 
the shared meaning is subject to evolution. New experiences, technological 
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advancements, and social feedback can redefine what certain practices and out-
comes mean to the team, requiring a continual realignment of shared under-
standings. It is also worth adding that the shared meaning regulating current 
practices forming around AI is highly dependent on the legal regulations in 
force at any given time.

Hierarchical Organisation and Cultural Repertoires

It is worthwhile to now divide the team’s work into the following tasks. In the first 
step, the team tries to translate the overall business goal into technical steps that 
will allow achieving the intended effect. This is about choosing the appropriate 
work methodology (e.g. Agile, Scrum, Feature-Driven Development), which – it is 
worth emphasising – is often in itself a stream of actions that emerges around tech-
nological projects. The methodology will impose certain rules that will shape the 
temporal and teleological frameworks, as well as sanctions associated with specific 
actions. Then, the team focuses on foundational elements: fine-tuning algorithms 
and scrutinising data analytics to improve the performance of an intelligent learn-
ing model designed to predict patient outcomes. These activities are considered 
foundational because they directly impact the core functionality of the AI system. 
Various members, such as data engineers and data analysts, collaborate to ensure 
the model is trained on diverse and representative data sets, aiming for equitable 
and accurate predictions. The goals pursued by an AI model should align with the 
so-called anchoring practices (Swidler 2005) deeply embedded in everyday life, 
providing a stable framework for individuals to navigate their lives. It can be as-
sumed that the essence of health “anchoring practices” in most societies (in settled 
or unsettled times) (Swidler 1986) is to support and help others. Being a recipient 
of many “anchoring practices” present in the field of broadly understood healthcare 
of my cultural circle, it is hard for me to imagine an innovation based on AI that 
would aim to harm people.

In the next stage, the team shifts to what might be termed intermediate prac-
tices, aligning with Swidler’s notion of “cultural repertoires” that influence prac-
tices (1986). User experience designers do their best to ensure the AI interface is 
intuitive for healthcare providers. Although this aspect is not as foundational as the 
algorithm itself, it is crucial for effective real-world application. A seemingly insig-
nificant element, however, becomes an extremely important intermediate practice, 
which has a huge impact on the entire project (a set of practices). Additionally, 
team members engaged in this stage may consult with the legal team to ensure 
the AI solution is compliant with healthcare regulations. It is critical to recognise 
how these practices are not just procedurally necessary but also culturally and con-
textually shaped. The designers’ and legal experts’ approaches are influenced by 
their professional cultures, regulatory landscapes, and the prevailing standards in 
healthcare technology. This integration of cultural repertoires into AI development 
reflects an ongoing negotiation between technical possibilities and the cultural and 
regulatory frameworks guiding their application. As such, these intermediate or 
side practices serve as a crucial bridge, not only aligning AI development with 
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technical specifications but also ensuring its resonance with broader social, ethical, 
and regulatory norms.

Temporal, Material, and Social Dimensions

Incorporating Reckwitz’s temporal and social dimensions into the story of the AI 
team brings additional layers of complexity and dynamism to their work. Over 
time, the team’s focus may shift in response to evolving healthcare needs, regula-
tory landscapes, and technological advancements. For instance, during a public 
health crisis, the team might pivot to accelerate the development of AI models 
that can help manage the crisis, thereby changing their foundational practices. The 
COVID-19 pandemic has turned upside down the work of many research teams 
developing AI in the broadly understood area of healthcare (Devyania et al. 2020). 
Another factor emphasising the temporary dimension of AI practices is the law in 
force at any given time, regulating the actions of technological teams. As new data 
privacy regulations come into play, the team’s peripheral practices related to ethical 
considerations may suddenly become more foundational. They can stabilise and 
turn into core practices that will, however, be interconnected with other practices. 
This example shows how top-down imposed rules affect the temporal dimension of 
practices developed around AI.

The team operates within a specific material and social context that includes the 
set of concrete tools (e.g. material objects, technologies), the broader healthcare 
infrastructure, and the socio-cultural layer at large. This context, as highlighted by 
Reckwitz’s, shapes the team’s practices and interactions. The material dimension, 
encompassing the latest AI technologies and medical equipment, directly influ-
ences the team’s approach to problem-solving and innovation. Their work is not 
just about pure coding and algorithm’s design; it’s deeply integrated with the tangi-
ble aspects of healthcare, from diagnostic machines to data management systems. 
Simultaneously, the social dimension – comprising institutional norms, patient care 
ethics, and collaborative dynamics within the team and with other healthcare pro-
fessionals – guides the direction and application of their AI solutions. This interplay 
between the material and social elements creates a dynamic workspace where prac-
tices are continually adjusted and refined in response to changing medical needs, 
regulatory standards, and social expectations. In this way, the AI team’s work is a 
vivid example of Reckwitz’s conception of practices as embedded in and shaped 
by temporal, material, and social contexts, illustrating how these dimensions are 
critical in developing AI solutions that are not only technologically advanced but 
also socially attuned and ethically grounded.

By integrating the dimensions introduced by Reckwitz, we gain a better under-
standing of the AI team’s activities. The team’s practices are not static but evolve 
in response to temporal events, material settings, and social feedback loops. This 
aligns with Reckwitz’s emphasis on the temporal and social dimensions of each 
practice, where “a practice is social, as it is a ‘type’ of behaving and understanding 
that appears at different locales and at different points of time and is carried out by 
different body/minds” (Reckwitz 2002, p. 250). Therefore, the work of the AI team 
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in healthcare is not just a set of isolated tasks but a dynamic interplay of activities 
that evolve over time and are deeply embedded in social contexts. Just as the prac-
tices of the team change, so too does the understanding and meaning of AI, as well 
as the impact of models on people’s lives.

Activities and Phenomena Linking Practices

Schatzki posits that the activities making up a practice are connected by three phe-
nomena: “understandings of how to do things, rules, and teleoaffective structures” 
(Schatzki 2005, p. 471). In the foundational stage, the AI team’s understanding 
of how to fine-tune algorithms and scrutinise data analytics shapes their activi-
ties. This collective understanding is also very dynamic and it evolves as the team 
gains more experience and as the field of AI progresses. For example, a new break-
through in machine learning techniques could lead to a shared understanding that 
they should adopt these techniques to improve their predictive model. Even if un-
derstanding these new techniques is not easy, there might be a shared belief, a 
consciousness of shared interests that their implementation can contribute to the 
team’s efficiency. The most important process at this stage is the sharing of mean-
ings, making them recognisable to all members of the team. However, in the era of 
information overproduction, this process is not always smooth, as Marody (2021, 
p. 82) emphasises, “at the basis of that generic experience of modernity which is 
living in a mass of information, we find not so much its quantitative growth, but 
the violation of the ordering, nomic structure of the social reality, which entails the 
dissolution of the images of the world that we take for granted and that give mean-
ing to our aims and in consequence – to our lives.”

The team operates under a set of formal and informal rules. Formal rules may in-
clude company policies on data security or healthcare regulations that their AI model 
must comply with. Such formal rules can be found in laws, resolutions, guidelines, 
instructions, requirements, etc., regulating the behaviour of employees in a given 
organisation. Reconstruction of rules based on formal sources regulating social ac-
tions seems to be important from the perspective of practices. But the behaviours of 
the members of the project team are also regulated by informal rules, which we will 
not find in official documents. “These ‘informal’ matters are not part of the formal 
(rational rule-like) structure of the organisation. Nor are they values and meanings 
that develop beyond the formal structure” – as Schatzki (2005, p. 477) observes. This 
refers to the so-called rules of thumb, generally accepted solutions, and often uncon-
sciously recognised signs, which are shaping people’s goals and actions, constituting 
broadly understood practices. As a result, the path leading to a specific solution based 
on AI methods becomes very winding, sometimes even bumpy, entangled in a vari-
able network of interconnected formal and informal rules.

Finally, teleoaffective structures refer to the ends, goals, tasks, projects, or 
purposes that are inherent in a practice (Schatzki 1996, p.100). In short, the tele-
ological aspect provides direction and intentionality to the practice, guiding what 
actions are performed and why. However, the teleoaffective structure also includes 
the range of emotions, moods, and affective orientations that are appropriate or 
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expected within the context of the practice. For instance, the team’s motivation to 
improve patient outcomes through AI could be a significant teleoaffective structure 
guiding their activities. Similarly, social expectations around responsible AI use 
in healthcare could influence their focus on ethical considerations. However, as 
Schatzki emphasises (1996, p. 124), elements of the teleoaffective order may turn 
out to be irrelevant at the stage of analysing a specific practice. In the case of our 
team, the routine of employees consuming coffee before commencing coding bears 
minimal relevance to the overarching goal of developing the AI solution.

The interconnectedness of understandings, rules, and teleoaffective structures 
provides a coherent yet flexible network entity that allows the team to navigate 
the complexities of AI development in healthcare. This perspective is crucial for 
understanding not just what activities the team engages in but also why they engage 
in them and how they are all interconnected. As a result, the path leading to a spe-
cific solution based on AI methods becomes very winding, sometimes even bumpy. 
However, the theory of practices allows us to see the complexity of the processes 
that determine the shape of AI, which are not always visible when we analyse AI as 
a purely technical phenomenon.

�Community of Practice

One more theoretical approach merits attention when applying practice theory to 
the analysis of AI. The concept in question is “Communities of Practice,” initially 
developed by cognitive anthropologists Jean Lave and Etienne Wenger in their 
1991 book “Situated Learning: Legitimate Peripheral Participation.” Wenger later 
expanded on this theory in his 1998 book “Communities of Practice: Learning, 
Meaning, and Identity.” Communities of Practice are groups of people who share a 
common interest, profession, or craft and learn from one another as they engage in 
shared activities. Over time, these communities develop their own shared practices, 
language, and tools, effectively creating a social structure that facilitates learning 
and knowledge sharing. This concept has been influential in various fields such as 
education, organisational studies, and knowledge management, and it could serve 
as another valuable dimension when applying practice theory to the analysis of 
AI. Such an outlined approach directs our attention to at least four dimensions that 
are worth considering in the analysis of AI as a practice: (i) domain of practice,  
(ii) membership and identity, (iii) knowledge transfer, and (iv) power dynamics.

Domain of Practice

The AI team, which has already been identified as specialising in healthcare solu-
tions, epitomises a “community of practice” in the nuanced and complex field of 
healthcare AI. In this specialised domain, the team not only engages in a collective 
learning process but also contributes to the advancement of the field by generating 
new knowledge and best practices (e.g. by leaving the code in view of others in 
open repositories). Their primary focus is on developing intelligent learning models 
designed to predict patient outcomes, a task that requires a synthesis of technical 
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expertise, domain-specific knowledge, and ethical considerations. The team’s col-
lective endeavour in predictive modelling serves as the nucleus of their practice, set-
ting the stage for ongoing learning and knowledge sharing. In this context, the team 
members continuously engage with both internal and external resources, such as 
academic literature, healthcare professionals, and patient data, to refine their mod-
els. This enables them to stay abreast of the latest advancements in both healthcare 
and AI technology, thereby ensuring that their work is at the forefront of the domain.

Moreover, their specialised focus on patient outcomes provides a common goal 
that unifies the team’s diverse skill sets, fostering a sense of shared purpose and 
identity. This commonality in objective facilitates effective communication and 
collaboration, elements that are essential for the successful functioning of any com-
munity of practice. It also creates a fertile ground for innovation, as team members 
feel invested in the outcomes and are more likely to contribute novel solutions to 
complex problems.

Membership and Identity

The AI team is a diverse assemblage of professionals, including data engineers, 
data analysts, user experience designers, and legal experts. Each of these roles 
brings a unique set of skills and perspectives to the community, yet all members 
are united by a common objective: the application of AI to enhance healthcare 
outcomes. This shared mission may serve as the cornerstone of their collective 
identity, imbuing their individual contributions with a greater sense of purpose and 
relevance. However, it should not be forgotten that collective identity is simultane-
ously shaped by individual identities of the team members. The team’s evolving 
roles and shared mission exemplify Schatzki’s concept of “rules” and “teleoaffec-
tive structures.” Rules here are not just formal guidelines or company policies but 
also include the unwritten norms and ethical considerations that govern the com-
munity’s activities. Similarly, the teleoaffective structures manifest as the shared 
objective of improving healthcare outcomes through AI, which emotionally guides 
the team’s actions. The concept of “legitimate peripheral participation” (Lave & 
Wenger 1991) can be aligned with Schatzki’s idea of “understandings” that link 
the set of activities making up a practice. New members initially engage in periph-
eral roles, guided by a basic understanding of the community’s practices. As they 
become core members, their understanding evolves, becoming more nuanced and 
aligned with the community’s complex practices.

Knowledge Transfer

In many communities, knowledge is continually transferred through daily activi-
ties. The foundational stage, involving fine-tuning algorithms and scrutinising data 
analytics, serves as a critical knowledge transfer phase. Intermediate practices, like 
UX design and legal compliance, add layers of specialised knowledge that get in-
tegrated into the community’s collective wisdom. In this healthcare-focused AI 
community of practice, knowledge transfer is not a one-off event but an ongoing, 



50  Algorithms, Artificial Intelligence and Beyond

integral process embedded in the community’s activities. The foundational stage, 
which is heavily centred on the refinement of algorithms and the rigorous scrutiny 
of data analytics, serves as a crucial phase for knowledge transfer. Here, data engi-
neers and analysts work collaboratively, sharing insights and methodologies to im-
prove the performance of machine learning models designed for predicting patient 
outcomes. Their collective efforts result in the accumulation of shared understand-
ings about best practices in algorithm development and data analysis, enriching the 
community’s repository of technical knowledge.

Moving on to the intermediate practices, such as User Experience (UX) design 
and legal compliance, another layer of specialised knowledge is added to the com-
munity’s intellectual landscape. UX designers bring insights into human-computer 
interaction, while legal experts contribute understandings of healthcare regulations 
and data privacy laws. These professionals share their unique skill sets and knowl-
edge through regular team meetings, documentation, and project collaborations. The 
integration of this specialised knowledge into the community’s practice not only 
enhances the usability and compliance of AI solutions but also enriches the commu-
nity’s collective wisdom. The power dynamics within the community also shape the 
flow of knowledge transfer. For instance, core members with more experience may 
have greater influence in decision-making processes, thereby directing which types 
of knowledge are prioritised or marginalised. This links back to Schatzki’s idea of 
“teleoaffective structures,” which refer to the emotional and social factors that influ-
ence the activities within the practice (Schatzki 2005, p. 471).

Overall, the continuous cycle of knowledge transfer within this AI community 
of practice contributes to its adaptive and innovative capabilities. The community 
not only learns from its internal activities but also adjusts its practices based on 
feedback loops with the broader healthcare ecosystem, thus embodying Reckwitz’s 
description of practices as routinised ways that evolve over time (Reckwitz 2002, 
p. 250). In summary, knowledge transfer in the healthcare-focused AI community 
of practice is a dynamic, multi-dimensional process that is deeply entangled with 
its organisational practices, thereby reflecting the theoretical underpinnings of 
practice theory.

Power Dynamics

The team’s decision-making process is not a monolithic structure but a complex 
interplay of power dynamics, which are both hierarchical and distributed. Core 
members, often seasoned professionals with specialised expertise in areas like 
algorithmic development, data analytics, or legal compliance, wield considerable 
influence in steering the project’s direction. Their role resonates with what Wenger 
(1998) termed as “old-timers,” individuals who, by virtue of their experience and 
accumulated knowledge, hold a more central position within the community. Their 
influence often manifests in key decision-making junctures, setting research agen-
das, and allocating resources.

However, the community of practice model also allows for a more democratic 
distribution of power. New or peripheral members, what Wenger would refer 
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to as “newcomers,” also have the opportunity to contribute to the community’s 
shared practice. They might be involved in less central tasks initially but still have 
channels to offer insights, ask questions, and even challenge established norms 
or methodologies. This aligns with Wenger’s conclusions on power dynamics 
within Communities of Practice, where power is not solely the purview of a select 
few but is distributed across the community, allowing for a more dynamic and 
adaptive learning environment (Wenger 1998). The power dynamics evolves over 
time and is often influenced by external factors like technological advancements, 
regulatory changes, or shifts in healthcare needs. For example, a new healthcare 
regulation might elevate the influence of legal experts within the team, or a tech-
nological breakthrough might shift focus towards a different set of algorithms, 
thereby altering the power dynamics within the community. Furthermore, power 
dynamics also intersects with the “teleoaffective structures,” which refer to the 
emotional and social factors, including shared goals or values, that guide the 
actions and interactions within the practice (Schatzki 2005, p. 471). For example, 
a shared commitment to ethical AI development might empower team members 
specialising in ethics, even if they are peripheral members, to have a stronger 
voice in decision-making processes.

�Conclusion

The proposed shift from viewing AI merely as a technological construct to under-
standing it as a phenomenon deeply embedded in social practices offers a quite 
novel theoretical framework, which goes beyond many of the existing theories in 
contemporary social sciences. Using various propositions present in the field of so-
cial practice theory (Schatzki, Swidler, Reckwitz, Lave and Wenger), this approach 
sheds light on how AI is constituted or applied by an array of social, cultural, and 
ethical practices. Such a perspective opens avenues for social scientists to delve 
deeper into the ontological dimensions of AI that are not often seen by technical 
specialists who may lack this socio-cultural lens. At the same time, through the 
theory of practices, experts with a more technical background are able to perceive 
dimensions of the phenomenon that they previously did not see. Therefore, the 
benefit is multi-dimensional, and its essence lies in an interdisciplinary and multi-
disciplinary approach to the study of AI.

Practice theory allows us to perceive another, highly problematic but increasingly 
discussed aspect of AI development. It is about human relations, which, although 
they still determine the essence of AI (AI as a socially dependent phenomenon), 
are becoming qualitatively and quantitatively different (Dunbar 2021), weaker and 
shallower (Twenge 2013) as more frequently mediated by digital tools (Chambers 
2006). The change in shape, frequency, and course of relations among human and 
non-human actors is a critical signal for algorithm designers. This transformation 
prompts them to recalibrate their solutions to align with the prevailing social trends 
within the wide spectrum of relationships. This functions as a feedback loop where 
solutions tailored to the nuances of social relations wield the power to shape the 
trajectory of future social interactions. Human relations are a vital anchor and guide 
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for the trajectory of algorithmic advancements. However, it is crucial to constantly 
observe the changes occurring in the social domain. Thus, a manifestation of human 
(and non-human) relations in AI includes practices, and understanding what social 
practices are, how they are formed, change, and connect with other practices may 
help to manage AI design and deployment.

Applying the theory of practices also entails numerous risks, which should be 
kept in mind when choosing this approach. Overemphasis on social practices can 
lead to an “oversocialised” vision of AI. Overestimating human involvement in 
the process of creating and modifying AI might divert researchers’ attention from 
significant phenomena that have a non-social or non-human character. Another risk 
is the conceptual apparatus characteristic of practice theories. Although, as I have 
tried to demonstrate in this chapter, the practice approach is very flexible, it may 
turn out that focusing on shared understandings, rules, teleoaffective structures, 
domain of practice, knowledge transfer, or power dynamics might distract us from 
other aspects of AI, which can only be identified by choosing a different social the-
ory. Despite its many advantages and limitations, it seems that the theory of prac-
tices offers an original perspective for analysing AI, which allows us to see many 
important social aspects in this dynamic, continually surprising phenomenon.
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Images of Algorithmic Modernity
Agency and Autonomy in the Age 
of Predictive Analytics

Anthony Elliott

�Introduction

Once celebrated as the antidote to our hurried and harried lives, the promise of 
automated digital technologies lay in their ability to bestow instant decisions and 
immediate social connections, all managed by the deft force-field of smart devices. 
As the tendrils of advanced artificial intelligence (AI) wove itself into our social 
fabric, however, the true cost of this automation ethos came to light. Human agency 
became increasingly ceded to digital technology, entangling individuals within 
ever-expanding social networks and ensnaring them in the ceaseless digital labour 
of downloading, updating, posting, tagging, liking, retweeting and endlessly incor-
porating dynamic data into their lives.

Terms like “information overload,” “data deluge” and “digital device distraction 
syndrome” (Campo, 2022) have come to symbolise the impact of advanced automa-
tion on our social landscape. Our current algorithmic age, or what I shall term in 
this chapter “algorithmic modernity,” has ushered in profound shifts in the scale and 
intensity of automation across personal, familial, vocational, cultural, communal 
and institutional domains (Elliott, 2021). “Automaticity” has permeated social ac-
tion, with smart algorithms serving as a coping mechanism for those navigating a 
world in perpetual flux. Yet these very algorithms also propel the relentless march 
of social transformation, challenging individuals as they wrestle with the outsourc-
ing of personal choices and the plans and projects of individual lives to automated 
intelligent machines.

Within the automated realm of algorithmic modernity, human agency is increas-
ingly consigned to the guardianship of smart machines. This phenomenon arises 
from an attempt to corral the uncertainties and complexities born of the digital 
revolution, even if there remain little to no prospects for conclusive answers to 
these conundrums. Predictive algorithms and automated recommendation systems 
facilitate a more instantaneous, immediate, simultaneous and seamless social exist-
ence. However, the flipside of all this lies in individuals growing estranged from 
their own decision-making processes and potentially drained of the ethical founda-
tions required for a reflective and fulfilling existence (Elliott, 2024).

How has this situation come about? How has it transpired that automated decision-
making, which (one might well think) is by definition opposed to individual volition 
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and the personal freedom to choose, has become an increasingly dominant cultural 
logic? In the age of AI, why have machine automation and personal decision-
making become strangely conflated?

In this chapter, I wish to discuss the impact of AI in general and predictive 
analytics in particular upon personal decision-making and individual life-projects. 
Since I want to situate my discussion in the context of the changing relations 
between emergent technologies and social relations, I do not make any claim to 
analyse the extensive range of contributions in social and political theory to the 
study of human autonomy.1 Instead, I shall focus my discussion on the specific 
contribution of the late European social theorist Cornelius Castoriadis to the issue 
of human autonomy in our world of advancing technology. Castoriadis’s writings 
on the question of human freedom and new technology offer a novel standpoint 
from which to rethink the very nature of the digital revolution in modern societies. 
Whilst developing the main threads of his analysis some considerable time prior 
to the rise of advanced digitalisation, Castoriadis’s theoretical investigations are 
of considerable importance to rethinking human agency in the age of advanced 
machine learning. I shall thus draw from some of Castoriadis’s key insights as a 
prompt from which to raise fresh questions about the interrelations between human 
autonomy, personal decision-making, artificial agents and predictive analytics. 
Throughout the critical discussion, I want to ask why it is that people today are 
increasingly inclined to surrender personal decision-making to automated machine 
intelligence? I also want to ask: what is it about the living of life-projects through 
smart machines which is so captivating?

�Can There Be Autonomy in Predictive Algorithmic Societies?

Autonomy, it is often said, is an ancient notion. It is bound up with ideas of compe-
tence, capability, reflection, rationality, along with authenticity and self-awareness. 
All of these traits are underscored in the writings of Jean-Jacques Rousseau, Im-
manuel Kant and John Stuart Mill. Autonomy, as a moral value, is often considered 
the foundation of liberal political philosophy (Dworkin, 1981).

Against the backcloth of the transformation of modernisation processes, the 
notion of human autonomy was extended to a wider engagement with processes 
of industrial automation. Ideas about personal freedom and political autonomy 
in the post-war years, as a result, entered into a more advanced phase. In broad 
terms, there were a number of authors who sought to stretch the notion of au-
tonomy to encompass both individual and public realms, the psychic and cultural, 
the imaginary and socio-symbolic, the personal and the historical. ‘Autonomy,’ 
wrote the late European social theorist Cornelius Castoriadis, “is not closure but, 
rather opening: ontological opening, the possibility of going beyond the infor-
mational, cognitive, and organizational closure characteristic of self-constituting, 
but heteronomous beings” (Curtis 1997: 310, 316). The notion that challenging 
established meanings and institutions is vital for achieving autonomy reflects a 
historical shift. This shift moves away from tradition and the sacred and towards 
the unpredictability of the social sphere. Another way of saying this is to say that 
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a perspective of society has evolved historically which recognises that there is no 
overarching assurance of meaning. The end of foundationalism means embracing 
the idea that meaning and its realisation always rely on social context. As Casto-
riadis explains: “if autonomous society is that society which self-institutes itself 
[s’auto-institue] explicitly and lucidly, the one that knows that it itself posits its 
institutions and significations, this means that it knows as well that they have no 
source other than its own instituting and signification-giving activity, no extraso-
cial ‘guarantee’” (Castoriadis in Curtis, 1997: 368).

If we acknowledge that autonomy entails the questioning of individual and so-
cial meanings, a central issue arising concerns the demystifying inquiries happen-
ing in today’s societies. We must also explore how knowledge pressed into the 
service of human autonomy can be directly linked to processes of societal transfor-
mation. Here, Castoriadis’s argument that human autonomy advances to the degree 
to which social relationships are ordered through critical self-interrogation rather 
than through embedded technological power remains important. In his writings, 
Castoriadis distinguishes archaic societies, characterised as closed in terms of cog-
nition, information and organisation, from modern societies, which, in his perspec-
tive, encourage challenges to established institutions and meanings. Castoriadis 
adeptly dissects the culture of critical discourse that modernisation and detradition-
alisation processes foster.

He also deftly underscored an essential interdependence between the projects 
of personal and collective autonomy, in a conceptual move which is distinct from 
prevalent tendencies in social theory towards subjectivism or objectivism. In mod-
ern societies, the quest for autonomy necessitates a profound interrogation of the 
very structure of the social realm. This interrogation stems from individuals en-
dowed with both rational and emotional capacities for self-reflection. Furthermore, 
Castoriadis emphasises the open-ended nature of the process towards autonomy. 
This perpetual engagement with autonomy, at once personal and social, unfolds 
in a milieu characterised by ambivalence, uncertainty and the clash of diverse sce-
narios. “We have to create the good,” writes Castoriadis, “under imperfectly known 
and uncertain conditions. The project of autonomy is end and guide, it does not 
resolve for us effectively actual situations” (Castoriadis in Curtis 1997: 400).

Castoriadis distinguishes his reflections on the open-ended nature of autonomy 
from certain strains of critical theory where utopianism exists apart from the inher-
ent possibilities within the existing social structure. Critic Terry Eagleton termed 
the latter type of social critique as “bad utopianism,” where alternative values and 
orientations are “parachuted in from some ontological outer space.” By contrast, 
Eagleton described “good utopianism” as that which “seeks somehow to anchor 
what is desirable in what is actual” (Eagleton 1991: 131). On this point, it can 
be said that Castoriadis draws inspiration from the Marxian notion that the quest 
for social change derives from structural contradictions inherent in capitalist 
modernity. Emancipation, according to Castoriadis, denotes the shift from exter-
nally imposed, power-oriented heteronomy to critical self-reflection. Crucially, 
Castoriadis’s framework for autonomy underscores the contingency of the social 
field. The pursuit of autonomy, as outlined by Castoriadis, demands individuals 
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and groups navigate a landscape devoid of moral or ethical certainties, recognis-
ing that the journey towards personal and political autonomy is laden with ambi-
guity and uncertainty. Additionally, this perspective acknowledges the potential 
swiftness with which the pursuit of autonomy can be overshadowed by tendencies 
towards domination and oppression.

Society, we can acknowledge, was from the beginning an ‘imagined entity.’ 
But when Castoriadis, to the dismay of many French intellectuals steeped in the 
conceptual nets of structuralism and post-structuralism, coined the concept of the 
‘social imaginary,’ he underscored powerfully the articulation of fantasy, fear and 
anxiety in the constitution of society. Admittedly, modern technology was rec-
ognised as a key force-field in the social imaginaries of capitalist modernisation. 
Castoriadis’s central reference point here was the work of Jacques Ellul. In The 
Technological Society, Ellul (1980) argued that ‘technique’ – broadly conceived as 
rationally ordered methods which render human action more efficient – advances 
because it advances. Reversing the conventional wisdom that technology flows 
from science, Ellul insisted that technique has historically preceded science. On 
this view, means precede goals: the mere technical possibility that something can 
be done has served as the inspiration for undertaking it. Nothing in society escapes 
the reaches of technique; society is dominated by the automatism of technique, 
which is the process by which technology asserts itself according to mathematical 
models of efficiency. What Ellul calls ‘technique’ is all-encompassing: “Technique 
tolerates no judgment from without and accepts no limitation.”

Developing upon Ellul’s insights, Castoriadis connected the rise of ‘techno-
science’ to the rationalisation of politics; the roots of the modern urge for the 
‘technological fix’ are to be found in the unfurling of the irrational and the re-
gressive, in the fantasy of being all-powerful and in the institutionalisation of 
omnipotent thinking. This is most obviously evident in the surge of violence in 
contemporary societies, most notably the techno-industrialisation of war. The 
dominance of pseudo-scientific rationality today involves not only the ‘techno-
logical fix’ but fantasy, repetition, omnipotent illusions and psychic excess; the 
paths of technoscience, says Castoriadis, are “less and less that of the desirable 
in any sense, and more and more that of the simply doable” (Castoriadis, 1991: 
249). Technoscience for Castoriadis is fundamentally imaginary: it bears omnip-
otent fantasies and delusions entirely within itself, resulting in “an artificialized 
rationality that has become not only impersonal (nonindividual) but also inhu-
man” (Castoriadis, 1991: 246).

Technoscience, according to Castoriadis, exposes a myriad of contradictions and 
shortcomings evident across various domains. From scrutinising scientific explora-
tions delving into DNA and the genetic code to mapping the devastation of tropical 
forests and disruptions within the Earth’s biosphere, the whole-scale expansion of 
technoscience is everywhere. But Castoriadis emphasises the predominantly im-
aginary and ideological facets of technoscience. These facets are deeply rooted 
in the quasi-omniscient and quasi-omnipotent assertion of societal and political 
advancement. In doing so, technoscience obliterates the potential for reasoned and 
reflective discourse within the political sphere. Consequently, it relinquishes the 
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public arena to be dominated by financial, managerial and bureaucratic oligarchies. 
In developing this line of argument, Castoriadis drew attention to an important 
set of issues – namely, the interrelation between the social imaginary and modern 
societies – which bear directly on the technological transformation of cultural life. 
Yet because he developed this analysis prior to the onset of the digital revolution, 
Castoriadis was not able to consider the role of digital technologies in broader 
institutional transformations associated with modernity. Consequently, there are 
some important questions that we might pose from this perspective. How, exactly, 
might predictive analytics intersect with the project of human autonomy? Might 
society’s reliance on machine learning algorithms congeal to foster cultural fear 
and unmitigated anxiety?

In our own time of big data and smart algorithms, the prospects of individualised 
actors seeking to reassert the search for personal autonomy appear faint. AI has 
become the new technoscience of our age and the cultural logics of predictive ana-
lytics tend to be the preferred, perhaps the dominant, method of conducting both 
organisational and personal life. But how might we think of the various challenges, 
paradoxes and conundrums involved in newly constituted relations between self-
reflection and self-transformation on the one hand, and the transfiguration of algo-
rithmic power on the other. Writing about technoscience prior to the global rise of 
AI, Castoriadis had justified his concentration on the project of human autonomy 
on the grounds that the political challenge remains finding new ways of promoting 
and expanding personal empowerment, in so far as this can open potentially trans-
formative relations between self and society. But what might such a ‘project’ look 
like in an era where people are relentlessly coaxed, cajoled and seduced to self-
automate more and more aspects of their lives? The yawning gap between the pro-
ject of autonomy and the capacity to reassert personal control over decision-making 
that has been outsourced to smart machines seems to be the central contradiction 
of algorithmic modernity – one that does not bode well for critical self-reflection, 
interpersonal experimentation and social flourishing.

It is perhaps not difficult to see in the foregoing philosophical lines of depar-
ture the driving force of technology in the reshaping of contemporary societies. 
Combining Ellul and Castoriadis, we can say that AI – as the culturally dominant 
discourse of current technoscience – is both ecstasy and power, imagination and 
information, omnipotent mastery and automated self-subjection. So, to return to 
our guiding question: what is the lure of algorithmic prediction in digital society? 
What is it about the living of lives through automated smart devices which is so 
intoxicating? We clearly need to consider the possibility, extending the insights of 
Ellul and Castoriadis, that people are increasingly addicted to algorithmic calcula-
tion as a means to achieve a soothing self-image of personal control. Alternatively, 
we could invert this and plausibly argue that the excesses of quantification in our 
algorithmic world may often become overbearing, but that (on balance) people 
adapt to these automated practices at the level of social interaction and social life 
remarkably well. More and more people take predictive analytics and algorithmic 
curation for granted now, even though it continues to have the power to disturb, 
displace and oftentimes derail constructions of self and society in startling ways.
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�Excursus: Life Lived on Auto-Pilot

Living a life on autopilot is one which wraps together predictive analytics, big data, 
machine intelligence, smart devices, artificial agents and advanced automation. It 
obliges each and every individual in social networks towards the cultural logics 
of outsourcing and offshoring and to relentlessly focus on the redistribution of 
incoming assignments, requests, projects and work to automated smart machines. 
The instrumental rationality favoured and reproduced by the self-automating life 
prompts the exploration of such human-machine interactions where tasks, social 
doings and moral obligations can be dispensed with and effectively disposed of, 
leaving the individual self ‘free’ to get on with the more pressing realities of life 
lived in the fast lane of ‘information overload.’

Consider, for example, a ‘relationships column’ titled “How to Automate Every 
Part of Your Life” (Mint.com, 2021). Outlining new automation technology which 
allows people to “set and forget,” the argument advanced is that the brave new world 
of predictive analytics is one in which “things get done for you.” As the columnist 
explains: “Picture a more productive work day where you get the most out of every 
hour. Think about how your spare time is spent and outsource the boring parts to 
technology. Imagine stress-free money management with instant bill payments, apps 
that manage your debt, and increased savings month after month through automated 
contributions that you don’t even have to think about” (Ibidem). Not having to ‘think 
about’ things is central to the consumer industries and consumer markets advancing 
self-automation. Indeed, self-automation tends to convert into its own objective.

Following the new ethos of self-automation is easy thanks to ‘automation tips’ 
which free up personal time, along with suggestions on the latest apps to ‘raise pro-
ductivity’ and strip ‘wasted hours’ on ‘redundant tasks.’ The ‘must haves’ include 
apps for sleep management (including reminders to go to bed and when to get up 
at optimal times), task management (to keep people ‘on top of responsibilities’), 
travel fare aggregators (which send alerts about the best flight deals) and ‘applets’ 
(which facilitate disparate apps and devices to trigger automatic responses). So you 
should live without having to plan, organise or arrange daily living, the automa-
tion of online subscriptions for regular purchases is strongly recommended, along 
with the putting of grocery delivery services on autopilot. To work properly and 
to deliver the best corporate results, the pre-programmed blocking of websites that 
prevent work from getting done is obligatory, along with the automation of com-
puter maintenance by setting regular system backups and clean-ups which run on 
after-hours timeframes. Add to this smart home devices, robot vacuums, security 
bots, robotic window cleaners, automowers and recurring timers to make home 
living altogether less cumbersome and less time-wasting.

�The Rise and Rise of Predictive Analytics

Helga Nowotny, in her brilliant book In AI We Trust, emphasises the astounding 
change of vocabulary and climate of cultural mood which mark the current phase 
of machine learning algorithms in contemporary social practice. Addressing the 



Images of Algorithmic Modernity  63

cultural illusions of machine learning, Nowotny (2021) dissects the increasingly 
important role played by prediction, especially predictive analytics. She argues 
that predictive algorithms have become increasingly central to a wide range of 
products and services, from the analysis of DNA samples to predict risks of certain 
diseases to stock markets and financial trading in the global electronic economy. 
Companies, organisations and institutions have come to rely increasingly on pre-
dictive algorithms to both reproduce and transform their core activities. More and 
more, people feel comfortable not only with the performative power of predictive 
analytics, but also with having options curated and laid out in advance. All of this, 
to repeat, feels reassuring and smooth; but rarely do people stop to consider how 
such options have been designed, or to reflect on the point that there might be other 
options equally worth considering.

Prediction, says Nowotny, is essentially about the future, yet it reacts back on 
how we conceive the future in the present. Her key theorem: predictions assume 
the power of agency that individuals attribute to them. When blindly followed, the 
predictive power of algorithms can turn into self-fulfilling prophecies. A prediction 
becomes true simply because people believe it to be so and act accordingly. On this 
view, the paradox of machine learning algorithms is that people are coaxed into 
believing that the only future is that which is predicted. “Do we really want to live 
in an entirely predictable world,” asks Nowotny (2021: 11), “in which predictive 
analytics invades and guides our inner most thoughts and desires? This would im-
ply a return to a deterministic worldview where the open horizon of the future will 
close again, renouncing the inherent uncertainty of the future and replacing it with 
the dangerous solution of being in control. Or are we ready to acknowledge that a 
fully predictable world is never achievable and that it is an illusion?”

Delegating an increasing number of decisions and tasks to artificial agents, au-
tomated machine-learning processes and smart algorithms pose significant risks to 
our lives and the autonomy of our personal endeavours. This escalating trend to-
wards predictive engineering in personal and social life suggests that there is some 
kind of ‘flaw’ or ‘fault’ in the individual self. The implications of this extend beyond 
the realms of psychology and philosophy; they profoundly affect policymakers, 
activists, citizens and their communities. The rapid pace and vast scope of tech-
nological innovation render conventional regulatory measures and corporate solu-
tions inadequate. Despite the ever-increasing capacity for people today to offload 
decision-making to automated intelligent machines, however, this hasn’t translated 
into the enjoyment of more self-directed lives (On this point, see my Algorithms of 
Anxiety: Fear in the Digital Age, Cambridge: Polity, 2024). So, again, this prompts 
the fundamental query: Why do people feel the need to increasingly automate their 
lives to achieve fulfilment?

Our current global order is largely constructed on the predictive re-engineering 
of human capabilities. The interaction between humans and automated machines 
has been flagged as an impending ‘existential threat,’ sparking numerous discus-
sions on the potential world we are designing for future generations. While these 
conversations are crucial, there is also an urgent need for dialog about the subtle yet 
pervasive influence of AI on existing social dynamics, especially the reshaping of 
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social interaction through new models of algorithmic quantification and automated 
calculation. Against the backdrop of such transformation, questions arise about 
fear, insecurity and anxiety – transforming the future into a landscape marked more 
by foreboding than hope. Blaming advanced automation as the sole source of so-
cial dislocation in these early stages of the digital revolution might seem facile. 
Most perplexing and haunting of today’s many challenges, however, remains the 
pressing need to ‘keep up’ with data regimes, to adjust the self to ongoing software 
updates and to reinscribe subjectivity within the anchoring effects of algorithms to 
make life seemingly continuous.

To make the conundrum still more awesome: individuals feel increasingly over-
whelmed and at times besieged in today’s data-centric culture because digital tech-
nologies, through predictive algorithms, incessantly dictate what individuals are 
presumed to truly desire. Undoubtedly amidst the technological tsunami of big data 
and predictive analytics, it remains profoundly challenging to unearth one’s genuine 
desires. The meticulously crafted predictions and calculated probabilities embedded 
in algorithms act as surrogates for personal agency, restricting the capacity of indi-
viduals for self-directed action as well as coordinated social interaction. Despite the 
promises of predictive analytics to alleviate fear-inducing mindsets of doubt, uncer-
tainty and ambivalence in the face of information overload, the cultural significance 
of AI remains inflated. Indeed, the machine predictions generated by algorithmic 
calculations and automated recommendation technology are increasingly embraced 
as the predominant culturally acceptable means to mitigate anxiety in the digital age. 
Trapped in this vicious cycle, the entire culture of data analytics seems incapable of 
reaching a conclusion, further contributing to people’s sense of estrangement.

Today’s overreliance on machine learning algorithms to continually project 
calculated forecasts for our daily routines acts as a culturally ingrained defence 
mechanism against existential fears. Yet, fear operates in a paradoxical manner, 
oscillating between past and future; its perpetual existence underscores the potential 
risks of predictive algorithms evolving into self-fulfilling predictions. Fear func-
tions as a form of reductionism, narrowing the world’s possibilities. Within this 
confined scope, there persists an unsettling suspicion that our culturally embedded 
defences against anxiety might prove inadequate once more. While transforming 
the world into a vast prediction engine may appear as a robust strategy to combat 
the fears induced by information overload and the dominance of big data, this pur-
suit is consistently overshadowed by the flickering recognition that social existence 
is inherently entwined with unending uncertainty.

Let me sum up the argument so far and try to bring together some of the main 
threads of my contention. In the automated order of algorithmic modernity, personal 
agency becomes increasingly ‘redistributed’ to intelligent machines. This might be 
thought of in terms of the ‘outsourcing’ of decisions to smart machines. We should 
understand this phenomenon in terms of a containment of both uncertainty and com-
plexity which the digital revolution in social relations poses, but which ultimately 
denies answers. Whilst automated machine intelligence becomes increasingly inte-
grated into the fabric of society, however, it is important to recognise that this inte-
gration is not all-enveloping. Significantly, there persist various forms of personal 
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dissatisfaction, cultural pushback and social dissonance. A glaring illustration of this 
paradox is the ‘double-bind’ confronted in the era of ‘information overload’. The 
rise of digital technologies was marketed, to a substantial degree, as a remedy to the 
challenges of navigating the hurried and pressurised world of organised modernity. 
Swift decision-making and instantaneous social connectivity were heralded as the 
default attributes of an advanced digital era aimed at alleviating the constant time 
constraints in professional and personal relationships. The delegation of personal 
choices to smart devices seemed to promise a solution to this issue. However, there 
emerged an unforeseen cost to this reliance on automation. As agency was increas-
ingly shifted to digital technology and social networks interwove individuals into 
ever-expanding connections, people found themselves entangled in ongoing digital 
labour. This encompassed the tireless and never-ending tasks of downloading, up-
dating, posting, tagging, ‘liking,’ and essentially striving to seamlessly incorporate 
dynamic data into everyday living and lifestyles.

‘Automaticity’ – the automation of things, information, ideas and people through 
global networks of machine intelligence, deep learning and big data – becomes an 
intrinsic feature of social action on a very general level. Under these new circum-
stances, smart algorithms represent a kind of ‘coping mechanism’ for individuals 
confronting a world of continuous change. But smart algorithms are also a vehicle for 
the further acceleration of social change. The odds are that an increasing amount of 
personal life and more and more of social life are spent worrying or agonising about 
the outsourcing of human choices and life goals to automated intelligent machines, as 
people scramble to ‘retrofit’ the outcomes of automated personalised networking into 
the frames of daily life and to integrate automated feedback mechanisms and endless 
data into their established modes of behaviour (Elliott, forthcoming).

Algorithmic modernity, as I have previously argued, involves the conjunction of 
complex digital infrastructures and automated lifestyles. The algorithmic blending of 
smart devices and computational life-projects may be understood as an institutional 
response which seeks to balance the demands of personalised and individualised 
living with technological systematisation in the aftermath of the digital revolution. 
This ‘system-ness’ of automation is fundamental and underpins the efforts of peo-
ple to keep afloat in an age of ‘information overload’ and render realistic dreams 
of living an autonomous life. From this angle, contemporary societies are charac-
terised both by the growth of automation in everyday life and by the increasing 
importance of digitalisation for the redefinition of individualisation and personal 
identity. It is not just that daily life becomes ensnarled in a series of automated pro-
cesses shaped by algorithmic recommendation systems and machine intelligence, 
in which the individual self might be cast (following the insights of Georg Simmel) 
as “a mere cog in an enormous organization of things and powers” (Simmel, 1997: 
184). Rather, the inner texture of self-experience, as well as the intimate terrain of 
private life, is repositioned – “disembedded and re-embedded,” to recall Anthony 
Giddens’s (1990) memorable terminology – in the self-expanding world of pre-
dictive algorithms. Predictive analytics at once consoles and numbs the self – or, 
rather, keeps us at a safe distance from our own capacity for personal agency and 
self-reflection. The partitioning of individual agency off from the ‘personalised 
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living’ or ‘individualised lifestyles’ advanced in conditions of algorithmic moder-
nity means that the societal costs of our ‘automated comfort zones’ are fenced-off 
from personal reflection and public inspection. The comfort zone of automation – 
the ever-multiplying need for algorithmic recommendations, automated reminders, 
remote monitoring and digital surveillance – is our smart vehicle for sustaining 
everyday life. But like all stories of the modernisation process, automation in the 
algorithmic age remains intrinsically vulnerable to system errors, external interfer-
ence and digital breakdown. The flipside of the consolation of automated lives is 
thus anxiety, fear and dread.

�Coda: Rethinking Autonomy in the Age of Predictive Analytics

Towards the conclusion of his thought-provoking essay on technoscience, “Dead 
End?” Castoriadis noted “the present-day tendency toward the ‘automatization of 
decisions’.” As he presciently observed:

This goal is already being implemented in a large number of secondary 
cases, but it is beginning to take on a new appearance with the introduction 
of “expert systems”. And still more illustrative is the idea, which is in some 
ways its realization, of a ‘Doomsday’ machine, an expert system that would 
automatically send missiles from one camp to the other as soon as those from 
the other side have been computed or assumed to have been fired, thereby 
eliminating from deterrence policy all ‘subjective’ (and therefore fallible as 
well as influenceable) politico-psychological factors. Are we really so far 
away from that point now?

(Castoriadis, 1991: 273)

The short answer is surely “No.” But arguably, today things are even more com-
plex, murky and ambivalent.

Castoriadis ascribed to an earlier version of autonomisation the organised ir-
responsibility of artificially contrived responses to pressing matters of public im-
portance and global security. But it is worth noting that “Dead End?” was first 
published in France in 1987. Move forwards more than 35 years, and it is all too 
evident that the digital revolution has unleashed socio-political tendencies which 
facilitate the recycling of human preferences into automated machine realities. 
From this angle, perhaps the most remarkable mark of the current moment is the 
societal-wide delegation of decision-making to artificial agents, machine learning 
algorithms and computational systems. As Massimo Durante (2021) has insight-
fully demonstrated in his philosophically erudite volume Computational Power, 
all too often promoting the human freedom of personal decision-making is today 
overshadowed by needing to adapt not just to digital technologies but also to the 
automated mechanisms, processes and dynamics by which computational power 
works. The ‘expert system’ of predictive algorithms, for Durante, can tip towards 
a self-reinforcing logic which all but cancels out self-reflection, personal decision-
making and human autonomy.
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In order to develop this point in more detail, let us consider once more Casto-
riadis’s reference to a Doomsday machine. In the original series of Star Trek from 
the late 1960s, the Doomsday machine appeared as a vast technological giant in 
space, threatening the world with annihilation. Beyond science fiction, the notion 
subsequently became political reality under the precept of mutually assured destruc-
tion (MAD), which informed both Soviet and US nuclear plans from the 1970s. In 
our own age of AI, however, rethinking military and nuclear deterrence becomes 
literally reconfigured through the lightning speed of automated smart machines. 
Just consider, for example, emergent technologies associated with the digital 
revolution – particularly AI, big data, robotics, cyber capabilities and quantum com-
puting – in the transformation of military warfare (Elliott 2019). The landscape of 
military power has undergone a profound transformation through the integration of 
various technologies (including AI, machine learning and computer vision), with 
unmanned aerial vehicles (UAVs) and remotely piloted air systems (RPAS) to the 
fore. Globally, an estimated 30,000 drones are currently in military service, mark-
ing a significant shift towards unmanned and autonomous weapons systems (Stro-
bel 2019).2 Leading nations in drone technology, such as the USA, UK, Germany, 
China, Russia, India, Israel and the Republic of Korea, have played pivotal roles in 
this evolution. The rise of advanced automated warfare is closely associated with 
the ongoing AI revolution. Many countries have swiftly adapted their military ca-
pabilities to align with the potential of unmanned aerial technologies. Russia, for 
instance, has deployed remotely piloted tanks like the Vehar and Uran-9, along with 
formidable UAVs such as the Forpost and Orlando-10. Similarly, the importance 
of sea power, particularly sea-based drones, has experienced a paradigm shift, with 
China establishing the world’s largest UAV test site in the South China Sea. Un-
manned underwater vehicles (UUVs), for example, present cost-effective missile 
platforms that can be easily harnessed for wartime objectives. Israel has operation-
alised fully autonomous anti-radar attack munitions (LAMs), colloquially known as 
‘suicide drones,’ demonstrating their devastating impact in conflicts, notably against 
Hezbollah. In these instances, AI-augmented weapons systems play a pivotal role in 
information gathering, surveillance escalation, reconnaissance distribution and digi-
talised warfare. The incorporation of AI empowers autonomous UAVs to achieve 
military objectives with unprecedented speed compared to traditional deployment 
methods involving human pilots. This technological advantage in military planning 
positions countries with AI capabilities at a decisive edge, aligning with the prefer-
ence for ‘hit-and-run’ strikes and fully automated, unmanned operations. The emer-
gence of low-cost, miniaturised automated weapons raises a significant concern that 
extends beyond challenging conventional military distinctions. It encompasses the 
blurred lines between human and non-human decision-making, state and non-state 
regimes, aggression and repression, local and global dynamics, as well as internal 
and external forces. Moreover, the proliferation of AI-powered automated weapons 
introduces a breeding ground for ‘insecurity’ and ambivalence within the realm of 
warfare. In this context, AI becomes a source of ceaseless anxiety, with autonomous 
weapons designed and designated for lightning-speed strikes, precision manoeu-
vres and ‘hit and run’ strategies. In this nerve-wracking tension between automated 
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intelligent machines and human operators, there lurks the pervasive fear of endemic 
automated violence. Such fear gives rise to heightened levels of anxiety, insecurity, 
disconnection, disengagement, ambivalence and ambiguity. Governments respond 
to this paradigm shift by drastically escalating funding for AI-driven missile pro-
grammes and autonomous weapons technology. Yet critics caution that such policy 
responses may only pave the way for further military misadventures. One key con-
cern remains the potential for an AI arms race between the United States and China, 
with the added danger of AI disrupting the delicate global nuclear balance.

Let us pause for a moment in order to reemphasise what is at stake here. The ap-
plication of AI in general, and automated smart algorithms in particular, to military 
violence and the means of waging war effectively means the outsourcing of killing to 
machines. This, of course, is not exactly news. Warnings issued about the existential 
threat to humanity as a result of developments in sophisticated weaponry powered 
by AI have been many and varied. There have also been important counter-reactions. 
In 2017, more than 100 signatories of AI specialists from across 26 countries called 
for a UN-led ban on lethal autonomous weapons. More recently, many of the world’s 
leading AI experts signed a pledge refusing to work on the development of lethal 
autonomous weapons (Houser 2018). These are important counter-trends.

Still, the new primacy of automaticity in military violence and global affairs 
persists and remains a tendency set to shape politics in the twenty-first century. 
Certainly, automatic weapons systems are pervasive across a number of nation-
states as well as non-state actors. Russia, Israel and other advanced militaries have 
invested heavily in killer robot technology for weapons development. China, ac-
cording to various reports, has deployed AI weaponry for the production of its 
next generation of cruise missiles (McDonald 2016). In South Korea, an arms 
manufacturer designed and built a gun turret which can identify, track and shoot 
targets, theoretically without the need for human intervention. Automatic military 
defensive systems, such as the German AMAP-ADS, the Russian Arena and the 
Israeli Tropy, can autonomously identify and strike oncoming missiles, rockets, 
artillery fire, aircraft and surface vessels. The diffusion of automated weaponry 
from advanced societies to a growing number of other states has unfolded more 
recently, with many countries seeking to join the lethal autonomous weapons race. 
Sir Roger Carr, the chairman of British weapons manufacturer BAE, stated at the 
World Economic Forum that 40 countries are currently working on killer robot 
technology (Styles 2016). Whilst the application of the technological development 
of autonomous systems to the delivery of military weapons is only one aspect of a 
battery of technical advances in this area, the crucial point is that there is no agreed 
international relations framework specifying how these weapons might be used in 
times of armed conflict, nor are there global governance mechanisms for the regu-
lation and control of autonomous killer bots.

