
This is a repository copy of Intersectional approaches to data: the importance of an 
articulation mindset for intersectional data science.

White Rose Research Online URL for this paper:
https://eprints.whiterose.ac.uk/203863/

Version: Published Version

Article:

Bentley, C., Muyoya, C., Vannini, S. orcid.org/0000-0003-1527-7494 et al. (2 more 
authors) (2023) Intersectional approaches to data: the importance of an articulation 
mindset for intersectional data science. Big Data & Society, 10 (2). ISSN 2053-9517 

https://doi.org/10.1177/20539517231203667

eprints@whiterose.ac.uk
https://eprints.whiterose.ac.uk/

Reuse 

This article is distributed under the terms of the Creative Commons Attribution (CC BY) licence. This licence 
allows you to distribute, remix, tweak, and build upon the work, even commercially, as long as you credit the 
authors for the original work. More information and the full terms of the licence here: 
https://creativecommons.org/licenses/ 

Takedown 

If you consider content in White Rose Research Online to be in breach of UK law, please notify us by 
emailing eprints@whiterose.ac.uk including the URL of the record and the reason for the withdrawal request. 



Intersectional approaches to data:
The importance of an articulation
mindset for intersectional data science

Caitlin Bentley1 , Chisenga Muyoya2 , Sara Vannini2 ,

Susan Oman2 and Andrea Jimenez2

Abstract

Data’s increasing role in society and high profile reproduction of inequalities is in tension with traditional methods of using

social data for social justice. Alongside this, ‘intersectionality’ has increased in prominence as a critical social theory and
praxis to address inequalities. Yet, there is not a comprehensive review of how intersectionality is operationalized in

research data practice. In this study, we examined how intersectionality researchers across a range of disciplines conduct

intersectional analysis as a means of unpacking how intersectional praxis may advance an intersectional data science
agenda. To explore how intersectionality researchers collect and analyze data, we conducted a critical discourse analysis

approach in a review of 172 articles that stated using an intersectional approach in some way. We contemplated whether

and how Collins’ three frames of relationality were evident in their approach. We found an over-reliance on the additive
thinking frame in quantitative research, which poses limits on the potential for this research to address structural inequal-

ity. We suggest ways in which intersectional data science could adopt an articulation mindset to improve on this tendency.
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Introduction
The 2030 Agenda for Sustainable Development is predi-
cated on the principle of ‘leaving no one behind’. Data
are seen as having a key role in this aspiration. Yet, the
deportation of 30 Kurdish asylum seekers from the UK to
Iraq demonstrates how, when data renders them visible,
certain populations’ vulnerability can become a death sen-
tence, with one man claiming, ‘in my country some
people wouldn’t think twice about shooting us in the
head’ (Taylor, 2022: n.p.). Visibility risks for those
already vulnerable are not new. Techniques that progressed
HIV detection in the 1980s were the same used by the
Amsterdam City Office of Statistics that identified the
Jewish population to Nazi occupation in 1941 (Oman,
2021). This is not only an issue of visibility in data but
also the right to choose to be ‘left behind’.

Progress in data science about inequalities is promising
for those who want to further knowledge on disparities
and discriminations for social change, but prohibitive for
those concerned with the populations most at risk. More
research on how data science, as a field of research and
practice, should engage with these issues is needed.

Intersectionality is currently promoted by governments
and international policy-makers, following recommenda-
tions to address multiple inequality-related issues with
data: the Inclusive Data Charter’s (2022) five recommenda-
tions1 centre on promoting equity across a data value chain;
the Inclusive Data Taskforce (2022: n.p) develop a set of
eight principles2 for inclusive data infrastructures, fore-
grounding sufficient data for ‘intersectional analysis’,
to ‘broaden the range of methods used’ and ‘create new
approaches to understand everyone’s experience’. Yet,
recommending intersectionality as a solution in data-related
policy and practice often lacks clarity on how to apply it to
specific datasets or data contexts and does not engage inter-
sectionality’s origins as praxis.
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Intersectionality has a long history as a theory and
a praxis that is political in its focus on dismantling inter-
locking systems of oppression (Collins and Bilge, 2020).
Whilst theories differ, most agree it enables comprehen-
sion of multiple aspects of identity, which overlap
in context, influencing experienced (dis)advantage
(Crenshaw, 1990). Intersectional data practices therefore
promise possibilities for data to better understand the
systemic roots of privilege, prejudice and inequality, as
well as requisite steps to alleviate them, whilst also
acknowledging potential harms to underrepresented
groups.

Intersectionality research is growing across disciplines
and sectors but without guidance on its implementation.
This article’s concern is this lack in data science and in
their ethics in practice and theory. Calls for improved diver-
sity in the workforce have seen little improvement (HM
Government, 2022; Young et al., 2021). The who of data
science, as presented by D’Ignazio and Klein (2020),
thus, still remains an important question.

There is also little evidence on how intersectional ana-
lysis works, or should be done, how it is being done, differ-
ently, by whom. Thus, data science’s potential to adopt
intersectionality in its broadening of methods and advocacy
for the potential of reparatory work is stymied. The authors
share experience of these concerns and of our ambitions
being sidelined in teaching and research. These shared
experiences emerged despite our individual, distinctive pro-
gressions as early career women in academia. We come
from four continents, having worked with communities
across geographical contexts and with various international
policy-makers. Our observed sidelining of feminist science
and technology studies (STS) and feminist data
science (e.g. D’Ignazio and Klein, 2020; Haraway, 1985;
Harding, 1986) led to a shared urgency to change the
status quo.

Through key roles developing a new data science pro-
gramme, on its core steering group and promoting decolon-
ization and education for sustainable development, we
encountered protests that learning ethical or responsible
data science was a distraction from the requisite technical
skills. Contrastingly, our experiences through research,
and wider collaborations with organizations, found them
keen to embrace intersectional data science in ways that
were resisted in teaching and learning. Instead of ethics,
equity, decolonization and sustainability being embedded
into data science education, it is often appended, such that
key texts incorporating feminist approaches (D’Ignazio
and Klein, 2020), context and well-being (Oman, 2021)
and ethics (Martens, 2022) are provided in ‘professional
skills’ or ‘data and society’ courses rather than in ‘data
modelling’ or ‘data analysis’ courses, which favour tech-
nical or mathematical texts (e.g. Christen, 2012; Hastie
et al., 2009). The lack of key texts describing or demonstrat-
ing responsible data science and the scarce guidance on

intersectional data science led us to review these as con-
nected issues.

