
1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

How Hyper-Datafication Impacts the Sustainability Costs in Frontier AI
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Large-scale data has fuelled the success of frontier artificial intelligence (AI) models over the past decade. This expansion has relied
on sustained efforts by large technology corporations to aggregate and curate internet-scale datasets. In this work, we examine the
environmental, social, and economic costs of large-scale data in AI through a sustainability lens. We argue that the field is shifting
from building models from data to actively creating data for building models. We characterise this transition as hyper-datafication, which
marks a critical juncture for the future of frontier AI and its societal impacts. To quantify and contextualise data-related costs, we
analyse approximately 550,000 datasets from the Hugging Face Hub, focusing on dataset growth, storage-related energy consumption
and carbon footprint, and societal representation using language data. We complement this analysis with qualitative responses
from data workers in Kenya to examine the labour involved, including direct employment by big tech corporations and exposure to
graphic content. We further draw on external data sources to substantiate our findings by illustrating the global disparity in data
centre infrastructure. Our analyses reveal that hyper-datafication does not merely increase resource consumption but systematically
redistributes environmental burdens, labour risks, and representational harms toward the Global South, precarious data workers, and
under-represented cultures. Thus, we propose Data PROOFS recommendations spanning provenance, resource awareness, ownership,
openness, frugality, and standards to mitigate these costs. Our work aims to make visible the often-overlooked costs of data that
underpin frontier AI and to stimulate broader debate within the research community and beyond.1

CCS Concepts: • Computing methodologies→ Artificial intelligence; • Hardware→ Impact on the environment.

Additional Key Words and Phrases: sustainability, data, artificial intelligence, social impact, carbon footprint

1 Introduction

The recent advancements in artificial intelligence (AI) have enabled automation that was widely considered decades
away. AI systems now deliver breakthroughs across scientific discovery, language understanding, and generative
modelling, addressing long-standing research challenges while opening new applications [10, 11, 45, 51, 52, 80]. This
progress is driven primarily by deep learning methods [54, 75], including large language models (LLMs), multimodal
generative models, and reasoning models [11, 29, 32, 69, 87].

While algorithmic and hardware improvements have played an important role, scale has acted as the dominant
catalyst [36, 47, 78]. Frontier AI development now relies on unprecedented levels of resources: models with hundreds
of billions of parameters, hyper-scale data centre infrastructure, electricity consumption comparable to that of entire
towns, and financial investments that exceed the gross domestic product of several countries [77].

These investments would be futile without access to another critical resource: data. Contemporary frontier AI models
train on datasets containing tens of trillions of data points, often scraped at scale from the internet. For example, one
of the largest publicly available tokenised datasets DCLM-Pool, contains more than 240 trillion tokens [55]. Figure 1
illustrates the rapid growth of datasets and data volume using the datasets available on the Hugging Face Hub2, a
platform for hosting AI models and datasets (see Section 3).

1Source code used to extract metadata from datasets hosted on the Hugging Face Hub is available at: https://github.com/saintslab/costs-of-
hyperdatafication.
2https://huggingface.co/datasets

2026.
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https://github.com/saintslab/costs-of-hyperdatafication
https://github.com/saintslab/costs-of-hyperdatafication
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Fig. 1. Growth of datasets and data volume over time and download concentration on the Hugging Face Hub. Left: Monthly counts
of newly created datasets (100% of datasets included). Centre: Monthly data volume added (91% of datasets included). The bars
are coloured by modality. For multimodal datasets, each modality contributes proportionally to the colouring. Right: Download
concentration. The plot shows total downloads (solid line) and downloads in November 2025 – which is 30 days preceding metadata
extraction – (dashed line) against dataset rank sorted by total downloads on a logarithmic scale. The shaded region highlights the top
1% of datasets (5,543 repositories).

Growing concern about the sustainability of AI has prompted an expanding body of work [77, 94, 101]. How-
ever, existing discussions largely centre on model training and deployment. The sustainability of data itself remains
comparatively under-examined, despite the fact that collecting and using internet-scale datasets for frontier AI is
highly resource-intensive and can generate substantial environmental, social, and economic costs. As a result, current
sustainability discussions overlook data as a central driver of AI’s broader impacts.

In this work, we take a comprehensive look at the sustainability of data for AI. Building on existing critiques of the
sustainability of AI [94, 100, 101], we focus explicitly on the environmental, social, and economic costs of large-scale
data practices. This perspective becomes increasingly urgent as frontier AI research pursues ever more ambitious goals,
including artificial general intelligence (AGI), intensifying the demand for data at scale.

We argue that the field is undergoing a structural shift in how data is produced and used. First, frontier AI systems
increasingly rely on large-scale synthetic data. For example, the Phi-4 model was pretrained on approximately 10 trillion
tokens, of which around 40% were synthetically generated and curated using other AI models [3]. Second, and more
fundamentally, AI development is driving the active creation of new data sources designed explicitly for model
training. A prominent example is the Ego4D dataset, which consists of 3,670 hours of egocentric video collected from
923 participants across 74 locations, recorded specifically to support AI systems [30]. Such datasets would not exist
outside the demands of model development.

We use the term hyper-datafication to characterise this convergence, which we define formally below. While the
term has appeared sporadically in prior work, it has been used narrowly to describe the large-scale expansion and
aggregation of existing data sources [72]. We extend this usage by explicitly incorporating two additional, increasingly
central dimensions: the algorithmic generation of synthetic data and the creation of data whose primary purpose is to
serve as training material for AI models rather than to support direct human activities.

