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Foreword

Ever since we started to use the term datafication to describe the current explosion of digital data, its capture and use, it has
been clear that dominant approaches to data management, described as data ownership and data control here, don't work for
everyone. In this report, Reema Patel describes the mental models, or ways of thinking, that underpin different approaches to
managing data, including those that currently dominate and, importantly, alternative models that could take their place. She
proposes that a fundamental shift in mindset—a change in mental models—is required, if digital society is to function in the
interests of people, not profit.

Building on the argument that data are socially and culturally shaped, and they also shape society and culture, Patel makes the
case that, for data, Al and digital society to work for everyone, we need the “meta-mental model” of data stewardship, which
conceives of data as something that “must be cared for as a living system”. Data stewardship recognises data as a “living system”
or “the new soil"" we rather than “the new oil”, the previously-favoured metaphor which supported data ownership and data
control mental models. Data stewardship recognises that data require continuous, reflexive care rather than fixed, top-down
control. Thus Patel proposes data stewardship as an aspirational and actionable mental model that can lead us towards a better
data culture. As such, this report outlines how we ought to live with data.

In short, Patel argues that in order for things to change, we need to think differently. And change can happen, if we think
differently. I for one am persuaded..

Professor Helen Kennedy FBA FACSS,
Director of the ESRC Digital Good Network

1 McCandless, D. (2010). The beauty of data visualization [TED Talk].



Executive summary

Our collective thinking about data governance is shaped by unconscious beliefs about the world. These are sometimes described as mental models. Our
mental models shape our sense of what problems are noticed and what solutions to these problems are feasible and possible.

They can sometimes limit our understanding of important issues such as how data can be governed and managed. Our current mental models about data
are failing. The ongoing data trust deficit, public concern about data governance approaches, poor data quality, datasets with systemic bias and inequality
that shape artificial intelligence, and repeated data governance systems failures. These all point to the need to dramatically reshape the way we think about
data governance.

Data underpins the design of Al systems, and yet data governance systems have failed to keep pace with Al development. Explosive growth in data collection
and Al capability has outstripped outdated consent-based models. Repeated data governance scandals—from Cambridge Analytica’s misuse of Facebook data,?
to Clearview Al's mass facial recognition scraping,® and high-profile ‘techlash’ responses to the use of data in healthcare systems have eroded public trust.
Emerging regulations remain fragmented and reactive. Rapid advances in generative Al are accelerating risky data practices without adequate safeguards.®
Together, these dynamics reveal a fundamental failure of data governance and the dominant mindsets relating to data governance. As a result, institutions
are no longer able to command trust in how data is used.® For meaningful change to take place, we need to think differently about data governance itself.

My starting point in this report is that change can happen if we think differently.

This report maps out ten different mental models of data governance.” These are: data colonialism, data ownership, data control, data technocracy, data
liberation, data protection, data justice, data sovereignty, data culture, and data stewardship. Understanding how we think about data governance as our
mental models, I argue, is an essential first step towards moving beyond current approaches to realising a just and viable data governance future.

To achieve this, I propose data stewardship as the foundational ‘meta-mental model'. In this mental model, data is not a resource - it is a relationship. Inspired
by an ethics of care, regenerative and ecological systems thinking, and commons theory, the mental model of data stewardship reframes data governance

Rosenberg, M., Confessore, N., & Cadwalladr, C. (2018, April 4). Cambridge Analytica and Facebook: The scandal and the fallout so far. The New York Times.
Dul, C. (2022). Facial recognition technology vs privacy: The case of Clearview AlL. Queen Mary Law Journal, 3, 1-24.

Machirori, M., & Patel, R. (2021, June 11). Turning distrust in data sharing into “engage, deliberate, decide.” Ada Lovelace Institute.

UK Government. (2025). Safety and security risks of generative artificial intelligence to 2025 (Annex B). In Frontier Al capabilities and risks: Discussion paper.
Centre for Data Ethics and Innovation. (2022). Public attitudes to data and Al Tracker survey (Wave 2). UK Government.1
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Meadows, D. (2018, October 18). Everything you know is only a model. Medium.



as the practice of maintaining this relationship over time. As such, it requires careful attention to the question of who defines the terms and nature of the
relationship.

[ also present data stewardship as a call to action for all actors in society to display the behaviour, culture and values of adaptive leadership in shaping these
terms. Philosophers might call this a life well lived in relation to, and with data.®

1. Introduction: mental models for thinking about data governance in
a digital society

A mental model is a set of assumptions and narratives which determines what is noticed, what problems are considered legitimate, and which solutions
seem feasible. Our thinking about data is shaped by our mental models - which are themselves shaped by our social norms and beliefs, and our social and
institutional position.?

By identifying the mental models that we mobilise in our thinking about data governance, we can make sense of how data is understood differently by
different actors.

Values and assumptions about data are often implicit, so surfacing these mental models also opens up the possibility of thinking differently about how data
is governed. Such change is urgently needed, given the growing significance of data in the age of Al, the ongoing ‘data trust deficit’ amongst citizens,'® public
concern about current data governance approaches,’ and data governance systems failures.'?

[ argue that change can happen if we think differently, and an essential first step to doing so is understanding the mental models that inform our thinking.

8 Aristotle. (1999). Nicomachean Ethics (T. Irwin, Trans.; 2nd ed.). Hackett Publishing Company.

9 Takacs, D. (2003). How does your positionality bias your epistemology? University of California Law Review.

10 Hartman, T., Kennedy, H., Steedman, R., & Jones, R. (2020). Public perceptions of good data management: findings from a UK-based survey. Big Data & Society, 7(1).1
11 Royal Statistical Society. (2014, October 2). Royal Statistical Society research on trust in data and attitudes toward data use / data sharing.

12 Vaughan, D. (1996). The Challenger Launch Decision: Risky Technology, Culture, and Deviance at NASA. University of Chicago Press.




2. What are mental models and why do they matter in relation to data
governance?

A mental model is a model that people use to understand complex systems, make sense of uncertainty, and guide decision-making. Systems thinker Donella
Meadows describes mental models as: "

‘the deeply held, often unconscious beliefs, assumptions, and perspectives that shape how individuals perceive, understand, and act within a system.’

Mental models shape what we notice, how we interpret information, what we assume to be possible, and which decisions and actions feel legitimate or
necessary. They are not objective descriptions of reality. Rather, they are ‘cognitive lenses’, or 'interpretive tools'—ways of seeing that help us navigate complexity
by reducing it to something intelligible and actionable. Mental models are especially influential in relation to phenomena like data, where the systems in
question are largely invisible, opaque, highly technical and yet deeply consequential in their social effects. Because data systems can seem abstract and
intangible, people rely heavily on mental models to make sense of them. In turn, these mental models then shape beliefs and assumptions, from public debate
and media discourse to policy design and regulatory choices.

Mental models also reflect people’s position within systems of power, their potential exposure to risk and harm, and their incentives. They are shaped by lived
experiences which relate to race, class, gender, disability, socio-economic position, sexual orientation, and other characteristics.

