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Abstract
Drawing on the analytic of the “colonial matrix of power” developed by Aníbal Qui-
jano within the Latin American modernity/coloniality research program, this arti-
cle theorises how a system of coloniality underpins the structuring logic of artifi-
cial intelligence (AI) systems. We develop a framework for critiquing the regimes 
of global labour exploitation and knowledge extraction that are rendered invisible 
through discourses of the purported universality and objectivity of AI. ​​Through 
bringing the political economy literature on AI production into conversation with 
scholarly work on decolonial AI and the modernity/coloniality research program, 
we advance three main arguments. First, the global economic and political power 
imbalances in AI production are inextricably linked to the continuities of historical 
colonialism, constituting the colonial supply chain of AI. Second, this is produced 
through an international division of digital labour that extracts value from majority 
world labour for the benefit of Western technology companies. Third, this perpetu-
ates hegemonic knowledge production through Western values and knowledge that 
marginalises non-Western alternatives within AI’s production and limits the possi-
bilities for decolonising AI. By locating the production of AI systems within the 
colonial matrix of power, we contribute to critical and decolonial literature on the 
legacies of colonialism in AI and the hierarchies of power and extraction that shape 
the development of AI today.
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1  Introduction

The capability of artificial intelligence (AI) systems has undergone remarkable 
progress over the past decade, driven by increased computing power and algorith-
mic advances that enable ever-larger datasets to be fed into large-scale models. 
Advancements in a subset of AI research called machine learning (ML) has scaled 
up computational capabilities such as pattern recognition, text and image analysis 
and generation with broad applications for predictive analytics, automated decision-
making systems and assistive technologies (Clutton-Brock et  al., 2021; Kaplan & 
Haenlein, 2020; Vinuesa et al., 2020). These models, such as OpenAI’s GPT-4 and 
Google’s Bard are commonly referred to as large-scale AI models, although they 
are also referred to as “foundation models,” recognising their huge underlying pre-
training datasets and flexibility to be fine-tuned for a broad range of tasks (Centre for 
Research on Foundation Models, 2023).

Scholarship on the harms of AI systems focuses on a number of broad domains 
across the social and computational sciences. First, issues of bias and fairness 
within algorithmic inputs (data) and outputs (predictions) have been the focus of 
both social scientists such as Benjamin (2019) and Noble (2018) as well as com-
puter scientists and sociotechnical scholars such as Buolamwini and Gebru (2018). 
Second, there is increasing attention on the social and environmental impacts of the 
AI supply chain; from the exploitative dynamics of AI data work (e.g. data annota-
tion and evaluation) to the environmental consequences of AI associated with the 
water, energy and rare minerals required to power compute and produce the hard-
ware underpinning AI development and its downstream applications (Bender et al., 
2021; Crawford, 2021; Dauvergne, 2022; Robbins & Wynsberghe, 2022). Third, 
burgeoning scholarship argues that the economic and political power wielded by 
Western, often American, technology companies have disproportionate impacts on 
majority world economies that mirror and extend the extractive dynamics of his-
torical colonialism (Adams, 2021; Birhane, 2020; Kwet, 2019a, b; Ricaurte, 2019).1 
This article adds to the emerging intersection of AI harms and theories of data and 
digital colonialism by drawing theoretical links between Aníbal Quijano’s “colonial 
matrix of power” within the modernity/coloniality research program and literature 
on the political economy of AI production (Quijano, 2007). We locate the extractive 
dynamics of AI in the colonial matrix of power on two levels considering both mate-
rial harms manifested through the deployment of AI technologies and the discursive 
harms perpetuated by the imaginaries of AI developers and the broader AI industry.

In order to interrogate AI’s position in the colonial matrix of power we focus on a 
sub-field of AI referred to as machine learning (ML), which uses statistics and probabil-
ity to learn from large datasets, making predictions on new or unseen data (Mittelstadt 
et al., 2016). Machine learning encompasses a variety of methodologies that address 
different problems. For example, deep learning, a type of ML based on multi-layer 

1  Following Ricaurte (2022) we use the term ‘majority world’ (coined by Bangladeshi photojournal-
ist Shahidul Alam) to refer to countries where most of the global population resides and explicitly in 
acknowledgement of historical and ongoing colonisation.
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neural networks has enabled breakthroughs in natural language processing and multi-
modal perception capabilities which underpin digital technologies such as social media 
recommender algorithms, chatbots and assistants, skin cancer detection and autono-
mous vehicles. Contemporary deep learning can be applied to both supervised tasks 
(requiring labelled data, often outsourced by companies to low-paid data workers) 
and unsupervised tasks which require large quantities of training data (often scraped 
from the web without consent or generated by data workers through AI data platforms) 
(McQuillan, 2022). The resources required to research, develop and deploy AI tech-
nologies are largely concentrated in the hands of Western technology companies. Such 
companies have the financial capital to attract highly skilled labour and ensure access 
to both proprietary datasets and computing infrastructure such as Graphics Processing 
Units (GPUs) (Srnicek, 2022). Through engaging with critical and decolonial thought, 
we also recognise our positionality as Australian and UK institutionalised researchers 
whose life experiences and education have been shaped by the colonial structures that 
uphold Western epistemologies. We approach this research with sensitivity and humil-
ity, acknowledging that our perspectives are inevitably influenced by our own social, 
cultural and epistemological standpoints.

We address a number of exploratory research questions: which aspects of AI 
production reinforce extractive social, economic and political dynamics within the 
colonial matrix of power? How do historical Western imaginaries of modernity and 
technological progress shape the material and knowledge production of current AI 
development? How do these link to existing scholarship on AI harms and what are 
the possibilities of exploring alternative models to the current paradigm of AI devel-
opment? We expand on three ways that AI can be located within the colonial matrix 
of power. First, we discuss the colonial supply chain of AI, demonstrating how AI’s 
production reinforces the legacies of historical colonialism evidenced in global eco-
nomic and political power imbalances. Second, AI is produced through an interna-
tional division of digital labour that extracts value from the labour of workers in the 
majority world, generating profits for Western technology companies. The labour 
distribution of AI work across the globe concentrates the most stable, well-paid and 
desirable jobs located in key technology hubs in the West and the most precarious, 
low-paid and dangerous work exported to workers in the majority world. Third, AI 
perpetuates hegemonic knowledge production through the discursive and material 
enactments of AI’s purported universality and rationality that perpetuates a frame 
of Western-centrism that marginalises non-Western alternatives and possibilities for 
decolonising AI. We conclude by highlighting the social and political consequences 
of AI production in the colonial matrix of power and point towards the work of 
scholars and activists who are exploring alternatives to the current world-system 
within which AI is built.