Hyper-datafication refers to the industrialised production and accumulation of data for AI model development
across three coupled processes: (i) the large-scale scaling and recombination of existing data sources, (ii) the use
of AI systems to generate synthetic data, and (iii) the creation of purpose-built data whose primary function is
to serve as training input for AI systems rather than direct human use.
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How Hyper-Datafication Impacts the Sustainability Costs in Frontier AI 3

We analyse the costs of hyper-datafication across the different sustainability dimensions. To support this analysis, we
draw on multiple empirical sources. First, we conduct a large-scale metadata study of approximately 550, 000 datasets
hosted on the Hugging Face Hub, documenting growth in dataset scale, size, and scope. Using this metadata, we estimate
storage-related energy consumption and associated carbon footprints on both the provider and user side, providing
indicators of broader environmental trends. We then first examine social costs through a labour-focused analysis. Here,
we draw on qualitative evidence from a structured questionnaire administered to data workers in Kenya to illustrate
how hyper-datafication shapes the scale, nature, and conditions of contemporary data work. We further examine social
costs by analysing patterns of language representation in the Hugging Face Datasets, assessing how supply and demand
for datasets are distributed across languages relative to global speaker populations and web presence. This analysis
highlights systematic linguistic concentration and under-representation, revealing how hyper-datafication amplifies
existing asymmetries in whose languages and cultures are most extensively captured in AI training data. Finally, we
incorporate external data sources to contextualise and substantiate our economic analysis and to support claims in the
environmental and social sections, drawing on reports, policy documents, and prior empirical studies where direct
measurement is not feasible. Based on these analyses, we propose actionable recommendations, formulated as the
Data PROOFS guidelines, spanning provenance, resource awareness, ownership, openness, frugality, and standards to
mitigate the costs of hyper-datafication.

The following sections briefly discuss existing research on the sustainability impacts of AI systems, and the importance
of data in this context (Section 2). We describe our methods for gathering information on the sustainability implications
of AI-related data (Section 3), and we analyse our findings in light of the growing trend of hyper-datafication (Section 4).
We conclude with a set of recommendations (Data PROOFS) to increase data sustainability and address the actions
required to reduce the negative impacts of hyper-datafication (Section 5).

2 Background and Related Work

2.1 Sustainability of AI

Sustainability is broadly understood to have three pillars: environmental, social, and economic [68]. Together, these
reflect the need to balance long-term economic viability, ecological limits, and societal well-being when assessing
systemic impacts. This holistic approach is essential for addressing the global challenges when pursuing resource-
intensive technologies like AI on a planet with a rapidly changing climate [46].

Energy Consumption and Carbon Footprint of AI. The emerging critique on the sustainability of AI has
been primarily focused on its environmental impact; particularly, the growing carbon footprint due to the energy
consumption of AI [6, 33, 85]. The International Energy Agency (IEA) projects that data centre electricity consumption
worldwide will more than double by 2030 (to between 945 and 1300 TWh as depicted in Figure 3), mainly driven by AI
workloads [35, 92]. This is evident in recent hyper-scale data centre projects. For instance, Microsoft’s USD 106 billion
data centre with 3.33 GW capacity in Wisconsin, the United States (US), will consume electricity equivalent to that of
3.3 million households in Wisconsin [23] (see Appendix D.1 for details). Globally, energy production continues to be
one of the largest sources of greenhouse gas (GHG) emissions [12, 42]. The growing energy needs of data centres for AI
result in a corresponding carbon footprint that has also risen in recent years [6, 27, 59, 85].

Broader Environmental Impact of AI. Data centres use vast volumes of fresh water for cooling [56] threatening
freshwater resources in vulnerable regions [22]. The manufacture of hardware, use of rare earths, electronic waste
generation, and land-use change associated with AI data infrastructure contribute major embodied carbon emissions
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and ecological damage [46, 100]. The amount of e-waste has grown from 34 million tons in 2010 to 64 million tons
in 2022, and is projected to grow to 82 million tons by 2030. During the same time, the fraction of e-waste recycled
decreased from 24% to less than 5% [91].

Social Sustainability of AI. The social cost of AI has been studied using the lens of fairness and bias mitigation [9],
differential privacy [2, 21], and security using robustness to adversarial attacks [18]. Recent studies have begun to
examine the labour required to build frontier AI models [14, 73], a critical factor that is often overlooked in popular
debates regarding the social impact of artificial intelligence [66]. Finally, the democratisation of AI is negatively impacted
due to the large-scale resource consumption and concentration of these expensive resources with a few actors [4, 8, 94].

2.2 Costs of Data

The majority of the literature discussed in Section 2.1 focuses on model selection, model training, and model deployment
costs. The underlying data costs are subsumed into model development. However, this does not adequately capture
the actual resource costs. For example, the model card for the 405 billion parameter open-source LLM, Llama-3.1,
reports a carbon footprint of 8,930 tonnes of carbon dioxide equivalent (tCO2eq) due to the energy consumption of
21.5 GWh [5, 77]. This only includes the training cost and does not include any data-related energy consumption.
Curating the dataset for training Llama-3.1 with about 15 trillion tokens, generating synthetic data of 25 million tokens,
preprocessing and storing them also incur additional environmental costs. When aggregated across the full scale of
data used for AI, these costs can be substantial.

Environmental. While there are no comprehensive studies that estimate the environmental cost of AI datasets,
there are specialised studies that focus on domain-specific data. For example, Souter et al. [81] study the impact of data
preprocessing in medical image analysis, benchmarking the effects of different preprocessing stages. In Wang et al.,
authors estimate the direct and embodied emissions due to global land cover mapping projects which is a data-intensive
task due to the high-resolution satellite images [98]. They estimated the emissions between 2014 and 2024 to be about
3.84 million tCO2eq, and project it to increase 60 times to about 184 million tCO2eq by 2050. Outside of AI, carbon
emissions across the data lifecycle have been explored by Mersy and Krishnan [64]; they propose carbon provenance to
annotate data with carbon emission meta-data, facilitating better carbon accounting of data.

Economic. Research on the economic consequences of AI data highlights the uneven distribution of the burdens and
the benefits across regions and actors. Studies show that AI development reproduces structural inequalities between
the Minority World and the Majority World [65, 89]. The extreme market concentration reinforces this inequality: a
small group of dominant platforms holds disproportionate control over behavioural and operational data, creating data
monopolies and high barriers to entry for smaller actors [76, 103]. By analysing the economic data value chain, Jia
et al. [44] argue that monetary value systematically accrues to aggregators and model developers, i.e., the dominant
platforms, while data generators are largely excluded.

Social. Parallel research examines the social costs borne by data workers who produce, clean, and label data. Studies
of annotation centres show that labour is governed through continuous measurement of speed, volume, and accuracy
with strict productivity expectations and constant pressure to meet daily targets [17]. Interviews with annotators in India
and Madagascar further document the pervasive surveillance and escalating productivity demands [53, 97]. Research on
micro-task platforms reports similar patterns, including long and irregular working hours, unpaid work, and significant
income volatility [37, 90]. Beyond these conditions, the mental health impacts of data work are increasingly recognised.
Studies of content moderation report high levels of stress, secondary trauma, and PTSD-like symptoms among workers
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exposed to disturbing material [82–84]. While much of this research has focused on social-media moderation, the
documented harms also extend to content moderation within AI data pipelines.