For example, a policymaker responsible for innovation policy and national digital strategy may view data regulation primarily through a lens of economic growth,
productivity and innovation.' Another policymaker responsible for cybersecurity or defence might look at data through the lens of security, risk, monitoring
and control.’® People from oppressed communities sometimes see data systems as instruments of surveillance and control.’ A technology developer may
see data as a technical resource to be optimised.'®

13 Meadows, D. H. (2008). Thinking in systems: A primer (D. Wright, Ed.). Chelsea Green Publishing..

14 Craik, K. J. W. (1943). The nature of explanation. Cambridge University Press.1

15 Department for Science, Innovation and Technology & Office for Artificial Intelligence. (2023). Al Regulation: A Pro-Innovation Approach (White Paper, UK Government).1

16  Ahmed, F. (2024). Cybersecurity policy frameworks for Al in government: Balancing national security and privacy concerns. International Journal of Multidisciplinary Science and Management, 1(4), 43-53.
17  Eubanks, V. (2018). Automating inequality: How high-tech tools profile, police, and punish the poor. St. Martin's Press.

18 Data: the new engine of economic growth. (n.d.). Herald Scotland (Glasgow), Business HQ.




Because of the different mental models about data that exist across people in government, industry, civil society, and the public sphere, there are competing
visions of the beneficial and responsible uses of data. People often speak past one another rather than engaging in meaningful dialogue because they are
operating with different mental models. This can obscure the underlying values at stake.

At the same time, technological change, often driven by data, is outpacing shared understanding. This has led to what some describe as a ‘story crisis/, in
which narratives are polarised between threat and myopic solutionism™. Others describe it as a form of ‘conceptual disruption’, challenging not only our
societies, but also the way we classify ourselves and the world around us?°. These debates are unfolding against the backdrop of accelerating Al, resulting
in what Srnicek describes as a ‘fight for the future'?'. Al and associated processes of data collection, management and use are reconfiguring long-standing
relationships between states, corporations, and individuals, raising questions about who holds authority, who benefits, and who bears risk?2. New forms of
power — rooted in data collection, use and management, computational capacity, and technical expertise — increasingly sit alongside, and sometimes outside,
traditional democratic and regulatory structures. These dynamics have intensified tensions around rights, access, and control between markets, state and
civil society, and have made questions of legitimacy and accountability more acute.

Making visible the mental models and narratives that underpin different positions will help us address these challenges and move beyond polarised debates
toward more constructive engagement. Meadows identified mental models as one of the most powerful leverage points for changing complex systems, for
example, for shifting how we think about climate change from short termism to long-term thinking. Meadows argues that the most transformative change
occurs when we shift the mindset from which the system arises.?

19 Chubb, J., Reed, D., & Cowling, P. (2022). Expert views about missing Al narratives: is there an Al story crisis? Al & Society, 39, 1107-1126.
20 Léhr, G. (2023). Conceptual disruption and 21st century technologies: A framework. Technology in Society, 74, 102327.

21 Srnicek, N. (2025). Silicon Empires: The Fight for the Future of Al Polity Press.

22 Hao, K. (2025). Empire of Al: Dreams and Nightmares in Sam Altman’s OpenAl. Penguin Press.

23 Meadows, D. H. (1999). Leverage points: Places to intervene in a system. Sustainability Institute.




3. Ten mental models for thinking about data

I propose that there are ten primary mental models which underpin thinking about data governance. Each mental model has a different foundational
perspective on how data is created, governed, and used.

The ten mental models are:

1. Data Colonisation and Feudalism: Reckons with our legacies
of colonisation and feudalism, and practices of enclosure over
resources, which shape our dominant models of data ownership
and control today.

2. Data Ownership: Centres on who legally or morally owns data,
considering data as property, individual rights, collective claims,
and institutional control over data assets.

3. Data Control: Examines who has the power to decide how
data is collected, used, shared, and deleted, highlighting
issues of control, surveillance, and authority.

4. Data Technocracy: Highlights the role of data in shaping
practices of technocratic evidence and decision making - a
form of input into ‘new public management’ systems.

5. Data Liberation and Data as a Public Good: Focuses on
removing barriers to access and use of data so data can drive
transparency, innovation, and public benefit.

6. Data Protection & Rights: Frames data as inherent to the
individual and collective, to be protected through privacy, security,
and human rights, emphasising safequards against misuse.

7. Data Justice: Focuses on the potential for data practices to
reinforce or reduce social inequities, draws attention to social
justice, representation and bias.

8. Data Sovereignty: Considers the historical and indigenous
practices that relate to data use and collection, and continued
sovereignty over them.

9. Data as Culture: Sees data through the lens of cultural practice
- data use, management and collection as part of everyday life,
and as a way of life, data as something to be ‘lived with'.

10. Data Stewardship: Considers the responsible care of data
over time, emphasising relational approaches to data governance
for all actors in society.



Figure 1: 10 mental models of data
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1. Data colonialism and feudalism

primarily seen data as a resource. In turn, this has been shaped

by our histories and legacies of resource extraction and control.

In European settings and contexts, feudalism has had a similar
impact, creating rigid political, social and economic structures centred upon
land ownership and hierarchy. Data governance cannot be fully understood
unless we begin from the starting point of our complex histories with resources
themselves through both colonisation and feudalism, and ongoing relations
mediated between the Global Majority and Global North.?*

g} The lens through which we have historically viewed data has

Data colonialism: Here, data is understood as a resource that is to be taken, to
then be processed, for value to be extracted from - amongst other subsequent
actions. This dominant narrative of extraction and extractivism finds its roots
in the narrative and the rhetoric of colonisation - what Meijas and Couldry
describe as ‘data colonialism’;?* and shaping what Srnicek describes as
emerging ‘Silicon Empires”.?

These researchers draw a parallel between the ways in which nations stole
territories for minerals, crops, wealth, status and dominance; and the ways in
which large technology companies extract or ‘take’ data important to people
and society, in turn engaging in the act of enclosure or fencing - off from
what was once for all (described by economist Ostrom,?” and more recently
by Bollier as ‘the commons’).%

Data feudalism: Historic European medieval feudalism also shaped today’s data
feudalism by normalising systems where power and wealth concentrate with
those who control key productive resources — once land, now data — while
most people contribute value in exchange for access, protection, or participation
but hold limited rights and bargaining power, relative to their contribution.

[ present these two concepts together, because feudalism and colonialism
operated in different contexts but produced similar outcomes: concentrated
control over land, labour, and resources in the hands of a few, while many were
structurally positioned to generate value without equivalent power or share
in the benefits. This mental model is the legacy we have inherited through a
more contemporary mental model which [ present as data ownership, below.

2. Data ownership

property that can be owned, controlled, and traded.?® Influenced
by the model presented above of data colonialism and feudalism,
it can be differentiated as a modern evolution of these logics.
It is rooted in capitalist logics and property rights frameworks, where data
is treated as an asset similar to oil or currency—something that can be
extracted, accumulated, and monetised. This mental model ordinarily frames
data as the source of, or engine of growth - and as a source of competitive
advantage for companies and nations. Common narratives such as “my data,
my asset” reflect a view of data as a personal or corporate resource that can

? The Data Ownership mental model frames data as a form of

24 Jobin, A., & Borra, E. (2019). Data Colonialism in the Digital Economy. Journal of Digital Society, 1(2), 45-62.

25 Couldry, N., & Mejias, U. A. (2019). The costs of connection: How data is colonizing human life and appropriating it for capitalism. Stanford University Press

26 Srnicek, N. (2025). Silicon Empires: The Fight for the Future of Al Polity Press.

27 Ostrom, E. (1990). Governing the commons: The evolution of institutions for collective action. Cambridge University Press.