2 � The Colonial Matrix of Power

Historical colonialism denotes the practice of domination over a people and 
its culture and the appropriation of its wealth, labour and natural environment. 
While many former colonies of Western nations have gained formal independence 
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through political decolonisation, global inequalities of wealth and power from 
colonialism still endure. Maldonado-Torres (2007, 243) defines “coloniality” as 
the “long-standing patterns of power that emerged as a result of colonialism, but 
that define culture, labour, intersubjective relations, and knowledge production 
well beyond the strict limits of colonial administrations.” The modernity/coloni-
ality research program emerged from the writings of diasporic scholars from the 
Andean region of Latin America whose communities were impacted by European 
colonisation. Scholars were influenced by the American Subaltern Studies group 
in the 1990s, an intellectual community who engaged with the subalternised 
knowledge systems of indigenous communities and other groups oppressed by 
colonisation. Quijano ( 2000, 2007), Lugones (2016) and Mignolo (2012) among 
others, have contributed to the critical understanding the inextricable relation-
ship between colonialism and modernity and the associated imposition of Euro-
pean cultural, social and epistemological frameworks (see Globalisation and the 
Decolonial Option edited by Walter Mignolo and Arturo Escobar for an extensive 
overview of the analytic of modernity/coloniality). The modernity/coloniality 
research program argues for a new understanding of modernity that challenges 
the origin of and universality of European modernity and associated social, cul-
tural and epistemological norms; instead, focusing on modernity’s relationship 
with colonisation and the capitalist world-system.

Quijano (2007) conceptualised the colonial matrix of power (“patron de poder 
colonial”) to describe the current world-systems entanglement with historical 
colonialism. The colonial matrix of power is an organising principle involving 
exploitation and domination across four interrelated domains: “control of econ-
omy (land appropriation, exploitation of labour, control of natural resources); 
control of authority (institution, army); control of gender and sexuality (fam-
ily, education) and control of subjectivity and knowledge (epistemology, educa-
tion and formation of subjectivity).” (Mignolo, 2007, 156). Although we draw 
on all four domains in our analysis, the article focuses on the control of econ-
omy (namely labour and resources) and the control of subjectivity and knowl-
edge. Quijano (1993) argues that within the matrix, these domains are naturalised 
around the colonial articulations of “objective” and “scientific” notions of race 
and racial classifications. These categories underpin the racial division of labour, 
resources and capital that constitute one of the most visible organising principles 
structuring modern societies.

The exercise of economic dominion over both labour and resources is closely 
intertwined with the ideological construct of European technological preeminence 
used to justify European colonialism. European colonisers imposed authority in sci-
ence, culture and societal administration while communities from Africa and Asia 
were expected to acculturate and obey while providing labour to the colonial project 
(Adas, 1989). Quijano (2016) links the manipulation and control of technological 
resources by colonial powers to the analytic of modernity/coloniality. He argues that 
technologies of communication and transport were used to instrumentalise the supe-
riority of European modernity, which were mutually constitutive with the violence 
of colonialism. This highlights the important fact that the colonial legacy of West-
ern dominance, in terms of both modernity and technological progress, continues 
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the legacy of colonial domination despite the elimination of political colonialism in 
many areas of the world (Quijano, 2007).

The modernity/coloniality analytic emphasises that the imaginaries and episte-
mologies of AI development are inextricably predicated upon rationality and uni-
versality and are not divorced from coloniality. Indeed scholars of sociotechnical 
imaginaries and feminist science and technology studies remind us that technology 
is co-created by the social, cultural and political environment around it (Jasanoff, 
2004). In the case of algorithmic technologies, these are modelled on visions of the 
social world, with their outcomes influenced by the agendas of corporate and politi-
cal elites who stand to gain from the economic and political changes engendered by 
the deployment of these technologies (Beer, 2017).

The modernity/coloniality analytic seeks to critically examine the logics of colo-
nialism with respect to both the economy, but also knowledge and cultural produc-
tion. This was closely tied to the hierarchical paradigm of European rationality as 
a universal form of knowledge – rendering Europeans as rational “subjects” while 
others were merely “objects of knowledge of domination practices” (Quijano, 2007, 
174). This served the epistemological authority for the destruction of language 
and cultural practices during colonial rule. The epistemologies of technology are 
also influenced by the colonial matrix of power; local technologies were viewed as 
primitive and traditional (Quijano, 2007). The continuity of this logic can be traced 
to the post-war discourses about international development, led by Western institu-
tions such as the World Bank, that infantilised non-Western and local knowledge 
and technology in favour of unilaterally imposing Western development practices 
(Escobar, 2007).

This dynamic is also evidenced in the epistemology of academic disciplines such 
as anthropology that have perpetuated the subjugation of non-Western knowledge 
and culture, long after former colonies gained independence. We argue that these 
logics can be traced throughout the development and deployment of AI technolo-
gies, from Big Tech’s concentrated ownership of AI’s intellectual property and com-
puting infrastructures, to the export of technologies and their embedded values into 
the majority world. It is through these exercises of power that a Western mode of 
knowing has been constituted and reinforced as the dominant imaginary about AI 
which is tightly bound to a story of modern growth and progress. However, as the 
colonial matrix of power analytic elucidates, the vestiges of colonialism persist and 
necessitate a de-linking from narrow ways of thinking about colonial relations in 
order to accomplish the unfinished and incomplete dream of decolonisation.