Frontier AI development is relying on large-scale datasets with trillions of data points [5, 78, 95]. There are even
speculations that we will “run out of data”, prompting the use of synthetic data for AI development [96]. Considering
the costs of such hyper-datafication is crucial to address the sustainability of frontier AI comprehensively.

3 Methodology

To address the costs of hyper-datafication holistically, we estimate the energy use of large-scale data storage (envi-
ronmental), analyse labour conditions using questionnaires administered to data workers and patterns of language
representation in AI datasets (social), and draw on public data to examine economic costs associated with AI data
(economical). We aim to identify: (i) the environmental impacts of data storage under hyper-datafication; (ii) the actors
and labour conditions that sustain hyper-datafication; (iii) the extent to which hyper-datafication represents society
using language as a proxy; and (iv) the economic burdens associated with hyper-datafication.

3.1 Metadata of Hugging Face Datasets

To analyse the trends in dataset growth, quantify storage-related energy costs, and examine language representation,
we analyse metadata for datasets hosted on the Hugging Face Hub.

Scope. We retrieved metadata on 1 December 2025, when the Hugging Face Hub hosted 570,802 datasets. Metadata
extraction failed for 2.89% of repositories, yielding a final sample of 554,300 datasets. We collected repository-level
metadata (identifiers, timestamps, downloads, and Hub-side storage), dataset-level metadata (dataset size), and contextual
attributes (region, modality, task, and language). Hugging Face has options to query download statistics in two
granularities: all time and last 30 days. As we retrieved our data on 1 December 2025, the statistics for last 30 days
correspond to November 2025.

Data collection. We collected repository-level metadata via the Hugging Face REST API3, obtained dataset size
statistics separately from the Hugging Face datasets-server API4, and extracted contextual attributes from the Hugging
Face Hub Python API5 by querying the full public dataset catalogue. These attributes are primarily self-declared and
therefore exhibit lower coverage. Appendix A.1 summarises all metadata attributes and coverage.

Data analysis.We performed basic preprocessing and used the dataset size as a proxy for local storage footprint,
while Hub-side storage was used as a proxy for platform storage. We mapped language tags to ISO-639 codes. For
the language analysis, dataset volumes were compared against global speaker distributions and web presence, using
Common Crawl page counts as a proxy for online content. Extended descriptive statistics are provided in Appendix A.2.

3.2 Questionnaire for Data Workers

To assess social and labour costs, we conducted an online questionnaire targeting data workers in Kenya.
Participants. The final sample includes 134 respondents located in Kenya. The sample comprises 57 females and

77 males, predominantly aged 20-40 years, with most reporting at least four years of experience. Respondents were
informed about the study’s purpose and how their data would be used. They were free to participate and stop the
survey at any time and were unpaid.

3Using the endpoint https://huggingface.co/api/datasets/{id} (one request per dataset ID) and retrieving attributes via the API’s expand fields.
4See https://github.com/huggingface/dataset-viewer for documentation of the datasets-server infrastructure.
5Accessing the public dataset catalogue at https://huggingface.co/datasets

https://huggingface.co/api/datasets/{id}
https://github.com/huggingface/dataset-viewer
https://huggingface.co/datasets
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Data collection.We administered an English-language questionnaire via an online form and distributed it via the
messaging application Telegram to data workers who had voluntarily joined the Telegram channel organised by a local
data workers’ collective. Data collection took place in December 2025. The questionnaire comprised ten questions
covering demographics, working conditions, exposure to graphic content, and employment relationships with large
technology companies. The complete questionnaire is provided in Appendix B.

Data analysis. We computed descriptive statistics and pairwise associations across working hours, experience,
salary, exposure to graphic content, and employment type. Some questions allowed free-text responses, which, in a few
cases, were used to harmonise categories. Free-text responses that could not be mapped consistently to the catergories
were excluded. Detailed preprocessing decisions and complete raw counts are reported in Appendix C.

3.3 External Data Sources

We extract global annual investment in data centre infrastructure from the International Energy Agency (IEA) [41].
To characterise the geographic concentration and expansion of data centres, we use records from the Data Centre
Map [1]. We assessed electricity demand associated with data centres using historical and projected estimates from the
IEA [38] and focus on electricity consumption as a primary indicator of environmental impact associated with data
centre expansion. We source the carbon intensity for electricity generation from Our World in Data [70].

4 Costs of Hyper-Datafication

The costs associated with large-scale data accumulation are multifaceted, and the different dimensions overlap and
interact in practice. We separate these categories into environmental, social, and economic for analytical clarity.
Moreover, each dimension involves nuances beyond the scope of this study. We therefore focus on aspects most relevant
for understanding the structural consequences of sustained data growth.

4.1 Environmental Costs

Hyper-datafication creates a persistent obligation to store data. As datasets grow in number and size, storage require-
ments accumulate and become environmentally significant. Unlike model training and inference, storage remains
largely invisible in environmental sustainability discussions, yet it underpins the continued operation of data-intensive
AI systems. The Hugging Face Hub provides a concrete case for examining how these storage demands scale over time.

Figure 1 (Left and Centre) shows a sharp increase in both the number and volume of newly created datasets on
the Hugging Face Hub since March 2022. Over this period, the monthly dataset upload rate has increased by more
than an order of magnitude. At the same time, the volume of newly added data has increased by nearly three orders of
magnitude, from tens of terabytes per month to peak levels exceeding one petabyte per month. While dataset creation
has accelerated rapidly, usage remains highly concentrated. Figure 1 (Right) shows that the top 1% of datasets (5,543
repositories) account for 87.3% of total downloads and 81.7% of downloads in November 2025.