To grasp the potential for building intersectional data
science theory/praxis, we wanted to understand the promin-
ence, strengths and weaknesses of intersectional approaches
in current research. We did this through a literature review,
applying critical discourse analysis (CDA) to 172 journal
articles that self-identified as intersectional. We coded
these using Collins’ (2019) three notions of relationality
(additive thinking, articulation, and co-formation) as
central to intersectionality theory/praxis. We also coded ele-
ments of their data practice, to evaluate these practices in
relation to their intersectional approach.

We found that additive thinking, in which separate lines
of inquiry (around gender, race, class, etc.) are added
together, dominated the intersectionality research examined
and disproportionately so in quantitative examples. We
argue that articulation has the potential to improve on the
limitations of additive thinking in data science because it
engages with the mechanisms of structural inequality. We
contribute three traits of an articulation mindset to suggest
how articulation can be enacted in data science: by
making the historical antecedents of inequality, discrimin-
ation or disadvantage more explicit; by examining links
between individuals and social and institutional contexts
in a systemic or integrative fashion; and by attending to
the role and positionality of researchers in research. The
next section outlines the intersectionality concepts that
were used to frame this analysis.

Intersectionality and intersectional data

science

Intersectionality has many origin stories, all linking to the
research and activism of critical black feminists, who first
denounced the inadequacy of frameworks that aimed to
address oppression at the time. They demonstrated that
practices and knowledge systems that did not conform to
white perspectives have been silenced and discredited
(Erete et al., 2021). Our understanding is informed by
core texts published by Crenshaw (1990) and Collins
(2019), acknowledging their preceding feminist activist
authors, histories and genealogies. We explain how and
why these works have framed our exploration of intersec-
tional praxis in data science and present the reasoning
behind our focus on relationality as a key way into investi-
gating praxis.

The intersectionality field expanded beyond feminism
and critical race studies and is now cited as interpreting
identity within a broader social structural framework (e.g.
Harris and Patton, 2019; Meier, 2020). Thus, intersectional-
ity extends ideas of identity from personality characteristics
or unique experiences and also focuses on how they are
shaped by overlapping institutional, political and social
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systems of privilege and oppression. The vocabulary and
concepts of intersectional thought have been adopted by
disciplines across the humanities, social sciences and medi-
cine enabling the analysis of lived experience, social rela-
tions and inequality.

Data science, we argue, must also address these issues,
through attending to the voices and perspectives of under-
represented groups, defining ‘underrepresented groups’ as
those at risk of marginalization or discrimination in or
through data.3 We aim to understand how research that
calls itself ‘intersectional’ defines and investigates experi-
ences of underrepresented groups and to draw lessons for
data science because ‘lack of data typically correlates
with issues affecting those who are most vulnerable in
that context’ (Onuoha, 2018: n.p.).

Much can be learned from feminist STS scholars’ engage-
ments with intersectional praxis, suggesting lessons for how
intersectional data science should function. Feminist STS
scholars have long advocated for embodied research and
the importance of standpoint epistemologies that recognize
different perspectives as valid sources of knowledge
(Haraway, 1985; Harding, 1986; Mirza, 2009). Feminist
STS also commonly challenges dominant discourses and
knowledge systems in research (Alcoff, 2013; Hartsock,
1998; Wynter, 2003). The experiences of black feminist
STS scholars, especially in the US and UK, furthered
Haraway (1985), Harding (1986) and Hartsock (1998) by
emphasizing the deconstruction of knowledge-building pro-
cesses; advocating for listening to multiple standpoints, espe-
cially non-white ones; and putting non-white perspectives at
the centre of knowledge production spaces, to shape the field
in more just directions (Erete et al., 2021; Mirza, 2009;
Reynolds, 2002).

Moreover, building relationships with communities
affected by research is prioritized (Costanza-Chock, 2018;
Llewellyn and Llewellyn, 2015). Researchers and practi-
tioners need to be cognizant of how relationships between
individuals and within institutional environments may be
sites of oppression and/or resistance and how these relation-
ships are shaped by larger socio-historical forces (Llewellyn
and Llewellyn, 2015). Similarly, Costanza-Chock (2018)
highlighted the importance of building relationships with
research(ed) communities and engaging participants as
co-researchers and co-producers of knowledge. She
argued that when the aim is social justice, building trust
with communities, accountability, transparency and acces-
sibility to data and outcomes need to be part of
the research design. However, these authors were focused
on higher education and design contexts broadly, which
may need consideration within data science specifically.

D’Ignazio and Klein’s (2020) framework for ‘data fem-
inism’ is one significant example of how feminist scholars
engage with intersectionality in data science. They offered
seven general principles to inform data science praxis,
including, for instance, examining power, rethinking

binaries and hierarchies and considering context
(D’Ignazio and Klein, 2020). They also emphasized how
reflexivity should be incorporated by asking questions
about who is doing data work, represented in the data,
who is excluded, and who benefits or is harmed by data col-
lection and analysis. Likewise, the Inclusive Data Taskforce
(2022: n.p.) found that ‘greater representation across rele-
vant groups and populations within the research community
would ensure better understanding of different cultures,
address barriers to participation and reduce the risk of bur-
dening participants with duplication of research’. Questions
surrounding the growing popularity of intersectionality, as
it moves ‘beyond’ black women, arguably erasing or dis-
placing ‘their centrality within the discourse’ (Cooper,
2016) are crucial as well. Thus, it is not just the representa-
tion of data subjects that requires attention, but of data
science itself, which we address in this paper.

To build on the work of D’Ignazio and Klein (2020),
whose principles were drawn from intersectional feminist
theory, we critically review intersectionality articles to
investigate, empirically, whether and how researchers
are enacting similar principles in their praxis. In the
next section, we introduce Collins’ (2019) three notions
of relationality as the way in which we frame this
investigation.

Towards intersectional data science: the importance

of relationality

A main challenge in data science for Stevens et al. (2021) is
that it is established on core tenets antagonistic to intersec-
tionality. They showed how relational database systems
were theorized to interface with computer data storage
mechanisms in ways that delinked data from their
context, simplifying relationships between data, systems
and people. Crucially, they showed how this decontextua-
lized thinking reinforced dominant ‘colourblind’ perspec-
tives, thus how data modelling theory hides the ways that
race structures society.4

Stevens et al.’s (2021) revision of relational data model-
ling coincides with increasing calls from scholars to con-
front underlying assumptions around ‘objectivity’ and
‘impartiality’ in data science (D’Ignazio and Klein, 2020;
Oman, 2021). For Keith (2021), there are four main pro-
blems with the prevailing paradigm of data analytics; data
are: (a) not impartial; (b) often insufficient in and of them-
selves; (c) not the only starting point for analysis and (d)
impossible to interpret fully without context. Keith’s solu-
tion is to put data scientists in a dialogue with data.