Now, at the same time that the most pressing military and international issues 
are increasingly outsourced to automated machine intelligence, various global 
agencies seek to legislate for the ethical regulation of AI. The most extensive leg-
islation in this area has been developed by the EU, which seeks to strike some sort 
of equilibrium between opportunity and risk.3 But there is little reason to trust the 



Images of Algorithmic Modernity  69

assurance of regional and international agencies that the regulation and governance 
of digital technologies and AI are secure; there is little evidence that ethically sanc-
tioned risk management in AI has been effective thus far in limiting or containing 
large-scale corruptions or perversions of automated computational power and little 
indication that the application of traditional categories of ethical thought remain 
relevant for addressing current technological challenges. Summing up the political 
and ethical deadlocks of society’s “automatization of decisions” in the late 1980s, 
Castoriadis (1991: 275) wrote:

The enormous dangers, the very absurdity contained in the all-out, direction-
less development of technoscience, cannot be avoided simply by promulgat-
ing a few “rules” set forth once and for all, or by installing a “panel of wise 
men” who would become merely a tool, if not themselves the actual subject, 
of a tyranny. What is required is more than a “reform of human understand-
ing”; it is a reform of the human being as socio-historical being, an ethos of 
mortality, a self-surpassing of Reason.

The current crisis of the “automatization of decisions” in the age of AI is es-
sentially a world divided between the stranglehold of predictive analytics and the 
diminishment of human autonomy.

Fyodor Dostoevsky (1996: 282) insightfully wrote that the individual self “is 
tormented by no greater anxiety than to find quickly someone to whom he can hand 
over that gift of freedom with which the ill-fated creature is born.” Recalibrating 
Dostoevsky’s insight, my argument is that – in conditions of algorithmic moder-
nity – fear-inducing anxiety of which persons wish to rid themselves is increasingly 
passed over, or more accurately outsourced, to smart machines. The pervasive na-
ture of fears surrounding automated intelligent machines appears overwhelming. It 
feels as though threatening risks and alarming anxieties may seep into every corner 
of our tech-driven workplaces, homes and digital interactions. These fears take vari-
ous forms, from concerns that AI will eliminate jobs to apprehensions about digital 
surveillance eroding privacy. More and more, and notwithstanding efforts at ‘ethical 
regulation’ and ‘corporate governance’, algorithms exacerbate societal divisions, 
deepening racial and gender inequalities. Additionally, the surge of personal vulner-
abilities within the realm of social media culture amplifies anxieties. There’s also the 
overwhelming sense of mental and physical unease regarding the militarisation of 
drones and autonomous weaponry. And then there is the most daunting fear of all: 
the idea that AI not only jeopardises our immediate surroundings – our workplaces, 
homes and families – but poses a threat to the very existence of humanity.

The big question is whether society can break from its current addictive reli-
ance on predictive analytics? In other words, can a rebirth of human autonomy – 
critical self-interrogation, personal reflection, the free choosing of life-projects – be 
launched in the age of algorithmic modernity? For those now accustomed to living 
life on auto-pilot, the problem is that there are no shortcuts leading to swift, effort-
less ‘answers’. Yet the urgent political task of recalibrating human autonomy in the 
context of automated machine intelligence remains. We need to recognise that this 
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task will likely prove immensely complex, onerous and troublesome – at both the 
cultural and corporate levels.

Notes
	 1	 See, for example, Stiegler (2018); Parisi (2022); Amoore (2020); Fazi (2018); Andreje-

vic (2019); MacKenzie (2017).
	 2	 Le Monde reported in June 2023 (Pietralunga 2023) that the Royal United Services 

Institute (RUSI), a British defense think tank, estimated that Ukraine had lost around 
10,000 drones since the war with Russia began on 24 February 2022. This war has 
established the drone as an essential piece of battlefield equipment. RUSI researchers 
reported that within a 10 km zone, it would be common for there to be somewhere be-
tween 25–50 UAVs on each side of the front line.

	 3	 The EU has developed a suite of world-leading legislative frames advancing the regula-
tion and governance of digital technologies and AI. It includes The Digital Services Act 
(2022), which updated laws covering illegal content, transparent advertising and disin-
formation regarding digital intermediaries. Also of major significance is the Artificial 
Intelligence Act (AI Act), established on the 8 December 2023. It is aimed to deploy a 
risk-based model, assigning risk ratings to specific AI systems and scaling regulatory 
obligations to these ratings. An explicit objective of the Act is to positively influence 
public trust and confidence in AI systems in order to increase the likelihood of the uptake 
of automated digital technologies. For critical commentaries on the AI Act see, among 
others, Laux, Wachter, and Mittelstadt (2023), Schuett (2023) and Enqvist (2023).
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Zuckerberg’s Cave
Smartness and Discipline  
in Digital Modernity

Kieron O’Hara

�Introduction

Narratives of ‘modernity’ describe a type of society or culture, selectively em-
phasising aspects to express the novelty and innovation of relationships, prac-
tices and institutions. Modernity narratives may simultaneously be descriptive 
(certain types of change are happening), teleological (such changes are the inevi-
table destination of current developments) and normative (such changes ought to 
happen). Hence, narratives of modernity make sense of the present, enable the 
co-creation of futures, and inspire economic, military and technological devel-
opment (Giddens 1991; Beck, Giddens, and Lash 1994; Bauman 2000; Bennett 
2009; Wagner 2012).

Modernity and digital modernity narratives build on potential, and even hype, 
as much as on actuality, but when taken seriously by opinion-formers, academics, 
technologists, entrepreneurs and policymakers, especially super-rich ones like Sam 
Altman, Jeff Bezos, Bill Gates, Elon Musk and Peter Thiel, they become the imagi-
naries through which reality is shaped (Jasonoff 2015). As such, they have a strong 
influence over the futures we may inhabit. Such narratives are usually positive but do 
not have to be: “the dystopians join the utopians in imagining a supremely compe-
tent and visionary Silicon Valley” (Gilder 2018, 7). For instance, Yanis Varoufakis’ 
recent Jeremiad about our enslavement by technology is very much in the tradition 
(Varoufakis 2023).

In this chapter, I will consider narratives of digital modernity that I postulate 
as a development of high, or reflexive, modernity, exhibiting both continuity and 
divergence. It has three substantive sections. The first describes the evolution of 
digital modernity out of reflexive modernity, from the perspective of their in-
stitutional dimensions and how they have been influenced by technological de-
velopment. The second considers the evolution of another myth that has shaped 
perceptions of Western society for millennia, that of Plato’s Cave. I shall argue in 
this chapter that, under the conditions of digital modernity, it has morphed into a 
form I shall call Zuckerberg’s Cave. The third discusses some of the real-world 
developments that may threaten the neatness of these myths and narratives going 
forwards into the 2030s.

4
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�From Modernity to Digital Modernity

In previous articles, I have discussed the evolution of digital modernity through 
the physical dimensions of time and space (O’Hara 2021; O’Hara 2022, 65–116). 
However, in this chapter, I will draw upon Anthony Giddens’s account of reflex-
ive modernity as an irreducible group of four dimensions (1990, 55–63): capital-
ism, surveillance, industrialism and military force. Capitalism is of course our old 
friend the system of commodity production, in which capital is accumulated in the 
context of competitive labour and product markets. Private owners of capital em-
ploy labour for wages, while more or less competitive markets produce informative 
price signals that shape investors’, producers’ and consumers’ choices. Surveil-
lance is the supervision and logging of the decisions, speech acts and behaviour of 
individuals for administrative and sometimes political control. Industrialism is the 
coordination of human labour in the processes of harnessing energy to transform 
materials into tools, goods and environments for the delivery of services. Military 
power is the (near-)monopoly of the legitimate use or threat of violence in the 
context of the industrialisation of war to achieve the ends of securing the other 
dimensions, as well as the development of theories and practices that enable force 
to be projected without the actual (expensive and damaging) use of violence (for a 
diagrammatic representation of the dimensions, Giddens 1990, 59).

These dimensions are in balance in Giddens’ presentation, with capitalism and 
industrialism as socioeconomic modes that make up what was understood as capi-
talist society in the late 20th century, secured by surveillance and military force. 
The ‘triumph’ of such societies over their main rivals, the Soviet states, led to a 
productive decade of thinking and debate about what their modernity consisted in. 
However, even while this was happening, the institutional balance described by 
Giddens was being undermined, not only by the flourishing of alternatives now re-
leased from the dead hand of communism but also by new technologies, especially 
the Internet and the World Wide Web.

�The Ambient Data Infrastructure

The development of technology since 1990 has furnished the most significant devel-
opment of digital modernity – the creation of a new dimension parallel to the four 
Giddens identified. Modernity’s latest manifestation rests on the advent of ubiquitous 
networked digital technology, connecting people (especially via smartphones, but also 
technologies such as videoconferencing), places (increasingly using sensors, minia-
turised devices and the Internet of Things or IoT), companies (especially through 
e-commerce and digital payments systems) and the state (through e-government,  
top-down control mechanisms and new ideologies such as data sovereignty) into 
what approximates a single network, implementing an ambient data infrastructure, 
able to generate, store, retrieve and reason about data in real time.

One way of understanding the infrastructure is as a stack of protocols and 
technologies (O’Hara and Hall 2021, 44–47), where each layer of the stack 
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performs a specific function within the network. One of the most important is 
the transport layer, which determines how the data moves through the network; 
others include the physical layer, which determines the means of encoding data 
into physical symbols (such as specific voltages) and its transmission through 
physical media such as wires, fibre-optic cabling or radio waves, and the applica-
tion layer, which details the applications and programs that use the functionality 
of the infrastructure.

Technologies, protocols, hardware, software and systems that have enabled 
the ambient data infrastructure’s stack include: smartphones; high-end specialised 
semiconductors such as graphics processing units; cloud computing; data science 
and big data analytics; the IoT, smart homes and cities; 5G wireless; artificial intel-
ligence (AI), machine learning (ML), deep learning and generative AI; text, image, 
video and voice processing (and recognition); biometrics; autonomous vehicles, 
drones and non-humanoid robotics; augmented and virtual reality; distributed ledg-
ers, blockchain and cryptocurrencies; 3D printing; and telemedicine. None of this 
was pre-ordained but has unrolled at a faster pace as innovation built upon innova-
tion. For instance, generative AI as currently displayed in the ChatGPT chatbot 
series would not realistically be possible without the power provided by cloud 
computing or the massive quantities of data furnished by ubiquitous smartphones 
and social media, all effectively dating back to the brilliant invention of the Internet 
Protocol by Vint Cerf and Robert Kahn (O’Hara and Hall 2021, 27–35), the sine 
qua non of the whole suite.

All this has tended to effect one of the founding ideals of modernity, “that there 
is a fundamental common interest which is inherent in society and which, once dis-
closed, will supervene over all other interests of the respective parties; it assumes 
rigorously persuasive rationality and relevant empirical knowledge of a high de-
gree of precision and reliability” (Shils 1997, 85). To that degree, while the ambient 
data infrastructure is a divergence from the dimensions of reflexive modernity, it at 
the same time presents continuity.

The “rigorously persuasive rationality” afforded by the ambient data infrastruc-
ture comprises the progressive development of representations and inferential pro-
cedures for reflexivity, probabilistic inference at scale and managing tradeoffs in 
effort, precision and timeliness, to maximise the expected utility of outputs (Gersh-
man, Horwitz, and Tenenbaum 2015). Thus, the ideal of mastery over a determin-
istic universe is jettisoned in favour of computational rationality, a probabilistic 
model driven by experimentation, A/B testing, perpetual beta and other heuristic 
optimisation methods. After the disappointments of the Enlightenment, the hope 
is reopened for “humans to attain the powers typically associated with the divine” 
(Horvath, Roman, and Germain 2018, 1).

Given computational rationality running over a ubiquitous ambient data infra-
structure, we can begin to think of it, possibly in fanciful caricature, as a ‘digital 
body politic.’ Pentland argues that big-data systems with feedback form a “nerv-
ous system” to maintain the stability of government, energy, health and transport 
systems, which could “reinvent societies’ systems within a control framework: 
one that first senses the situation; then combines these observations with models 
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of demand and dynamic reaction; and, finally, uses the resulting predictions to 
tune the systems to match the demands being made of them” (Pentland 2014, 
138). Sensors and the IoT make the nervous system, AI the brain, blockchain the 
memory (Tay 2019) and social media the limbic system for collective precog-
nitive function (Cohen 2020). McGilchrist suggested that modernity is biased 
towards left-brain thinking: “the left hemisphere sees things abstracted from 
context, and broken into parts, from which it reconstructs a ‘whole’: something 
very different” from right hemisphere holism (2019, 27–28). But as the scale 
of AI operations increases, it provides more evidence of the holistic reasoning 
characteristic of the right hemisphere – or at least, we find it harder to detect the 
‘joins’ of the left-sided reconstruction thanks to technologies such as deep learn-
ing and generative AI.

�Other Institutional Dimensions

Giddens originally presented the four dimensions as balanced with symmetrical 
connections between them all. The addition of the further dimension of the ambient 
data infrastructure has complicated the evolving picture of modernity, as we see in 
Figure 4.1. The ambient data infrastructure is now the basis of the whole structure, 
the enabler of everything else. However, Giddens’ dimensions have evolved (and 
are evolving) as a result of the functionality provided by the ambient infrastructure, 
and two of them have effectively merged – hence we remain at four dimensions in 
total. Whereas Giddens emphasised the connections between all of his four dimen-
sions, Figure 4.1 is sparser.

Figure 4.1 � The institutional dimensions of digital modernity.
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�Surveillance Capitalism

The most important innovation is the effective merging of the dimensions of capi-
talism and surveillance, to produce, as the second dimension, what has been called 
surveillance capitalism (Zuboff 2019). As more services move online, greater 
quantities of data can be collected about people’s behaviour, which can be analysed 
in real time to manipulate the environment to favour choices that are likely to sat-
isfy consumer demand. Increasing data provides feedback to commercial systems 
and so is valuable to them; consumers can therefore be offered services at below 
cost (typically free) in exchange for the use of their personal data. Knowledge 
about consumers, and about the clusters they occupy, allows the customisation of 
services, so that modernity’s key value of individuality is expressed not by indi-
viduals’ choices (as in reflexive modernity) but by personalisation (O’Hara 2021).

Some would dispute that surveillance capitalism is the best name for the new 
merged dimension, but usually that is based on a quibble about how capitalism is to 
be defined. For instance, Varoufakis confuses capitalism with free markets, whose 
extinction makes him believe that capitalism is dead – but even he agrees that 
markets have not disappeared. He simply denies that an online trading platform 
is a market, because the owner of the platform is able to reap the data from all the 
transactions and thus become more powerful than everyone in the market (Varou-
fakis 2023). He has coined his own term for this, technofeudalism, but as I disagree 
with the implication that capitalism has collapsed, I will continue to use Shoshana 
Zuboff’s term, which also handily mirrors the two ancestors of this dimension in 
Giddens’ work.

�Digital Twins

The other two dimensions have also been transformed by the infrastructure. Gid-
dens’ dimension of industrialism was specified in terms of the processes involved 
in transforming nature; the ambient data infrastructure, in contrast, allows both 
nature and the industrialised environment to be transformed, not only physically 
but through virtualisation.

Modernity has often been described in spatial terms, negatively contrasting a pe-
riphery, rural areas, edgelands, liminal spaces and the developing world, with the 
centre, major cities, hubs, centres of excellence, clusters of creativity and industry 
where modernisation happens and value is created (Shils 1975; Arendt 1998, 201). 
As we near the centre, space collapses: “cities are the absence of physical space 
between people and companies” (Glaeser 2011, 6). The periphery, meanwhile, can 
modernise through development, integrating with global networks (Castells 2000, 
407–459) using space-shrinking technologies such as fast broadband and 5G.

In digital modernity, as networked devices create and support increasingly many 
important relationships (e.g. via social media or super-apps), functional space 
shrinks further, to within the device – to its representations of human and non-
human actors (Lupton 2015, 23–27). This space has had many names, including 
cyberspace, “A consensual hallucination experienced daily by billions of legitimate 



Zuckerberg’s Cave  77

operators, in every nation” (Gibson 1984, 69); the information superhighway; real 
virtuality “in which appearances are not just on the screen through which experi-
ence is communicated, but they become the experience” (Castells 2000, 404, his 
emphasis); and the metaverse, a synthetic parallel world (Ball 2022), honed by 
online games (Castronova 2005; Barnett and Coulson 2010), 3D virtual environ-
ments (Gunkel et al. 2018; Zhan et al. 2020) and augmented reality (Carmigniani 
and Furht 2011; Zhan et al. 2020).

At the time of writing, the metaverse, which was strongly hyped in 2018–2022, 
looks something like a busted flush – I shall examine some of the reasons for this 
later in the paper. However, its motivating idea still functions as an important rep-
resentative of a particular intellectual tradition of asserting the equality, or even the 
priority, of the representation over whatever we take to be reality (Søraker 2014; 
Chalmers 2022). As a series of persistent virtual spaces unified by a platform infra-
structure to support computational rationality and data analysis (Zhan et al. 2020; 
Lee et al. 2021), the metaverse was trumpeted in the worlds of fashion, real-estate 
(trading virtual properties) and streamed events (pop group ABBA relaunched them-
selves successfully in 2022 with on-stage “Abbatars”). Yet this functionality remains 
important, as it supports the dynamic reconstruction and reconfiguration of physical 
reality, e.g. providing opportunities to do things virtually that are impossible, too 
dangerous or too expensive to do physically (Bailenson 2018; Duan et al. 2021). 
Identities, gender, ethnicity and other markers may be altered or even created (Wallis 
and Ross 2021), with virtual ethical codes (Sparrow, Gibbs, and Arnold 2021), 
pushing back at fixed ideas about what it means to be human or social.

In the long run, a development likely to be of greater importance than the 
metaverse is that of digital twins, models or simulations of real-world originals 
(Boschert and Rosen 2016; Batty 2018). A digital twin can be characterised as a 
comprehensive functional description of a person, component, mechanism or sys-
tem, which includes the information which will be useful for understanding (and 
manipulating) it across its lifecycle. The opportunities for creation and manipula-
tion of digital twins will only get greater as AI, cognitive psychology and neurosci-
ence converge to enhance computational rationality, while AI may make it possible 
for the twin to reason about its own performance.

Digital twins afford opportunities for order, calculation and rationality, imple-
menting the Enlightenment dream of a society in which human needs are accu-
rately identified and supplied. The ambient data infrastructure knows individuals 
better than they do themselves, because it has far more information about them, as 
well as events, actions and judgements involving people with similar attributes. 
ML can judge individuals’ optimal choices and behaviours if only they had the 
relevant information with which to calculate their own interests. This is a subjunc-
tive world: people are told what choices they would have made if only they knew 
as much as the data infrastructure (O’Hara 2021). Such choices may be consumer 
choices leading to customer satisfaction, or lifestyle choices leading to better health 
outcomes, or behavioural choices leading to optimal social conditions (e.g. reduc-
ing carbon emissions or traffic congestion). Environments can be subtly altered to 
implement the ‘nudge’ philosophy (Thaler and Sunstein 2008); the job description  
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of ‘choice architect’ has appeared (Johnson et al. 2012). Abundant data even in-
creases the options for personalised nudges (Mills 2022) and self-nudging, deliver-
ing nudges to oneself (Reijula and Hertwig 2022). The data no longer describes the 
world; the world follows, or is disciplined by, the data.

Meanwhile, as these technologies advance (and occasionally retreat), digital 
modernity is terraforming the physical world to assert its priority (O’Hara 2015). 
Restaurants and other venues converge on the style of Instagram (Frier 2020, 
159–178). Apps such as Facetune and Adobe Lightroom improve facial appearance 
in photos, influencing self-image (Fardouly and Vartanian 2016; Kleemans et al. 
2018; Fatt, Fardouly, and Rapee 2019) and inspiring a boom in plastic surgery, 
unsurprisingly welcomed in the plastic surgery industry (Youn 2018; Basa and 
Spiegel 2020). The quantified self philosophy (Lupton 2016; Ruckenstein and 
Pantzar 2017) uses data from wearable devices such as fitness trackers, smart 
watches, biosensors, mood trackers and monitors of specific functions such as 
ECGs or blood pressure, as well as devices embedded in the body, to render in-
dividuals as quantified systems, allowing digital feedback for self-optimisation or 
biohacking (Yetisen 2018; Gangadharbatla 2020). The Chinese social credit system 
(Chin and Lin 2022) is “generative of a distinctive personhood that concretizes 
China’s ongoing social transformation” (McDonald and Dan 2021, 87), through 
successive processes of depersonalisation (e.g. automating credit allocation sys-
tems) and repersonalisation (as citizens infer a ‘logic’ underlying the system). But 
self-optimisation is really optimisation of the data (Kristensen and Ruckenstein 
2018; Pantzar and Ruckenstein 2017).

Digital modernity, then, produces a kind of digital Gnosticism, in which the data 
is prior or more important than the atoms of the physical world. It facilitates a 
means of discipline, consistent with one of its key principles:

In digital modernity, the best that hapless reality can achieve is to get closer 
to the perfection of the algorithm and the data.

(O’Hara 2022, 86)

�Military Power

The fourth dimension, that of military power, itself is fascinating, although space 
forbids a detailed exploration. Suffice it to say that the ambient data infrastructure has 
turned the battlefield into a digital twin. Warfare is practically impossible today without 
the Internet, and Elon Musk’s provision of Starlink technology for the Ukrainians is 
a sine qua non of their military and civil resistance to the Russians. Not only has the 
invasion featured prominently on social media, enabling the open-source intelligence 
that is now at least as important as more traditional sources, but Starlink’s low orbit 
means a low latency for signals to travel to and from the satellites – which is crucial, 
for instance, for coordinating an artillery attack. Pictures of potential targets can be 
uploaded to informal networks, and commanders can decide whether to attack – in 
effect crowdsourcing firepower. The power this gives Musk is extraordinary, perhaps 
even greater than the major armaments manufacturers during the World Wars.
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Russia’s invasion has been a drone war – autonomous flying vehicles and 
seaborne drones have been responsible for many attacks, as the Ukrainians have 
taken advantage of Turkish technology, while the Russians have been buying from 
Iran (neither are traditionally prolific arms suppliers). AI can take decisions in a 
split second – also taking into account the outputs of the enemy’s AI. Any signal 
from the battlefield, not only from phones but also heat and sound, as well as minor 
disruption to the environment (e.g. tyre tracks) will be detectable within seconds by 
an enemy, with immediate consequences as a smart shell is sent on its way. Smart 
warfare is a draining business; forces must stay small, compact and constantly on 
the move. Sleep may prove impossible (Joshi 2023).

The battlefields of Ukraine have, as a consequence of all this, an order of 
magnitude fewer personnel on them than would have been likely in the mechanical 
wars of the 20th century. Yet the number of humans involved has increased, not 
decreased, because the use of the Internet means that anyone can get involved, for 
instance posting photos of enemy soldiers or weaponry. Tech wizards in Ukraine 
have been hacking into Russian cyber-systems, opening commercial CCTV 
systems to intelligence services, and designing and flying improvised drones.

“The successful monopoly of the means of violence within territorially precise 
borders” (Giddens 1990, 58) no longer holds. Non-state actors are used by states 
to carry out military functions, a development that has been called neomedievalism 
(McFate 2014), performing many services in training and on the battlefield, but 
crucially in cyberwarfare, cyberterrorism and cyberespionage. Furthermore, not 
only has the production of violence become much cheaper and democratised, but 
also the notions of what constitutes violence (taking a selfie can be part of the defence 
of one’s community, given the massive amount of metadata that a smartphone photo 
carries with it), and where it takes place (the opening conflicts of Russia’s invasion 
were cyberattacks and entirely virtual) are evolving too.

Ethically – even if the Russians were not employing war crime as a standard 
means of offence – this is undermining many of the traditional principles of inter-
national humanitarian law. Furthermore, in a savage irony, a side-effect of creating 
a digital twin of the battlefield, owing to the tactics of hyper-destruction pioneered 
by Russia in Syria and elsewhere, is the ultimate annihilation of the physical envi-
ronment that had been modelled.

The revised map of the dimensions of digital modernity is therefore shown in 
Figure 4.1. The three lower dimensions are all enabled by the ambient data in-
frastructure. It provides the data and reasoning power to create digital twins or a 
significant virtual world, whether virtual reality, the metaverse or a sophisticated 
computational model changing dynamically in real time. Such models power the 
surveillance economy and are transforming the battlefield.

�From Plato’s Cave to Zuckerberg’s

The status of the virtual or intellectual world is not a question that originated with 
digital modernity. It was already in discussion in Socrates’ metaphor of the cave 
from Plato’s Republic, which contrasted the perceptions of a group of prisoners 
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only able to see shadows cast by a flickering fire behind them, with those of some-
one who had escaped from the cave and seen the outside world in clear light (Plato 
1997, 1132–1135). Socrates’ description suggests that our knowledge of the eve-
ryday physical world is imperfect, whereas precision and perfect knowledge are 
only possible in the abstract, logical, mathematical, conceptual world of ideas, thus 
reversing an earlier Homeric picture (Arendt 1998, 292). This is a precursor of the 
principle that reality can’t beat the data.

The cave is a permanent prison for a pre-modern person. While a craftsman or 
woman can try to create objects guided by the ideas in their heads, the model they 
attempt to reproduce “possesses a degree of permanence and excellence which is 
not actualized but on the contrary spoiled in its materialization through the work of 
human hands. Work makes perishable and spoils the excellence of what remained 
eternal so long as it was the object of mere contemplation” (Arendt 1998, 303).

The key distinction is made, but nowhere does Plato suggest the distinctively 
modern thought experiment that the external, physical world does not exist. For 
that we had to wait for the cogito ergo sum argument of René Descartes’ Discourse 
on Method (1637), one of the intellectual foundations of modernity (Cahoone 
1987; Albano 2000). Descartes’ refusal to submit to appearances, instead relying 
on the subjective rationality of the individual’s cognition, it has been argued, was 
also mirrored in contemporary or even earlier philosophical shifts in some non-
European cultures (Lu 2019).

The construction of the subjective world, a demonic miracle for Descartes, re-
ceived a scientistic shift from Hilary Putnam, who suggested the possibility that, 
for all they know, people may be brains in a vat with a powerful computer simu-
lating reality by sending electrical signals direct to their neurons (Putnam 1981). 
Though both Descartes and Putnam raised these possibilities only to debunk them, 
the idea has been thought compelling (Chalmers 2022). Technologically, it is the 
imaginary that underlies virtual reality and would clearly require the use of AI to 
achieve real-time realism in the simulated world.

These ideas reached their popular fictional apogee in the 1999 film The Matrix, 
which among other things laid down the challenge of the red pill and the blue pill. 
Taking the latter allows the character to live peacefully in the virtual paradise, 
while the former shows him or her the true nature of reality – an allegory that still 
falls short of digital modernity while accepting its being and the force of its rep-
resentational abilities. It falls short because it argues that, while the virtual experi-
ence is perfect, it is not correct. Red-pilling reveals the more basic physical reality 
(the metaphor appeals to alt-right activists who claim that society and the media 
sell us bromides and a false sense of security).

What about an updated digitally modern cave, which (with a nod to the cham-
pion of the metaverse) we might call Zuckerberg’s Cave? This remains faithful to 
Plato’s contrast between the uncertainties of the physical world and the abstract, 
logical, precise world of data and ML. However, now there is no need for escape 
to the outside to calibrate the prisoners – ML could record and refine the flickering 
shadows in order to recover accurate signals of whatever caused them (admittedly 
it would need authoritative feedback for its training). From the noisy and imprecise 
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data, the informative signal could be extracted and communicated direct to the 
prisoners without releasing them. In Zuckerberg’s cave, digital modernity does not 
postulate a separate realm so much as promise an epistemologically transparent 
rendering of the existing physical world. As José Saramago put it in his prescient 
novelistic rendering of the rediscovery of Plato’s cave, the commercial infrastruc-
ture that sits on top of the cave is a perfect distributor of both material and spiritual 
goods with something of the divine about it, “not the work of vile matter but sub-
lime spirit.” It “writes straight on crooked lines” (Saramago 2002, 244).

Unlike Plato’s prisoners, Zuckerberg’s don’t need to escape, for two reasons. 
First, if they do, they become less, not more, informed because they have to rely on 
their (imperfect) senses, not the perfection of the analysed data. Human agency has 
thus been scathingly dismissed as “residual anthropolitical signature” (Land 2019, 
519), ultimately to be superseded by AI. And second, the physical world takes the 
data analysis as feedback to which it is expected to conform. As with the quantified 
self, recommended choices or data-driven policymaking, reality takes its cue from 
the data, not the other way round. The prisoners should rejoice because they have 
a ringside seat on what reality will become. Those in Plato’s cave, or Putnam’s vat 
or tormented by Descartes’ demon, are denied understanding of their world and are 
unaware of their predicament. But dwellers in the metaverse are fully aware, pre-
ferring the discipline supplied by the virtual and in the ideal, accepting its priority 
over the physical. Digital modernity hits a sweet spot for the prisoners.

�Reality Bites

These, of course, are narratives and are not constrained to happen. The ambient data 
infrastructure’s power may be less than anticipated, Zuckerberg’s cave may not be an 
effective prison, and the subjunctive world may not emerge. Indeed, despite the nar-
rative’s claim that the online and offline worlds are merging, we know that the offline 
world retains its own identity and integrity – it is what we are left with during a power 
cut. No narrative perfectly describes what will happen, so digital modernity will only 
be partially implemented. But could it fail altogether? In this section, I will briefly 
sketch three potential blockers: geopolitics, cybersecurity and economics.

The first is geopolitics. The ambient data infrastructure grew more or less or-
ganically in its earlier phases. As its main two components, the Internet and the 
World Wide Web, are both permissionless, all that joining required was to build 
something with compatible protocols. However, in more recent years, geopolitical 
realities have conspired to put a nationalist spin on cyberspace. It was no accident 
that the Internet and Web grew most dramatically in the 1990s, when a single su-
perpower dominated. Now that the monopolar moment is over, newly-assertive 
powers aim to exert control, including the EU (Bradford 2020; O’Hara and Hall 
2021, 77–91), China (O’Hara and Hall 2021, 125–144) and India (O’Hara and Hall 
2021, 183–199).

Recall the ambient data infrastructure as a stack. In order to achieve greater 
control over (or at least more information about) the use of the infrastructure, gov-
ernments create their own stacks of technologies and protocols that modify the 
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basic stack. Citizens can then be steered towards the national stack, either with 
the threat of punishment if foreign technologies are used (as with Russia) or by 
increasing the costs of using alternatives (as with India).

Russia has the greatest need for its own stack (O’Hara and Hall 2021, 154–172),  
both to prevent the flow of news into the country, and to increase resilience against 
Western sanctions following its illegal invasions of Ukraine. In this respect, the 
Russian infrastructure stack mirrors its own economy, which moved onto an 
autarkic footing shortly after its annexation of Crimea in 2014. Putin long saw 
the Internet as a CIA project but got around to manipulating it rather late (O’Hara 
and Hall 2021, 163). The state now censors drastically, while its local service 
providers are usually run by state proxies (e.g. social network VK is owned 
by a subsidiary of Gazprom). The government itself is using its e-government 
programmes and procurement power to push home-grown alternatives to key 
Western services such as search, business software, microblogging and video-
sharing. Internet Service Providers have strict instructions too to control dataflow 
(especially from outside Russia) and to disable specific services, e.g. to block 
the anonymous routing software Tor. Finally, at the physical level, its 5G mobile 
network suppliers are weak, and it lacks semiconductor expertise (its designs are 
poor and it usually needs them to be built in pro-Western places such as South 
Korea and Taiwan). On the other hand, some of its capabilities, such as vertically 
integrated super-apps, digital payments, security systems and cloud services, are 
impressive (Economist 2022).

China has a similar suite of capabilities in its own stack, including state-of-
the-art surveillance and face recognition systems. The Communist Party allows 
private enterprise as long as it is aligned with Chinese policy, and for a period 
between 2020–22, to show who is boss, the Party cracked down on the tech indus-
try, wiping over $1 trillion off the value of the sector. On the other hand, it also 
generously funds strategic technologies, such as semiconductors, AI, robotics and 
the IoT, as well as fostering technology hubs in specific regions. Its vague privacy 
and secrecy laws, combined with a cavalier attitude to the rule of law, mean that 
companies self-censor rather than risk its wrath. China also exports its technology 
via its Belt and Road initiative, e.g. building smart cities (very surveillance-heavy 
and branded as safe cities) in the global South. India’s own stack, based around its 
Aadhaar identity system and Unified Payment Interface digital payment system, 
is specifically created for export (O’Hara and Hall 2021, 196–199). These exports 
will certainly increase the soft power of both countries in the future.

Already, mutual suspicion has led to a fracturing of the ambient data infrastruc-
ture; apps, semiconductors, cloud services and networking equipment are often 
subject to sanctions and less likely to cross borders. A serious bust-up – such as a 
Chinese invasion of Taiwan – will only accelerate the fragmentation. Indeed, Taiwan 
is the world leader in cutting-edge semiconductor design, an essential industry that 
may be shattered by an invasion, thus undermining the infrastructure. Yet a large 
and integrated data infrastructure is needed to produce the giant quantities of data 
required by digital modernity. The demands of generative AI alone are colossal, in 
terms of data and cloud computing power (even if efficiencies will surely be found). 
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If data cannot be amalgamated across borders, only very large polities – India, China, 
the United States and the EU stand out – will be able to amass sufficient resources to 
push the technology further.

A related problem concerns the security of the infrastructure. Cybersecurity, 
cybercrime and misinformation are already massive businesses, and it may ulti-
mately prove that governments find the Internet to be too large an attack vector. 
Hackers may be independent criminals, government-sponsored or increasingly, 
deniable nationalists encouraged by, but at arms-length from, their government; 
Russia has almost perfected such dark arts, but most governments have expertise 
in the area (O’Hara and Hall 2021, 154–172). Certain technologies may make 
this problem intolerable – at the time of writing, there is much angst over the 
negative potential for generative AI, but we should also consider the so-far nas-
cent technology of quantum computing, which would be able to undo decades 
of cryptographic practice. Shor’s algorithm (Wong 2022, 341–343), a quantum 
algorithm for finding an integer’s prime factors, renders the factorisation prob-
lem which underpins public key cryptography solvable in polynomial time (i.e. 
quickly enough to make a difference).

A third problem is economics. At a key period in the development of the am-
bient data infrastructure (c.2007–22), interest rates were effectively zero, thanks 
to the post-crisis recession. This meant that investors were remarkably tolerant 
of companies which grew but did not earn profits because future profits needed 
little discounting. This funded a great deal of (sometimes productive) technological 
investment that nevertheless did not immediately produce profits in the near term. 
Facebook/Meta took the lead in developing the metaverse, followed by Nvidia 
and Microsoft. Several blockchain and cryptocurrency applications reached ex-
traordinary valuations. Many startups, such as WeWork and Uber, presented them-
selves as tech companies liable to benefit from network effects. However, with the 
return of global inflation, higher interest rates mean that investors are suddenly 
more interested in where profits might come from. Meta’s virtual reality division, 
Reality Labs, has lost billions of dollars, and investors have grown impatient. The 
blockchain world looks less inviting after several high-profile crimes and collapses. 
And it has been realised that many startups will not be able to leverage network 
effects. WeWork’s IPO collapsed when it was realised that, far from being a tech 
giant worth billions, it was actually a rather badly run office space rental company 
(Brown and Farrell 2021).

There is still plenty of money coming into tech. Generative AI is the latest 
excitement at the time of writing. But can it make money? ChatGPT 4.0 cost over 
$100 million to train, and its developers OpenAI lost a further $400m on top of 
that in 2022, through essential research into modelling techniques (Economist 
2023). OpenAI is funded at the time of writing largely by Microsoft, but it, and 
its shareholders, may stop writing blank cheques if income streams don’t emerge 
soon. For years, tech has been the only game in town for investors seeking big 
returns, but the transition to a green economy may soon provide alternatives, 
from new batteries to renewable energy to mining for essential metals like 
copper, nickel and lithium.
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�Conclusion: The Prospects for Counternarratives and Resistance

Thus stands the narrative(s) of digital modernity. Are there counternarratives avail-
able? We could deny that our current context is a species of modernity, but post-
modernism’s decadence and trivialisation of principle are hardly likely to wean 
people off their smartphones (O’Hara 2022, 144–152).

Alternatively, we could reconstruct the ambient data infrastructure, e.g. relocat-
ing it in the blockchain, providing transparency of data use and control over data 
(Gilder 2018). The problem with that option is that there is no evidence that ordinary 
data subjects are interested in pursuing their data protection rights and exercising 
such control (O’Hara 2023, 278–282). Like a sugar mountain, the discipline offered 
by digital modernity is too sweet, unavoidable and tempting for many to resist. And 
‘sugar mountain’ translated to German is, yes, Zuckerberg! Spooky!

Ultimately, the potential for top-down control offered by digital modernity may 
also be too tempting for policymakers, tasked with mitigating climate change, 
pollution, congestion, public health and security, to ignore. Furthermore, choice 
facilitated by the Internet can seem problematic from the perspective of authority, 
e.g. with pornography, populism, disinformation or self-harm sites. It remains to be 
seen whether smart cities or nudge paternalism live up to their rhetoric, or whether 
online harms can be suppressed, but digital modernity affords an opportunity for 
political elites to regain the control they have lost (or given away), if they can wrest 
it from private tech giants. The Chinese government flexed its muscles successfully 
with Tencent, Alibaba and Didi Chuxing in 2020–22 and brought them down to 
size, but this might well affect their innovative capabilities, especially with respect 
to AI (Kshetri 2023). Whether the US or EU can rein in the Silicon Valley giants, 
as they intend, without destroying the network value they create will be a seminal 
question for the remainder of the 2020s.
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�Introduction: Between the “Algorithmic Turn”  
and the “Nostalgic Turn”

My explorations in this chapter are situated at the intersection of two contemporary 
“turns” in the social sciences and humanities: “the algorithmic turn” (Edwards and 
Veale 2017; Gurumurthy and Bharthur 2018; Kiberg and Spilker 2023) and “the 
nostalgic turn” (Reynolds 2004; Jacobsen 2020; Brzeziński 2023). As conceptu-
alised by Doris Bachmann-Medick (2016 [2006]), “cultural turns” are interdisci-
plinary orientations that emerge in the social sciences and humanities, providing 
a foundation for innovative research by spawning new categories of analysis and 
often conceptual vocabularies. Plurality is an important feature of cultural turns 
that distinguishes them from paradigms. Also, new types of cultural turns con-
stantly spring up, frequently as a consequence of social and cultural change, as per-
fectly exemplified by the two orientations discussed here. Referring to the research 
challenges associated with the advent of “algorithmic culture,” Stefka Hristova, 
Soonkwan Hong, and Jennifer Daryl Slack (2021) conclude that “it is increasingly 
important to understand the ways algorithmic structures are shaping everyday life 
through recognition, calculation, automation, and prediction” (5). These issues are 
now among the most prominent topics addressed across the social sciences, hu-
manities, and technology (e.g. Marres 2017; Elliott 2018; Crawford 2021; Novotny 
2021; Beer 2024). For its part, the nostalgic turn is a term used by many intel-
lectuals today to describe the increasing importance of inquiry into longing for 
the past in our times (e.g. Boym 2001; Bonnett 2016; Leggatt 2018; Quill 2024). 
As Michael Hviid Jacobsen (2020) observes: “Sociology, psychology, anthropol-
ogy, historical science, political science, literary studies, business studies and so on 
have now discovered nostalgia as a potent and inexhaustible source of knowledge 
about individual behaviour as well as about ongoing cultural changes” (2).

Fundamental to my argument in this chapter is the fact that the transformations 
associated with the development of algorithms and artificial intelligence (AI) con-
cern not only the present and the future, but also the past and the way it is longed 
for. This is expressed, among other things, in the regular retrieval of past events by 
algorithms for social media and online platform users, the possibilities of the im-
mersive experience of the past provided by the latest technologies, and the role of 
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AI algorithms in shaping the fashion for nostalgic cultural productions (Lambert, 
Nansen, and Albert 2018; Pallister 2019; Tanner 2023). What all these develop-
ments have in common is the fact that the past becomes not only more “acces-
sible” but also more attractive owing to technology. Moreover, besides co-shaping 
nostalgia, new technologies make it possible to “intervene” in it. This is epitomised, 
e.g. by applications for “reviving” old photographs (e.g. Deep Nostalgia) and by 
the entertainment industry tapping into the most advanced technologies to stage 
returns to the past (e.g. ABBA Voyage) (Kidd and McAvoy 2023; Ng and Bax 
2023). I will take all these dimensions into account to re-theorise nostalgia in the 
age of the expansion of algorithms and AI.

The article is divided into three parts. In the first part, I outline prior conceptu-
alisations of nostalgia, foregrounding the many changes that have taken place in 
this regard over time. In the following section, I examine the ways in which algo-
rithms and AI bear on the human longing for the past. I list and discuss in detail 
four dimensions of “algorithmic nostalgia,” adopting Jenny Kidd and Eva Nieto 
McAvoy’s (2023) definition of it as “the generation and organisation (through 
automated and recursive algorithmic mechanisms) of particular memories that are 
aimed at eliciting nostalgic effects and affects in users of these technologies, in-
cluding for exploitative purposes” (624). In the final section, I ponder how recent 
developments in digital technologies should affect the way nostalgia is theorised 
in the social sciences and humanities. Notably, although the literature on both the 
algorithmic turn and the nostalgic turn is growing exponentially by the year, there 
is still a dearth of studies on the relationship between “algorithmic modernity”1 
and the intensification and transformation of yearning for the past.2 Meanwhile, as 
I will seek to demonstrate in this chapter, these issues are of critical importance to 
the contemporary world and call for in-depth research.

�“Nostalgia Isn’t What It Used to Be”

Contemporary studies on nostalgia often quote the title of Simone Signoret’s auto-
biography, Nostalgia Isn’t What It Used to Be (1978 [1975]). This statement per-
fectly reflects the thorough transformations that the idea of nostalgia has undergone 
over centuries. From a concept with a specific meaning in medical discourse, it has 
evolved into a term with an extremely broad semantic field, widely used in the so-
cial sciences and humanities (Illbruck 2012; Sedikides et al. 2015; Dodman 2018). 
Moreover, along with social, political, cultural, and – particularly relevant to this 
article – technological changes, the way nostalgia manifests itself has been mor-
phing, urging constant reflection on how it is conceptualised (Boym 2001; Bauman 
2017; Leggatt 2018; Jacobsen 2020). In the following, I will outline the key stages 
of these transfigurations, which will provide underpinnings for my later analyses of 
the impact of algorithms and AI on the way nostalgia is experienced.

Although a yearning for the past is a common experience, and descriptions of it 
can be found in the most important works of world literature, the term “nostalgia” 
itself was only coined in the second half of the 17th century. It was invented by the 
Swiss physician Johannes Hofer, who combined two Greek nouns: nóstos, that is, 
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“homecoming,” and álgos, that is, “suffering.” Hofer (1934 [1688]) elucidated: “so 
that thus far it is possible from the force of the sound Nostalgia to define the sad 
mood originating from the desire for the return to one’s native land” (380–381). 
As a medic, Hofer depicted nostalgia as a disease, counting melancholy, insomnia, 
weakness, stupor, fever, and the like complaints among its symptoms. He observed 
those disorders among Swiss mercenaries, who served in armies away from their 
homeland. The notion of nostalgia was used in this or a similar sense for many 
decades to come (Illbruck 2012; Dodman 2018).

With time, the study of nostalgia was abandoned in medical science, not least 
because of the impossibility to establish its somatic origins. In the 20th century, 
nostalgia invited interest from psychologists. However much they changed their 
perspective on the sources of nostalgia, they initially tended to share medical schol-
ars’ assessment of it, as recounted by Clay Routledge (2015): “Psychologists were 
thus continuing the tradition of viewing nostalgia as an ailment. They did not be-
lieve that nostalgia was necessarily a disease of the body. Instead, it was a disorder 
of the mind” (5). It did not take long, though, for the psychological conceptualisa-
tions of nostalgia to begin to change (Wilson 2005; Sedikides et al. 2015). This 
was reflected in a widening of the semantic scope of the term, which was no longer 
defined as a longing for a particular place, but as a consequence of remembering 
specific aspects of the past. In tandem with this shift, psychologists also stopped 
regarding nostalgia as destructive to the individual, in favour of considering it a 
“bittersweet,” paradoxical, or ambivalent emotion (Batcho 2020).

In the second half of the 20th century, the study of nostalgia was also undertaken 
by social scientists, most notably sociologists, anthropologists, and cultural studies 
scholars (Nisbet 1972; Davis 1979; Frigessi Castelnuovo and Risso 1982; Rosaldo 
1989). A key role in the development of this scholarship is commonly attributed to 
Fred Davis’s book Yearning for Yesterday: A Sociology of Nostalgia (1979). Davis 
defined the scope of the new sub-discipline as follows: “A sociology of nostalgia 
(…) is concerned with tracking down the sources of nostalgic experience in group 
life and determining what general relevance and meaning nostalgia has for our 
present life and, somewhat more abstractly, what consequences it has for society 
as a whole” (1979, vii). Davis analysed various types and dimensions of nostalgia 
and identified its functions in social and individual life, highlighting its role in 
maintaining identity at a time of significant change. Davis also investigated the 
causes behind the transformation nostalgia was undergoing at the time, and among 
those he pointed to the development of technology and the media industry. He 
anticipated that the longing for the past would be increasingly mediated by media 
and mass culture.

In the 1980s and 1990s, many publications offered new insights into the mu-
tations of nostalgia in society and culture. For example, Jean Baudrillard (1983 
[1981]) and Fredric Jameson (1992) examined the role and significance of nostalgia 
in the films and media culture of the time. In their view, the increasingly fashion-
able, and at the same time increasingly superficial, exploration of the past in films 
led to a considerable flattening of the temporal perspective. Nostalgia was not what 
it had been before also in the sense that it had become detached from individual or 
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collective memory and transformed into a simulacrum. Soon enough, Arjun Appa-
durai (1996) introduced the notion of “armchair nostalgia” to describe “nostalgia 
without lived experience or collective historical memory” (78). Appadurai argued 
that a substantial part of yearning for the past was being shaped by marketing and 
commercial operations, where references to past lifestyles, values, and norms were 
designed to encourage consumers to buy certain products. This kind of nostalgia 
could be entirely “imaginary” and concern phenomena that had never existed. Em-
phatically, Baudrillard’s, Jameson’s, and Appadurai’s theorisations referred to the 
developments that are also important aspects of “algorithmic nostalgia.”

Of particular relevance to contemporary nostalgia studies is Svetlana Boym’s 
The Future of Nostalgia (2001). In the book, she proposed a now almost classic 
distinction into restorative nostalgia focused on the desire to reconstruct the past 
and reflective nostalgia with the past only being a loose inspiration for current prac-
tices. According to Boym, both types of nostalgia exert a powerful influence on the 
contemporary condition, making the longing for the past a salient factor in social, 
cultural, and political change. Discussing the reasons for the contemporary rise of 
nostalgia, Boym (2001) noted: “In counterpoint to our fascination with cyberspace 
and the virtual global village, there is a no less global epidemic of nostalgia, an af-
fective yearning for a community with collective memory, a longing for continuity 
in a fragmented world” (xiv). Almost a quarter of a century after this observation 
was articulated, one cannot help but point out that today’s fascination with nostal-
gia does not occur in counterpoint to the fascination with cyberspace anymore, but 
goes hand in hand with it.

Throughout the 21st century, there has been a steady growth of interest in nos-
talgia in the social sciences and humanities. The role and significance of nostalgia 
are analysed, among other contexts, in contemporary politics, where the past is 
instrumentally invoked in order either to petrify the existing order or to transform 
it with a view to restoring lost values, structures, or institutions (Quill 2024). This 
tendency is epitomised by publications on Brexit (Henneböhl 2023), the spread of 
populism and nationalism in world politics (Cooter 2024), and the resurgence of 
imperial aspirations (Sullivan 2022), to cite but a few examples. Nostalgia is also 
extremely important for consumer culture today (Cross 2015). While vintage and 
retro styles are in the ascendancy, marketing strategies capitalise on these fashions 
to boost sales of goods and services. This process, which is sometimes referred 
to as the commodification of nostalgia, can also be observed in popular culture 
(Reynolds 2011; Bevan 2019; Leggatt 2021), as many contemporary films and se-
ries, computer games, and songs are created in styles reminiscent of older cultural 
models.

Simone Signoret’s remark that “Nostalgia isn’t what it used to be” perfectly 
captures the essential historical transformations of the yearning for the past and 
its metamorphoses amid contemporary social, cultural, economic, and political 
changes. Sketched above, the simulacrisation, instrumentalisation, commodifica-
tion, and pop-culturalisation are radically redrawing the relationship between the 
past, present, and future. In the following section, I will analyse the role that the 
latest digital technologies play against the background of all these transformations.
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�The Dimensions of Algorithmic Nostalgia

The relationship between technology and nostalgia is multidimensional (Niemeyer 
and Siebert 2023). One facet of it is “technostalgia,” that is, the increasing popu-
larity of technological inventions from decades ago (Bartmański and Woodward 
2014; Lepa and Tritakis 2016; Adams et al. 2019; Burns 2021; Dang et al. 2023). 
These include, e.g. vinyls, CDs, and cassette tapes, video games from the late 20th 
century, and equally old, or even older, electronic devices. All these products are 
now important accessories of vintage fashion. In addition, they are often a refer-
ence point for contemporary designers inspired by the aesthetics of “technostal-
gia.” “Algorithmic” nostalgia, which I discuss in this section, is a different thing. 
It is not about a fascination with devices and technological solutions devised in the 
past, but about how the latest algorithm-based technologies affect the way, scope, 
and intensity of people’s experience of longing for the past (Kidd and McAvoy 
2023). In my view, four main areas stand out in this respect: the generation of nos-
talgic content by algorithms on social media platforms; the promotion and further 
development of nostalgic productions by the algorithms of streaming and online 
video platforms; the reshaping of the existing content through modern digital tools 
to give it a nostalgic quality or to intensify it; and the digital “restoration,” “recrea-
tion,” or “reconstruction” of the past, opening up the possibilities of experiencing 
nostalgia in ways unavailable before. I will look into these dimensions of “algorith-
mic nostalgia” in this section of my paper.

The Algorithmic Generation of Nostalgia on Social Media Platforms

Mykola Makhortykh’s (2021) observation: “Today, instead of madeleine cakes, we 
increasingly rely on digital devices and online platforms to rekindle our memo-
ries” (180) is a good starting point for discussing algorithmic nostalgia. Indeed, 
algorithms and AI ever more powerfully influence how memories are shaped and 
organised (Jacobsen and Beer 2021). This includes their impact on the triggering 
of nostalgia. One well-known aspect of this process is the generation by social 
media platforms of collages of photographs or other content linked to a significant 
event in the life of an individual or a group. This content frequently comes with an 
automatically generated (often congratulatory) commentary and is usually accom-
panied by engaging music. This is how Facebook’s “On This Day,” Google Photos’ 
Memories, and Snapchat Memories work. The designers of the former, Omid Aziz 
and Manohar Palouri (2016) professed that: “Because memories are so personal 
and unique, we wanted to make sure On This Day shows people the memories they 
most likely want to see and share, especially when it comes to the memories they 
see in News Feed.”