Figure 2 reports estimated provider-side (Left) and user-side storage (Right) energy consumption associated with
Hugging Face datasets. These estimations are based on the assumptions and calculations provided in Appendix D.2.
Provider-side storage energy consumption remains modest in absolute terms but increases steadily as datasets accumu-
late, having reached approximately 1 GWh. User-side costs are approximately three orders of magnitude larger (>2
TWh), driven by the repeated number of downloads across a large user base. These estimates account only for actual
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Fig. 2. Left: Estimated provider-side storage energy (GWh). Right: Estimated user-side storage energy (TWh), assuming that 10
percent of downloads result in three months of local storage. Right axes show human-equivalent annual emissions. To provide a
sense of scale, we relate cumulative emissions to the global average annual per-capita footprint of 4.73 tCO2eq [71].

file downloads. Streamed access does not increase download counts6 and does not generate long-term local storage.
Because Hugging Face supports streaming and on-demand access, shared infrastructure likely reduces duplication
relative to alternative distribution models.

Since November 2023, Hugging Face has enabled users to specify the geographic storage region for datasets7. The
available regions are the US and the European Union (EU). Our results show an intense concentration of storage in the
US. Of the datasets with region information (99.8%), 552,713 are hosted in the US, compared with only 316 in the EU.
This is not surprising, as the majority of Hugging Face’s infrastructure is in the US.

Carbon intensity varies across electricity grids due to the differences in the energy mix. Storing all Hugging Face
data in the EU rather than the US would reduce the associated carbon footprint by approximately 38%, due to the
lower average carbon intensity in the EU (237 gCO2eq/kWh) compared with the US (384 gCO2eq/kWh) in 2024 [70].
Depending on the location of data centre infrastructure, storage-related carbon footprints can differ by up to a factor of
30 across regions8. Figure 2 (Right) also shows the user-side carbon footprint of downloading datasets from Hugging
Face to be comparable to the annual carbon footprint of about 170,000 people (right vertical axis).

Estimating electricity consumption and carbon emissions for all AI datasets is infeasible beyond focused analyses such
as the one presented using the Hugging Face Hub. This has to be performed at a coarser scale using data centre-level
analysis. Figure 3 (Right) shows the growth projection of data centres, which is highly uneven across geographic regions.
The US dominates both historical and projected electricity use, followed by China. Electricity demand in Asia, excluding
China, Europe, and the rest of the world, remains substantially lower. Nevertheless, hyper-datafication and increasing
pressure to adopt frontier AI drove a 27% increase in global data centre electricity demand between 2022 and 2024 [38].
Projections indicate this consumption will soon rival the total electricity usage of the entire African continent, as shown
in Figure 3 (Left).

In addition to the carbon footprint due to the operational electricity consumption of a data centre, there are additional
emissions related to data transmission. Operating networking infrastructure, such as wireless network equipment, optical
fibre, and other switching equipment, contributes additional emissions [60]. However, when considering transmission
costs, the embodied emissions from the manufacturing and construction of underwater optical fibre networks are the

6https://huggingface.co/docs/hub/en/datasets-download-stats
7https://huggingface.co/docs/hub/storage-regions
8This reflects contrasts between high- and low-carbon electricity grids, such as Kosovo (959 gCO2eq/kWh) and Norway (31 gCO2eq/kWh) in 2024 [70].

https://huggingface.co/docs/hub/en/datasets-download-stats
https://huggingface.co/docs/hub/storage-regions
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Fig. 3. Left: Historical (2022–2024) and projected (2024–2034) electricity use for all data centres worldwide under two scenarios: a base
case reflecting current regulatory conditions and industry projections, and a lift-off case assuming stronger AI adoption enabled by
faster data centre deployment as modelled by the IEA [38]. Shown alongside the total electricity consumption in Africa assuming a 5%
annual grow [40]. Right: Regional distribution of data centre electricity demand in the base case (2020–2030), showing contributions
from the US, China, Asia excluding China, Europe, and the rest of the world [38].

primary factors. It is reported that the embodied emissions of optical fibre are about 2.3 kgCO2eq/km [86] which are
amortised over every bit of data that is transferred.

4.2 Social Costs

Data Worker Conditions in Kenya. Kenya has become one of the regional hubs for data work, supported by
(relatively) strong mobile infrastructure and a young, technologically capable population [99]. Current estimates suggest
that around 1.9 million Kenyans participate in digital labour, including roughly 1.2 million gig workers. This accounts
for approximately 3.3% of the population, however, the sector contributes more than 9% of the national GDP [99].

We analyse the labour-related social costs due to hyper-datafication based on the responses from 134 data workers
in Kenya. Respondents report engaging in a wide range of tasks, including data labelling (120/134), content moderation
(67/134), data cleaning (52/134), and verification of user preferences (33/134), with many performing multiple task types
concurrently. A majority of the respondents (79/134) report that they currently work or have previously worked directly
for a major technology company, including OpenAI (51/134), Meta (35/134), Google (24/134), Microsoft (13/134), and
Amazon (10/134).

Figure 4 shows the relationship between working hours, experience, exposure, and salary. Roughly half of respondents
(65/134) report working between 40 and 60 hours per week. The most common experience level is 4-6 years (70/134),
while the most common salary range is USD 200-300 per month (42/134). For comparison, the Kenyan national average
is USD 540 per month [16].

Exposure to graphic content emerges as a central social cost. A majority of respondents (89/134) report some level
of exposure, with 60 reporting daily exposure and 25 reporting exposure every other day. This exposure is especially
common among workers engaged in content moderation, which is increasingly rebranded as “Trust and Safety”.

Contrary to common claims, our data suggests that higher exposure does not correspond to higher pay. Figure 4 (Right)
shows no consistent association between exposure level and salary. Conditioning on working hours and experience
yields the same result.

Among respondents who report having worked directly for a large technology company at some point, half (40/79)
report daily exposure to graphic content and a further significant share reports exposure every other day (17/79). Among
those who do not report working for large technology companies, exposure rates are roughly one-third (20/55) report
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Fig. 4. Left: Distribution of respondents across salary bands by weekly working hours. Centre: Distribution of respondents across
salary bands by years of experience. Right: Monthly salary distribution by exposure level, indicating no clear relationship between
exposure level and salary.

Fig. 5. Gender-disaggregated distributions of weekly working hours, monthly salary, experience, data work types, and exposure to
graphic content derived from the anonymous responses to the questionnaire from 134 data workers.

daily exposure, and a smaller share report exposure every other day (8/55). The questionnaire does not distinguish
between current and prior employment, and these patterns should therefore not be interpreted as evidence that direct
employment with large technology companies causes higher exposure.

Gender-disaggregated results in Figure 5 reveal additional disparities. Women generally report fewer years of
experience, shorter work hours, and lower salaries. Men report more frequently engaging in content moderation and
greater exposure to graphic material.