28 Bollier, D. (2017). Commoning as a transformative social paradigm. Buckminster Fuller Institute.

29 Asswad, J., Dmitriyev, V., Elizondo Guerrero, M. E., Theesen, C., & Kdhlke, J. (2025). Requirements engineering approach for data ownership concepts. Electronics, 14(7), Article 1288.



be leveraged for competitive advantage. The dominant practices associated
with this model include data markets, platform economies, and monetisation
infrastructures where data is exchanged for services, profit, or influence.

This model also assumes that assigning ownership creates clarity, incentives,
and economic value, and that individuals or organisations should be able to
claim economic and market based rights over “their” data. Implicit narratives
include: “data is the new oil”, “we can buy your data - sell your data”, and “data
is a source of economic value”. Policy approaches shaped by this perspective
focus on intellectual property regimes, ownership rights, licensing, and
mechanisms for valuation and trade of data, with a primary focus on market
based and economic return.

3. Data control

The Data Control mental model views data as something

Eé] to be tightly managed, restricted, and governed through

centralised authority. It is grounded in assumptions that security,

stability, and order depend on strong oversight and control of
information flows.3°

This model emphasises the concentration of power over data within
institutions capable of enforcing rules and maintaining compliance. Its
dominant metaphors, such as fortresses, vaults, and command, frame data
collection and monitoring as necessary for the national interest.

In this mental model, data flow through highly centralised, asymmetrical
structures of power, largely due to the high costs associated with building
data infrastructure and “pipelines”. A minority of actors decide what data is

collected and managed, curated and governed, who has access to it, who
benefits, and in which ways.

Technological developments associated with this model include surveillance
infrastructures, centralised databases, and monitoring systems. Policy
approaches informed by this mental model prioritise security, data collection,
surveillance capabilities, and enforcement mechanisms, often expanding
institutional authority over data in the name of safety or order.

4. Data technocracy

The Data Technocracy mental model positions data driven

ﬁ technical expertise as the primary basis for governance and

[ decision-making.®' Rooted in technocratic thought, which

prioritises and elevates the value of technical expertise above all

other forms of expertise; and best understood as an extension of the lens of

‘new public management’ that sought to assign private sector methodologies

to the delivery of public services, it assumes that complex social problems can

be best managed through optimisation, the development of key performance
indicators (KPIs) and expert-led analysis.

Its dominant metaphors of dashboards, control panels, and command
systems evoke oversight, and rational control. The imaginaries associated
with this model include performance dashboards, and real-time monitoring
infrastructures used in government and management. Policy approaches
shaped by this mental model emphasise standardisation, sometimes at the
expense of transparency or public input.

30 Schneier, B. (2015). Data and Goliath: The hidden battles to collect your data and control your world. W. W. Norton & Company.

31 Fischer, F. (1990). Technocracy and the politics of expertise. Sage.
32 Hood, C. (1991). A public management for all seasons? Public Administration, 69(1), 3-19.
33 Gitelman, L. (Ed.). (2013). Raw data is an oxymoron. MIT Press.
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5. Data liberation

The Data Liberation mental model understands data as a public
o good that should be openly accessible, freely shared, and widely
reused. It is grounded in the assumption that openness leads to
innovation, and that restrictions on data access hinder progress
and accountability.

Drawing on ideas from tech libertarianism and open knowledge movements,
data is seen as something that gains value through circulation rather than
control.?* Aligning with the ideals of the Silicon Valley movement, data is
framed as a commons, flowing river, or as sunlight - open, and able to shed
light on important issues across the world.

This mental model reinforces the idea that data should move freely to
illuminate problems and enable collective problem-solving. Narratives such
as “open data empowers everyone” and “transparency builds trust” are central
under this model, emphasising the democratising potential of access (while
paying less attention to inequalities in who can meaningfully use data).

Technological developments associated with the data liberation mental
model are open data portals, open science platforms, public APIs, and civic
technology ecosystems that enable reuse and innovation.

Policy approaches shaped by this model typically focus on transparency,
openness, and accessibility, advancing initiatives such as open data mandates,
Creative Commons licensing, and standards for data sharing, with the
underlying belief that making data open is itself a sufficient condition for
positive social impact.

6. Data protection and rights

The Data Protection and Rights mental model understands data
. as something that must be safeqguarded to protect individual
rights and freedoms.

Rooted in liberal legal traditions and centering predominantly on the concept
of privacy, this model emphasises the importance of rules, safeguards, and
accountability mechanisms to prevent harm arising from data misuse.**

This mental model is commonly expressed in the metaphors of locks, keys,
and walls, which convey the need for boundaries and controlled access.
Central narratives such as “rights must be protected” frame data governance
as a matter of legal compliance and risk mitigation rather than innovation
or ownership.

The practices associated with this model include consent banners,
privacy notices, regulatory frameworks, and oversight bodies tasked with
ensuring lawful data use. Policy approaches shaped by this perspective
typically focus on privacy regulation, consent regimes, compliance
processes, and risk management frameworks, with instruments such as
the GDPR serving as emblematic examples of this rights-based approach

to data governance.

34 Bennett, C.J., & Raab, C. D. (2003). The governance of privacy: Policy instruments in global perspective (1st ed.). Routledge.

35 Berners-Lee, T. (2010). The year open data went worldwide. Scientific American.



7. Data justice

The Data Justice mental model views data systems as embedded

E‘l}_@ within social, political, and economic power structures, and
therefore capable of reproducing or amplifying inequity.

Grounded in critical political economy and social justice traditions,

this model challenges the assumption that data is neutral, emphasising
instead that bias and structural disadvantage are encoded in data practices.
It recognises an imbalance between those who manage and control data,
and those who are impacted by data, through explicit recognition of a ‘data
divide’ which drives divisions of knowledge, access, power and control between
those who manage data and those who do not and recognition of structural
inequalities®®. The central argument that advocates for data justice make is
that data governance must negotiate and address asymmetries of power.*’

Narratives include “communities should have agency over the data that affects
them”, which reframes data not as a private asset but as a social and political
resource). It envisions data infrastructures as sites of accountability, seeking
to embed social justice into every layer of the data lifecycle, from collection
to algorithmic decision-making.=#

This mental model highlights the ways in which data systems both
reflect and reproduce social hierarchies, and demands that data justice
requires transformative interventions in power relations.** The mental
model of data justice proposes an alternative political economy of
data, one that redistributes data’s value and related responsibilities.

Practices associated with this model include bias audits, algorithmic impact
assessments, and equity-focused evaluations designed to surface and mitigate
harm. Policy and practice informed by the data justice mental model therefore
prioritise equity, accountability, harm reduction, and the redistribution of
power in how data is collected, analysed, and used.

8. Data sovereignty

The Data Sovereignty mental model frames data as an enabler
E of civic sovereignty based on collective self-governance and self
F:] rule, where knowledge can be held in trust for past and future
generations. It also acts as a direct response to the first mental
model of data colonialism. Data sovereignty can be read as a mental model
that prioritises the right to self-determination by communities who have
been subject to legacies and the continuing patterns of colonial violence and
control over resources, including (but not limited to) their data. The notion
of data sovereignty has its origins in indigenous scholarship and activism.
Frameworks aligned with the data sovereignty mental model include the
First Nations Principles of OCAP®,*° and the CARE Principles for Indigenous
Data Governance.*!

