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Abstract

Data slicing is an inherent practice in machine learning (ML) evaluation, where different subsets of a dataset
are used for training and evaluating ML systems. Drawing on ethnographic fieldwork conducted between
September 2023 and February 2024 among the data scientists who develop ML-driven recommender sys-
tems for the British Broadcasting Corporation (BBC), this reflection piece highlights the important, yet
often overlooked, ML practice of data slicing. Building on archival influences in Critical Dataset Studies
and scholarship on critical curation, the paper proposes recasting data slicing as a curatorial practice. This
shift makes visible the often highly tacit slicing practices undertaken by data scientists when working with
ML datasets. Specifically, the paper traces three central considerations regarding data slicing: replicability,
representativeness and generalisability. Using these as examples, the paper reflects on the implications of
the selection, organisation, and choices of how to best represent the past to predict the future preferences
of audiences. By engaging with data slices as curatorial constructs, we can better understand and intervene
in their material politics by making visible how their orderings convey certain meanings more effectively
than others. Through this approach, the paper expands on existing work within Critical Dataset Studies by
identifying the political role of data slicing in the evaluation of ML systems.
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To initially ground this reflection piece, I want to return to a specific moment in my fieldwork with
the British Broadcasting Corporation’s (BBC) Personalisation Team.' This team develops and deploys

"The fieldwork was conducted as part of a research project focusing on responsible decision-making in Al development
processes at the BBC, which was guided by questions of “What forms of knowledge are prioritised at different stages of the devel-
opment process of Al systems and who is invited to participate in the decision-making processes?” and “When are development
decisions opened up for discussion with other BBC teams and when are they taken for granted and why is this the case at these
exact moments?”. These questions resulted in a central focus on the knowledge devices used in the process of development, such
as visualisation devices, evaluation metrics and the data slicing practices explored in this reflection piece. The fieldwork was
conducted hybridly with online and physical participation in the team’s activities from September 2023 to February 2024. The
hybrid approach was chosen as the team is located across BBC offices, so their work is inherently hybrid. I would be physically
present — mainly in the London offices — once a month, when the team would have joined activities and otherwise participate
via MS Teams in their ongoing meetings. Beyond observations, I conducted 20 follow-up interviews with the editors, product

© The Author(s), 2026. Published by Cambridge University Press. This is an Open Access article, distributed under the terms of the Creative
Commons Attribution licence (http://creativecommons.org/licenses/by/4.0), which permits unrestricted re-use, distribution and
reproduction, provided the original article is properly cited.

https://doi.org/10.1017/cfc.2026.10014 Published online by Cambridge University Press


https://orcid.org/0000-0002-0297-2183
mailto:a.s.hansen@uva.nl
http://creativecommons.org/licenses/by/4.0
https://doi.org/10.1017/cfc.2026.10014

2 Anna Schjett

machine learning ML-based recommender systems” to personalise content distribution across BBC
News, Sounds, and iPlayer — the BBC platforms that provide online news and on-demand video and
audio content. The moment I wish to highlight was not particularly significant, in that it did not
change the trajectory of a project or spark controversy. In fact, it was a somewhat comical moment.
However, it made me aware of the significance of a specific ML practice I had not encountered before,
in my fieldwork or in the literature.

During the fieldwork at the BBC, a newly formed group of data scientists was working on what
they called “pan-BBC recommendations” — a new type of recommendations aimed at recommending
content across BBC News, Sounds and iPlayer. At a meeting in early December 2023, the team’s prin-
cipal data scientist, Maxine,® presented their initial results to editorial colleagues from BBC iPlayer. As
a first experiment, the team had used users’ listening history on BBC Sounds to generate recommen-
dations for content on iPlayer, Maxine explained. These results were visualised in a mock interface
that displayed the recommendations in rails (i.e., rows of content), mimicking the online interface.
She noted: “Essentially, what we are looking at is a month’s worth of user interaction on Sounds from
October, and then we have recommendations based on the content available on iPlayer on 31st of
October” (Quote Maxine, fieldnotes). While the purpose of the meeting was to narrow down a ten-
tative list of what they called “business rules” (post- and pre-processing steps to be added as filters
to the recommendations),* the example highlighted something unintended. The choice of training
data and the day of predictions led to a slightly “horrifying” mock interface. Due to the period’s co-
occurrence with Halloween, the recommendations featured many titles related to the paranormal, as
well as some horror films and TV shows, such as “Ghost” and “Interview with a Vampire” To account
for this overrepresentation of Halloween-themed content, it is necessary to understand the role of
“data slicing” in ML development, which involves creating specific subsets of an ML dataset for train-
ing and evaluation. In this reflection paper, I wish to use this observation to reflect on the significant,
yet often overlooked, role of data slicing in ML evaluation practices.