Representation in Datasets. While hyper-datafication increases the volume of data available, this does not
necessarily translate into better representation of the world. We use the Hugging Face datasets to investigate this
further.

Figure 1 (Left and Centre) shows that text data is a large fraction of the diverse data modalities on Hugging Face.
Using these text datasets, we first examine the representation of global languages in datasets hosted on the Hugging
Face Hub. Among 57,484 datasets with language annotations, we identify 7,934 distinct languages. Most languages (96%)
appear only within multilingual datasets and typically in a small number of repositories. The remaining 4% correspond
to 306 languages, of which 97 occur only in a single dataset. This indicates that many languages exist in the margins of
the dataset ecosystem rather than as sustained data sources.

Figure 6 (Left) shows the representation for the ten largest language groups (in terms of volume share) on the Hugging
Face Hub. It compares each group’s share of total dataset size on the Hugging Face Hub with its share of Common Crawl
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Fig. 6. Representation and demand for the ten largest language groups on the Hugging Face Hub. Left: A depiction of each group’s
share of dataset volume with its share of Common Crawl pages and global speakers. Right: All-time and recent downloads shares on
Hugging Face. Note both horizontal axes are in logarithmic scale.

pages and global speakers. English represents a larger share of the dataset volume (57%) than its share of Common
Crawl pages (42%) and more than three times its share of global speakers (18%), as shown in Table 2. Multilingual
datasets that contain English add another 30% to this dominance. Several widely spoken languages, including Chinese,
Arabic, and Spanish, remain substantially under-represented (see Appendix A.3). Appendix D.3 provides contextual
evidence that these imbalances reflect broader asymmetries in global digital participation and traffic.

Figure 6 (Right) shows the distribution of downloads in November 2025 and all-time, where English again accounts
for the majority. November 2025 download shares for non-English languages exceed their all-time shares in most cases,
but remain small in absolute terms, indicating only limited shifts in demand. English-only datasets account for 79% of
all-time downloads and 68% of November 2025 downloads. English-inclusive multilingual datasets account for a further
12% of all-time and 20% of November 2025 downloads. While November 2025 download shares for several non-English
languages exceed their historical averages (see Appendix A.3), these increases remain small in absolute terms and do
not meaningfully reduce English dominance.

4.3 Economic Costs

Hyper-datafication requires substantial investment to store, process, and transmit continuously growing volumes of data.
These investments include specialised hardware, networking equipment, cooling systems, and energy infrastructure [62,
77]. As a result, hyper-datafication has a direct and visible economic footprint in the rapid expansion of data centre
infrastructure.

As shown in Figure 7 (Left), global annual investment in data centres has increased more than fivefold over the past
decade. These investments are justified by expectations that expanded data capacity will unlock future value through
improved AI capabilities. In 2025, global investment in data centres is projected to reach USD 580 billion, exceeding the
USD 540 billion invested in global oil supply [39].

This expansion is geographically concentrated, with the US projected to account for more than half of cumulative
global data centre investment over the next five years [41]. As shown in Figure 7 (Right), the infrastructure development
mirrors this concentration with facilities clustering in Western Europe, China, Australia, Canada, and particularly the
US. This spatial pattern only partially aligns with where data is generated and where the social or economic benefits
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Fig. 7. Left: Historical (2015-2024) and projected (2024-2030) global annual investment in data centres in the base case reflecting
current regulatory conditions and industry projections as modelled by the IEA [41]. Right: The world map shows the number of data
centres per country. US is highlighted and shown on the left to display state-level variation. Data from Data Center Map [1].

ultimately accrue, as shown by Facebook, whose largest user base is in India with about 384 million users in January
2025, while most of Meta’s infrastructure and revenue are concentrated in the US [49].

5 Discussions

Lack of Transparency. The environmental costs of hyper-datafication presented in Section 4.1 are based on a
snapshot of 550,000 datasets on Hugging Face Hub. Figure 1 shows how the scale, size, and diversity of datasets
are growing in recent years. Figure 2 captures the increase in storage-related operational energy consumption and
carbon footprint. However, these estimations do not provide a comprehensive overview of the environmental impact of
hyper-datafication. Factors such as the embodied emissions, fresh water to cool data centres, raw materials and minerals
used in hardware manufacturing, and the e-waste generated due to hardware disposal are not considered [25, 77]. These
broader environmental impacts are difficult to estimate, as acknowledged by works attempting to do this for AI model
development [59, 100]. Lack of transparency and openness in reporting environmental costs by vendors, manufacturers,
and actors at all stages of the data lifecycle makes comprehensive environmental cost reporting a challenge.

In addition to the environmental costs, social costs of data, such as labour, are seldom reported and discussed. Results
from the data worker questionnaire in Section 4.2 highlight these trends where large corporations employ data workers
for diverse types of data work. Although longer hours and greater experience are associated with higher earnings, as
shown in Figure 4, salaries remain low relative to the Kenyan national average of USD 540 per month [16]. On the one
hand, data work creates income opportunities in regions with limited formal employment.9 On the other hand, these
same structural conditions enable exploitation [79]. The availability of surplus labour, combined with limited regulatory
oversight, allows data work to be organised through precarious contracts, low wages, and intensive performance
monitoring. Economic necessity weakens workers’ bargaining power, while task fragmentation and platform-based
subcontracting obscure accountability. Transparent reporting of the costs pertaining to data work can give due credit to
the data workers who remain unseen in the discourse surrounding frontier AI. Additionally, the due credit and visibility
can help them secure better work conditions and bargaining rights.

Material Costs of Data and Resource-Awareness. The narrative of data “infiniteness" behind hyper-datafication is
based on the view that data has a negligible cost, and ignores the material footprint of data. In Section 4.1, we presented
concrete estimations of the energy consumption and carbon footprint of data using Hugging Face datasets. Extending
these estimations to all data currently used for AI development will yield even higher material costs. Measuring the cost

9For example, the youth (15-34 years old) in Kenya face an unemployment rate of 67% [26].
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of creating, storing, and processing datasets using existing tools like Carbontracker10 [6] or CodeCarbon11 and reporting
the carbon emissions in standardised datasheets as proposed by Gebru et al. [28] are good starting points. Additionally,
attaching environmental costs at each step as meta-data across the data life-cycle, as suggested by Mersy and Krishnan
[64] for carbon-provenance-based AI, can clarify the assessment of the environmental sustainability of data.