Intersectionality could provide a theory/praxis for con-
ceptualizing such dialogic engagement around the relation-
ships between data, systems and people. In this paper, we
focus on relationality because, as Collins (2019: 226)
states, ‘[relationality is] so central to intersectionality,
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[that] developing a more comprehensive analysis of this
core theme is an essential task for intersectionality’s theory-
building project’. We therefore introduce Collins’ (2019)
three notions of relationality – additive thinking, articula-
tion and co-formation. Notably, Collins (2019) does not
present these relational concepts as pristine, static or exclu-
sive, nor does she prioritize one over the other. Instead,
she emphasizes their intricacies and how they help con-
struct diverse, but not mutually exclusive, relationality
approaches, and thus, we expand on the concepts immedi-
ately below.

Additive thinking. Issues resulting from a person’s identity
such as class, race, gender or sexuality have historically
been treated as separate lines of inquiry by scholars and
practitioners (Collins, 2019; Crenshaw 1990). Additive
thinking considers these issues – and their intersections –
together as crucial to understanding social position, ques-
tioning assumptions and dominant frameworks. It also
shows what is lost when these intersectional categories
are excluded from analyses. To illustrate, Buolamwini
and Gebru (2018) showed that facial recognition technol-
ogy failed to detect the faces of women of colour dispropor-
tionately to other groups. This failure was only detected by
combining gender and race categories together.

Additive thinking can be problematic for Collins (2019:
227) when it relies on a ‘logic of segregation’ in that ‘every-
thing has one place, a place has meaning only in relation to
other places, and every place has its rank’. Collins further
contends that due to the difficulty in establishing these cat-
egories and the dangers of giving one category precedence
over another, additive thinking can be challenging. For us,
these problems are also symptomatic of the decontextua-
lized approaches to data collection and analysis that domin-
ate data science. Although additive thinking is tied to
categorical thinking and classification, our interpretation
is that it should also rely on situating meaning (including
how categories are constructed) in a power hierarchy.

Articulation. Collins’ (2019) second framing of relational
thinking is based on Hall’s (1980) dual-meaning concept
of articulation which analyzes social formations by identi-
fying links and by the language we use to explain these
links. This framing outlines a more holistic and reflexive
perspective on relationship dynamics than additive think-
ing. Rather than aiming to combine different categories
that were formerly seen as separate, articulation acknowl-
edges that categories coupled together result in new config-
urations that are always changing and incomplete. Hall’s
first meaning of articulation is a unique connection that
links, or articulates, one or many other pieces together in
a whole. Hall’s (1980) second notion of articulation,
Collins (2019: 233) argued as being important for unpack-
ing ‘how language “articulates” or brings new ideas by
combining existing ideas into new patterns, by attaching

new connotations to them, or both’. This is important for
exploring how data practices communicate meaning and
occur in specific social contexts, whilst promoting socio-
political agendas. For example, Oman (2021) demonstrated
how data discourses operate and shape society, culture and
policy, often justifying political decisions by presenting
them as objective and neutral, whilst they are, in fact,
rather ideological or habitual. Concepts and the language
that articulate social contexts can often create pretense for
data practice.

Co-formation. Co-formation is the final framing of relation-
ality. ‘It’s meaningless to argue that race and gender
co-form one another without assuming they are separate
entities’, argued Collins (2019: 241). Co-formation elimi-
nates categorical thinking altogether and ‘posits holistic
analysis of a seamless process of mutual construction of
race, class and gender as phenomena. It seems to describe
a reality that it can neither observe nor study empirically’
(Collins, 2019: 241). In other words, we intuitively know
that intersecting systems of power influence and shape the
privilege or discrimination individuals experience, and
vice-versa. Masquelier (2022) argued that co-formation
resonates with decolonial approaches and indigenous
ways of thinking, which have always embraced the inter-
connectedness and interdependence of reality. They sug-
gested that dialogue is crucial for emancipation and
empowerment, enabling diverse people to organize collect-
ively and to claim equity in cooperative terms. Yet, the
implication is that certain topics of discussion as well as
modes of political representation and democratic process
underpin such a dialogue. Whilst we agree that decolonial
approaches to data science are important, and that a
co-formative frame of relationality seems capable of sup-
porting them theoretically, translating such a dialogic
process to data practice does not seem straightforward.
Just as Collins (2019) explained, co-formation serves as a
starting point for thinking beyond categories, yet it strug-
gles with standard social science research tools because
they are not suited to this ontological approach.
Nonetheless, we consider these issues in the context of
data science.

We summarize Collins’ (2019) three notions of relation-
ality (additive thinking, articulation and co-formation) in
Table 1. In the next section, we explain how we reviewed
intersectionality literature to examine whether and how
these relational frames are enacted as a means of examining
potential benefits and drawbacks of adopting such relational
frames within data science.

Methodology

Our search of the Scopus database in November 2021 found
that more than 2000 articles had been published since 2017
with ‘intersectional’ used within its title/abstract. A full
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explanation of our inclusion and exclusion criteria, article
search methods, abstract screening and discipline coding
methods are provided in Appendix 1 of the supplementary
material. An overview of this process is shown in Figure 1.

The articles were coded based on a tailored content ana-
lysis procedure. The code book had previously been tested
within Bentley’s work on the Inclusive Data Charter’s
(2022) white paper, and some adjustments were made in
this iteration. For example, categories were added to
many of the codes to simplify the coding process. The com-
plete code book is given in Appendix 2 of the supplemen-
tary material. We also iterated the coding process and
refined our coding procedure through reflexive practice in
which we discussed our biases and assumptions, our inter-
ests and understandings of the materials.

Given our focus on examining data science as discipline
and discourse, we used a CDA review methodology (Wall
et al., 2015) foregrounding Collin’s (2019) approach to
intersectionality over Foucauldian and Habermasian CDA
frames. This approach critically examines scientific dis-
course, prompting researchers to question underpinning
assumptions and to challenge ideological premises.

Using Collins’ (2019) relationality frames of additive
thinking, articulation and co-formation, we also examined
the article sample set for evidence of how relationality
was enacted in the research holistically, coding the articles
for the relationality frame used along a spectrum. Whereas
coding data practices required attention to detail and speci-
fics, examining the adopted relationality frames required a
general reading of author intentions, conceptual

frameworks, analysis or discussion taken together. Often,
there were articles in which we were unsure, so we recorded
our reasoning and measured the level of agreement between
two coders.

