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Abstract

As a mechanism for addressing data-related harms, fairness has been subjected to considerable criticism, seen as failing to
acknowledge the power relationships that produce said harms, or as a ‘floating signifier’ devoid of specific meaning. In
contrast to fairness, it is argued that equity does a better job of recognising data-related harms. Criticisms such as
these emerge in specific cultural contexts and rarely acknowledge everyday understandings of terms and concepts.
This paper engages with these criticisms, drawing on research exploring how | 12 UK residents perceive data uses in spe-
cific public service organisations. We found that participants perceive fairness and equity to be interwoven with each
other, a finding which shows that who gets to define what is fair matters and which challenges assumptions about
what does and does not constitute thinking and talking data politics. We conclude by proposing that linking fairness
with equity can be seen as a kind of everyday data solidarity.
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Introduction from data experts, including developers, practitioners and
data activists, rather than members of the public. As such,
experiential, everyday perspectives are often overlooked.
This is a problem because, as sociologists of everyday life
argue, social and political phenomena are shaped by every-
day understandings of them (Davies, 2021; Neal and
Murji, 2015). Focusing on everyday perceptions of fairness
in relation to data can therefore advance the very debates
from which public voices are often excluded and make
them more inclusive.

Centuries of structural inequity and overlapping systems
of oppression mean that some voices are more excluded
than others in debates about data (Patel and Jones, 2021).
Structural inequity also shapes everyday experiences and
perceptions. A further focus of this paper, therefore, is on

It is well established that ever-increasing uses of data across
varied domains of life can result in an array of harms.
Identifying mechanisms with which to avert these harms is
thus an urgent and ongoing challenge, but opinions differ
about proposed responses. For example, the proposition that
data-driven systems should be fair, accountable and transpar-
ent has been criticised within the field of critical data studies.
Fairness, the focus of this paper, is seen as distinct from and
dichotomous to equity and justice (e.g. by D’Ignazio and
Klein, 2020) which, it is claimed, are more useful tools for
recognising and addressing data-related harms (Barabas
et al., 2020; Miceli et al., 2022). Furthermore, in the context
of data- and Al-driven systems, the adjectives fair and good
are seen as ‘infinitely spacious words that any Al system
can be squeezed into’ (Kalluri, 2020). In other words, they
are what Lévi-Strauss (1987) describes as “floating signifiers’ o o sociological Studies, University of Sheffield, Sheffield, UK
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equity and inequity (hereafter in/equity) and the role these
play in people’s thinking about fairness and data uses.
We understand data in/equity as an element of the
broader and more widely discussed umbrella term data
justice (Dencik et al., 2019; Taylor, 2017) which is in
need of empirical scholarly attention.

We report on qualitative research with 112 UK residents
which explored their views on public sector data uses, a
phrase we use to refer to data collection, analysis and
sharing. We focused on uses of personal data — that is,
data ‘related to an identified or identifiable person’ (EU,
2016) — in welfare, health and public service broadcasting
contexts. At the time of our data collection in 2021,
public views on data uses in these contexts were under-
researched, despite their importance in everyday life. We
asked participants what they thought of six specific data
uses, whether they thought they were fair or unfair, and
what they thought a fair data use looked like. To operation-
alise our focus on in/equity, we recruited a sample which
was inclusive of participants with demographic characteris-
tics on which inequities and associated discrimination are
often based, relating to gender, race and ethnicity, age, dis-
ability, sexuality, religion, income and education.
Eighty-five per cent of the participants were from one and
46% were from two or more minority or disadvantaged
groups. We also explored how social inequities intersect
(Crenshaw, 1991) in perceptions of data uses.

We argue that in participants’ perceptions of data uses,
fairness and equity were not as distinct and dichotomous
as critical commentators propose. Rather, the terms were
interwoven with each other, with fairness linked to concerns
about in/equity. We therefore suggest that fairness is not
only a problematic term. Rather, for the specific
UK-based people to whom we spoke, it was also a mechan-
ism for considering the experiences of others and for talking
about political issues like in/equity. In other words, the term
fairness offers a way to think and talk about data politics.
This in turn raises questions about who gets to define fair-
ness and who gets to decide what constitutes thinking and
talking data politics. We conclude by proposing that parti-
cipants linking matters of fairness with matters of equity
could be seen as a kind of everyday data solidarity, akin
to Hall’s (2023) ‘everyday solidarities’ — that is, ordinary,
unremarkable acts which might be harnessed for collective
good.

Criticisms of fairness in relation to data
uses

Researchers, investigative journalists and activists have
demonstrated that data-driven systems disproportionately
impact already disadvantaged groups (e.g. Buolamwini,
2018; D’Ignazio and Klein, 2020). When data-driven dis-
crimination takes place in the public sector, it can be espe-
cially harmful to disadvantaged or marginalised groups,

because it can result in them being denied access to essen-
tial services, or worse. For example, in the case of the Dutch
child benefits scandal ‘toeslagenaffaire’, benefit recipients
were wrongly accused of making fraudulent claims based
on data-driven risk indicators, leading to some being
forced to repay benefits, some losing custody of their chil-
dren and others dying by suicide (Heikkila, 2022).

In this stark context, debates are taking place about the
meaning and value of fairness. Some commentators
propose ensuring fairness, accountability, transparency
(FAT) — and sometimes ethics (FATE) — as a solution to
data-related discrimination and harms (e.g. Mitchell et al.,
2021). For example, the community formed around the
ACM conference on Fairness, Accountability, and
Transparency (ACM FAccT) has advanced computational
methods for mitigating bias. Similarly, developers in the
algorithmic fairness community have advanced technical
frameworks and criteria to evaluate the fairness of algorith-
mic and data-driven systems (e.g. Dwork et al., 2012).
Outside of FATE initiatives, fairness has been identified
as a useful concept which people deploy to evaluate data
uses (e.g. Kennedy et al., 2015).