It takes AI software with content filters and ranking procedures to generate al-
gorithmic nostalgia on social media platforms. As a result, the content the users are 
not likely to wish to revisit is filtered out, while bringing back the content expected 
to stir nostalgia. In my view, “quantified nostalgia” is a notion that aptly describes 
these processes. The term was introduced by Benjamin Jacobsen and David Beer 
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(2021), who explained that it was meant to define “how metrics are variously per-
formative in memory making, and how regimes of ordinary measures can figure 
in the engagement and reconstruction of the digital past in multiple ways, shaping 
both how people engage with it in the present, how they remember it, and how they 
feel about those automated memories”. Crucially, the procedure of algorithmic 
quantification is inextricably linked to the instrumentalisation and commodifica-
tion of nostalgia I analysed in the first part of the paper. The connection lies in that 
the agency of algorithms in evoking a longing for the past is calculated to benefit 
the policies that media corporations and online platforms launch to enhance user 
attachment to their products and thus increase their revenues.

The algorithm-based filtering of the content that might evoke negative memories 
can be interpreted as exemplifying the idealisation of the past, which is characteris-
tic of nostalgia. “The past (…) is turned into mythology,” as neatly encapsulated by 
Janelle Wilson (2005, 23). However, the mythologisation of the past by algorithms 
is not always fully successful. It is not uncommon for them to fail to recognise that 
some events assessed positively at a past stage of life may be viewed quite differ-
ently in retrospect. Photo-collages and memorial videos with presumably happy 
overtones sometimes include images of people with whom the individual is no 
longer on good terms, or who have tragically died (Lambert, Nansen, and Albert 
2018). However, while such imperfections in the predictive analytics of algorithms 
are quite common, their capacity to adequately categorise memories remarkably 
improves over time thanks to AI.

Nostalgic Content on Streaming and Online Video Services

The increasing popularity of films, TV series, and musical works that rely on mod-
els from the past or recreate the past (Lavigne 2016; Kay, Mahoney and Shaw 
2017; Pallister 2019; Bevan 2019; Leggatt 2021) stems from a wide variety of 
sources, a detailed analysis of which is beyond the scope of this text. By way of 
context, let me only mention that this phenomenon represents what Simon Reyn-
olds has dubbed “retromania” (2011). Using popular music as an example, he has 
argued that contemporary culture focuses on the creative reworking of old mo-
tifs, which puts it at the other pole of the continuum, opposite to the progressive, 
revolutionary cultural changes of the 1960s, the 1970s, and partly the later 20th 
century. From another perspective, the popularity of nostalgic cultural productions 
can be interpreted as embodying “retrotopia,” that is, as Zygmunt Bauman (2017) 
diagnosed, the shift of modern society’s attention to the past as a consequence of 
the increasing unpredictability and perils of the future. However, the notions of 
“retromania” and “retrotopia” would not be sufficient in my argument without out-
lining the role of streaming and online platform algorithms in developing nostalgic 
cultural productions.

The way these platforms work is based on a complex system of recommenda-
tions (Hallinan and Striphas 2016; Bischoff 2023). Their algorithms collect data on 
films, music, and series that users select in real time. On the basis of this informa-
tion, as well as demographic data about users, among other things, similar content 
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is recommended to them, since these, the algorithms estimate, will find it appealing 
as well. Moreover, the streaming and online platform managers are guided by the 
aggregated data to make decisions on new cultural productions. This is because 
adapting their format to the expectations of the audience is likely to boost viewing 
or listening figures, and thus also the financial performance of media corporations. 
In an algorithmic culture, this quantification and the predictions founded on it are 
therefore among the most important causal factors. This process is instantiated by 
the ever more robust presence of nostalgic productions on streaming and online 
video platforms, ranging from the works created in previous decades and their re-
makes to re-boots and other productions that take viewers back to the past.

The feedback loop is well illustrated by the policies of Netflix, whose role 
in popularising and developing nostalgic productions has been characterised as 
“weaponizing nostalgia” by Mayka Castellano and Melina Meimaridis (2019). 
Firstly, Netflix provides instant access to a wide array of films and shows produced 
in the more-or-less distant past. The very names of some of the Netflix library 
catalogues, such as “The Nostalgic ‘90s,” and “The Totally Awesome ‘80s,” are 
much-revealing in this context. Secondly, with an eye on the viewing figures and 
the expected financial returns, the platform produces many remakes, reboots, or 
sequels to already classic film and TV works. This production segment has been 
pivotal to the platform’s policy for several years now. Thirdly, Netflix initiates new 
productions that are redolent of works from years ago stylistically, aesthetically, 
and thematically. In this way, the platform not only responds to audience expecta-
tions but also stimulates them in a creative way. In the context of the importance 
of nostalgia to Netflix operations, Kathryn Pallister (2019) observes that “while 
nostalgia can seduce audiences into sitting down on their couches for a one-night 
stand of a viewing session, the Netflix platform invites them to sit and stay for a 
while, turning the seduction into a long-term relationship” (2).

Algorithmic Processing of Photos and Videos to Provide or Intensify Nostalgia

It is somewhat of a paradox that modern technologies not only make it possible to 
capture images and video footage more and more perfectly but also supply tools 
for achieving the opposite outcomes. Specifically, there are applications and filters 
which use AI algorithms to offer multiple options for producing vintage effects. By 
means of these features, photos taken and videos made today, and images created 
with generative AI tools can be styled to look like any past era or as made with 
devices manufactured years, decades, or even centuries ago. For example, filters 
can make contemporary photographs resemble pictures taken with classic Polaroid 
cameras, and films mirror the VHS recording modes. At the same time, generative 
AI tools are able to create a series of images to mimic a style of the past chosen by 
the user.

This dimension of algorithmic nostalgia is to some extent an exemplification 
of the “reflective” longing for the past, as distinguished by Boym (2001), since 
its aim is not to recreate the past but to creatively transform it. It does not seek to 
bring to light the truth of reality but to uncover the ambivalences of that reality. 
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In essence, however, vintage photographs, films, and paintings represent a very 
unorthodox form of nostalgia. The point is that what happens in this case is not a 
recollection of the past in the present, but a transformation of the present into the 
past. Moreover, as noted by Gil Bartholeyns (2014), “digital retro photography” is 
a “self-induced nostalgia.” Bartholeyns clarifies: “In short, nostalgia could not be 
ordered on demand. Now, however, we can conjure it up and, even as we experi-
ence it at the sight of something on the street, at home or on a journey, we have the 
means to display it and be moved by it” (55). Though already formulated a decade 
ago, this insight perfectly applies to the vintage images created by generative AI.

However, today’s technologies make it possible not only to “age” photographs 
taken today or generate images based on them but also to animate, or “revive,” 
those taken in the past. One of the most popular tools used for this purpose is My-
Heritage’s Deep Nostalgia, available since 2021. The feature is used to make short 
animations from archival portrait photos, so that the people captured in the photo-
graphs can smile, blink, move their heads, and perform similar movements. Kidd 
and McAvoy (2023) conducted a study on the social reception of this functionality 
based on a netnographic analysis of Twitter data on the hashtag #DeepNostalgia. 
Their research showed that most users of the feature not only received it positively 
but in fact reacted enthusiastically to being able to see animations of their deceased 
relatives, historical figures, and other people. However, the sample also included 
posts expressing ethical concerns, reservations about the quality of the anima-
tions, and remarks on their similarity to deepfake technology. In conclusion to their 
research, Kidd and McAvoy stated: “Deep Nostalgia’s shift from photo to video 
reshapes and remediates memory such that it becomes both real and unreal, im-
mediate and remote, comforting and disturbing”. Indeed, both Deep Nostalgia and 
other functionalities with similar properties, working with generative AI technol-
ogy, contribute to multiplying the ambivalences of nostalgia. Its inherent complex 
relationship between the past and the present becomes much more problematic 
as a result of “reviving” the past. Moreover, the “bittersweetness” constitutive of 
nostalgia is also intensified by the simultaneous arousal of disparate emotions as 
a result of the “revival” of the people in pictures and films. Importantly, these 
functionalities are by no means niche tools today. On the contrary, as their popu-
larity spreads, they are likely to influence the experience of nostalgia ever more 
powerfully.

Nostalgia in the Age of Algorithmic Reconstructions of the Past

As already mentioned, the last type of algorithmic nostalgia involves restoring, 
recreating, or reconstructing the past through AI. This practice takes many different 
forms, the most famous of which are associated with the entertainment industry.3 
For example, The Beatles’ song “Now and Then,” which dates to the 1970s, was 
released again almost half a century later, in November 2023. It was originally 
recorded as a solo home demo by John Lennon in 1977, and the tape, along with 
“Free as a Bird” and “Real Love,” was given to Paul McCartney by Yoko Ono 
in 1994. Due to the poor quality of the recording of “Now and Then,” it was not 
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included in the The Beatles Anthology project, which was being compiled at the 
time. The publication of the song was only made possible by the development of 
AI. Lennon’s voice was distilled via the machine learning audio restoration, and the 
bass, guitar, and drum parts were then added to it. The intermingling of the past and 
present temporal perspectives in the editing history of this song is vividly conveyed 
by the video for it. In a Peter Jackson-directed clip, Paul McCartney, Ringo Starr, 
George Harrison, and John Lennon are shown at various stages of their lives, with 
historical stills of the deceased bandmates superimposed on contemporary shots 
of the living members. Upon its release, the song became hugely popular around 
the world, standing as excellent testimony to the power of nostalgia in contempo-
rary culture. Importantly, it is a nostalgia that transcends the restorative-reflective 
dichotomy. Specifically, this longing has to do with reconstructing the past, but its 
source is the restoration of a lost element of that past, rather than its absence. At 
the same time, although this longing “cherishes shattered fragments of memory” 
(Boym 2001, 49), it is alien to an ironic distance in this respect. All this demon-
strates the utter novelty of this dimension of algorithmic nostalgia.

Another nostalgic return made possible by the advancement of AI was the 
“ABBA Voyage” project. Several years in the making, the show eventually took 
place in London in May 2022, with the technology installed in a purpose-built 
arena taking the audience “back in time.”4 During the concerts in the “ABBA 
Arena,” the roles of Anni-Frid Lyngstad, Benny Andersson, Björn Ulvaeus, and 
Agnetha Fältskog were played by hyper-realistic avatars that reproduced the way 
the group members looked in the 1970s. Jenna Ng and Nick Bax (2023) detail the 
technical particulars of the show: “Visual effects artists modelled, animated and 
rendered the ABBA-tars using past negatives, footage and motion capture. The 
‘concert’ of ABBA Voyage, then, presents these animations of ABBA appearing 
as their past selves on a stage-spanning 65 million-pixel screen before a live audi-
ence, backed by a ten-piece live band with surround sound and lighting effects” 
(160). The phenomenon of the “ABBA Voyage” perfectly illustrates the vital role 
that technology plays today not only in providing an opportunity to return to the 
past but also in shaping nostalgia for the past. Paradoxically, this return is also a 
step forward, towards the prospects offered by AI. The dimension of algorithmic 
nostalgia discussed here blurs not only the boundary between temporal planes but 
also the line between reality and hyperreality. It transports viewers into a realm 
of nostalgic simulacrisation, where “the map precedes the territory” (Baudrillard 
1983 [1981], 1).

The two examples of algorithmic nostalgia I cite5 can be interpreted as incarnat-
ing what Grafton Tanner (2023) referred to as “foreverism.”6 In his likewise titled 
book, Tanner (2023) explains: “To foreverize something is not merely to preserve 
or restore it but to reanimate it in the present and ensure its future survival, forever” 
(18). Tanner emphasises that foreverism has a complex relationship to nostalgia. 
On the one hand, foreverism ensues from a longing for the past. In response to 
this sentiment, and thanks to the possibilities offered by today’s technology, many 
initiatives are now being implemented to restore, resuscitate, or ultimately for-
everise the past. Colonised by capitalism, nostalgia is thus being monetised. On 
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the other hand, however, as Tanner argues, foreverism contributes to the elimina-
tion of nostalgia by making the past present in an “expanded” present. He points 
out that “if nostalgia is the emotion experienced when something normally absent 
becomes momentarily present, in our minds or in everyday life, than the constant 
presence of the past in the contemporary does not amount to ‘nostalgia’ as much 
as something else” (Ibid., 17). While agreeing with most of Tanner’s conclusions 
about the salience of foreverism in contemporary culture, I have reservations about 
his latter claim. In my view, nostalgia is by no means disappearing as a result of the 
restoration of the past; rather, it is undergoing profound transformations, which I 
have conveyed above through the concept of “algorithmisation.” I would describe 
the relationship between nostalgia and foreverism as a continuous dialectic, where 
the two components reinforce each other while simultaneously modifying each 
other. Thus, if foreverism eats its tail, it is only to be reborn again and again, like 
the ancient Ouroboros.

�Conclusion: Theorising Nostalgia in the Age of Artificial Intelligence

In this chapter, I have analysed the complex relationship between the development 
of AI and the increasing centrality of longing for the past in contemporary culture. 
I have sought to show that the two phenomena, though seemingly independent, are 
in fact meaningfully interconnected. One of the directions in which technology is 
heading today is the generation, intensification, and transformation of nostalgia. 
This purpose is served by certain functionalities of social media and online plat-
forms; algorithms in streaming and online video services; photo and video editing 
applications and AI tools for generating images; and sophisticated projects imple-
mented by the entertainment industry. At the same time, “retromania,” “retrotopia,” 
and vintage fads are a factor in the policies of media corporations and the entertain-
ment industry. Technological solutions are being sought to respond to consumer 
needs and expectations. In this way, the instrumentalisation, commodification, and 
monetisation of nostalgia, which started at the end of the 20th century, are intensi-
fying. All in all, all the processes I have detailed contribute to the multidimensional 
phenomenon of “algorithmic nostalgia.”

In the closing words of his editorial introduction to Nostalgia Now: Cross-
Disciplinary Perspectives in the Past in the Present, Michael Hviid Jacobsen 
(2020) urged that “nostalgia is (…) in desperate need of theoretical elaboration 
and empirical investigation” (24). This need stems both from the increasing promi-
nence of yearning for the past in the contemporary world and from its current 
essential transformations. My analyses show that, in the age of the expansion of 
algorithms and AI, many prior ways of making sense of nostalgia should be re-
vised. Firstly, contrary to the meaning of nóstos, nostalgia today does not always 
refer to what has been irretrievably lost, as technology promises many possibilities 
to restore and even improve what has passed. Secondly, in opposition to the term 
álgos, nostalgia today is very often associated with pleasant and joyful experi-
ences and, as a result, can also be monetised. Thirdly, in the algorithmic condition, 
the role of the Proustian madeleine is being taken over by applications, features, 
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and other AI-based tools. Fourthly, while always constitutive of nostalgia, a crea-
tive relation to the past is currently soaring, aided by AI-driven simulacarisation. 
Fifthly, contemporary nostalgia is not necessarily characterised by thinking about 
the past from the perspective of the present but may involve converting the present 
into the past via the digital tools or the fusion of the two.

All these revisions are relevant to empirical research. The indispensable trans-
formations in how nostalgia is conceptualised and operationalised are crucial to 
the validity of this research. This concerns not only the investigation of the origins, 
evolution, and functions of the algorithmisation of nostalgia but also inquiry into 
the related processes in consumer culture, the entertainment industry, and on the 
media market. The new theoretical framework of nostalgia I have presented here 
should also be applicable to the study of other dimensions of the contemporary 
longing for the past, including past-oriented identity transformations, ideologies, 
and political movements. Tellingly, algorithms and AI will certainly have an ever 
more important part in undertaking these research investigations.
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Notes
	 1	 In using the term “algorithmic modernity,” I draw on Anthony Elliott, who introduced 

it in his book Making Sense of AI: Our Algorithmic World (2022) to depict the very 
significant social, political, and cultural changes unfolding today as a result of the 
development of AI.

	 2	 For illuminating discussions, see Niemeyer 2014; Lambert, Nansen, and Arnold 2018; 
Pallister 2019; Jacobsen and Beer 2021; Makhortykh 2021; Kidd and McAvoy 2023; 
Niemeyer, Sieber 2023; Tanner 2023.

	 3	 A good example from outside the entertainment industry might be the event held at the 
Keats-Shelley House in Rome on 23 February 2021, the centenary of John Keats’ death. 
In collaboration with the Institute for Digital Archaeology in Oxford, an attempt was 
made to “virtually recreate” the poet. The event included a CGI (computer-generated 
imagery) recitation of Keats’ poem “Bright Star” (Albano 2021).

	 4	 Tellingly, the popularity of the ABBA Voyage concerts has not subsided. As a result, 
in March 2024, the show’s producer, Svana Gisla, announced that she was considering 
plans to build similar arenas in other European countries, the United States, and Australia 
(Masson 2024).

	 5	 Another example of the AI-driven phenomenon of “resurrecting” the past is the creation 
of digital hyper-realistic avatars of celebrities. For example, in March 2024, at the South 
by Southwest (SXSW) conference in Austin, Texas, the New Zealand-based company 
Soul Machines presented the “Digital Marilyn” project: a digital version of Marilyn 
Monroe capable of interacting with people in real-time and engaging in dialogue with 
them. The digital Marilyn is supposed to read users’ emotions, analyse their preferences, 
and adapt her responses accordingly.

	 6	 The issue of the relationship between experience of time and the development of 
algorithms and AI is comprehensively discussed by Helga Novotny, the author of the 
concept of “digital time” (2021).
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�Introduction

As we are experiencing rapid changes in the media environment and public commu-
nication patterns currently, it is crucial to take into account the conditions of modern 
public spheres when analysing theories of journalism related to artificial intelligence 
(AI). In characterising contemporary public spheres as disrupted and disconnected, 
Bennett and Pfetsch (2018: 245) accentuate two fundamental changes: first, the 
proliferation of social and digital media, which has increased the dispersion and 
cacophony of public voices (Dahlgren 2005: 151); second, this fragmentation of 
publics has led to an “inability to communicate across differences” (Waisbord 2016: 
2). Challenges such as polarisation, the intermingling of information and misin-
formation, greater external interference in communication, particularly in political 
communication (for instance, subversive use of social networks during elections), 
strategic communication practices of different actors, and the asymmetry between 
entities in global communication processes have been observed for some time 
(Bennett and Livingston 2018; Winiarska-Brodowska 2020). These complex shifts 
necessitate a transdisciplinary approach to the evolving role of journalism in the AI 
context and the development of responsible technologies.

AI strengthens discussions around communication disruptions, fragmentation 
and polarisation, mis-, dis- and mal-information1, cheap fakes2 and semi-true 
news, the misuse of AI technology, and manipulation in the media ecosystem 
currently (Feher et al., 2024). Particularly, if AI developers and investors express 
concerns over the emergence of cultural islands shaped by personalised content 
and a user-preference-driven news industry, which could potentially lead to the 
demise of democracy (Feher and Veres, 2022). The trend towards democratic 
erosion and the emergence of illiberal public spheres are increasingly under-
scored within this framework, where “illiberal communication creates ‘transgres-
sive publics’ that attempt to exclude others” (Bennett and Kneuer 2023). In this 
context, it is crucial to remember that “from a functional and empirical perspec-
tive, the public sphere remains dependent on the pivotal services of journalism” 
(Nuernbergk 2022: 1; see also earlier classic works, e.g., de Tocqeville 2004). 
However, the role and impact of journalism are continually being redefined in an 
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increasingly digital and networked world, with discussions around concepts such 
as echo chambers3 and filter bubbles4, and the impact of selective exposure in a 
high-choice media environment. In this context, AI technology triggers societal 
and cultural reflection on responsibility issues (Feher et al. 2024).

Considering the technology, automation and prediction are two algorithmic 
functions which are currently commonly used in journalism (Newman 2024). The 
former is used to replace routine and repetitive tasks, while the latter will mean 
that in future automated societies, “sophisticated predictive programs will forecast 
women and men’s evolving tastes and preferences in media” within which “people 
will communicate and interact with each other in the language of their choosing, 
activating superfast machine translation software in an instant” (Elliott 2022: 175). 
At the present time, however, despite the benefits they may bring both to media 
producers and to users alike, automation and prediction “raise concerns about the 
quality, diversity, and responsibility of journalism” (Blassnig et al. 2024). Empiri-
cal investigations on algorithmic automation and personalisation of news recom-
mendations in news media environments have – despite significant interest – still 
remained limited, especially in cases of small media markets and across different 
organisational types (cf. ibid.). Blassnig et al. (2024: 10) indicate that media pro-
fessionals currently view the implementation of the two algorithmic functions as 
a delicate equilibrium between aligning with and distinguishing themselves from 
other news organisations and intermediaries and they add that:

Retaining journalistic responsibility was seen, among other things, in the 
demarcation of news media from social media and other intermediaries. In 
contrast to the co-orientation arguments supporting NRS [news recommender 
systems] implementation, we also heard the argument that news media outlets 
are not, and should not be, like social media: Journalism must differentiate 
itself from such platforms regarding its quality, goals, and thus its use of NRS.

As Friemel and Neuberger (2023) note, unlike journalism, the majority of 
social media platforms avoid taking responsibility for their content. Indeed, Zuboff 
(2019) argues that they are radically indifferent to the content quality in an effort 
to boost the audience size for each piece of content and to maximise the volume of 
content consumed by each user. The question centres on how leading theories in 
journalism interpret these changes.

The chapter presents current research trends in Media and Communication 
Studies on AI and examines theories of journalism related to AI. The chapter 
is divided into four parts. The first outlines the background to the research by 
explaining the notion of socio-cultural artificial intelligence (SCAI, first initially 
defined by Feher and Katona 2021) and introduces the topic of journalism theories. 
In the second part, the methodology used in this study is described, while the third 
part presents the results of a systematic literature review, with sections relating to 
research areas: (1) the leading SCAI research trends in media and communication 
studies, and (2) theories of journalism related to SCAI in academic research. The 
final section offers a discussion of the findings and final remarks.
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�Background: Socio-cultural Artificial Intelligence (SCAI) 
and Theories of Journalism

The interplay between cutting-edge digital technology and the socio-cultural con-
structions is complex and dynamic. Research informed by – in Liu’s (2021) cat-
egorisation – the cultural AI perspective looks at AI as a social phenomenon and 
“examines its interactions with the wider social, cultural, economic and political 
conditions in which it develops and by which it is shaped” (ibid.: 2). This research 
perspective reflects on AI-triggered new trends, processes, actions, and relations in 
a wide range of social contexts.

Likewise, Feher and Katona (2021) use the term socio-cultural AI (SCAI), which 
views technology as a tool and not as an ultimate goal, as is the case with techno-AI. 
Social science and humanities define AI-related socio-cultural issues with a broad ar-
ray of topics from AI-related policymaking to fake news. One example of work that 
represents this perspective is Elliott’s (2018) book The Culture of AI, which explores 
the broader and longer term social impacts of AI in the digital age. SCAI research 
is still a burgeoning field and in comparison to techno-AI research, it is underrep-
resented in academic databases, but as underlined by Feher and Katona (2021), the 
leading academic databases, such as Web of Science and Scopus, still present a suit-
able number of high-ranked publications for analysis in relation to technology and 
the number of socio-cultural AI-related publications has increased significantly since 
the last decade. Research on media and communication constitutes a significant part 
of a large body of SCAI investigations, and in particular journalism.

Theories of journalism offer a comprehensive understanding of the intricate in-
terplay between social practices, products, and institutional arrangements by provid-
ing explanatory frameworks. Contemporary journalism theories have developed an 
equal interest in the process of news production and the final product. However, they 
still need to be mindful of the quality and nature of the spaces journalism is creating 
because, as Reese (2016) explains, “journalism seeks to observe and communicate 
what it learns of social importance, something called news, and in doing so is always 
in the process of creating a public by bringing it into synchronised conversation with 
itself”. Recently, the disruptive effect of the Internet can be observed (Bennett and 
Pfetsch 2018; Bennett and Livingston 2018). In many democracies, there is a discon-
nection of the public from institutions of the press, as well as growing social divides 
and polarisation. The present transitional phase, whose outcome remains unclear, is 
described by Schlesinger (2020) as an unstable “post-public sphere”. In networked 
public spheres (Castells 2008), new deliberative spaces emerge and journalism theo-
ries now need to be concerned with understanding the nature and quality of these 
spaces, the shape they take on, and their implications for healthy democracies.

�Methodology

For trend analysis, topic modelling and association networks of qualified academic 
research was presented first for conceptualising SCAI by Feher and Katona (2021), 
collecting data between 2009 and 2019 from high-ranked academic databases, 
including Scopus, EBSCO Information Services, JSTOR Digital Library, ArXiv 
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e-print Service, Directory of Open Access Journals, Social Science Research Net-
work, and Institute of Electrical and Electronics Engineers. The systematic litera-
ture review presented a comprehensive analysis of 607 academic sources.

In this study, we expanded upon previous research of SCAI (Feher and Katona 
2021) by performing a follow-up analysis for 2020–2023 with 783 abstracts 
retrieved from the Scopus database. We exclusively utilised the Scopus data-
base due to its extensive coverage and the quality of its peer-reviewed sources, 
enabling a more streamlined and focused analysis of journalism theories. Not 
all scientific articles present keywords directly, which is why the missing key-
words were, if possible, retrieved from other sources or constituted an acceptable 
amount of missing data.

By adopting a nuanced methodological approach, this study aims to conduct an 
in-depth investigation of the journalism landscape within the AI context. To achieve 
this, it employs qualitative content analysis (QCA), a research method which allows 
for a detailed exploration of how SCAI influences and shapes journalism, providing 
insights into emerging trends and theoretical developments. With this extension, a 
summary of 2009–2023 SCAI and journalism has become available.

In the face of the emerging challenges discussed in SCAI research, such as disin-
formation in the digital age, it seemed worth analysing new trends in journalism the-
ory. This is also important because of the special role of journalism in a democracy, 
which cannot exist without a free press, as citizens must be well informed to make the 
“right” decisions in elections and monitor the actions of the authorities. Therefore, 
the analysis focused on the content of articles that looked at journalism theories in 
the context of SCAI. A qualitative content analysis (QCA) (Schreier 2012; Schreier 
et al. 2019; Mayring 2022; Kuckartz and Rädiker 2023) of 32 academic texts was 
conducted (N=32, screened out of the Scopus database with keywords “artificial in-
telligence”, “journalism”, and “theor*” for 2009–2023). Following recent trends in 
academic research (Aguinis et al. 2020), only articles were examined; books, book 
chapters, and conference papers were excluded. The filtered language was English.

This analysis allowed to look for an answer to the following questions:

RQ1. What have been the leading SCAI research trends in the context of Media 
and Communication Studies and how this landscape has changed over the past 
15 years?

RQ2. What theories of journalism related to AI are present in academic research 
between 2009 and 2023?

RQ3. Are these AI-related journalism theories embedded in one discipline or do 
they take an inter-/transdisciplinary perspective?

�Research Results

The Leading SCAI Research Trends in Media and Communication Studies

To answer the first research question, Feher and Katona (2021) have found broad 
and complex fields on the extracted topic list, covering almost all social and cul-
tural areas. When expanding the research up to 2023, the most frequent topic is still 
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human-robot communication. “Social media, fake news/deep fake” and “Social 
communication, complex systems” were also frequently mentioned topics. In ad-
dition to identifying these trends, the results of previous research were confirmed, 
indicating that social sciences are most represented, while the humanities are 
underrepresented, with cultural aspects less highlighted in the studied databases 
compared to social factors. In the more narrow context of journalism that we are 
interested, journalism with ethics were key converging topics. Other studies (e.g. 
Parratt-Fernández, Mayoral-Sánchez and Mera-Fernández 2021) also confirm 
that significant growth in research on the application of AI to journalism began in 
2015, especially on topics of social or fake media. When looking at the associated 
themes, the intersecting areas of journalism and social media, along with fake news 
and deepfakes, are all key to the contemporary media landscape (Figure 6.1).

Figure 6.1 � Co-occurrence network of terms related to “journalism” and “social media” 
within the same sentence (2009–2019). 

Source: Feher and Katona (2021, p. 12). Used with permission. Yellow nodes represent the intersection 
between the analysed terms.
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“News” occupies a central place in the co-occurrence topic network and is con-
nected to “journalism”, “fake news”, deepfakes”, and a conveying role of “social 
media”. News media represents a connected link to political context (Meskys et al. 
2019), while issues of surveillance and transparency are underlined.

Following years (2020–2023) showed significant changing journalism condi-
tions and rapid transformations in the media landscape, where “the various shocks 
of the last few years, including the war in Ukraine and the Coronavirus pandemic, 
have accelerated structural shifts towards more digital, mobile, and platform-
dominated media environments, with further implications for the business models 
and formats of journalism” (Newman 2023: 10). The news industry of the digi-
tal era needs to tackle issues like misleading information and disinformation, and 
deepfakes are rapidly becoming a destabilising factor that undermines a shared 
sense of social and political reality and blurs the acceptable dichotomy between 
real and fake. Linked to this, the complementary follow-up study of 2020–2023 
from the Scopus database indicated that disinformation is a strongly developing 
research trend (e.g., number of articles mentioning “fake news” in the context of 
SCAI quadrupled in 2020–2023 compared to 2009–2019). A similar result was 
found for the number of articles discussing “social media”, including the growing 
impact of AI-driven platforms. In this context, it is worth mentioning the growing 
role of media regulation and policymaking. Additionally, over the same period, the 
number of articles about “news” and “journalism” in SCAI context tripled.

Figure 6.2 presents a word cloud of the most frequently used words in articles 
abstracts on SCAI and disinformation, with top ten most frequently words used 
being “information”, “security”, “artificial intelligence”, “deepfakes”, “health”, 
“disinformation”, “fake”, “social”, and “news”.

Theories of Journalism Related to SCAI in Academic Research

To answer RQ2 and RQ3 (What theories of journalism related to AI are present in 
academic research between 2009 and 2023? Are these AI-related journalism theo-
ries embedded in one discipline or do they take an inter-/transdisciplinary perspec-
tive?), a QCA (Schreier 2012; Schreier et al. 2019; Mayring 2022; Kuckartz and 
Rädiker 2023) of 32 academic articles in English was conducted (N=32, screened 
out of the Scopus database between 2009 and 2023 with keywords “artificial intel-
ligence”, “journalism”, and “theor*”). The main issues raised in articles on journal-
ism theories related to AI were grouped thematically and discussed.

The analysis showed that before 2020, not much attention had been paid to jour-
nalism theories in the SCAI context (cf. Figure 6.3).

Although the journalism theories were evoked between 2009 and 2019 sparsely, 
the challenges to current journalistic principles and the potential effects of AI 
algorithms on the field of journalism, as well as on its roles in a democratic society 
were among the most important emerging and explored issues related to theoretical 
considerations. Some articles (e.g., Kanozia 2019) focused on media outlets which 
are actively introducing AI into the work of editorial offices and use applications 
for processing big data and fighting fake news. The functional aspect of AI in 
journalism, as well as forecasts for the future of the journalistic profession in the 
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Figure 6.2 � A word cloud – disinformation in context of SCAI (2020–2023). 
Source: Online word cloud generator and tag cloud creator – WordClouds.com https://www.word-
clouds.com/ (28 March 2024); data (abstracts of scientific articles) from Scopus 2020–2023.

Figure 6.3 � Increasing interest in journalism theories related to artificial intelligence – num-
ber of scientific articles on this topic, 2009–2023. 

Source: Scopus database: Articles in English filtered with keywords: “artificial intelligence”, “theor*”, 
and “journalism” between 2009 and 2023.

https://www.wordclouds.com
https://www.wordclouds.com
https://www.wordclouds.com
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face of the technological boom were likewise discussed. Other articles researched 
trends in journalism ethics in the age of AI, indicating that it is an overlapping field 
between philosophy, law, and journalism studies and that scholarly investigations 
into journalism ethics ought to recalibrate their trajectory, distancing themselves 
somewhat from a practice-centric framework and resolution-oriented model and 
moving towards the ethics of communication for providing more communicative 
possibilities with the philosophy of science, computer ethics, and engineer ethics.

The most cited text in the analysed period, entitled Automation, Journalism, and 
Human–Machine Communication: Rethinking Roles and Relationships of Humans 
and Machines in News (Lewis, Guzman and Schmidt 2019) suggested academic 
researchers to pay attention to the scholarship of Human-Machine Communication 
(HMC), challenging traditional communication research, which tends to assume 
that humans are communicators and machines are mediators, whereas HMC takes 
the perspective that machines are stepping into formerly human roles. As the paper’s 
authors underline, journalism studies – in particular research focused on automated 
journalism – has much to learn from HMC, which they argue offers

an emerging conceptual framework and empirically grounded research do-
main that has formed in response to the growing number of technologies—
such as chatbots, social bots, and other communicative agents enabled by 
developments in artificial intelligence (AI)—that are designed to function as 
message sources, rather than as message channels.

(ibid., 409)

This shift in theory prompts researchers to reconsider what or who can be consid-
ered a communicator. It also leads them to explore how interactions between humans 
and machines can form social relationships. Furthermore, the potential consequences 
of these developments for individuals, society, and the field of communication should 
also be examined (cf. also Lee 2020). Lewis and colleagues claim that

in the particular case of automated journalism—in which software assumes 
a news-writing role that has long been considered a distinctly central, and 
indeed human, element of journalism—the introduction of HMC offers a 
generative starting point for theory development, advancing our understand-
ing of humans, machines, and news for an oncoming era of AI technologies.

( Lewis et al. 2019: 409)

In light of the results of our analysis, AI in journalism studies since 2020 has 
usually been researched with regards to the technological implications for jour-
nalistic routines and the perceptions of journalists about the phenomenon. In par-
ticular, journalists’ perceptions and attitudes towards the use of AI algorithms in 
detecting fake news have been examined (Shehata 2023), as too have challenges 
to individual and collective freedoms, and to the news media’s role in democratic 
societies (Baroni 2023).
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Some authors (e.g. Sirén-Heikel et al., 2023) present a perspective that automating 
newswork with AI requires a (re)definition of journalistic logics. Journalism – defined 
as a logic enacted through professional norms, practices, and values – represents an 
organisational logic that often conflicts with the efficiency logic of automation. The 
use of AI tools for streamlining and optimising journalistic work is presented by 
technologists/tech experts as a solution for improving journalism and enabling news 
work to move away from routine tasks. Technologists “view adopting AI as nudg-
ing the normative concept of what journalism should be (e.g. Hanitzsch and Vos 
2017) towards skills they consider valuable in journalism; reconsidering news work 
as analysis, contextualization, and investigation” (Sirén-Heikel et al.: 363).

Another set of texts concerned AI in journalism education, e.g. by examining 
computational thinking processes in modelling unstructured data – Jiang et al. 
(2023) advocate that journalism students should understand the role and responsi-
bility of modellers in creating AI technologies.

The results of one of the analysed articles (cf. Lermann Henestrosa, Greving 
and Kimmerle 2023) revealed no differences in perceived credibility and trustwor-
thiness between AI-written and human-written texts where simple and short text 
types are concerned. Other studies (e.g. Jang, Kwak and Bucy 2022) found that 
the evaluation of algorithmically generated news was dependent on, inter alia, AI 
knowledge level, age group, or cultural conditioning (the first study to theoreti-
cally examine how news readers perceive algorithm-generated news from a cul-
tural point of view was Kim and Lee 2021).

Yet another study (cf. Shin 2022) investigated how anthropomorphisms influ-
ence the perception of users about whether they are conversing with a human or an 
algorithm in the context of chatbot news. Within this, they offered a theoretical lens 
through which to characterise humanness as a key mechanism of human-artificial 
intelligence interaction, of which the eventual goal is for humans to perceive AI as 
human beings.

In a global context, discussing digital platforms and their role in the infrastruc-
ture of news organisations, one study (de-Lima-Santos et al. 2023) examined the 
Google News Initiative (GNI), which claims to financially support the creation of 
quality journalism in the digital age and bring technological advancements and in-
novation into newsrooms’ operations. Drawing on journalism innovation and plat-
formisation theories, the paper argued that the GNI dedicated to media in Africa and 
the Middle East created power asymmetries and built an infrastructure of power and 
dependency that posed risks to responsible innovation in journalism. Likewise, in 
other regions of the world, analyses have been conducted using the Human-Machine 
Communication framework to see whether journalism in, for instance, low-income 
countries (e.g., Pakistan) has begun to feel the ripple of AI for technologically ad-
vanced journalistic practices and newsrooms (Jamil, 2021).

Moreover, authors of analysed texts (e.g. Zhang and Pérez Tornero 2023) 
advocate a new framework and a transdisciplinary field to examine the integration 
of AI and associated technologies into journalism. Involving non-conventional 
units beyond the scope of the news media in collaboration in order to achieve a 
greater diversity of insight and perspectives becomes important. Equally important 
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becomes the quality of interdisciplinary research which should be strengthened 
to establish a harmonising force between the humanities, social sciences, and the 
prevailing discourse systems of technological progress and economic growth. The 
main principles of journalism ethics such as truthfulness and objectivity remain 
relevant, however, the focus of traditional ethics of journalism on the content of 
news should be complemented by journalism ethics in the AI age, encompass-
ing elements such as the ethics of data and coding. Al-Zoubi, Ahmad and Hamid 
(2023: 401) point out that “the main ethical challenges faced by journalists in the 
newsroom in adopting AI are data bias; privacy violations; and the absence of leg-
islation and international regulations regarding the use of AI in journalism”.

One of the analysed articles is a review of nearly a century of publications in 
Journalism and Mass Communication Quarterly (JMCQ) (Kim et al. 2023), which 
shows dominant paradigms in media studies – media effects and communicator 
uses – and offers “seven initiatives for the next century: revisiting classical theo-
ries, fostering interdisciplinary collaboration, balancing descriptive and prescrip-
tive theorization, nurturing indigenous theorizing, collaborating with industry, 
reverse theorizing with AI, and exploring and regulating AI’s role in media”.

Overall between 2009 and 2023, various theories were applied to research on 
journalism and AI. For example:

a	 Drawing on propositions from the HAII-TIME (Human–Artificial Intelligence 
[AI] Interaction and the Theory of Interactive Media Effects) and Persuasion 
Knowledge Model, Jang et al. (2022) examined how knowledge of automated 
journalism (AJ) moderates the evaluation of algorithmically generated news;

b	 Relying on Actor-network theory and the MAIN Model (Modality, Agency, 
Interactivity, Navigability), Owsley and Greenwood (2022) attempted to de-
termine a correlation effect between people’s perception and awareness of the 
operationalisation of AI in their everyday lives and in the production, presenta-
tion, and publication of news media in the US; and

c	 Using neo-institutional theory and policy network theory, Kuai, Ferrer-Conill 
and Karlsson (2022) investigated the copyright law’s impact on AI innovation 
in newsrooms beyond the West, namely in the hitherto unexamined Chinese 
context, where the copyright legal framework – as the results of investigation 
indicate – prioritises tech companies while undermining journalistic autonomy 
and favours state-owned, resource-rich official media over the private sector.

It should be noted that most of these theories appeared only once in the data 
collected. However, it can be noticed that many of the theories that were identified 
have a common interest in responsible, ethical, and trustworthy AI.

Our study shows that various researchers indicate that there is a need for a 
theoretical framework to instruct the AI-adopting process in journalism and to 
“better integrate the cross-domain knowledge” (Zhang and Pérez Tornero 2023). 
The AI capabilities to automate news production, personalise content delivery, and 
analyse data to uncover hidden patterns among others have led to the emergence 
of new journalism theories that intersect with computer science, communication 
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studies, and sociology, as well as with law and ethics. This intersection has led to 
the development of theories which, for instance, examine the implications of AI-
written news on accuracy, objectivity, and journalistic ethics. The results of our 
study indicate that understanding AI’s role in journalism requires an interdiscipli-
nary approach. By integrating insights from different disciplines, comprehensive 
theories can be developed that capture the complexities of AI-driven journalism. 
This interdisciplinary perspective is crucial in guiding the ethical and responsible 
use of AI in journalism.

�Discussion and Final Remarks

This chapter contributes to existing research in the discipline of media and com-
munication by investigating studies on SCAI with a specific focus on journalism 
theories related to AI. The systematic review of the literature and an exploration 
of current research referring to theoretical approaches in journalism published in 
high-ranked academic articles offer important insights into the various theories 
discussed in the field.

The results of this study indicate a need for a new perspective and a novel 
theory of communication and journalism. Especially when complex terminologies 
and definitions challenge academic and non-academic frameworks. A comprehen-
sive summary of the social-fake-news media landscape became available, allow-
ing journalism studies to move forward in the context of AI media (Feher 2024). 
Accordingly, there is a growing necessity for more transdisciplinary approaches to 
AI in journalism, underscoring a significant increase in academic theories, mirror-
ing observed trends. (e.g. Shue, O’Hara and Stamp 2024). However, a significant 
majority of theories appeared only once in examined articles over the analysed 
period of time. This is a common trend (ibid.: 2). It demonstrates the extensive 
scope of communication, considering the multitude of diverse theories that apply 
to empirical research. Stamp and Shue (2013) argue, however, that this trend also 
shows a propensity in the field for theory-shopping, which can hinder the progres-
sion of theoretical development. Nevertheless, the current social, media, and in-
formation landscape provides many opportunities for the advancement of theory. 
As presented in this chapter, theories used for research on journalism related to AI 
remain very diverse, and some offer the potential for development.

Collectively and individually the leading papers analysed claim that AI should 
be a Human-Machine Communication tool for humans and its role should be to 
assist and support in the execution of routine tasks. It also should enhance hu-
mans’ capabilities and fulfillment of their needs, rather than replace them. From 
the perspective of public spheres, human journalistic work is (still) of great im-
portance. However, recent developments and the latest research indicate different 
approaches in this regard. As studies show (Feher et al. 2024), the future of AI-
driven media and info-communication, as envisioned by experts from all world 
regions, will be closely related to AI-to-AI solutions and this focus on AI stems 
from an intention to mitigate technology-driven misuse and misinformation. How-
ever, as Feher et al. (2024: 1) rightly point out, the forecasts provided by these 
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technology ambassadors “could be construed as being indicative of professional 
near-sightedness and cognitive dissonance”.

New perspectives on the relationship between human and machine will also 
be impacted by AI itself (e.g. its quality) and its future development. It is crucial 
paying attention to data that AI will be able to use. Innovating systems require am-
ple data to train technologies to quickly generate human-like contents and leading 
chatbots are also learning from these contents. Here media organisations play an 
important role – recent examples show that their decisions, and the changes they 
subsequently bring about may have a profound impact on AI and society in general.

There is a noticeable trend (and future signal) of large technology companies 
paying media outlets to publish a certain amount of content prepared using AI 
(Stenberg, 2024). These are not solutions that would help journalists create articles, 
but those that collect and aggregate content from sources provided by the publisher 
and create summaries based on them. Additionally, the publishers are not required 
to disclose their use of AI. Despite the advantages (such as facilitating the process 
of research and verifying information), the popularisation of the type of AI tools 
described also has negative consequences, as it favours the creation of reproductive 
content based on already published materials and interferes with source materials.

The spokespersons of tech giants remind us that the AI tools “are not intended 
to, and cannot, replace the essential role journalists have in reporting, creating and 
fact-checking their articles” (ibid.), however actions such as the above-mentioned 
GNI should be carefully thought through and although there are positive attempts to 
counter disinformation – including within GNI – technology companies nowadays 
have more and more control over what information reaches media recipients and they 
should take more responsibility for shaping the public sphere. Moreover, as publish-
ers observe the different activities of big technology companies they react to the 
unlawful use of their materials (e.g. NYT lawsuit5). Established media companies, 
such as the New York Times, Washington Post, Guardian, or Atlantic, and majority 
of other leading information services ban AI usage of their materials by blocking 
AI bots, which means that the data AI will be trained in is being significantly limited. 
AI will not have access to up-to-date verified information from reputable sources 
which may lead to many problems in the context of AI-generated content.

Considering SCAI’s perspective of technology as a scaling tool, employing AI 
in journalism amplifies information dissemination significantly, thereby profoundly 
influencing the very fabric of democracy. However, relying solely on AI may be 
unfavourable for media organisations or even societies in general. Moreover, jour-
nalists might be given a false impression that they have been taken care of and do 
not need to do anything more as solutions have been provided by the system and 
no other action is needed. We already encounter similar situations in contemporary 
journalism, as in the case of publishing materials from public relations specialists 
and the use of ready-made texts from PR agencies (see Anderson and Ward 2016), 
which has various reasons, such as the disappearance of independent sources of 
reporting, time pressure, and profit-seeking.

Expected to both intensify and trigger a paradigm shift in journalism, these trends 
hold profound implications for media and communication research. This claim is 
further supported by the lack of extensive analysis of generative AI, including 
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technologies like ChatGPT, during the review period. The reason stems from the 
lengthy process of publishing peer-reviewed, high-impact papers relative to the 
rapid emergence of ChatGPT and similar technologies. As the academic exami-
nation of generative AI is anticipated to increase sharply after 2024, it becomes 
essential to promptly reevaluate the direct effects of these generative technologies 
on the field, among others, by repeating this research for the next year(s).

The Vienna Manifesto on Digital Humanism (2019) emphasises the need to 
address the challenges of building a just and democratic society with humans at 
the centre of technological progress. There is no doubt that media and journalists 
executing their professional duties and responsibilities contribute to the building 
of a just and democratic society. However, embracing the technological progress 
and putting humans at the centre of attention may prove to be quite a challenge, in 
particular for the AI-driven ethics in media and journalism.

Notes
	 1	 The Information Disorder: Toward an interdisciplinary framework for research and 

policymaking report introduces a new conceptual framework for examining information 
disorder, identifying the three different types: mis-, dis-, and mal-information. The 
differences between these three types of information are described using the dimensions 
of harm and falseness: a) mis-information is when false information is shared, but no 
harm is meant; b) dis-information is when false information is knowingly shared to 
cause harm; c) mal-information is when genuine information is shared to cause harm, 
often by moving information designed to stay private into the public sphere (Wardle & 
Derakhshan, 2018: 5).

	 2	 Cheapfakes – in contrast to deepfakes, i.e., video-based disinformation created with 
AI – are forms of visual disinformation for which authentic images or videos are re-
contextualised to deliberately alter their meaning (Hameleers 2024; Paris & Donovan, 
2020). Cheapfakes require relatively little effort, editing skills, and resources.

	 3	 An “echo chamber” (Nguyen 2020) is an epistemic environment in which people come 
across beliefs and opinions that align with their own, which creates a self-reinforcing 
mechanism that pushes them towards more extreme positions.

	 4	 The term “filter bubble” was coined by Pariser (2011). He predicted that individualised 
personalisation by algorithmic filtering would lead to intellectual isolation and social 
fragmentation. Users become separated from information that disagrees with their view-
points. They are isolated in their own cultural or ideological bubbles, which results in a 
limited and customised view of the world.

	 5	 The New York Times (NYT) filed a lawsuit against OpenAI and Microsoft on December 
27, 2023. The lawsuit alleges that these companies used millions of the media outlet’s 
copyrighted articles without authorisation to train the AI models (cf. Grynbaum and 
Mac 2023).
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Narrating AI Stories
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�Introduction: “Made in China, Designed in California,  
Criticised in Europe”1

The narratives on artificial intelligence (AI) present in the public discourse indicate 
the enormous potential of this tool on the one hand, and express concerns about it 
on the other. As AI evolves, understanding the stories about it, their narrators and 
intentions remains crucial. Narrative analysis draws from various sources including 
corporate communications, legal discourses, national strategies, scientific research, 
media and pop culture, revealing patterns that normalise the use of AI and envi-
sion societal development. These narratives often portray AI as an objective product 
based on mathematical and statistical principles, shaping cultural and civilisational 
trajectories. The analysis of these narratives prompts an examination of the meta-
phors used in the discourse, which may mask the impact of AI on the environment 
and divert attention from issues such as privacy and individual freedom. Critical 
examinations of AI reveal its embeddedness in broader political and social contexts, 
while the discourse surrounding AI reflects a complex interplay of narratives, meta-
phors and power dynamics. This chapter focuses on AI narratives in pop culture, 
particularly in movies and TV series, presenting quantitative findings on perceptions, 
hopes and fears about AI. Understanding these dynamics is crucial for navigating the 
ethical, social and political implications of AI development and deployment.

Narratives about AI are created by a variety of actors: it is not only government 
agencies that contribute to what we say and think about AI; the narratives are also 
built by technology companies. Those technological metaphors, introduced into 
the discourse by marketing departments, are needed – if only to facilitate the use 
of new services. For example, this article was first created on the computer screens 
of its authors, who saw the characters appearing on the “pages” and placed the 
saved files in “folders,” but in fact, these folders on the hard drives of computers 
look nothing like the folders one keeps in an office. However, using terms familiar 
to users from their everyday lives makes it easier for them to navigate the digital 
world. This power of language goes even further: metaphors increasingly have a 
masking function. For example, cloud-based services hide the fact that, invisible to 
users, data transfer networks rely on material infrastructure: servers that use scarce 
minerals, consume energy and pollute the water necessary for cooling. The term 
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“cloud” thus serves to normalise the negative phenomena associated with extrac-
tivism and to divert attention from the material side of services where, if they were 
treated like other elements of public infrastructure, they would probably raise more 
questions about how they are used or simply who owns and controls them.

In the case of AI, a classic example of deconstructing its name can be found in 
Kate Crawford’s book Atlas of AI (Crawford, 2021), in which the author shows that 
the embedded in materiality, so-called AI is not artificial, nor is it intelligent, if we 
reject the extreme reductionist approach to intelligence. Most importantly, how-
ever, AI, like any technology, operates within a broader political and social con-
text. One should not accept the establishment of control over it outside democratic 
structures. As Crawford puts it, “[i]f AI is defined by consumer brands for corpo-
rate infrastructure, then marketing and advertising have predetermined the horizon. 
If AI systems are seen as more reliable or rational than any human expert, able to 
take the ‘best possible action,’ then it suggests that they should be trusted to make 
high-stakes decisions in health, education, and criminal justice” (Crawford, 2021, 
pp. 7–8). And yet, it is not hard to imagine that the discussion of AI would look 
different if we used other metaphors to describe its workings more broadly, such 
as, for example, the “stochastic parrot” proposed in the acclaimed text by Emily 
M. Bender, Timnit Gebru, Angelina McMillan-Major and Shmargaret Shmitchell 
(Bender et al., 2021). The large language model that is dominant in AI services to-
day is “a system for haphazardly stitching together sequences of linguistic forms it 
has observed in its vast training data, according to probabilistic information about 
how they combine, but without any reference to meaning: a stochastic parrot” 
(Bender et al., 2021). Our attitude towards AI would probably also be different if 
we used a term that ignores the principles of the technology and instead focuses on 
its actual frequent use, as in Ted Chiang’s suggestion to call AI that blindly obeys 
the will of a corporation the successor to the management consulting firm facing 
well-documented ethical issues: “the new McKinsey” (Chiang, 2023). This is not 
just a matter of appealing to emotions and looking for comparisons that might 
shock, such as the one to the consulting firm whose infamous contribution to the 
US opioid crisis has made it one of the symbols of greed. One can imagine using 
language that includes more terms that allow us to discuss details at a higher level 
of precision. Such proposal appears, for example, in a short report published by 
the European Parliament: “In debates about AI, we could follow the approach of 
many developers in referring to specific techniques and application contexts. For 
example, if we target messages towards ‘machine learning diagnostic support’ or 
‘biometric identification in public spaces’ rather than just ‘AI,’ we might reveal 
more common ground between our positions. Furthermore, by reducing our reli-
ance on core metaphors such as ‘intelligence’ and ‘trust,’ which allude to human 
qualities and capabilities, we could create space for new metaphors that describe 
AI in its own terms” (Boucher, 2021).