Data Provenance and Ownership under Data Monopolisation. Another factor that is propelling hyper-
datafication is the belief that more data necessarily creates more value, which also drives data concentration. Only a
small number of firms, based in a handful of countries, possess the capital and infrastructure required to collect, store,
and process data at hyper-scale. Figure 7 shows this spatial disparity, where vast regions of the world have few data
centres, whereas the majority of the global data centres are located in the US. Such concentration creates high barriers
to entry and reinforces monopolistic dynamics [63].

The concentration of data accumulation enables large-scale value extraction from user-generated and third-party data
without corresponding compensation or meaningful control for data producers. Individuals and organisations contribute
data under conditions of limited transparency, while platforms and the countries they belong to capture the resulting
economic surplus [44]. The outcome is a persistent structural asymmetry in value appropriation [44]. Evaluating how
value is created from data requires comprehensive data provenance, which is not straightforward with the frontier AI
systems [57]. This is also closely tied to the question of data ownership, in which big tech platforms exploit data created
by users to create value for themselves through frontier AI systems, manifesting extreme forms of appropriation [103].
Protecting people’s rights in frontier AI systems, such as generative AI models, relies on data-provenance mechanisms
and expanded legal protections, such as granting individuals copyright over their own identity. Recent proposals,
including the Danish model of giving the copyright of their identity to people, illustrate how data and identity rights
could be formally recognised in this way [13].

Data Frugality to Counter Hyper-Datafication. Hyper-Datafication promotes a data abundance mindset in which
ever-larger datasets are treated as the primary driver of model progress, based on empirical scaling laws linking model
performance to data and compute [36, 47]. Yet, our findings, evidenced by the storage-related energy use (Section 4.1),
data labour conditions (Section 4.2), and infrastructure expansion (Section 4.3), show that this logic systematically
externalises social and environmental costs: the storage and curation of ever-growing datasets impose increased labour
burdens and raise the energy and carbon costs of data storage, curation, and model training. Those costs grow faster
than the marginal performance gains they produce [7].

However, a frugal alternative exists. Techniques such as representative subset selection and coresets exploit the
well-established fact that not all data is equally informative [48]. This allows models to achieve comparable performance
with orders of magnitude less data and computation [50]. However, under current economic incentives, there is little
motivation for companies to adopt such approaches. Data accumulation increases not only technical capacity but also
strategic control and market valuation, encouraging data hoarding even when its utility is low.

For this reason, data frugality cannot be left to voluntary optimisation. It must be enforced as a structural constraint
on hyper-datafication. A corporate data tax could internalise the social and environmental costs of data accumulation,
correcting a market failure in which companies benefit from scale while communities and workers bear the burdens.
Thus, the tax could discourage wasteful hoarding while generating revenue to compensate data generators and data
workers. Frugality, in this sense, is not merely an efficiency principle but a corrective action to the extractive political
economy of data [66].

10https://carbontracker.info/
11https://codecarbon.io/

https://carbontracker.info/
https://codecarbon.io/
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Recommendations to Mitigate Costs of Hyper-datafication. We have presented several critiques of hyper-
datafication in this section substantiated by evidence from Section 4. We synthesise these arguments into a set of
recommendations, ranging from concrete technical measures to longer-term visions for the future, aimed at multiple
stakeholders.

Data PROOFS Recommendations.

• Provenance: Build data provenance into frontier AI systems, for monitoring data quality and attributing
due credit to data producers. This requires the development of new tools and regulations.

• Resource-awareness: Measure and report the environmental and labour costs of data to counter the
narrative about data “infiniteness” and materially ground the bits.

• Ownership: Unless explicitly agreed, the data ownership should–by default–belong to users and not
platforms. This must be encoded as digital citizen rights.

• Openness: Transparent reporting of data costs. Availability of data used for frontier AI development,
so that researchers and policy makers can use it for inquiry.

• Frugality:Data frugality should be the guiding design principle instead of data abundance. Incentivised
as a corporate data tax, which can then be used to compensate data owners and data workers.

• Standards: Develop measurement and reporting standards that can facilitate sustainability provenance
by embedding environmental, social, and monetary costs as meta-data along the data life-cycle.

In addition to the Data PROOFS recommendations, collective action is indispensable to counter the consequences of
hyper-datafication and to improve the sustainability of data in frontier AI. Community resistance is growing; in the US,
more than 140 activist groups across 24 states are mobilising against new data centre construction and expansion [19].
Over the past two years, these groups have collectively stalled or cancelled proposed projects worth USD 162 billion.
Citizen-led protests against hyper-scale data centres are appearing in Mexico, Spain, the Netherlands, India, and
other parts of the world [67]. This trend highlights how the environmental, social, and economic costs of data centre
development are becoming increasingly visible, and how local communities are contesting the uneven distribution of
benefits and harms associated with hyper-scale AI development.

Limitations.We used datasets from Hugging Face Hub as it is one of the few platforms where dataset metadata is
available in a standardised format. Extrapolating our arguments to broader data trends in the AI domain is a limitation
of our work. However, Hugging Face Hub has evolved into a reliable platform for frontier AI data and models, and
serves as a reasonable sample that captures the broader trends and has been used in other works [15, 58, 102]. Thus,
our estimates can be seen as lower bounds on true data costs. Particularly, as we have noted in Section 4.2, the language
representation on the Hugging Face Hub is highly uneven. It does not reflect the global distribution, nor does it mirror
global patterns of digital activity. This should not be interpreted as a failure of a single platform. Rather, it reflects
broader structural dynamics in how data is produced and used across the AI ecosystem.

Data work is carried out globally. However, our questionnaire was only sent to data workers in Kenya. We have
refrained from making generalised claims and tried to limit the scope of labour discussions to the conditions in Kenya.

Likewise, some of the economic costs are primarily US-focused. This is again due to the availability of data sources.
Furthermore, it reflects the dominance of a few regions, such as the US, which host the majority of global infrastructure
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for frontier AI development. Additional clarifications about the limitations of using these data sources are provided in
Appendix D.4.