The value of fairness notwithstanding, the term has been
subject to criticism as both a concept and a practice. Papers
such as Selbst et al.’s (2019) ‘Fairness and abstraction in
socio-technical systems’ presents a critique of some of the
assumptions driving the field of computational fairness.
Like Selbst et al. (2019), other scholars have argued that
approaching fairness as a computational problem that can
be addressed through technical solutions fails to acknow-
ledge the broader societal power imbalances which lead
to data-driven systems having harmful outcomes (Barabas
et al., 2020; Miceli et al., 2022). Indeed, Green and Hu
(2018) have proposed that focusing on fairness as a tech-
nical practice limits its effectiveness; Green (2022) later
argued that operating such understandings of fairness
makes achieving actual fairness impossible. One of the pro-
blems here is who is defining fairness: when such defini-
tions come from developers working in commercial
companies, fairness can stand in tension with equity. It is
for this reason that Barabas et al. (2020) and Miceli et al.
(2022) propose that researchers in this field should ‘study
up’ — that is, expand the field of enquiry to incorporate
those with the power to shape data-driven systems and
processes.

Criticisms of fairness as a concept also focus on its
limited capacity to account for power. In conceptual
terms, two criticisms are directed at fairness: first, that it
is a ‘floating signifier’, not attached to any particular
meaning and as such open to a broad range of interpreta-
tions and uses, and second, that it does not acknowledge
or challenge power differentials.

The first criticism raises the question of how fairness is
understood and defined. Dictionary definitions of fairness
characterise it as referring to impartial and equal treatment
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or behaviour, without discrimination. In these everyday
definitions and related usage, fairness is linked to non-
discriminatory practices. Definitions of fairness in relation
to data, algorithmic and Al systems sometimes also
connect fairness to equality, such as Rovatsos et al.’s
(2019) Landscape Summary on Bias in Algorithmic
Decision-Making, where fairness is linked to the minimisa-
tion of bias. These various definitions point to the multiple
meanings of fairness. Indeed, Verma and Rubin (2018)
identified more than 20 definitions of fairness in relation
to data, algorithms and Al not all of which embody a com-
mitment to equity. It is this mutability of fairness that makes
ita ‘floating signifier’, a term coined by Lévi-Strauss (1987)
to refer to concepts ‘void of meaning and thus apt to receive
any meaning’ (63). Unlike ‘empty signifiers’, which have
no meaning (Laclau, 2007), floating signifiers float
between meanings. Floating signifiers can mean different
things depending on who is defining and mobilising them.
The status of fairness as a floating signifier is seen as a
problem because it opens it up to misuse. For example,
writing about the terms fair and good in the context of
Al Kalluri (2020) argues that they are ‘infinitely spacious’
and as such, ‘any Al system’ can be described in these
terms. In other words, a data-driven system that results in
harms could still be described as fair, because it complies
with one of the multiple meanings of the term.

The second criticism of fairness is that it is seen to secure
rather than challenge power. In this sense, criticisms of fair-
ness as a concept are consistent with the criticisms of fair-
ness practices discussed above (Barabas et al., 2020;
Miceli et al.,, 2022). Fairness is subsequently seen by
some critical commentators as distinct from concepts like
equity, despite the fact that fairness and equity are con-
nected in some of the definitions summarised above. For
critical commentators, the term equity is seen as a more
useful conceptual tool than fairness for recognising
data-related harms and acknowledging and addressing
power differentials in data-driven societies (e.g. D’Ignazio
and Klein, 2020; see also Costanza-Chock, 2018).

Equity itself is distinct from equality. Whereas equality
means equal treatment for all, equity recognises that
because of historical inequalities, resources and opportun-
ities need to be distributed differentially in order for an
equal outcome to be reached. Treating people the same
can perpetuate inequalities, whereas treating people differ-
entially can achieve ‘meaningful equality of opportunity’
(Menendian, 2023; see also Espinoza, 2008). Thus, equity
is ‘in the service of equality of opportunity’. Or, to put it
another way, equality of opportunity requires equity
(Menendian, 2023). We return to this distinction in the dis-
cussion of our empirical research below.

An example of this second criticism of fairness can be
seen in a chart from D’Ignazio and Klein’s (2020) Data
Feminism, a specifically feminist response to computational
approaches to fairness that concern other critics. In the

chart, fairness, along with accountability, transparency
and ethics are included in one column under the heading
‘concepts that secure power’ (60). They are described as
reproducing existing unequal power relationships
‘because they locate the source of the problem in indivi-
duals or technical systems’. These concepts are pitted
against other concepts including justice, equity and ‘under-
standing history, culture and context’, located in a separate
column entitled ‘concepts that challenge power’ because
they ‘acknowledge structural power differentials and work
towards dismantling them’ (2020: 60). Critics argue that
greater recognition of the social inequities that lead to
data-related discrimination and harms is needed than ‘con-
cepts that secure power’ enable. Kalluri (2020) proposes
that focusing on whether data-driven systems are fair
should not be the priority; rather, we need to concentrate
on more political concerns like equity. Fairness is thus
seen to depoliticise data and related systems and processes.