The BBC is an intriguing case, as it functions both as a broadcasting archive and an active Public
Service Broadcaster (PSB).’While the on-demand content platforms do not provide direct access to
the archival collections, they continually make parts of the collections accessible to the public, as the
available content on these platforms is regularly updated, also in consideration of shifts in audiences’
sensitivities. The recommender systems deployed on these platforms, therefore, play a crucial role in
providing access to the past by predicting what content users might enjoy watching in the future.®
The development of new recommenders at the BBC was generally motivated by editorial goals of

managers, engineers, data scientists, and managers who participated in these meetings. Furthermore, I conducted two work-
shops — one physical and one online - aimed at qualifying my initial findings and creating a reflective space for those involved
to gain insights into their own practices. An overview of interviews and workshops can be found in supplementary materials.

*Recommender systems are ML algorithms (they can also be rule-based) that filter information based on contextual data
according to different technical logics (Bobadilla et al. 2013). The most common logics in the media domain are content filtering,
which uses item features to recommend other items similar to what the user has previously clicked on, and collaborative
filtering, which uses similarities between users and items simultaneously to provide recommendations (Bobadilla et al. 2013).

*The names of those involved are pseudonymised to protect their identity and in accordance with the consent for their
participation. The pseudonyms reflect the genders of those observed and interviewed. While data science teams often remain
male-dominated, (Seaver, 2022), this is not the case at the BBC, where more than 50% of data scientists in the team are female.
Additionally, many described having specifically chosen to work for the BBC, as they felt they were more positively contributing
to society here, as opposed to purely commercial companies.

*Business rules have commonly been used in recommender systems for news distribution to make the recommenders more
aligned with editorial principles. For example, to ensure the timeliness of content (see e.g., Moller 2024).

>The BBC is the UK largest public service broadcaster (PSB). As a public service institution, the BBC is grounded in its
public service mission, as set out by the “Royal Charter” (BBC, n.d.). Public service media operate differently from commercial
media organisations, as their remit lies in fulfilling their public service role and serving the public interest with no governmental
or economic influences (see e.g., Born 2018; Ferraro et al. 2024; Jones 2022).

®Providing better and easier access to archival collections has been a key motivation for using Al in audiovisual archives
(Noordegraaf and Schjett 2025)
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showcasing the depth and breadth of the collection in support of the BBC’s public service mission.
During the development of new recommender systems, editors, curators and commissioners would
continually assess the quality of recommendations to ensure they aligned with the BBC’s values and
delivered on the desired objectives. To evaluate the recommendations, the data scientist would pro-
duce visualisations’ of future recommendations, as was also evident in the meeting described above.
Yet these visualisations would rely on specific “slices” of historical user data, including what specific
users had watched or listened to on the BBC platforms at that time. While ML systems are always
grounded in the past, as they use historical data to identify patterns and predict the future (Ziedler
2024), how that past is “sliced” when evaluating ML systems can have significant cultural implications
by shaping how the deployed systems, for example, strengthen or weaken cultural citizenship in soci-
ety (Ferraro et al., 2024). Building on archival influences in Critical Dataset Studies (Thylstrup 2022),
I draw on scholarship on critical curation to recast data slicing as a curatorial practice to critically
engage with these practices and foreground the politics and implications of data slicing - particularly
in the context of broadcasting archives, such as the BBC.

Research within Critical Dataset Studies has already drawn parallels between the production of ML
datasets and archival practices (Crawford and Paglen 2021; Gebru et al. 2021; Jo and Gebru 2020;
Pipkin 2020; Thylstrup 2022). By reframing ML dataset production as sociocultural data collection,
Jo and Gebru (2020), for example, highlighted five lessons from archival practices that could inform
a more responsible approach to this work, including consent, power, inclusivity, transparency, ethics
and privacy. Later, Thylstrup (2022) expanded on this work, emphasising how archival considerations
can inform an expanded approach to data deletion in ML datasets that better capture the ethical and
political issues at stake in such practices. In this piece, I further extend this archival parallel to data
slicing practices.