Overall, we adopted reflexive, relational and dialogic
practice throughout the research, recording how data were
deleted, combined or reorganized in some way. The
authors analyzed the substantive codes using a qualitative
thematic analysis procedure (Saldaña, 2014), moving itera-
tively between examining an individual code, and then the
abstract of a particular article, or the article in full for more
‘data context’. We held collaborative writing sessions in
which we discussed thematic analysis and how concepts
inspired or influenced our analysis, and how to handle lim-
itations. We discussed further layers of themes and re-coded
articles again accordingly.

Findings

Article sample characteristics

The final sample examined consisted of 172 articles: the
majority had produced and used data in the context of
empirical research (123/172 (72%)). The remainder
included literature or discourse as data (37/172 (22%)) or
practitioner or researcher reflections as data (12/172
(7%)). In terms of methodological orientation, 66% were
qualitative (114/172), 14% were mixed methods (24/172),
and 19% were quantitative (33/172). Figures 2 to 4
present three visualizations: geographical location of the

Table 1. Collins’ three notions of relationality.

Additive Articulation Co-formation

Aim To combine what was formerly
seen as distinctive. It helps
signal what is missing from
excluding a category.

To understand complex
interrelationships in the context of
power dynamics, and the importance
of context and language in shaping
those interrelationships.

To provide a holistic examination of
intersecting power relations. It suggests
engaging with decolonial, indigenous
ways of thinking.

Nature of
relationality

Suggests analytical and political
integrity of categories (i.e. race
and gender cannot substitute
each other)

Society is dynamic, with moving parts
and shifting power dynamics among
multiple power structures. Parts can
be distinct. Not just adding categories,
but also acknowledging that categories
combined result in a new ‘articulation’
that is constantly changing. Naturally
adaptable, unfinished, resisting
closure.

Assumes categories cannot be separated
from one another because they never
were in the first place. Focuses on the
interconnectedness and
interdependence of things.

Issues Can be considered as adding
with no transformation to
each.
There can be disagreement on
the meaning of each category
(i.e. what is gender?)
Can lead to privileging ones’
favourite category for analysis.

May be more visible during times of
crisis. Aims to provide provisional
analysis to explain social events that
can always be changed.

Intellectually, it is far easier to envisage
than it is to achieve methodologically.
Incompatible with Western
epistemological and methodological
tools, which were designed to destroy
holistic entities thus making sense of
them.

Bentley et al. 5



article (coded by where the research took place), discipline
of the article (coded by journal) and a network graph of
identity markers included in the article. These are provided
to give context to the reader and to highlight limitations
within this body of work.

Figure 2 shows that intersectionality research takes place
mostly within the US (73 articles). Canada, UK and
Australia accounted for 9–17 articles each. India, Brazil
and some mainland European countries have between

three and five publications each, whilst most of ‘the rest’
have one or zero. This likely reflects sample biases which
focused on academic publishing, or perhaps indicates inter-
sectionality is not a concept of universal interest.

Figure 3 shows the journal disciplines represented in the set
(purple) and sample (green) of articles. The most common
journal disciplines represented in the sample were social
science (49), humanities (27), psychology (26), medicine
(21), education (15), and philosophy (12), totaling 150 of 247

Figure 1. Flow diagram of article search, coding and analysis process.

Figure 2. Frequency of articles taking place across countries.
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(61%) unique sources (Figure 3). These charts also show
limited engagement with intersectionality in data science, com-
puter and information science, or engineering disciplines.

In terms of the identity markers explored, a network
graph (Figure 4) shows that most of the articles included
ethnicity, gender, class, migratory status, women/girls and
disability centrally or together in their research. In contrast,
intersectionality research focusing on transgender, indigen-
ous, youth, elderly or climate change–affected people were
less likely. There was also a tendency to focus on one iden-
tity factor, such as ‘indigenous’ participants, without further
differentiating these cases.

Table 2 summarizes a range of articles from the 172
reviewed; these included autoethnographic (Ashlee et al.,
2017), ethnographic (Sharp, 2021) and narrative accounts
(de Regt, 2017), qualitative interview-based studies (Meier,
2020; Peretz, 2017; Thorjussen and Sisjord, 2020), quantita-
tive survey designs (Lord et al., 2019; Rahman et al., 2020)
and analysis of secondary data (Earnshaw et al., 2021;
Ugidos et al., 2020). Table 2 also identifies the main
intersectionality-related findings in the selection of studies,
highlighting how each study could be grouped together in dif-
ferent ways around engagement with intersectional methods
(Ashlee et al., 2017; de Regt, 2017; Wiens et al., 2020), the
use of intersectionality to contribute new insights in a discip-
linary field or context of study (Lord et al., 2019; Thorjussen
and Sisjord, 2020), to better understand social injustices or
inequality (Meier, 2020; Rahman et al., 2020; Ugidos et al.,
2020), or to engage in acts of resistance or liberation
(Ashlee et al., 2017; Peretz, 2017). We explore in greater

detail how and why some of these articles adopt additive
thinking and articulation relational frames in the next section.

Examining relationality frames adopted: what is an

‘articulation mindset’?

In this section, we give an overview of the relationality
frames adopted by authors in the articles examined. In
about 43% of the papers, additive thinking was used as
the dominant relational frame. Most of the remaining
papers showed evidence of using the articulation frame,
which we shall examine and comment on. There were
some articles that were not easily categorized, falling in
between additive thinking and articulation (15%) or articu-
lation and co-formation (4%). Yet, there was strong inter-
rater agreement, as the percent agreement between two
coders was 90% (Table 3). Due to the limited scope of
co-formation articles identified, we focus our analysis on
examining the qualities and characteristics of motivations,
practices and techniques used by authors adopting the addi-
tive thinking and articulation frames of relationality.
However, Ashlee et al. (2017) and Wiens et al. (2020)
(Table 2) are two examples of co-formation that demon-
strate original methods and insights into intersectional
theory/praxis.

The dominance of the additive thinking frame across the
75 articles coded thus is reflected in the researchers’ use of
multiple traits or characteristics (i.e. gender, class, ethnicity
together) to select participants by defining boundaries
around groups of individuals who are similar or different

Figure 3. Frequency of selected journal article sources categorized by discipline using JournalSeek.
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in some way. In line with Collins’ (2019) view, analyzing
experience through the additive thinking frame can indeed
enable new insights that are beneficial for a range of pur-
poses such as progressing an academic field (e.g.
Thorjussen and Sisjord, 2020), understanding inequalities
in social outcomes (e.g. Earnshaw et al., 2021) or under-
standing the needs of particular underrepresented groups
that have otherwise been ignored (e.g. Meier, 2020). Such
attention to neglected perspectives can be a vital first step
researchers can take towards understanding oppressions or
reducing inequalities. However, there is a clear tendency
towards additive thinking within quantitative articles
(Figure 5), which we investigate further.