Like these critical commentators, we believe that datafi-
cation is political and that it is vital to study it within
broader power dynamics. Nonetheless, we think there are
some problems with the criticisms we discuss above. We
question the proposition that fairness and equity are oppo-
sites, the fixed interpretations of these terms that are
implied by positioning them as dichotomous, and the con-
clusions that are drawn based on this proposition. As
noted above, definitions overlap, boundaries around con-
cepts are blurred, and who is doing the defining matters.
What’s more, in our research, we found fairness to be a
mechanism for many participants to think and talk politic-
ally, as we demonstrate below. We argue that defining
terms like fairness from top-down, expert perspectives, as
has been the case to date, overlooks the experiential, every-
day understandings of members of the public that media
audience researchers and sociologists of everyday life
have made central to their work (e.g. Davies, 2021;
Livingstone, 2018; Neal and Murji, 2015). Neal and
Murji argue that social phenomena are ‘made and
unmade’ in everyday life (2015: 812) and so too are con-
cepts. Researching people’s everyday understandings of
data uses and fairness can make visible the perspectives
of people from demographically disadvantaged groups,
whose voices are especially excluded from relevant
debates, and this can also advance understanding of percep-
tions of fairness and data uses. We describe how we did this
below.

Methods

Our research explored perceptions of data uses in public
sector organisations in the UK, focusing on people’s
views of specific data uses in specific domains. We did
this because previous research had asked questions about
data uses in abstract and general terms (Big Brother
Watch & ComRes, 2015; Direct Marketing Association,
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2018), which limits understanding of public perceptions of
actual data uses. We focused on data uses in the government
Department for Work and Pensions (DWP), the British
Broadcasting Corporation (BBC) and the National Health
Service (NHS), because these organisations will be familiar
to many UK residents and they cover core aspects of every-
day life: welfare, media and health. We partnered with the
DWP and BBC to identify data in the first two domains —
that is, our contacts in these organisations selected the
data uses on which our research focused. For the third
domain, health, we drew on publicly available information
and prior research (Medina-Perea, 2021). In total, our
research explored perceptions of six data uses, two each
in welfare, public service media and health.

Both DWP data-based systems focused on ways of
making it possible to verify identity online. The first was
Confirm Your Identity, an identity verification process to
enable welfare payments. The second, Dynamic Trust
Hub, was a project exploring a range of ways to enhance
identity verification, including technology integration and
security checks. BBC data uses focused on personal
control over data. The first was BBC Box, a prototype
device which would pull together data about what users
watch or listen to and give them control over who had
access to this data to enable the generation of recommenda-
tions. The second was BBC Own It, a free app designed by
the BBC to support, help and advise children when they use
their phones to chat and explore the online world without
adult supervision. For the NHS cases, we produced an
account of the NHS Covid-19 Data Store, a national initia-
tive storing data in one place to help coordinate the UK’s
Covid-19 response, by drawing on information in the
public domain, on government web pages and elsewhere.
We also produced an account of a data-based system in
an NHS antibiotic prescribing research project which
drew on prior research that one of us had undertaken
(Medina-Perea, 2021).

We deployed some of the techniques used by Bates et al.
(2016) as part of an approach they call Data Journeys to
develop knowledge of each data use, including interviews
and textual analysis of internal and publicly available docu-
mentation. We then produced written accounts and visuali-
sations of the six data uses. We used the visualisations as
elicitation tools in our empirical research and the accounts
as guides for interviewers and focus group convenors to
provide explanations, if required. As critical scholars of
information and communications, we know it is not pos-
sible to produce objective accounts of data uses, because
interpretation takes place in the act of describing, illustrat-
ing and choosing what to highlight (Bates et al., 2023).
We know that methods shape findings, that ‘they have
effects; they make differences; they enact realities’ (Law
and Urry, 2004: 392-3). We are also critical of previous
research which concludes that people do not mind data
about them being shared and used without having

established whether participants know what happens to
their data within data-driven systems and the potential
harmful outcomes (e.g. Humphreys, 2011; Lupton and
Michael, 2017).

Our methods are a response to these challenges. We
believe that we cannot expect people to have opinions
about data uses if they do not understand them, and that
showing and telling people about data uses enables them
to develop and express opinions about them. This is espe-
cially the case with regard to benefits and harms: people
cannot assess potential benefits and harms of data uses if
they do not know what they are. For this reason, we pre-
sented one proposed benefit and one potential harm of
each data use to participants. For example, a proposed
benefit of DWP Confirm Your Identity is that it is not neces-
sary to confirm identity in person and with paper docu-
ments, making it easier for some people to go through
this process and access the benefits to which they are
entitled. A potential harm is that participation in these pro-
cesses necessitates having a passport, bank account or
another official document, excluding people who do not
have them, perhaps because of their complex lives,
making it more challenging for them to access benefits.

At the same time, we are aware that if we tell participants
about the potential harms of data uses, we may lead them to
feel and express concern. Providing information to our par-
ticipants about data uses may have encouraged them to
think about them in ways that they would not have other-
wise. Some of the potential harms of DWP data uses that
we introduced related to in/equity, the focus of this paper.
It is important to note, then, that almost all related concerns
discussed in this paper were mentioned by participants
before we presented potential harms to them. We sought
to overcome the methodological challenges we discuss
here by describing and visualising data uses in ways
which were clear, accurate and balanced. For example,
we sourced information about benefits and harms from
experts other than our partners, such as civil society data
advocacy groups. We provided information for participants
to reflect on while simultaneously creating space for indi-
vidual and collective interpretation (see Bates et al., 2023
for extended reflection on these methodological
challenges).

We began the interviews and focus groups by asking
participants about their awareness of the ways in which per-
sonal data is used, their perceptions of benefits and con-
cerns, and whether they had acted on any concerns they
had. We then showed them visualisations of two or three
of our public sector data uses, asked them to describe
what they saw and added details as needed. We initially
asked broad, open questions, such as “What do you think
of this data use?’, to create space for participant-led discus-
sion. We then introduced potential benefits and harms and
asked how participants felt about the data uses in the
context of this information. We concluded by asking
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participants explicitly if they thought the data uses they had
discussed were fair and what they thought makes a data use
fair. We also asked how much they understood the data uses
we discussed with them, and about the importance to them
of contextual factors, such as the organisation involved,
whose data is used and for what purpose. We received
ethical approval from our university prior to carrying out
our research (ref 032273).