The practices associated with this model focus on civic and community-
controlled data infrastructures, collective decision-making bodies, and
protocols that govern how data can be gathered, shared and refused.
Initiatives such as Indigenous Data Sovereignty communities and community

36 Ada Lovelace Institute. (2021, March 25). The data divide: Public attitudes to tackling social and health inequalities in the COVID-19 pandemic and beyond. Ada Lovelace Institute.

37 Kalluri, P. (2020). Don't ask if artificial intelligence is good or fair, ask how it shifts power. Nature, 583, 169.

38 Taylor, L. (2017). What is data justice: The case for connecting digital rights and freedoms globally. Big Data & Society, 4(2), 1-14.

39 Metcalfe, P, & Dencik, L. (2019). The politics of big borders: Data (in)justice and the governance of refugees. First Monday, 24(4).

40 OCAP® is a registered trademark of the First Nations Information Governance Centre (FNIGC). See https://fnigc.ca/ocap-training

41 Global Indigenous Data Alliance. (2020). CARE principles for Indigenous data governance. https://www.gida-global.org/care
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data cooperatives.*? The narratives of this mental model challenge extractivist
logics of data enclosure, instead foregrounding stories of self-determination,
repair and revival, refusal and resurgence for communities.

Self-determination can be understood as the principle that communities
retain the agency to shape the relevance and importance of data for
themselves through collective self governance. Repair and revival begins
from the standpoint of communities to recognise that ownership and
control over data and knowledge structures allows them to restore and
repair the damage inflicted upon their communities. Refusal ensures
that communities retain the right to refuse or reject the misuse of their
data. Resurgence is a forward looking concept that proposes that
communities can work with data to resurge their ancestral data practices.

This approach reshapes data practices toward acknowledging data as
ancestral and embracing practices of care, ensuring communities have the
right to determine how data shapes their identities, histories, and futures.*
This mental model reshapes how data practices are imagined towards
acknowledging data as ancestral, towards practices of care, and the right of
communities (especially those historically marginalised and disenfranchised)
to determine how data has historically, and can continue to shape their
identities, histories, and futures.

9. Data culture

The Data Culture mental model frames data as social and cultural,
Q2 shaped by human values, norms, and social/institutional practices.
QW Rather than seeing data as neutral or objective, this perspective
sees what gets collected as data and how it is interpreted as

reflecting cultural assumptions and power relations.

This mental model is firmly grounded in cultural theory which understands
culture as ordinary, lived, and socially embedded.* Richard Hoggart, for
example, emphasised the everyday practices, knowledge, and habits that
constitute culture. Raymond Williams extended this framework by arguing
that culture is ordinary, historically situated, and intertwined with social
institutions.“> We can see understandings of data as culture emerge through
Kennedy and Bates' framing of data as lived with.

Data can be understood as a cultural construct rather than a purely technical
artifact, a way of thinking that is reflected in the work of Gray,“® Kennedy,*’
and Bates.*® Instead of presenting data as ‘objective’ quantitative numbers,
metrics, or algorithms, this model presents them as culturally produced by
social practices, institutional priorities, and historical contexts. Understood
in this way, data is represented, curated and managed within a particular
cultural framework, and seen as a culturally mediated set of choices. In
this sense, understanding, governing and analysing data requires us to
recognise and make explicit that data itself is shaped by human decisions,

42 Kukutai, T., & Taylor, J. (2016). Indigenous data sovereignty: Toward an agenda. ANU Press.

43 Marchal, I. (2025). Al tool adjusts for ancestral bias in genetic data. Nature Biotechnology, 43(4), 501.

44  Hoggart, R. (1957). The uses of literacy: Aspects of working-class life. Chatto & Windus.1

45  Williams, R. (1961). Culture is ordinary. In Culture and society 1780-1950 (pp. 3-14). Chatto & Windus.

46  Gray, J. W. Y. (2025). Public data cultures. Polity Books.

47 Kennedy, H. (2015). Is data culture? Data analytics and the cultural industries. In K. Oakley & J. O’Connor (Eds.), The Routledge companion to the cultural industries (pp. 398-407). Routledge.

48 Bates, J., Lin, Y.-W., & Goodale, P. (2016). Data journeys: Capturing the socio-material constitution of data objects and flows. Big Data & Society, 3(2).



values, and assumptions. Gray highlights organisational and socio-cultural
practices around data; and Bates demonstrates that media industries treat
audience data as a cultural resource, influencing content, marketing, and
institutional knowledge.* Collectively, they see data as inseparable from the
culture framework that produces and uses it.

Through the mental model of data as culture, therefore, we can see data
itself as a product of culture and society. Working with data is not merely a
technical act but a cultural one requiring critical attention to how we culturally
and socially encode knowledge, power and meaning in data and data-driven
technologies.

Narratives such as “culture shapes data creation and use” highlight the idea
that data both reflects and reinforces the values of the systems that produce
it. It reframes data as a cultural material and participatory medium, as data
practices are embedded in cultural and political life. Inherent to this mental
model is the sense of data as something we live with and are part of (as
in the phrases ‘living with data’*® and ‘being with data'*'used on different
research initiatives).

10. Data stewardship

The final, and tenth model is the model that I make the case for,

Qﬂ building upon a rejection of some of the mental models discussed

== above, and an evolution and iteration of other mental models. The

Data Stewardship mental model understands data as something

that should be cared for, maintained, and governed responsibly over time.

Data stewardship has been hard to define, and people have understood

itin different ways. Some commentators have historically described data

stewardship as an activity,*? institution,*® role, intermediary,** function,

competency or series of behaviours.*® In proposing these definitions, most
actors have focused on what stewards do.

Practices associated with this model include participatory and civic initiatives,
such as data trusts, cooperatives, and stewarded data infrastructures designed
to balance use with responsibility to people, society and communities.
Policy and governance approaches shaped by this mental model have the
potential to invest in capacity building, trust-building, civic, relational and
participatory oversight and durable governance arrangements that recognise
data governance as something lived with and shaped by civics and people,
rather than merely owned or regulated.®®

49 Jarke, J., & Bates, J. (Eds.). (2024). Dialogues in data power: Shifting response-abilities in a datafied world. Bristol University Press.

50 Kennedy, H. (2018). Living with data: Aligning data studies and data activism through a focus on everyday experiences of datafication. Krisis: Journal for Contemporary Philosophy, 38(1), 18-30

51 Tkacz, N. (2022). Being with data: The dashboarding of everyday life. Polity Press.1
52 Ada Lovelace Institute. (2021). Disambiguating data stewardship. Ada Lovelace Institute.

53 Royal Society and British Academy. (2017). Data management and use: Governance in the 21st century. Royal Society.

54 Manohar, S., et al. (2020). Understanding data stewardship: A taxonomy and use cases. Aapti Institute (Data Economy Lab).

55 Verhulst, S. (2025). Data stewardship decoded: Mapping its diverse manifestations and emerging relevance at a time of AL

56 Ada Lovelace Institute. (2021). Participatory data stewardship: A framework for involving people in the use of data (Lead author: Reema Patel).
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In this report, I propose we extend these diverse descriptions of data
stewardship in a way that explains why it matters - as a very particular way
of living with data (drawing upon the mental model of “data as culture”). If
data governance can be understood in part as a cultural and sociological
practice, data stewardship complements this mental model by articulating what
that better and improved culture might look like. The central narrative of this
mental model, that “data must be cared for as a living system”, highlights the
ethical duty to steward data in ways that sustain trust, protect communities,
and support collective benefit for all.