3 � Decolonial Perspectives on Data and Technology

Emerging scholarship from the social sciences, across platform studies, critical data 
studies and media studies, trace the legacies of colonialism in digital technologies 
and their data infrastructures. These can broadly be parsed into digital colonialism, 
data colonialism, and decolonial approaches to technology and AI development. The 
study of “digital colonialism” emerged as a theoretical lens for analysing how the 
flow of data, technology and value, usually from wealthy Western economies to the 
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majority world, reinforce colonial legacies and new forms of economic and political 
domination. Theorists trace how technology companies exercise new forms of con-
trol over the majority world through manufactured dependence on their digital tools 
and platforms, subjecting populations to new forms of surveillance and data extrac-
tion (Avila, 2020; Casati, 2013; Coleman, 2018; Kwet, 2019b). Avila (2018, 2020) 
shows that major technology companies in the US seek to obtain control over criti-
cal infrastructure in order to gain access to data produced by the majority world. She 
defines digital colonialism as “the deployment of imperial power over a vast num-
ber of people, which takes the form of rules, designs, languages, cultures and belief 
systems serving the interests of dominant powers” (Avila, 2020, 1). Avila (2020) 
asserts it is not states but “technology empires” that hold the dominant positions 
through their control of “digital infrastructures, data and the ownership of computa-
tional power” in addition to solidifying their power through favourable global trade 
agreements.

Kwet (2019b) has described digital colonialism as a “structural form of domi-
nation” which technology companies, and particularly Big Tech, exercise through 
“three core pillars of the digital ecosystem: software, hardware, and network con-
nectivity.” Kwet argues this is a neo-colonial form of “imperial control,” particu-
larly due to the integration of the surveillance apparatuses of corporations into the 
intelligence services of the US state and the dominance of a Silicon Valley ideol-
ogy across the globe. Kwet (2019a) highlights the relationship between Government 
elites and Big Tech in South Africa, citing the example of Operation Phakisa Educa-
tion, a failed education reform attempt from the South African government aiming 
to “leverage ICTs to improve basic education.” He argues that Big Tech investment 
in majority world classrooms, through programs like Microsoft Partners in Learn-
ing and Google Classroom, create infrastructure dependencies amongst youth while 
biassing local tech ecosystems towards Big Tech. This is also evidenced through 
Big Tech’s provision of free internet via platforms like Facebook which centralise 
Facebook’s control over communications and news, and drains local advertising rev-
enues. In both examples, the historical mechanisms of surveillance capitalism are 
perpetuated, extending the use of colonial patterns of racialised extraction and dom-
ination through to the ongoing policing of Black bodies. Abeba (2020) illustrates 
how the ‘algorithmic colonisation of Africa’ imposes Western values onto locales 
while impoverishing local tech development, citing that Nigeria imports 90% of all 
software used in the country. In a similar vein, but from a legal perspective, Cole-
man (2018) analyses how data protection laws and regulations are often absent in 
African countries which has given rise to a modern day “scramble for Africa” in 
which tech companies offer purportedly “free” and altruistic services in order to har-
ness the power of users’ data for profit. In each of these cases, the authors argue that 
issues of power and technology cannot be discussed without attention to local con-
text, history and the values embedded in technologies. This research agenda is wide 
reaching and lays the groundwork for this article to further systematise these ideas 
and to integrate a political economy perspective of the production of AI.

Scholars have focused on the extractive dynamics of data collection in digital 
platforms, forming discourses around “data colonialism”, which Couldry and Mejias 
(2019) define as human life being captured and controlled through the appropriation 
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of data extracted by social media platforms for profit. Contrary to theorists who 
describe the business models of surveillance tech companies as a radical break from 
pre-existing capitalism (Zuboff, 2019), Couldry and Mejias (2019) argue these latest 
developments are an extension and intensification of colonialism and capitalism’s 
drive to commodify human life for profit. What is distinctive about their theory is 
not only that they explicitly frame their critique within capitalism’s long standing 
relationship to colonialism, but they understand contemporary data practices as a 
“new form of colonialism” for the twenty-first century, represented by new indus-
tries devoted to the capture and storage of personal data. Unlike previous uses of the 
term by Thatcher et al. (2016), Couldry and Mejias (2019) do not focus on the West-
ern imposition of free digital infrastructure to the majority world. Rather, “social life 
all over the globe becomes an ‘open’ resource for extraction that is somehow ‘just 
there’ for capital” (Couldry & Mejias, 2019, 337). Tech elites in the US and China 
are the main beneficiaries of this new regime, while “North–South, East–West 
divisions no longer matter in the same way.” For Couldry and Mejias (2019), this 
emerging framework sets the stage for a new phase of capitalism characterised by 
the capitalisation of life without limits.

Mumford (2022) raises the important concern that some of the key decolonial 
insights raised by decolonial scholars such as Anibal Quijano, Walter Mignolo, Nel-
son Maldonado-Torres and others do not appear as central concerns within theories 
of data colonialism. This includes their critique of the false universality of Euro-
pean knowledge and the ways in which the colonial project marginalises non-West-
ern ways of understanding the world. Mumford (2022) asserts that data colonialism 
therefore shies away from addressing some of the modernity/coloniality research 
program’s primary concerns, around the imposed centrality and objectivity of Euro-
pean superiority used to legitimise the conquest and destruction of other ways of 
knowing and being. The focus of data colonialism is on describing an extractive 
rationality inherent in new business models and showing how new forms of value 
are produced through data relations. In this research, we seek to centre critiques of 
Western centrality in social, cultural and epistemological frameworks used to ana-
lyse AI, by drawing from the modernity/coloniality school to locate AI within the 
colonial matrix of power.