Because we were interested in the role that in/equity
plays in thinking about fairness and data uses, we recruited
112 demographically diverse participants. Eighty-five per
cent were from one and 46% were from two or more disad-
vantaged groups. Often these meant participants were from
groups which are minorities in the UK (for example,
LGBTQ+ participants, racially minoritised participants),
but not always (e.g. female participants). In summary:

e 62% participants were women, 4% were gender minorities;

e 42% were Black, Asian or from other racially minori-
tised groups (we presented participants with the 19 cat-
egories used in the census in England);

e 41% were on low household incomes (of less than
£19,999 a year), 29% were on middle incomes
(£20,000 to £59,999), and 11% were on high incomes
(more than £60,000).

e 37% had a long-term condition which adversely affected
their ability to carry out day-to-day activities (the 2010
UK Equality Act definition of whether someone has a
disability);

e 20% were LGBTQ+ (they described their sexuality as

lesbian, gay, bisexual, queer, asexual, other or answered

‘no’ to the question ‘is your gender the same as the

gender you were assigned at birth?’);

14% were aged 65 or older.

We also gathered information about participants’ education,
whether English was their first language, their job title, the
ages of any children in their household, their country of
birth, their sources of news and interest in politics.
Sixty-six per cent of those who responded to the final two
questions described themselves as interested or very inter-
ested in politics and 50% said they got their news from the
BBC or The Guardian, relatively impartial and left-leaning
sources, respectively. We asked about sources of news
rather than political affiliation because the latter is a more
sensitive question which may result in withdrawal from
research. These figures suggest that our sample may be
more left leaning than is representative of the broader UK
population. Oversampling participants from minority and
disadvantaged groups may have the same effects, as historic-
ally people from minoritised groups have identified with the
centre-left Labour Party in the UK, although this is changing
(Blayney and Evans, 2024; Turnbull-Dugarte, 2021).

Our interest in the views of people from minority and
disadvantaged groups means that our sample was not

representative of the UK population. We see this as ‘under-
standing history, culture and context’, one of D’Ignazio and
Klein’s (2020: 60) ‘Concepts that challenge power...
because they acknowledge structural power differentials
and work towards dismantling them’. In other words, we
recruited demographically diverse participants in a particu-
lar cultural context, many of whom were interested in pol-
itics, and few of whom accessed their news from
right-leaning sources. We recognise that this shaped what
we found. Although our sample is not nationally represen-
tative, our participants are nonetheless members of the
general public, and their views are often overlooked in
debates about data uses, despite being more likely to be
negatively impacted by them. It is therefore particularly
important to make their opinions heard as we do here. In
this sense, we suggest that our research makes a significant
contribution to critical data studies, rather than seeing our
sampling strategy as a limitation. Below, using pseudo-
nyms, we share information that we gathered about partici-
pants where it is relevant to the views they expressed or to
paint a picture of them. We do not share all the information
we gathered to preserve anonymity, which is especially
important when writing about disadvantaged or minority
groups (Fox et al., 2021).

We recruited participants by posting messages on
various social media groups and pages (such as groups
for Latin Americans in the UK and LGBTQ+ groups), con-
tacting charities and organisations which worked with
groups of people we wanted to reach and leafleting targeted
homes, such as council-owned tower blocks, once lock-
down restrictions were eased. We made provisions to
carry out our research, undertaken online because of
Covid-19, in ways which were inclusive of participants
with limited access to devices and the internet. These
included phone interviews, posting print-outs of visualisa-
tions, setting up a research mobile phone number for parti-
cipants who wished to communicate this way and working
with facilitators to enable people with cognitive or learning
disabilities to participate. Once pandemic conditions
allowed, two face-to-face focus groups were conducted
with women on low incomes who otherwise would not
have been able to participate.

We carried out thematic analysis of the data we gathered
in NVivo, developing codes that were grouped into themes
deductively and inductively. We approached our thematic
analysis with an intersectional lens, following Crenshaw
(1991) and others who acknowledge that systems of
power and inequity — for example, relating to gender, race
and ethnicity, and class — intersect to shape experiences
of discrimination and privilege. We looked at how inequi-
ties intersected in particular cases to support our thematic
analysis, an approach which enabled us to meet our over-
arching aim of exploring how diverse members of the UK
public perceived specific public sector data uses and what
fair data uses look like from their perspectives. Some
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intersections stood out in our analysis as affecting views of
fairness, and we highlight these in our discussion of find-
ings below.

Connecting fairness and equity in
perceptions of data uses

In this section, we first describe the ways in which in/equity
surfaced and mattered in participants’ reflections on the
public sector data uses that we discussed with them. We
then demonstrate how, when asked their thoughts about
what constitute fair data uses, the term fairness had multiple
meanings. These multiple meanings made it possible for
many participants to link fairness to concerns about
equity. In the third section, we show how participants
made these connections. Sometimes they did this in
response to questions we asked about fairness, but often
they did it spontaneously, without us asking.

Experiences of inlequity and perceptions of data uses

Belonging to one or more structurally disadvantaged or
minority group appeared to inform many participants’ reflec-
tions on data uses. For example, some older participants and
participants with long-term conditions were more comfort-
able with health data uses than data uses in other sectors,
perhaps because these participants depended on health ser-
vices. In contrast, health data uses concerned LGBTQ+ par-
ticipants more than heterosexual cisgender participants.
Some Black, Asian and other racially minoritised partici-
pants were concerned about the ways in which structural
racism is reproduced through data uses. Some participants
with long-term conditions, or for whom English was an add-
itional language, or who had low levels of education, indi-
cated that these aspects of their identities made
understanding and engaging with data uses challenging.