As an emerging field, Critical Dataset Studies has offered insights into how “datasets are collected,
organised, distributed and deployed” (Thylstrup 2022, 659). These investigations have taken more
artistic forms (Crawford and Paglen 2019; Pipkin 2020), used historiographic methods to study the
content of datasets to discern their values and assumptions (Denton et al. 2021; Scheuerman et al.
2019) or been grounded in ethnography or interviews to explore the construction of datasets (see
e.g., Engdahl 2024; Henriksen and Bechmann 2020; Jaton 2017; Orr and Crawford 2024). What unites
these studies is their attention to how datasets are composed and annotated in practice, with the aim
of uncovering the inherent politics of dataset production. In doing so, these studies foreground what
is materialised (e.g., values, categorisations, etc.) in the production process but also what becomes
invisible, such as the doubts and moral dilemmas of crowd workers or data scientists (Jaton 2021;
Miceli et al. 2021). This form of politics is what Law and Mol (2008, 141) understand as material
politics, which describes a “material ordering of the world in a way that contrasts this with other and
equally possible alternative modes of ordering.” Yet, the opening anecdote draws attention to how
the material politics of datasets extend beyond their composition. The choice of how to slice the data
equally orders the world in a specific way that significantly impacts what can be known and evaluated
on the basis of that particular slice. Such orderings consequently shape whose or what interests are
made negotiable, essentially, “who or what can count ethicopolitically” (Amoore 2020, 69), when
deciding how to curate the past for the future.

Data slicing® is essential to ML evaluation, as different subsets of a dataset are always used to train
and validate ML systems (often referred to as the test-train split). However, data slicing can also be

"In a separate paper, I explore the visual politics of these visualisation tools and how their epistemic qualities shape
the development of recommender systems at the BBC and how core Public Service Media (PSM) and editorial values are
represented.

¥Data slicing is also often discussed in terms of “splitting” (see e.g., Nguyen et al. 2021). Here, I use slicing, as this was how
it was discussed by the data scientists.
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employed to explore specific parts of the dataset or as a methodology for achieving higher accuracy
by training the ML system on critical subsets of the dataset (see e.g., Ye 2021). In this context, slicing
refers to splitting a dataset into two or more parts. These splits can be random based on percentages
(e.g., 80/20) or targeted to evaluate critical or underrepresented parts of the dataset (Chung et al.
2019; Ovaisi et al. 2022; Zhang et al. 2023). However, how these splits are conducted can affect the
overall performance of the ML system (Joseph and Vakayil 2022) and obscure its poorer performance
on a subpopulation within the data (Chung et al. 2019; Ovaisi et al. 2022). Due to the increasing size
of datasets, various tools now automate and scale data slicing (Liu et al. 2022). Such standardised
techniques typically involve ensuring an equal and diverse distribution of classes within the dataset.
However, these approaches have faced criticism for their arbitrariness and for overlooking outlier
tendencies in the data (Chung et al. 2019). In response, statistical methods for more granular data
slicing have been developed, enabling more interpretable ways to slice the data and address questions
related to fairness in the data (Chung et al. 2019; Ovaisi et al. 2022; Zhang et al. 2023).

These developments illustrate a growing awareness of the politics and effects of data slicing,
although the debates remain framed within a computer science, solution-oriented approach. In this
paper, I advocate for social science and humanities scholars to join these efforts by providing critical
analyses of data slicing that can better inform our understanding of the material politics and impli-
cations of these practices. In advancing this proposal, I remain within the archival analogy. In prior
studies, data scientists were cast as archivists collecting, recording and archiving data (Jo and Gebru
2020). In this reflection, I propose recasting data scientists as curators when engaging in data slicing,
as they decide how to slice and display the past when evaluating future predictions.” In doing so, I
aim to highlight the agency of data scientists in selecting the slices and how these slices, by defini-
tion, become curatorial constructs that convey certain meanings more effectively than others. In the
following, I situate this argument within the literature on critical curation before returning to my
observations from the BBC.

Broadly speaking, a curator is someone who selects and organises materials in a display to tell a spe-
cific story (Hansen et al. 2019; Imaz-Sheinbaum 2024; Obrist 2015). As a practice, curation is often
associated with galleries and museums. However, as archives are increasingly showcased in exhibits
(Lester 2022; Williamson 2013), it is crucial to understand how the past is curated in such exhibi-
tions and the effects of different curatorial strategies (Lester 2022). Hansen et al. (2019, 4) argue that
scholars should seek to understand, “What sort of knowledge is produced in and through curatorial
strategies?” The critical analysis of curatorial practices follows a broader trend in archival studies that
challenges the understanding of archives and their exhibits as neutral sites of knowledge (Lester 2022;
Michelle et al. 2022). Here, scholars increasingly examine how archivists and the archive as an insti-
tution impart “particular meaning to the past which, in turn, refutes or silences other perspectives”
(Lester 2022, 28).