The paradigms of digital colonialism and data colonialism have a shared concern 
for the continuing effects of colonialism on asymmetries of power within global 
capitalism. These dynamics are magnified by the technical properties of AI tech-
nologies that rely on processes of extraction. Here we turn to theories of ‘extraction’ 
and ‘extractivism’ that have typically focused on the exploitative logics of resource 
extraction in global capitalism such as raw mineral mining and plantations. How-
ever, the extractive dimensions of global digital capital, enabled by AI technolo-
gies, extend beyond the material and territorial (Mezzadro & Nielson, 2017; Gago 
& Mezzadra, 2017). For example, Ricaurte (2019) argues that AI technologies rely 
on the extraction of data, on which information and knowledge are created. Colonial 
hierarchies are perpetuated through asymmetric flows of data extractivism which 
concentrate data and therefore value in wealthy Western countries (Thatcher et al., 
2016). Pasquinelli and Joler (2021) argue that the technical components of machine 
learning are instruments of knowledge extractivism derived from social, cultural and 
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scientific labour. Unlike other digital technologies, the current paradigm of machine 
learning focuses on improved performance through scale, which has increased 
demand for human generated images, text and videos. They argue that processes of 
pattern extraction, recognition and generation that characterise machine learning 
are designed to extract “analytical intelligence.” Data is extracted through trawl-
ing the web, collecting user data from the digital platforms in which algorithms are 
embedded and through the often low-paid and precarious labour of AI data anno-
tation (Bender et al., 2021). These examples of extractive regimes imposed by the 
developers of and technical capabilities of AI can be considered sites of ‘algorith-
mic coloniality,’ which researchers suggest are also discursively wielded in technol-
ogy companies, international development organisations and within the broader AI 
governance discussions (Mohamed et al., 2020; Png, 2022). Scholars have explic-
itly argued for the need to apply decolonial perspectives to ensure that AI harms 
are discussed within the historical context of colonialism and its continuities. These 
examples highlight the plurality of extractive dynamics in AI production; from the 
extraction of data and therefore value from globally distributed AI data works to 
the algorithmic tracking and surveillance of daily life as described by Couldry and 
Mejias (2019). Returning to the lens of the colonial matrix of power, the extractive 
dynamics of AI production reinforce global power asymmetries.

4 � The Colonial Supply Chain of AI

Technology companies frame AI technologies as tools for increasing human and 
technical productivity, with promises of creating an environmentally friendly and 
efficient global economy (Dauvergne, 2022; Nost & Colven, 2022). Crawford (2021, 
48) reminds us that corporate narratives of AI are often completely abstracted from 
the physical reality of its operation, “[l]ike running an image search of ‘AI,’ which 
returns dozens of pictures of glowing brains and blue-tinted binary code floating in 
space, there is a powerful resistance to engaging with the materialities of these tech-
nologies.” Crawford and Joler’s (2018) project Anatomy of an AI system captures the 
planetary reach of AI’s vast supply chain of human labour, data, algorithmic pro-
cessing and resource extraction. The decolonial lens looks beyond this immaterial 
depiction of AI and draws attention to its material infrastructure, ongoing energy 
consumption, complex geopolitics and the long histories that underpin them (Png, 
2022). Through analysis of the connections within multi-layered supply chains, we 
uncover how the global relationships of labour exploitation and knowledge extrac-
tion in the AI supply chain are actively enabled by the continuities of historical 
colonialism.

There is a growing critical literature on AI production that analyses the prove-
nance of its datasets and the human work involved in its production (Brevini, 2020; 
Newlands, 2021; Tubaro et al., 2020). Kemper and Kolkman (2019) speak of a “data 
value chain,” while Newlands (2021) offers the framing of “dataset supply chains.” 
Many of the current discussions of the value chain and production of AI begin with 
the process of data collection and gathering as the first site of inquiry (Bechmann 
& Bowker, 2019; Miceli & Posada, 2022; Tubaro et al., 2020). Tubaro et al. (2020) 
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describe the necessary processes of data collection, data cleaning, model training 
and evaluation, required to train and deploy machine learning models. We expand 
this framework through the concept of “the colonial supply chain of AI” to inter-
rogate the physical infrastructure of AI and the human and material resources 
necessary to power machine learning processes. In doing so, we respond to calls 
from the modernity/coloniality research program to engage with alternative narra-
tives “geared towards the search for a different logic” than uncritical celebrations of 
European rationality and progress (Mignolo, 2012, 22). From this perspective, the 
development of AI technologies should be understood as constituted by a colonial 
supply chain that relies on an unjust international division of digital labour and the 
longstanding material and epistemological subordination of countries in the major-
ity world from which resources are extracted and labour is exploited.

The dominant discourse on AI technologies consciously limits the visibility of 
machine learning models and applications are portrayed as environmentally friendly 
and contributing towards a cleaner future (Clutton-Brock et  al., 2021; Giuliano, 
2020). Critics have questioned this narrative with environmental concerns receiv-
ing increasing mainstream attention within AI policy circles – such as the Global 
Partnership on AI’s “A responsible AI Strategy for the Environment” and the OECD 
AI’s Working Group on Compute and Climate (OECD, 2022; OECD.AI, 2023). 
These discussions should also foreground the colonial history of these extractive 
practices which have important consequences for how they operate today (Clutton-
Brock et  al., 2021; Png, 2022). When it comes to the environmental costs of AI 
– both in terms of costs of production and waste outputs – the harms of these pro-
cesses are disproportionately shouldered by countries in the majority world while 
profits flow to wealthy Western economies (Dauvergne, 2022).

These environmental concerns begin with the observation that machine learn-
ing algorithms require a large amount of computational capacity to both store and 
process data which require servers and infrastructure. AI production also intensifies 
demand for rare earth elements which are used in the hardware necessary for power-
ing digital technologies that enable and rely on AI: computers, smart phones, data 
centres, undersea cables, insulation, optical fibres and fuel cells (Abraham, 2017; 
Dauvergne, 2022; Fei et al., 2019). This is driving a global mining boom for cobalt, 
lithium and coltan, among others (Bird et  al., 2020; Kiggins, 2015). Dauvergne 
(2022) notes that in the case of the metal tantalum, 60% of the world’s supply is 
extracted from Africa. Rising demand in Democratic Republic of Congo has had 
devastating environmental and social consequences from the pollution of water sys-
tems to the degradation of ecosystems. Open pit mining, such as in China’s Bayan-
Obo district, creates enormous lakes of toxic waste and can pollute groundwater and 
contaminate local surroundings (Ali, 2014).The environmental costs of widespread 
environmental degradation caused by AI’s supply chain are first and foremost car-
ried by communities in the majority world, including increases in mining industry 
violence against indigenous communities. These examples point towards the role of 
AI’s supply chain in the perpetuation of environmental degradation with human and 
ecological impacts on climate justice. Reflecting on Png’s (2022) calls for attention 
to the coloniality of power in AI governance, we aim to further elicit the social and 
ecological impacts of AI’s supply chain which arguably have not been sufficiently 
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interrogated within the modernity/coloniality research program (Coronil, 1997; 
Escobar, 2007).