Within articulation articles, there was more variation and
fewer standard practices methodologically speaking. Most
of the articulation papers were discursive, using CDA,

literature reviews or practitioner reflections to expose lin-
kages and their articulations (Figure 5). Whilst Collins
(2019) and Hall (1980) give a blueprint for what articulation
accomplishes, Collins (2019) is not prescriptive about the
elements of articulation or their linking characteristics.
The results of our analysis therefore identify three emergent
traits of an articulation mindset to progress this exploration
of intersectional research.

The first trait is the importance that the historical
context plays in shaping the framing and analysis of the
problem. Many authors examine historical antecedents
that have shaped places, practices and systems of oppres-
sion (de Regt, 2017; Gurusami, 2017; Quinn and Ferree,
2019). In an expansive family history, de Regt (2017)
situates these stories as a means of investigating how
people’s lives connect with global discourses in general

Figure 4. Weighted network graph of relations between personal characteristics included in intersectionality research.
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and political and historical events in particular. Likewise,
Gurusami (2017) gave a historical sketch illustrating pre-
cisely how labour and racial capitalism shaped the link
between slavery, the emergence of women’s prisons,
welfare reform, and the imprisonment of black women
in the US today. Whilst this mindset trait is not unique
to articulation articles, it seems a more prominent
feature because grasping the holistic or inner-workings
of systems of oppression needs to examine the full
story to appreciate the intricacies and complexities of
lived experience. Furthermore, the significance of histor-
ical context allows us to comprehend how articulations
emerge differently depending on context. In other
words, we cannot predict structural outcomes because
societies will be articulated differently in each context,

Table 2. Summary of selected intersectionality research.

Study context Main intersectionality-related findings

de Regt (2017) Family history of a Yemeni woman of Ethiopian–
Yemeni descent, exploring the link between
micro-histories and macro-historical developments.

Highlights how family histories enable analysis of individual
experiences and how they are linked to changing political
economies and cultural dynamics.

Sharp (2021) How local punk art and music events in Australia and
the UK become queer(ed).

Develops a reflexive and intersectional ‘insighter’
ethnography methodology to contemplate researcher
positionality in youth research.

Meier (2020) Disabled ex-combatant populations and their
experiences of reintegration versus ex-combatants
without disability. .

How disability intersects with gender and location to
create multiple and varied forms of marginalization.

Thorjussen and
Sisjord (2020)

Students’ experiences in a multi-ethnic co-educational
physical education (PE) context.

Uses intersectionality to select students to include in
analysis, such that their narratives showed how their
multiple identities intersect and shape their PE
experience.

Peretz (2017) Why gender justice groups are disproportionately
present in Atlanta, GA.

Examines how and why geographies shape activism from
the perspectives of socially marginalized men who
participate in men’s gender justice groups.

Ugidos et al.
(2020)

Perceived discrimination and internalized stigma
during COVID-19 lockdown among the general
population in Spain.

Uses an intersectional discrimination measure to evaluate
discrimination on the basis of gender, ethnicity, mental
health diagnosis or COVID-19.

Lord et al. (2019) Student patterns within and through engineering
disciplines and majors, examines engineering student
outcomes based on discipline, race/ethnicity and sex.

Compares and contrasts models of student experience
using an intersectional approach, focusing on persistence.

Rahman et al.
(2020)

Bangladesh Violence against Women Survey. Examines the probability that women that hold differing
intersectional ‘locations’ may be more or less likely to
experience violence. Locations are used over identities
as the data they have represents their position rather
than their self-held beliefs of their identity.

Earnshaw et al.
(2021)

Understand and address discrimination and health
inequities in diverse US communities.

Uses latent class analysis to explore discrimination across
urban community spaces (rather than only grouping
individuals together).

Ashlee et al.
(2017)

Autoethnography of three ‘womxn’ of colour graduate
students.

They use critical collaborative autoethnography as an act of
resistance, and to foster ‘wokeness’, or a critical
consciousness to intersecting systems of oppression.

Wiens et al.
(2020)

Introduces materializing data as a useful methodology
in intersectional feminist digital humanities.

Motivated to change the way digital humanities is done, to
be more focused on social transformation, and
foregrounds intersectional feminist principles.

Table 3. Summary coding of articles by relationality frame
adopted.

Relationality frame Coder 1 % Coder 2 % Average

Additive thinking 75 44% 72 42% 43%
Between
articulation and
additive thinking

22 13% 27 16% 15%

Articulation 65 38% 64 37% 38%
Between
articulation and
co-formation

7 4% 6 4% 4%

Co-formation 3 2% 3 2% 4%
Totals 172 172
Level of agreement using percent agreement between

two coders: 90%
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and with this, their intersecting power relations will differ
too.

The second mindset trait is about systems or integrative
thinking. Typically, systems thinking involves focusing on
dynamics between different levels of analysis (e.g. individual
vs institutional (de Regt, 2017; Tomlinson et al., 2019)).
Additionally, authors used a range of ideas to visualize or con-
ceptualize linkages other than comparing levels of analysis,
such as, inequality regimes (Quinn and Ferree, 2019), ecosys-
tems (Harvey et al., 2018; Lord et al., 2019), or events, inter-
ventions or mutually constituted processes that reproduce or
explain conditions (Maharani et al., 2019; Migliarini and
Annamma, 2020; Stock and Birkenholtz, 2020). In contrast,
Peretz (2017: 1447) described intersectionality as involving
‘multiple categories and the intersections between categories,
diversitywithingroups, timedynamics, relationships between
individuals and institutions…[Functioning] at multiple levels
of analysis, from structural analyses of power relationships,
through institutions and groups, down to the level of individ-
ual identity’. For Peretz (2017), the articulation mindset may
not only involve systems thinking5 but also consider how
boundaries are drawn or conceptualized, how various
aspects interact, bleed together, or integrate in other words.
The authors who used this trait tended to privilege the

perspectives ofunderrepresentedgroups, focusingonchallen-
ging power relations and how they shaped discrimination or
disadvantage.