For example, Gulay is a Turkish-born heterosexual
woman, aged 3544, a student on a low income with long-
term conditions. She noted that she found understanding
data uses hard, particularly as they are described in terms
and conditions. At the same time, knowing that data
about her was secure was important to her because of her
status as a refugee. Talking about companies’ online
privacy policies, she said:

This is hard for me because it’s in English and long. I know
Iam not accept, not continue. I just accept. [...] 'm refugee.
I come to this country because of problems in my country. I
don’t want my location to be shared with this [Turkish]
government. This is important for me. I know this
country is very safe and — it is okay. [...] But I don’t
want to share with other countries, like my country.

Gulay’s status as a refugee intersected with the fact that
English was an additional language for her, something

which confounded the challenge of making sense of
complex information about data uses. These intersections
combined with her biographical experience in a less ‘safe’
country, leading her to express concern about the safety
of data about her. Gulay’s words point to the way in
which intersecting aspects of her identity (Crenshaw,
1991) informed her perceptions of data uses.

Other participants also recognised the importance of
identity intersections in experiences and perceptions of
data uses. Louisa, a white, heterosexual woman who was
born in the UK, aged 35-44, who works for a charity, is
on a middle income and has no long-term conditions,
acknowledged the challenge of making sense of already
complex data uses for people for whom English is an add-
itional language, who may be refugees, and whose lives
may already be complex because they are homeless or in
need of welfare support. Heidi, a queer, white British
woman born in the UK, aged 25-34, who works as a
doctor, has a high income and no long-term conditions,
reflected on the data-related vulnerabilities that emerge at
the intersection of LGBTQ+ identity and other factors.
Heidi recognised that her experience as a ‘financially and
socially comfortable’ queer woman would not be shared
by all queer women:

I imagine still within the UK there is definitely a subset of
people where, actually, their community wouldn’t accept
them being gay and actually [...] if they are then
Googling gay websites or something and then that flips
into their advertising and their family member picks up
their phone, actually that is then really important.

Heidi also noted the data-related challenges that younger
queer women might experience, whose queer identities
might be revealed to their parents through data processes:

I think that’s something that can be potentially really
harmful because those parents can react in a bad way.
You can get abuse, children that are kicked out from their
homes, from data that’s shared back.

Likewise Tahira, a heterosexual, Pakistani woman, aged
45-54, with a high household income, reflected on the extra
security checks that were being considered as part of DWP
Dynamic Trust Hub (shown in Figure 1), which included
checking time of log in, the rhythm with which people
type their passwords, swiping patterns and the devices
that are used to log in. Although not on a low income
herself, she was concerned about how difficult it would
be for people on low incomes with multiple jobs to meet
the requirements of these checks.

Heidi and Tahira recognised their advantages with
regard to income and employment. They felt empathy for
those for whom this is not the case and who thus might
experience data uses more negatively. We also found that
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participants from one disadvantaged or minority group were
sometimes concerned about the effects of data uses on
people from another disadvantaged or minority group. For
example, Huso, a Black British African, heterosexual
woman, aged 25-34, who works as a teacher and has no
long-term conditions, expressed concern about people
with English as an additional language and limited technical
resources attempting to use DWP’s data-driven systems.

Some participants felt that their own privilege gave them
an advantage in engaging with data processes which other
people did not have, like Heidi who is quoted above.
Rosie, a white British heterosexual woman, aged 3544, a
physiotherapist with a middle income and no long-term
conditions, described how complicated she and her
husband found the online system for accessing government
services which it is necessary to log into as part of DWP
Confirm Your Identity:

It took us forever and we’re like two, we’ve both got
degrees and have been through university and English is
our first language. I dread to think for somebody who
isn’t, you know, who hasn’t got English as a first language.
It’d just be horrendous.

Rosie did not belong to a disadvantaged or minority
group but she was nonetheless concerned about how
people from these groups might be negatively impacted
by data uses. Likewise Craig, a heterosexual, White
British man, aged 35-44, with a middle income, an under-
graduate degree and no long-term conditions, expressed
concern about people with long-term conditions being dis-
criminated against as a result of certain health data uses, for
example if such data was shared with health insurance com-
panies. Fran, a White British, heterosexual woman, aged
35-44, with a BTEC diploma and a high income, was con-
cerned about whether people on low incomes could engage
with DWP data processes that were essential to access
welfare support. She said: ‘if you’re in financial difficulties
and you don’t have the money to top up your phone or to
have internet access, it’s making it very hard to get on
and get the support you need’.

Participants were particularly concerned about in/equity
in relation to DWP data uses, because DWP provides essen-
tial welfare services to the very people who are likely to be
disadvantaged by structural inequities.

In/equities mattered in participants’ reflections on data
uses in various ways. For example, belonging to a
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structurally disadvantaged group whose members are more
likely to experience the harmful effects of data uses
informed perceptions, as in Gulay’s case. We found
concern about the negative consequences of some data
uses for people from disadvantaged or minority groups
amongst participants who were not from those groups.
This is an effect of who our participants were: for some,
their own disadvantage made them aware of other disadvan-
tages. However, participants who were not from disadvan-
taged groups — Louisa, Rosie, Craig and Fran — were also
concerned about how these groups might be more nega-
tively impacted by data uses than others. This confirms a
finding from our quantitative research which we report else-
where (Taylor et al., 2023). Awareness of in/equities, as
well as experiences of them, led to concern that particular
data uses might reproduce them. Below, we argue that
these concerns connected to participants’ perspectives on
fairness and that the multiple meanings of fairness made
these connections possible.