From the 1990s onwards, demand from wealthy Western countries for technol-
ogy-related minerals created an enormous spike in mining in the Democratic Repub-
lic of Congo, Ethiopia, Mozambique, Rwanda, South Africa, and Zimbabwe (Fuchs, 
2014, 180). However, the climate crisis, the war in Ukraine and disruptions to global 
supply chains have led to a rise of resource nationalism in which European and 
North American governments have attempted to secure strategic resources for tech-
nological development by maximising what they can extract on their own soil and 
reducing their dependence on foreign suppliers (Valdivia, 2023). Some countries 
which have previously been sites of extraction have also made moves to nationalise 
their materials. For example, Chile has announced that it would nationalise all mines 
and Mexico has prevented private companies from mining its lithium (BNamericas, 
2023; Hurtado, 2022). This demonstrates how the geopolitics of mineral extraction 
continue to be shaped by historical and ongoing colonial patterns of exploitation and 
dependencies, even as “AI nationalism” has altered the way in which these resources 
are mined and traded (Hogarth, 2018).

Furthermore, even once established, the physical infrastructure of AI requires an 
enormous amount of energy to train machine learning models, including large quan-
tities of electricity and water usage (Brevini, 2020; Crawford, 2021). Some of the 
dramatic recent advances in machine learning have been the result of using more 
computational power in training, which requires greater levels of energy consump-
tion. The amount of compute used to train AI models necessarily increases every 
year as companies want to develop more powerful systems (Schwartz et al., 2020). 
However, this technical increase comes at a large environmental cost. It is difficult 
to estimate the total carbon footprint of the field of machine learning, and no exist-
ing articles provide a specific number (OECD, 2022). One of the most cited stud-
ies by Strubell et al. (2019) found that a single natural language processing model 
produced 660,000 pounds of emissions, amounting to as much as five cars over their 
lifetime. At an organisational level, Google has released figures which show that 
machine learning accounts for 15% of the company’s total energy consumption (Pat-
terson et al., 2022). The environmental costs of this technology are not distributed 
equally, with countries vulnerable to climate change related catastrophes most at risk 
(Bender et al., 2021; Westra & Lawson, 2001). Technological growth also increases 
the amount of e-waste the world produces, which is another cost disproportionately 
shouldered by the majority world. E-waste increased to 6.8 kg per capita in 2021, 
with long-term estimates predicting over 120 million metric tons of e-waste per year 
by 2050 (Dauvergne, 2022).

In summary, the production of AI systems requires a material and environmen-
tally costly infrastructure that is often ignored in mainstream accounts of its social 
and economic benefits. The AI supply chain relies on rare earth minerals from the 
majority of the world; the process of mining and assembling these minerals follows 
colonial patterns of uneven global trade in which those closest to the source of the 
minerals often obtain the least value from their extraction. The process of mining 
can be destructive, release pollutants and give rise to a host of other social and polit-
ical issues related to mining and selling resources. As we have demonstrated through 
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the emerging research on these harms, the human and ecological harms of these 
extractive processes fall disproportionately on communities in the majority world 
who are also excluded from both global climate and AI governance (Png, 2022). 
An analysis of the coloniality of the AI supply chain, which begins with its material 
infrastructure and concomitant environmental and human costs, must then turn to 
questions of data collection, cleaning and analysis, which is another key site where 
colonial legacies can be traced through the lens of the colonial matrix of power.

5 � An International Division of Digital Labour

Theorists from the modernity/coloniality school have analysed how Europe’s colo-
nisation of non-European geographies, particularly Latin America, resulted in a 
horrific and massive extermination of indigenous and local populations through the 
imposition of forced labour as an expendable labour force. This laid the foundations 
for the development of a world market through the creation of a new structure of 
control over labour and chains of commodity production (Mignolo, 2007; Quijano, 
2000, 535). An international division emerged between a core and periphery with 
workers in each region assigned different forms of labour with different modes of 
social, cultural and epistemic control (Mignolo, 2011, 18). Race was a central organ-
ising principle of this new division of labour as supposed differences in biological 
structures were used to justify the subordinate status of different racial groups and 
their respective social roles within colonial capitalism. Whiteness was associated 
with wages and powerful positions in colonial administrations, while other forms 
of labour such as slavery and serfdom were confined to non-White races (Quijano, 
2000, 535). This new “social geography of capitalism,” as Quijano (2000, 539) 
refers to it, ensures “the entire production of such a division of labour was articu-
lated in a chain of transference of value and profits whose control corresponded to 
Western Europe.” A system of wage labour eventually spread across many parts of 
the colonised world, but the division of labour and a hierarchy of roles in a global 
production chain remained in place (Quijano, 2000, 565). Quijano (2001) empha-
sises that the contemporary global distribution of resources and the hierarchies of 
labour and exploitation continue to follow relations of coloniality, despite the elimi-
nation of political colonialism in many geographies.

This division of labour is particularly pronounced in the technology and AI 
research and development industries with the majority of highly-paid software 
development jobs located in the wealthy Western countries while low paid and often 
precarious clerical, data entry, assembly and mining work is located in the majority 
world (Casilli, 2017; Fuchs, 2014; Irani, 2019). As we have seen, when it comes 
to resource extraction, there are certain components of AI systems that are mined 
under exploitative conditions of forced labour in countries including the Democratic 
Republic of Congo and China (Niarchos, 2021). These workers in extraction zones 
around the world often work in highly volatile conditions of exploitation and threats 
of violence, in which union-busting, poor working conditions and widespread pollu-
tion are the norm (Global Witness, 2022). While the extraction of minerals tends to 
take place in parts of Africa, China and Latin America, the refinement and assembly 
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of electronic components is more likely to occur in Asian countries such as Japan, 
Taiwan, and South Korea (Brodzicki, 2021). The final products are then shipped to 
consumer markets throughout Europe, North America and the rest of the world.

Aside from the physical infrastructure required to support AI systems, computa-
tional approaches such as machine learning are reliant on human work in the devel-
opment of datasets and in the ongoing training and execution of machine learning 
algorithms (Bechmann & Geoffrey, 2019). As Jones (2021) notes, “the magic of 
machine learning is the grind of data labelling.” Developing the datasets that are 
needed to train algorithms consists of a complex process involving both humans and 
machines working in close connection (Raisch & Krakowski, 2021). This is often 
referred to as microwork, “a form of work on digital platforms in which short tasks 
are assigned to workers, who are paid piece wages for completing them” (Jones & 
Muldoon, 2022: 5). Workers performing this type of work on platforms such as 
Amazon Mechanical Turk, Appen and Clickworker undertake a variety of tasks 
which can include consumer surveys, identifying photos, and coding data. Previous 
research on microwork has focussed predominantly on the position of workers rather 
than the connection between this work and the production of datasets for AI (New-
lands, 2021).