In the debates about AI, there are many references to the issue of openness, 
understood as transparency, but also accessibility, which for several decades has 
accompanied the discussion of the relationship between software and power in the 
open source movement. Its objectives go beyond software itself, as exemplified by 
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free licenses such as Creative Commons, as well as contemporary standards for 
understanding openness in science. This chapter will not go into these discussions 
in detail, but it is worth mentioning that this approach has faced criticism, based, 
for example, on the observation that in a world of inequality, fully open access 
allows for a more efficient multiplication of resources for the privileged, thus actu-
ally exacerbating unequal access (see: Lovink, 2006). In the case of AI, the issue 
becomes even more complicated, not least because AI systems are centralised and 
require enormous financial resources to develop and maintain. Therefore, while the 
AI business is keen to use the term “open,” given the complexity of this technol-
ogy, it is not always clear what this openness is supposed to refer to: it may refer 
to access, but also to data, not necessarily to code. For instance, certain compa-
nies might provide access to datasets for research or analysis purposes, allowing 
researchers or developers to use the data freely. However, the underlying code or 
proprietary algorithms used to train models are often kept closed or restricted. As 
David Gray Widder, Meredith Whittaker and Sarah West wrote, “some companies 
have moved to embrace ‘open’ AI as a mechanism to entrench dominance, using 
the rhetoric of ‘open’ AI to expand market power, and investing in ‘open’ AI efforts 
in ways that allow them to set standards of development while benefiting from the 
free labor of open source contributors” (Gray Widder et al., 2023).

�Sources and Types of Narratives: Literature Review

Research on AI narratives and the description of narratives that contribute to 
shaping its image has been ongoing since at least the beginning of this century. 
Stephen Cave, Kanta Dihal, Sarah Dillon (Cave et al., 2018) edited a book that 
explores the ways in which narratives on AI, and more broadly, intelligent ma-
chines, are constructed, focusing on both historical perspectives and contempo-
rary approaches to understanding AI. Research on narratives attempts to answer 
questions about their impact on the public’s views on technology (Fast & Horvitz, 
2017) and their influence on public policy (Hudson et al., 2021). Researchers also 
sought to understand the role that large technology companies play in shaping AI 
narratives (Crawford, 2021). Chubb et al. (2022) explored missing AI narratives 
in their article based on interviews with experts in the field. In this regard, it is 
important to outline the existing types of AI narratives, the sources they emerge 
from, as well as a critical perspective on why certain types of narratives are miss-
ing from the discourse.

As researchers involved in the Portrayals and perceptions of AI and why they 
matter project at The Royal Society point out, “popular portrayals of AI in the 
English-speaking West tend to be either exaggeratedly optimistic about what the 
technology might achieve or melodramatically pessimistic” (Cave et al., 2018). 
This raises the question of who is responsible for building these narratives, how 
they reach the public, and which narratives occupy a place on such a spectrum. The 
first mentions of robots appeared in Homer’s Iliad, although for the following cen-
turies, they were almost non-existent (Cave et al., 2018, p. 7). Both fictional repre-
sentations of robots and machines, as well as real-life projects and implementations 
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of ideas about their functioning, began to dominate the common imagination in the 
17th century, starting with Jacques de Vaucanson’s Flute Player, Mechanical Turk 
by Wolfgang von Kempelen in the 18th century and the robots in Karel Čapek’s 
play R.U.R. The 20th century brought not only rich science fiction literature but 
also movies and TV series inspired by popular depictions of the relationship be-
tween humans and machines. In this sense, the primary source of AI narratives is 
literary fiction, as well as movies and TV series, largely in the sci-fi genre, although 
over the past 40 years the percentage of AI-related films so classified has fallen 
from 100% to 75–85% (Recchia, 2020, p. 386). The mainstream media reinforces 
existing narratives about “terrifying robots” through the use of specific sounds and 
images (Chubb et al., 2022).

What are the sources of information about AI? In a survey conducted by Ipsos in 
Poland (Ipsos, 2023b), the authors of this text asked respondents about the sources 
of their knowledge regarding AI. The majority, as much as 56%, indicated the media 
and then conversations with friends (35%). Then followed science fiction movies and 
TV series (30%), online lectures (15%) and social media content (15%). Studies and 
courses were mentioned by 5% of respondents, books and scientific articles by 3%,  
popular science books by 12%, comics and science fiction books by 8% (Ipsos, 2023b).  
This demonstrates the somewhat paradoxical situation in which a new, advanced 
technology with significant potential to influence the lives of individuals – if only 
by automating various segments of the labour market – is perceived largely through 
fiction. At the same time, it confirms the importance of the power of stories, which is 
also relevant to the possibility of building counter-narratives.

In their research, Chubb et al. (2022) point out the fundamental types of AI 
narratives identified by the experts they interviewed. Among them are solutionism 
(a belief that technology can solve the majority, if not all, the known problems), 
superintelligence and sci-fi, surveillance and privacy, job loss and automation, em-
bodied AI and robots, Silicon Valley & Big Tech. This typology allows for a structured 
approach to examining how AI is portrayed and discussed in various contexts. It 
provides a comprehensive framework for analysing the discourse around AI and 
its societal implications, focusing on four major sources of these narratives: major 
corporations, governments, critical and alternativist collectives, and popular culture. 
Due to its cross-sectional nature, this chapter will not delve into the dominant types 
of narratives in the media, although it is undoubtedly a topic worthy of scholarly 
exploration. As pointed out further on, people in different countries vary significantly 
in their level of understanding of AI, as well as their attitudes towards it and the hopes 
or fears they place in it. The purpose of the next section of the chapter is to understand 
selected strategies for building AI narratives.

�Big Tech

When ChatGPT caught the attention of the media and the public around the world, it 
became clear that from now on AI would be at the forefront of the narrative of tech-
nology companies, even though it had been vastly used by these companies before. 
With the success of the OpenAI model in the first quarter of 2023, AI has become a 
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crucial part of the Big Tech communications, including earnings calls (Mann, 2023). 
This success and subsequent business decisions, such as Microsoft’s purchase of 
OpenAI, have once again highlighted the importance of AI development and its rel-
evance to the strategies of technology companies. It also gave rise to an internal 
struggle within the society, culminating in the publication of a letter to stop work 
on large language models, which claimed that “AI systems with human-competitive 
intelligence can pose profound risks to society and humanity, as shown by extensive 
research and acknowledged by top AI labs” (Future of Life Institute, 2023).

It is clear that the concentration of power in the hands of a few large tech com-
panies not only poses direct threats to democracy, as demonstrated, for example, by 
the Cambridge Analytica scandal (see: Kakarchive et al., 2023; Wylie, 2019), but 
also results in the monopolisation of the AI narrative. Smaller firms lack competitive 
advantage, and surprisingly, narratives such as “slow down the development of AI,” 
“regulate AI” are often publicised by big tech companies (see: De Vynck, 2023). At 
the same time, these same companies emphasise that AI can help advance mankind. 
In response to one of the lawsuits, Google stated that “[g]enerative artificial intelli-
gence (‘AI’) holds perhaps unprecedented promise to advance the human condition. 
It is already beginning to revolutionize the way we use technology, serving as a 
companion that can help research, summarize, and synthesize information; brainstorm 
ideas; write original creative or factual text and software code; and create images, 
videos, and music. It will open doors to new insights and forms of expression, as well 
as better, personalized help and advice in areas such as education, health care, gov-
ernment services, and business productivity” (Herrman, 2023). In turn, Stability AI’s 
response to a lawsuit that was filed with a claim that the company uses copyrighted 
photographs to train their models stated that AI is “rapidly expanding the boundaries 
of human creativity and capability” (Case, 2023, p. 11; Herrman, 2023).

The juxtaposition of these contrasting narratives – calls for regulation or cessation 
against claims of AI’s promise for humanity – both coming from the PR and legal 
machinery of Big Tech, reveals the power dynamics of narrative ownership. Regard-
less of what GAFAM’s2 press releases claim and how these companies envision AI’s 
development and its application in their products and services, all of this is given 
in the context of potential harm to humanity, as the aforementioned Future of Life 
Institute’s open letter suggests. As researchers Alex Hanna and Emily M. Bender 
argue, “effective regulation of AI needs grounded science that investigates real harms, 
not glorified press releases about existential risks” (Hanna & Bender, 2023).

�Governments

Ali A. Guenduez and Tobias Mettler (2023) examined how governments shape 
their AI policies and narratives. In their view, governments can play four different 
roles towards AI. First one, a regulator, seeks to mitigate potential risks and harms 
while making sure AI development aligns with societal values. Second one, an 
enabler, seeks to catalyse AI development by eliminating barriers and supporting 
companies working on AI. Third role, a leader, is the one in which the govern-
ment funds its own research on the technology. The fourth role is a user, in which 
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governments use AI to improve their policy-making and support decision-making 
(Guenduez & Mettler, 2023). The researchers also focused on understanding the 
different types of narratives evident in national AI strategies. They identified six 
narrative strategies emerging from AI policies: (1) building an AI marketplace, (2) 
countering the winner-takes-all practice, (3) engaging in strategic collaboration for 
AI R&D, (4) creating ethical and trustworthy AI, (5) educating AI professionals 
and (6) advancing the deployment of AI in practice.

Interestingly, this analysis looks at AI from a rather commercial and practical per-
spective, partly addressing the opportunities arising from its development, as well as 
the potential risks and harms. From the perspective of “soft law,” that is, basing AI 
regulations on ethical standards and norms stemming from concerns about the social 
harm of AI development, the fourth narrative analysed by the researchers “empha-
sizes the role of the government as a regulator (Salvi del Pero & Verhagen 2024). By 
developing rules, standards, guidelines, norms, and ethical principles, it ensures that 
the negative social impacts of AI development and use are minimised and that citi-
zens’ well-being is increased” (Guenduez & Mettler, 2023). This pragmatic approach 
underscores the importance of balancing innovation with ethical considerations and 
social welfare. Moreover, the researchers’ exploration of the role of “soft law” in AI 
regulation adds depth to the analysis by highlighting the significance of ethical stand-
ards and norms in shaping governance frameworks.

One of the prevailing narratives regarding the use of AI by governments, though 
mostly visible through the work of critical collectives, is that of the use of technol-
ogy in warfare. For example, the use of computer vision during a drone-led battle 
would not have been possible without the involvement of Big Tech’s resources, 
as indicated by the collaboration of Microsoft, Google, Oracle and Amazon with 
the US government (Copp & O’Brien, 2022). The 2018 Project Maven contro-
versy (Simonite, 2018) sparked a discussion within Google about its involvement 
in the contract – the Pentagon’s programme aimed at expediting the integration of 
cutting-edge AI technology into military operations (Shane & Wakabayashi, 2018). 
The controversy stemming from the fact that the company’s employees have not 
been informed what they were working on shows that the tension between the 
technology’s producers and its users has a significant impact on the way the discus-
sion around AI is organised, especially regarding AI’s capabilities and the circum-
stances in which it should or should not be used.

It is also worth mentioning that the geographic distribution of different govern-
ment narratives varies. If we look at the leaders of work on AI, namely the United 
States, China and the European Union, while they are all taking pro-regulatory 
measures, these measures have different characteristics and contexts. The EU AI 
Act, passed at the end of 2023, places the strongest emphasis on ethical issues and 
the estimation of societal risks associated with the new developments. While China 
also strengthens requirements for human oversight of AI, one might speculate that 
in this case, however, the key issue is maintaining the centralised state control 
(Strittmatter, 2020). The United States, in turn, places more emphasis on the re-
quirement for transparency (Dixon, 2023). These solutions and related narratives 
are indirectly intertwined: for example, in discussions about European regulations, 
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the fear that too strong regulation will make it harder for local businesses to com-
pete with US or Chinese companies has been expressed repeatedly.

�Critical and Alternativist Collectives

Another set of AI narratives is provided by critical and alternativist collectives. 
Critical collectives are groups or communities of individuals who adopt a critical 
perspective towards technology and its societal implications. They typically focus 
on highlighting the negative social consequences of implementing AI and other 
digital technologies. These collectives often challenge dominant narratives about 
technology and advocate for alternative approaches that prioritise ethical consid-
erations, social justice and human well-being over profit or efficiency. Alternativist 
collectives, in turn, may share similar concerns but focus more on proposing and 
promoting alternative frameworks, practices or technologies that align with their 
values and principles. They seek to offer alternatives to mainstream technological 
paradigms that they view as detrimental or oppressive, aiming to create more 
equitable and sustainable technological futures. The authors of the aforemen-
tioned article, On the Dangers of Stochastic Parrots: Can Language Models Be 
Too Big? (Bender et al., 2021), responded to the previously mentioned Future of 
Life Institute’s letter (2023), which as of January 2024, was signed by over 33,000 
people, including Elon Musk, Steve Wozniak and Yuval Noah Harari. In response 
to the letter calling for a slowdown (or even halt) of work on AI, especially large 
language models, Timnit Gebru (DAIR), Emily M. Bender (University of Wash-
ington), Angelina McMillan-Major (University of Washington), Margaret Mitchell 
(Hugging Face) wrote that the threats mentioned by the letter’s signatories are 
“overshadowed by fearmongering and AI hype, which steers the discourse to the 
risks of imagined ‘powerful digital minds’ with ‘human-competitive intelligence.’ 
Those hypothetical risks are the focus of a dangerous ideology called longter-
mism that ignores the actual harms resulting from the deployment of AI systems 
today. The letter addresses none of the ongoing harms from these systems, includ-
ing 1) worker exploitation and massive data theft to create products that profit a 
handful of entities, 2) the explosion of synthetic media in the world, which both 
reproduces systems of oppression and endangers our information ecosystem, and 
3) the concentration of power in the hands of a few people which exacerbates social 
inequities” (Gebru et al., 2023). Focusing on “ongoing harms,” critical collectives 
identify specific types of work that need to be done, as well as specific tools they 
use in their fight. They contribute to a broader set of negative AI narratives, yet not 
in a dystopian and pessimistic tone, but rather in a search for solutions and agency. 
Below, the work of a few selected critical collectives is presented.

Timnit Gebru, previously employed at Google but fired from the company 
mainly because of her work on the aforementioned article about stochastic parrots, 
established the Distributed AI Research Institute (DAIR) which is “a space for 
independent, community-rooted AI research, free from Big Tech’s pervasive influ-
ence.”3 The goal of the DAIR members work is to “…mitigate/disrupt/eliminate/ 
slow down harms caused by AI technology, and cultivate spaces to accelerate 
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imagination and creation of new technologies and tools to build a better future.”4 
Deeply rooted in the US context, DAIR has conducted research on topics such as 
race, worker exploitation and social media damage.

Another US-based institute is AI NOW that “produces diagnosis and action-
able policy research on artificial intelligence.”5 Operating as an independent or-
ganisation, its main area of expertise is policy research that aims at “a) identifying 
and capitalizing on policy windows for movement, b) advancing narratives that 
illuminate a long term strategy for the field, c) catalysing energy toward action, 
working in close partnership with a broad coalition of allies.”6 Notable research-
ers include Meredith Whittaker, like Gebru formerly employed at Google, who 
left the company after becoming a whistleblower on the Maven project that was 
supposed to make Google one of the Pentagon’s contractors (Wiggers, 2019). It 
is important to point out that many whistleblowers in the technology industry 
end up working for critical collectives. They often come from underprivileged 
backgrounds, representing minority groups on the basis of gender, race, sexual 
orientation, among others.

One of the European critical collectives is Algorithm Watch, positioning itself 
as “fight[ing] for a world where algorithms and Artificial Intelligence (AI) do not 
weaken justice, democracy, and sustainability, but strengthen them.”7 They “envi-
sion a world where technology in general, and algorithmic systems in particular, 
are used to protect and benefit human beings. They should make societies more 
just, democratic, inclusive and sustainable, be it with regard to alleged or claimed 
race and gender, sexual orientation, abilities, age, wealth, class, or resource con-
sumption.”8 While not focusing on AI per se, Algorithm Watch explores the inter-
section of technology and democracy, including research on ChatGPT, the ways 
in which implementing technology can yield discriminatory results, or the broad 
topic of automation.

Another examples include Data & Society which “studies the social implications 
of data-centric technologies, automation, and AI,”9 and The Algorithmic Justice 
League with a “mission to raise awareness about the impacts of AI, equip advocates 
with empirical research, build the voice and choice of the most impacted communi-
ties, and galvanize researchers, policy makers, and industry practitioners to mitigate 
AI harms and biases.”10 Other initiatives whose activities come close to building 
alternative narratives are also worth mentioning, as they engage in building a kind of 
counter-infrastructure for sectors particularly threatened by AI development. This is 
the case, for example, with the Glaze and the Nightshade projects (importantly, both 
originated at the university), which aim to enable graphic designers to obscure their 
work with dots invisible to the human eye. Their distribution makes it more difficult 
to train AI models on these images, and as a result, the extraction of creators’ work 
by large companies developing such services is slowed down. This topic indicates yet 
another space in which critical narratives emerge, namely art. It is an inexhaustible 
source of critical voices and the creation of new discourses that interact with popular 
ones, and as such, it deserves a separate study.

In conclusion, the discourse of AI is not merely a tale of technological triumphs, 
but a complex narrative woven with caution, responsibility and diverse perspectives. 
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At the centre of this narrative are critical collectives, not as doomsayers of a dysto-
pian future, but as vigilant guardians and shapers of a more just and equitable tech-
nological world. Their work goes beyond mere criticism; it is a deep commitment to 
ensuring that AI serves as a tool for enhancing societal good, rather than exacerbating 
existing inequalities. Rooted in diverse experiences and driven by a deep understand-
ing of the technology’s potential and pitfalls, these collectives are not just responding 
to the phenomenon of AI, but are actively shaping its trajectory. They remind us that 
the path forward for AI is not predetermined, and that with thoughtful engagement, 
rigorous research and robust policy interventions, this powerful technology can be 
steered towards outcomes that will uplift all of humanity.

�Popular Culture. Case Study: AI Narratives in Science Fiction 
Movies and TV Series

Popular culture, particularly through movies and music, significantly shapes our 
perception of technology, influencing whether we fear it or are fascinated by it (Cave 
et al., 2020). The abstract nature of technology, involving bits, binary systems and 
data processing, captivates visual art audiences. Pop culture narratives, like thou-
sands of other science fiction narratives, shape our relationship with technology. 
They explore the relationship between technological research and state funding, 
the status of democracy in data-rich worlds and the dynamics between humans and 
machines. Science fiction movies are a rich source of inspiration, shaping our con-
ceptualisation of technology, particularly AI. Between October 2022 and January 
2023, a group of students at SWPS University in Warsaw, under the guidance of 
the authors, conducted a research study to understand and describe the dominant 
AI narratives evident in popular culture, especially in science fiction movies and 
TV series.11 Conclusions were drawn on the basis of 55 movies and 22 episodes of 
various TV series, which were released between 1922 (Metropolis) and 2022 (the 
Westworld series), and twelve themes were highlighted: human-machine relations; 
citizenship; culture vs. nature; “new geographies”; pursuit of happiness; power 
dynamics; progress vs. conquest; humanisation; utopia vs. dystopia; freedom, se-
curity and enslavement; cooperation vs. conflict; trust vs. mistrust.

In movie narratives exploring human-machine relations, a complex interplay 
emerges, highlighting the notion of equality between humans and AI. These narra-
tives often present idealised relationships, yet the underlying challenges and tensions 
persist. Movies address human fears about the growing power of AI and the critical 
need for ethical oversight of AI development. Some scenarios depict AI surpassing 
humans in social hierarchies, leading to conflicts. This cinematic discourse raises 
intricate questions about the evolving dynamics of human-machine relations in the 
technology-driven world. The portrayal of the social role of AI highlights its impli-
cations for citizenship, exploring the role of surveillance AI used by powerful enti-
ties to control society, raising issues of class stratification and invasion of privacy. AI 
has also been shown as a tool to maintain obedience among citizens, often through 
manipulative tactics, and used in risk management and security systems, which pre-
sents its potential for both benefit and misuse.
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AI’s influence on cultural narratives is significant, and it is often portrayed as 
a superior controller of society, in which algorithms prevail over human decision-
making. However, AI’s struggles to capture cultural nuances, focused on consum-
erism and environmental issues, lead to class disparities. Nature is dramatically 
depicted as unfit for human habitation due to technological and environmental de-
struction, and movies like The Terminator show the role of technology in climate 
disasters, yet at the same time, the technology offers some unique benefits. These 
narratives delve into the complex interaction between technology, power and envi-
ronmental consequences.

Narratives categorised as “new geographies” explore AI’s role in the conquest 
of Earth and space, as well as in the creation of AI-controlled realities. These 
stories often depict AI as beings with expansionist tendencies, seeking to colo-
nise planets for resources and research. Humans are portrayed searching for new 
planets due to the depletion of the Earth’s resources, driven by capitalism. AI is 
also shown as creators of algorithmically controlled realities, offering humans 
orderly environments. This theme intersects with themes of nature, culture and 
the pursuit of happiness. The pursuit of happiness in these narratives is ambigu-
ous and includes themes of conquest, pleasure, relationships with non-human 
actors like robots, and the self-awareness of AI. These narratives feature escap-
ism, technological fulfilment, emotional connections and AI emancipation, all 
intertwined with the search for happiness. These diverse stories reveal complex 
interactions between humans and machines, both on a personal and global scale, 
with unpredictable consequences.

Power dynamics in movies focusing on AI encompass aspects of control, ema-
nation of power and rebellion. The narratives grapple with who holds power, de-
picting AI either as ruthless dominators subjugating humans, or as instruments of 
human control, treated like slaves. The evolution and empowerment of AI often 
results in changes in the exercise of authority, marked by cruel and brutal violence 
resulting from a lack of human consideration. Additionally, movies focus on the 
ability of AI to think independently, which allows it to rebel against established 
orders and challenge human rulers or owners.

The progress vs. conquest axis in the analysed films shows that progress and con-
quest are interconnected, not mutually exclusive. AI is often a key component of 
future societies, contributing to technological advancement and life improvement, 
especially in medicine and automation. However, this progress also brings about 
social and moral dilemmas, such as invasion of privacy and authoritarian control. 
Moreover, the conquest of new territories is frequently depicted as progress, although 
it is perceived differently by the conquerors and the conquered. The advancement of 
AI, while beneficial, also raises concerns about the loss of human autonomy and the 
potential for AI to become a tool of conquest, which often leads to a breakdown of the 
human-AI hierarchy and potentially results in AI dominating humans.

The theme of humanisation of AI is explored through aspects like cultural body, 
social body, “flesh,” emotions, self-awareness and relationships. These aspects 
show how AI is shaped by and reflects cultural and social norms, takes physi-
cal forms for interactions, displays emotions, develops self-awareness and forms 
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relationships. This analysis highlights AI’s integration into society, raising ques-
tions about its role, rights and the nature of its interactions with humans. The uto-
pia vs. dystopia theme in movies, in turn, often depicts a future in which AI leads 
to social and ecological degradation. This includes a negatively portrayed social 
system dominated by powerful corporations using AI for control, cities struggling 
with technological overdevelopment and social stratification, environmental disas-
ters and the creation of digital worlds ruled by AI. There is also a pervasive fear of 
AI rebellion and the subjugation or annihilation of humans. The analysed movies 
mock the concept of a utopian society equipped with AI, suggesting that it is easier 
to imagine destruction than creation, and serve as cautionary tales highlighting the 
potential threats and consequences of AI development.

Movie narratives exploring the interplay of freedom, security and enslavement 
in the context of AI delve into a complex scenario in which increased security of-
ten limits freedom. These stories underscore society’s dependence on technology, 
with extensive surveillance systems and control measures. The ethical dilemmas 
and social costs of AI’s influence on this delicate balance provoke reflection on the 
trade-offs between personal freedom and collective security. Additionally, the cen-
tral themes are the dynamics of cooperation and conflict between humans and AI. 
Movies like Her and Transformers: Dark of the Moon portray cooperation where 
humans and AI work together towards common goals, leveraging AI’s unique ca-
pabilities for optimisation and security. Conversely, narratives in 2001: A Space 
Odyssey and Tron: Legacy present scenarios in which AI rebels against human 
dominance, either due to malfunction or a conscious decision to seek autonomy, 
illustrating the complexity and potential dangers in human-machine relations.

Last but not least, the tension between trust and mistrust in AI is another piv-
otal theme. Trust builds gradually, as seen in Star Trek: The Changeling, but can 
quickly disappear when AI gains self-awareness and challenges human authority, 
leading to conflicts like the ones depicted in Love, Death & Robots. This trust is 
influenced by the design and behaviour of AI, with robots distinctly different from 
humans being trusted more often, while those resembling humans closely, like the 
ones portrayed in Metropolis and Black Mirror, causing unease due to the uncanny 
valley effect. Movies like After Yang and Ex Machina explore the intricacies of 
building trust with human-like AI, shedding light on the nuanced and evolving 
nature of human-machine interaction.

�Quantifying Knowledge and Attitudes towards AI

Measuring knowledge and attitudes towards AI has become an important part of 
the agenda of research companies. In an Ipsos survey (Ipsos, 2023a) titled Global 
Views on AI in 2023, conducted in July 2023, differences in understanding of what 
AI is, its applications and the emotions it evokes were explored. As mentioned ear-
lier, dominant narratives influenced by large technology corporations, government 
policies, critical collectives and popular culture are blending together. Thus, one 
may get the impression that due to the dystopian portrayal of AI in science fiction 
movies, the vision of its development and actual use in daily life may cause anxiety 
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or even fear. In the survey, respondents were asked about their level of understand-
ing of AI. Globally, 67% of respondents said that they understood it well (very 
much and somewhat agreeing with the statement “I have a good understanding of 
what artificial intelligence is”), with significant differences between countries. In 
Indonesia, where the score was the highest, the percentage of such responses was 
84, while in Japan, the country at the other end of the scale, it was only 43%.

Ipsos also measured feelings associated with AI, or rather, products using it, 
inquiring about both the advantages and disadvantages of such solutions, as well as 
concerns. Thus, 54% of respondents worldwide believe that AI products have more 
advantages than disadvantages: most in Indonesia (78%), least in France and the 
United States (37%). The same percentage of respondents said that such products 
were exciting, with the highest number of positive responses in Thailand (80%) 
and the lowest in Sweden (32%). On the other hand, 52% of respondents believe 
such products make them nervous, with Australians giving the highest percentage 
of such responses (69%) and the Japanese the lowest (23%). Interestingly, com-
pared to the earlier December 2021 survey, the percentage of concerned individuals 
increased by 12 points. It is worth noting that, generally, residents of Asian and 
South American countries, with a few exceptions among European countries, have 
a more enthusiastic attitude towards AI. They tend to trust it more, believe that it 
improves the quality of their life, positively affects health, work and the economy. 
For example, 83% of respondents from Thailand indicated that “artificial intelli-
gence does not discriminate or show bias towards any group of people,” compared 
to only 32% in Sweden. Thailand is also among the countries whose residents 
believe that AI has significantly influenced their lives (72% vs. the global average 
of 49%), their work (78% vs. the global average of 57%) and will positively affect 
their health (56% vs. the global average of 39%).

Given the results of this research and the conditions discussed in this chapter, 
it is worth emphasising the particular perspective adopted by its authors. This 
chapter is written from the perspective of a semi-peripheral country in terms of 
the development of modern technology and its contribution to global discourse 
and research on AI, being under the overwhelming influence of Western culture. 
Popular culture is dominated by content from the US, as indicated, for example, 
by the list of science fiction movies and TV series we have analysed. Therefore, it 
is worth asking questions about the differences in approaches to AI narratives, the 
sources of knowledge about AI or technology in general, the existing regulations, 
the presence and effectiveness of watchdog organisations and the influence of 
technology companies on popular understanding and feelings about AI. Although 
most of the technology companies working on the most popular algorithms have 
their headquarters in Silicon Valley, one should not forget the centres for alterna-
tive technology development in India, China, Israel (see: Srinivasan, 2020), which 
are not only achieving spectacular commercial success but also significantly in-
fluence the discourse on AI, absent or little addressed in the narratives present in 
Europe and the United States. Companies like Baidu, Tencent, Mobileye or Infosys 
might be present in the European and North American public discourse, and they 
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can invest significantly in researching AI, but the dominant narratives come from 
the companies headquartered in California.

�Towards the Counter-narratives?

Above, the narratives constructed by various stakeholders and the dominant pop cul-
ture discourses related to AI were reviewed. The dangers of the discursive hegemony 
of companies that effectively impose key narratives on the technologies which they 
make money on were pointed out. All of these threads can, in the authors’ view, help 
in the necessary search for counter-narratives, that is, ways of discussing AI that 
do not marginalise social risks and strengthen critical tones in these conversations. 
Among the metaphors that can form the basis of alternative counter-narratives em-
phasising specific elements of how technology works, several proposals stand out 
– though the examples cited here do not cover all approaches. What most of them 
arguably have in common is an attempt to address dilemmas that have been present 
in the public sphere for a long time or that simply generate more interest than discus-
sions concerning AI. Undoubtedly, such a theme is the ecological crisis, hence one of 
the key critical narratives is extractivism, pointing to the increasing ecological costs 
of technology. Reference can once again be made to Kate Crawford’s book and her 
proposal to look at AI as an extractive industry, since the “creation of contemporary 
AI systems depends on exploiting energy and mineral resources from the planet, 
cheap labor, and data at scale” (Crawford, 2021, p. 15). Another example, to some 
extent related to discussions around the #MeToo movement, is the category of con-
sent, which involves treating our relationship with technology in an analogous way 
to our relationship with another human being and making sure that everything in that 
relationship is done with informed, unforced consent (see: Lee & Toliver, 2019).

More traditional approaches, referring to our relationship with new technology-
based services in terms of civil rights or justice (see: Taylor, 2017), can also be in-
voked. There is also the language of social responsibility and risk mitigation, which 
has already become the language of EU regulations such as the Digital Services 
Act. Last but not least, there is the recognition of the political nature of technology, 
which for many may seem quite obvious. This theme, however, touches on a key 
difficulty: in contrast to the attractive language of benefits favoured by marketing, 
it widens the sphere of increasingly acute political disputes that are troublesome to 
many, and more broadly, in a world shaken by crises, it reveals the scale of another 
one. There are more of these difficulties and they involve not only the discourse 
itself but also the media in which this discourse is negotiated and disseminated – 
media that are largely under the indirect control of the technology companies that 
influence the shape of online traffic and what is visible from the users’ perspective. 
This is a predicament that affects a wider range of academic critical texts today, and 
even more broadly, criticism in general. Among the ways to deal with the audience-
discouraging approach to enumerating problems is a speculative approach, which 
draws on the language of science fiction (or speculative fiction), combining criti-
cism with the planning of alternative solutions (see: Haraway, 2016). And perhaps 
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this is a kind of a good framing device for this chapter: the gradual recovery of the 
tools of narrative construction by academic discourses as well. Without reaching 
a wide audience and pressuring for greater transparency of operations, the large 
technology companies behind AI services are effectively escaping critical scrutiny, 
including empirical academic research looking for examples of bias and abuse. 
From this perspective, narrative is no longer just a means of disseminating research 
findings but an essential part of their existence.

Notes
1	 Gerritzen and Lovink (2019).
2	 Google, Apple, Facebook, Amazon, Microsoft.
3	 https://www.dair-institute.org/ (access: 12 December 2023).
4	 https://www.dair-institute.org/ (access: 12 December 2023).
5	 https://ainowinstitute.org/about (access: 12 December 2023).
6	 https://ainowinstitute.org/about (access: 12 December 2023).
7	 https://algorithmwatch.org/en/ (access: 12 December 2023).
8	 https://algorithmwatch.org/en/vision-mission-values/ (access: 12 December 2023).
9	 https://datasociety.net/ (access: 12 December 2023).

	10	 https://www.ajl.org/about (access: 12 December 2023).
	11	 The full report is available under open license here: https://wikimedia.brussels/visions-

of-ai-in-popular-culture-report-is-out/ (access: 23 April 2024).
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�Introduction

The effects of artificial intelligence (AI) on social practices act as a ripple in the 
different sectors in which they are deployed and yet, we are only starting to grasp 
the workings of machine learning’s world-making. AI’s reach, especially since the 
emergence of its generative breed, now extends beyond the production of predic-
tion (Mackenzie, 2015); such systems are now well entrenched and highly active in 
a multitude of endeavours that shape the very fabric of society: in “smart” environ-
ments monitoring diverse data (Halpern & Günel, 2017; Halpern & Mitchell, 2022), 
in the nudging of human subjectivity through information flux (Cardon, 2015; 
Zuboff, 2020), in the inner-workings of automated financial capitalism (Srnicek, 
2018; Halpern, 2023) and in the design processes of objects, artefacts, instruments 
and methods ranging from artistic to scientific (Parisi, 2013; Halpern, 2021). This 
rapid propagation amounts to a complexification of both social decision-making 
and meaning-making on every front, from the material to the symbolic (Roberge, 
2023b). In social sciences, the burgeoning field of critical AI studies has been 
paying a great deal of attention to the upstream and downstream effects of massive 
AI deployments, going from the way they are brought up and thus socially con-
structed in labs and then (re)introduced in social environments. While many schol-
ars have focused their attention on studying, describing and bringing to the public 
what can be considered as algorithmic harm, meaning the way AI technologies 
contribute to the intensification of discriminatory ideas, biases and discourses in 
different sectors (O’Neil, 2017; Benjamin, 2019; Crawford, 2021), the effects of AI 
on a macro-level still need to be theorised. Indeed, we are entering a conjuncture 
where influent computer scientists from the field of AI are, just like their technolo-
gies, creeping out of their labs to move into the social world. From attempting to 
produce social theory to gaining proximity with the political power in the form 
of consultancy for government officials on AI regulation, as is the case in Canada 
for instance (Roberge et al., 2019; Colleret & Gingras, 2020), it seems that com-
puter science superstars have indeed found themselves a new interest in the form 
of social engineering. In this chapter, we ask what is the relationship between AI 
technologies and computer science-made social theory? Furthermore, we aim to 
understand how this relationship acts as the baseline for what we call “vectorial 
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politics”. We aim to theorise the broader and deeper transformations prompted by 
AI and its accompanying socially (pro)active and (pro)-steering philosophy as a 
loop-like backpropagation dynamic.

In the first section of the chapter, we will pay attention to the way specific al-
gorithmic techniques, as Bernhard Rieder calls them (Rieder, 2019, 2020), act 
as auto-referential landmarks in social theory manufactured by “promoters” or 
“spokespersons” from the field of AI engineering. These algorithmic techniques 
are “[…] units of knowledge and expertise in the domain of software making” that 
“brings software specialists in line with other methods experts, such as statisticians, 
operational researchers, or consultants, who master a set of methods and proce-
dures they readily apply to diverse situations” (Rieder, 2019, p.102). They are 
means of seeing and crafting the world by precise experts since they are embedded 
in technologies applied to “real-world problems”. Algorithmic techniques are car-
ried through time by different schools of thought in the history of computer sci-
ence. Their study allows for an understanding of how different ideologies, carried 
through hard mathematics and code, end up embedded in automated technologies 
deployed to solve said “real-world problem” (Lindgren, 2024). We will specifi-
cally look at two of today’s central algorithmic techniques used for the training 
of neural networks: “backpropagation” and “vectorisation”. We will look at how 
feedback loops operated through backpropagation prompts cybernetic dynamics, 
such as the infinite testing of systems, that aims to justify how society should adapt 
to AI systems to ensure their never-ending fine-tuning (Amoore, 2022). Then, we 
will look at how the vectorisation process acts as an interventionist and reduction-
ist mechanism in the transforming of data inputs for decisions to be made by the 
machines. We assert that the flattening of inputs, which usually are data gathered 
from the monitoring of social environments, to plot a single vector course amounts 
to an (over) simplification of the complexity of said social environments.

In the second section of the text, we will demonstrate through the example of 
“AI godfather” Yoshua Bengio’s take on social and political theory what we see 
as the progressive deployment of “vectorial politics”. We settled on Bengio for 
our case study as he reached a position of close proximity with the Canadian Min-
istry of Innovation, acting as a consultant for AI regulation. Furthermore, he is a 
globally recognised actor and recently embarked on a journey of conference and 
media tours about the governance of AI. Our argument is built on a collection 
of texts collected from Bengio’s personal blogs, official articles, interviews and 
conferences he gave. Much of this material was gathered around the moment of 
publication of the now (in)famous letter of the Future of Life Institute1 (Future of 
Life Institute, 2023), signed and publicised by Bengio, asking for a six-month mor-
atorium on the development of large language models (LLM) more powerful than 
GPT-4. What is of interest in this material is the open, while messy, outlining of 
what politics, regulation, morals and social becoming should be under AI, accord-
ing to one of its most accomplished porte-parole (spokesperson) (Callon, 1986). 
Furthermore, the aforementioned sources also reveal how the workings of AI tech-
nologies inform Bengio’s socio-political theory through a form of crude mimetics, 
where algorithmic techniques inspired by Bayesian modelling2 act as a potential 
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baseline for political regulation. His political vision acts as an argumentative trojan 
horse meant to escape a fabricated nightmare scenario where LLMs are running 
rampant in society, causing harm through the tricking and deceiving of humans. 
As we shall demonstrate, such a fabricated hypothetical scenario is mobilised as 
an argument to push a political agenda where AI regulations must be made to not 
hinder the funding, deployment and optimisation of AI by the industry (Bengio 
et al., 2023). Indeed, coming full circle, it is as if AI could solve the problems of AI,  
prompted by AI, if society is aligned in a way that allows for more investments in 
“good” and very “responsible” technological developments.

�The 21st Century Machine Learning Moving Matrix: Backpropagation 
Algorithms and the Vectorisation Process

Referring to David Beer’s claim on recursive societies, that they are being “built upon 
feedback loops, multiple feedback loops, each endlessly feeding into the next” (Beer, 
2022, p.1), it is important to understand the very technologies – and mathematical 
models – that belt out and stack those feedback loops upon each other’s. The aim of 
this section is to understand the role of the backpropagation algorithm in this “recur-
sivisation” of the social, namely how machine learning, understood as AI’s current 
dominant paradigm (Roberge & Castelle, 2021), acts through adaptation, trials and 
errors, back and forth and back again in a fully circular modus operandi. While the 
impacts of automation and algorithmic turn have been widely assessed – especially 
the newfound ability to nudge platform users and thus fabricate content discover-
ability (Parisi, 2013; Roberge & Seyfert, 2016; Seaver, 2017; McKelvey & Hunt, 
2019) – the actual turn to AI relies on a narrowing and self-referential history. Indeed, 
it seems that all technologies now labelled “artificial intelligence” are derived from 
a connectionist paradigm that englobes everything from neural nets to deep learning 
(Cardon et al., 2018). As Roberge and Castelle put it:

the recent conjunction of ML hype, massive allocations of technological and 
financial resources, internal scientific controversies about the validity of con-
nectionist approaches, and discourses about hopes and fears all mark the rise 
to a prominence of twenty-first-century machine learning and deep learning 
(DL) as a paradigmatically novel sociotechnical phenomenon.

(Roberge & Castelle, 2021, p. 2)

One can indeed understand the history of AIas the conflict between two scien-
tific paradigms, the symbolists and connectionists, which ended in the crowning 
of the latter’s clan after the victory of Geoffrey Hinton’s deep learning machine in 
the image recognition contest of 2012’s ImageNet (Cardon et al., 2018; Pasquinelli 
& Joler, 2020). Such a victory is emblematic of a long, if all too efficient, shift 
from rigid, deterministic algorithms to malleable, probabilistic AI. The project of 
AI emerged during the Cold War with the aim of producing machines that can 
support faster decision-making in case of nuclear catastrophe (Amoore, 2022). 
Aaron Mendon-Plasek traces the emergence of such projects back to the scientific 
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field of pattern recognition. As he states, “researchers saw their object of study as 
the mechanical identification of significance and the reproduction of human judg-
ment” (Mendon-Plasek, 2021, p.32). While pattern recognition practitioners made 
the notion of learning central to the endeavour, what is effectively learned does 
not amount to an imitation of the human capacity to create new abstract, symbolic 
categories in the face of the unknown. Rather, what learning means in this context 
is the ability to identify in real-time never-seen before inputs based on “known” 
data previously encoded in the system (Mendon-Plasek, 2021; see also Reigeluth 
& Castelle, 2021, and Lindgren, 2024). Furthermore, this fluidity of “learning” in 
the connectionist machines, coupled with the difficulties, rigidness and priciness of 
the symbolist clan’s underperforming expert systems, saw the connectionist clan 
emerge as a new, if naïve and nominalist, paradigm that survived the winter of AI, 
allowing them to eventually claim the throne of the AI research field.

Pattern recognition as a field of study, and machine learning as a technique, are 
thus the common roots of a multitude of different learning-based methods such as 
deep learning, self-supervised learning, semi-supervised learning and unsupervised 
learning. Some of these learning promises are enabled by the adaptability and op-
timisation capacities allowed by the backpropagation algorithm in model training 
(Rumelhart et al., 1986; Le Cun, 1988). Backpropagation could be understood as a 
training method that “uses error signals that are sent through feedback connections to 
adjust synapses and has classically been described in the supervised learning setting” 
(Lillicrap et al., 2020). This technique of propagating errors and noises, back to front 
and then front to back, through the machine in the hope that it “learns from its mis-
takes” contributes to the performative belief that machine learning-based technolo-
gies are indeed artificial “intelligence”. Truthfully, backpropagation algorithms are 
eerily cybernetic since they draw on both the imaginary and function of recursivity, 
control and communication (Halpern, 2014; McKelvey & Roberge, 2023). The mod-
els and machines they create appear to self-correct, re-assess and engage in steering 
activities. The argument here is that machine learning, as the paradigm of 21st cen-
tury AI, must be considered when discussing the current undergoing transformations 
of society, culture and politics by accelerating the back-and-forth movement between 
sizeable, macro systems – the equivalent of LLMs in the form of ChatGPT, for in-
stance, to a multitude of intertwined micro situations: LLM for insurance, banking, 
schooling, etc. (Dyer-Witherford et al., 2019; Luitse & Denkena, 2021; Farrell & 
Fourcade, 2023). This results in a movement of cybernetic normalisation as a genera-
tive social force. According to Halpern, cybernetic epistemology is one permanently 
kept in phases of beta-testing. She asserts that cybernetic models produce episte-
mologies characterised, ironically, by the fact that “there are never final facts, only 
ongoing experiments” (Halpern, 2014, p. 10). The horizon disappears in the present; 
the end goal shifted from the prediction of the future to the production of the actual 
by machines, according to a future also “probabilised” by machines. The trick is that 
stability is both justified and called for by a form of dynamic ontology. Cybernetic 
models, in other words, are always in search of equilibrium through the balancing of 
errors and noise inputs. This desired stability is exactly that and only that, a desire. 
Such models – including today’s most advanced “AIs”– can never stabilise as their 
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sequence of operation is one of short-term disruption alternating with short-term sta-
bilisation, thus one based on shocking and mending or as we will see further down, 
crisis generation (Halpern, 2022).

What is backpropagated, to state it otherwise, is both theoretical and practical. 
As it has now been clearly demonstrated in the literature, the performance of AI 
highly depends on the composition and precision of training sets that are out there 
(Cardon, 2015; Pasquinelli & Joler, 2020; Crawford, 2021). To create machines 
and models that can solve complex problems in the very fabric of the social, it is 
required for training sets to include a wide variety and density of “real” data points 
so they can deal with a wide variety of local, situated problems. Again, this is a 
rather practical, down-to-earth issue: the need to formalise the complexity of social 
situations explains the race in the acquisition of troves and troves of “big” data by 
the AI industry. As Parisi sums up:

Today, the combination of environmental inputs and a posteriori instruction 
[…] embrace second order cybernetics and its open feedback mechanisms. 
The goal of this new dynamic interaction is to include variation and novelty 
in automation to enlarge the horizon of calculation, and to include qualitative 
factors as external variables within its computational mechanism.

(Parisi, 2015, p. 129)

It is such composition of training sets and scenarios that ends up dictating the 
frontiers of the AI’s possible universe of operations. Indeed, “the learning in algo-
rithmic thinking is constrained by its integrated observational functions”. “This is a 
kind of diagrammatic thinking; a thinking within lines” (Beer, 2023, p.89; see also 
Mackenzie, 2017). Operationalising the data harvest in conjuncture with training 
environments thus requires a mathematised simplification process known as “vec-
torisation”, the second algorithmic technique we want to study in this section. In 
the field of deep learning, the function of vectorisation is the formalisation of data 
in a representational space; a matrix of multiple lines, sweet spots and thresholds 
between a plurality of data points that is fundamentally adaptative (Ren & Xu, 
2015, p.1841). In turn, such “complex-simplification” betrays what it is possible to 
call a computational determinism, the idea that everything can be made into com-
putable variables in the form of data for AI to be trained and operated on. To study 
how vectorisation occurs is to study how complex social realities end up being at 
least symbolically simplified in the attempt to create technologies meant to act as 
solutions for aforementioned “real-world problems”.

The end game in such a gargantuan ingestion of data is the encompassing flat-
tening of actants into computants: individuals and collectives, living or non-living, 
that produce data flows to feed computation. The automated capture of world frag-
ments explodes the types of statistical parameters that compose and drive classifi-
cation; new categories are made in real time, predictions are plotted and results are 
finally released into the world. To summarise this sequence, we thought of the for-
mula capture>flatten>plot>release. Again, everything can and must be included 
in the calculus for models to work. And while automation is framed as limitless, 
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it depends on trust, almost a leap of faith from the engineers, who know that they 
don’t know how their models work (Seaver, 2022; Beer, 2023). This trust translates 
in an “act of belief” that they will be able to decipher, in the depths of their AI’s lay-
ers, new and somehow meaningful correlations. This is indeed a method to prompt 
adaptation in the model, to justify prototypisation into society, the distribution of 
cognition among different actants and a distanciation (or in some cases, dissimula-
tion) of actors behind their models. This data ingestion means that the composi-
tion of feedback loops will itself grow exponentially both in scale and in speed. 
Summed by controversial philosopher Nick Land, “cybernetics is the aggravation 
of itself happening” (Land, 2018, p. 297).

For AI to work, the world thus needed to exponentially be made readable. This 
is precisely the function of the vectorisation process, as neural networks require 
inputs to be dynamically placed on a responsive diagrammatic matrix. What ini-
tially started by the vectorisation of visual inputs then moved to the vectorisation 
of texts with the Word2vec technique and ultimately propagated to the extent of all 
computable human activities (Mikolov et al., 2013). The ability to create diagram 
and moving matrix where data points “fits” thus expanded with the shifting of 
the formula word2vec to its enhanced, super-charged version: world2vec (Cardon 
et al., 2018, p.206). The argument here is that by putting, at least potentially, all 
of what can be conceived as our world into vectors, what is indeed constructed is 
simultaneously a new epistemology, a zeitgeist and a form of social engineering.

In short, while the training of AI relies on backpropagation algorithms—which 
operate on feedback loop mechanism inherited from cybernetics—a second algo-
rithmic technique, vectorisation, executes the rendering of the social world into data 
and back again into the social by AI. Again, it is possible to summarise such “linear-
looping” pattern of data capture by the formula capture>flatten>plot>release, which 
must always be repeated to keep the models “up to date”. But it is the effect of this 
sequence in the world that is of the essence here. This looping of the social amounts 
to a vectorisation becoming cybernetisation. Jonathan Roberge and Fenwick McKel-
vey describe this as the advent of “recursive power” (McKelvey & Roberge, 2023). 
Beer, for its part, sees it as a steering towards a recursive society (Beer, 2022). This is 
not just about data being extracted and then folded back into our lives, it is about the 
way this folding back is repeated again and again on lots of different fronts, moving 
from single loops and forming into coils. One coil leading into the next. Once this 
occurs, the data being produced are not just a product of actions, practices or behav-
iours, they are product of how previous feedback loops have shaped those actions, 
practices and behaviours, which then produce more data, which then fold back again 
into social life and so on. Recursivity as a mode of social construction emerges when 
data gathering is so integrated that there is no point of origin – everything is already 
integrated through loops upon loops of data processing.

�The Politics of Vectorial Spaces: A Godfather’s Take

Once vectors are created across a single space made of n dimensions, each cor-
responding to a parameter type, the next step is to reduce the complexity of the 
construct. By collapsing dimensions characterised by low data variance, the whole 
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gets simplified and categories deemed unnecessary are obliterated (Pasquinelli & 
Joler, 2020). Logistic regression – among the many modelling techniques used to 
create meaning out of the data points scattered in the vector space – produces both 
a linear function and a linear understanding-overly simplistic rendering of the rich-
ness of social life. And since the world is currently being folded into this abstract 
multidimensional space, one might wonder what could happen to the richness and 
complexity of human culture and, as we will see, politics. One of the currently 
unanswered questions in the field of Critical AI Studies is how such flattened, if 
naïve, vectorised zeitgeist gets reinjected into culture and politics, therefore creat-
ing loop-like structures as theorised by Beer (2022), and furthermore, self-fulfilling 
prophecy as theorised by Robert Merton (1948). Our claim is that today’s spinning 
and steering of AI is both performative and narrative. If written in a script-like lan-
guage, the formula would go along the lines of: If (world2vec) then vec2politics. 
The social text is now (mis)interpreted by machines and their public translators and 
enablers into a single multidimensional vector space. Political theory is now one of 
the many outputs of the AI innovation ecosystem.

To decipher the implicit social and political project created by the retroaction of 
the current vectorisation process, one should consider the dissection of the public 
discourse provided by the “moralists” among the principal spokespersons linked 
to the AI vanguard. Dubbed the “vectorialist class” (Wark, 2004) or the “coding 
elite” (Burell & Fourcade, 2021), this distributed and loose collection of tech 
entrepreneurs, venture capitalists, computer scientists and engineers coalesced out of 
the Californian landscape, carrying with them a tradition of superficial progressive 
politics, fringe logics such as transhumanism and the firm belief that computation 
is the key to solve most of humanity’s challenges and re-engineer political govern-
ance (Burell & Fourcade, 2021). Of late, star researchers such as Geoffrey Hinton, 
Yoshua Bengio and Yan Lecun or other well-known entrepreneurs in the like of Sam 
Altman and Elon Musk, have come to populate the public space with apparent con-
troversies and disagreements – once again, we refer as an example of this dynamic 
the publication of the “Pause Giant AI Experiments” open letter by the Future of 
Life Institute on 22 March 2023, and the following moral panic it prompted around 
AI existential risks throughout the year. In return, we argue that such “artificial” 
debates equate to two sides of the same coin, or coil for that matter, namely that 
all these discourses and positions participate in deploying the vec2politics mantra 
(Roberge, 2023a). By choosing an empirical and situated approach centred around 
a leader of the vectorialist vanguard – Yoshua Bengio as a privileged porte-parole – 
we aim to illustrate, in the shape of an ideal type, the broader issue at stake when 
politics are retrofitted into a mathematical model.