Drawing on commons theory and care ethics, the mental model of
stewardship frames data as a shared endeavour, requiring the continual
practice of stewardship, or ‘commoning’, by all actors and stakeholders
in society, shaping their actions, behaviour, cultures and values. In his
landmark work on the commons, Bollier explains that commoning is not
just about sharing resources; it's a relational and social process — a set
of ongoing practices of cooperation, participation and peer governance
amongst and between people. He calls it a “transformative social paradigm”.*”

Commons theory, applied to data, rejects the dominant mental model of “data
ownership” and extraction, argues instead that data can be understood as
analogous to “the commons,” which requires collective care and collaborative
governance. This perspective views the commons (or ‘ecology’) as a living
system involving and impacting upon a community of users who steward it,
rather than simply a resource to be owned or controlled. The practice that

brings this theory to life is called “commoning,” encompassing the necessary
actions, behaviours, cultures and values for the caretaking of the system.*®

In drawing upon care ethics, [ am grounding stewardship within the relational
ethics frameworks drawn from the Global Majority, such as Ubuntu ethics (1
am because we are’), Indigenous perspectives,® as well as Eastern schools of
thought that emphasise collective responsibility, relationality, and selflessness.
Perspectives from Indigenous contexts, often linked to the Global Majority
have already formalised this way of thinking through the CARE principles
for Indigenous Data Governance (Collective benefit, Authority to control,
Responsibility, Ethics), reminding us that data is relational.®® This approach
focuses on “relationality and an ethic of care towards the people to whom
the data relates and benefits” and is rooted in postcolonial independence
movements that prioritise community, solidarity, network building, and care.
Philosophical traditions from ancient India, such as nishkama-karma (Bhagavad
Gita 2.47) also underscore the caretaking dimensions of stewardship.5' This
concept demands a selfless ethos where action is rooted in the collective
good. For data stewardship, this means making a generational commitment
to pass on data, data-driven technologies, and their impact on systems better
than they were found.

Guided by the principle of nishkdma-karma — action with social and civic
purpose— my approach to data stewardship grounds data governance in
ethical responsibility, collective benefit, and long-term relational care, resisting
the extractive or colonial logics that dominate much of contemporary data

57 Bollier, D. (2019). Free, fair, and alive: The insurgent power of the commons. New Society Publishers.
58 Bollier, D. (2017). Commoning as a transformative social paradigm. Buckminster Fuller Institute.
59 INDIGENIA manifesto for digital good living. (n.d.). Digital Good Network.

60 Carroll, S. R, et al. (2020). The CARE principles for Indigenous data governance. Data Science Journal, 19, Article 43..

61 Bhagavad Gita (traditionally attributed to Dvaipayana Vyasa) Chapter 2, Verse 47.1



practice. Furthermore, this grounding in relational care ethics is a direct
rejection of Global North dominated individualistic and rights-based data
models. The shift from individualistic and commercial paradigms to
collective relational care embedded within data stewardship is a deep
philosophical shift.

Questions of power

As many actors behave in accordance with dominant mental models, they
generate outcomes that appear to validate and in turn, reinforce dominant
mental models and their underlying narratives. Beliefs shape actions, actions
produce outcomes, and outcomes retrospectively justify the beliefs that
produced them.®? This is how certain narratives become dominant.

The capacity for particular mental models and their associated stories and
narratives to shape technological outcomes is not evenly distributed. Some
actors are far better positioned than others to ensure that their interpretations
of the world become institutionalised. In the context of data, this asymmetry
is reflected in whose voices are heard. The development and governance
of data and, increasingly, data-driven Al systems are, therefore, not neutral
technical processes. They are shaped by relations of power and privilege.

Data-driven governance often operates under the illusion that data “speaks
for itself.” In practice, data infrastructures encode political choices about
what is measured, how it is interpreted, and whose knowledge counts.®?
Prioritising technical expertise, closes opportunities for transparency and
public deliberation.

Data scientists and Al developers and policymakers often occupy relatively
privileged social, educational, and institutional positions - bringing their own
mental models to the table. These positions shape what kinds of Al systems
are built, and the assumptions and values embedded within them. This applies
too to policymakers, professional networks and regulatory institutions.

As a result, the boundaries of what is considered legitimate or desirable
are often drawn in ways that reflect existing distributions of power, while
alternative visions remain marginalised or unintelligible within dominant
frameworks.

Without sustained critical attention, data governance and Al risks reinscribing
longstanding patterns of exclusion under the guise of innovation and technical
necessity.

62 GGranados Samayoa, J. A., & Albarracin, D. (2025). Understanding belief-behavior correspondence: Beliefs and belief-to-behavior inferences. Psychological Inquiry, 36(1), 1-22.

63 Kitchin, R. (2014). The data revolution: Big data, open data, data infrastructures and their consequences. SAGE.



The need for participation and inclusion in
data governance

Understanding these mental models puts focus on the need for meaningful,
inclusive public participation in data governance and Al, which includes a
full range of mental models.

If public voices are to play a genuinely transformative role, the conditions
under which those voices are enabled to participate and included must
themselves be interrogated. This requires attention to how the agenda is
set, whose knowledge is legitimised, which mental models and narratives
shape policy, and how power circulates through ostensibly neutral technical
data collection processes.

Without such reflection, participation and inclusion risks becoming symbolic—
reproducing existing hierarchies under the appearance of openness. A
genuinely participatory approach to data, will require reconfiguration of
the mental models and institutional structures that determine whose visions
of the future are allowed to matter.

4. What's a good mental model?

How mental models work

There are different ways of understanding mental models. They can be seen
as a map, which simplifies reality to make it easier to navigate, while also
highlighting certain features. They can also be knitted together as latticework
- just as strips of fabric or wood might be crossed over each other to make
more than the sum of their parts. Mental models for data can highlight
some features (eg efficiency and innovation) while downplaying others (e.g.
power and inequality).

Another way of thinking about mental models is as a frame. The Overton
Window helps understand the idea of mental models as frames.® The Overton
Window is a concept that describes the range of ideas that are considered
“sayable” within public and political discourse at a given moment.® Figure
X below shows how different mental models are situated within different
ranges of what is seen as politically acceptable or ‘sayable’ at a given point in
time. It illustrates how dominant mental models and paradigms have gained
prominence as ‘conventional wisdom,” whilst emergent mental models have
struggled to gain political acceptability and traction. Because frames operate
largely beneath conscious awareness, they are rarely questioned, yet they
are powerful forces shaping governance and policy outcomes.

64 Overton, J. P. (n.d.). The Overton window of political possibility. Mackinac Center for Public Policy.
65 Beck, G. (2010). The Overton window. Simon and Schuster.1
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Figure 2: Example of How Different Mental Models are Differently Situated
Within the Overton Window (Anglo-American discourse in 2026)

While I have presented 10 distinct mental models, they can exist together,
as can the assumptions that underpin them. This layering is not inherently
problematic, but it can become so when tensions between models go
unexamined. For example, treating data as both a public good and a
competitive asset can create contradictions between openness and secrecy.
Framing data as a neutral tool while also recognising it as socially embedded
can obscure questions of accountability. Similarly, invoking data as a driver
of economic growth while downplaying its role in labour displacement or
environmental impact reflects an unresolved tension, and can't lead to a
coherent strategy. These tensions are often managed through institutional
habit or political convenience, rather than through deliberate governance
choices. Rather than offering a single “correct” view of data, these mental
models are intended to support pluralism, reflexivity, and more honest
decision-making in the face of complexity.