The third mindset trait is to reflect on the association
between positionality of the researcher and their membership
to an intersectional community of inquiry. Within the scope
of articulation, it is generally recognized that the relationships
between the researcher, underrepresented groups and method-
ologymust be acknowledged and reflected upon (D’Agostino,
2018; Sharp, 2021; Stock and Birkenholtz, 2020). As part of a
broader attempt to confront inequalities and discrimination
within intersectional communities of inquiry, Rankin and
Thomas (2019) argued to cite and collaborate with black
women and collaborate with the people written about. By
adopting an articulation mindset, one’s positionality within
an intersectional community of inquiry is a vital interface
serving this type of critical reflection. Moreover, it is often
combined with taking a social-justice orientation (e.g.
Gurusami, 2017; Peretz, 2017; Quinn and Ferree, 2019).

Of note for consideration within data science is the extent
and depth at which authors collect and combine multiple
data sources. For instance, Crenshaw (1990) drew on many
angles and data sources (narratives, law, social science
methods, and practice) to illustrate that constellations of

Figure 5. Treemaps of the breakdown of additive thinking and articulation articles by methodological approach.
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actors and institutions were operating on a ‘single-axis frame-
work’ in her theorization of intersectionality. Similarly, de
Regt (2017) and Peretz (2017) amongst others used a similar
practice to supplement, triangulate and explore multiple
angles and perspectives by combining data sources. This hol-
istic scope for data practice, whilst potentially offering richer
insights into mechanisms of structural inequality, requires
further debate in data science, as it introduces new risks for
underrepresented groups when the scope and scale of data col-
lection and use are potentially increased.

Overall, we find that authors demonstrating an articula-
tion mindset show greater engagement with structural
mechanisms of inequality, which improves on the limita-
tions of additive thinking. We now turn to examining
how this mindset could be operationalized in data science,
given most authors adopting the articulation mindset used
qualitative methodologies.

Beyond additive thinking

In this section, we further examine the limitations of addi-
tive thinking for data science, arguing that the articulation
mindset could strengthen data science methods to have a
greater focus on mechanisms of structural inequality from
a holistic social-justice perspective. We focus on the
subset of 42 quantitative or mixed methods articles for
this purpose. These articles align with common analysis
techniques in data science. Most quantitative intersectional-
ity research loses some of its power to combat oppression
and systemic injustice when it adopts an additive thinking
approach – favouring data practices that are necessary for
appropriate statistical inference or analytics. Having an
articulation mindset helps data scientists to consider not
only what is necessary for data analysis but also the com-
plete breadth of data practice. We outline how additive
thinking is limited in the majority of quantitative publica-
tions, and we outline techniques that have the potential to
remedy some of these issues.

As stated in Section 4.2, additive thinking offers a useful
first step in research. However, it should not be the end goal
of the research because it serves to identify the problem and
does not explain why it exists. Intersectionality seeks to
explain why people are underprivileged or discriminated
against, and those answers are nuanced and complex.
However, in our analysis, most articles were identifying
issues throughvarious analysis approaches rather than unpack-
ing built-in structural inequality. Table 4 shows that most arti-
cles used regression analysis (60% (25/42)). Additive
statistical methods entailed using regression models to
analyze relationships between an independent identity variable
and dependent social variables. A main effects regression
model might have a main axis of inequality, such as race, cor-
relating it with variables such as income or status that are used
as proxies for social experience. For example,Nazareno et al.’s
(2021) study predicted work experience differences between

Filipino and white registered nurses in the US. Whilst
models can consider multiple ‘main’ axes, this approach is
additive and has been critiqued for reinforcing single axis
thinking within intersectional studies (Evans, 2019).

Some articles used multiplicative regression analysis,
which is said to improve on this limitation. These studies
often explicitly attempted to move beyond main effects ana-
lyses by analyzing the points of intersection. For example,
to investigate voter turnout intersectionally, Medenica and
Fowler (2020) first built a main effects model with gender
as the main axis. They then built a second main effects
model with race as the main axis. Finally, they built a
third model that considered the effects of gender and race
combined – this is called an interaction model.
Multiplicative methods have been criticized elsewhere for
their reliance on main effects models because researchers
often misspecify interpretations when interaction variables
are not interpreted alongside main effects (Fehrenbacher
and Patel, 2020). Misspecification occurs when there is a
lack of engagement by the researcher with context.
Unfortunately, it was difficult to assess whether articles
reviewed made this error. Nevertheless, we still find that
authors using multiplicative or additive regression analyses
focused more on ‘what’ issues rather than ‘why’ issues.

Multilevel modelling is employed to engage more rigor-
ously with how and why individuals are situated within
social contexts and structures. For example, students can

Table 4. Summary of data analysis characteristics.

Aspects of quantitative data analysis Prevalence

Analysis methods

Descriptive statistics 14% (6/42)
Analysis of variance (t-tests and ANOVA) 10% (4/42)
Regression analysis 60% (25/42)
Linear regression (ordinary least squares, stepwise,
multiple linear regression)

21% (9/42)

Logistic regression (multinomial, multivariable,
binary, bivariate)

36% (15/42)

Latent class and latent profile analysis 7% (3/42)
Spatial methods: geographically weighted
regression (GWR), spatial enumeration
methodology, multivariable generalized
estimating equations (GEEs)

7% (3/42)

Chi square 10% (4/42)
Prevalence ratio and calculated odds ratio 5% (2/42)
Multilevel approaches or nesting 33% (11/42)
Data context

City/town/village 17% (7/42)
Global 2% (1/42)
N/A 2% (1/42)
National 60% (25/42)
Organization/university 7% (3/42)
Regional 12% (5/42)
Secondary/primary data

Primary 31% (13/42)
Secondary 69% (29/42)
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be nested in schools and households can be nested in neigh-
bourhoods. This makes a complex quantitative intersec-
tional analysis that considers differences within and
between social strata more feasible (e.g. Tomlinson et al.,
2019). Multilevel models may also perform better than
main effects models when more context-level units are
included in the analysis (Evans and Erickson, 2019).
Multilevel models may therefore address issues around
additive thinking in which adding multiple identity axes
can result in intersections with very small sample sizes,
even in large datasets, which can lead to difficulty interpret-
ing results as the number of interactions increase.

However, multilevel models require appropriate context-
level data which may not be available, difficult to access,
or could pose privacy risks. For example, Eco-
Intersectional Multilevel (EIM)6 modelling was developed
to understand community-level environmental health risks
in poor and minority communities (Alvarez and Evans,
2021). Alvarez and Evans (2021: 3) applied intersectional-
ity and environmental justice theory to ‘evaluate experi-
ences of environmental injustice at community level’. As
opposed to using individuals as the primary unit of analysis,
EIM treats neighbourhoods7 as the first level and intersec-
tional strata of neighbourhoods8 such as demographic and
urbanization characteristics as the second level. Having
access to large-scale context-level data sources enabled
them to demonstrate that environmental injustice is
‘socially patterned across numerous intersecting axes of
marginalization, including axes rarely evaluated such as
gendered family structure’ (Alvarez and Evans, 2021: 1).