Tubaro and Casilli (2019) argue there is a structural demand for microwork in AI, 
which is unlikely to be merely a temporary phenomenon. It could be argued that as 
algorithms improve in quality they will no longer need human involvement in pre-
paring and training datasets and that they will grow better at labelling, tagging and 
categorising their own datafiles. Although AI can now solve tasks considered chal-
lenging five years ago, the kinds of problems that industry demands are solved by AI 
have grown more complicated. Companies purchasing AI services now demand cus-
tomised resources and have a wide variety of new tasks to perform from the devel-
opment of autonomous vehicles, to medical imaging and advanced analytics. Tubaro 
et al. (2020) show that “data preparation tasks represent over 80% of the time con-
sumed in most AI and machine learning projects, and that the market for third-party 
data labelling solutions is $150 M in 2018, growing to over $1B by 2023.” Moreo-
ver, human labour will also still be needed to verify and correct algorithms to ensure 
they are accurately performing tasks and that issues of bias and fairness, or factual-
ity of outputs are not diminishing overall performance. As Lilly Irani notes, “human 
labour is necessary to configure, calibrate, and adjust automation technologies to 
adapt to a changing world, whether those changes are a differently shaped product or 
a bird that flies into the factory” (Irani, 2015).

Microworkers undertaking data labelling and preparation are usually based in 
low-income countries in the majority world, with extensive ethnographic and social 
sciences research demonstrating the poor compensation and working conditions 
experienced by workers (Gray & Suri, 2019; Miceli & Posada, 2022; Posada, 2022; 
Crawford, 2021). Aside from workers inside the United States, the countries with 
the largest concentrations of microworkers are India, Pakistan, Bangladesh, Indone-
sia and the Philippines (Berg et al., 2018; Kuek et al., 2015; Stephany et al., 2021). 
Research and journalistic work has revealed that many workers have no employment 
contracts and work for piece meal rates as independent contractors on digital labour 
platforms that broker agreements for clients to post their tasks on the platform. In 
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addition to the mode of employment having been traditionally racialised and there-
fore the purview of people of colour within a colonial system, workers also expe-
rience dangerous and psychologically harmful work that multinational companies 
would rather keep out of the spotlight (Gray & Siddharth, 2019; Perrigo, 2023). 
Tasks such as moderating social media for racist and toxic content or identifying 
child pornography and other graphic images is also work that is usually outsourced 
to workers in the majority world (Elliott & Parmar, 2020).

The work is structured in a way to render invisible the contributions of work-
ers in the majority world from the public imaginary of AI’s production, preferenc-
ing the so-called highly skilled work of engineers. Gray and Siddharth (2019) argue 
that the design of microwork platforms is engineered to anonymise workers, pro-
vide them limited avenues for communicating with clients and make their individual 
work contributions invisible within the overall operation of the platform. This mir-
rors analysis from Hatton (2017) who argues that work can be invisibilised through 
three intersecting sociological mechanisms identified as cultural, legal and spatial 
processes that devalue certain types of labour which both separates the worker from 
the observer and contributes to the work’s economic devaluation. The not-for-profit 
coalition, Partnership on AI (2021) has raised concerns that although AI systems 
are dependent on clean and labelled datasets, companies’ marketing campaigns may 
result in “efforts to hide AI’s dependence on this large labour force when celebrating 
the efficiency gains of technology. Out of sight is also out of mind, which can have 
deleterious consequences for those being ignored.”

One prominent example of this is OpenAI’s engagement with outsourced Kenyan 
labourers to help reduce harmful content on its chatbot ChatGPT (Perrigo, 2023). 
OpenAI worked with an outsourcing partner, the San Francisco-based firm Sama, 
which employs workers in a range of majority world countries including Uganda 
and Kenya to prepare and label data for Silicon Valley clients. Sama frames the 
company as an “ethical AI” company claiming to have lifted 50,000 people out 
of poverty in East Africa through their business model. While most microworkers 
on larger platforms such as Amazon Mechanical Turk are independent contractors 
with no employment agreement, these workers were employed by the company on 
contracts through which they could expect to take home between US$1.32 per hour 
after tax and US$1.44 per hour, depending on their performance (Perrigo, 2023). In 
contrast, the minimum wage for a receptionist in Nairobi is US$1.52 an hour. Sama 
workers who performed data labelling tasks would work nine-hour shifts reviewing 
violent, toxic and abusive content and attempting to filter it out before it reached end 
users. This content was taken from some of the darkest corners of the Internet and 
described horrific details of child sexual abuse, bestiality, murder, suicide, self harm 
and torture, leading workers to report being mentally scarred from the experience.

6 � Hegemonic Knowledge Production

AI reinforces the hegemony of Western values and epistemologies that marginal-
ise non-Western alternatives. The modernity/coloniality research program offers a 
critical lens for analysing these epistemological concerns, which they refer to as the 

Page 13 of 24 80



	 J. Muldoon, B. A. Wu 

1 3

 

“coloniality of knowledge” (Grosfoguel, 2007; Quijano, 2000). They contend that 
the framework of Western scientific knowledge with its claims to objective truth and 
universal validity was part of a global project to enforce European hegemony over 
Latin America and other colonised regions. The knowledge projects that began in 
Europe in the seventeenth century, including the so-called anthropological study 
of colonised communities, engaged in de-humanising and extractive data collec-
tion practices with unidirectional flows of information and data towards Europe. 
As Mignolo and Walsh (2018, 2) have argued, “all theories and conceptual frames, 
including those that originate in Europe and the Anglo United States, can aim at and 
describe the global but cannot be other than local.” One example of this was early 
Enlightenment cosmographers who sought to collect all knowledge about the uni-
verse as a rational and ordered set of universal truths. As Graham and Dittus (2022, 
10) argue, “everything in the universe could be described in predetermined ways and 
placed into predetermined systems. It extended to all corners of the globe and did 
not tolerate alternate epistemologies.”

