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ABSTRACT

Studies of dataset development in machine learning call for greater
attention to the data practices that make model development pos-
sible and shape its outcomes. Many argue that the adoption of
theory and practices from archives and data curation fields can
support greater fairness, accountability, transparency, and more
ethical machine learning. In response, this paper examines data
practices in machine learning dataset development through the lens
of data curation. We evaluate data practices in machine learning
as data curation practices. To do so, we develop a framework for
evaluating machine learning datasets using data curation concepts
and principles through a rubric. Through a mixed-methods analysis
of evaluation results for 25 ML datasets, we study the feasibility of
data curation principles to be adopted for machine learning data
work in practice and explore how data curation is currently per-
formed. We find that researchers in machine learning, which often
emphasizes model development, struggle to apply standard data
curation principles. Our findings illustrate difficulties at the inter-
section of these fields, such as evaluating dimensions that have
shared terms in both fields but non-shared meanings, a high degree
of interpretative flexibility in adapting concepts without prescrip-
tive restrictions, obstacles in limiting the depth of data curation
expertise needed to apply the rubric, and challenges in scoping the
extent of documentation dataset creators are responsible for. We
propose ways to address these challenges and develop an overall
framework for evaluation that outlines how data curation concepts
and methods can inform machine learning data practices.
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1 INTRODUCTION

The pervasive usage of predictive machine learning (ML) models
has not dwindled in the face of ever-growing research discussing
cases of biased results [2, 6, 9, 15, 26, 30, 31, 41, 54, 70, 71, 78, 89,
100, 114, 121, 141]. Bias in ML models often causes discrimina-
tory, unfair, or unethical judgements towards specific populations.
Past research has shown that algorithms can generate gendered bi-
ases such as image captioning models that produce gender-specific
predictions based on image context [52], analogy generators that
associate genders with stereotypical activities [17], and neural ma-
chine translation systems that generate gendered outputs [135].
Algorithms can also produce racial biases in facial recognition [20],
inaccurate classifications of racial minorities as “hateful” in on-
line hate detection [3], and prioritization of referrals for complex
medical care for white people over black people on average [81].
The biases found in these cases and others are widely attributed
to the choices made about datasets used for training ML models
[43, 58, 84].

Reused datasets are not always fit for a new model’s intended
purpose. Koch et al. show that benchmark datasets created in one
task community are used in other communities, which raises the
risk of inappropriate usage [75]. Paullada et al. discuss similar con-
cerns on the implications of dataset benchmarks that are reused
across tasks and the creation of data derivatives that reuse datasets
outside their original context [113]. Appropriate data use is also
hindered by the hidden, tacit, and undervalued nature of the prac-
tices underlying data collection, processing, and implementation.
As Hutchinson et al. point out, “How can Al systems be trusted
when the processes that generate their development data are so
poorly understood?” [63, p. 560]. In addition, knowledge related to
using and forming data is often obfuscated because of the tacit skills
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and expertise involved [104, 133] but also because data work is un-
dervalued and taken for granted in the face of performance metrics
related to models [13, 18, 63]. These factors contribute greatly to
the lack of transparency and accountability in ML models.

Attempts to address these issues look towards the study of
data practices in ML. Data practices in this context are defined
as “...what and how data are collected, managed, used, interpreted,
reused, deposited, curated, and so on...” [18, p. 55], and are also re-
ferred to as data work [124] and dataset development [72, 113, 125].
Many studies have highlighted that the overall lifecycle for dataset
development should get greater recognition for its impact on pre-
dictive models and as a result requires a more intentional strategy
[13, 51, 63, 72, 111, 113, 116, 125]. This has led to a greater focus on
the development of context documents — “interventions designed
to accompany a dataset or ML model, allowing builders to commu-
nicate with users” [19, p. 2]. Other research on dataset development
has explored the needs of practitioners in performing documen-
tation [51, 58, 76], the challenges and opportunities in reducing
bias and increasing fairness and accountability of data used in ML
[4, 86, 98, 99, 131], the impacts of data preprocessing on ML models
[16, 46, 90], aspects of fairness in dataset annotation [76], and many
more. Particularly, this study adds to emerging research that dis-
cusses the adoption of principles from archival studies and digital
curation into dataset development processes for machine learning
research (MLR) [13, 25, 67, 80, 134].