Whilst Alvarez and Evans’ (2021) EIM approach has
clear benefits for identifying structural mechanisms of
inequality, the scope and scale of context-level data
required are considerable. When compared to Nazareno
et al.’s (2012) regression analysis, identified above as
indicative of additive thinking, we argue that their approach
improves on some limitations of additive thinking because
they explained their results in the context of historical
inequality, which is reflective of an articulation mindset.
In some instances, choosing an approach like theirs may
be safer because some aspects of structural inequality
may still be revealed despite the quantitative data analysis
approach. The articulation mindset could help both to
guide these choices and enrich the analysis. It is not only
a matter of considering what the best data analysis proced-
ure should be.

Moreover, an articulation mindset supports consider-
ation beyond data analysis techniques by prompting
engagement with data collection processes and techniques
as well. With 60% (25/42) of data analysis occurring at
national levels, it was often unclear how findings or
results will apply to underrepresented groups in specific
locations. More than this, secondary data, used in 69%
(29/42) of the articles, was not often reviewed or discussed
in terms of the measures used to collect data in the first

place, assuming that original data collection processes and
associated categorizations were sufficient. Without greater
reflection on the limitations and appropriateness of standard
measures, additive thinking may aggravate inequalities
through inappropriate logics of segregation.

Improvements and attention to data collection processes
were highlighted in qualitative intersectional research.
Qualitative researchers reflected on removing demographic
information collection from the context of interviews or
focus groups (Hagai et al., 2020), protecting the safety
and privacy of data collection spaces (Alvi and Zaidi,
2017) adjusting the order or language of questions, consid-
ering reception of sensitive questions, or whether partici-
pants could express themselves in their own words (Quah,
2020). Seeing data collection as a holistic process in
which collection methods are cognizant or linked to the
emotional experience of participating in research may
have additional benefits for both researchers and underre-
presented groups. Worthen and Wallace’s (2017) use of
concurrent mixed methods in which quantitative measures
were triangulated with a qualitative study shows how add-
itional steps taken to confirm categorizations with partici-
pants could reflect the integrative thinking trait of the
articulation mindset.

Moreover, how researchers develop relationships with
other researchers and underrepresented groups is important
from the articulation perspective. Doing preliminary
research to develop an understanding of people, places
and relationships beforehand was occasionally used (e.g.
Peretz, 2017). This helped researchers understand data con-
texts prior to data collection and develop relationships with
them before beginning. Many articles spoke of developing
relationships with community organizations, often serving
as recruitment partners, offering advice on reaching hard
to reach people, advertising research and facilitating partici-
pation. Huot and Veronis’ (2018) approach to holding
‘town hall’ meetings signalled a different approach to
checking data with participants than emailing or calling par-
ticipants and asking them to review recorded data. During
meetings, they asked the community at large about the com-
pleteness, representativeness or equity of data. Although
town hall meetings are a good example of how data scien-
tists could engage in reflexive practice, we did not find that
this example or others found in this review had progressed
debates or practices around accountability towards commu-
nities most impacted by research surfaced by feminist scho-
lars that were discussed in Section 2.

Ultimately, we have argued that when researchers
select methods that give importance to statistical infer-
ence or analytics, most quantitative intersectionality
research loses part of its capacity to address social injus-
tices. This seems more likely to happen when additive
thinking is used, which was found to be in most quantita-
tive research articles. We discussed how taking an articu-
lation mindset could enable reflection and evaluation on
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the whole scope of data practice, not simply data
analysis.

Discussion

Embarking on this research, we were initially interested in
questions such as how is intersectionality understood?
How should it be understood? And how could it be (more
widely) practiced in data science? Yet, intersectionality
functions as a multifaceted area of theory and praxis that
is often contradictory. Intersectionality can be an expression
of one’s identity, which can be singular, multiple, and/or
intersectional, rooted and stable, or changing constantly.
It can constitute belonging and/or unpack marginalization
and disadvantage. It can unite people in their endeavours
and/or detonate struggles against systems of oppression,
discrimination or persecution. It can be an abstract ideo-
logical project and/or rich and detailed experiences of exist-
ence. Crucially, it is a significant forum for investigating
and transforming relationships between people, places and
institutions, towards human rights, reduced inequality and
social justice. Likewise, it can be and do none of those
things – serving merely as a buzzword.

This paper considered interdisciplinary debates and
studies of intersectionality to respond to the questions
above. Table 1 illustrated how Collins’ (2019) conceptual-
ization around relationality captured adequately well the
underlying logic of research across disciplines, even
though her terms for the relationality frames appeared infre-
quently. Nevertheless, it was fairly evident which of the
frames an article adopted since two independent coders
agreed 90% of the time. The answer to the first question
is therefore that additive thinking is used to understand
intersectionality most of the time (Table 3). There was
also a tendency towards additive thinking in quantitative
intersectionality research (Figure 5). Clearly, by consider-
ing how understanding changes or grows by adding a
dimension of analysis that has not previously been consid-
ered can be beneficial. For quantitative data analysis,
numerous compelling methods for intersectional analysis
have emerged, including multiple types of regression ana-
lysis and multilevel modelling. These advances should
not be ignored and should be represented within intersec-
tional data science.

However, in response to the second question, in line with
feminist scholars that precede us (D’Ignazio and Klein,
2020; Erete et al., 2021; Mirza, 2009), we sought to con-
sider how articulation could facilitate social-justice
agendas explicitly in data science. For us, Collins’ (2019)
notion of articulation implies having a greater criticality
not only about data science processes but views data scien-
tists and their positionalities as vital links or actors in
making praxis socially just. Section 4.2 contributed three
traits of an articulation mindset, illustrating how authors
engaged with mechanisms of structural inequality.

Mapping the historical origins of inequality, integrative or
systems thinking and examining one’s positionality in rela-
tion to the research participants or community of inquiry
provide useful insights into how articulation should be
enacted. These traits were often implicit in the approach,
mirroring the feminist intersectional stance that ‘there is
no separation between our scholarly lives and systemic
oppression’ (Erete et al. 2021: 2).

These articulation mindset traits informed our evaluation
of quantitative or mixed methods articles in Section 4.3.
Bentley was motivated to learn about data analysis techni-
ques that could go beyond additive thinking, in order to
teach data science and artificial intelligence (AI) students
such methods. If we are required within our institutions to
teach from a data lifecycle standpoint, rather than our
own, could we infuse the curriculum with methods that
have transformational potential? In many articles reviewed,
the general assumption is that differences in outcomes pre-
dicted can be viewed as disadvantages that are built into
systems, institutions and/or societies. Although multilevel
modelling can explain some of these disadvantages
(Section 4.3), in teaching these methods without greater
consciousness as to how inequalities become entrenched
or what could be done to address them, serious concerns
creep in. We suggest that the articulation mindset may
help learners navigate these complexities.