Fairness as floating signifier: The multiple meanings
of ‘fair’ data uses

When we asked whether they thought that the public sector
data uses we discussed with them were fair, a small number
of participants were confused about how fairness could
connect to data processes. Melissa, a white bisexual
woman who was born in the USA, aged 35-44, a psycho-
therapist with a middle income and no long-term condi-
tions, asked ‘Fair in what way, how do you mean?
Diane, a white, heterosexual woman who was born in the
UK, aged 55-64, on a middle income and with no long-term
conditions, said ‘It depends on how you define fair, doesn’t
it, really?’ It is because fairness is a floating signifier that
these participants were not sure what we meant by it. Jim,
a heterosexual man aged 65+ who identified as European,
on a middle income and with no long-term conditions,
also expressed uncertainty about how fairness could be
applied to the context of data uses:

I’'m not sure what you mean by fairness in this context. 'm
not quite sure what — how the word fairness fits into this. 'm
not entirely sure what you mean. I mean, life’s not fair, is it,
you know. I mean, some people are born rich, some people
are born disabled, some people are born poor, you know. I
don’t know what you mean by fairness in this context.

However, in the conversation that followed, as Jim’s
friends discussed what constitutes a fair data use, Jim
joined in, saying that he was concerned about unscrupulous
people getting access to data, which suggests that, for him,
using data responsibly was a component of fair data uses.
He had a view on what makes a data use fair, even
though he struggled to see the relevance of the term fairness
in this context. This was also the case for Melissa and

Diane, as Melissa went on to describe choice as a compo-
nent of fairness and Diane linked fair data uses to transpar-
ency. Thus, the small minority of participants who
questioned the concept of a fair data use still had something
thoughtful to say about it.

Most of our participants did not struggle with our ques-
tion about fair data uses and gave direct answers. Mbali, a
Black, British African, heterosexual woman, aged 25-34,
a student with a middle income and no long-term condi-
tions, noted that the purpose for which data is gathered is
an important factor:

I think it’s the purpose of the use. We live in capitalist soci-
eties, so somebody is always after your money in some way
or form [laughs], and in that way, I think commercially it’s
very difficult for your data to be used fairly, ‘cos it is always
in some way manipulative. But in terms of the public sector,
1 think, if they are not led by profit and they’re led by trying
to provide certain services, I think that changes it. [...] I
guess it’s just about what the motivation is behind them
doing certain things, and if that’s fair, then the whole
process should be fair.

Tanya, a white, lesbian woman who was born in the UK,
aged 55-64, who works in the public sector, has a long-term
condition and a middle income, responded to the same
question by describing a fair data use as ‘for the greater
good [...] for health and benefits, for people, for us to
learn, develop and grow in a way that’s going to make
society a fairer place’. Some participants said clear informa-
tion which makes it possible to understand what happens to
data was a component of a fair data use. Lewis, a white, het-
erosexual man who was born in the UK, aged 55-64, who
had a high income and no long-term conditions, felt that the
characteristics of fair data uses included “transparency and
honesty in terms of what’s been captured, how long it’s
been kept for, and what purpose it’s going to be used
for”. For Lewis, being able to choose both what happens
to your data and to share data once you understand how
it will be used were important components of fairness.

Kahina, a Black, heterosexual woman who was born in
Somalia, aged 25-34, a student on a middle income and
with no long-term conditions, compared the two BBC
data uses which experimented with personal control over
data (Figures 2 and 3) with the DWP Dynamic Trust Hub
(Figure 1), which focused on ways to verify identity
online of choice. With BBC Box and BBC Own I,
people ‘have got a bit of a choice’ with regard to whether
they complete or download a profile, she said. Because
engagement with DWP “is a need” for many people, and
potential Dynamic Trust Hub security checks may not be
optional, there is less choice, which, in Kahina’s eyes,
made it more unfair.

For many participants, fairness was not just one thing —
that is, not just clear information, being given choices,
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being for the social good, nor being inclusive. In most
responses to questions about what makes data uses fair, par-
ticipants discussed more than one of fairness’ multiple
meanings. Louisa, mentioned above, said that consent,
choice and understanding what is being consented to were
equally important characteristics of fairness. Ahmed, a
Pakistani heterosexual man who was born in the UK,
aged 25-34, unemployed and looking for work, with a
low income and no long-term conditions, said that fairness
involves clear information, transparency about what data
will be used for, data being used for the social good and
the ability to consent:

It’s where people are kept well informed and data is used for
a valuable or useful purpose, and there’s a transparent
process as well for sharing the data. And obviously permis-
sions are sought too.

As can be seen, there is more than one understanding of
fairness. It is not an empty signifier, attached to no meaning
at all (Laclau, 2007). Rather, it is a floating signifier, with

different meanings for different people. It is not ‘infinitely
spacious’ as Kalluri (2020) claims, as certain characteristics
of a fair data use were repeated: clarity of information,
offering choice with regard to consent, for the social
good. The openness with regard to what fairness signifies
made it possible for participants to link fairness to concerns
about equity, as we demonstrate below. In the quotes above,
we can already see these linkages emerging, such as when
Jim talked about inequities in income and ability as consti-
tutive of an unfair society, and when Tanya connected fair
data uses to broader societal issues such as the social good.

Linking fairness and in/equity in talk about data uses

Because of the multiple meanings of fairness, some of our
participants linked it to equity in their reflections on the
data uses we discussed with them. When we asked them
what makes a fair data use, some participants spoke about
the need for data uses to work ‘for all communities’, some-
times listing groups who they perceived to be excluded
from certain data processes, as seen above. This shows
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Figure 3. BBC Own It, a free app designed to support children when they use their phones, without adult supervision.

that thinking about fairness involved thinking about histor-
ical inequities, for some participants. These participants
appeared to be aware that data uses can reinforce or
deepen inequities, for example related to income, education
or ability, and that some data uses, such as those in the
welfare sector, are more likely than others to do so, and
they referred to these concerns when we asked their
views about what constitutes a fair data use. Most partici-
pants did not explicitly use the terms equity or inequity.
Nor would we expect them to, as these terms might
represent ‘a rather alienated way of describing things’
(Sayer, 2011: 2) to people for whom such language may
not be part of everyday vocabulary. Rather, we argue that
there are connections between fairness and equity in what
participants said when responding to questions about
what fair data uses look like.