6 Conclusions

The push for hyper-datafication is tied to the objective of modelling reality from data. Terms like digital twins are used
widely in this context, aiming to mimic consumer behaviour [88], social interactions [34], virtual human twin [24],
planetary climate [20, 61], and even human life events like death [74] from large-scale data. We are progressing from an
era in which models relied mainly on passively accumulated data to one in which the world is actively reshaped to
generate more data. Sensors, platforms, and infrastructures increasingly optimise for continuous data extraction. While
hyper-datafication increases the amount of available data, it does not necessarily yield informative and useful data.
Furthermore, hyper-datafication does not alleviate existing problems with data-driven models but can aggravate them.

We have presented evidence from multiple sources that bring forth the sustainability costs of hyper-datafication in
frontier AI. The results presented in this work invite us to take a step back and reflect on the pursuit of frontier AI on
the back of internet-scale data. Hyper-datafication is framed as an inevitable route to more capable and general AI
systems. Our findings suggest that this is not a neutral form of progress. Instead, it redistributes benefits and burdens
unevenly, while deepening already existing asymmetries in representation and power. We hope the Data PROOFS
recommendations serve as inspiration for improving the overall sustainability of data in frontier AI.

Generative AI Usage Statement

GitHub Copilot and ChatGPT version 5.1 were used to support programming tasks, including the development of
scripts for Hugging Face metadata extraction and data visualisation. Google Gemini, ChatGPT versions 5.1 and 5.2 were
used to identify relevant academic and policy sources, assist with table generation, and to edit and refine language and
grammar in selected sections of the manuscript.
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Appendix

A Hugging Face Datasets Metadata

A.1 Metadata Coverage

Table 1 provides an overview of all metadata attributes and coverage.

Table 1. Overview of metadata attributes. The final sample includes 554,300 datasets.

Attribute Description Coverage [%]

id Unique dataset identifier on the Hub 100.0
created_at Timestamp of repository creation 100.0
last_modified Timestamp of the most recent commit 100.0
downloads_all_time Total number of downloads since creation 100.0
downloads_30d Number of downloads in the last 30 days 100.0
used_storage Estimated storage used by the dataset on the Hub (bytes) 91.0
dataset_size Local storage footprint of the dataset (Apache Arrow, bytes) 74.7
region Reported hosting region (US or EU) 99.8
modality∗ Data modality 78.3
task∗ High-level task category 12.9
sub-task∗ Specific task 12.9
language∗ Languages represented in the dataset (ISO-based codes) 10.2

∗ indicates that the attribute allows multiple labels.

A.2 Modalities and Tasks

Modalities include text, image, tabular, video, audio, time-series, 3d, document, and geospatial. The tasks include
audio-speech (AS), computer vision (CV), multimodal (MM), natural language processing (NLP), reinforcement learning
(RL), and tabular (TAB).

Datasets without a declared modality account for 22% of all datasets but represent 51% of total storage volume, even
though for 41% of them the dataset size could not be extracted. The dominant grey area in Figure 1 (Centre) therefore
corresponds to only 14% of all datasets.

Figure 8 shows the distribution of modality and task combinations, with text datasets dominating the modality
landscape. Figure 9 shows the distribution of dataset sizes and total downloads across modalities and tasks.
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Fig. 8. Distribution of dataset modalities and task categories on the Hugging Face Hub. Left: The fifteen most common dataset
modality combinations on a logarithmic scale. Right: The fifteen most common dataset task combinations on a logarithmic scale.

Fig. 9. Distribution of dataset sizes and downloads on the Hugging Face Hub by modality and task. Left: Violin plots of dataset sizes
(top) and total downloads (bottom) for the fifteen most common modality combinations. Right: Violin plots of dataset sizes (top) and
total downloads (bottom) for the fifteen most common task combinations.

A.3 Language and Download Distribution for Top Ten Languages

To support Figure 6, Table 2 reports language shares on the Hugging Face Hub by dataset volume, compared with
Common Crawl page shares and global speaker populations. Table 3 reports the corresponding shares of total downloads
and downloads in November 2025 corresponding to the 30 days preceding data collection.
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Table 2. Language distribution across Hugging Face (HF) datasets, Common Crawl (CC) pages, and global speaker populations for
the top ten language groups by volume.

Language group HF dataset size (%) CC pages (%) Speakers (%)

English 57.4 42.1 18.5
Multi-lang incl. English 29.8 – –
Multi-lang excl. English 5.2 – –
Japanese 3.1 5.6 1.5
Chinese 1.0 5.6 14.3
Russian 0.5 6.5 3.1
French 0.4 4.4 3.8
German 0.3 5.7 1.6
Arabic 0.2 0.7 4.1
Spanish 0.2 4.4 6.8

Table 3. Download distribution across Hugging Face datasets for the top ten language groups by volume.

Language group Downloads, all time (%) Downloads, last 30 days (%)

English 79.4 67.6
Multi-lang incl. English 11.8 20.1
Multi-lang excl. English 1.0 2.4
Japanese 2.0 1.2
Chinese 1.7 1.9
Russian 0.1 0.3
French 0.2 0.6
German 0.1 0.1
Arabic 0.4 0.9
Spanish 0.1 0.2

B Questionnaire for Data Workers

The questionnaire consisted of ten questions covering demographics, working conditions, and exposure to graphic
content. All questions were administered in English. The questionnaire can be seen below.

Employment and Work Characteristics.

• What type of data work do you typically do? (multiple selections allowed)
– Labelling data (images, text, etc.)
– Content moderation
– Verification of user preferences (e.g. in chatbots)
– Data cleaning
– None of the above
– Other (free-text)

• How often are you exposed to graphic content (violence, self-harm, hate speech, sexual abuse etc.) as
part of your data work?
– Never
– 1–2 times a day
– Several times each day
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– Every other day
– Other (free-text)

• Have you directly worked (not via intermediate BPOs or platforms) for any of the following big tech
companies? (multiple selections allowed)
– Google
– Microsoft
– Facebook/Meta
– OpenAI
– Amazon
– None of the above
– Other (free-text)

• How long have you worked as a data worker?
– Less than one year
– 1–3 years
– 4–6 years
– 7–10 years
– More than 10 years

• How many hours of data work do you typically do per week?
– Less than 10 hours
– 10–20 hours
– 20–30 hours
– 30–40 hours
– 40–60 hours
– More than 60 hours

• What is your average gross monthly salary (before taxes) for doing the data work?
– Less than 50 USD
– 50–100 USD
– 100–200 USD
– 200–300 USD
– 300–400 USD
– 400–500 USD
– More than 500 USD

Demographics.