In the context of data slicing as part of ML practices at the BBC, there is no public exhibit. However,
the choice of data slices establishes the basis for evaluating the ML system, which shapes how the sys-
tem will later distribute the BBC’s vast collection to its audience. These data slices, consequently, create
a selective view of the past that influences the meaning that can be inferred from them. To critically
engage with the data scientists’ considerations around data slicing at the BBC, I draw on the work of
Imaz-Sheinbaum (2024), who similarly recasts historians as curators to illustrate how historians, in
their selection of evidentiary materials, actively curate the past to narrate a specific story of historical
events. By reframing historiography as a curatorial practice, she emphasises three interrelated activi-
ties that shape this work: “selection, organisation, and choice” (Imaz-Sheinbaum 2024, 191). Selection

® Archivists also engage in curatorial practices as part of their work; however, here I make the distinction to make the point
clearer and to signal a focus on the curation of displays meant for others.
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refers to the activity of choosing the materials to be exhibited, which is often guided by the specific
concept or frame surrounding the exhibit. Organisation, in turn, describes the subsequent activities
of how materials are positioned in relation to one another and presented to direct attention (Imaz-
Sheinbaum 2024, 191-192). Finally, choice articulates the navigational space of the curator in these
decisions. Can they freely decide how to frame the exhibition, or are these choices constrained by, for
instance, the materials or the space (Imaz-Sheinbaum 2024, 197-198)? In what follows, I use these
three interrelated activities to reflect on and discuss three interrelated considerations that the data
scientist had regarding the data used to evaluate the reccommenders at the BBC. These considerations
are specific to recommender systems, where data slices are typically temporal constructs composed of
historical audience data collected through continuous, live audience analytics (Ovaisi et al. 2022). Yet,
such reflections could be generative in understanding data slicing practices across ML applications
and domains.

During my fieldwork at the BBC, I observed the use of various data slices for evaluation purposes
and conducted interviews with data scientists to understand their considerations surrounding such
slicing practices. Through this work, I found that the data scientists tended to focus on three main
qualities when slicing the data: replicability, representativeness and generalisability. The first quality,
replicability, relates closely to the classic scientific ambition of replicating experiments to validate their
findings (Pinch 1993). The data scientists at the BBC explained that they often reused specific data
slices across different experiments to directly compare results. As one data scientist, Emily, explained:

Around maybe almost two years ago. (...) We generated one slice that is very close to what
production data looks like. (...) So, every time we launch a new experiment, we use the static
data. We want it to basically be comparable with the past experiments, but this data is now very
stale, as it was a long time ago. So now we are working on a process where we can basically
regenerate the same version of data, but in a different time frame every time we launch a new
experiment (Interview, Emily).

Replicability was critical for understanding and comparing different ML models to assess their per-
formance. However, since some ML models had been deployed years earlier, replicability could, at
times, undermine another quality of a data slice, as the quote also reveals. Specifically, replicability
could challenge the representativeness of the data slice. The BBC’s collections are constantly chang-
ing and evolving, with new content being commissioned and published. Therefore, it was important
that the data slices were temporally representative of the current BBC, as represented in the avail-
able collection across various on-demand platforms. However, this temporal representativeness was
perceived as quite fleeting. Returning to the initial meeting in the opening anecdote, held in early
December, here the data from October was already considered “slightly out of date,” according to the
principal data scientist (Quote from Maxine, fieldnotes). The issue with “old” data slices was that they
hindered the editors’ ability to relate the results to the current collection on offer, which affected how
well the editors could interpret the results, evaluate the quality of the recommendations, and iden-
tify any potentially problematic recommendations that required mitigation, for example, by adding
“business rules”

The “Halloween dataset,” as the data slice from October had been informally dubbed, posed
another challenge. This data slice was considered an outlier due to its overrepresentation of seasonal
content, which meant it lacked generalisability. Another data scientist, Tom, explained that even cer-
tain days of the week could exhibit biased viewing patterns, such as Sundays, and that seasons like
Christmas and Halloween could introduce bias, as evidenced by the increased number of horror
movies during Halloween (Interview, Tom). These biases meant that the recommender’s performance
could not be generalised to other months of the year. Tom went on to argue that relying on a specific
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weekday when generating the predictions could even skew the results. Over time, they aimed to elimi-
nate this weekday bias by aggregating the consumption of users from the 7 days following the training
data period (Interview, Tom).