For example, when asked whether they thought the data
processes we discussed with them were fair, participants
often considered how specific data uses might impact
people from disadvantaged groups and concluded that
they were unfair if these groups could be disproportionately
affected. Tanya, mentioned above, saw data processes
which are not equally accessible to all as unfair. Tanya
described the NHS antibiotic prescribing research project,
which explored ways to address antibiotic resistance
(Figure 4), as fair because of her ‘sense of where it’s

motivated from’ — that is, it used data for what she per-
ceived to be the public good. In contrast, she felt that
DWP Confirm Your Identity, an online identity verification
process for welfare payments (Figure 5), was not ‘com-
pletely fair and all-inclusive for all communities’, because
it required technology access and English language skills
that not all people have. She said:

People don’t have access to technology in the first place.
And you know, what about people with English as an add-
itional language or no English, or families with additional
needs, where using technology might be difficult, or they
aren’t literate.

Tanya made this comment after we had pointed out that
some groups were concerned that identity checks are not
accessible to all, such as people without credit histories,
with unusual residence histories or otherwise complicated
lives. But it was Tanya who linked the notion of a fair
data use to issues of inequity in what she said about
Confirm Your Identity.

In another example, Rosie, mentioned above, partici-
pated in a discussion about the two BBC examples and
DWP Dynamic Trust Hub (Figures 2, 3 and 1, respect-
ively). When asked what she thought would make these
data uses fair, she said that information about them
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Figure 4. NHS antibiotic prescribing research project, exploring ways to address the public health crisis of antibiotic resistance.

needed to be available in different languages in order to
give people ‘fair and equal access to understanding what
they’re sharing’. For Kerry, a white, British, queer
woman aged 35-44, with a high household income, who
worked in the charity sector and had no long-term health
conditions, the welfare context of Dynamic Trust Hub
was significant. Because already disadvantaged or vulner-
able people are dependent on welfare for their survival, it
is especially important that data uses in this context are
accessible, she felt. Grace, a white, British, bisexual
woman, aged 35-44, a teacher with a high household
income and no long-term conditions, thought that the
DWP Confirm Your Identity data use was unfair, because
‘not everyone can access it’. Teddy, a white British, hetero-
sexual man, 65+, retired and on a high income, also linked
the fairness of data processes to people’s ability to access
them. In response to the question ‘are any of the data uses
we have talked about fair?’, Teddy noted that ‘The benefit
of the BBC’s Own It in telling me what to do if I'm
bullied is only available to people who have phones. So
kids who don’t have phones are disadvantaged.” In
various ways, these participants link their reflections
about fairness to in/equity, especially with regard to
access to data-driven systems.

The participants cited above responded to questions we
asked them about what would constitute a fair data use by

bringing up concerns about equitable access. Other partici-
pants used the words fair and unfair without being
prompted to do so by us, connecting these terms to the
inequities that they saw in the data uses in similar ways.
For example, Ruby, a heterosexual, British Chinese
woman, aged 18-24, who works in legal services, with a
middle income and no long-term conditions, expressed
concern about the implications of DWP Confirm Your
Identity for people who do not have documentation such
as a passport or tax records. She said:

those people that don’t have a P60 [a statement issued to
UK taxpayers at the end of the tax year], is it more
people that have jobs that are cash in hand, for example,
and people that don’t have a passport, would they, you
know, have never left the country or never needed a pass-
port. That makes me think of people that may be [...] if
you’ve never been abroad and have a cash in hand kind
of job, that makes me think the people that are closer to
the poverty line have to part with their data more than
people that have like a P60, passport, like you said, and
that’s really unfair.

Ruby’s belief that people without the documentation to
enable online identity verification would have to ‘part
with their data more’ might not be entirely accurate, but
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what is important here is that she links structural inequities
to unfairness in data processes. Tahira, mentioned above,
did the same. She was positive about BBC Own It, an
app designed to support children when they use their
phones to explore the online world, because she felt that
it might overcome inequities by providing access to
resources to people who otherwise might not be aware of
or able to access them:

A lot of people I know wouldn’t normally have access to
that kind of resource. [Pakistani parents sitting at home in
the UK] wouldn’t know where to reach out to, because
they’ve not been educated in this country, for example, or
just don’t know. [...] So, for me that’s the fair one, if I
was to look at it from that lens. [...]

In the examples above, participants linked fairness and
in/equity, either in response to questions we asked, or vol-
untarily while reflecting on inequities. We argue that it is
equity, not equality, that concerns participants, because
they recognise that historical inequities influence people’s

ability to engage in data processes, and that these structural
factors need to be addressed (Menendian, 2023). Whereas
critical data study scholars propose that the concepts of fair-
ness and equity are distinct, these terms came together in the
comments of many of our participants. In contrast to
Kalluri’s (2020) proposition that asking whether data and
Al processes and systems are fair is the wrong question,
we found that asking this question opened up a space for
participants to consider the politics of datafication that
concern critical commentators. Therefore, for many of our
participants, talking about fairness meant talking about
data politics. Most of the participants cited above described
themselves as very or fairly interested in politics; only
Gulay and Diane did not. They accessed their news from
a range of sources, including the BBC, The Guardian and
other news websites and outlets. It is not surprising, there-
fore, that they talked data politics in our conversations with
them.