• Gender:
– Female
– Male
– Prefer not to say
– Other (free-text)

• Age bracket:
– Under 20
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– 20–30
– 30–40
– Older than 40

• Which country are you based in?
– Free-text

Additional Comments.

• Any additional points you would like to add? (optional)
– Free-text

C Questionnaire Summary Statistics

Responses were preprocessed prior to analysis to ensure consistency across categories. For exposure to graphic content,
the questionnaire included four fixed-response options (Never, 1–2 times a day, Several times each day, Every other
day). The two daily exposure categories (1–2 times a day and Several times each day) were collapsed into a single
category labelled Every day. One free-text response reported “Everyday” which was also mapped to Every day. A small
number of free-text responses (e.g. “sometimes”, “once in a while”) were grouped into a single Sometimes category and
excluded from further analysis due to low frequency (4/134).

Free-text responses for type of data work were not included in the analysis. These responses were all unique single
mentions (e.g. “AI training”, “customer service”, “3D”).

For employment relationships with large technology companies, free-text responses were used to clarify indirect
work arrangements (e.g. work conducted via business process outsourcing (BPO) firms). All such responses were
mapped to the predefined category None of the above, reflecting indirect rather than direct employment.

The preprocessed counts are summarised in Table 4.

Table 4. Raw counts for all categorical variables and data work types.

Category Count Category Count Category Count Category Count

Gender Experience (years) Salary per month (USD) Data work type
Female 57 <1 5 <50 15 Verification of user preferences 33
Male 77 1–3 44 50–100 12 Data cleaning 52

4–6 70 100–200 35 Content moderation 67
7–10 15 200–300 42 Labelling data 120

300–400 17
400–500 12
>500 1

Age Hours per week Exposure to graphic content Big tech companies
<20 1 <10 7 Never 45 Google 24
20–30 87 10–20 13 Sometimes 4 Microsoft 13
30–40 45 20–30 8 Every other day 25 Facebook/Meta 35
>40 1 30–40 36 Every day 60 OpenAI 51

40–60 65 Amazon 10
>60 5
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D Additional Analyses

D.1 Household Electricity Equivalents compared to Data Centres

The projected household electricity equivalent for the Microsoft Fairwater data centre in Wisconsin with 3.33 GW
capacity is approximately 3.3 million homes. This figure is derived by calculating the annual energy output of the
facility and dividing it by the average yearly electricity consumption of a Wisconsin residence. A 3.33 GW facility
operating at a standard 90% load factor which is typical for high-density hyper-scale AI infrastructure, generates roughly
3.33 × 365 × 24 × 0.9 = 26.25 billion kWh of electricity annually.

Given that the average Wisconsin household consumes approximately 660 kWh per month [93], or roughly 7,920
kWh per year, the total electrical demand of this single data centre is equivalent to the consumption of approximately
3,315,000 households.

Studies also show that data centres in the US emitted over 105 million tCO2eq in 2024, with carbon intensity ≈48%
higher than the national average, as many data centres are situated in areas with fossil-heavy grids [31]. This also
mirrors the global trend, as the concentration of data centres is higher in fossil-heavy grids such as those in the US and
China (see Figure 7).

D.2 Model for Storage-related Emissions

To approximate storage-related emissions, we use a simple lower-bound calculation. Provider-side energy use for
dataset 𝑖 is estimated as

𝐸prov,𝑖 = 𝜖 ×𝑇𝑖 × 𝑆prov,𝑖 , (1)

where 𝜖 = 60 kWh TB−1 year−1 is the assumed storage energy intensity [77],𝑇𝑖 is the time from creation to 1 December
2025 (years), and 𝑆prov,𝑖 is the used storage size (TB) assumed to be constant. This provides a conservative estimate, as
it omits internal replication by cloud providers.

We apply a parallel calculation for user-side storage by assuming that a fraction of downloads result in local copies
that persist for some period. We estimate user-side energy for dataset 𝑖 as

𝐸user,𝑖 = 𝜖 × 𝑓stored ×𝑇user × 𝐷𝑖 × 𝑆user,𝑖 , (2)

with 𝑓stored = 0.1 denoting the assumed share of downloads that remain stored, 𝑇user = 0.25 years the assumed average
retention time, 𝐷𝑖 the total number of downloads, which we treat as uniformly distributed over the dataset’s lifetime,
and 𝑆user,𝑖 is the local dataset size. These assumptions reflect limited visibility into actual user-side behaviour and
should be interpreted as indicative rather than exact. Based on the available attributes in Table 1, 91% of datasets are
included for the provider-side estimate and 75% datasets included for the user-side estimate. Emissions are derived
using the average US grid intensity of 384 gCO2eq/kWh [70], equivalent to roughly 23 kgCO2eq/TB.

D.3 Internet Traffic and Data Curation

To contextualise global data flows and digital presence, we draw on regionally disaggregated mobile and fixed broadband
traffic statistics from the International Telecommunication Union (ITU) [43]. We use this data to illustrate structural
asymmetries in global data generation and circulation that underpin large-scale AI systems.

Digital participation is uneven well before data is curated for AI. Although mobile broadband networks now cover
96% of the global population, around one third of people still do not use the internet [43]. This disparity is reflected in
global traffic patterns.
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Fig. 10. Mobile and fixed broadband traffic for the Asia-Pacific region, America, Europe, the Arab States, and the Commonwealth of
Independent States (CIS) from 2019 to 2024. Data from International Telecommunication Union [43].

As Figure 10 shows, Asia-Pacific, America, and Europe dominate both mobile and fixed broadband traffic, while
Africa, the Arab States, and the Commonwealth of Independent States (CIS) generate comparatively little.

Even though, traffic volume is not a direct measure of AI data contribution, it provides a meaningful indication of
whose digital activity is more likely to be captured, indexed, or incorporated into large-scale datasets.

D.4 External Data Source Limitations

All external sources are subject to their respective limitations. Financial estimates rely on investigative reporting rather
than audited disclosures, and economic relationships between AI developers and cloud providers are complex and
evolving. The geographic concentration of data centres captures presence but not size or utilisation. Accordingly, we
use these sources to characterise structural dynamics and support qualitative interpretation, rather than to provide
exhaustive or definitive quantification.
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