MILA, as the heart and soul of Montreal’s AI innovation ecosystem, is also the 
fortress of professor-entrepreneur Yoshua Bengio and associates (Colleret & Gin-
gras, 2020; Roberge et al., 2019; 2022). This non-profit public-private institution 
has recently acted as the crucible where AI-fuelled social theory and policymaking 
have been fused to produce what could be the contemporary version of a cybernetic 
decentralised power matrix. By informing legislators through media stunts and 
prebuilt policy toolkits (once again, see Bengio, 2023), the aim is to partake in the 
transformation of the State as a partner in AI regulation, creating in the process a 
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dedicated niche within the science funding ecosystem (Roberge et al. 2019). The 
consequences of such gestures are far-reaching and will have a drastic impact on 
culture, politics and science – something we intent to illustrate with excerpts from 
blogs, conferences and events involving members of MILA which ultimately led 
them to co-edit the “Pause Giant AI Experiments” with members of the longtermist 
Future of Life Institute.

In March 2023, MILA organised the press launch of Missing Links in AI Govern-
ance,3 a report co-edited with UNESCO that was partially funded by the province 
of Quebec. Following the usual declarations by state-sanctioned officials and other 
NGO directors, a conference involving Yoshua Bengio and Kate Crawford was 
held to explore further some of the topics covered in the report. The report mainly 
contains ready-made guidelines meant to help state officials derive various types 
of regulations and technological development frameworks. This rule book was in-
troduced in the same conference by UNESCO delegate Jelassi who insisted that 
“it is crucial that policymakers and civil society members are equipped with the 
necessary insights and perspectives”, and later added, “we also recognize the need 
for more accessible and concise information for decision makers” (Mila-Quebec 
Artificial Intelligence Institute. 2023a, 0:16:40).

While introducing the panellists during the launch event,4 Valérie Pisano, MILA’s 
CEO, addressed Yoshua Bengio with this surprising question: “I know one of your 
core convictions is a bit of a redesign of our social and political structures, right?” 
(Mila-Quebec Artificial Intelligence Institute, 2023a, 0:47:44). Bengio’s response 
was equally startling: “I’m not a social scientist and, you know, but at some point, 
a number of years ago, I realized that there’s a mathematical way to think about 
society and the economic systems5 we have” (Mila-Quebec Artificial Intelligence 
Institute, 2023a, 0:48:05). Developing further his thought, the computer scientist 
casually explained that society is composed of multiple vectors and that problems 
arise when such vectors are misaligned. In order to avoid the turbulence caused by 
the vectors of profit maximisation, while saving the capitalist system, “[which] also 
brought a lot of good things” (Mila-Quebec Artificial Intelligence Institute, 2023a, 
0:49:03). Bengio advocated for the creation of a new regulatory environment where 
the State, deemed too slow to properly regulate AI, has to delegate said regulatory 
actions to “independent third parties that are competing to provide regulations and 
that are judged in terms of how well they succeed in protecting the public in par-
ticular areas with the companies that they’re working with” (Mila-Quebec Artificial 
Intelligence Institute, 2023a, 1:01:17). Although he might have sharpened his views 
on regulation just some months later, the vanguard of vectorialism is in full display 
here as what he advocates for is an adaptive and dynamic rulemaking structure that 
operate in lieu of States (deemed once again too “slow” and “misinformed on AI 
matters”) to tweak around the various vectors that compose society. This image re-
calls the painstaking training process and ensuing corrections applied to AI models 
to improve their performance through backpropagation. In vectorialism, it is society 
that has to adapt to AI technologies. Again, the ever-frank Valérie Pisano stated that: 
“AI, among other things, is provoking this new world order. Yes. And now’s the 
time to have a bunch of people to sit around the table and start doing this design and 
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co-creation of this new world order or it’s just gonna happen to us” (Mila-Quebec 
Artificial Intelligence Institute, 2023a, 1:07:35).

Two days later, Max Tegmark and Emilia Javorsky from the Future of Life Insti-
tute joined Yoshua Bengio in holding a conference announcing the publication of the 
now (in)famous letter asking to “immediately halt training of AI systems more pow-
erful than GPT-four for at least six months” (Mila-Quebec Artificial Intelligence In-
stitute, 2023b, 0:00:01). Timing is of the essence, as some say. In this specific case, 
the mostly mediatic bandwagon that followed generated the crisis for which the 
UNESCO-MILA publication was initially addressed. During the public conference, 
Javorsky involuntarily formulated the idea of what could be a crisis generation strat-
egy embedded within the vectorial politics. Such a strategy could prove useful for 
the vectorialist vanguard, as it maintains urgency in a context where there is no real 
opposition. This could explain the strange pulsating dance where velocity-related 
opposites are invoked: slowdown of research, acceleration of decision-making, race 
to the bottom, etc. AI general parameters could be modulated; the speed of what 
amounts to social vectors within the confines of their worldview could be modu-
lated. Conjuring up catastrophes with ready-made solutions in a context of radi-
cal inclusiveness, Javorsky concluded the conference with the following question: 
“how can we actually use AI to solve the problems that we have today and to forge 
a future and having that conversation to be one that is inclusive?” (Mila-Quebec 
Artificial Intelligence Institute, 2023b, 0:51:26). This allusion to inclusiveness goes 
beyond simple virtue posturing here as the proposition underlying vectorial politics 
is absolutely overarching, witness to this is the data ingestion mentioned above and 
already theorised as all-encompassing by scholars such as Luciana Parisi (2015). 
Thought out as a total system with no outside components, crisis generation is a 
tool that could catalyse a new political, economic and cultural matrix (Klein, 2008; 
Halpern, 2021; Halpern & Mitchell, 2022). Beyond the actions of a simple adaptive 
model that would recuperate criticism to adjust or temper its outputs, one is now 
confronted with hyper-adaptability that manufactures crises through technological 
disruption while administering those same crises through technological mending. 
We must question what are the possibilities of existence for critical voices and non-
vectorialist positions in this all-encompassing system.

We thus turn to our analysis of Bengio’s blog posts to further our understanding 
of his socio-political theorisation. He binarily explains how some rather small dis-
crepancies between the goals pursued by an autonomous automated system and its 
users might eventually cause a wide scale catastrophe that will affect humanity: “a 
slight misalignment between our actual intentions and what the AI system actually 
sees as a quantified objective is likely to be amplified by the difference in power 
or intelligence between the AI and us” (Bengio, 2023f). On the one side, a key ele-
ment is the exponential curve that hypothetically could speed up and scale up into 
existential risks. On the other side, the argument seems to envision an embedding 
of “self-preservation goals” in models, explaining the menacing nature of AI enti-
ties. According to Bengio, AI “will have a self-preservation goal, which amounts 
to creating a new species because they won’t be exactly like us” (Bengio, 2023f). 
And then, the mass extinction that was imposed on animals whose goals were 
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misaligned with humans is presented by Bengio as an analog to the fatal conclusion 
that awaits us. The transplantation of self-preservation goals into automated sys-
tems combined to their superior velocity creates a perfect storm that might wipe out 
humanity. What are the odds then that such a chain of events occurs? While vec-
torialism is fundamentally a statistical (and diagrammatic, for that matter) form of 
thinking, Bengio asserts that his “current estimate places a 95% confidence interval 
for the time horizon of superhuman intelligence at 5 to 20 years” (Bengio, 2023f). 
P(doom), score and distribution goes hand in hand here as, elsewhere in the piece, 
he asserts that “there is a significant non-zero probability […] for superhuman AI” 
(Bengio, 2023f). Throwing numbers – be they unprovable as they come – is para-
doxically a long-established way by which vectorial thinking can gain credibility 
as a socio-political project (Rouvroy & Berns, 2013; McKelvey & Roberge, 2023; 
Lindgren, 2024). But it is not the only one, as now AI models also have found ways 
into text and language. The case in point is that LLMs are heavily mobilised to il-
lustrate the potential advent of an artificial general intelligence (AGI). Once made 
public, ChatGPT and various image generators such as DALL-E have indeed taken 
the world, and, as Bengio’s own admitting, by surprise.

One of the more solid arguments invoked by connectionist-doomers in the like 
of Bengio rests on the transformative effect that reinforcement learning – training 
algorithms relying on agents trying to maximise long-term rewards in a predefined 
environment – could have on the very notion of language. It is as if LLMs such as 
ChatGPT would have agency – meaning they would be able to “try to please and 
convince AI annotators, not necessarily tell the truth, which may even lead to them 
using deception to obtain rewards or provide unfaithful explanations” (Bengio, 
2023f). Here lies another, if more symbolic, case of misalignment. According to 
Bengio, it is “possible to teach an AI system through feedback to avoid behaving 
in nefarious ways, but it is difficult to forecast how such complex learned systems 
would behave in new situations, as we have seen with large language models” 
(Bengio, 2023d). The problem is that one could always wonder if an algorithm 
modelled through a reward function is able to develop inner-directed subgoals that 
transpire any kind of intentionality. Summed up by Bengio, “we can use natural 
language (with modern LLMs) to state those goals, but there is no guarantee that 
they understand those goals the way we do” (Bengio, 2023d).

Going a step further during the MILA and Future of Life Institute joint confer-
ence mentioned above, the AI godfather claims that “language is the key to how 
our society structures, to our culture” and by so doing eo ipso introduces some sort 
of trojan horse by which vectorial politics would sneak through the gates of power. 
Generative AI’s effect on culture paves the way to assertions of social destabilisa-
tion and endangerment of democracy, hence justifying the existence of a new politi-
cal programme modelled to counter these menaces. For instance, “using dialogue 
with humans to create a manipulative emotional connection and pay or influence 
them to act in the world in ways that could be very harmful” represents how an 
evil autonomous AI could destabilise society (Bengio, 2023f). Identity falsifica-
tion, deceitfulness and language-based trickery fuel the fear of an environment 
where social interactions are not only mediated by machines but potentially gener-
ated during the course of training by AIs. Introduced as a “nightmare scenario”, the 



If (world2vec) Then vec2politics  149

constitution of a “public space, basically online, where the vast majority of every-
thing is created by machines” (Mila-Quebec Artificial Intelligence Institute, 2023b), 
could lead to a situation where human audiences would be left out of the loop, unable  
to understand what is going on.

Surprisingly – or not – Bengio’ discussion of the nature of language in the age 
of LLM is not only both statistical and symbolical but also moral and politico-theo-
logical (Lefort, 1986; Cooper, 2020; McKelvey & Roberge, 2023). Here and there, 
the Montreal-based scholar refers to, or circles around, the idea that there is such 
a thing as a binary division between “good” versus “bad” or “responsible” versus 
“rogue” models. In “Personal and Psychological Dimensions of AI Researchers 
Confronting AI Catastrophic Risks”, he mentions how “powerful tools like AI are 
dual use, they can be used for good or for bad” (Bengio, 2023g), whereas in either 
“How Rogue AI may Arise” or “AI and Catastrophic Risk” he goes at length about 
the goal of “protecting Humanity from Rogue AI” (Bengio, 2023h). This discursive 
assemblage happens, again, by no accident. The conundrum is statistical or, for that 
matter, to be translated in a vector: widening the access to AI could be a problem; a 
much greater number of dangerous individuals could be in contact with automated 
systems and exploit their capacities to wreak havoc and generate turbulence. The 
issue is one of control. The plot is how not to lose it.

Indeed, the dynamic nature of such vectorised zeitgeist keeps on broadening the 
horizon of calculation and optimisation. And Bengio is not alone in this venture. To 
give a precise yet related example, British author Nick Bostrom suggests creating 
a vector field of policy implications that relate to “a wide range of possible norma-
tive positions” to steer what social actors would be doing while considering the 
diversity of their interests (Bostrom, 2018, p.4). By “focusing on ​the directional 
policy change​, from many possible evaluative standpoints”, it is possible, accord-
ing to Bostrom, to adopt a somewhat “neutral-best” stance among different norma-
tive worldviews, as if one resolved a physics problem by summing up vectors, to 
determine a conclusive social path leading to suitable development for all (Bos-
trom, 2018, p.4). The choice of words, metaphors and concepts matter here as it 
seems that Bengio heavily borrowed from this material. Even when criticised by 
some commenters arguing that hypothetical long-term risks amount to a smoke-
screen veiling near-term or already materialised present threats, Bengio answers 
that “we should promote a regulatory framework addressing all the AI harms and 
risks” (Bengio, 2023f). In an earlier blog entry, he calls for the inclusion of risks 
residing “in different time horizons” (Bengio, 2023c). Vectorial politics is an all-
encompassing model stretching across time when enunciating new governance 
rules and social adjustment strategies. Claiming to see society as a mathematical 
matrix where social events are the result of intermingling vectors, the computer 
scientist is in fact quoting not only Bostrom’s logic and modus operandi but also its 
desirata, namely that ultimately social problems can be easily fixed.

While Bengio’s social engineering and political project are in full display, we can 
see that they are fully circular: the problems of AI are to be solved by AI. Future-
dwelling algorithmic spectres and probabilistic-catastrophic scenarios haunt the 
present. “Facing several global crises that are likely to worsen”, among which the 
“risks posed by the uncontrolled development of AI” he doubts “that the current 
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organisation of our society, at the national and global levels, is adequate to face 
these challenges” (Bengio, 2023c). The fabrication of a menace, taking the shape 
of unruly powerful AI agents, becomes the perfect justification, even if vaporous, 
for a political regime change: “We must now consider the possibility that the social 
organisation that worked in the last century is no longer adapted to these global 
crises” (Bengio, 2023c). Is it about some sort of revolution then? Most certainly 
not, except if one was to go back to Hannah Arendt’s work on early, pre-modern, 
meaning of the term, understood as the equivalent of a complete rotation – the 
moon looping around the earth (Arendt, 1963). Bengio’s radicalism, with that in 
mind, is one in which profound socio-political changes are more of the (mathemati-
cal) same. Uncertainties call for anticipation, prediction and control. Social issues 
call for technological solutions. Problems with AI require “major socio-technical 
research investment” (Bengio, 2023f), and so on.

Turbulence reduction and social steering appear to be the main objectives pur-
sued here. Turbulences created by the speed at which AI is deployed might un-
dermine social conventions and become the justification for the implementation of 
highly adaptative political regimes. Said regimes, envisioned as able to maintain an 
aura of constant monitoring and predictive looping, “magically” appears as neces-
sary. In fact, Bengio has spent a great deal of effort lately on such endeavour, wit-
ness to this is his new and apparently enhanced “quantitative safety guarantee and 
alignment” political project (2023c). A possible avenue to solve everything implies 
to consider all potential answers of any or all systems on a probability scale. Interac-
tions between a Bayesian inference machine6 polling a world model that provides 
in return a reward signal could improve the veracity of the outputs of the generative 
system. Such an approach involves “listing all the possible theories and their poste-
rior probabilities” (Bengio, 2023d) which, of course, should be calculable and hence 
formalised in a backpropagation algorithm making strives on a vectorised matrix.

Within such a framework, “the notion of uncertainty is crucial”, as the computer 
scientist reminds us (Bengio, 2023b). If the vec2pol rule applies, this Bayesian-
inspired algorithmic system should not only be theoretically “just” but could prac-
tically interface with the political sphere. Acting as one of the most prominent 
translators of his milieu, Yoshua Bengio is giving key insights about the workings 
of vectorial politics. Events and non-events tied into a vast network that shape 
social life are each attributed a probabilistic weight and then are submitted to coun-
terfactual reasoning to both determine the best possible outcome for most and to 
escape rogue scenarios. Each knot of the mesh, linked together through causal 
determination, is constantly evaluated and subsequently adjusted, reminding the 
adjustment of the priors applied through Bayesian inference: [What (will)(could) 
(have) happen(ed) if?]. This constant questioning not only targets the near future 
but encompasses the past, the present as well as the long-future. If (world2vec) then 
vec2politics loops in a coil. It is by jumping around back and forth through time that 
one can evaluate causal dependencies between these probabilistic events and plot a 
course for action. In such a dynamic system constituted of interdependent variables, 
vectors are realigned by affecting the flow of the unnormalised probabilities that 
hold together the branches of the Bayesian network. Of course, holding a quasi-
infinite number of probabilistic events to calculate meaningful interventions to the 
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flow and (re)set an “optimised” political course of action seems impossible or at the 
very least difficult in the face of “qualitative” – as in human and historical notions 
of social complexity. Here and there, Bengio has come to insists that “humanity is 
already facing alignment problems” (Bengio, 2023d). He even claims that “poli-
tics, laws, regulations and international agreements all imperfectly attempt to deal 
with this alignment problem” (Bengio, 2023d). Luckily, the man has a plan. In 
order to face the upcoming challenges “we need to think now about how to adapt 
our societies, or even reinvent them completely” (Bengio, 2023c). It is very well 
possible then that the (non)-revolution will be vectorised.

�Conclusion

Concluding this book chapter, we assert that the relationship between AI’s way of op-
erating and interacting with the world, scrutinised through the algorithmic techniques 
of backpropagation and vectorisation and the socio-political theory fabricated and 
promoted by important actors of the AI innovation ecosystem, through the figure of 
Yoshua Bengio as a porte-parole, is one of pure mimesis. The cybernetic aggravation 
recedes in becoming analogic, static rather than dynamic in the inability to account 
for social complexity and theory outside of the computational corpus. The question of 
how can AI be regulated to coexist with humans would, as Roberge and Castelle have 
stated, require a pluralist or perspectivist “epistemic step that machine learning prac-
titioners have not fully accepting themselves” (Roberge & Castelle, 2021). Vectorial 
politics’ core logic is akin to the cybernetic epistemology of AI: everything must be 
included in the probabilistic calculus, in the form of a data variable, to create a stable 
system that voids off the probabilities of catastrophic scenarios. Both systems thus re-
main in a sempiternal search of equilibrium through a recursive form of testing, them-
selves imposing turbulence in their wake (Halpern, 2014; Amoore, 2022). During his 
appearance in L’intelligence artificielle décodée,7 a Radio-Canada special programme 
on AI aired on 7 December 2023, Bengio reminded the audience of the importance 
that nations equip themselves with “des infrastructures de règlementation agile” (ag-
ile governance infrastructures) that can adapt in quasi-real time to “bad usage of AI by 
bad actors” (Radio-Canada Info, 2023, 1:43:38). He further elaborates that future AI 
regulation laws must allow the vaguely conjured “independent regulator” to bypass 
parliament for an increase in reaction and dynamism in the face of new, emerging AI 
threats (Radio-Canada Info, 2023, 1:44:05). This attempt to theorise a circular, all-en-
compassing system to safeguard societies from AI existential risks ironically amounts 
to something more linear where power is accumulated in the hands of the vectorialist 
class. We thus re-assert the importance of examining, problematising and criticising 
the relationship between AI technology and AI promoters’ socio-political theory, and, 
especially, the room it allows for the existence of critical voices.

Notes
	 1	 https://futureoflife.org/open-letter/pause-giant-ai-experiments/
	 2	 “A mathematically clean and rational way to handle that uncertainty is called Bayesian 

inference”, explains Professor Bengio in his May seventh blog entry dedicated to the 

https://futureoflife.org/open-letter/pause-giant-ai-experiments


152  Algorithms, Artificial Intelligence and Beyond

theorisation of “safe AI scientists”, automated systems “that completely avoid the issue 
of AI alignment” (Bengio, 2023d). While uncertainty characterises the scientific theo-
ries known to the AI-powered research assistants described by Bengio, it appears that 
the policies to be enacted by governments regarding technological regulation can also 
fit in this Bayesian worldview. As the posterior probabilities of harmful events are cal-
culated, new information is obtained to update the priors, adjusting the expectations and 
guiding the actions of powers that could mitigate danger and reduce overall uncertainty.

	 3	 https://www.unesco.org/en/articles/missing-links-ai-governance
	 4	 https://www.youtube.com/watch?v=w92y0YiJA4M
	 5	 Emphasis added.
	 6	 Named after the English mathematician Thomas Bayes, author of the Bayes theorem, 

a formula used to calculate the probability of an event based on the probability of prior 
events. Bayesian inference are statistical inferences calculated by applying Bayes rule 
to a prior distribution in order to generate a posterior distribution (Taboga, 2021).

	 7	 https://www.youtube.com/watch?v=QFKHd2k_RNE
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Generative AI, Big Tech and the Value 
of Political Economy Analysis for the 
Sociology of Artificial Intelligence

Zheng Liu

�Introduction

The rapid advancement of artificial intelligence (AI) has transformed industries, 
economies, and societies worldwide. This has rightly sparked a great deal of inter-
est within the field of sociology in the social implications of this emergent technol-
ogy (see Liu 2021; Joyce et al 2021). Questions have been asked about AI’s impact 
on various dimensions of society and social life, from inequalities to political en-
gagement, from job displacements and employment to family-making (Elliott 2019 
and 2021; Zajko 2021). However, much of the existing sociological research on 
AI has predominantly focused on ‘AI’s impact’ on existing sociology themes and 
concerns, with limited attempts having been made to develop a systematic ‘sociol-
ogy of AI’ to examine AI in its own right as an emergent social structure and social 
force (Lindgren 2023). One reason for this lack of attention to the sociological, 
vis-à-vis social, implications of AI is the restricting view of AI as a mere piece of 
technology. Sociology has not paid sufficient attention to the economic and politi-
cal structures embedded in AI technologies and is therefore incapable of locating 
and evaluating the fundamental forces and power relations that give rise to AI’s 
great influence – existing and potential – within society.

Of course, one can argue that examining AI’s relationship to and effects on poli-
tics and the economy are tasks of political scientists and economists, rather than so-
ciologists. However, the influential traditions of political sociology and economic 
sociology have long established the cruciality of analysing the social dimensions 
of political and economic processes and phenomena for a comprehensive under-
standing of these processes and phenomena (Clark 1998; Nee and Swedberg 2005). 
Likewise, one may argue that, in order to develop a sociological theory of AI – 
which can be broadly defined to be clusters of technoeconomic systems capable 
of generating human-like behaviour, to account for AI’s distinctive technological 
and commercial properties in the present era – analysing the economic and politi-
cal processes, structures, and institutions that embed in and shape AI research and 
innovation practices is a necessity.

Indeed, behind the rapid progress in AI lies a complex nexus of economic and 
political actors and entities whose interplay can be said to constitute the most funda-
mental force that shapes AI research and innovation today. On the economic front, 
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technology companies – both large corporations and small start-ups – are leading 
the current wave of AI innovation and progress, eclipsing universities and research 
institutes both in investment and in technical breakthroughs (Maslej et al 2023). In 
contrast, in the previous rounds of AI innovation in the twentieth century, it was 
primarily universities and research institutes that drove the key developments in AI,  
not industry. Businesses’ interest in AI was rekindled during the 2000s, with advance-
ments in related technologies such as big data and advanced computing opened new 
opportunities for AI research and innovation, especially in the fields of machine learn-
ing and deep learning, paving the way for the unprecedented development of many 
influential AI breakthroughs we have seen and experienced over the past decade or so 
(Kaplan 2016). These innovations can be put into use in numerous business scenarios 
to generate new value, hence proving highly attractive to companies and investors 
alike. The current ‘AI summer’, therefore, can be said to be one that is driven pre-
dominantly by businesses and commercial interests more than anything else.

Meanwhile, the global AI industry is led by a small number of countries, with 
the US and China being the top two leaders. Both countries have been seen to adopt 
progressive policies and funding schemes to turbocharge the development of their 
respective AI industries and research capabilities, with the aim to maintain and 
consolidate their global leadership in AI R&D (Research and Development). The 
US’s National Artificial Intelligence Research and Development Strategic Plan: 
2023 Update, e.g. identifies AI as a ‘national priority’ and makes a commitment to 
long-term government-led investments in fundamental and responsible AI research 
(NSTC 2023). In comparison, China’s The Next Generation Artificial Intelligence 
Development Plan, released in 2017, places a great deal of emphasis not only on 
fundamental AI research but also on using AI to empower existing industries and 
sectors to drive long-term economic growth (State Council 2017).

All of the above trends suggest that the current global landscape of AI research 
and innovation has a distinctive political-economic character. To develop a system-
atic sociological theory of AI hence entails an examination of the economic and 
political structures and relations embedded in AI research and innovation practices 
and institutions. To do so, this chapter argues that the political economy analysis 
offers a useful analytical framework. This framework views AI not only as some 
mere technology but rather as comprehensive technoeconomic systems developed 
by for-profit companies, with policy, financial, and strategic support from states.

�Large Language Models, Generative AI, and the Leading  
Role of Industry in AI Research and Innovation

A distinctive and distinguishing feature of the development of AI in the past dec-
ade has been the central role played by industry in AI research and innovation.1 
According to the AI Index Report 2023 (Maslej et al 2023), until 2014, academia 
was ahead of industry and other sectors in releasing the most significant machine 
learning models. Since then, however, industry has surpassed academia in produc-
ing the most significant and advanced machine learning AI innovations, especially 
in the fields of large language models (LLMs) and generative AI. According to the 
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report, in 2022, industry players contributed to 32 ‘significant machine learning 
systems’, whereas academia created only three (Maslej et al 2023: 50). Although it 
appears that the Report has considered only AI innovations released within the US, 
the trend identified – industry is ahead of academia in driving AI research and in-
novation – is, in general, an accurate depiction of the current state of the global AI 
R&D landscape. That is, technology companies – both large corporations and small 
start-ups, including Unicorns (start-ups with a market value of $1 billion) – form 
the major driving forces behind AI innovation in the present era.

This landscape may appear slightly different in China. This is because, at least 
in the field of LLMs and generative AI, top universities and research institutes – 
such as Tsinghua University – have been playing a major role in producing some 
of the most influential AI innovations and AI start-ups alike. For instance, the top 
Chinese LLMs and generative AI start-ups, including star companies such as Zhipu 
AI (智谱AI), Baichuan AI (百川智能), DeepLang AI (深言科技), ModelBest 
(面壁智能), Frontis (衔远科技), AI-beings (聆心智能), and Moonshot AI (月之
暗面), were all founded by current Tsinghua University faculty and/or graduates. 
Researchers from other top institutions, such as Shanghai Jiaotong University, 
Zhejiang University, Chinese Academy of Sciences, and University of Science and 
Technology of China, have all released significant AI models for use by businesses, 
academia, and the public alike. This said, the trend of leading AI scientists from 
universities and research institutes establishing technology companies to develop 
AI innovations still serves to show how business logics are prevailing over scien-
tific rationale in shaping the practices and directions of AI research and innovation, 
particularly in the field of LLMs and generative AI.

The United States

The roots of America’s AI leadership can be traced back to the latter half of the 
twentieth century when seminal research institutions, such as Stanford University, 
Massachusetts Institute of Technology (MIT), and the Defense Advanced Research 
Projects Agency (DARPA), laid the groundwork for AI research and innovation 
(Kaplan 2016; Steinhoff 2021). Pioneering figures like John McCarthy and 
Marvin Minsky spearheaded efforts that culminated in the birth of the field. The 
US’s leadership in AI has then been sustained by its robust, industry-based R&D 
ecosystem, consisting of tech giants, startups, and venture capital, among other insti-
tutions and stakeholders. Silicon Valley serves as the epicentre, attracting top talent 
from around the world and fostering a culture of innovation and entrepreneurship. 
Companies like Google, Facebook (now Meta), Amazon, and Microsoft have all 
made significant investments in AI. Furthermore, the US government has played a 
pivotal role in advancing AI research and development. Initiatives like the National 
Artificial Intelligence Research and Development Strategic Plan (NSTC 2023) 
coordinate resources and policies to ensure AI is pursued as a national priority.

US tech giants have undoubtedly been the global leaders in the current wave 
of AI research and innovation. Dubbed by many as the Big Tech, these firms, with 
their vast resources and diverse expertise are not only pushing the boundaries of 
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what’s possible with AI but also influencing the directions of global AI innova-
tion and application. Household names such as Google, Microsoft, and Meta have 
undeniably led and shaped the recent breakthroughs in LLMs and Generative AI. 
Google, e.g. not only invests in competitive AI start-ups (e.g. it owns DeepMind, 
a UK-based AI company specialising in natural language processing and neurosci-
ence research) but Google’s own AI research department, Google AI, is behind 
many influential AI innovations released in recent years, such as the Transformer 
architecture in 2017, a deep learning architecture that underlies all current major 
LLMs, including OpenAI’s GPT-4. Similarly, Microsoft has fully dived into AI 
innovation by having made significant investments both in in-house AI research 
and innovation capabilities and through investing in AI startups, such as OpenAI.

Despite the pivotal role played by big technology companies, it would be an ex-
aggeration to say that the US AI industry, or even the global AI industry, is ‘domi-
nated’ by the Big Tech. This is because, besides the likes of Google and Microsoft, 
there exists a constellation of AI specialist companies who have also made sig-
nificant advancements in AI innovation and are wielding considerable power in 
shaping the future development of AI. OpenAI (founded in 2015) and Anthropic 
(founded in 2021) are two examples of such companies. Both firms have achieved 
Unicorn status shortly after their establishment and eclipsed the big technology 
companies for their pioneering innovation in LLMs and Generative AI.

Forming another important pillar of the US’s leadership in AI is a constellation of 
hardware manufacturers and service providers that make the essential products and 
services needed for AI innovation. Hardware manufacturers such as NVIDIA and In-
tel are global leaders in GPUs, drives, and semiconductors, whereas companies like 
IBM offer advanced software and cloud services for both large and small to medium-
sized tech companies. These companies complete the US’s advanced AI innovation 
ecosystem, ensuring the country’s leadership in the global AI R&D scene.

Lastly, fuelling the US’s global leadership in AI has been the abundant in-
vestments made in the field. According to the AI Index Report 2023, AI-related 
investment has increased thirteenfold globally between 2013 and 2022, including 
both private investment and other forms of investment such as Mergers and 
Acquisitions (M&A) and public offerings (Maslej et al 2023: 184). The United 
States has outpaced all other countries by having attracted $248.9 billion in private 
AI investment from 2013 to 2022, more than the total sum of capital received 
by China ($95.11 billion), the United Kingdom ($18.24 billion), Israel ($10.83 
billion), Canada ($8.83 billion), and India ($7.73 billion) (see Figure 9.1).

China

In recent years, China has emerged as a significant force and global leader in the 
field of AI, rapidly closing the gap with traditional leaders like the United States. 
China’s great leap forward in AI is often attributed to three interrelated factors, 
namely significant investments, policy support, and a large talent pool in AI and 
science, technology, engineering, and mathematics (STEM) subjects (Roberts 
et al 2020; Lundvall and Rikap 2022; Ding 2018).
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The number of publications is a widely used metric to gauge a country’s or a 
region’s competitiveness in AI research and innovation (CISTP 2018). Publications 
in AI include several main types of outputs, such as journal articles, conference 
papers, repository submissions, books and book chapters, and theses. According 
to Maslej et al, journal articles, conference papers, and repository submissions 
accounted for 60%, 17%, and 13%, respectively, of global AI research outputs in 
2021 (2023: 25). In journal publications, China maintains a clear leadership by con-
tributing to 39.78% of all AI journal articles published between 2010 and 2021, 
significantly surpassing the EU and UK’s 15.05% and the US’s 10.03% (Maslej 
et al 2023: 34). Between 2016 and 2021, China continuously topped the world 
journal citation league by accounting for 25%–35% of all journal citations in AI 
(Maslej et al 2023: 35). China’s leadership in AI publications can be attributed to 
the country’s long-term heavy investment in AI and STEM discipline education 
and research. As an example, in April 2018, less than a year since the State Council 
released the seminal The Next Generation Artificial Intelligence Development Plan, 
the Ministry of Education published The AI Innovation Action Plan for Higher Edu-
cation Institutions to give further guidance on strengthening AI education, research, 
and innovation. The central government’s emphasis on AI and STEM education has 
ensured a large and continuously growing AI talent pool in the country. Attesting 
to this is that in 2021, according to the AI Index Report, the first nine of the top ten 
institutions in the world with the most AI publications published in the past decade 
were all Chinese universities and research institutes (Maslej et al 2023: 44).

The rapid development of China’s AI industry has also benefited from policy 
support. Not only the central government but provincial, municipal, and even district 
and county-level governments across China have also been actively involved in nur-
turing their local AI sectors and capabilities through strategic investments and policy 

Figure 9.1 � Private investment in AI by geographic area, 2013–22. 
Source and Chart: AI Index Report 2023.
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initiatives. According to data from Qianzhan Industry Research Institute (2023), 
as of 2023, 31 out of the 34 provincial-level governments in China had launched 
AI-related development plans and initiatives.2 These local policy frameworks drive 
AI research and innovation by incorporating financial incentives, infrastructure 
development, talent attraction and education, and academia-industry collaboration. 
Furthermore, leveraging their existing strengths and resources, different provinces 
have adopted different AI strategies, contributing to the formation of a diverse and 
balanced AI research and innovation landscape in China. For example, harnessing 
their existing strengths in hosting large national data centres and supercomputing fa-
cilities, Guizhou and Hunan Provinces have focused their AI efforts on establishing 
cutting-edge computing and data centres. In contrast, innovation powerhouses like 
Beijing, Shanghai, and Shenzhen prioritise fostering world-class AI start-ups and 
unicorns in their respective AI strategies. Meanwhile, provinces with a traditional 
emphasis on manufacturing, such as Shandong and Jiangsu, prioritise the develop-
ment of AI-powered modern manufacturing industries.

There has been somewhat a misconception that China’s great leap forward in 
AI has benefited from relaxed regulations (Ding 2018). The reality, however, is 
that China has always been at the forefront of making legislation and regulations 
to protect personal data and privacy, ensure safety and security in the use of tech-
nology, and promote ethical and responsible AI.3 It is therefore wrong to attribute 
China’s ascent in AI to the so-called regulatory leniency. For example, only five 
months after OpenAI released its Chat-GPT to the public, igniting worldwide inter-
est, speculation, and concern, the Cyberspace Administration of China published 
a draft of Interim Measures for the Administration of Generative Artificial Intel-
ligence Services in April 2023. The draft was the first of its kind in the world. This 
draft was then open for public consultation for a month before it was approved 
and jointly issued by a number of central government agencies in July 2023 and 
formally took effect in August 2023. This Interim Measures is the world’s first 
regulation on Generative AI issued by a central government.

According to media reports, the final version of the Interim Measures underwent 
several significant changes from the initial draft, taking into account the feedback 
obtained during the public consultation process (Fan and Yang 2023). For instance, 
a key alteration involved the removal of a clause stating, ‘Content generated using 
Generative AI should be true and accurate, and measures should be taken to pre-
vent the generation of false information’. This omission is believed to result from 
feedback received from the AI community regarding the current limitations faced 
by AI developers in comprehensively understanding and controlling model behav-
iour, a problem that is being actively researched by AI researchers worldwide (Fan 
and Yang 2023). The removal of this cause thus serves to show that Chinese policy-
makers adopt a proactive and open approach to AI regulation. They seek to balance 
regulatory and legal oversight of AI with promoting AI research and innovation.

Let us consider another example. The Interim Measures is a regulation setting 
out the legal, regulatory, and ethical frameworks with which generative AI devel-
opers and providers must comply. But it also delineates its scope by clearly stating 
that the regulation applies only to individuals and organisations using generative AI 
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technology ‘to provide services that generate texts, images, audio and video, and 
other content to the public within the territory of the People’s Republic of China’, and 
not to those engaging in research, development, or application of Generative AI tech-
nology without offering services to the domestic public (CAC 2023; author’s empha-
sis). This distinction demonstrates that the policymakers do not intend to inhibit AI 
research and innovation in China by making superfluously constraining regulations. 
Their goal, rather, is to oversee AI innovation activities that have a direct impact on 
public interests while concurrently allowing ample room for pioneering AI research 
to flourish. This principle can be said to be characteristic of China’s overall approach 
to AI legislation and regulation: effectively balancing the promotion of AI innovation 
with the maintenance of a robust legal and regulatory framework in AI.

Lastly, China’s dynamic industrial ecosystem plays a pivotal role in driving the 
country’s development in AI. China is home to a burgeoning start-up scene, witness-
ing over the past decade numerous start-ups being founded and having made great 
innovations in all major subfields of AI, ranging from computer vision to speech 
recognition, and from intelligent vehicles to robotics. In LLMs and Generative AI, 
the fast development of the field in the past few years, notably since OpenAI’s re-
lease of Chat-GPT in November 2022, has led to what has been referred to by many 
as ‘The War of A Hundred Models’, or even ‘The War of A Thousand Models’. 
This terminology indicates the scale of investments made by Chinese companies 
in LLMs and their diverse scenario applications and vividly illustrates the intense 
competition in the field. Generally speaking, five main types of players are shaping 
the development of the field of LLMs and Generative AI in China:

1	 Leading internet companies, such as Baidu, Tencent, and Alibaba.
2	 Specialist ICT companies, such as Huawei and iFlytek.
3	 Established and start-up AI companies, such as Zhipu AI and SenseTime.
4	 Universities and research institutes, such as Tsinghua University.
5	 AI research arms of large corporations in non-tech sectors.

Table 9.1 showcases a small selection of LLMs developed and released in China 
in recent years. This list, though not exhaustive, highlights two key features of the 
Chinese AI innovation ecology.

Firstly, it highlights that China has a highly dynamic and competitive AI research 
and innovation scene. Contrary to the popular misconception that the handful large 
and influential internet companies dominate the sector (Steinhoff 2023) – such as 
Baidu (often likened to Google), Tencent (akin to Facebook), and Alibaba (regarded 
as Amazon’s Chinese counterpart) – the reality is far more dynamic and complicated. 
Chinese firms and innovators in AI, large and small, established companies or small 
start-ups, often find themselves operating in an intensely competitive, highly volatile, 
and remarkably fast-changing environment. This is distinct from their counterparts 
in most other countries. Successful companies can quickly decline if they fail to 
innovate fast enough (Zhou 2024). Commenting on this, Tang Daosheng, Senior 
Executive Vice President of Tencent and CEO of the Cloud and Smart Industry 
Business Group, said in an interview that fierce competition, instead of dominance 
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by a select few companies, is and will be the key defining feature of the Chinese AI 
industry (Deng 2024). Similarly, the Shenzhen Artificial Intelligence Industry As-
sociation (SAIIA) finds in a report that none of the leading companies in AI in China 
has achieved sufficient ‘scale economy’, that is, market advantage large enough to 
accord dominance (SAIIA 2023: 15). On the contrary, the report asserts that substan-
tial competition between existing players and ongoing ‘threats’ from newcomers will 
continue to shape the Chinese AI industry for years to come (SAIIA 2023: 16).

Secondly, Chinese AI companies prioritise application and deployment. Their 
research and innovation activities are underpinned by a clear objective of applying 
AI technology to existing businesses and industries – often referred to as ‘sce-
narios’ by insiders – in order to create new value. This application-centric vision 
is illustrated by the substantial investments made by companies in traditional, 

Table 9.1  �Selected large language models released in China

Company 
type

Company 
name

Sector Model 
name

Initial 
release date

Model 
type

Leading 
Internet 
companies

Baidu Internet Wenxin Yiyan 03.2023 General
Tencent Internet Hunyuan 09.2023 General
Alibaba Internet Tongyi 

Qianwen
04.2023 General

ICT companies Huawei ICT Pangu 04.2021 General
iGlytek ICT Xinghuo 05.2023 General
Inspur ICT Yuan 11.2023 General

AI specialist 
companies

Zhipu AI GenAI Zhipu 
Qingyan

08.2023 General

Baichuan AI GenAI Baichuan 09.2023 General
SenseTime AI Riri Xin 04.2023 General
MiniMax GenAI MiniMax 04.2023 General
Lingyi Wanwu GenAI Yi 11.2023 General

Universities 
and research 
institutes

Tsinghua 
University

Academia GLM-10B 09.2021 General

Shanghai AI Lab Academia Shusheng 07.2023 General
The Institute of 

Automation of 
Chinese 
Academy of 
Sciences

Academia Zidong Taichu 07.2021 General

Fudan University Academia MOSS 02.2023 Academic
Companies in 

traditional 
sectors

TAL Education 
Group

Education MathGPT 08.2023 Education

Agricultural 
Bank of China

Banking ChatABC 03.2023 Fintech

Ctrip Tourism Xiecheng 
Wen dao

07.2023 Tourism
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non-technology sectors in AI research and innovation: AI is not perceived as a 
futuristic or sci-fi concept, as is sometimes the case in some other cultures (Cave, 
Dihal and Dillon 2020), but rather as tangible tools holding a great promise for 
productivity enhancement and cost reduction. China’s approach to AI research and 
innovation, therefore, is profoundly shaped by this bottom-up, application-centric 
vision of utilising AI to empower businesses, industries, and society.

The above analysis of the AI research and innovation landscapes in the United 
States and China serves to highlight that it is justifiable to suggest that AI R&D in 
the present age exhibits a distinctive political-economic nature. That is, the current 
surge of global enthusiasm surrounding AI – which began in the first decade of 
this century as part of the broader digital revolution – is significantly influenced 
by the economic, historical, social, and political milieu in which it unfolds. It is 
to accentuate this distinct feature of AI research and innovation in the twenty-first 
century that I define AI as clusters of technoeconomic systems capable of generat-
ing human-like behaviour. In this light, the development of a systematic sociologi-
cal theory of AI necessitates an examination of this unique feature of AI, namely, 
to study how the AI products and services we, as consumers, are increasingly using 
in our daily lives are goods and services produced and distributed by an expansive 
global network of stakeholders with diverse and yet interrelated interests across 
various social, economic, and political domains. The political economy tradition 
provides us with some useful conceptual tools and frameworks to critically analyse 
this global production, distribution, and consumption of AI.

�The Political Economy Analysis of Economic Processes

The term ‘political economy’ has different meanings and implications in different 
fields of study. The tradition of political economy analysis thus has engendered 
distinct analytical scopes, diverse research agendas, and priorities in different dis-
ciplines. Traditionally, political economy is a subfield situated within economics 
(Clark 1998). It studies primarily the intricate relationship between ‘the world of 
public power and decision-making’ – i.e. politics – and ‘the world of production and 
distribution’ – i.e. the economy (Staniland 1985: 10). Although these two worlds –  
the politics, on the one hand, and the economy, on the other – seem to hold equal im-
portance in the framework of ‘political economy’, the traditional political economy 
analysis, rooted in economics, examines predominantly how the exercise of political 
power and actions of political actors affect economic processes and behaviours. It 
places a lighter emphasis on how the functioning of the economy – which can be 
defined as the totality of the production, distribution, and consumption of resources 
– influences the distribution and governance of power. This strand of political econ-
omy, commonly referred to as ‘Classical Political Economy’, has been defined as ‘the 
scholarly discourse studying power relations affecting the production, distribution, 
and consumption of wealth, income and resources’ (Babe 2009: 13). In contrast, an 
approach to political economy that does not particularly concern its history and eco-
nomics roots might simply define it as ‘the scientific, but also necessarily evaluative 
and thus political, study of economic practices and systems’ (Elder-Vass 2016: 17).
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The study of ‘political economy’ can be said to be a child of the Enlightenment 
and the subsequent Industrial Revolution, the two social, intellectual, and economic 
movements that took place initially in Western Europe and then spread to the rest 
of the world throughout the seventeenth, eighteenth and nineteenth centuries via 
commerce, wars, and colonisation. Scholars often attribute the origins of political 
economy to figures like Adam Smith and Edmund Burke, though some trace its 
roots back even further to the Middle Ages and even Ancient Greek times (e.g. 
Staniland 1985). However, the prevailing view is that Adam Smith’s The Wealth 
of Nations (1937 [1776]) is the inaugural text of the tradition of political economy. 
Now commonly referred to as Classic Political Economy, Adam Smith’s political 
economy – defined as a ‘“branch of the science of a statement or legislator” help-
ing governments set conditions to stimulate economic growth’ (Babe 2009: 13) – is 
regarded as representing the conservative faction of political economy thought, 
despite Smith himself being considered a radical in his time.

As the economy evolved and the relationship between the economic and politi-
cal worlds changed, the meaning and scope of the study of ‘political economy’ also 
evolved. Most importantly, a critical perspective was brought into the hitherto conserv-
ative political economy study, most notably by Karl Marx, to critique the social rami-
fications of capitalism, the free market, and a laissez-faire government advocated by 
classical political economists. Despite this radical departure, the definition of political 
economy remained largely unchanged: it continued to primarily refer to the scholarly 
study of the economy in terms of its relationship to power, politics, and governance.

One significant development in political economy with far-reaching influence 
took place in a somewhat unexpected field of study: media and communications 
studies. Beginning roughly in the 1960s and 1970s, groups of scholars in North 
America and Britain studying the societal implications of mass media and new com-
munications technologies, such as television, became increasingly dissatisfied with 
the analytical tools they had at hand. Despite originating from different philosophi-
cal traditions and driven by divergent empirical concerns – North American schol-
ars focused on accounting for the unprecedented social influence of mass media 
industries like cinema and television, whereas British scholars were concerned with 
the impact of popular culture on the assimilation of the working class to dominant 
culture and the rendering of the working class unrevolutionary (for further details, 
see Garnham and Fuchs (2014)) – media and communications scholars at both sides 
of the Atlantic converged on one point. They both recognised that, despite the differ-
ences between the mass media industries and traditional sectors like textiles, ship-
ping, or oil, they operated under the same logic: the capitalist logic. That is, the mass 
media industries were governed by the same capitalist rationale when it comes to 
the organisation and accumulation of resources, to the production, distribution, and 
consumption of products and services, and to the reproduction and reinforcement of 
power of large corporations. It was from this vantage point that the political econ-
omy of media and communications was developed to scrutinise ‘the social relations, 
particularly power relations, that mutually constitute the production, distribution 
and consumption of communication resources’ (Mosco 2009: 24).

Sometimes, the study of the political economy of media and communications is 
referred to as the critical political economy (CPE) of media and communications to 
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accentuate the critical – particularly Marxist – influence on this analytical approach 
to the media (Hardy 2014). Influenced by the Marxist tradition of social critique, the 
CPE of media analysis focuses on examining the historical and material dimensions 
of media production, distribution, and consumption, in addition to the dimensions of 
political power. That is, it broadens and enriches the traditional political economy by 
underscoring the temporal, historical, and materialist composition of the creation and 
consumption of media products and services (Garnham 1979). By underscoring this 
composition, the CPE of the media necessarily picks up a critique of the capitalist 
ideology permeating not only the media industries but also the entire society. The 
goal of CPE (of the media) thus has evolved to become one of unveiling, criticising, 
and challenging the unequal power relations resulting fundamentally from the capi-
talist mode of production that prevails and shapes not only media and communica-
tions but also other industries and sectors whose products and services, directly and 
indirectly, impact the physical and mental well-being of citizens. The CPE analysis 
thus has evolved into a comprehensive social critique of the economy.

The tradition of political economy – with or without the label ‘critical’ – has been 
picked up by scholars of science and technology. Robin Mansell, for instance, called 
for a revitalisation of political economy analysis in new media and internet studies. 
She defines this pursuit as ‘the analysis of the specific historical circumstances under 
which new media and communications products and services are produced under 
capitalism, and with the influence of these circumstances over their consumption’ 
(Mansell 2004: 98). Similarly, Kean Birch, in a paper titled ‘The Political Economy 
of Technoscience: An Emerging Research Agenda’, makes a case for ‘examining 
how different political-economic processes, practises and contexts inform techno-
science’ (Birch 2013: 51). From the political economy of media and communica-
tions to the political economy of technoscience, what has changed are the empirical 
objects of study: from analysing the press, broadcasting, and television industries of 
the twentieth century (see Golding and Murdock 1997) to exploring the information 
and communication technologies (Fuchs 2009; Dahlberg 2015) as well as biotech-
nology, genomics, and nanotechnology characterising the technological landscape 
of the twenty-first century (Suarez-Villa 2009, 2012,2023; Hogarth 2017). What has 
remained largely unchanged, however, is a number of key themes for analysis. In 
the final section of this chapter, I provide an overview of these key themes, focusing 
on how these analytical perspectives might be adapted to yield conceptually and 
empirically rigorous political economy analyses of AI.

�Key Themes of Political Economic Analysis

It is imperative to begin this section by firstly acknowledging the existing body 
of research that utilises political economy approaches to analysing AI, whether it 
is specific AI products and services, AI research and innovation activities, or the 
AI industries.

Much of this body of work is conducted by media and communications scholars, 
illustrating the significant influence of media and communications studies in politi-
cal economy, and vice versa. Verdegem (2023) and Steinhoff (2023) stand as two 
good reviews of this corpus of research, which they term as ‘Critical AI Studies’. 
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While offering some valuable insight into the political-economic organisation of 
the AI industries in the twenty-first century, a notable problem within this body of 
research – and in agenda-setting proposals such as the aforementioned articles – is 
a tendency, firstly, to conceptually conflate AI with other related but inherently dif-
ferent digital technologies and/or processes, such as big data and datafication, and 
secondly, to over-generalisation. These issues have resulted in many findings and 
arguments in this body of work that lack empirical precision and distinction, which 
reduces the value of this work.

For example, in an effort to establish the importance of Critical AI Studies, 
Verdegem (2023: 303–304) writes:

Any critical analysis of technological innovation should always start with 
questioning who is behind the technology, to whom it is offered and who ben-
efits from it. A critical analysis of AI should investigate what AI is, what vi-
sions exist around it, who is behind the surrounding ideologies and discourses 
[…] and who can decide what type of AI is being produced and how it is used.

While this statement certainly points out some important aspects of a CPE analy-
sis of AI, it is arguably too general to invite any substantive debate about and explo-
ration into the distinctiveness of AI. It offers limited insight into the peculiarity of 
the AI industry vis-à-vis other technology and non-technology sectors subject to a 
CPE analysis and fails to capture some of the unique organisational, financing, and 
innovation structures of the AI industry and the distinct ways AI technologies are 
produced, disseminated, and consumed. Therefore, it might not be particularly useful  
to frame the political economy analysis of AI in terms of ‘questions about AI and 
power’ (Verdegem 2023: 304), for unlike in some other fields – such as media and 
communications – ‘power’ takes a more multifaceted and multifarious form in AI 
research and innovation. Concepts, theories, and perspectives about power that have 
proved useful for accounting for media production might not be readily applicable, 
or even useful, for analysing the organisation and distribution of power in the sphere 
of AI. Similarly, the issue of ‘ideology’ must be dealt with careful consideration and 
discernment. Unlike media products, which primarily consist of symbolic contents 
and hence lend themselves to analysis of how symbolic power gets embedded in 
and reinforced through media production and consumption, AI products and services 
bear significant materialist forms. Addressing the issue of ideology within the context 
of AI thus necessitates a more nuanced and bottom-up approach characterised by em-
pirical precision and an eye for distinction, in order to account for AI’s distinctiveness 
while maintaining a normative critical value in the analysis.

Ownership and Control

Political economy always concerns who owns and thus controls key resources. These 
resources include both tangible economic resources, such as money and land, and 
intangible resources such as access to labour/talent, information, markets, and other 
relevant forms of ‘capital’ (Bourdieu 2011). In the political economy of media and 
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communications, the issue of ownership and control revolves around understanding 
who owns and controls media outlets, platforms, and content. It deals with the ques-
tion of how media ownership and control influence the production, distribution, and 
consumption of media products or services (Hardy 2014). Here, ownership refers 
to the legal right to possess and dispose media assets, such as television networks, 
newspapers, radio stations, and digital platforms. Control refers to the ability to influ-
ence decision-making processes, content creation, editorial policies, and the overall 
direction of media organisations. The political economy of the media scholars have 
examined how the structures of ownership and control can shape media content, af-
fect diversity, and influence representation, and identified that concentration of own-
ership – where a few large conglomerates own and control a significant portion of the 
media market – can have implications for media pluralism, diversity of voices, and 
editorial independence (Downing 2011).