Limitations of the dominant mental models

Critiques of Data Colonialism and of Data Ownership: Data is often
positioned as the new ‘oil, a driver of economic growth and productivity, made
available for refinement and extraction - with properties such as exclusivity,
the ability to be monetised, and the ability to be extracted exclusively for
commercial purposes. This will evidently be a metaphor that anyone living
in, or aware of the oil spillage in the Gulf of New Mexico may well struggle
with, given the extraordinary scale of environmental and broader social
impact this narrow mindset or mental model had on communities living in
the region. Just as logics of colonisation, extraction, commodification and
refinement have wreaked havoc on communities through environmental
harm, so do the logics of data accumulation and control for communities,
through surveillance, management, data injustice, and data disconnection.
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Critiques of Data Control: This mental model overlooks the potential to
entrench systemic inequalities: communities are reduced to sources of data,
with little say in how it is used, and harms such as surveillance and bias are
disproportionately borne by the less powerful.®® The use of data has been
highly centralised, sometimes to devastating effect. Today, data continues to
flow through highly centralised, asymmetrical structures of power, largely
due to the high costs associated with developing, building and controlling
data, and building ‘data infrastructure and pipelines’. A minority of actors
currently decide what data is collected and managed, for what purpose, how
it should be curated and governed, who has access to that data, and who
benefits (and in what ways). This presents deep risks and has the potential
to entrench, rather than address systemic inequalities: many communities
are reduced to sources of data, with little say in how it is used, while harms
such as surveillance, bias, or exclusion are disproportionately borne by the
less powerful - who have less power and ability to have their voices count.

Critiques of Data Technocracy: Narratives such as “the data knows
best” frame data-driven systems as objective and superior to human
judgment, often privileging efficiency and optimisation over deliberation
or democratic participation. This privileging of technical expertise enables
forms of algorithmic governance that emphasize control and optimisation,
while narrowing opportunities for transparency, contestation, and public
deliberation. As Rob Kitchin notes, data-driven governance often operates
under the illusion that data "speaks for itself”.*” Dashboards produce a “view
from above” that abstracts social reality into a set of comparable indicators,
enabling oversight, control, and intervention from a distance. Phenomena
that cannot be easily quantified—such as lived experience, contextual nuance,
or informal practices—tend to fall outside the frame of analysis and, as a
result, outside decision-making.

Critiques of Data Liberation: The open data movement grew out of the
early idealism and imaginaries of Silicon Valley, shaped by the belief that the
internet could serve as a new commons, that the internet creates new power
dynamics between powerful actors and citizens, and that innovation would
flourish if data were freely shared. To a certain extent, this idealism has been
realised - we can see that many new technologies and disruptor companies in
fields as diverse as health, banking and transport have transformed ordinary
people’s lives for the better. Inspired by open-source culture and Silicon
Valley's ethos of disruption, open data was framed as both a democratic tool
and a raw material for economic progress and growth. It also carried the
considerable privilege of being a hegemonic narrative - understood as a widely
accepted, dominant story and explanation shaping society’s understanding
of the world by those in positions of power. The optimism of the early days
of Silicon Valley was also marked by significant (and somewhat economically
and commercially convenient) blind spots - it often overlooked the questions
of power, responsibility, and justice surfaced by the mental models of data
as justice, data as rights, and data sovereignty - it assumed openness was
inherently good, and that those who would use open data would use that
data in well intentioned ways, while neglecting the questions as to self-
determination over data, as well as who truly benefits or bears risks.

66 Zuboff, S. (2019). The age of surveillance capitalism: The fight for a human future at the new frontier of power. PublicAffairs.
67 Kitchin, R. (2021). The data revolution: A critical analysis of big data, open data and data infrastructures (2nd ed.). SAGE.



Critiques of Data as Liberation, Data as Justice, Data as Rights, Data
Sovereignty and Data as Culture

[ do not consider these mental models to be inherently flawed. Rather, I suggest
these approaches are incomplete. Without a fuller account of data stewardship—
as a meta-mental model—they mainly identify the limitations of dominant mental
models of data, offering only a partial answer to how data should be governed.

The case for data stewardship: To borrow a cricketing metaphor, data
stewardship extends the forward defence of these approaches into a straight
drive — moving beyond describing the limitations of our current mental
models toward advancing a more constructive and confident orientation
towards a just and viable future.

Only some mental models point the way
towards a just and viable future

As illustrated in this report, the current crisis in data governance—marked
by a trust deficit and systems failures —demands a fundamental shift in
mindset for meaningful change to take place. I have mapped the mental
models on the Three Horizons Framework,which conceptualises change as
the interplay between three temporal horizons of practice and mindset.

Horizon 1 represents the dominant, prevailing mindsets and practices (Data
Ownership/Control); Horizon 2 encompasses emerging alternatives that
challenge the status quo (e.g., Data Liberation, Protection, Justice, Culture);
and Horizon 3 signifies the just and viable future system, characterised by
new logics of shared responsibility, relational care and and ecologies and
commons thinking (Data Stewardship).

[ have also proposed a new horizon, as an evolution of Sharpe’s original
thinking within the framework below - which is Horizon 0. At Horizon O, we are
asked to interrogate how we arrived at our dominant and prevailing mindsets
and practices - in turn examining the mental model of data colonialism and
data feudalism.

21
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Figure 3:

The four horizons framework for
data governance (based on Sharpe’s
Three Horizons)

- Horizon 0 represents the roots of our crisis - the histories and the legacies of
resource extraction, expansionism, imperialism and control that have shaped
our prevailing and dominant mental models to date. An example is data
colonialism, and the related logic of data feudalism.

- Horizon 1 represents the prevailing mental models of data ownership and
of data control—in this case, data governance dominated by compliance-
driven, risk-averse, and institutionally siloed approaches. Here, data is
primarily conceived as an asset to be owned, controlled, and monetised
within organisational boundaries.
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- Horizon 2 constitutes the range of mental models that are shaping
emerging futures, where actors begin to explore alternative mental models
and engage in a dialogue that generates creative friction - the mental models
of ‘data liberation’ ‘data protection’, ‘data justice’, ‘'data as culture’, and
‘data sovereignty’'— challenge and respond to the limitations of these
incumbent logics.

- Horizon 3 denotes the emergent ‘just and viable' future system, shaped by
new logics of shared responsibility, relational value creation, and collective
intelligence - what I present in this section as a ‘mental model’ of data
stewardship. In this horizon, data is reframed as a shared civic and societal
resource that underpins public value rather than private extraction.



5. Data stewardship - a meta-
mental model for a just and viable
data future

‘Wisdom demands a new orientation of science and technology toward the
organic, the gentle, the elegant and beautiful.’®® - Ernst Schumacher

Data stewardship sees data itself as a living system, and invites us to reframe
it as a relationship between all actors in society. If data mediates social
relationships, stewardship asks us to continually define the terms of that
relationship in the interests of all. Data stewardship is continual, habitual
and embodied. *°

The current crisis in data governance—marked by a trust deficit and systems
failures —demands a fundamental shift in mindset. Here I make the case
for the Data Stewardship mental model as an essential ethos capable of
guiding data governance toward a just and viable future. In particular, it
has the potential to be a coherent and consistent mental model that knits
together the various mental models in Horizon 2 into a single ‘latticework’ -
interlacing the mental models in Horizon 2 together into a singular whole.