Typically, authors adopting articulation often drew from
several data sources, gathering robust sources of evidence
(Section 4.2). This allowed for the triangulation of data,
giving insights into complex webs of interrelated factors
that influence inequity. Whilst our article sample was not
appropriate for investigating the associated risks of
increased data collection needed for multilevel or multivari-
able modelling, the articulation mindset could help to guide
responsible data science choices. Vannini’s research with
Gomez and Newell (2019) on undocumented migrants
showed that recording personal information may exacerbate
the risks they face, including detention and deportation for
themselves and their families, thus recommending data
minimalism. Yet, it may be challenging to understand
when data minimalism is needed, and not every circum-
stance requires it. Sometimes, reorienting data collection
or analysis towards unpacking systemic injustice via other
means could support undocumented migrants in their strug-
gles for liberation. Whereas Costanza-Chock (2018) would
argue that participatory approaches are vital for strengthen-
ing accountability, the articulation mindset traits – of
unpacking the historical origins of inequality and/or using
systems or integrative thinking to understand situated
power dynamics – could establish accountability differ-
ently. Nevertheless, the articulation mindset also privileges
building relationships with participants but recognizes that
this may not always be possible or suitable.

As such, the articulation mindset highlights a holistic
perspective on data practice, which creates space for
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combining methods and insights in response to positional-
ities and relationships with participants. Oman’s (2019)
research with the UK cultural sector, which prides itself
on being progressive and egalitarian, found some organiza-
tions were averse to including sexual orientation from its
workforce data collection. Data workers misbelieved two
aspects: firstly, that staff would see their sexuality and
jobs as unrelated and reject these questions; secondly, that
these data mattered less because their organization was
inclusive. Qualitative research revealed informants were
glad these data were being collected, as they had experi-
enced discrimination that had been invisible. Thus, context-
ual specificities of data to address inequality should not be
overlooked and the articulation mindset should improve
this in data science.

Whilst articulation mindset traits proposed in this paper
reflect preceding principles and theories (Collins, 2019;
D’Ignazio and Klein, 2020), we showed through empirical
review of intersectionality research how dominant
approaches to intersectionality are enacted. We pointed to
key examples that can be referenced, critically reviewing
these articles’ methodological techniques across disciplines
and approaches. We build on D’Ignazio and Klein (2020)
by suggesting how an articulation mindset could help data
scientists make responsible choices at various stages of
research and impact.

A limitation in this paper is that the co-formation frame
of relationality was uncommon. Yet, in the case of
Jimenez’s research (see Jimenez et al., 2022 for an
example), co-formation would help highlight issues from
yet another vantage point. For example, whilst working
with indigenous communities in Peru, the topic of gender
was raised. The partners responded that their cosmovision
does not differentiate gender from themselves or the envir-
onment. Such conflicts around communication, plurality or
diversity in knowledges have not been considered in this
review, but would still be useful to explore further.
Another limitation is that innovative data science methods
developed in related data justice, fairness, accountability
or transparency fields may not have been considered
because they did not describe their approach as intersec-
tional. Whilst out of the scope of this review, we invite
such researchers to the conversation and hope to see
more of these researchers participate in intersectionality
discourse.

Conclusion

Amidst calls for greater data-driven equity, societies gener-
ally remain unequal. Data gaps can obscure or misinterpret
inequalities, whilst including marginalized individuals in
data raises risks. Simplistic data categories often overlook
the complex, intersectional nature of inequality, causing
tension with traditional data science methods.

There is, therefore, a need to review intersectionality in
data science, yet little is known of how it is used across dis-
ciplines. We undertook a literature review and coded inter-
sectionality articles applying a tailored content analysis
procedure. Using Collins’ (2019) relationality frames of
additive thinking, articulation and co-formation, we exam-
ined the articles for evidence of how intersectionality is
being applied by researchers in order to understand how
data science might further benefit from intersectional
approaches for social justice.

We found that authors exhibiting an articulation mindset
went beyond the confines of additive thinking by actively
engaging with the mechanisms of structural inequality.
However, most articles adopting the articulation frame
were qualitative. We suggested that most quantitative inter-
sectionality research loses some of its power to address
social inequities because of the tendency towards additive
thinking. We contributed three articulation mindset traits
that may allow for a more responsible intersectional data
science.

We need to encourage data scientists to adopt different
practices motivated by more nuanced understandings of
intersectionality. This paper investigated how intersection-
ality is being used across disciplines as a way to draw
lessons for intersectional data science towards increasing
social justice.
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Notes

1. The Inclusive Data Charter’s (2022) five recommendations: (a)
establish a commitment to centring the voices of individuals at
greatest risk of marginalization or discrimination in all aspects of
data systems and practice; (b) promote equity across the entire
data value chain; (c) ensure that institutional data systems are inclu-
sive and safe; (d) engage data to increase context awareness and
reduce inequality and (e) build inclusive institutions.

2. The Inclusive Data Taskforce (2022) eight principles engage
with environmental, institutional, statistical, infrastructural,
methodological, privacy and regulatory issues.

3. The term ‘underrepresented’ is problematic because it can deny
groups the opportunity to name themselves, erase differences,
or imply unequal relationships between an overrepresented
majoritized group and underrepresented minoritized popula-
tions (Walden et al., 2018). For this study which reviews litera-
ture enacting various methodologies and is concerned about
how people at risk of marginalization or discrimination can
be better represented by data science researchers and practice,
we use this term per APA (2021) guidelines.

4. Hoffmann et al. is referring here to the US context, but this
assertion applies to societies around the globe, albeit in differ-
ent ways.

5. Systems thinking has seen significant paradigm shifts (Zexian
and Xuhui, 2010), yet it is commonly used to break systems
down into components and interrelationships between these
and the environment, which may be viewed as reductive.

6. EIM is based on intersectional Multilevel Analysis of
Individual Heterogeneity and Discriminatory Accuracy
(MAIHDA) (Merlo, 2018). MAIHDA applies multilevel
models to study interactions at individual level (level 1) and
within a social context (level 2) with the capability for analysis
within and between social strata.

7. Census tracts as a geographical proxy for the neighborhood/
community level.

8. Racial/ethnic composition, percent female-headed households,
educational attainment, median household income level, and
metro/non-metro locale.
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