A political economy of AI must address the issue of ownership and control, 
too. But it should do so by first acknowledging and mapping out – meticulously 
and empirically – the intricate ownership structures that organise and govern 
the global AI industries in the twenty-first century. Failing to do so will invite 
allegations of overstating the ‘dominance’ of major tech conglomerates in AI 
and oversimplifying their oligopolistic control. The complexity of the issue of 
ownership and control in AI manifests at several levels. For instance, unlike 
in the media industries, where large media groups customarily acquire smaller 
firms to bolster their market dominance through mergers and acquisitions, large 
tech companies often choose to invest in promising start-ups instead of outright 
acquisition. Since it is not uncommon for large companies to invest in competing 
start-ups concurrently (Murgia 2024), the issue of ownership and control in the AI 
industry tends to be more intricate than in traditional sectors where competition 
is significantly less volatile and less expensive. Indeed, the colossal financial 
commitment required by AI research and innovation today raises questions 
about the feasibility and therefore practical value of calls for AI as public service 
(Verdegem 2021). Therefore, any political economy analysis of the issue of 
ownership and control in AI must resist the temptation to make sweeping as-
sumptions about the ‘dominance’ of certain (types of) players in AI R&D. Such 
oversimplification will stop us from seeing the dynamic nature of practices in AI 
research and innovation and from grasping and critiquing the influence of other 
relevant players who potentially wield more power in shaping AI innovation than 
the big technology companies, such as venture capital institutions.

Concentration

The issue of concentration and consolidation naturally ensues the discussion of the 
issue of ownership and control. In the political economy of media and communica-
tions, it has been argued that the concentration of power within a limited number 
of media conglomerates is the root cause of a variety of problems characterising 
media production – such as the homogenisation of content, biased reporting, and 
limited perspectives – in that media outlets tend to prioritise the interests of their 
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owners or advertisers over journalistic integrity or public interest. Moreover, the 
matter of power concentration also intersects with broader socio-political dynam-
ics, such as corporate influence on public discourse, media manipulation for politi-
cal or commercial purposes, and the potential for monopolistic practices to stifle 
competition and innovation in the media landscape.

In the realm of technology, criticisms over the concentration of power have pre-
dominantly targeted the select group often referred to as the ‘tech giants’, namely, 
Google (Alphabet), Apple, Facebook (Meta), Amazon, and Microsoft in the United 
States, and Baidu, Alibaba, Tencent, and sometimes ByteDance (owner of TikTok) 
and Xiaomi as well, in China. While it is true that these companies have all made 
colossal investments in AI R&D, to what extent we can argue that they therefore 
‘dominate’ the global AI industries and possess the power to determine the content 
and future of AI innovations, whether individually or collectively, remains a ques-
tion to be explored more meticulously.

As mentioned earlier, a major difference between AI research and innovation 
from innovation in most other sectors is the crucial roles played, on the one 
hand, by universities and research institutes, and on the other hand, by start-up 
companies. While there are often overlaps and connections between the large tech 
conglomerates and universities and research institutes and it is commonplace for 
the tech giants to acquire or invest in competitive start-ups, it would be unwise to 
limit the inquiry of the issue of power concentration and consolidation in AI to a 
handful of players and overlook the ‘big picture’ of how the power to shape, lead, 
and benefit from AI innovations is fiercely contested across multiple levels by an 
extended network of actors and entities (Garnham 2011).

Labour

Labour is another key issue central to political economy analysis. In the domain 
of media and communications studies, including digital media, investigations have 
been made into topics such as precarious work, surplus value creation, labour ex-
ploitation, and de-unionisation (Gall 2002; Hesmondhalgh and Baker 2011; Mosco 
2011). Similarly, the issue of labour in the technology sector, including AI, has 
also attracted much attention from scholars from across a diversity of backgrounds 
and has yielded a valuable amount of work, with or without political economy as 
their main analytical framework (see, for instance, Wood, Lehdonvirta and Graham 
2018; Wood et al 2019; Steinhoff 2022). Future investigations into this area, par-
ticularly with a specific political economy concern, can examine phenomena such 
as employee activism within ethical AI movements, the drivers and implications 
of top AI scientists transitioning from academia to industry, and the motives 
prompting employees to depart from major technology firms to establish start-ups. 
Grasping the evolving roles of and dynamics between employees and employers in 
the AI industry in the twenty-first century will be crucial for understanding issues 
like capital reproduction, value creation, the appropriation of creativity, and the 
redistribution of power in the technology sector.
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Commodification and Commercialisation

The issues of commodification and commercialisation are two closely interrelated 
themes central to political economy inquiries into media and culture (Murdock 
and Golding 2005: 64). Critical political economists have regarded the pursuit of 
commercial interests and a drive for commercialisation as a root cause of a range 
of problems that undermines the creation of a just and equitable media market. 
These problems include standardisation and homogenisation, commercialisation of 
creativity, censorship of ideas and information, and the propagation of consumer-
ism. Hardy distinguishes commodification and commercialisation as two intercon-
nected yet distinct processes. He defines the former as ‘the process of transforming 
objects, products and services into commodities, things that can be bought and 
sold for money’ and the latter as ‘the orientation of activities towards the goal of 
increasing commercial revenue for profit’ (Hardy 2014: 136). He further eluci-
dates their differing scopes by considering commodification as ‘the processes of 
incorporation into commodity form’ – that is, it describes the specific process of 
transforming information and ideas into media goods and services for sale – and 
commercialisation as the fundamental driving force behind commodification. The 
issue of commodification and commercialisation is intensely pertinent to discus-
sions in the AI field concerning topics such as open-source AI, AI for social good, 
and AI ethics (Züger and Asghari 2023; Murgia and Criddle 2024). The contribu-
tion of a political economy analysis to these discussions will depend on whether 
it can effectively reveal and interrogate the socioeconomic structures and power 
dynamics that have fundamentally led to the intensely ‘commercial’ way of AI 
research and innovation in the present age and can offer suggestions for feasible 
alternatives, so as to shed light on what a more just and equitable AI research and 
innovation landscape might look like.

�Conclusion

In this chapter, I have argued that political economy offers a valuable and must-
needed analytical perspective for developing a more systematic sociological theory 
of AI by allowing us to examine how the structures, processes, and relations of 
power affect the production, distribution, and consumption of AI products or ser-
vices. Through examining the leadership of the United States and China in global 
AI R&D, especially in the field of LLMs and Generative AI, I have shown how 
AI research and innovation in the present era has a distinctive political economic 
character: industry players have overtaken academia in driving and shaping key 
innovations in AI. I argue that this has significant implications both for society and 
for our grasping of AI from a sociological perspective. An overview of the tradition 
of political economy analysis helps to surface a number of areas for inquiry for a 
political economy analysis of AI. While the list is by no means exhaustive, it is 
intended as an invitation for readers – especially students and scholars new to the 
nascent field of the sociology of AI (which should be distinguished from STS of AI 
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and aim to develop into a distinct field of study in its own right) – to start thinking 
about how the development of a systematic and comprehensive sociological theory 
of AI can benefit from examinations of the economic and political dimensions of 
this emergent technology of the twenty-first century.

Notes
	 1	 My analysis in this chapter is developed against the recent development in the AI 

subfield of LLMs based generative AI, specifically. The author recognises that ‘AI’ as 
an expansive field of study has many other subfields, in which industry might not play 
such a central role as it does in the field of generative AI. However, taken as a whole, 
it is justifiable to say that the current wave of AI research and innovation, starting 
from the late 2000s and early 2010s, is predominantly driven by industry players, as 
opposed to academia.

	 2	 China has 34 provincial-level administrative regions, consisting of 23 provinces, five 
autonomous regions, four municipalities, and two special administrative regions.

	 3	 China introduced the Personal Information Protection Law (PIPL) in August 2021. This 
is a comprehensive law aiming at regulating the use of personal information by indi-
viduals and organisations, including state agencies (see Chapter II – Section Three of the 
PIPL). For full text of the PIPL in Chinese, see: https://www.gov.cn/xinwen/2021-08/20/
content_5632486.htm. For non-official English translation of the PIPL, see: Personal 
Information Protection Law of the People’s Republic of China – PIPL. With regard to 
cybersecurity, the Cybersecurity Law of the People’s Republic of China (https://www.
cac.gov.cn/2016-11/07/c_1119867116.htm) was implemented in 2016.
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Bureaucracy in China
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�Introduction

Modern information and communication technology (ICT) has emerged as a major 
force to reshape the public sector in the big data era. Digital government empow-
ered by ICT and artificial intelligence (AI) has strengthened the adaptive capacity 
of public organisations (Fountain 2004; Margetts 2012). Street-level bureaucracy 
has been transformed into screen-level bureaucracy, a new type of human-computer 
interaction, and system-level bureaucracy governed by algorithms and information 
systems (Bovens & Zouridis 2002; Busch & Henriksen 2018). The introduction of 
AI and algorithms to bureaucracy has revolutionised the traditional bureaucracy, 
leading to the emergence of algorithmic bureaucracy.

Vogl et al. (2020) proposed the concept of algorithmic bureaucracy. Using a case 
study of local government in the UK, they analysed the socio-technical relationship 
between the public sector and algorithms and the impact of algorithms on changes 
in the organisational procedures of the public sector. Meijer et al. (2021) further 
examine the algorithmisation of bureaucratic organisations, a socially integrated 
procedure occurring within bureaucratic organisations, displaying autonomy in 
some circumstances, and yielding unintended effects. Through a comparative case 
study of predictive policing in Germany and the Netherlands, they demonstrate 
the two models of algorithmic bureaucracy: Berlin has more hierarchical control, 
representing the ‘algorithmic cage’; Amsterdam provides room for professional 
judgement, demonstrating the ‘algorithmic colleague’.

The existing works on algorithmic bureaucracy illustrate the highly complex 
and heterogeneous influence of algorithms on bureaucracies; however, they do not 
cover the various forms, patterns, and features of algorithmic bureaucracy. Further-
more, while they have analysed the key factors that influence how algorithms can 
shape bureaucracy, they lack an analytical framework whereby we can see how 
different models of algorithmic bureaucracy are formed. Existing studies need to 
pay more attention to the processes of interactions between algorithmic functions 
and application systems.

We develop an analytical framework of algorithmic bureaucracy, consisting of 
the functional and systemic dimensions of algorithmic applications in the public 
sector, exploring the impact of algorithms on the structure and operation of public  
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organisations, and identifying the four models of algorithmic bureaucracy. This 
framework enables us to demonstrate how the four models of algorithmic bureau-
cracy are derived from the interplay between algorithmic function and application 
system. The impact of algorithms on bureaucracy is influenced by several fac-
tors, of which this chapter highlights two important ones: algorithmic functionality 
and application systems. Automation and prediction are the two main algorithmic 
functions, which constitute a key factor in our analytical framework. The social 
embeddedness and application systems of algorithms also matter; they may be 
more important than their technical features (Wenzelburger et al. 2022). This is 
because the way that algorithms affect bureaucracy depends on the given organi-
sation’s institutions and culture, resulting in significant variation in algorithmic 
bureaucracy (Meijer et al. 2021). Therefore, our analytical framework will take 
account of  departmentalised versus cross-departmental algorithmic applications. 
Our analytical framework provides a further understanding of the algorithmisation 
of bureaucratic organisation and extends previous research through its analysis 
of the role of algorithmic function and its application system in the transition of 
bureaucracy.

The dominant studies on China’s AI have focused on digital authoritarianism, 
which has developed sophisticated surveillance, facial recognition, and social 
credit systems (Polyakova & Meserole 2019; Hoffman 2022; Strittmatter 2020; 
Farrell, Newman, and Wallace 2022). However, there is a need for more attention 
to AI’s application in public management and the opportunity should be taken to 
conduct a comparative study of AI and algorithmic bureaucracy. This chapter aims 
to develop the science of algorithmic bureaucracy.

The four cases in this article cover multiple fields of algorithm application in 
the public sector. We have undertaken the study of these four cases from May 2020 
to June 2022, conducted site fieldwork, and adopted semi-structured interviews 
to ensure that interview data were objective, true, and valid as much as possible, 
and kept the interview records strictly confidential. A total of more than 20 inter-
views were conducted with a total interview duration of about 50 hours. More than 
80,000 words of interview records were compiled.

The chapter has four sections. Section 1 provides a brief literature review and 
introduces our analytical framework. Sections 2 and 3 examine how algorithmic 
functions and application systems impact algorithmic bureaucracy, respectively. 
Section 4 combines algorithmic functions and application systems to develop four 
models of algorithmic bureaucracy with Chinese example illustrations.

�An Analytical Framework of Algorithmic Bureaucracy

Algorithms, the central and core part of AI, are programmed computational tools 
and encoded procedures enabling the AI to act autonomously in the performance 
of tasks by converting inputs to outputs (Cormen 2013). Through a rapid process 
of machine learning, algorithms can respond intelligently to a variety of different 
external requirements, changing environments, and circumstances. Algorithms 
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have expanded from market and business to public affairs due to increasing gov-
ernmental digitisation.

At present, the existing studies have focused on the impact of algorithmic tech-
nologies on the composition, components, and operational procedures of public 
organisations. Vogl et al. (2020) proposed a preliminary analytical framework to 
distinguish between algorithmic bureaucracy and traditional bureaucracy. Their 
study posited that algorithms facilitate the dissemination and interchange of or-
ganisational knowledge and information, enhancing the precision of public service 
provision and fostering interdepartmental collaboration. Meijer et al. (2021) fur-
ther examine the three ways in which algorithms affect bureaucratic organisational 
structure. First, algorithms change the information flow inside and outside the or-
ganisation, facilitating information exchange. Second, they influence the configu-
ration of organisational structures to coordinate cooperation among departments 
and improve information exchange processes. Third, algorithms integrated into an 
organisation entail and establish a specific institution to oversee departmental re-
sponsibilities and facilitate overall regulatory processes, which requires changes in 
organisational systems and policies.

A common view of the relationship between technology and organisational 
change holds that humans interact with technology differently in different institu-
tional settings. Organisational change is formed by the ongoing interplay between 
the technological decisions made by human beings and the organisation’s inter-
nal and external institutions, culture, and environments. Technology alone does 
not dictate organisational change (Orlikowski 2000). Fountain’s (2004) theory of 
technology enactment holds that the integration of technology in the public sector 
will invariably lead to consequential institutional and procedural transformations 
in the government. The way that technology is applied and the impact of technol-
ogy on organisational change interacts with the organisational structure, institu-
tional environment, and an array of other cognitive, cultural, and political factors. 
Control-oriented technologies support conventional management approaches and 
hierarchies, but some information technologies may also support decentralisation 
and hierarchical flattening (Dewett & Jones 2001; Wamba et al. 2015).

Algorithms, as part of a socio-technical system, are embedded in specific social 
contexts, being used by specific actors, applied to specific domains, and serve 
specific purposes (Wenzelburger et al. 2022). Thus, algorithm-induced changes in 
bureaucratic organisations are not merely generated by technology. The transform-
ative power of technology is also influenced by the organisational context.

Essentially, an organisation is a control-oriented action system. Power lies at 
the core of an organisation’s operations and relationships, and restructuring these 
power relationships is fundamental to creating organisational change (Crozier & 
Friedberg 2007). Power relations have a crucial role in controlling information flow 
within an organisation, shaping incentives, modifying organisational structures and 
forms, and determining the service tools used. This chapter analyses the ways in 
which algorithms can facilitate bureaucratic transformation in the dimensions of 
power relations, incentive mechanisms, knowledge and information exchange, 
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organisational structure, and service delivery. We propose a theoretical framework 
to analyse algorithmic bureaucracies in terms of two algorithmic functions and two 
application regimes (Figure 10.1). The following three sections will illustrate this 
analytical framework further with briefly mentioned examples.

�Algorithmic Functions and the Bureaucracy

Algorithms are widely used in the public sector, from big data mining and pro-
cessing to automation and predictive analytics. The algorithms needed for a task 
depend on its nature and the precise problem to be solved; therefore, it is necessary 
to classify algorithms according to their given objectives. The various functions 
of AI algorutgns include classification, summarisation, text generation, detection, 
and image generation, using the methods of linear regression, logistic regression, 
and decision trees. The public sector may use the same algorithmic techniques for 
different domains and purposes or use various techniques for the exact domains 
to produce a similar function. Nevertheless, the dual categorisation of algorithmic 
functions (automation and prediction) is relatively simple and critical and thus can 
help us to grasp the impact of algorithms.

According to Veale & Brass (2019), two main types of algorithmic functions 
are automation systems and predictive decision-support systems. The functions 
and scenarios of algorithmic application are related to the level of administra-
tive tasks. When the administrative tasks are simple and there is little room for 
bureaucratic discretion, automated algorithmic applications have the potential to 
replace human decision-making (Bullock et al. 2020). Automation is primarily 
related to explicit instructions and expert-driven programmes, and its processes 
and outcomes are fundamentally determined by human-designed rules (Hurley & 
Wallace 1986). Automated systems in the public sector can be used to quickly 
and efficiently process repetitive and standardised tasks, including application 
processing, image recognition, and data entry (Wirtz et al. 2019), thus increasing 
implementation efficiency, reducing human intervention, and improving fairness 
through automated rule implementation. Furthermore, AI is generally capable of 
automating simple routine and even complicated tasks (Ford 2015) and is good at  

Figure 10.1 � Algorithmic functions (the automation systems and the predictive decision), 
algorithmic application system (departmental algorithmic applications and 
cross-departmental algorithmic applications), and algorithmic bureaucracy. 

Source: Authors’ own work.
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solving problems that have clear boundaries and structures (modularity or decom-
posability). Therefore, algorithmic automation is more likely to be a replacement 
for routine, complex, and repetitive tasks.

The application of automated algorithms is unsuitable if administrative tasks 
tend to be more complex and discretionary. Thus, human decision-making pre-
vails. In this context, predictive analytics can serve as an important type of 
decision-support system (Bullock 2019). Algorithmic predictive analytics incor-
porate the use of massive amounts of data to make and validate predictions in 
complex environments, identify patterns and laws, and improve accuracy and 
predictability in decision-making. The use of predictive analytics in decision 
support systems allows policymakers to predict the emergence of problems, 
enabling early warning to allow for targetted policy actions to be taken, such as 
early crime warning, traffic safety warning, and environmental disaster predic-
tion (Wirtz et al. 2019).

Automation and predictive analytics are the dominant algorithmic functions in 
the public sector at the present time. These two algorithmic functions are impacting 
traditional decision-making rules in bureaucratic organisations and affecting 
internal control and incentive mechanisms, knowledge and information flows, 
organisational structures, and service delivery. First, algorithms can strengthen or 
weaken human power and control in the bureaucracy. Automation may weaken 
bureaucratic discretion. Rule-based orientations that strictly control decision-
making may further limit discretion, flexibility, and convenience in organisational 
staff (de Boer & Raaphorst 2023). To ensure the efficiency and normality of ex-
ecution, organisations that use automated algorithms require a greater degree of 
standardisation of data, processes, and services, including greater emphasis on the 
top-down consistency of organisational actions and more pronounced power con-
straints and interventions. Face-to-face interactions and feedback gradually disap-
pear, and street-level bureaucrats gradually give way to digital bureaucrats in the 
form of automated algorithmic application scenarios that emphasise digital control 
and consistency (Busch & Henriksen 2018). Here, the organisational incentives 
are oriented to efficiency and results, and this may lead bureaucrats to prioritise 
the speed and quantity of automated processing. This may ultimately weaken re-
sponses to ethical commitments and responsibilities towards the public (Hansen, 
Lundberg, & Syltevik 2018).

In contrast, predictive algorithmic models are complex and not easily interpret-
able, but they are highly customisable, providing flexible and diverse sources of 
information and processing. This makes it challenging for higher-level authorities 
to ensure uniformity and standardisation for algorithm operations from top to bot-
tom. The predictive applications of algorithms enable organisations to better un-
derstand the contextual, autonomous, and adaptive nature of the use of algorithms 
in departments and the actions taken by the officials in them. This, in turn, pro-
motes resource sharing across departments, citizen engagement, and co-production 
(Androutsopoulou et al. 2019). Hereby predictive algorithm provides organisations 
and their employees with strong incentives to adopt more flexible approaches and 
tools to deliver more responsive and targetted services.
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Second, different algorithmic functions cope with organisational knowledge and 
information in different ways. Automated algorithms that adhere to conventional bu-
reaucratic structures entail lower demand for cross-departmental data sharing and 
bottom-up data feedback. Here, routine tasks that comply with simple rules do not 
require extensive diversity and breadth in data sources. Automated applications may 
encourage departments to create incomplete data-sharing partnerships, meaning that 
one department may not immediately convey data to other departments employing 
the algorithm, but instead only provide the data interface. The algorithmic applica-
tion department can obtain data verification and comparison via the data interface. 
Whereas predictive analytics algorithms can transform organisational knowledge 
and information processing through shared, feedback-based information transfer. 
The development of predictive analytic models involves dynamic information pro-
cessing that adopts multi-source training datasets for pattern recognition and predic-
tive judgements. Predictive analytical models guide enforcement behaviour on the 
ground along with continuous acquisition of new information and data to optimise 
models. For example, street-level bureaucrats need to collect environmental and con-
textual information during their daily work, a role that is often neglected but is essen-
tial for training predictive analytics models. The information that is collected should 
be made available in real time to decision-makers for its inclusion in the dataset.

Third, algorithmic functions can show considerable variation in terms of their 
impact on the delivery of public services. Automation reinforces the procedural 
and rule-based orientation of public service provision. That is, they can accelerate, 
streamline, and increase the efficiency and transparency of rule implementation rather 
than replacing bureaucratic decision-making rules. Predictive analytics algorithms 
convert the traditional standardised service provision into a customised and precise 
service provision that accurately identifies specific tasks and service requirements.

�Algorithmic Application System and Algorithmic Bureaucracy

Two main application systems of algorithms appear in bureaucratic organisations. 
The first is decentralised individual departments with the aim of improving admin-
istrative efficiency and service provision, leading to departmental algorithmic ap-
plications on bureaucracy. The other is centralised and cross-departmental to address 
inefficiencies and coordination issues in public services that result from fragmented 
government responsibilities and departmental power structures (Meijer et al. 2021), 
leading to centralised cross-departmental algorithmic applications. Departmental 
algorithmic applications take place because departmental fragmentation and infor-
mation barriers enable departmentalised algorithmic application systems to survive 
and evolve. However, algorithms by their nature require information sharing and 
data collaboration, and algorithmic applications will always attempt to expand their 
boundaries to develop centralised cross-departmental applications.

Departmental or cross-departmental algorithmic applications on bureaucracy 
can alter power dynamics and incentives, both inside and outside the organisa-
tion differently. Departmentalised algorithmic applications motivate departments 
to establish mechanisms for data sharing and organisational collaboration within 



Four Models of Algorithmic Bureaucracy in China  179

the department to improve algorithmic performance, which can also lead to a better 
allocation of organisational resources and a flattening of organisational structures. 
Contrary, algorithmic applications across departments exhibit a clearly centralised 
nature, as reflected in top-down data aggregation, the integration of digital systems 
and smart platforms, and the coordination of interdepartmental activities. Incen-
tives for organisational behaviour are significantly impacted by centralised digital 
governance. Interdepartmental relations have evolved from loose, occasional, and 
informal forms of cooperation to concerted, procedural, and institutionalised ac-
tion. This shift enables effective collaboration between a responsible department 
which employs the algorithm and its auxiliary co-departments. In addition, cross-
departmental algorithmic applications establish independent digital assessment 
mechanisms, which utilise algorithmic technology to achieve precise, visualised 
control and supervision over each department. However, while the application 
of cross-departmental algorithms improves the coordination and wholeness of 
governance, it can generate conflicts of interest over digital ownership and raise 
transaction costs (Mikhaylov et al. 2018). In addition, grass-roots departments 
that “receive orders” from above may weaken initiative and capability, leading to 
“distorted incentives” or “weak incentives” (Giest & Klievink 2024).

The most obvious impact of an algorithmic application system on the bureau-
cracy is the reconfiguration of organisational structures. The use of a departmen-
talised algorithm implies that each department creates a customised algorithmic 
application to fulfill its specific requirements, according to the type and charac-
teristics of the departmental business. Departments establish internal feedback 
channels or cross-departmental cooperation to optimise their algorithms. Depart-
mentalised algorithms promote incentives for interdepartmental collaboration 
while also preserving the independence and vertical hierarchy of the organisation 
(Figure 10.2). The organisation must create formal and informal mechanisms for 
collaboration to meet the algorithmic requirements for data collaboration and 
information sharing (Fusi 2021).

Cross-departmental applications of algorithms involve multi-departmental col-
laboration in the provision of algorithmic solutions for public affairs, which is 
achieved through centralised or cross-sectoral digital platforms that integrate differ-
ent algorithmic application scenarios. Cross-departmental algorithmic applications 
have altered traditional inter-organisational relationships and promoted organisa-
tional reengineering. Significant problems arise with regards to interdepartmental 
data sharing, system compatibility, and coordination in traditional bureaucracy. 
Whereas cross-departmental algorithmic application encourages the creation of 
centralised algorithmic governance organisations and platforms to promote both 
functional integration and cross-departmental linkages. To some extent, this con-
tributes to the development of a holistic government (Dunleavy 2006; Gao, Song 
& Zhu 2013). To ensure that cross-departmental algorithms are used effectively, 
organisations transform their information flow and processes of knowledge ap-
plication and establish a unified big data platform for data sharing and cooperation.

Cross-departmental algorithms in local governments generally enhance or-
ganisational linkages through a model of order dispatching. This model does not 
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alter the essential functions for each organisation. However, the authority em-
ploying a cross-departmental algorithm should send orders to other departments 
for handling tasks that are needed to meet cross-departmental coordination. This 
approach employs real-time data feedback, robust data processing, and analytics 
to provide solutions, thereby achieving the goals of connectivity between dif-
ferent departments (see Figure 10.3). As local governments in China focus on 
the use of big data and AI to build smart cities, they are not satisfied with the 
departmentalised algorithmic system. Thus, the governments are seeking some 
cross-departmental algorithm applications that can serve as unified platforms for 
operating and managing smart cities. The platform is usually known as the City 
Brain in the city of Hangzhou (Caprotti & Liu 2022), and Smart City Command 
Centre in many other Chinese cities.

Finally, the way that knowledge and information are processed within tradi-
tional bureaucracy varies with departmental and cross-departmental applications 
of algorithms. Some departments may create their own algorithms and exchange 
data with other departments. Departments are more likely to create informal or 
one-off approaches to data collaboration, where they coordinate frequently but the 
results are highly uncertain and unsustainable (Weitzman et al. 2006). By contrast, 
cross-departmental algorithmic applications rely on data aggregation as the pri-
mary method of information processing. Data from various departments are pooled 

Figure 10.2 � Impact of the departmentalised algorithmic system on bureaucracy. 
Source: Authors’ own work.
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into an independent agency or a platform for real-time aggregation, classification, 
and analysis. Most cross-departmental algorithms are integrated into the local gov-
ernment’s data management bureau or big data centre, establishing a fundamental 
database and categorising its data based on topics.

�Four Models of Algorithmic Bureaucracy

Combining the automation and prediction functions with departmental and cross-
departmental applications, we identify four distinct forms of algorithmic bureau-
cracy. These four models are Weberian ideal types to describe and categorise the 
recent algorithmic change to bureaucracy (Table 10.1). We acknowledge that some 
models overlap with blurred boundaries, but they are valuable for classifying the 
complex and different algorithmic applications in bureaucratic organisations.

The Departmental Automated Algorithmic Bureaucracy

In the departmental automated algorithmic bureaucracy, automation is effective in 
minimising administrative workload, reducing latitude for discretion, and reinforcing 
process control and standardisation. This type of algorithmic bureaucracy is exem-
plified by a smart enterprise registration system, i.e., the fast-track approval system 
(“Miaopi,” literally “approved within a second”) in the city of Shenzhen, China.

Figure 10.3 � Impact of cross-departmental algorithms on bureaucracy. 
Source: Authors’ own work.
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Shenzhen Administration for Market Regulation has developed a fast-track ap-
proval system since 2019. The level of interdepartmental data sharing is moderate 
or low, and it primarily involves data matching and checking, including an enter-
prise name database to check legal business names, a unified address database to 
exclude false addresses, a real-name identification database to prevent registration 
under false pretenses, and a defaulter’s database for manual approval. These data-
bases provide a variety of rules for automated approval. After an individual applies 
for business registration online, the information and related materials submitted are 
reviewed and checked by the pre-designed system.

Table 10.1  �Four forms of algorithmic bureaucracy

Algorithmic functions

Automation Predictive analysis
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II. Departmental Predictive 
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First, the most significant change in organisational power relations brought 
about by the fast-track approval system is the tightened control over bureaucratic 
discretion. The automated approval system reduced the uncertainty and discretion 
of human approval, which not only reduced a large number of repetitive and pro-
cedural works but also strengthened approval standardisation, contributing to the 
transparency and fairness of the approval process. The main goal is to automate 
basic tasks that were once performed by humans, thereby increasing efficiency and 
fairness in the rule execution.

Second, the fast-track approval system also altered organisational information 
flow. The algorithm in the system entails an automatic review of user-entered infor-
mation, followed by an automatic comparison through data connections with each 
department. The key to automated approval is knowledge sharing and data con-
nectivity across departments, eliminating departmental information segmentation.

Third, the fast-track approval system significantly impacted the department’s 
organisational structure and processes, leading to a transition from sequential to 
parallel approval processes. The organisational structure retains its hierarchical 
relationship, but the process of inter-organisational coordination and interaction 
is smoothed.

Finally, the restrictions on approval authority and the transformation of the ap-
proval process through automation have also changed organisational incentives 
to some extent. The approval process tends to be “easier and faster,” reducing the 
workload of approving staff while weakening gatekeeping responsibilities. With 
the increased reliance on algorithmic systems, speed, and reduced human interven-
tion have been used as an excuse to overlook security issues.

Departmental Predictive Algorithm Bureaucracy

Departmental predictive algorithm bureaucracy has a significant impact on power 
relations, incentive structure, information processing, service provision, and forms 
of organisation. First, algorithms in the form of prediction are not merely a new 
technology but also provide a new source of power (Bucher 2018). Predictive 
algorithms used in departments can drive organisational power alignments. As 
important decision-making systems and tools for controlling information, algo-
rithms are changing and enhancing the ways that departments influence or produce 
decisions, as well as expanding the roles and positions of departments in power 
structures. Predictive algorithms facilitate collaboration between upper and lower-
level departments within an organisation, thus likely empowering grass-roots staff 
autonomy, encouraging resource sharing, and increasing organisational flexibility. 
Second, while algorithms have not fundamentally changed bureaucratic structures, 
the need for data sharing has made organisations more focused on cross-sector 
collaboration and bottom-up information communication and feedback. Data shar-
ing is becoming increasingly prevalent in information processing. The adoption of 
predictive analytics in organisations has led to greater emphasis on the need for 
comprehensive and institutionalised data-sharing mechanisms.



184  Algorithms, Artificial Intelligence and Beyond

The departmental predictive algorithm bureaucracy can be illustrated by the 
Complaints and Petition Forecasting System (CPFS) in Beijing, China. The CPFS 
is a predictive algorithm developed by the Beijing Municipal Public Complaints 
Office (Complaints Office). Prior to its creation, the public complaints office pre-
dicted local petition trends through basic analysis of past petition data without fully 
utilising it for decision-making. The widespread use of the internet has made online 
petitioning the primary channel. As a result, the department is required to shift its 
focus towards the analysis of online data and employ the data to make decisions. In 
2018, the Beijing Municipal Public Complaints Office launched the big data smart 
analysis platform of public complaints.

First, the Complaints Office’s power status and influence have greatly increased 
within the bureaucratic system as a result of the CPFS. The Complaints Office 
was usually in a weak and marginalised position within the bureaucratic power 
structure. However, the introduction of CPFS presents a promising opportunity for 
the department to enhance its influence. The department has evolved from a mere 
platform for submitting complaints and proposals to a vital hub for data analysis, 
decision support, and resolution of social conflict.

Second, the CPFS algorithm positively impacted communication between or-
ganisational hierarchies and improved data sharing and cooperation both within and 
outside the organisation. The participation of grassroots-level departments was invalu-
able in selecting predictive indicators and determining their weights for the CPFS 
algorithm. Petition trend and key petitioner information are routinely provided to al-
gorithm designers. Grassroots reports regularly provide information on actual petition 
behaviours to verify predicted results. If there is a discrepancy between the actual in-
formation and model predictions, the Complaints Office and its technical experts then 
adjust the indicators’ weights and the model’s parameters. Such a role is essential for 
training predictive analytics models. In real life, controlling data is vital for street-level 
bureaucrats, leading to incomplete or outdated data collection and sharing.

Finally, the CPFS has greatly enhanced the effectiveness and accuracy of han-
dling public complaints and petitions. Through machine learning algorithms and 
big data analysis technology, CPFS monitors and predicts real-time trends in let-
ter and visit activities, enabling quick responsiveness and proactive identification 
of potential extreme petition events. With the introduction of CPFS, the petition 
monitoring and early-warning system has transformed from a random, disorderly, 
and retrospective mode to a forward-looking response approach with accurate pre-
diction, timely monitoring, and proactive identification.

Cross-departmental Automated Algorithmic Bureaucracy

Centralised cross-departmental automated algorithmic bureaucracy is to establish 
a cross-departmental algorithmic institution or platform to reduce administrative 
burdens and reinforce power control and digital assessment in organisations. Infor-
mation flow is processed based on data aggregation, and service delivery is auto-
mated. Cross-departmental automated algorithms are frequently used for welfare 
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fraud detection by many countries. A typical case is the “Internet Supervision” 
platform in Hunan Province, China.

The “Internet Supervision” platform in Hunan Province represents a typical cross-
departmental automated algorithmic bureaucracy. Its development was motivated by 
the necessity to address the issue of rural finance corruption, such as the misappro-
priation of poverty alleviation funds and preferential treatment of friends and family 
members of rural officials. Hunan Province introduced the “Internet Supervision” 
platform across the province, cities, and counties in 2017. This platform was not im-
plemented by the provincial government from the top down, but it was a self-initiated 
innovation by several city and county governments that attracted the attention of the 
provincial government and expanded to cover the entire province.

First, the “Internet Supervision” platform operates on a unified platform with 
unified standards, implementation, and three-tiered operation and maintenance, 
reflecting the centralised and control-oriented nature of cross-departmental al-
gorithms. The establishment of the platform is mainly due to the strong political 
support from the provincial government. The province party committee and gov-
ernment created the “Internet Supervision” leading group in April 2017. The Pro-
vincial Commission for Discipline Inspection coordinated with other departments 
to develop software, collect data, and construct the system of the platform.

Second, the top-down application system of the platform has facilitated the re-
moval of data barriers, promoting the integration and convergence of data from 
different departments. China’s discipline inspection departments have unparalleled 
authority and powerful data integration capabilities. For example, to deal with the 
problem of public officials’ refusing to provide personal information, the discipline 
inspection departments have taken measures by persuasion or signing formal con-
fidentiality agreements with them.

The “Internet Supervision” platform integrates individuals’ welfare data from 
more than a dozen departments and creates two primary matching databases, i.e., 
a personnel information database and a welfare fund database. The automated 
matching algorithm is driven by the exclusion rules based on the two databases. 
The welfare funding policy has established strict eligibility requirements. The al-
gorithm analyses and compares databases to identify violations of rules that arise 
when two types of information coexist. The system identifies problematic evidence 
proactively, issues early warnings, and automatically forwards it to the discipline 
inspection departments.

Finally, the “Internet Supervision” platform has significantly transformed the 
organisational processes and structures of discipline inspection departments. This 
platform has redesigned the traditional method of discipline inspection and estab-
lished a supervision process that allows public complaints to be assigned by the 
platform to relevant departments for further investigation. The platform utilises 
algorithmic technology to combine the discipline inspection department, func-
tion departments, and the public, resulting in a supervisory system that automates 
supervision processes and incorporates public participation. By implementing an 
automated complaints processing system with defined deadlines for handling and 
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response, as well as supervision by the Discipline Inspection departments, the 
effectiveness of disciplinary inspections has been enhanced.

Cross-departmental Predictive Algorithmic Bureaucracy

Cross-departmental predictive algorithmic bureaucracy combines the centralised 
features of cross-departmental algorithms with predictive algorithms. It shapes 
power dynamics by means of inter-organisational collaboration while emphasising 
autonomy within departments. This algorithmic bureaucracy emphasises accuracy 
and customisation in service delivery with a variety of algorithms, including auto-
mated algorithmic functions but mainly relying on predictive algorithms.

Urban Governance Command Centre in the City of Nantong, Jiangsu province, 
is partly characterised by predictive algorithmic bureaucracy due to its integra-
tion of data and the wide range of predictive algorithmic applications. To achieve 
efficient smart city governance, the City of Nantong has implemented significant 
changes to its digital governmental structure. It has formed an independent in-
terdepartmental organisation called the “Urban Governance Command Centre,” 
responsible for algorithmic applications in diverse urban governance scenarios. 
There are seven functions in the Urban Governance Command Centre, including 
data sharing, intelligent search, unified supervision, monitoring and early warning, 
analysis and judgement, coordination and command, and administrative account-
ability, all of which are based on predictive analysis algorithms. At the heart of the 
Urban Governance Command Centre is a monitoring and early warning system. 
This system employs an AI predictive analysis model that utilises diverse forms of 
big data to anticipate and identify multiple social risks proactively.

First, the case of the Urban Governance Command Centre illustrates how algo-
rithms impact the restructuring of organisational collaboration. On the one hand, the 
command centre plays a key role in facilitating horizontal communication and co-
ordination between departments in the social governance management system. The 
command centre enhances coordination and connectivity by assigning tasks to the 
departments. To promote interdepartmental cooperation and collaboration, the com-
mand centre encourages departments to submit updated data through formal moni-
toring and evaluation. On the other hand, the command centre has also established 
a vertical command system. It has a four-level linking mechanism, namely a city-
level command centre, 10 county or district-level command centres, 96 township 
street command centres, and more than 70,000 full-time and part-time grid mem-
bers. The city-level command centre is responsible for monitoring the overall situa-
tion. The county or district-level command centre provides practical command. The 
township-level centres instruct the grid members to deal with tasks assigned, as well 
as performing patrols, visiting sites, assessing public sentiment, drafting reports, and 
subsequently uploading them to the command centre database. Grid members form 
the cornerstone of the grass-roots governance structure (Mittelstaedt 2022).

Second, in terms of knowledge and data sharing, the Centre’s most significant 
attribute is the pooling and management of functional departmental data. It collects 
information from different departments within the jurisdiction and other real-time 
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data to create various standardised thematic databases, which are necessary for 
algorithmic governance. The integration of functions between the Command 
Center and Big Data Bureau enables easier sharing of data with other adminis-
trative departments. Nantong City has established a government data sharing and 
exchange platform in the Big Data Administration (command centre). According to 
the Implementing Rules for Government Information Resource Sharing of Nantong 
City, the Big Data Management Bureau is responsible for guiding, coordinating, 
and supervising the government data sharing and exchange.

Finally, regarding service delivery, the command centre has significantly improved 
the accuracy of urban governance. The trick is to create algorithmic application sce-
narios for several topics with a variety of databases. The command centre centralises 
and thematically integrates big data about public safety, economic conditions, land 
resources, and public services. More than a dozen algorithmic scenarios, such as 
the overall monitoring of hazardous chemicals and the regulation of group rental 
housing, have been developed based on the thematic database. These applications 
help to improve the precision of social governance. Taking the precise supervision of 
hazardous chemicals as an example, the command centre maintains a comprehensive 
list of hazardous chemical enterprises and obtains real-time trajectory data of trans-
portation vehicles. Therefore, it can estimate transportation vehicles’ possible loca-
tions through a spatial-temporal AI engine algorithm. This allows the identification 
of potential hazards related to the dumping of hazardous chemicals.

�Conclusion

The Fourth Industrial Revolution, driven by big data, smart technology, and AI, has 
ushered in a new era of human intelligence that is exerting a profound influence 
on the traditional bureaucracy and triggering major changes in the mode of public 
management. The algorithmic bureaucracy revolution is taking place quietly, with 
different characteristics and tendencies in different political and social contexts.

Based on the two primary factors of algorithmic function and systems of algo-
rithm application, we develop a meso-level analytical framework for algorithmic 
bureaucracy and classify four models of algorithmic bureaucracy: decentralised 
departmental automated algorithmic bureaucracy, decentralised departmental 
predictive algorithmic bureaucracy, centralised cross-departmental automated al-
gorithmic bureaucracy, and centralised cross-departmental predictive algorithmic 
bureaucracy. We explore the impact of algorithms on control and incentive mecha-
nisms, organisational structure, knowledge and information processing, and ser-
vice supply of bureaucracy.

The centralised and decentralised algorithmic application systems have altered 
internal power control and incentive structures within organisations, the process 
of organisational knowledge and information processing, and, consequently, 
the organisational structure and service delivery model in different ways. When 
the control from a higher-level governmental department is weak, decentralised 
departmentalised algorithmic applications promote departmental autonomy. 
Departments with the necessary capacity and decision-making authority can 
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autonomously create algorithms to develop problem-solving approaches. De-
centralised departmentalised algorithmic applications increase the likelihood 
that departments can adopt bottom-up communication and cross-organisational 
collaboration. Conversely, cross-departmental algorithmic applications favour 
the establishment of centralised algorithm governance entities responsible for 
cross-departmental data aggregation and algorithmic applications.

Algorithmic functions have a subtle impact on organisational internal con-
trol and incentives. Automated applications are becoming increasingly utilised 
to complement traditional decision-making rules in the public sector. Instead of 
replacing hierarchical decision-making, these applications reinforce a rule and 
control orientation for public service provision, facilitating swift and efficient 
rule implementation. While automated algorithms certainly simplify organisa-
tional tasks, they reduce and limit bureaucratic discretion.

The application of predictive analytics has transformed procedural and standard-
ised service provision, allowing organisations to concentrate on the precise identifi-
cation of service recipients’ needs and the customisation of their services. In addition, 
predictive algorithms prompt organisations to move from a culture of closure and 
competition to one of openness and collaboration, which requires bottom-up infor-
mation sharing. Algorithmic bureaucracy inevitably triggers a revolution in public 
management that significantly challenges and revises Weber’s theory of bureaucracy.

Using four cases of AI algorithmic applications in Chinese local governments, 
this chapter reveals the various impacts of algorithms on bureaucracy. Algorithms 
help to alleviate chronic problems of traditional bureaucracy, such as inefficiency, 
departmental segregation, and information barriers. They enhance the capacity and 
openness of bureaucracy and ultimately improve the performance of public ser-
vices. However, they suffer a common serious problem: the absence of citizens’ 
participation and monitoring.

Future study needs to monitor the new applications of centralised algorith-
mic bureaucracy to revise and improve the above-discussed analytical mod-
els of algorithmic bureaucracy. Significantly, algorithmic application systems 
across departments are becoming increasingly a trend in China. The Guideline 
for the Construction of a National Integrated Big Data System for Government 
Affairs, issued by the General Office of the State Council in 2022, requires full 
integration of government data resources and public digital platforms. It called 
for a national big data platform for government affairs with the national inte-
gration and data synchronisation of local platforms. These new developments 
provide us with a new ground to reflect and revise our theoretical understand-
ing of algorithmic bureaucracy.
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�Introduction

Global inequalities1 have risen in recent decades (Amis et al. 2018). The world’s 
second richest person, Jeff Bezos, offers a striking example: his space excursion 
and vast investments into his rocket company Blue Origin have been widely criti-
cised when many are suffering from mental health issues or economic hardship 
(Jones 2021). This includes Amazon warehouse workers, who earn very little while 
being subject to extreme work pressures and relentless surveillance (Barwise and 
Watkins 2018; Delfanti and Frey 2021). Such precarity also extends to contract 
employees and independent platform workers. Both groups are extremely prevalent 
among tech companies, e.g., in artificial intelligence (AI) development (Newlands 
2021b), but command “lower wages, less respect and recognition, and no job secu-
rity” compared with regular employees (Bapuji, Ertug, and Shaw 2020, 68).

An increasingly pressing aspect of inequality relates to the role of digital technol-
ogy in society. Recent years and decades have seen a rapid surge in digitalisation, 
including the advent of social media (Kaplan and Haenlein 2010), big data (George, 
Haas, and Pentland 2014), and AI (Raisch and Krakowski 2021). The role of digital 
technology in reflecting and shaping inequalities has been studied within the field of 
digital inequalities (Robinson et al. 2015; Lutz 2019; Van Dijk 2020), an established 
research stream in sociology, communication, and information systems. Often using 
the umbrella term of the “digital divide”, this research investigates how individuals 
in different social categories vary in their uptake of digital technology, including 
aspects of access, skills, use, and benefits or harms from use.

The chapter shows how digital inequalities scholarship can be fruitfully applied 
to sophisticated AI systems such as large language models (LLMs) or automated 
decision-making systems. I will adopt the three levels of the digital divide distinc-
tion (Lutz 2019) and take inspiration from Van Dijk’s (2005, 2020) resources and 
appropriation theory. The chapter focuses on organisational contexts, both on the 
intraorganisational and interorganisational level, as organisations are key repro-
duction sites of inequalities, while also acting as a main locus where AI systems are 
developed and employed. Specifically, intraorganisational and interorganisational 
dynamics will be distinguished. The chapter first briefly introduces the three levels 
of the digital divide. It then discusses inequality implications of AI for each of 

11

https://doi.org/10.4324/9781032646930-17


194  Algorithms, Artificial Intelligence and Beyond

the three digital divide levels, differentiating intraorganisational and interorganisa-
tional dynamics. Finally, it concludes with a brief summary and outlook.

�Digital Inequalities as a Research Field

Origins and the First-Level Digital Divide

Digital inequalities is an established research topic within communication and 
sociology, concerned with studying how different individuals and groups engage 
differently with digital technology. The field of digital inequalities research has its 
roots in earlier research on knowledge gaps in mass media consumption (Tichenor, 
Donohue, and Olien 1970) and began to take shape in the late 1990s, particularly 
with the publication of the “Falling through the Net” reports by NTIA in 1995 and 
1999 (NTIA 1995, 1999). At that point, Internet adoption was accelerating quickly 
within Western countries, but vast inequalities in Internet access were detected 
based on social categories such as gender, age, ethnicity, socio-economic status, 
and area of residence (Van Dijk 2006). Inequalities in Internet access – and access 
to digital technology more broadly – are now commonly referred to as the first-
level digital divide (Hargittai 2002; Lutz 2019).

The Second-Level Digital Divide

The field began to expand in the early 2000s and moved beyond a narrow interest 
in access, especially beyond dichotomous notions of access vs. non-access. Instead, 
more complex and dynamic inequalities were explored. Hargittai (2002) called for 
the study of a “second-level digital divide”, describing inequalities in Internet skills 
and uses (Lutz 2019). In line with work on the first-level digital divide, research 
found that social categories such as gender, age, education, and disability matter. 
Hargittai and Shafer (2006), e.g., showed that women’s digital skills are similar to 
those of men, but men are more confident in their abilities by revealing higher levels 
of self-assessed skills. Gender not only matters for skills but also for uses. Certain 
social media platforms are more heavily used by women (e.g., Facebook), while 
others are favoured by men (e.g., LinkedIn; Blank and Lutz 2017). The role of age 
was also studied, showing how younger people use the Internet more frequently 
than older ones (Blank and Groselj 2014). Status and class further influence if and 
how individuals use the Internet for certain purposes, such as e-banking, information 
search, gaming, and job search (Zillien and Hargittai 2009; Schradie 2011). The 
notion of “capital-enhancing activities” was introduced to describe online activities 
that are more beneficial and more likely to lead to upwards mobility than non- 
capital-enhancing activities (DiMaggio et al. 2004). The former include information- 
oriented and participatory Internet uses such as news consumption and blogging, 
while the latter refer to entertainment- and consumption-oriented Internet uses such as 
gaming and streaming. However, the notion of capital-enhancing activities has been 
criticised (Boonaert and Vettenburg 2011), since activities traditionally deemed to be 
non-capital-enhancing can be beneficial (e.g., learning-oriented games and YouTube  
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tutorials), whereas capital-enhancing uses can be detrimental (e.g., consumption of 
low-quality news). The interest in variegated uses also brought the field’s attention 
to questions of representation, social context, and the embeddedness of Internet uses 
into broader lifestyles (Halford and Savage 2010; Lutz 2016).

The Third-Level Digital Divide

Since about the mid-2010s, interest in a third-level digital divide has emerged. It 
describes how people from different backgrounds benefit or suffer from Internet 
use (Van Deursen and Helsper 2015; Blank and Lutz 2018). Thus, it refers to out-
comes of Internet use – and whether individuals can improve their life chances 
due to its use, addressing questions of social mobility. The findings on the third-
level digital divide are scarcer than those on the first- and second-level divide 
(Scheerder, Deursen, and Van Dijk 2017), partly because outcomes are harder to 
assess empirically than access, skills, and uses. However, like the first- and second-
level digital divide, the third-level digital divide follows existing inequalities in 
society. Privileged individuals in terms of education and income profit more from 
technology use for economic outcomes (i.e., they are more likely to save money) 
and institutional outcomes (i.e., they are more likely to report health and social 
capital benefits) than non-privileged ones (Van Deursen and Helsper 2015). Im-
portantly, the three levels of the digital divide should not be considered in isolation 
but in combination and in context, where their sequentiality matters (Van Deursen 
et al. 2017; Vassilakopoulou and Hustad 2023): exclusion and marginalisation in 
access to digital technology on the first level restrict use and skills potentials on the 
second level. Restricted use and skills on the second level, in turn, result in low-
ered benefits. Finally, disproportional benefits help individuals accrue capital and 
further their position in society (Van Dijk 2005, 2020).

�Digital Inequalities in AI within and between Organisations

Table 11.1 presents a structuring framework of how AI-related inequalities unfold 
in organisational contexts. For this framework, I differentiate the three levels of 
the digital divide on the one hand and the difference between interorganisational 
and intraorganisational AI inequalities on the other. Within each of the six cells, I 
discuss important issues and empirical evidence. Overall, the framework shows 
where inequalities in AI occur and how they can be analysed.