The Data Stewardship mental model has the potential to serve as a vital
container, allowing perspectives to co-exist alongside each other - allowing
a ‘lattice’ or network of mental models to be adaptive and relational. Moving
from the metaphor of data as the new ‘oil', towards a cultivator's mindset - of
data as the new soil',”® we can lean into the analogy of data stewardship as
an ethic of care towards people, networks, communities and society.

Figure 4 - Cultivating data as the new soil
David McCandless, a data scientist, and data visualisation specialist describes
data in the following way:

Twould say that data is the new soil. Because for me, it feels like a fertile,
creative medium... it feels like visualisations, infographics, data visualisations......

68 Schumacher, E. F. (1973). Small is beautiful: Economics as if people mattered. Blond & Briggs.

69 Lockwood, T.(2013). Habituation, habit, and character in Aristotle’s ethics. In T. Sparrow & A. Hutchinson (Eds.), A history of habit: From Aristotle to Bourdieu (pp. 19-36). Lexington Books..
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If you look at it directly, it’s just a lot of numbers and disconnected facts. But if
you start working with it and playing with it in a certain way, interesting things
can appear and different patterns can be revealed.’

Living with data, and relating to data itself as a living system, can be
understood as akin to seeing data as part of a complex and adaptive
environmental and social system affecting everyone within it, where data is
not static but circulates like nutrients in soil, or water in nature - analogous to
an ecology. Within this ecology, diverse types of data occupy different niches,
shaped by people, technologies, institutions, cultural practices and norms
that give them meaning and value. The health of the system and its impacts
on people communities depends on the balance of flows—how data moves
across boundaries from individuals to organisations, governments, and global
platforms—and on how equitably the benefits and risks are distributed.

Like ecosystems, data ecologies can be vibrant and resilient when cared for
through the continual practice of stewardship at the individual, community
and systemic level, or extractive and brittle when dominated by a few powerful
actors. They have the potential to adapt and evolve with technological shifts,
legal frameworks, and social expectations, requiring careful stewardship to
sustain openness, innovation, and collective rights. In this conceptualisation
of the 'living system of data’ which is the field in relation to which stewardship
works or operates - rivers represent flows of data, forests signify repositories
of knowledge, pollution and * externalities’ symbolise misuse or bias,
keystone species are critical to the whole system, and gardeners, farmers
and conservationists are the stewards and communities that nurture and
protect the entire living system. And ultimately, beneficiaries are the people
and communities who directly experience the benefits and the risks of the
environments they inhabit.
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Figure 5: Illustration of Data Stewardship as a Living System or Ecology




6. Conclusion: Dimensions of data stewardship

Figure 6: Dimensions of
data stewardship
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The meta-mental model of Data Stewardship can be seen as multi-dimensional,
which positions data governance as an ongoing, relational and ethical practice.
This framing invites practitioners to move beyond siloed interventions so
that meaningful data stewardship arises through the continuous negotiation
and maintenance of these interdependencies and consideration of these
dimensions over time.

The seven interdependent dimensions presented in the image above are
as follows.

(1) Data Commons and Boundaries - engaging the mental model of data
rights and protection. This section, informed by the work of the Indigenous
Data Alliance, as well as Elinor Ostrom and David Bollier, focuses on the
balance between shared access and clearly defined limits, enabling both
collective benefit and the protection of rights such as privacy, consent and
sovereignty.

(2) Data Lifecycles and Flows - engages the mental model of data liberation.
The positioning of data as flowing across and between ecosystems critically
engages with the importance of ensuring that data can shape and create
broader economic, societal and environmental value - within appropriate
safeguards and constraints. This dimension makes visible the movement
of data through stages of creation, use, sharing, archiving and deletion,
highlighting the need to identify blockages and imbalances - governing
flows appropriately.

(3) Data Beneficiaries engages the mental model of data justice. It invites
us to beyond narrow conceptions of the individual to whom data relates to
encompass a broader range of stakeholders, ensuring that value is distributed
justly and that beneficiaries can actively shape and engage in influencing
governance itself.

(4) Data Stewards - engages with the mental model of data as culture. In
parallel to engagement with beneficiaries, ‘Data Stewards’ recognises the
central role of those stakeholders and actors who directly manage and interact
with data, emphasising the importance of their cultural and sociological
mindsets in shaping and operationalising stewardship practices.

(5) Ecosystem Stability - engages with the mental model of data stewardship.
‘Ecosystem Stability’ is a feature of data stewardship that emerges from the
dynamic interaction of the other principles, reflecting the need for adaptive
governance, accountability and self-regulation of all actors and stakeholders
over a continuous period of time. Here, as with living ecological systems,
stability is not imposed from above but is produced through the ongoing
alignment of relationships between commons, boundaries, flows, stewards
and beneficiaries.

(6) Environmental and Planetary Boundaries - also engages with the mental
model of data stewardship.”" ‘Environmental and Planetary Boundaries’
situates the concept of data stewardship itself as within material and ecological
limits, drawing attention to the materiality and the material impacts of data
systems. As such this dimension calls attention to the environmental impacts
of data infrastructures and the need for regenerative approaches to data
practice.

71 Patel, R., & Peppin, A. (2020). Exploring principles for data stewardship. Ada Lovelace Institute.



Together, these function as interlocking strands that shape the conditions
under which data is generated, governed and used.

(7) And collectively they reinforce data sovereignty, ensuring that people
and communities have self-determination over their data. Together, these
dimensions present data stewardship as ordinary, continual, evolving practice
mediated by social relationships, and shaped by society and culture.

Crucially, these domains do not operate independently of each other but
rather, reinforce each other. These dimensions are aimed at reorienting
ourselves towards fundamental principles that have historically focused on
sovereignty, care, collective responsibility and civic relations.

[ focus this report, therefore, on data stewardship, not as a new idea, but
rather as the re-discovery of a foundational concept in response to the failures
of the paradigms of colonisation, ownership and control.
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A note on reading the author’s
work within the field

‘And the end of all our exploring. Will be to arrive where we started. And
know the place for the first time." - T.S Eliot, Little Gidding

This report should be read as a theoretical foundation that grounds my
thinking in the Ada Lovelace Institute report on mechanisms for participatory
data stewardship, originally authored and published in 2021.72 While that
earlier report examined how participation in data governance might be
enabled, it left open the question of what data stewardship itself meant,
offering only a provisional working definition.

Since then, and in an independent capacity with support from the ESRC Digital
Good Network, I have evolved a deeper articulation of data stewardship, as
presented in this report. I take a deliberate and intentional normative turn
here, moving from the 'how’ to the ‘why’. Data stewardship is positioned
as a foundational ‘mental model for a just and viable future, grounded in
principles of the commons, care ethics, and ecological systems thinking.

Understood this way, data stewardship is positioned not as a resource, but as
a shared relational and societal endeavour with the potential to sustain social
value. The concept of participatory data stewardship is further developed
through the dimensions presented in Figure 6, particularly in its emphasis

on data sovereignty, the role of data stewards as fostering inclusion, and
the centrality of data beneficiaries as active stakeholders.