From these examples, it becomes possible to untangle how the selections of slices were generally
grounded in data science concerns regarding the validity and comparability of the results. Hartley and
Thylstrup (2024) have similarly demonstrated that, in the context of journalistic news production,
the ethical considerations surrounding the construction of a recommender system were primarily
grounded in data science epistemologies rather than journalistic ones. However, the data scientists
at the BBC did consider how these qualities of the data slices affected their interpretability and, con-
sequently, the editors’ ability to assess the results. This aspect is important because the data slices
were generally organised in a similar manner, specifically in a visualisation tool that provided a mock
interface of how the recommendations would look in the “real” interface. This visualisation tool dis-
plays what a particular user has listened to or watched in the last 30 days (i.e., what was included in
the training data) and subsequently shows the recommendations produced by one or more recom-
mender systems based on the user’s consumption. The selection of data slices, therefore, significantly
influenced what could be inferred from the visualisation, which remained the same. As a curatorial
construct, the data slices and their visual organisation offered a specific view of the past that would
inform future predictions.

The choice of how to slice the data primarily belonged to the data scientists. However, a technical
manager, John, mentioned in an interview that there was a desire to explore alternative ways of slicing
and visualising the data — especially in dialogue with their editorial colleagues.

(...) How about if we slice it by age or something (...), it feels like there should be a dialogue
between the people who can develop the tools and interrogate the data and the people who
ultimately make a decision about it (Interview, John).

The slicing itself would not be difficult, he explained. However, visualising it would require reallocat-
ing resources to develop new visualisation tools that could meaningfully capture these slices. Such
developments, however, were not currently a priority due to other organisational demands for tech-
nical resources. Consequently, the existing organisation of the data slices had an implicit effect on the
initial decisions regarding how to slice the data in the first place.

The term “curator” originates from the Latin word “curare,” which means to care for or attend to
something (Hansen et al. 2019; Imaz-Sheinbaum 2024).'° This origin reflects the responsibility that
curators have for the materials they care for — a sense of care that I have also observed among the
data scientists I have encountered at the BBC and beyond. A sentiment that also aligns with ideas
around ethics of care in both archival practices and ML (see e.g., Asaro 2019; Caswell and Cifor 2016;
Gray and Witt 2021; Thylstrup 2022). Recasting data scientists as curators encapsulates this sense of
care while also enabling us to critically engage with the material politics of data slicing, namely the
ordering of who and what can be cared for in the data slices — and ultimately what is left out.

When slicing the ML data for evaluation, the BBC’s data scientists predominantly cared about
ensuring the quality and validity of the slices according to established data science practices. Yet they
also considered the interpretive needs of the editors who depend on these slices to provide their input
during the development process. However, as the examples demonstrate, the current constraints on
how the data slices could be organised (i.e., visualised), along with the slicing itself, influenced which
relationships could be cared for when evaluating the slices. Among the professionals working on rec-
ommender systems at the BBC, there was a strong shared sense of responsibility towards the audience,

"For a longer history of the origin and changing role of curatorship, see Obrist (2015).
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grounded in public service values. As part of this responsibility, there was an increased emphasis on
ensuring that, for example, minority audiences (e.g., specific geographies in the UK or racial and gen-
der minorities) felt seen and represented by the BBC.!! Specific normative aims, therefore, guided the
development of recommender systems, but these aims were not explicitly reflected in the selection
and organisation of data slices. The editors, curators and commissioners would continuously discuss
how well the visualised recommendations represented the interests of these groups. Yet, they would
have to infer these considerations from the material orderings offered by the chosen slices and visual-
isations, which did not make such relations directly visible. Consequently, the selection, organisation,
and choice of the curators (i.e., data scientists) when slicing the data materially shaped what norma-
tive relations could be more directly cared for, and which ones would be more loosely inferred or
entirely left out of sight. These very mundane and often invisible decisions of how to slice the data
could, therefore, have a significant impact on the cultural representation on the BBC’s platforms.

To conclude, this short reflection piece aimed to illustrate how recasting data slicing as a curatorial
work allows for critical engagement with the often highly tacit practices undertaken by data scientists
when working with ML datasets. By actively considering the selection, organisation and choices that
govern data slicing in ML evaluation, it becomes possible to understand the values and assumptions
that implicitly shape these practices, as well as what considerations or relations are excluded and why.
In doing so, I also expand on existing work in critical dataset studies by foregrounding the material
politics of data slicing in the evaluation of ML systems. My hope is that this short reflection can serve
as a starting point for critical engagement with the curatorial choices, challenges, and implications
of data slicing across various ML applications and domains. Even more broadly, the reflections on
data slicing as a curatorial practice may enable further considerations of how other ML practices can
benefit from established debates in cultural heritage (see also Bunz, 2024), and, vice versa, how such
practices can help us better understand curatorial practices, as these too become entangled in ML
systems.

The supplementary material for this article can be found at https://doi.org/10.1017/cfc.2026.
10014.
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