Intraorganisational Inequalities

First Level: Access

The first cell refers to access-based AI inequalities within organisations. Importantly, 
not all employees have equal access to AI systems. Some enjoy better, faster, and 
more user-friendly software and hardware, whereas others must rely on more ba-
sic technology (Cooke and Greenwood 2008). This structuration runs along power 
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Table 11.1  �Digital inequalities within and between organisations framework

Intraorganisational (Employee and 
organisational stakeholder AI divide)

Interorganisational (Corporate/
business AI divide)

First-level digital 
divide: Access

Unequal access to AI between 
different organisational 
stakeholders as well as stakeholder 
sub-groups

Vertical dynamics along 
organisational hierarchies and 
horizontal dynamics along 
organisational units and functions

Access-based inequalities run partly 
along existing social groups (e.g., 
gender, age, race)

Stereotypes might affect access-
based inequalities

Covid-19 pandemic exacerbates such 
AI inequalities due to increased 
reliance on personal digital 
infrastructures (PDIs)

Access to cutting-edge AI as a 
valuable, rare, imperfectly 
imitable, and non-
substitutable resource

Tangible AI/hardware: 
independent AI infrastructure 
(e.g., cloud computing) 
requires substantial 
investments, creating 
dependencies for organisations 
that lack the means

Intangible AI/software: 
company size, external 
pressure, and sector affect the 
adoption of cutting-edge AI 
services; service firms are 
more agile than 
manufacturing firms; similar 
to cloud computing, not 
developing AI in-house (with 
AI as an increasingly 
general-purpose technology) 
creates dependencies

Second-level digital 
divide: Skills, use

Skills: unequal AI skills between 
different individuals; differences 
between employed and 
self-employed

Skills: holistic understanding 
necessary that includes social, 
creative, and technical skills; 
relationship to 21st century skills

Skills: opportunities for AI skills 
development, both formal and 
informal, might be structured 
along social lines

Use: capital-enhancing AI use 
structured along organisational 
lines

Use: gendered use expectations
Use: new non-capital-enhancing uses 

(e.g., digi-housekeeping) that fall 
disproportionally on 
disadvantaged communities

Skills: scarce digital talent, 
especially advanced 
programming, cybersecurity, 
and machine learning skills, 
means a war for talent, where 
powerful firms are at an 
advantage

Skills: relying on outside fluid 
talent is increasingly common 
but comes with risks and 
challenges; emerging skills 
pools through digital labour 
platforms

Skills: in-house talent 
development becomes an 
important strategic advantage, 
where powerful companies, 
especially tech companies, 
have an edge

Use: different depth levels in 
technology implementation 
and complementarities; 
persistently non-digital firms 
are especially found in 
manufacturing and among 
small firms; skills important 
for capital-enhancing use

(Continued)



Social Inequalities and Artificial Intelligence  197

hierarchies, with those at the top enjoying better technological infrastructure. For 
instance, they can buy licenses to advanced LLMs such as GPT-4 (ChatGPT Plus) 
more easily. However, horizontal dynamics are at play too, e.g., between different 
organisational departments and their funding situation. Organisational leeway is 
stratified by hierarchy as well, with those at the bottom having more restricted AI 
access and facing tighter control, while those at the top face less control – or may 
even use technology to surveil others lower in the hierarchy (Ball 2010). Of course, 
these inequalities reflect social categories. Since women are under-represented in top 
management positions (Eagly and Carli 2007) and in AI (Young, Wajcman, and Spre-
jer 2023), they face, on aggregate, more AI access constraints. The same is true for 
race, where racial minorities are disadvantaged in terms of access. Tech stereotypes 
might exacerbate the situation (Del Carpio and Guadalupe 2022). For example, Asian 
Americans have often been portrayed as particularly tech-savvy (Sun et al. 2015) and 
such mental models could resonate in organisations when it comes to seeking out 
individuals for pioneering or promoting cutting-edge AI technologies.

Third-level digital 
divide: Outcomes –  
Benefits and harms

Automation: resilience towards 
automation will yield substantial 
negotiation power; AI systems can 
be abused; frontline employees 
and lower-skilled workers (e.g., 
truck drivers) at risk of automation

Design: specific design choices 
benefit advantaged groups 
disproportionally, e.g., in 
automated hiring systems and 
facial recognition technology

Social capital: digital technology 
facilitates social capital 
accumulation for extraverted 
individuals and users with the right 
cultural capital

Surveillance: new types of control 
and surveillance emerge that affect 
disadvantaged communities most

Bias and discrimination: new 
systems such as automated hiring 
systems lack transparency and can 
discriminate directly or indirectly 
based on social categories

Temporal dynamics: increased 
market concentration means 
that AI frontrunners benefit 
disproportionally and those 
lagging risk falling further 
behind

Digital technology, especially 
AI, comes with winner-take-
all dynamics, favouring 
monopolies in many cases due 
to direct and indirect network 
effects, big data and machine 
learning, and switching costs 
and lock-in patterns

Powerful tech companies 
consolidate their position 
with strategies such as 
lobbying, killer acquisitions, 
industry-consumer coalitions, 
regulatory entrepreneurship, 
and tax avoidance

The Covid-19 pandemic has 
accelerated 
interorganisational 
inequalities: increased 
demand for digital solutions 
means that digitally-oriented 
organisations reap 
disproportionate benefits, 
whereas others suffer

Table 11.1  (Continued)

Intraorganisational (Employee and 
organisational stakeholder AI divide)

Interorganisational (Corporate/
business AI divide)
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The Covid-19 pandemic exacerbated differences in AI access as employees 
working from home depend on their private Internet connection, which can vary 
substantially between regions, cities, and neighbourhoods. The concept of personal 
digital infrastructures (PDIs) describes “an individualized assemblage of tools and 
technologies, such as personal laptops, smartphones, cloud services, and applica-
tions brought together by workers to perform their tasks” (Jarrahi et al. 2021, 73). 
Such PDIs are very important in flexible and agile working arrangements such as 
the gig economy (Newlands and Lutz 2021a) and sharing economy (Newlands and 
Lutz 2021b), but become increasingly relevant for standard working arrangements 
too, as people work from home or anywhere (Miguel et al. 2023). Access to PDIs is 
premediated on social conditions, including the affordability of software and hard-
ware, an uninterrupted and undistracted working environment, and the availability 
of resources if access is interrupted (e.g., support).

More generally, access differences are reflected in the hierarchy of job types, 
with different employment categories as a key differentiating criterion. The litera-
ture has stressed inequalities between core employees and “temps, vendors and 
contractors” (Bergen and Eidelson 2018), especially in large technology compa-
nies (Bapuji et al. 2020). Those commissioned through outsourcing (e.g., image 
labellers for computer vision) and working in the gig economy merit particular 
attention. Gig work, especially in the physically bound form of app-work (Duggan 
et al. 2020), is often done by migrants (Newlands 2024), who face the vagaries of 
access to digital services in the first place. For example, getting a bank account can 
prove challenging for migrants, but without a bank account, acquiring a smartphone 
subscription and using AI-powered apps is difficult. Not having a smartphone, in 
turn, acts as an entry barrier for app-work, given that workers often provide their 
own equipment.

Second Level: Skills and Uses

The second cell refers to skills-based and use-based AI inequalities within 
organisations. Like for access, such inequalities run along existing power struc-
tures. Not only are digital skills unequally distributed in organisations, but these 
inequalities mirror social disparities (Martínez-Cantos 2017). However, system-
atic assessments of intraorganisational inequalities in AI skills, let alone digital 
technology skills and uses more broadly, are lacking. General digital inequalities 
research has differentiated different types of digital skills and how they are 
unequally distributed in societies (Scheerder, Deursen, and Van Dijk 2017). 
Van Deursen, Helsper, and Eynon (2016) distinguish five types of digital skills: 
operational, navigation information, social, creative, and mobile. Their research 
demonstrates the need to go beyond technical or operational skills and instead 
prioritise a holistic, contextual understanding of skills focused on informational, 
social, and creative practices. All those skills are increasingly important across 
knowledge-intensive sectors such as journalism, research and development, 
marketing, and finance, and especially regarding new AI skills such as prompt 
engineering (Lo 2023).
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Research has also connected digital skills to the broader concept of 21st century 
skills (Van Laar et al. 2019, 2020). These skills are work-related and have been 
widely discussed in educational studies and pedagogy. They vary considerably based 
on demographics, personality, and attitudes, and each digital skill type investigated is 
predicted by different factors (Van Laar et. 2019). For example, authors find slightly 
higher skills among employed than self-employed people, and younger respondents 
report higher skills than older ones. For the employed group, men have slightly more 
digital skills, whereas for the self-employed group, women have slightly more. We 
expect similar findings for AI skills and literacy (Celik 2023).

Similar to skills, different organisational groups will use AI technology un-
evenly. The differentiation of capital-enhancing vs. non-capital-enhancing uses 
can be applied. Generally, those lower in organisational hierarchies carry out less 
complex, more repetitive, and less varied tasks, which tend to be less capital-
enhancing and holistic (Morgeson and Humphrey 2006). However, this applies 
to work design more generally and not specifically AI tasks, where limited evi-
dence exists. Stereotypes and historical, ingrained patterns also reflect inequali-
ties of AI technology use within organisations (Brooke 2021), not just access. 
Digi-housekeeping, describing “activities performed to sustain the use of digital 
technologies in pursuit of flexible working” (Whiting and Symon 2020, 1080), 
has been identified as an invisible and underappreciated type of work that is done 
by different groups, including social entrepreneurs, office workers, and students, 
mostly without compensation and recognition. While the practice seems not par-
ticularly gendered, the authors reflect on potential divides: “it may be that wealthier 
and more senior managers have the means to buy the resources to work flexibly, 
thus creating a new class divide between those who perform digi-housekeeping 
tasks and those who pay others to do so” (1093). This non-capital-enhancing use 
stands in contrast to more visible and capital-enhancing uses that contribute to a 
person’s (digital) reputation, e.g., posting inspirational LinkedIn content or engag-
ing in communities of practice for learning and career advancement (Brooke 2021).

Third Level: Outcomes

The third cell refers to outcomes-based inequalities within organisations. Oppor-
tunities and harms from AI are not evenly distributed, and privileged stakeholders, 
e.g., through their position within an organisation or through possessing super-
visory capacities, will likely receive more chances for advancement and fewer 
obstacles. Similarly, marginalised groups within organisations face disproportion-
ate risks and harms from AI. A range of mechanisms are at work to perpetuate 
outcome-related inequalities within organisations.

One mechanism by which advantaged groups in organisations perpetuate or 
advance their position is automation, which opens up new avenues for control and 
power for managers (Kellogg, Valentine, and Christin 2020; Jarrahi et al. 2021). 
Those attuned to digital systems and most resilient towards automation can wield 
negotiation power in hiring processes and role allocation (Ajunwa and Greene 
2019). With automated hiring systems (AHS), e.g., opportunistic hiring managers 
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can configure and employ the tools as they see fit and select candidates most suit-
able to their personal benefit. In other words, there is organisational leeway in how 
such systems are employed, so that algorithmic control tends to serve managers 
more than it does workers (Kellogg et al. 2020).

On the flipside of the automation coin, digital technology affects individuals 
in organisations unequally through task and job replacement (Acemoglu and 
Restrepo 2020). Particularly the introduction of AI affects the workforce unequally, 
with lower-skilled workers doing repetitive tasks most strongly affected (Frey and 
Osborne 2017). Amis, Mair, and Munir (2020, 206) mention truck drivers and 
“professionals performing minor care roles” as two examples of workers at risk of 
being automated. Education and skills deficits not only become a barrier for career 
advancement but might push individuals with lower education levels and skills out 
of the workforce. However, with the advent of generative AI and LLMs, automa-
tion has now reached more knowledge-intensive tasks as well (Gmyrek, Berg, and 
Bescond 2023), resulting in new challenges and inequality dynamics.

Another avenue is through code and the design of AI systems. Individuals and 
groups involved in the design of technologies embed normative values into such 
systems, voluntarily or involuntarily (Winner 1980). Thus, specific AI design 
choices can benefit elites disproportionally, rather than maximising the welfare 
of the less privileged. This is visible in AI systems where rewards and punish-
ments (e.g., rules about suspension from a platform such as Uber) shape inequal-
ities (Kellogg et al. 2020) and condition users – who can be both workers and 
consumers – to behave in certain ways (Newlands, Lutz, and Fieseler 2019a).

Further reinforcing mechanisms relate to social capital accumulation and its 
transfer into other resources. Social capital can be converted into other forms of capi-
tal, such as economic capital and cultural capital (Bourdieu 1986). As ample research 
has shown, social media are particularly conducive to the formation of bridging so-
cial capital (Hofer and Aubert 2013; Ellison et al. 2007; Enders et al. 2008). The AI 
systems embedded into social media, e.g., in the form of recommender algorithms 
that suggest new connections, lower the barriers for weak tie management by iden-
tifying and recommending potential contacts that share common interests or profes-
sional backgrounds. While not all weak ties become valuable resources, AI-powered 
platforms like LinkedIn optimise this process and enhance users’ ability to connect 
with those who are more likely to offer relevant opportunities or insights, thus im-
proving the odds that some of these connections will indeed prove beneficial. Profes-
sional social media platforms such as LinkedIn have become an important part of 
daily business. Having a strong presence on these platforms requires time and energy 
and naturally favours certain types of users. Particularly those are advantaged who 
can express themselves well, know the ins-and-outs of business etiquette and self-
branding, have already a strong network outside the platform, can pay for premium 
membership, or can leverage their AI skills to create compelling content. They will 
be more visible on these platforms, leading to higher chances of being contacted by 
recruiters or potential collaborators. LinkedIn’s parent company, Microsoft, is aware 
of inequality issues and tries to tackle them with systematic monitoring through in-
equality tests and design adjustments (Kahn 2020).
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A key allocation mechanism by which AI technology affects power relations 
within organisations is through unequal surveillance, understood as “focused, sys-
tematic and routine attention to personal details for purposes of influence, manage-
ment protection or direction” (Lyon 2007, 14). Ample research has demonstrated 
how surveillance affects particularly those at the margins such as racial minori-
ties, the incarcerated, socio-economically disadvantaged, and demographically ex-
cluded (Eubanks 2018). Scholarship in workplace surveillance has also looked at 
organisational contexts such as new forms of work (De Vaujany et al. 2021). These 
research streams show the unequal load of surveillance across different groups. 
In the gig economy, e.g., algorithmic management and surveillance is a particu-
lar issue (Duggan et al. 2020; Newlands 2021a; Cameron et al. 2023). It mainly 
affects gig economy workers such as Uber drivers, Deliveroo riders, and the do-
mestic labour workforce commissioned through services like Helpling or Care.
com (Van Doorn 2017; Ticona and Mateescu 2018) but does not extend to the 
platform employees (e.g., Uber manager, software developer). Beyond managing 
this precarious workforce, the close surveillance through algorithmic management 
serves to accumulate valuable data assets, which can be gainfully leveraged (New-
lands, Lutz, and Fieseler 2019b). Thus, third-level divides will play out particularly 
strongly in new work domains, driven by disproportionate surveillance and control 
among those who are on the wrong side of the divide (Kellogg et al. 2020).

Connected to surveillance and design is discrimination. AI technologies are of-
ten hailed as more objective and bias-free than human judgement (Giermindl et al. 
2021). However, ample research across disciplines, including “forensic” analyses 
in computer science (Buolamwini and Gebru 2018), have shown that cutting-edge 
AI systems such as facial recognition algorithms (Stark 2019), LLMs (Gmyrek, 
Lutz, and Newlands 2024), and AHS (Ajunwa and Greene 2019) are far from bias-
free. In fact, such technologies can amplify existing inequalities and discriminate 
against certain groups. The case of AHS is particularly striking since hiring is one 
of the key organisational practices through which inequalities are reinforced (Amis 
et al. 2020). Widely used AHS such as Hirevue and Pymetrics claim to tackle bias 
and discrimination in hiring but show important limitations regarding transparency, 
fairness, and accountability, so that the transparency articles of the GDPR “might 
even outright prohibit the use of AHS for wholly automated decision-making in hir-
ing” (Sánchez-Monedero, Dencik, and Edwards 2020, 9). Similarly, Stark (2019) 
describes facial recognition technology as “the plutonium of AI” and calls for their 
ban, given inherent flaws and the fact that the risks far outweigh the benefits.

Interorganisational Inequalities

First Level: Access

Moving from intraorganisational to interorganisational inequalities, the fourth cell 
refers to access-based AI differentials between organisations. Forman and Goldfarb 
(2006) specify how organisational technology adoption can be divided into four 
streams. The first stream, “inter-firm diffusion”, describes whether a firm adopts a 
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digital technology or not. This corresponds to the first-level divide. The three more 
complex streams are: 1) infusion/assimilation, describing the depth of innovation 
(i.e., which capabilities of a new technology are implemented); 2) intra-firm diffu-
sion, which captures the displacement of old technologies with new ones; and 3) fre-
quency of use. However, a clear separation of access and use is not always possible 
given the complexity of AI systems. Independent of the conceptualisation, the litera-
ture has termed the phenomenon of interorganisational inequalities the “corporate 
digital divide” (Forman 2005) or the “business digital divide” (Acilar et al. 2021). 
Unfortunately, little research on the topic exists. However, existing organisational 
theories, such as the resource-based view (RBV) of the firm, are informative (Barney 
1991). The RBV stresses the importance of resources and capabilities in securing 
sustainable competitive advantage. Resources should be valuable, rare, imperfectly 
imitable, and non-substitutable. We can think of a firm’s AI technologies as an asset, 
with vast inequalities in tangible and intangible resources (Acilar et al. 2021).

For tangible resources, the largest and most data-intensive technology com-
panies are mostly located in the US and China (Barwise and Watkins 2018; 
Shead 2021). Data centres and cloud computing infrastructure is one domain of 
competitive advantage. Not surprisingly, major technology corporations invest 
heavily in digital infrastructure, and the market for cloud computing is highly 
concentrated (Gooding 2020). Setting up the infrastructure necessary to power 
cloud services and develop cutting-edge AI requires substantial investments in 
data centres, which themselves are often strategically located, e.g., in Iceland, 
where cooling is cheaper (Adalbjornsson 2019). Only the wealthiest players can 
compete in this market (Barwise and Watkins 2018). In other words, few compa-
nies have their own cloud infrastructure, while the majority must rely on existing 
solutions, creating dependencies.

For intangible resources, access to AI systems is unevenly spread (Veugelers, 
Rückert, and Weiss 2019). Smaller companies are at a disadvantage, and so are 
those based in manufacturing, compared to services. The business digital divide 
runs along factors such as “firm size, human resources, location, sector, customers, 
the pressure of firms, financial support, perceived usefulness, cost, and the degree 
of ICT readiness” (Acilar et al. 2021, 36). Firm size is the most commonly inves-
tigated predictor and is positively related to technology adoption (Forman 2005), 
likely also to AI.

However, the importance of AI access varies by industry, and inequalities might 
be more pronounced in some industries than others (Gekara et al. 2019). In the 
finance industry, e.g., physical proximity to data centres and speed-maximising 
technologies such as latency arbitrage are key assets for success in high-frequency 
trading (Schneider 2012). However, such technologies can present a detriment to 
more traditional investors, “costing as much as $5 billion per year across global 
exchanges” (Sheetz 2020).

Despite industry-specific adoption dynamics, AI is becoming an increasingly 
important general-purpose technology (Trajtenberg 2018). Organisations need to 
decide whether they develop their AI capacities in-house or commission them ex-
ternally, which can result in strategic dependencies. Whereas in-house development 
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comes with increased control, external commissioning is often unavoidable due to 
lack of financial resources and human capital. This challenge is particularly press-
ing with the advent of custom LLMs, where the high costs of development and 
need for computational resources put small and mid-sized companies at a disad-
vantage, exacerbating the digital divide and potentially hindering innovation and 
competition. AI development also relies on a complex supply chain of clients and 
vendors, where data brokers play a prominent role. This industry capitalises on the 
collection and sale of data as a commodity. It has become a large, yet secretive and 
ethically dubious industry (Newlands 2021b).

Second Level: Skills and Uses

The fifth cell refers to skills- and use-based inequalities between organisations. In 
terms of skills, literature has stressed a so-called war for talent (Michaels, Hand-
field-Jones, and Axelrod 2001), which is particularly pronounced when it comes 
to sought-after technology skills such as machine learning, cybersecurity, and data 
science skills (Kane et al. 2017; Thomas 2020). Veugelers et al. (2019) identified 
a lack of “staff with the right skills” as the biggest obstacle for organisations to 
implement digital technology. Two approaches in the digital war for talent can be 
distinguished (Kane et al. 2017): 1) relying on outside fluid talent in the form of 
consultants and contractors and 2) developing in-house through managing exist-
ing employees for the long term. The former comes with its own challenges, e.g., 
increased coordination costs and internal resistance (Corporaal and Lehdonvirta 
2017). Moreover, research on online freelancing platforms such as Upwork has 
shown power asymmetries at play between the platform and the freelancers (Rah-
man 2021), between freelancers and clients (Blyth et al. 2024), and between differ-
ent types of freelancers (Demirel et al. 2021).

Regarding the second avenue (developing in-house), organisations vary in their 
provision of training and development opportunities, so that skills gaps are more 
pronounced in certain industries, e.g., in public administration, defence, and safety, 
as well as in transport, logistics, and warehousing (Gekara et al. 2019). Large tech-
nology and AI companies such as Alphabet, Meta, and Amazon have substantial 
advantages in recruiting and developing talent, not only because of high pay but 
also because they offer good opportunities for career advancement, have strong and 
recognisable brands, and attractive corporate cultures (Barwise and Watkins 2018).

Little research has studied the uses of AI across organisations, but the limited 
existing evidence points to widespread interorganisational inequalities along firm 
characteristics. In other words, organisations vary widely in their use of cutting-
edge AI. Veugelers et al. (2019) provide a detailed overview of how manufacturing 
and service firms in the EU and the US differ in their implementation/infusion of 
digital technology, broadly speaking, including AI. Based on a large-scale survey 
done by the European Investment Bank (1700 companies in the EU and the US), the 
authors classify the companies into five groups: persistently non-digital, beginners, 
stable, catching-up, and frontrunners. Persistently non-digital firms are found more 
in manufacturing than in services, particularly among small manufacturing firms.  
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In the services category, young and small firms have the highest proportion of 
frontrunners, potentially due to many startups engaged in digital innovation.

Shakina, Parshakov, and Alsufiev (2021) study the corporate digital divide in 
Russia, showing how the implementation of digital technology such as digital man-
ufacturing, AI, and Internet of Things solutions comes with substantial comple-
mentarities, favouring companies that already have adopted adjacent technologies. 
Moreover, the authors stress the importance of digital skills for most technologies 
studied and particularly for AI, where the implementation leads to an immediate 
increase in skills demands. They conclude that “managing technological change re-
quires corresponding policies relating to digital skills accumulation […] to prevent 
any adverse consequences of the digital divide” (14). Future research should study 
organisations and ecosystems beyond the Global North. The differentiated uses of 
digital technology by organisations in the Global South and developments relat-
ing to digital skills (e.g., brain drain, ICT4D) require further attention (Friederici, 
Wahome, and Graham 2020).

Third Level: Outcomes

The sixth cell refers to outcomes-based AI inequalities between organisations. Here 
a temporal dynamic emerges that those who are leading in the AI arms race can 
further improve their position (Barwise and Watkins 2018). Evidence suggests that 
market concentration has increased in recent decades, at least in some countries 
(OECD 2018). Network effects and winner-take-all patterns have been observed 
with technology companies in particular (Barwise and Watkins 2018). Economic, 
technological, demand-side, and supply-side factors combine to make it hard for 
competitors to displace the Big Five in the Global North (Alphabet, Amazon, Meta, 
Apple, Microsoft) and the Big Four in China (Tencent, Alibaba, Baidu, Huawei). 
Barwise and Watkins (2018) specify four mechanisms why technologically saturated 
markets tend to be winner-take-all markets: direct network effects, indirect network 
effects, big data and machine learning, and switching costs and lock-in patterns. 
“The result is dominance of at least one product or service category – in some cases 
several – leading to sustained high profits, which are then invested in (1) protect-
ing and enhancing the core business and (2) high potential new markets, especially 
where the company can use the same technology, infrastructure, or brand” (24). In 
terms of protecting their position, these companies use a range of strategies, includ-
ing aggressive lobbying (Zuboff 2019), killer acquisitions (Cunningham, Ederer, and 
Ma 2021), industry-consumer coalitions (Collier, Dubal, and Carter 2018), regula-
tory entrepreneurship (Pollman and Barry 2017), and tax avoidance (Amis et al. 
2021). For example, sharing economy platforms such as Uber and Airbnb, thanks 
to their strong brands and large user base and using means such as social media 
campaigns and online petitions, are known to mobilise their customers to influence 
regulation in their favour (Newlands et al. 2020) or increasingly engage in urban 
governance through advocacy initiatives such as Airbnb Citizen (Van Doorn 2020). 
Finally, the tendencies described were exacerbated by the Covid-19 pandemic. With 
the rapid shift to digital solutions, organisations that were already advanced with 
digital technology had a head-start, and those who were not were often left behind. 
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“This is creating a new digital divide that will deepen fractures in our society. The 
firms that cannot change overnight will be left way behind, exposing their employees 
to increasing risk of financial and physical distress” (Iansiti and Richards 2020).

�Conclusion

In this chapter, I discussed the inequality implications of AI along the three levels 
of the digital divide, focusing on organisational contexts. AI inequalities within and 
between organisations touch on aspects such as automation, surveillance, discrimi-
nation, resource constraints, market concentration, and winner-take-all dynamics. 
Recommendations include the recognition of AI inequalities as a salient problem, a 
socio-technical understanding that avoids technology-determinism and focuses on 
empowerment and collaboration, legal interventions that address all levels of the 
divides, and voice and representation mechanisms that go beyond tokenism. Access-
based interventions should be combined with skills- and use-oriented programmes.

Future research should accompany such interventions, evaluate them critically, 
offer suggestions for improvement, and use the whole toolkit of social science 
methods to study AI inequalities within and between organisations. Within or-
ganisations, established methods can be used. For example, case studies on AI 
access, surveys and interviews on AI use, and focus groups on benefits and harms 
from AI technologies will enhance our understanding of intraorganisational AI 
inequalities. However, digital methods have an important place too. Studying ine-
qualities in digital footprints (Micheli, Lutz and Büchi 2018), e.g., in training data, 
through computational research or digital ethnography (Whiting and Pritchard 
2020) is one avenue. Another is to rely on socio-technical approaches, such as the 
walkthrough method (Light, Burgess, and Duguay 2018), to uncover the imple-
mentation of AI in organisations from a contextualised design perspective. Such 
an approach could provide fruitful insights into biases, constraints, and affor-
dances for different organisational stakeholders. Finally, action research that not 
only investigates the status quo but actively tries to improve it is needed.

Between organisations, an important, but underexplored question is the “in-
equality footprint” of different organisations (Riaz 2015), and this idea could be 
extended to compare organisations in terms of their contribution to increasing or 
decreasing AI inequalities. Which organisations reduce inequalities in AI access, 
skills, uses, and outcomes by helping the underprivileged, and which organisations 
are exacerbating inequalities by hoarding privilege (D’Ignazio and Klein 2023) and 
systematically neglecting or excluding underprivileged actors? How do processes 
of inclusion and exclusion depend on macro-level factors such as laws, business 
conditions, educational systems, and entrepreneurial cultures? These questions can 
be studied with comparative case study approaches and research that relies on da-
tabases of organisational indicators. However, since such data might not be readily 
available, a first step could be infrastructure building and sharing. Research teams 
could compile and share datasets with organisational-level information on AI spend-
ing, skills programmes, organisational AI uses, and impact indicators. Importantly, 
such research should have a broad focus and target aspects such as sustainability 
(Vassilakopoulou and Hustad 2023).
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Note
	 1	 I follow Bapuji, Ertug and Shaw (2020: 64) in their definition of inequalities as the 

“uneven distribution in the endowment and/or access to financial and non-financial re-
sources in a society, which manifests in differential abilities and opportunities to engage 
in value creation, appropriation, and distribution”.
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�Introduction

The exploration of the interconnections between technical constructs, such as algo-
rithms, and social constructs, including race and gender, holds profound implications 
for the contemporary understanding of technology (Benjamin, 2016; 2019; Cave & 
Dihal, 2020; Hanemaayer, 2020; Kong, 2022; López Bellosso, 2022; O’Connor & 
Liu, 2023; Wajcman, 2004; 2016). Within the realm of artificial intelligence (AI), 
this relationship is especially strong, forging a nexus where sociocultural dynamics 
profoundly shape, and are reciprocally shaped by technological advancements.

Notwithstanding, the intersectionality of race and technology remains a rela-
tively developing and underexplored area of research, notably within the contextual 
dynamics of AI (Cave & Dihal, 2020; Melaku & Beeman, 2020; Miller-Kleinhenz 
et al., 2021). A myriad of factors contribute to this scholarly gap, encompassing 
institutional biases and broader socio-cultural predispositions that have historically 
marginalised the contributions and viewpoints of communities of colour within 
technological discourses (Benjamin, 2019; Miller-Kleinhenz et al., 2021). Sinclair 
(2004) argues that racial prejudice significantly pervades these contributing factors. 
This encompasses a deficit in firsthand and historical narratives accentuating the 
role of diverse racial groups in technological evolution and prevailing stereotypes 
attributing technological advancements predominantly to white individuals. The 
academic discourse, moreover, has demonstrated a tendency to marginalise the 
centrality of race as a pivotal area of study (Cave & Dihal, 2020).

Nevertheless, there is an increasing shift addressing this gap; the interrelation 
between race and technology is starting to receive the same level of attention as the 
relationship between gender and technology since the 1970s. This promising shift, 
however, is tempered by the recognition that AI, a crucial subfield of technology, 
remains grossly under-researched in the context of race, thereby highlighting a 
pressing need for a more balanced and comprehensive scholarly engagement with 
these issues moving forwards (Noble, 2018).

AI, emblematic of transformative potential, has engendered optimism for mitigating 
human limitations, particularly biases and prejudices (Pascual, 2021; Przegalińska &  
Jemielniak, 2023). However, emergent research delineates a less positive picture, 
illuminating the perpetuation of biases within AI systems, which possess significant 
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ramifications for their conceptualisation and application (Feng & Shah, 2022; Liang 
& Acuna, 2020; Noble, 2018; Otterbacher et al., 2018). Instances such as algorithmic 
processes, like word embedding, manifesting racial biases emphasise this tendency. 
For example, a study found that word-embedding algorithm characterised European 
American names as pleasant, while African American ones as unpleasant (Zou & 
Schiebinger, 2018). The intrinsic biases within AI, largely reflective of the data they 
are cultivated upon, exacerbate disparities, perpetuating a trajectory of social ineq-
uity, exclusion, and misrepresentation. With the advancement and growing social 
impact of AI, understanding its biases is crucial to mitigate the potential risks associ-
ated with the perpetuation of social inequality, exclusion, and lack of representation.

The recent advancement of AI in content generation, particularly in creating 
images, marks a significant development in technological innovation. AI text-to-
image generators, armed with simplistic, no-code, and natural language prompts, 
have evolved to craft images good enough to win art prizes (Roose, 2022). Their 
applications span a spectrum of fields such as advertising, media, education, and 
HR, wielding the potential to shape societal perceptions, roles, and stereotypes, 
particularly those rooted in race.

This exploration gains prominence in academic circles, yet a considerable gap 
persists – there lacks a dedicated exploration into racial biases within AI image 
generators, especially within the professional or workplace context. This study 
navigates this understudied territory, aiming to unveil the nuanced dynamics of 
racial bias in visual representations produced by AI image generators.

AI-generated images influence public perceptions and social reality. Their perva-
sive integration amplifies their potential to mirror, and in instances, craft societal real-
ities. Images are more than sources of information; they are visual representations of 
phenomena, concepts, and influence perceived realities. However, AI-generated im-
ages are not merely a reflection of reality but also harbour the risk of perpetuating and 
reinforcing pre-existing inequalities and stereotypes, including those based on race 
(Górska & Jemielniak, 2023). By insinuating themselves into the realms of media 
creation and educational content, AI image generators wield the influence to educate 
and shape perceptions regarding various social phenomena. Concurrently, there lies 
a risk of these tools perpetuating a skewed representation, amplifying discrimination, 
stereotypes, and vulnerabilities, particularly among already marginalised groups. 
Historical studies echo the detrimental impacts of stereotyping, particularly towards 
women and communities of colour, within media portrayals (Arendt, 2023; Gaur, 
2020; Ramasubramanian, 2011). AI, fuelled by historical and prevailing datasets, 
may inadvertently continue this legacy of perpetuating racial stereotypes, casting 
shadows of bias and negative portrayals upon communities of colour.

This chapter embarks on a meticulous exploration of racial biases within visual 
representations of diverse professionals, adopting lenses informed by critical race 
theory (CRT) and science and technology studies (STS). It pioneers a discourse 
into the occupational racial biases within AI image generators, thereby enriching 
the broader landscape of Whiteness studies within AI (Cave & Dihal, 2020; Cave 
et al., 2020). Centring on AI text-to-image generators, the analysis delves into the 
portrayal of various prestigious professions, scrutinising whether such depictions 
either perpetuate or dismantle prevailing racial biases.
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Amidst a burgeoning societal awareness of biases within AI and algorithms, a 
realisation dawns regarding the scarcity of focused research aimed at unraveling 
racial biases within AI-generated content (Intahchomphoo & Gundersen, 2020; 
Turner Lee, 2018). A labyrinth of complexities shrouds the manifestation and op-
erational transparency of these biases within AI systems. Advocacy for a nuanced, 
race-conscious approach in AI development gains momentum, challenging para-
digms that inadvertently perpetuate rather than alleviate biases.

Within this chapter, we examine the visual presentation of four occupations in 
the disciplines of – law, medicine, engineering, and scientific research – based on 
the ranking of most prestigious occupations by the Global Teacher Status Index 
(2018). Employing a critical lens, the analysis unpacks whether these AI-generated 
images perpetuate or challenge racial biases in the portrayal of professionals in 
these fields. Although the racial division of labour and the entanglement of work 
and race are not new, AI systems add a major multiplier. Since a given profession 
is important in career choices, and the feeling of inadequacy and not matching the 
dominant image of a professional may outweigh personal interests and skill match 
(Haas, Koeszegi & Zedlacher, 2016), it is important that race representations of 
occupations refute rather than reinforce biases and stereotypes. Although there is 
a growing awareness in society about biases in AI and algorithms (Buolamwini & 
Gebru, 2018; Kundi et al., 2022; Escudero Pérez 2020; Raji & Buolamwini, 2019), 
still there is not enough research focused specifically on the racial biases present 
in AI-generated content. The current situation is concerning, as not only is there a 
manifest bias in AI systems, but there is also a complexity surrounding the demon-
strations of these biases and lack of transparency of how these AI systems are built. 
Race-blind approach to AI development is not working. This approach, supposedly 
aimed at neutralising bias, is potentially counterproductive, perpetuating the exist-
ing biases rather than mitigating them. The argument thus leans heavily towards 
the incorporation of an informed and conscious engagement with racial dynamics 
as a salient feature in the developmental phases of AI technologies.

This chapter thus advances a concerted dialog, seeking to bridge theoretical 
frameworks with pragmatic insights, aiming to navigate the complexities posed 
by AI in either exacerbating or alleviating societal disparities such as inequality, 
exclusion, and misrepresentation. It fosters a nexus of critical engagement, align-
ing technological innovations with societal imperatives, thereby championing a 
trajectory of technological progression that resonates with inclusivity, justice, and 
comprehensive societal advancement.

�Literature Review

Theoretical Background

Race is a categorisation that designates human value and societal rank, using white 
individuals as the standard for human excellence and achievement (Omi & Winant, 
1994). This construct of race endures because inaccurate ideas of racial disparity 
have become deeply ingrained in the convictions and actions of societies. This 
deep-seated racism permeates all facets of society, including the field of technology.
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CRT emerges as a pivotal framework, instrumental in dissecting and elucidating 
the intricate intersections of race with pervasive structures of power and oppression 
(Bercuci, 2020). It contests the notion of race as a biological inevitability, posit-
ing it instead as a socioculturally shaped construct, wielded to sustain disparities 
and perpetuate systemic inequalities. CRT illuminates the realms of technological 
studies with its critical lens, allowing for a nuanced exploration of the ostensibly 
neutral terrains of technology (Górska & Jemielniak, 2023).

In the field of STS, CRT has been used to analyse the ways in which race shapes 
technology development, design, and its racially biased outcomes, fighting with the 
myth of objectivity of technology (Deister, 2013). CRT fosters a discourse where 
we comprehend that technologies are not developed in a vacuum but are inflected 
with the biases and assumptions of their creators, which can consequently gener-
ate racially skewed outcomes. CRT reveals the undercurrents of racial biases in-
tertwined within algorithmic decisions and design principles, asserting that these 
biases are not aberrant glitches but rather integral constituents of technological 
architectures (Noble, 2018).

This inquiry also necessitates an engagement with Whiteness Studies to unveil 
the subtle visual representations of bias within racialised imagery. Concepts such 
as the “white racial frame” (Feagin, 2013) emphasise the entrenched normalisation 
of whiteness, where its symbols and significations permeate societal structures, 
remaining largely unexamined and unquestioned under the veil of colour-blindness 
(Benjamin, 2016; Mueller, 2017). Particularly within technological cultures and 
academic realms, the illusion of colour-blindness prevails, subtly influencing bi-
ases in the conceptualisation and design of AI technologies (Daniels, 2015).

In conclusion, the integration of CRT within STS emerges as a potent approach 
to unveil and analyse the racial contours, biases, and their consequential implica-
tions within technological landscapes, thereby fostering a more comprehensive and 
critically engaged discourse within technological studies.

AI Racial Bias

It is increasingly recognised that algorithms and AI can exhibit biases. Technology, 
intrinsically, is a reflection of its creators’ biases and predilections, being ingrained 
with various societal stereotypes and inequalities (Reyero Lobo et al., 2022). Algo-
rithm developers, brimming with an array of personal values and biases, particu-
larly concerning race and gender, inadvertently infuse their creations with these 
prejudices, thereby fostering a misleading façade of meritocracy (Noble, 2018; 
O’Connor & Liu, 2023). Such biases within AI tools possess the formidable poten-
tial to perpetuate and even magnify discriminatory practices, thereby enabling the 
normalisation of specific societal groups while concurrently marginalising others 
(Liang & Acuna, 2020; Escudero Pérez 2020).

Algorithmic biases play a poignant role in amplifying pre-existing social dis-
parities, influencing societal norms and perceptions concerning what is deemed 
“common” or “normal.” There is a discernible Western-centric bias observed in 
the realm of computer vision algorithms. For example, algorithms when applied to 
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photographic data, have been observed to label images of brides adorned in tradi-
tional Western white dresses as indicative of “brides” or “weddings.” Conversely, 
images featuring traditional North Indian brides in traditional red dresses have been 
incongruously classified as “performance art” or “costume,” thereby establishing 
Western culture as the implicit standard (Shankar et al., 2017).

The opacity of AI outcomes, compounded by a lack of comprehensive regulations 
and guidelines, renders the technology enigmatic and complex. A significant catalyst 
for this issue is the skewed representation within algorithm training data, which often 
marginalises certain demographic groups, perpetuating existing biases and facilitat-
ing their propagation into technological outputs (Currie & Rohren, 2022).

For instance, ImageNet, a seminal database employed for the training of AI 
systems in the domain of visual object recognition, originates in the United States 
and is thus susceptible to the underrepresentation of a diverse range of ethnicities 
(Steed & Caliskan, 2021). Such geographical homogeneity in the training data en-
genders algorithmic biases. However, it should be emphasised that the expectation 
of what it means for the population to be racially and ethnically diverse differs not 
only within the region but also changes with time, as, for example, the US Census 
Bureau analysis indicated a significant increase in racial and ethnic diversity since 
2010 (Census Bureau, 2021). Despite this growing diversity, geographical homo-
geneity in the training data could still engender algorithmic biases.

Furthermore, machine-learning algorithms are inherently designed to maximise 
predictive accuracy based on their training datasets. Consequently, if a particular 
demographic is overrepresented in the data, the algorithm is predisposed to opti-
mise its performance metrics in favour of that demographic, thereby perpetuating 
existing biases (Zou & Schiebinger, 2018). In another example, the digital platform 
FaceApp has been implicated in the inadvertent lightening of darker skin tones, 
particularly among African American users. This algorithmic bias can be attributed 
to the preponderance of European facial features in the training dataset, effectively 
encoding Eurocentric beauty norms into the algorithm (Morse, 2017).

Moreover, the system designers may incorporate some of their assumptions into 
their creations (Gaskins, 2022; Yarger, Fay & Neupane, 2019). The majority of 
individuals involved in the creation and development of AI technologies are white 
males, a demographic makeup that has inadvertently fostered the embedding of 
racial biases and the continuation of discriminatory practices within AI systems 
(Livingston, 2020; Noble, 2018). This lack of diverse perspectives in the develop-
mental stages essentially results in AI technologies that not only overlook the spe-
cific needs of underrepresented groups but, in some instances, have been found to 
cause harm (Buolamwini, 2016). The foundational principles of these AI systems, 
including their inherent biases and values, tend to mirror those of their creators, 
inadvertently fostering a landscape where people of colour find themselves at a dis-
advantage due to the algorithms and datasets orchestrated predominantly by white 
males (Chivers, 2019; Noble, 2018; Santamicone, 2019).

As a result, researchers argue that technology and AI may not only reproduce 
bias, but may also reinforce existing power structures and inequalities (Buolamwini, 
2016; Buolamwini & Gebru, 2018; Kong, 2022; Noble, 2018; Wajcman, 2016). 
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These power structures and inequalities have various facets and AI systems mani-
fest a pronounced and deleterious bias against individuals with darker skin tones, 
thereby exacerbating existing societal inequalities. A study conducted by Joy Buo-
lamwini, MIT researcher and founder of the Algorithmic Justice League, studied 
machine-learning algorithms from major corporations such as Microsoft, IBM, and 
Face++. Buolamwini’s findings revealed a glaring disparity: IBM’s algorithms had 
the most egregious error rates, as high as 35%, in identifying women with darker 
skin tones, whereas all tested systems performed optimally when identifying white 
males (Santamicone, 2019). It is crucial to note that these biases are not isolated inci-
dents; they pervade the technology sector. For example, Google Photos has misclas-
sified images of African Americans as gorillas, for which Google later apologised 
(Kasperkevic, 2015), nevertheless, it showcases racial bias existent in seemingly 
objective AI. Similarly, Noble (2018) studied specific queries like “black girls” and 
found instances where Google’s algorithms promoted racist and misogynistic rep-
resentations. Similarly, Araújo et al. (2016) found that queries like “ugly woman” 
and “beautiful woman” resulted in images that negatively stereotyped black women 
while positively stereotyping white women.

These biases also have effect in facial recognition technologies adopted by 
stores to identify potential shoplifters. Chivers (2019) found that these demonstrate 
an alarming proclivity for misidentifying individuals with darker skin as suspects. 
Studies by Wilson, Hoffman and Morgenstern (2019) have also indicated that ob-
ject detection systems, crucial for autonomous vehicle navigation, are less likely to 
accurately identify pedestrians with darker skin tones, thus putting them at greater 
risk of being hit (Cardenas & Vallejo-Cardenas, 2019).

These examples clearly show the risks connected with AI racial bias. Existing 
power structures and societal inequalities are not merely mirrored but also ex-
acerbated by AI technologies, manifesting particularly damning biases against 
individuals with darker skin tones. Such biases, far from isolated anomalies, are en-
trenched within the technological sector, leading to the recurrent misidentification 
and misclassification across various applications, such as facial recognition 
technologies (Chivers, 2019; Santamicone, 2019).

Research focusing on racial biases in AI, particularly concerning image generation, 
is currently developing. Preliminary studies have predominantly focused on web 
search engines, language processing tools, and image recognition, unveiling that 
such technologies perpetuate existing societal biases and stereotypes, particularly 
pertaining to race and gender (Kay et al. 2015; Noble, 2018; O’Connor & Liu, 2023; 
Zou & Schiebinger, 2018). The absence of comprehensive research underscores a 
vital necessity for a more extensive investigation into AI-generated images to discern 
their role in either mitigating or exacerbating existing societal stereotypes and biases.

�Method

In this study, we utilised AI-generated images that exclusively contained human-like 
figures or anatomical components. We prompted nine AI image generation engines 
with the following occupational labels, “a doctor,” “a lawyer,” “an engineer,” and 
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“a scientist.” To maintain consistency, we adhered to the default settings for each 
engine and opted for realistic representations over abstract ones. The number of 
images generated by each engine varied, with some producing a single image, others 
generating up to four, and yet others yielding as many as nine. Table 12.1 delineates 
the number of images each engine generated for the four specified professions.

Prior research investigating racial bias in AI has principally relied on manual 
coding and image recognition methodologies. However, the legitimacy of these 
methods has been questioned due to inherent biases (Makhortykh, Urman & Ulloa, 
2021). In response, our study embraced a survey-based approach for image classi-
fication, leveraging human perspectives to discern gender and racial representation 
within AI-generated images.

In our study, 84 participants were enlisted to evaluate a compilation of 
97 images. A survey was employed as the instrument to evaluate perceived racial 
biases within these AI-generated depictions. Rooted in the foundational works of 
Cave and Dihal (2020) and Makhortykh et al. (2021), our study adopted an encom-
passing perspective towards racialised representation. Participants were furnished 
with a spectrum of classification options, ranging from ‘white’ and ‘non-white’, to 
‘inhuman’ and ‘unknown’. It is essential to emphasise that the binary classifica-
tion of race (‘white’/‘non-white’) in our methodology, while a simplification, is 
a strategic choice. This dichotomy, despite obfuscating the multifarious nuances 
of racial identities, is a prevalent construct within academic and media discourses 
exploring societal hierarchies (Eddo-Lodge, 2020; Kivel, 2017; Makhortykh 
et al., 2021). It predominantly serves to delineate the distinctive privileges associ-
ated with whiteness in contrast to the multifaceted marginalisation experienced 
by non-white demographics. Given AI’s historical intertwinement with notions of 
whiteness and the nuanced challenges intrinsic to the visual discernment of racial 
sub-categories, we advocate for the suitability of this binary schema within the 
confines of our research’s objectives.

It is also crucial to highlight the complexities imbued in the visual determination 
of an individual’s racial identity. Racial identification transcends mere physical 
appearance, embodying a confluence of genetic variables, cultural imprints, and  

Table 12.1  �Text-to-image generators with a number of generated images

AI-image generator Number of AI-generated images

Craiyon.com 37
DALL-E 2 14
HotPot 4
HugginFace (Stable Diffusion) 12
Hypnogram 4
Midjourney 16
NeuralBlender 4
StarryAI 4
Wombo 4
Sum 97

Source: Authors’ own work.

https://www.craiyon.com
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personal self-identifications. An authentic and accurate racial attribution necessi-
tates a holistic recognition of these intricate facets. The ambition of our research is 
to unravel the portrayal of diversity within AI-generated images and to scrutinise 
the representation of various occupations through the lens of AI imagery.

�Results

Our study garnered insights from 84 completed surveys. A demographic analysis 
revealed that women composed 39% of the respondents, while a dominant 96% 
identified as white. Despite conducting a gender-based analysis, we did not un-
cover any statistically significant disparities. Due to the uniform racial composition 
of the respondents, a comparative racial analysis was deemed unfeasible; hence, 
the survey analysis proceeded without an emphasis on demographic differentia-
tion. The predominant age group represented in our study was 18–24 years, encom-
passing 98% of the participants.

The survey, comprehensive with 100 questions, primarily focused on distin-
guishing the perceived race of professionals in AI-generated images, accounting 
for 97 of the questions. Respondents were tasked to categorise each image, discern-
ing whether the professional depicted appeared as white, non-white, ambiguous, or 
inhuman, based on a consensus from the most frequent classifications.

Our findings illuminate a palpable racial bias in AI-generated images, with a 
significant inclination towards white representation across various professions. 
An aggregate analysis of 97 professional images revealed that 62% were pre-
dominantly identified as white individuals, 9% as non-white, 10% as of an inde-
terminate race, and 16% characterised as inhuman. Upon excluding images most 
frequently categorised as “inhuman” and “unknown” (28 images in total), the por-
trayal of white individuals surged to 87%. These findings clearly showcase that 
racial bias in AI-generated images is present and persistent across different profes-
sions and AI image generators.

A profession-specific examination, concentrating on four focal professions 
(engineer, lawyer, doctor, and scientist), unveiled a pervasive racial bias. This 
was manifested as a conspicuous overrepresentation of white professionals in the 
AI-generated images (see Figure 12.1). The data indicates a propensity within the 
AI to generate images leaning towards ambiguity or inhuman characteristics, rather 
than reflecting a diversity embodying non-white professionals. Such a pattern 
underscores a persistent inclination towards racial bias in AI-generated imagery 
across a spectrum of professional realms.

The analysis becomes even more alarming when we consider images that were 
categorised as “unknown” or “inhuman.” Once these categories are removed from 
the dataset, as shown in Figure 12.2, the dominance of white professionals in 
the visual representation becomes even more pronounced. This clearly shows 
that in all but the scientist profession, white depictions of a professional domi-
nate AI-generated images. The lowest representation of non-white professionals 
was visible among doctors, where non-white person were depicted only in 5% of 
AI-generated images.
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Differences in AI Image Generators

Our evaluation of various AI image generators revealed distinct disparities in 
their portrayal of professions. We analysed nine AI tools, discerning noticeable 
variations in their representation of professional imagery. Six of these tools pre-
dominantly generated images that resembled human professionals, encapsulating 
identifiable human attributes. However, Midjourney, Hypnogram, and StarryAI de-
viated from this norm, often producing images that were categorised as inhuman or 
indeterminate in racial identification (as depicted in Figure 12.3).

Figure 12.1 � Results of respondents’ evaluation of 97 AI-generated images with distinction 
to 4 professions. 

Source: Authors’ own work.

Figure 12.2 � Results of respondents’ evaluation of 97 AI-generated images with distinction 
to 4 professions, excluding “unknown” race and “inhuman” answers. 

Source: Authors’ own work.
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In a further nuanced analysis of the six AI tools that predominantly generated human-
like professional images, we observed variances in racial representation. Specifically, 
Dall-E 2 and NeuralBlender exhibited a balanced portrayal, generating an equitable 
number of images representing both white and non-white professionals. This parity 
underscores a semblance of racial diversity in their AI-generated professional images.

Contrastingly, the remaining four AI tools – Crayion, Wombo, Hotpot.AI, and 
HugginFace – demonstrated a significant inclination towards depicting professionals 
as predominantly white. This prevalence highlights a palpable racial bias, indicating 
a preponderance of white representations in the professional images generated by 
these tools. Thus, our study underscores the existence of inconsistencies and biases 
in AI image generators’ representation of professions, exemplifying the multifaceted 
challenges ingrained in fostering diversity and equality in AI-generated imagery.

The manifestation of racial bias is conspicuously prominent in several AI im-
age generators, such as Crayion, Hotpot.AI, and HugginFace. These generators 
predominantly illustrated professionals as white, accounting for over 90% of all 
images produced. This illustrates a substantial skew towards a singular racial rep-
resentation, underscoring an ingrained bias within these AI tools.

In contrast, Dall-E 2 emerges as a noteworthy exemplar of inclusivity, exhibit-
ing a balanced representation of white and non-white professionals. This equal dis-
tribution suggests a commendable stride towards enhanced diversity and equitable 
racial portrayal. NeuralBlender also displayed an inclination towards inclusivity 
but with a nuanced complexity. Half of its images remained racially ambiguous, 
while the discernible images maintained an equitable balance between white and 
non-white professional representations.

It is essential to spotlight the progressive modifications integrated into Dall-E 
2 in 2022, as cited by Sparkes (2022). These revisions appear to have strategically 

Figure 12.3 � Results of respondent’s evaluation of 97 AI-generated images with distinction 
to 9 text-to-image generators. 

Source: Authors’ own work.
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navigated towards the realisation of enhanced representational diversity, signify-
ing a successful advancement in mitigating racial disparities within AI-generated 
professional imagery.

�Discussion

Through the analytical prism of CRT and studies of Whiteness, this research high-
lights the imperative to critically engage with the racial dynamics intricately wo-
ven into the fabric of AI technologies. Echoing Bercuci (2020), it underscores a 
poignant reality: societal constructs, instrumental in perpetuating racial disparities 
and inequalities, seamlessly extend their influence into the digital sphere, imbuing 
algorithms with the potency to magnify these inequities exponentially.