Recent scholarship has argued that Western knowledge epistemologies are 
embedded in AI development. From this perspective, the dominant epistemologi-
cal paradigm that underpins technology is a direct result of the development of 
European classificatory systems and the broader scientific and cultural project that 
grew out of it. McQuillan (2022) describes how the statistical logics underpinning 
artificial intelligence reveal continuities with “racial imperialist views of national 
progress.” He argues that the political positions emerging around AI can be traced 
to the eugenicist conceptualisation of a racialised hierarchy of intelligence that was 
used to justify European colonial expansion. These historical biases of racism and 
colonialism are inseparable from the context of AI research and development in elite 
universities and technology companies in the West. Following the emerging critical 
scholarship on values embedded in machine learning and the broader AI industry, 
we argue that imaginaries of AI’s generality and neutrality constitute a reproduction 
of hegemonic Western knowledge and epistemology (Birhane, 2021).

Large scale ML is necessarily reliant on data at all stages of its development pipe-
line – from the ingestion of training data, to fine-tuning for a particular use case, 
to the evaluation of performance on golden data. AI datasets and common bench-
marks such as ImageNet and GLUE are inherently political and value-laden. Raji 
et al. (2021, 8) argue that those without the power to define themselves are viewed 
by the model through a “distorted data lens.” The issue of dataset bias has been ana-
lysed by Buolamwini and Gebru (2018), who found that commercial facial analysis 
algorithms and datasets had error rates of up to 34.7% for darker skinned females, 
compared to lighter skinned males. Dataset biases occur when the data ingested by 
models is encoded with social prejudices and inequalities through the source data or 
through the decisions of individuals who transform data through annotation, sort-
ing and analysis. The larger the dataset, the greater the risk of bias: the Stanford 
University AI Index Report states that “a 280 billion parameter model developed in 
2021 shows a 29% increase in elicited toxicity over a 117 million parameter model 
considered the state of the art as of 2018” (Zhang et al., 2022).

This has been documented through the work of AI researchers who audit data-
sets used to train ML algorithms such as DALL-E 2 and ChatGPT. Birhane et al. 
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(2021) audited the multimodal training dataset LAION-400 M which is commonly 
used to train large-scale ML models. The audit returned images and text that hyper-
sexualised “overwhelmingly sexualize Black women, and fetishize Asian women” 
(Birhane, 2021, 11). In later work on the upsized LAION-2B model, now with 2 bil-
lion samples, researchers found a “hate-scaling phenomena” whereby the scaled up 
dataset increased harmful content constituted 12% of content (Birhane et al., 2023, 
2). Additionally, when tested on racial bias compared to the smaller model, LAION-
2B was found to associate Black individuals with criminality five times more than 
the smaller model LAION-400 M.

The toxicity in the datasets is driven by the social world represented on the Inter-
net. Participants on platforms such as Wikipedia, Reddit and YouTube who skew 
young, white, male and American; which means that overtly racist, sexist and ageist 
perspectives are overrepresented in the data and many other viewpoints are excluded 
altogether (Pew Research, 2021; World Bank, 2023). ImageNet, a foundational and 
globally utilised computer vision dataset consisted of 45% US-sourced images, and 
over 60% from a selection of Western countries. In comparison, only 1 and 1.2% 
of images were sourced from China and India, despite their respective populations 
(Raji et al., 2021, 8). These examples may seem amenable to technical fixes such as 
the tools of technical fairness such as data filtering, classifiers and evaluations. How-
ever, they represent the algorithmic reinforcement of hegemonic values and knowl-
edge that is deeply entwined with the Western centric rationality of both science 
and colonisation, illustrating how AI technologies perpetuate the colonial matrix of 
power.

The reproduction of hegemonic knowledge begins with data but flows through to 
the outputs of downstream use cases, manifesting in the algorithmic reproduction 
of societal biases and harms. Ruha Benjamin’s Race After Technology (2019) calls 
attention to the magnified social biases codified into machines through learnt pat-
terns in the training data. Benjamin (2019) points towards numerous examples of 
algorithmic bias including the algorithmic codification of Whiteness into technical 
systems. In one example, she investigates The Beauty AI initiative which attempted 
to use an algorithmic system to judge a neutral and objective measure of beauty 
across 100 countries, resulting in 86% of winners being white. In another example, 
Google Photo was found in 2015 to auto-tag two Black friends as gorillas in a photo, 
an egregious racist depiction formalised through the history of scientific racism. She 
elucidates the implicit and explicit anti-blackness built into predictive policing algo-
rithms that used data reflected ongoing surveillance and targeting of predominantly 
Black neighbours. In illustrating these examples, she points towards the inherent 
invisibility of whiteness, as the default within both society and algorithmic systems.

These harms persist despite the developers of large-scale AI systems claiming to 
prioritise safety and responsibility in the design and deployment of consumer fac-
ing systems. For example, OpenAI’s DALL-E 2 System Card, intended to document 
the risks and limitations of the generative model, states that “the default behav-
iour of the DALL-E 2 Preview produces images that tend to overrepresent people 
who are White-passing and Western concepts generally” (OpenAI, 2022). Melissa 
Heikkilä’s (2022) reporting on her experience as an asian woman with the Lensa 
digital portrait app revealed that the underlying model, Stable Diffusion, generated 
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hyper-sexualised and pornographic representations of the author. This model, which 
is open-source and thus available for developers to create downstream applications, 
was built using the open-source dataset LAION-5B, a larger version of the LAION 
datasets audited by Prabhu and Birhane (2020) and Birhane et  al. (2023). Even 
when technical safety measures have been put in place, the hegemony of algorith-
mic neutrality and objectivity still subjugates marginalised subjectivities (Bergman 
et al., 2023). Indeed evidence from ChatGPT’s release showed that even when tech-
nical safety features are built into systems, they are easily circumvented, allowing 
the chatbot to produce alarming racist, sexist and derogatory commentary derived 
from its underlying training datasets (Asare, 2022; Vock, 2022). As Beer (2017) has 
argued, algorithms have a “social power” through the ability to reorder the social 
world, which is particularly prescient when applied to the decisions developers of 
large-scale AI make during AI production.