This will lead the reader back neatly to my original report in 2021. 1 also
highly recommend reading the research I led at the Ada Lovelace Institute in
2020 on design principles for data stewardship, working with Aidan Peppin;”
the report by Valentina Pavel on Legal Mechanisms for Data Stewardship
(2019),7* and the report by Mavis Machirori on the Knotted Pipeline (2023)
for further insight on how I think about other aspects of the dimensions.”
The work on design principles, inspired by Ostrom, speaks to the dimensions
presented as a whole. The work on legal mechanisms speaks to the section
on commons and boundaries. And the work on the knotted pipeline speaks
to the section on data flows.

The remainder of the report on participatory data stewardship still stands
and has aged well - speaking directly to the sections on data stewards and
data beneficiaries (and the relations between them). This report was about
how participation can negotiate the relationship between the steward and
communities. Although, of course, the field of participatory practice is now
much more advanced than it was in 2021. The Ada Lovelace Institute’s recent
landscape review on participatory and inclusive data stewardship, published
in 2024, authored by Modhvadia and Field-Reid, charts recent developments
in this field.”®

If readers are interested in exploring how this research on data stewardship
also grounds my more recent thinking on the governance of artificial

72 Patel, R. (2021). Participatory data stewardship. Ada Lovelace Institute.
73 Patel, R., & Peppin, A. (2020). Exploring principles for data stewardship. Ada Lovelace Institute.

74 Pavel, V. (2019). Legal mechanisms for data stewardship: Exploring institutional models for responsible data governance. Ada Lovelace Institute.

75 Machirori, M. (2023). A knotted pipeline. Ada Lovelace Institute.

76 Modhvadia, R., & Field Reid, O. (2024). Participatory and inclusive data stewardship: A landscape review. Ada Lovelace Institute.



intelligence (which I frame as data driven technologies), my framework for
including public voices in Al (2025),”7 and my forthcoming book on accountable
Al (2026) are good places to start.”®

The use of artificial intelligence in shaping the
report

While this report represents the independent scholarly work and synthesis
of Reema Patel, its development was supported by the use of generative Al
(specifically, Gemini and GPT) as a critical companion and tool for reflexivity;
and alongside human peer review, input and discussion with researchers at
the Digital Good Network and beyond. The primary function of the use of
Al was not content generation, but to aid the author’s critical interrogation
and ideation of the mental models that were identified. Al was also used at
an editorial stage to identify inconsistencies in footnotes and bibliographic
references; as well as to edit some key sentences and words that were initially
too complex or verbose.
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Appendix: Research methodology
and process

Research underpinning this report was funded by the ESRC Digital Good
Network through the University of Sheffield (grant reference ES/X502352/1)

To support the thinking in this report, Elgon Social Research and Reema
Patel developed and applied a new methodological scaffold for developing
and working with mental models for systems change for this report, which
is set out in this section through a four step process.

This reflects the organisation’s broader commitment to new methodological
innovation for applied social impact.
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1. Mapping the mental models

These mental models have been identified and the framework developed
through my long-standing engagement with the field of data governance,
drawing on nearly a decade of research, practice, and working with policy,
civil society, and technical communities. [ drew upon established research
on mental models and systems change research as set out in this report to
define and classify the mental models.

The mental models themselves emerged from a process of pattern recognition
and sense-making grounded in sustained immersion in debates on data
governance since 2015, including participation in early work led by the Royal
Society on data ownership, rights, and control, the Rethinking Data programme
developed at the Ada Lovelace Institute (which was steered by me over a
period of 3 years from inception), and subsequent workshops, seminars, and
collaborative inquiries exploring how data and Al are framed and understood
in practice through my role as policy engagement lead at the ESRC Digital
Good Network. The mapped mental models reflect an evolving synthesis of
narratives, assumptions, and conceptual framings observed across policy
and research discourse, institutional design, and public debate.

At this stage I combined inductive mapping with 15 x 1 hour qualitative
research interviews with data stewardship piloters worldwide, to shape and
inform this mental models work.

2. Describing the mental models

Once the mental models were mapped, I defined their features to describe
them more fully. This summary is reflected in Figure 1 and the table that
presents the mental models and their features as a whole. I worked to identify
the underlying beliefs and assumptions associated with the mental model,

their dominant and primary metaphors and imaginaries, their underlying
conceptual scheme, their associated narratives, as well as the typical policy
and practice areas of focus.

3. Ordering the mental models

Once the mental models had been mapped and described, I used an iterated
version of Bill Sharpe's Three Horizons framework (now the Four Horizons
framework, including Horizon Zero), to position them in alignment with the
Four Horizons. The Four Horizons iteration of Sharpe’s own work is my own
contribution to the systems change literature - because I felt that starting
at Horizon 1 overlooked the structural, historical and systemic patterns
that played a role in shaping Horizon 1. The new introduction of Horizon O
addresses this gap.

The Four Horizons Framework operated as a guiding structure for assessing
how the mental models relate to each other, as well as for assessing their
capacity for systems transformation. By classifying and ordering the mental
models from Horizon 0 - 4, T was able to work to assess their likely impact
for systems change and transformation towards a just and viable future.
The introduction of Horizon 0 also allowed me to understand how historical
patterns of resource management and control have shaped the dominant
mental models we use today.

4. Assessment of and integration of the
mental models
The last, and final step was to assess the impact of the Horizon 0 mental

models on Horizon 1, informing an assessment of how past and historical
dynamics have shaped our dominant paradigms. The framework also allowed
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for a comprehensive understanding of how the new, emergent mental models
in Horizon 2 have worked to respond to the limitations of the dominant
mental models in Horizon 1. I finally worked to integrate the emergent mental
models together (situated as part of Horizon 2), into a singular, coherent
vision for data stewardship at Horizon 3 - positioned in this paper as an
aspirational ‘'meta’ mental model.

The background of this report
and wider research programme

This report and framework have been developed and informed by
extensive mixed-methods research and cross-sectoral consultation as
part of the Participatory and Inclusive Data Stewardship programme that
encompasses:

a rapid review and synthesis of existing conceptual
frameworks for data stewardship and Al governance

a webinar and co-design workshop with policymakers,
regulators and participation practitioners (50 attendees)

15 semi structured interviews and conversations with
leading data governance practitioners on participatory
and inclusive data governance

three coaching and mentoring sessions with Jacqueline
Lim (Pivotal Shift), an independent systems change and
equity specialist, and Collaborative Partner at the School
of System Change

The report was also supported by:

insights generated by prior research [ undertook at the Ada
Lovelace Institute, where I led the Rethinking Data research
programme over a three year period. The report has drawn
substantially from Rethinking Data: Prospectus at the
Ada Lovelace Institute, , Participatory Data Stewardship
(2021), Ada Lovelace Institute, and the Data Divide (2020),
a research paper funded by the Health Foundation in the
context of the pandemic on which I was lead author.

insights from the predecessor to this report, A Landscape
Review on Participatory and Inclusive Data Stewardship,
authored by Roshni Modhvadia at the Ada Lovelace
Institute. This report theorises and maps how people and
communities can participate in shaping data governance
- emphasising the redistribution of power, transparency,
and agency in data practices rather than treating data as a
neutral resource. It aligns with mental models work in that
both seek to make implicit assumptions explicit, foreground
the perspectives and reasoning of diverse stakeholders,
and reshape complex systems. In both cases, the goal is
to reflect how people actually think, engage, and make
decisions rather than leaving such processes hidden by
narrow technical or institutional viewpoints.
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