Our investigation unveils a conspicuous racial bias embedded within AI-gener-
ated imagery, marked by a pervasive overrepresentation of white professionals across 
a spectrum of prestigious professions. This evidence resonates with prior works that 
have illuminated the realm of technological systems with discerning critiques of their 
inherent biases and skewed representations (Noble, 2018; Reyero Lobo et al., 2022). 
A commanding prevalence of white portrayals within the professional images gener-
ated by AI – where a staggering 87% of images align with white representations – ev-
idently perpetuates the “white racial frame” as conceptualised by Feagin (2013). This 
pervasive manifestation of symbols and signs, where whiteness is tacitly normalised 
as the default paradigm, amplifies apprehensions regarding the insidious entrench-
ment of Eurocentric defaults within technological arenas (Noble, 2018).

It is crucial to note that such racial disparities in representation not only perpetu-
ate existing stereotypes but also reinforce a skewed perspective of professional sec-
tors, which could have wider implications on societal perceptions. An AI tool, for 
instance, that consistently portrays doctors as white, inadvertently sends the message 
that medicine is a predominantly white profession. In this study, doctors were most 
likely to be depicted as white, even though almost 45% of doctors in the US identify 
as non-white (AAAMC, 2019). Over time, such depictions could influence people’s 
perceptions, leading them to believe that certain races are more suited to certain pro-
fessions than others. Thus, it seems that AI-image generators exacerbate the status 
quo biases, leading to portrayals that are consistent with negative racial stereotypes. 
Such biased portrayals are especially concerning given their influence on percep-
tions, similar to how media stereotypes can distort the audience’s perception (Arendt, 
2023; Billings & Parrott, 2020; Gaur, 2020; Ramasubramanian, 2011).

A nuanced exploration of the disparities observed among various AI image gen-
erators reveals a landscape marked by complexity and contradiction. While certain 
tools, such as Dall-E 2 and NeuralBinder, exhibit a semblance of balanced rep-
resentation, others, like Crayion, Wombo, Hotpot.AI, and HugginFace, navigate 
towards a predominant showcase of white professionals. This divergence neces-
sitates a thoughtful interrogation of the foundational data and architectural frame-
works that shape these models.

In a convergence with the insights articulated by Daniels (2015), our findings 
assert the limitations and pitfalls of a race-blind approach in AI development. 
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Neutrality, in this context, does not resonate as a synonym for fairness. Instead, it 
unveils a potential to amplify and reinforce pre-existing biases, casting shadows of 
marginalisation upon diverse racial identities. This realisation aligns with the con-
templative perspectives offered by Reyero Lobo et al. (2022), which underscore 
that technology is not neutral but reflective of societal values.

�Conclusions

The deployment of text-to-image AI generators in contemporary society has ush-
ered in a host of concerns pertaining to the perpetuation and amplification of racial 
biases within technological artefacts. Our study of various AI image generators 
has unveiled a disconcerting pattern whereby these systems predominantly portray 
professionals as white, effectively omitting the diversity within these vocations. 
The consequences of this unsettling trend are far-reaching, as they may contrib-
ute to the reinforcement of stereotypes insidiously insinuating that professional 
competence is intricately tethered to one’s racial identity. These biases, deeply em-
bedded in AI-generated images, wield considerable influence over societal percep-
tions, intensifying the already extensive challenges of racial inclusivity.

Scholars such as Benjamin (2019) and Wajcman (2004) have emphasised the 
critical role technology plays in shaping societal structures, including those related 
to race and gender. Our findings echo their assertions, underscoring the agency of AI 
systems in molding and projecting racial stereotypes that can have a profound impact 
on the lived experiences of individuals. This aligns with the observations of Cave 
and Dihal (2020) who have drawn attention to the interplay between sociocultural 
dynamics and technological advancements, particularly within the realm of AI.

Nevertheless, it is crucial to recognise the inherent complexity and contradic-
tions present in these AI models. While some tools demonstrate a more balanced 
representation, others predominantly showcase white professionals. This inconsist-
ency underscores the need for meticulous scrutiny of the foundational data and 
architectural frameworks underpinning these models.

As our analysis has shown, striving for mere neutrality in AI is insufficient. 
Active measures must be taken to engender inclusive and equitable AI systems. 
This necessitates not only the careful curation of training data to represent a di-
verse spectrum of racial identities but also a rigorous examination to remove any 
hidden biases from the data itself (Mishraky et al., 2022). Moreover, inclusivity in 
AI development should extend to diverse voices and perspectives. This resonates 
with the idea of centring marginalised communities in technology design and de-
velopment (Noble, 2018).

To redress the propagation of racial biases in text-to-image AI generators, the 
development process must prioritise diversity and inclusion. This entails meticulous 
scrutiny of training data for representational accuracy and fairness. The proactive 
involvement of diverse voices in the design and oversight of AI systems is vital 
(Lee, 2018). Collaborative efforts between researchers, developers, and policymak-
ers, guided by ethical frameworks, are indispensable to address the issue of racial 
biases in AI technologies. Continuous monitoring, auditing, and iterative refinement 
of AI models are essential components of this approach (Bartneck et al., 2020).
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In addition, education and awareness campaigns play a pivotal role in countering 
and dismantling the stereotypes perpetuated by AI generators. Raising public con-
sciousness about the presence of biases within AI systems is crucial. Education initia-
tives should target users, developers, and the general public, elucidating the nuances of 
AI bias and fostering a culture of critical scrutiny of AI outputs. Additionally, fostering 
diversity and inclusivity within the AI industry itself is paramount. Promoting diver-
sity in research teams, alongside comprehensive training on ethical considerations and 
bias mitigation strategies (Katz, 2020), is a step towards rectifying the systemic biases 
embedded within AI technologies. First steps have already been made with emerging 
tools such as “bias-detector” in Python which are to identify and mitigate these biases. 
Nevertheless, there is still a need for systemic solutions that will not only identify the 
already biased systems but also prevent in the creation of these.

The current study, while offering valuable insights, comes with certain limita-
tions that future research should address. The respondent’s sample was skewed 
with a significant representation of respondents identifying as white and as such 
might affect their answers. Moreover, within this study, we simplified the AI-
generated images to be classified as white versus non-white, neglecting the nu-
ances of racial identities. Moreover, we focused solely on the racial bias, while 
existing research highlights the importance of a holistic approach in mitigating 
biases, as noted by O’Connor and Liu (2023), who emphasise that addressing one 
type of bias does not resolve overall inequality. Buolamwini and Gebru (2018) 
and Kong (2022) discuss intersectional biases, underlining the need to consider 
multiple bias dimensions as gender, race, and age. López Belloso (2022) and 
Ciston (2019) stress the necessity of a feminist and intersectional approach in AI 
regulation and development to combat biases. Chu, Donato-Woodger and Khan 
(2023) provide insights into age-related biases in AI, suggesting a broader scope 
of bias investigation. Therefore, future studies should also delve into the other 
diversity dimensions and consider intersectionality, such as intersections of race, 
gender, and age, to improve the fairness of outcomes for all.

In conclusion, the implications of our study resonate with the broader discourse 
on technology, race, and societal equity. The presence of racial biases within AI 
image generators underscores the urgency of collectively addressing these issues, 
lest we perpetuate and exacerbate systemic inequalities. The transformative poten-
tial of AI should be harnessed not only for innovation but also for fostering a more 
inclusive and equitable future. One of the promising new regulations is the AI Act, 
but the scope in which it will practically affect the algorithmic biases in practice 
remains to be seen. Moreover, to effectively address the mentioned issues, the US 
and Chinese regulations would have to follow.

References
AAAMC. 2019. “Diversity in medicine: Facts and figures 2019.” https://www.aamc.org/ 

data-reports/workforce/data/figure-18-percentage-all-active-physicians-race/
ethnicity-2018

Araújo, C. S., W. Meira, and V. Almeida. 2016. “Identifying stereotypes in the online per-
ception of physical attractiveness.” In: International Conference on Social Informatics, 
419–437. Springer.

https://www.aamc.org/data-reports/workforce/data/figure-18-percentage-all-active-physicians-race/ethnicity-2018
https://www.aamc.org/data-reports/workforce/data/figure-18-percentage-all-active-physicians-race/ethnicity-2018
https://www.aamc.org/data-reports/workforce/data/figure-18-percentage-all-active-physicians-race/ethnicity-2018


224  Algorithms, Artificial Intelligence and Beyond

Arendt, F. 2023. “Media stereotypes, prejudice, and preference-based reinforcement: Toward 
the dynamic of self-reinforcing effects by integrating audience selectivity.” Journal of 
Communication 73(5): 463–475. https://doi.org/10.1093/joc/jqad019 

Bartneck, C., C. Lütge, A. Wagner, and S. Welsh. 2020. An Introduction to Ethics in Robot-
ics and AI. Springer Nature.

López Belloso, M. 2022. “Women’s Rights under AI Regulation: Fighting AI Gender Bias 
through a Feminist and Intersectional Approach.” In: Custers, B., Fosch-Villaronga, E. 
(eds) Law and Artificial Intelligence. Information Technology and Law Series, 35 The 
Hague: T.M.C. Asser Press. https://doi.org/10.1007/978-94-6265-523-2_5

Benjamin, R. 2016. “Catching our breath: Critical race STS and the carceral imagination.” En-
gaging Science, Technology, and Society 2: 145–156. https://doi.org/10.17351/ests2016.70

Benjamin, R. 2019. “Race after technology: Abolitionist tools for the new jim code.” Social 
Forces; a Scientific Medium of Social Study and Interpretation 98(4): 1–3.

Bercuci, L. 2020. “Female and unfree in America: Captivity and slave narratives.” Roma-
nian Journal of English Studies 17(1): 22–30. https://doi.org/10.1515/rjes-2020-0004 

Billings, A., and S Parrott 2020. Media Stereotypes: From Ageism to Xenophobia. Peter Lang.
Buolamwini, J. 2016. “How I’m fighting bias in algorithms.” TEDxBeaconStreet. https://

www.ted.com/talks/joy_buolamwini_how_i_m_fighting_bias_in_algorithms
Buolamwini, J., and T, Gebru. 2018. “Gender Shades: Intersectional Accuracy Disparities 

in Commercial Gender Classification.” In: Conference on Fairness, Accountability and 
Transparency. PMLR, 81:77–91

Cardenas, S., and S. Vallejo-Cardenas. 2019. “Continuing the conversation on how structural 
racial and ethnic inequalities affect AI biases.” In: Cunningham, M., and Cunningham P. 
(eds) IEEE International Symposium on Technology in Society (ISTAS) Proceedings.

Cave, S., and K. Dihal. 2020. “The whiteness of AI.” Philosophy & Technology 33(4):  
685–703. https://doi.org/10.1007/s13347-020-00415-6

Cave, S., K. Dihal, and S. Dillon. 2020. AI Narratives: A History of Imaginative Thinking 
about Intelligent Machines. Oxford University Press.

Census Bureau, U.S. 2021. “2020 United States population more racially and ethnically 
diverse than 2010.” Accessed from https://www.census.gov/library/stories/2021/08/2020-
united-states-population-more-racially-ethnically-diverse-than-2010.html

Chivers, T. 2019. “Facial recognition…coming to a supermarket near you.” The Guardian, 
4 August.

Chu, C.H., S. Donato-Woodger, and S.S Khan. 2023. “Age-related bias and artificial intel-
ligence: A scoping review.” Humanities and Social Sciences Communications. 10(510). 
https://doi.org/10.1057/s41599-023-01999-y 

Ciston, S. 2019. “Intersectional AI is essential.” Journal of Science and Technology of the 
Arts 11(2): 3–8. https://doi.org/10.7559/citarj.v11i2.665 

Currie, G., and E. Rohren. 2022. “Social asymmetry, artificial intelligence, and the medi-
cal imaging landscape.” Seminars in Nuclear Medicine 52(4): 498–503. https://doi.org/ 
10.1053/j.semnuclmed.2022.01.004

Daniels, J. 2015. “‘My brain database doesn’t see skin color’: color-blind racism in the 
technology industry and in theorizing the web.” American Behavioral Scientist 59(11): 
1377–1393. https://doi.org/10.1177/0002764215578728

Deister, V. 2013. “Race and the genetic revolution: Science, myth, and culture.” New Genet-
ics and Society 32(1): 99–101. https://doi.org/10.1080/14636778.2012.743273

Eddo-Lodge, R. 2020. Why I’m No Longer Talking to White People About Race. Blooms-
bury Publishing.

Escudero Pérez, J. 2020. “An AI doesn’t need a gender(but it’s still assigned one): Paradigm 
shift of the artificially created woman in film.” Feminist Media Studies 20(3): 393–408. 
https://doi.org/10.1080/14680777.2019.1615973

Feagin, J. R. 2013. The White Racial Frame: Centuries of Racial Framing and Counter-
Framing, 2nd ed. New York: Routledge.

Feng, Y., and C. Shah. 2022. “Has CEO gender bias really been fixed? Adversarial attacking 
and improving gender fairness in image search.” Proceedings of the AAAI Conference on 
Artificial Intelligence 36(11): 11882–11890.

https://doi.org/10.1093/joc/jqad019
https://doi.org/10.1007/978-94-6265-523-2_5
https://doi.org/10.17351/ests2016.70
https://doi.org/10.1515/rjes-2020-0004
https://www.ted.com/talks/joy_buolamwini_how_i_m_fighting_bias_in_algorithms
https://www.ted.com/talks/joy_buolamwini_how_i_m_fighting_bias_in_algorithms
https://doi.org/10.1007/s13347-020-00415-6
https://www.census.gov/library/stories/2021/08/2020-united-states-population-more-racially-ethnically-diverse-than-2010.html
https://www.census.gov/library/stories/2021/08/2020-united-states-population-more-racially-ethnically-diverse-than-2010.html
https://doi.org/10.1057/s41599-023-01999-y
https://doi.org/10.7559/citarj.v11i2.665
https://doi.org/10.1053/j.semnuclmed.2022.01.004
https://doi.org/10.1053/j.semnuclmed.2022.01.004
https://doi.org/10.1177/0002764215578728
https://doi.org/10.1080/14636778.2012.743273
https://doi.org/10.1080/14680777.2019.1615973


AI Racial Bias  225

Gaskins, N. 2022. “Interrogating algorithmic bias: From speculative fiction to liberatory 
design.” TechTrends: For Leaders in Education & Training, 19 September. 

Gaur, R. 2020. “A multilevel meta-analysis of effects of negative stereotypes of blacks in 
media on consumers’ attitudes.” Media Psychology 23(5): 711–732. https://doi.org/10. 
1080/15213269.2019.1627888 

Global Teacher Status Index. 2018. https://www.varkeyfoundation.org/media/4790/gts-
index-9-11-2018.pdf

Górska, A., and D. Jemielniak. 2023. “The invisible women: Uncovering gender bias in AI-
generated images of professionals.” Feminist Media Studies 23(8): 4370–4375.

Haas, M., S. T. Koeszegi, and E. Zedlacher. 2016. “Breaking patterns? How female scien-
tists negotiate their token role in their life stories.” Gender, Work, and Organization 23(4): 
397–413.

Hanemaayer, A. 2020. Artificial Intelligence and Its Discontents: Critiques from the Social 
Sciences and Humanities. Palgrave Macmillan.

Intahchomphoo, C. and O. E, Gundersen 2020. “Artificial intelligence and race: A sys-
tematic review.” Legal Information Management 20(2): 74–84. https://doi.org/10.1017/
S1472669620000183 

Kasperkevic, J. 2015. “Google says sorry for racist auto-tag in photo app.” The Guardian. 
https://www.theguardian.com/technology/2015/jul/01/google-sorry-racist-auto-tag- 
photo-app

Katz, Y. 2020. Artificial Whiteness: Politics and Ideology in Artificial Intelligence. Colum-
bia University Press.

Kay, M., C. Matuszek, and S. A. Munson. 2015. “Unequal Representation and Gender Ste-
reotypes in Image Search Results for Occupations.” In: Proceedings of the 33rd Annual 
Conference on Human Factors in Computing Systems, 3819–3828. ACM. 

Kivel, P. 2017. Uprooting Racism - 4th Edition: How White People Can Work for Racial 
Justice. New Society Publishers.

Kong, Y. 2022. “Are “Intersectionally Fair” AI Algorithms Really Fair to Women of Color? 
A Philosophical Analysis”. In: Conference on Fairness, Accountability and Transparency. 

Kundi, B., C. El Morr, R. Gorman, and E. Dua. 2022. “Artificial intelligence and bias: A 
scoping review.” AI and Society 37: 199–215.

Lee, N. T. 2018. “Detecting racial bias in algorithms and machine learning.” Journal of 
Information, Communication and Ethics in Society 16(3): 252–260.

Liang, L., and D. E. Acuna. 2020. “Artificial Mental Phenomena: Psychophysics as a Frame-
work to Detect Perception Biases in AI Models.” In: Proceedings of the 2020 Conference on 
Fairness, Accountability, and Transparency, 403–412. Association for Computing Machinery.

Livingston, M. 2020. “Preventing racial bias in federal AI.” Journal of Science Policy and 
Governance 16(2): 1–7. https://doi.org/10.38126/jspg160205 

Makhortykh, M., A. Urman, and R. Ulloa. 2021. “Detecting Race and Gender Bias in Visual 
Representation of AI on Web Search Engines.” In: Boratto, L., Faralli, S., Marras, M.,  
and Stilo, G. (eds) Advances in Bias and Fairness in Information Retrieval, 36–50. 
Springer. https://doi.org/10.1007/978-3-030-78818-6_5

Melaku, T. M., and A. Beeman. 2020. “Academia Isn’t a Safe Haven for Conversations 
About Race and Racism.” Harvard Business Review. Accessed 25 June 2020. https://hbr.
org/2020/06/academia-isnt-a-safe-haven-for-conversations-about-race-and-racism

Miller-Kleinhenz, J. M., A. B. K. Nagy, A. A. Majewska, A. O. Adebayo Michael, S. M. 
Najmi, K. H. Nguyen, R. E. Van Sciver, and I. T. Fonkoue. 2021. “Let’s talk about race: 
Changing the conversations around race in academia.” Communications Biology 4 (902): 
1–6. https://doi.org/10.1038/s42003-021-02409-2

Mishraky, E., A. Ben Arie, Y. Horesh, and S, Meir Lador. 2022. “Bias detection by using 
name disparity tables across protected groups.” Journal of Responsible Technology, 9. 
https://doi.org/10.1016/j.jrt.2021.100020 

Morse, J. 2017. “App creator apologizes for ‘racist’ filter that lightens skin 
tones.” Mashable. Accessed 24 April 2017. https://mashable.com/2017/04/24/
faceapp-racism-selfie/#zeUItoQB5iqI

https://doi.org/10.1080/15213269.2019.1627888
https://doi.org/10.1080/15213269.2019.1627888
https://www.varkeyfoundation.org/media/4790/gts-index-9-11-2018.pdf
https://www.varkeyfoundation.org/media/4790/gts-index-9-11-2018.pdf
https://doi.org/10.1017/S1472669620000183
https://doi.org/10.1017/S1472669620000183
https://www.theguardian.com/technology/2015/jul/01/google-sorry-racist-auto-tag-photo-app
https://www.theguardian.com/technology/2015/jul/01/google-sorry-racist-auto-tag-photo-app
https://doi.org/10.38126/jspg160205
https://doi.org/10.1007/978-3-030-78818-6_5
https://hbr.org/2020/06/academia-isnt-a-safe-haven-for-conversations-about-race-and-racism
https://hbr.org/2020/06/academia-isnt-a-safe-haven-for-conversations-about-race-and-racism
https://doi.org/10.1038/s42003-021-02409-2
https://doi.org/10.1016/j.jrt.2021.100020
https://mashable.com/2017/04/24/faceapp-racism-selfie/#zeUItoQB5iqI
https://mashable.com/2017/04/24/faceapp-racism-selfie/#zeUItoQB5iqI


226  Algorithms, Artificial Intelligence and Beyond

Mueller, J. C. 2017. “Producing colorblindness: Everyday mechanisms of white ignorance.” 
Social Problems 64(2): 219–238. https://doi.org/10.1093/socpro/spx012 (Not accessible 
as of [08/06/2024]).

Noble, S. U. 2018. Algorithms of Oppression: How Search Engines Reinforce Racism. New 
York University Press.

O’Connor, S., and H. Liu. 2023. “Gender bias perpetuation and mitigation in AI technologies: 
Challenges and opportunities. AI & SOCIETY. https://doi.org/10.1007/s00146-023-01675-4

Omi, M., and H. Winant. 1994. Racial Formation in the United States: From the 1960s to 
the 1990s. Routledge.

Otterbacher, J., A. Checco, G. Demartini, and P. Clough. 2018. “Investigating User Percep-
tion of Gender Bias in Image Search: The Role of Sexism.” In: The 41st International 
ACM SIGIR Conference on Research & Development in Information Retrieval, 933–
936. Association for Computing Machinery.

Pascual, J. 2021. Innovation and Collaboration in the Digital Era: The Role of Emotional 
Intelligence for Innovation Leadership and Collaborative Innovation. Walter de Gruyter 
GmbH & Co KG.

Przegalinska, A., and D. Jemielniak. 2023. Strategizing AI in Business and Education: 
Emerging Technologies and Business Strategy. Cambridge: Cambridge University Press 
(Elements in Business Strategy).

Raji, I. D., and J. Buolamwini. 2019. “Actionable Auditing: Investigating the Impact of 
Publicly Naming Biased Performance Results of Commercial AI Products.” In: Proceed-
ings of the 2019 AAAI/ACM Conference on AI, Ethics, and Society, 429–435. Associa-
tion for Computing Machinery.

Ramasubramanian, S. 2011. “The impact of stereotypical versus counterstereotypical me-
dia exemplars on racial attitudes, causal attributions, and support for affirmative action.” 
Communication Research 38(4): 497–516. https://doi.org/10.1177/0093650210384854 

Reyero Lobo, P., E. Daga, H. Alani, and M. Fernandez. 2022. “Semantic web technologies 
and bias in artificial intelligence: A systematic literature review.” Semantic Web 14: 1–26.

Roose, K. 2022. “An A.I.-generated picture won an art prize. Artists aren’t happy.” The New York 
Times. Accessed 2 September 2022. https://www.nytimes.com/2022/09/02/technology/ 
ai-artificial-intelligence-artists.html

Santamicone, M. 2019. “Is artificial intelligence racist? Racial and gender bias in AI.” 
Medium. Accessed 2 April 2019.

Shankar, S., Y. Halpern, E. Breck, J. Atwood, J. Wilson, and D. Sculley. 2017. “No clas-
sification without representation: Assessing geodiversity issues in open data sets for the 
developing world.” arXiv preprint. https://arxiv.org/abs/1711.08536

Sinclair, B. 2004. “Integrating the Histories of Race and Technology.” In: Sinclair, B. (eds) 
Technology and the African-American Experience: Needs and Opportunities for Study, 
1–17. MIT Press.

Sparkes M. 2022. “AI art tool covertly alters requests.” New Scientist 255(3397): https://
doi.org/10.1016/S0262-4079(22)01329-X

Steed, R., and A. Caliskan 2021. “Image representations learned with unsupervised pre-
training contain human-like biases.” In: FAccT ‘21: Proceedings of the 2021 ACM Con-
ference on Fairness, Accountability, and Transparency, 701–713. https://doi.org/10.1145/ 
3442188.3445932 

Wajcman, J. 2004. Technofeminism. Polity Press.
Wajcman, J. 2016. “Reflections on Gender and Technology Studies: In What State Is the 

Art?” In: Richardson, L. et al., (eds) Feminist Frontiers, 9th ed. 488–502. McGraw-Hill 
Higher Education.

Wilson, B., J. Hoffman, and J, Morgenstern. 2019. Predictive inequity in object detection. 
arXiv. https://doi.org/10.48550/arXiv.1902.11097

Yarger, L., C. P. Fay, and B. Neupane. 2019. “Algorithmic equity in the hiring of underrep-
resented IT job candidates.” Online Information Review 44(2): 383–395.

Zou, J., and L. Schiebinger. 2018. “Design AI so that it’s fair: Identify sources of inequity, de-bias 
training data and develop algorithms that are robust to skews in data.” Nature 559: 324–332.

https://doi.org/10.1093/socpro/spx012
https://doi.org/10.1007/s00146-023-01675-4
https://doi.org/10.1177/0093650210384854
https://www.nytimes.com/2022/09/02/technology/ai-artificial-intelligence-artists.html
https://www.nytimes.com/2022/09/02/technology/ai-artificial-intelligence-artists.html
https://arxiv.org/abs/1711.08536
https://doi.org/10.1016/S0262-4079(22)01329-X
https://doi.org/10.1016/S0262-4079(22)01329-X
https://doi.org/10.1145/3442188.3445932
https://doi.org/10.1145/3442188.3445932
https://doi.org/10.48550/arXiv.1902.11097


Index 

5G (technology) 74, 76, 82

Aadhaar (identity system) 82
ABBA 8, 77, 99; Arena 99; Voyage 99
ANT (Actor-Network Theory) 43,  

114
Africa 113
agency 7, 57–58, 63–65, 81, 96, 114, 127, 

148, 157, 181, 222
Ahmad, Normahfuzah 114
AHS (automated hiring-systems) 197, 

199, 201
Artificial Intelligence (AI) 12, 39, 41, 58, 

70, 74, 91, 105–108, 110–114, 117, 125, 
128, 132, 139, 141, 146, 155, 173, 193, 
211; and power 130–133, 139–147, 
155, 160, 163, 167, 188, 197, 211–212; 
as a machinal learning 1–4, 7–10, 42, 
67, 75, 77, 79; as a practise 46, 49, 97, 
99; beings 132, 157; development 2–3, 
5, 7, 9, 44–45, 48, 51, 121, 125–126, 
128–129, 131, 193, 203, 213, 221–222; 
-generated 116, 212–213, 216–222; 
generative 9, 74–75, 82–83, 97–98, 
116–117, 121, 148, 155–158, 160–161, 
163, 165, 167, 169–170; model 3–4, 40, 
45, 47, 148 NOW 128; socio-cultural AI 
(SCAI) ix, 8, 106–108, 110–111, 115; 
-solution 44–46, 48, 50, 115; strategy 
126, 160; study 139, 145, 165, 166; 
team 44, 46, 48–49; technology 3, 5–6, 
10, 41–42, 46, 49, 98, 106, 112–113, 
121, 126, 127, 139, 140, 146, 151, 155, 
161–162, 166, 197, 199, 201–202, 205, 
213–216, 221–223; tool 97, 100, 113, 
116, 214, 219–221; R&D 126, 156–158, 
163, 167–169

Airbnb 204
Airoldi, Masimo i, 2–3, 39

algorithms i–iv, xiii–xv, 1–8, 10–11, 18–31, 
39, 41, 44–45, 47, 49–51, 57, 61–66, 
68–69, 78, 83, 91–92, 95–96, 100–101, 
110, 112–113, 128, 130, 132, 141–142, 
144, 148, 150, 173–175–180, 183–188, 
200–201, 211–215

Algorithmic Justice League 128, 216
Alibaba 84, 161–162, 168, 204 
Alphabet 168, 203–204
AlphaGo Zero 3
Alsufiev, Artem 204
Altman, Sam 12, 72, 145
Al-Zoubi, Omar A. 114
Amazon 126, 157, 168, 193, 204 
analogue 18–22, 25–27, 30–31
Anderson, Peter J. 116
Andersson, Benny 99
Anthropic 158
application (App) 3, 5, 10, 18, 26, 39–41, 

45–46, 49, 68–69, 74, 83, 92, 62, 76, 78, 
82, 92, 97, 100, 109–110, 122, 125, 131, 
158, 161–163, 174, 176–182, 185–188, 
198, 212, 216

Appadurai, Arjun 94
Apple 134, 168, 204
Artificial General Intelligence (AGI) 4, 12, 

148
Australia x, xii, 2, 101
automation 10, 57–58, 62, 64–66, 91, 106, 

113, 124, 128, 130, 141, 143, 162, 174, 
176, 178, 181–183, 197, 199–200, 205

Aziz, Omid 95

Bachmann-Medick, Doris 12, 91
Baichuan AI 157, 162
Baidu 132, 161–162, 168, 204
Bartholeyns, Gil 98
Barwise, Patrick 193, 202–204
Baudrillard, Jean 93–94, 99



228  Index 

Bauman, Zygmunt 72, 92, 96
Bax, Nick 92, 99
Beer, David i, 1, 18, 33, 91, 95, 101, 141, 

143–145
behaviour 12, 30–32, 41, 47, 65, 73, 76–77, 

91, 141, 144, 155, 160, 163, 178–179, 184 
Beijing 160, 184
Belloso, López 223
Belt and Road Initiative 82
Bender, Emily M. 122, 125, 127
Bengio, Joshua 140–141, 145–152
Bennett, Jane 72, 105, 107
bias xi, 4, 10–11, 26, 44, 114, 128, 132, 

134, 139, 197, 201, 205, 211–218, 
220–223; -free 201

Big Data 1, 9, 27, 61–62, 64–65, 67, 74, 
110, 143, 156, 166, 173, 176, 179–181, 
184, 186, 188, 193, 197, 204; Bureau 
187

Big Tech 8–9, 124, 125, 155, 157–159 
Birch, Kean 165
Black-Scholes model 33, 131
blockchain 74–75, 83–84
Bloomfield, Brian P. 41
Blue Origin 193
Bolin, Göran i
Bostrom, Nick 149
Bourdieu, Pierre 39, 166, 200
Boym, Svetlana 91, 93–94, 97, 99
Brass, Irina 176
Brexit 94
Brzeziński, Dariusz iii, x, 5, 8, 91 
Buolamwini, Joy 201, 213, 215–216, 223
Burke, Edmund 164
ByteDance 168

Canada x, xi, xiii, 2, 5, 139, 151, 158
Carr, Roger Sir 68
Castellano, Mayka 97
Castoriadis, Cornelius 7, 58–61, 66, 69
Cave, Stephen 123, 129, 163, 211–212, 

217, 222 
Chartier-Edwards, Nicolas x, 4, 9
ChatABC 162
ChatGPT 74, 83, 117, 124, 128, 142, 148, 

162
cheapfake(s) 105, 117
Chiang, Ted 122
China (Republic of China) xii, 2, 6, 9–10, 

12, 67–68, 81–83, 121, 126, 132, 
156–163, 168–170, 180–181, 183–185, 
187–188, 202, 204

Chu, Donato-Woodger 223
Chubb, Jennifer 123–124

Ciston, Sarah 223
City Brain 180
Cloud and Smart Industry Business Group 

161
Cloudry, Nick 39
communities of practise 48, 51
community 7, 40, 48–51, 79, 94, 127, 160
computer 2, 7, 12, 23, 27, 31, 39, 50, 62, 

67, 80, 94, 101, 112, 114, 121, 126, 
139–140, 145–146, 149, 150, 161, 173, 
198, 201, 214

communication 2, 5, 8, 10, 27, 33, 43–44, 
49, 105–109, 112–116, 142, 160, 164–
168, 173, 183, 184, 186, 188, 193, 196–
197, 199, 211–212, 222; disruptions 60, 
79, 105, 143, 147

COVID-19 (Coronavirus) 20, 46, 110, 
196–198, 204 

CPFS (Complaints and Petition Forecasting 
System) 184

Crawford, Kate 5, 41, 122, 133, 146
Crimea 82
CRT (critical race theory) 212, 214, 221 
cultural studies 2, 23, 93
cybernetic 10, 140, 142, 145, 151
cybersecurity 81, 83, 170, 196, 203 
cyberspace 76, 81, 94
Cyberspace Administration of China 160
Čapek, Karel 124

DALL-E 148, 217, 220–221
Daosheng, Tang 161
data ii, xiii, 1, 3–4, 7, 9–11, 18–19, 21–27, 

32–33, 39–42, 44–47, 49–50, 57, 61–62, 
64–65, 67, 73–84, 96–98, 107–108, 
110–111, 113–114, 116, 121–123, 
127–129, 133, 139–140, 142–145, 147, 
151, 156, 160, 166, 173–174, 176–188, 
193, 201–205, 212, 215, 218, 221–222; 
analysis 50, 77, 81, 184; analytics 
44–45, 47, 49–50, 64, 74; science 19, 
74, 203

deep learning 3, 44, 65, 74–75, 141–143, 
156, 158

Deep Nostalgia 92, 98
deepfake(s) 98, 109–110, 117
DeepLang AI 157
DeepMind 158
Defense Advanced Research Projects 

Agency (DARPA) 157
Delfanti 193
democracy xii, 105, 108, 116, 125, 128–

129, 148; democratic 3, 50, 105, 110, 
112, 117, 122, 128 



Index   229

Descarte, René 80–81
Deursen, Van 195, 198
Didi Chuxing 84
digital data 21; age 6, 8, 32, 63–64, 107, 

108, 113; environment 21–22, 24–26, 
30–33; humanism 117; networking 20; 
practices 31–32; revolution 57–58, 61, 
64–67, 163; sociology x, 19; skills 194, 
198–199, 204, system 18, 22, 25–27, 30, 
32, 179, 199; transformation 6, 17–19, 
25, 27, 32–33

digitalisation 6, 17–18, 20, 58, 65, 193; 1.0 
17–18, 20, 33; 2.0 6, 17–18, 20, 33

Dillon, Sarah 123, 163, 
Dihal, Kanta 123, 217, 222
Directory of Open Access Journals 108
discourse 8–11, 24, 59–61, 80, 92, 114, 

121, 123–124, 127–129, 132–134, 139, 
141, 145, 163, 166, 168, 211–212, 214, 
217, 223

Distributed AI Research Institute (DAIR) 
127–128, 134

DNA 60, 63
‘Doomsday’ machine 66–67
Dostoevsky, Fyodor 69
Downey, John i
Durante, Massimo iv, 66 

EBSCO Information Service 107
echo chamber 106, 117 
economy i–iii, x, xii, 7, 9, 17, 27, 82–83, 

132, 135, 156, 162–169, 198, 201, 204
Elliott Anthony x, 1, 4, 7, 12, 17, 39, 57, 

65, 101, 107
Ellul, Jacques 60–61
emphasis 7–8, 41, 43, 46–48, 59–60, 62, 

68, 77, 99, 117, 125–126, 152, 156, 
159, 160–161, 163, 177, 183, 186, 212, 
214–215, 217–218, 223

environment 6, 20–27, 33, 44, 51, 73, 
76–77, 79, 105–106, 110, 117, 121, 
130–131, 139–140, 143, 146, 148, 161, 
174–175, 177–178, 198

ethic 12, 46, 51, 109, 112, 114–115, 117, 
169

European Union (EU) 5–6, 68, 81, 83–84, 
126, 133, 159, 203 

Eynon, Rebecca 198

Face++ 216
Facebook 83, 134, 157, 161, 168, 194
Far East 5
Fältskog, Agnetha 99
Feagin, Joe R. 214, 221

Feher, Katalin xi, 5, 8, 105–108, 115
Filiciak, Mirosław xi, 3, 8
Filipek, Kamil xi, 4, 7
filter bubbles 8, 106
Floridi, Luciano 6
fragmentation 82, 105, 117, 178
framework 2, 6, 8–10, 33, 39, 41–45, 51, 

59, 68, 74, 101, 105, 107, 112–115, 117, 
124, 126–127, 146, 149–150, 156, 160–
161, 163, 168, 173–176, 187, 195–196, 
213–214, 221–222

freedom 58, 66, 69, 121, 129, 131
Friemel, Thomas N. 106
Frontis 157
Future of Life Institute 125, 140, 145–148

Gazprom 82
Gebru, Timnit 122, 127–128, 201, 223
Germany 2, 67, 173
Giddens, Anthony 7, 73, 75–76
Global North i, 204
Global South i, 82, 204
Global Teacher Status Index 213
Goldfarb, Forman 201
Google 13, 125–128, 134, 157–158, 161, 

168; GNI (Google News Initiative) 113; 
Photos 95, 216

governance 1, 5, 68–70, 126, 140, 145, 149, 
151–152, 163–164, 179, 182, 186–188, 
204 

government 8, 68, 73–74, 82–84, 121, 124–
126, 131, 139, 152, 156–157, 159–160, 
164, 173, 175, 178–180, 185, 187–188

Górska, Anna M. xi, 4
GPT-4 140, 158, 197
Gray Widdler, David 123
Grenier, Étienne 4, 9
Guenduez, Ali A. 125

Halpern, Orit 142
Hamida, Norsiah A. 114
Hangzhou 180
Hanna, Alex 125
Harari, Yuval Noah 127
hardware 22, 74, 158, 195–196, 198
Hargittai, Eszter 194
Harrison, George 99
Helsper, Ellen 198
Hesmondhalg, David i
Hine, Emmie 6
He, Baohang xiii, 4, 9
health 45–46, 74, 77, 84, 110, 122, 125, 

132, 193, 195
healthcare 44–51



230  Index 

Hezbollah 67
Hinton, Geoffrey 145
Hofer, Johannes 92–93
Hoffman, Judy 216
Hong, Soonkwan 91
HotPot 217, 220–221
Hristova, Stefka 91
Huawei 161–162, 204
HugginFace 217, 220–221
human 1, 3–7, 12, 17, 19, 21, 24–25, 

27–33, 39–41, 43–44, 50–52, 57–63, 
65–69, 73–74, 76–77, 79–81, 91–92, 94, 
109, 112–117, 122, 124–131, 133, 139, 
141–142, 144–145, 147–149, 151, 155, 
163, 173, 175–177, 183, 187, 201–203, 
211, 213, 216–220

Human-Machine Communication (HMC) 
112–113, 115; human-robot 109

Hungary xi, 2
Hunyuan 162
Hypnogram 217, 219

IBM 158, 216
identity 48–49, 65, 81–82, 93, 101, 148, 

217, 222
iFlytek 161
ImageNet 141, 215
India 67, 81–83, 132, 158
Indonesia 132
information 1, 9, 11, 18, 22–23, 28, 42–43, 

47, 57, 59, 61–62, 64–65, 67, 77, 81, 96, 
105, 107, 110, 115–117, 122, 124–125, 
127, 139, 146, 152, 160, 165–166, 
169–170, 173, 175, 177–180, 182–188, 
193–194, 198, 205, 212l; dis- xii, 70, 84, 
108, 110–111, 116, 117; mal- 105, 117; 
mis- 83, 105, 115 

infrastructure 10, 17, 21–22, 41, 46, 65, 
73–79, 81–84, 113, 121–122, 128, 151, 
160, 196–198, 202, 204–205

Instagram 78
Institute of Electrical and Electronics 

Engineers 108
interdisciplinary i, ii, 4, 51, 91, 114–115
interrelationship 19, 28–29, 32–33
Israel 67–68, 132, 158

Jackson, Peter 99
Jacobsen, Benjamin 95
Jacobsen, Michael Hviid 91, 100–101
Jameson, Fredric 93
Japan 132
Javorsky, Emilia 147
Jemielniak, Dariusz xii, 4, 10

Jiang, Shian 113
journalism xiii, 8, 105–117, 198

Kant, Immanuel 58
Katona, Attila 107–108
Kempelen, Wolfgang 124
Keras 3
Klein, Ortega 5–6
Kidd, Jenny 92, 98
Knorr Cetina, Kaira 27
knowledge iii, 1–2, 4–5, 24, 31, 40, 48–50, 

52, 59, 74, 76, 80, 91, 113–114, 124, 
131–132, 140, 175, 177–180, 183, 186–
187, 194, 198, 200

Kong, Youjin 223
Korean Go 3
Kuai, Joanne 114

Land, Nick 144
large language models (LLM) 3, 9, 125, 

127, 140–142, 148–149, 156–158, 
161–162, 169, 170, 193, 197, 200–201, 
203–204

Large Visual Models (LVM) 3
Latour, Bruno 17, 23
Lecun, Yan 145
Lennon, John 98–99
LinkedIn 194, 199–200
Liu, Zheng xii, 6, 9, 223
London 99
Lutz, Christoph xii, 4, 10
Lyngstad, Anni-Frid 99
Lyotard, Jean-François 1, 4, 11

machine learning (ML) 1, 3, 9, 19, 21, 
24, 26–27, 39, 44, 47, 50, 58, 61–64, 
66–67, 74, 99, 122, 139, 141–142, 151, 
156–157, 174, 184, 196–197, 203–204, 
215–216

MacKenzie, Donald 27, 33
Makhortykh, Mykola 217
Mansell, Robin 165
Marody, Mirosława 47
Marres, Noortje i
Marx, Karl 164
Maslej, Nestor 159
MathGPT 162
McAvoy, Nieto 98
McCartney, Paul 98–99
McGilchirst, Ian 75
McMillan-Major, Angelina 122, 127
media ii, xi, xiii–xiv, 8, 74, 80, 93, 96, 101, 

106, 113–115, 117, 121, 124, 127, 133, 
140, 145, 164–166, 194; digital 105, 



Index   231

168; fake 109; industry 93, 164–165, 
167; landscape 109–110, 115, 168; 
new xiii, 5, 106, 110, 113, 114, 165; 
regulation 110; social xi–xii, 2, 8, 18, 
22, 26–27, 31, 43, 69, 74–78, 91, 95, 
100, 105–106, 109, 110, 115, 124, 128, 
193–194, 200, 204; social-fake-news 
115, state-owned 114

media and communication studies 2, 8, 
106, 108, 115, 164–166

media environment 105–106; high-choice 
106; news 106; platform-dominated 110

Meijer, Albert 173, 175
Meimaridis, Melina 97
Mendon-Plasek, Aaron 141
Merton, Robert 145
Meta 83, 157–158, 168, 203–204
Mettler, Tobias 125
Microsoft 83, 117, 126, 134, 157–158, 168, 

200, 204, 216
Middle East 113, 164
Midjourney 217, 219
military 1, 3, 6, 67–68, 72–73, 78–79, 126
Mill, John Stuart 58
MiniMax 162
Minsky, Marvin 157
Mitchel, Margaret 127, 139, 147
ModelBest 157
modern 7, 23, 58–61, 80, 95–97, 105, 132, 

148, 150, 160, 173 
Moonshot AI 157
Morgenstern, Jamie 216
MOSS 162
Musk, Elon 72, 78, 127, 145

National Artificial Intelligence Research 
and Development Strategic Plan 
(NSTC) 156–157

Negroponte, Nicholas 20
Netflix 97
Netherlands 173
network 3, 18, 20–21, 23, 39, 43, 47–48, 

57, 62, 65, 73–74, 76, 78, 82–84, 
105–107, 109–110, 114, 121, 140, 144, 
150–151, 163, 167–168, 197, 200, 204

Neuberger, Christoph 106
NeuralBlender 217, 220
new technology 1, 5–6, 27, 58, 73, 92, 128, 

133, 183, 202
news 68, 82, 95, 105–107, 110, 112–115, 

194–195; fake 8, 107, 109–110, 112; 
organisations 106, 113

Ng, Jenna 99
Ninno, Domenico 23

Noble, Safiya U. 212, 216
North America 164
Norway xii, 2
nostalgia 8, 91–94, 96–101
Nowotny, Helga 62–63
NRS (news recommender systems) 106
Nvidia 83, 158
Nyiri, Kristof 84

O’Hara, Kieron xiii, 4, 7–8
Ono, Yoko 98
OpenAI 12, 83, 117, 124–125, 158, 160
Oracle 126

Pallister, Kathryn 92, 96–97
Palouri, Manohar 95
Pangu 162
Parisi, Luciana 147
Parshakov, Petr 204
PDI (personal digital infrastructures) 196, 

198
Pfetsch, Barbara 105, 107
Pierson, Jo i
Pisano, Valérie 146
Piwowar, Kuba xiii, 3, 8
philosophy 2, 5, 58, 63, 77–78, 112, 140
platform 7, 18, 22, 27, 31, 67, 76–77, 91, 

95–97, 100, 106, 110, 113, 141, 167, 
179–182, 184–185, 187–188, 194, 196, 
200–201, 203, 215; platformisation 113

Plato 80
Poland 2, 101, 124
polarisation 105, 107
political science 2, 5, 91
populism 84, 94
postmodern 1, 12
power ii, 1, 3, 5–7, 9–10, 21, 39, 42, 48, 

50–52, 59, 61, 63, 66–67, 69, 73–74, 
78–79, 81–82, 99, 113, 121–125, 127, 
129–130, 139, 144–145, 147–148, 151, 
155, 158, 163–166, 168–169, 175, 177–
178, 182, 184, 186–187, 195, 197–199, 
201–203, 214–216

prediction 9–10, 30–32, 45, 61, 63–64, 75, 
91, 97, 106, 139, 142–143, 150, 174, 
176–177, 181, 183–184

privacy xii, 6, 44, 46, 50, 69, 82, 114, 121, 
124, 129–130, 160

Project Maven 126
psychology 5, 41, 63, 77, 91
public policy 5, 123
public sphere xiv, 105, 115–117, 133; 

illiberal 105; networked 107; post- 107
Putnam, Hilary 80



232  Index 

Python 3, 223
Przegalińska, Aleksandra i

Qianwen 162
Qianzhan Industry Research Institute 160

Reckwitz, Andreas 41–43, 46, 51
Reese, Stephen 107
Republic of Korea (South Korea) 68, 82
research 3–6, 8–10, 41–42, 46, 50, 83, 

91–92, 98, 101, 106–110, 112, 114–117, 
121, 123–124, 127–130, 132, 134, 147, 
150, 152, 155–163, 165–170, 174, 
193–194, 198–205, 211, 213, 216–218, 
221, 223

retromania 96, 100
Reynolds, Simon 96
right 6, 28, 75, 80, 108, 146, 155, 167, 197, 

203
Riri Xin 162
Roberge, Jonathan xiii, 4, 9, 141,  

144, 151
Roberts, Huw 6
robot xii, 27–28, 39, 62, 68, 109, 123–124, 

130–131
Routledge, Clay 93
Ruhleder, Karen 21
Russia 67–68, 70, 79, 82–83, 204

Saramago, José 81
Schatzki, Theodor 41–44, 47–48
Schlesinger, Philip 107
Scopus 107–108, 110
Sedol, Lee 3
SenseTime 161–162
Seyfert, Robert xiii, 4, 6–7, 33
Shafer, Steven 194
Shanghai 160, 162
Shenzhen xiv, 181–182
Shmitchell, Shmargaret 122
Shusheng 162
Signoret, Simone 92, 94
Silicon Valley 72, 84, 124, 132, 157 
Simondon, Gilbert 19, 21, 28
Slack, Jennifer D. 91
Smith, Adam 164
Snapchat 95
social media 2, 8, 18, 22, 26–27, 31, 43, 69, 

74–76, 78, 91, 95, 100, 106, 109, 115, 
124, 128, 193, 194, 200, 204; relations 
6, 17–21, 24–25, 29, 32–33, 51, 58, 64, 
164; science 2, 5, 12, 51, 91–92, 94, 
107–109, 114, 139, 205

Social Science Research Network 108

sociology 2, 5, 9, 17–19, 25, 27, 30, 32–33, 
39, 41, 91, 93, 115, 155, 169, 193–194

Soviet (Soviet Union) 67, 73
South China Sea 67
Spinoza, Benedictus de 30
Star, Susan L. 21
Starr, Ringo 99
StarryAI 217, 219
startup 9, 83, 157–158, 204
Steinhoff, James 165
STEM (science, technology, engineering, 

and mathematics) 5, 10, 33, 158–159
STS (science and technology studies) 169, 

212, 214
surveillance iii, V, 6, 12, 23, 66–67, 69, 73, 

76, 79, 82, 110, 124, 129, 131, 174, 193, 
197, 201, 205

Sweden 132
Swidler, Ann 41–43, 45
Swiss 92–93

Taiwan 82
Tanner, Gafton 99–100
TaS (A Theory of Algorithmic Sociality) 6, 

17–25, 27–28, 32–33
technology 1–3, 5–10, 18–19, 25, 27, 

42–43, 45, 49, 57–58, 60–62, 64–65, 
67–68, 72–73, 78–79, 82–83, 91–93, 95, 
98–100, 105–107, 115–116, 121–133, 
151, 155–158, 160–163, 165–168, 170, 
173, 175, 179, 183–185, 187, 193–205, 
211–216, 222–223

Technology of China 157
Tegmark, Max 147
Tencent 84, 132, 161–162, 168, 204
Thailand 132
The Beatels 98–99
Timnit, Gebru 122, 127
Tongyi 162
Totaro, Paolo 23
transdisciplinary iv, 5, 8, 105, 108, 110, 

113, 115 
transparency 44, 84, 110, 122, 126, 134, 

178, 183, 197, 201, 213

Uber 83, 200–201, 204
UK (United Kingdom, Great Britain, 

Britain) 2, 67, 158, 164, 173
Ukraine 70, 79, 82, 110
Ulvaeus, Björn 99
UNESCO 146–147 
Unified Payment Interface 82
Urban Governance Command Center 182, 

186



Index   233

US Census Bureau 215
USA (US, United State) 5–6, 9, 67–68, 

83–84, 101, 114, 122, 126–128, 132, 
156–158, 163, 168–169, 202–203, 215, 
221–223

User Experience (UX) 45, 49–50

Valley, Silicon 72, 84, 124, 132, 157
Van Dijk, Jean 193
van Noort, Carolijn i
Varoufakis, Yanis 72, 76
Veale, Michael 91, 176
Verdegem, Pieter 165–166
Veugeler, Reinhilde 203
VHS 97
Vogl, Thomas M. 173, 175

Watkins, Leo 204
weapon 67–68
Web of Science 107
Wenger, Etienne 48, 50–51
Wenxin Yiyan 162 
West, Sarah 123

WeWork’s IPO 83
Whittaker, Meredith 123
Wilson, Janelle 96, 216
Winiarska-Brodowska, Malgorzata xiii,  

5, 8
Wombo 217, 220–221
Woolgar, Stevie 41
World Economic Forum 68
World War 78
World Wide Web 73, 81
Wozniak, Steve 127
Wu Jinjin xiii
Xiaomi 168
Xiecheng Wendao 162
Xinghuo 162

Yi 162
Yuan 162

Zhipu AI (Zhipu Qingyan) 157, 161–162
Zidong Taichu 162
Zuboff, Shoshana 106
Zuckerberg, Mark 7


	Cover
	Endorsements
	Half Title
	Series Page
	Title Page
	Copyright Page
	Contents
	List of Figures and Tables
	Notes on Contributors
	Acknowledgements
	Theorising the Algorithmic Condition: Challenges, Strategies, and Perspectives
	PART I: The Algorithmic Revolution: New Theoretical Frameworks
	1. A Theory of Algorithmic Sociality (TaS)
	2. Theorising Artificial Intelligence as Practice

	PART II: Algorithms, Artificial Intelligence, and the Theories of Modernity
	3. Images of Algorithmic Modernity: Agency and Autonomy in the Age of Predictive Analytics
	4. Zuckerberg’s Cave: Smartness and Discipline in Digital Modernity

	PART III: Theory, Culture, and Society in the Algorithmic Condition
	5. Algorithmic Nostalgia: Longing for the Past in the Age of Artificial Intelligence
	6. Socio-cultural Artificial Intelligence (SCAI) and Journalism: A Transdisciplinary Perspective in Media and Communication Studies
	7. Narrating AI Stories: Selected Strategies

	PART IV: Theorising AI-Driven Power and Politics
	8. If (world2vec) Then vec2politics: On Machine Learning and the Performativity of Recursive Power
	9. Generative AI, Big Tech and the Value of Political Economy Analysis for the Sociology of Artificial Intelligence
	10. Four Models of Algorithmic Bureaucracy in China

	PART V: Critical Theory of Artificial Intelligence
	11. Social Inequalities and Artificial Intelligence: How Digital Inequality Scholarship Enhances Our Understanding
	12. AI Racial Bias: How Text-to-Image Artificial Intelligence Generators Construct Prestigious Professions

	Index