AI technologies are produced within particular social contexts, including the 
way that algorithms are socially and organisationally constructed (Beer, 2017). 
Anthropological studies of engineering teams including AI researchers demonstrate 
that researchers enact their cultural discourses into technical objects through their 
work (Forsythe, 2001; Seaver, 2017; Star, 1999). This is necessarily influenced by 
the majority white, male and educated demographics of the global technology elite 
who contribute to the design, deployment and regulation of AI (Bender et al., 2021; 
Chowdhury, 2023). Tech companies often portray their services as “colour-blind,” 
which as Safiya Noble (2018) has argued represents a myth of post-racialism which 
inhibits critical engagement with racialised social inequalities. Silicon Valley elites 
maintain power and control through this myth which is used to suppress concerns 
about race and diversity issues while justifying a so-called meritocracy.

Ideologies of race are also central to how AI is imagined and sold to investors and 
companies seeking to purchase AI products. Cave and Dihal (2020) argue that AI 
systems themselves are imagined as White: “to imagine an intelligent (autonomous, 
agential, powerful) machine is to imagine a White machine because the White racial 
frame ascribes these attributes predominantly to White people.” They show how AI 
is deployed in narratives around three core categories of intelligence, professional-
ism and power and in each case notions of whiteness predominate. These examples 
show that through the Western values and knowledge embedded in the social world 
of AI production, the machines themselves embody Whiteness in popular culture 
and the commercial world. In perpetuating hegemonic knowledge production, we 
locate AI in the colonial matrix of power.

7 � Conclusion

This article seeks to understand how AI production reinforces the extractive social, 
economic and political dynamics within the ‘colonial matrix of power’. In doing 
so, we make three contributions to the critical literature on AI. First, we systema-
tise an analytic framework through which to understand the material and ideologi-
cal implications of the AI supply chain, through the lens of the colonial matrix of 
power. We map the organising principles of the colonial matrix of power to the 
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interwoven levels of extraction throughout the AI supply chain (Crawford & Joler, 
2018). Second, we combine theories of labour exploitation from the modernity/colo-
niality school with contemporary work on platform labour, to illustrate how value is 
extracted from the data and labour generated by workers. This labour is a key mech-
anism in the valorisation process behind downstream AI use cases, despites its rela-
tive invisibility amongst the hype of recent advances in large scale algorithms such 
as ChatGPT. Third, we interrogate the values and knowledge epistemologies within 
the AI industry, tracking the continuity of colonial frames of Western modernity 
and Whiteness. Following the critical, socio-technical work of Crawford and Joler 
(2018) and Joler and Pasquinelli (2020), we specifically engage with the technical 
aspects of ML systems from data collection, model training and algorithmic outputs, 
to excavate the link between racist ideologies and grounded AI harms.

Throughout this article, the frameworks of coloniality and decolonial perspectives 
needs to be understood in a nuanced and reflexive manner. Firstly, the framework of 
modernity/coloniality has its own tradition from which it has emerged in the Ameri-
can Subaltern Studies group, drawing from world systems theory, underdevelopment 
theory and the critical theory of the Frankfurt School (Bhambra, 2014). While the 
colonial matrix of power is a powerful theoretical framework from which to under-
stand how AI perpetuates coloniality, it should also be situated within the broader 
developments in decolonial and postcolonial theory and other critical perspectives 
on technology and AI (Bhambra, 2014; Ricaurte, 2019). The interpretive frame-
works of modernity/coloniality should also not be reduced to a series of over-sim-
plified binaries which portray everything “Western” as bad and everything coming 
from the majority world as an emancipatory force for good. Decolonial thought aims 
to interrogate and disrupt Western systems of knowledge and ways of being, but this 
does not involve ascribing simplistic categories of “oppressor” and “oppressed” over 
complex issues and debates (Mohamed et al., 2020). Here we also acknowledge the 
need to contextualise Western and non-Western binaries within geopolitical realities 
emerging from the increasing dominance of both the US and China in technology 
development. China has both been exploited by European powers and has engaged in 
its own form of expansionism, including its African Policy and ambitions to become 
a leading superpower in AI and digital technology (Robles, 2018). Further research 
should interrogate the diversification of power within AI development, questioning 
how history and geopolitics shapes the way we interpret decolonial frameworks.

For Quijano, coloniality is not a model or object of study but a framework for 
subverting hegemonic and Western ways of knowing. Therefore, we end this article 
with a reflection on critical and decolonial scholarship that is working towards the 
dismantling of Western-centricity AI production. Scholars and activists are looking 
to non-Western and relational schools of thought such as Ubuntu ethics (a Sub-Sara-
han African philosophy) (Birhane, 2021; Mhlambi, 2020). Mhlambi (2020) argues 
that AI production is shaped by Western preconceptions of personhood based on 
rationality, which Ubuntu philosophy is diametrically opposed to. Introducing a cri-
tique of AI production through the lens of Ubuntu, he highlights: the exclusion of 
marginalised communities from design, the codification of biases within data, the 
misguided conception of technology as neutral (and therefore privileging White-
ness), the construction of human value through the individualised lens of data and 
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the concentration of power in the hands of a powerful elite. Mhlambi (2020) sug-
gests a way forward through the lens of Ubuntu, encouraging the decentralisation of 
technology and acknowledging our human and ecological connectedness. Mhlambi 
and other scholars and activists have put forward a “Manyfesto on AI,” (2021) call-
ing for a future for AI that is decolonial and open to contributions from marginal-
ised communities. Additionally, indigenous approaches to AI have included partici-
patory initiatives to develop community owned language AI tools and mechanisms 
to protect the use and ownership of Māori data (Birhane et al., 2022; Hao, 2022). 
Other efforts have brought Indigenous groups together to articulate guidelines for 
Indigenous-Centred AI design and to work towards a multiplicity of Indigenous pro-
tocols across diverse community groups (Lewis, 2020). These efforts suggest that 
the project of decolonisation involves both “top-down” approaches of reflecting on 
different histories and epistemologies but most importantly, through “bottom up” 
approaches led by marginalised and subaltern groups (Cruz, 2021). Future attempts 
to resist and/or develop AI technologies require both reflecting on the inheritance 
of colonial legacies and experimenting with practices drawn from inter-cultural and 
existing critical praxis that break free from the “distorting mirror” of the colonial 
matrix of power (Quijano, 2001).
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