Furthermore, how they talked data politics is important.
The participants we cite above did not use a politicised or
social scientific vocabulary — of inequity or power, for
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example — but nonetheless, thinking about whether data
processes are fair or not involved thinking politically, think-
ing about disadvantaged groups or about collective con-
cerns. Our participants used or responded to the concept
of fairness in ways that challenge assumptions about what
being concerned about data politics looks like. The term
fairness may fail to acknowledge structural power in
some technical mobilisations (Barabas et al., 2020; Miceli
et al., 2022), but it can also express concern about the
ways in which data uses relate to structural inequities in
others. Dismissing the concept of fairness, as some critics
do, runs the risk of dismissing people’s political concerns.
Below, we suggest that connecting fairness and equity
could be seen as a form of everyday data solidarity.

From fairness and equity connections to everyday
data solidarity

In this paper, we advance understanding of fairness in rela-
tion to data systems and processes. Fairness in relation to
data uses has been criticised because it is a floating signifier,
not attached to any particular meaning and as such open to a
broad range of uses, and because it is deployed in ways
which fail to acknowledge structural power, thus depoliti-
cising datafication. Critical data study scholars distinguish
fairness, understood as ‘locating the source of the
problem in individuals or technical systems’, from concepts
like equity and justice, seen to ‘acknowledge structural
power differentials and work towards dismantling them’
(D’Ignazio and Klein, 2020: 60).

For the demographically diverse group of participants to
whom we spoke about public sector data uses, this distinc-
tion did not hold true. We found that participants responded
to our questions about fair data uses by talking about social
inequities, which challenges Kalluri’s (2020) argument that
asking whether data and Al processes and systems are fair is
the wrong question. In fact, we found that asking these
questions created space for some participants to discuss
the politics of datafication. At the same time, some partici-
pants introduced the terms fair and unfair to the conversa-
tion, using them to describe what they saw as inequitable
data uses, without being prompted to do so by us.

Thus, fairness and equity were not so distinct in our par-
ticipants’ perceptions of public sector data uses as they are
seen to be in the work of critical data study scholars. We
note above that the two concepts are linked to each other
in a range of definitions, and that the boundaries between
the two terms are somewhat blurred. We argue that one
of the reasons for this is because fairness is a floating signi-
fier. Its status as such is therefore not only problematic, it is
also potentially productive. We have shown that the terms
fair and unfair were used to express concern about inequi-
ties, sometimes when prompted by us, at other times volun-
tarily. We further suggest that participants linking matters
of fairness with matters of equity could be seen as a kind

of everyday data solidarity. This is not the active, activist
solidarity that concerns many commentators, but a more
everyday kind, akin to what Nikunen (2019) calls social
solidarities — that is, not experienced consciously as solida-
rities, and as such distinct from more conscious and active
political manifestations.

There are various characteristics of solidarity that lead us
to describe what we found in our research as everyday data
solidarities. For example, solidarities are said to emerge
across similarities and differences. Prainsack and Buyx
(2016) define solidarity as a practice that reflects people’s
commitments to supporting others with whom they recog-
nise similarity, but Littler and Rottenberg argue that ‘to
express solidarity with others is ostensibly to recognize
and respect differences without colonizing those differ-
ences’ (2020: 865). In our research, we saw both: partici-
pants cared about how data uses might impact people
from other demographic groups as well as from their own.

Although the commonplace association of solidarity
with political action (e.g. Prainsack et al., 2022) may
mean it seems ill-fitting in the context of our research, soli-
darity is also said to incorporate the potential for action
(Littler and Rottenberg, 2020). Conceiving of friendships
as everyday solidarities, Hall (2023) argues that they hold
within them everyday political possibilities, of ordinary,
unremarkable acts which might be harnessed for collective
good. She draws on Hankins (2017) to describe these as the
‘quiet politics’ of everyday life. In short, as Littler and
Rottenberg argue, solidarity — like fairness — is a plural
and ‘capacious’ concept, which we suggest could be pro-
ductively applied to our research findings.

At the same time, it is important to acknowledge the poten-
tial limitations of the concept of solidarities. Understanding
oneself as better informed than others, as our participants
Heidi and Rosie did, or expressing concern about the conse-
quences of data uses for others from disadvantaged groups,
as many participants did, may risk becoming somewhat pater-
nalistic. Scholars of care — which shares a number of the char-
acteristics of everyday solidarities — acknowledge that care
privileges some and excludes others, noting ‘its lack of inno-
cence and the violence committed in its name’ (Martin et al.,
2015: 627). In contrast, the limitations of solidarity are rarely
recognised (Highfield and Miltner, 2023 is an exception).

Oman and Bull (2022) describe identifying connections, as
we did in our research, as ‘standing in the gap’, or focusing on
what connects phenomena rather than what separates them.
They argue that to stand in the gap is ‘to act as a mediator
whilst also standing in defence of someone or something’
(2021: 34). Taking such an approach accounts for lived experi-
ence whilst simultaneously joining phenomena together,
rather than setting them in opposition to each other, they
claim. Following Oman and Bull, it could be argued that
focusing on the connections between fairness and equity in
how people reflect on data uses could be more productive
than describing these concepts as opposites when it comes
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to securing or challenging data power. Given the productive
potential of talking about fairness that we demonstrate in
this paper, we argue that in fully dismissing the term, there
is a danger that what matters to people about data uses is
also dismissed. In our research, we found that what mattered
to our participants was often a concern about inequities.
When these concerns are expressed by people from the struc-
turally disadvantaged and minoritised groups which are most
impacted by data-related harms, dismissing them is especially
troubling — doing so could leave fewer conceptual tools with
which to talk to people about data politics than would other-
wise be the case. What is at stake here is who gets to define
what fairness means — when defined by diverse members of
the public who are not data experts, it has productive, political
meaning.

Because we found that the term fairness offered a way for
some of our participants to talk about data politics, our
research also raises important questions about who gets to
decide what counts as thinking and talking about data politics.
Critical data study scholars have an interest in understanding
and intervening in data power, and thinking with both fairness
and equity might enable greater understanding of the perspec-
tives of the people at the heart of datafied societies.
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