Digital curation is defined as “the active involvement of informa-
tion professionals in the management, including the preservation,
of digital data for future use” [140, p. 335]. The broader domain of
digital curation includes all digital objects. Data curation is a subset
of this domain that focuses solely on data objects. Data curation
involves “maintaining and adding value to digital research data
for current and future use” [22, p. 1]. Studies call for ethical data
curation [80] and methods from archival studies as these fields have
long dealt with large amounts of data and concerns of represen-
tativeness, ethics, and integrity [25, 67, 134]. While these studies
propose principles and practices that can be adopted from data
curation in theory, there is a gap in applying the concepts within
ML to demonstrate their feasibility and usefulness in practice.

In this work, we present an application of a data curation lens
within dataset development in ML to obtain a practical understand-
ing of data practices. We review and consolidate the literature
on ML data work documentation and data curation frameworks
and leverage these theoretical foundations to study whether data
curation can feasibly provide frameworks for improved fairness,
accountability, and transparency in ML dataset development. Our
overall research question is: How should data curation concepts
and methods inform ML data practices? Our aim is to explore, at
the intersection of these fields, how ML data practices currently
perform data curation and how data curation can be enacted more
effectively and rigorously. Our working hypothesis is that data
curation frameworks can be effectively used to guide and evaluate
data practices in ML. We therefore use data curation frameworks
to conceptualize and evaluate existing ML practices as data cura-
tion. Our goal is that in the near future, data curation is routinely
recognized and rigorously performed as a key part of ML research,
including its norms and peer review standards. We present a sum-
mary of literature from data curation to establish its importance

Bhardwaj et al.

in ML and use it as a lens for ML. By examining data practices in
MLR through the lens of data curation, we aim to contribute to
effective dataset development in ML that supports transparent, fair,
and accountable ML practices and outcomes.

To connect the two fields, we designed a toolkit to identify gaps
and overlaps. It includes a rubric to evaluate the documentation of
the contents of datasets as well as the design decisions made in the
process of developing datasets based on criteria adapted from the
fields of digital and data curation, library, and archival studies. We
applied the rubric on sample datasets from NeurIPS, the Conference
on Neural Information Processing Systems, a leading global venue
for AI/ML research. The design of the framework therefore moves
towards the adoption of data curation principles and concepts by in-
fluencing evaluation standards. We analyzed the rubric evaluations
to understand the entanglement of data practices in the disciplines
and determine the feasibility and relevance of assessing ML data
work using data curation perspectives. The process of designing
and applying this rubric revealed strengths and weaknesses of cur-
rent dataset development but also challenges in adapting principles
from a data-focussed field like data curation for the model-focussed
field of ML. We present our findings in four themes and discuss
the limitations of adapting nuanced, practice-based processes from
data curation into ML given their differing field epistemologies. We
also present pathways to address the four challenges and make
recommendations to further progress interdisciplinarity between

the fields.

2 BACKGROUND

Below, we first review current practices of data work in machine
learning research (Section 2.1) and briefly describe foundational
data curation concepts (Section 2.2). We then discuss ML studies
that start to bridge the fields of ML and data curation and archival
studies (Section 2.3). Finally, we discuss why and how machine
learning can adopt data curation to improve current data practices
(Section 2.4) by extending current studies’ use of data curation
concepts.

2.1 Data Work in Machine Learning Research

In response to the call for accountability and transparency, the de-
velopment of context documents became the prevalent method of
demonstrating the data work involved in ML research. Datasheets,
for example, are now a commonly used documentation framework
for describing the contents of datasets and select data design de-
cisions made by the dataset creators [42]. There are also specific
structures of context documents for different types of datasets. For
example, data statements for natural language processing (NLP)
datasets contain specifications on demographic information about
the dataset annotator, quality of the dataset, provenance, etc. [12].
Similarly, Al fairness checklists were developed to aid practitioners
by providing a structured framework to identify and address issues
within their projects [92]. Model cards aim to “standardize ethical
practice and reporting” within ML models [101, p. 221]. Model cards
include details about the models, their intended use, impacts of the
model on the real-world, evaluation data, details on the training
data, and ethical considerations [101]. Explainability fact sheets are
used for similar documentation but are specifically geared towards
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the method applied in a predictive model. The fact sheet contains
an evaluation of the method’s functional and operational require-
ments, the criteria used for the evaluation, any security, privacy or
other vulnerabilities that may be introduced by the method, and
the results of this evaluation [129].

Simultaneously, dataset development research, sometimes re-
ferred to as data science work in ML, became a focal subject of
study. Prominently many of these works unearthed how extrinsic
and intrinsic biases impact the outcomes of ML models. For example,
data cascades - “compounding events causing negative, downstream
effects from data issues, that result in technical debt over time” [124,
p- 5] - result from data practices being undervalued, lack of pre-
paredness in handling data quality in high-stakes domains, data
being reused out of context, and data scarcity causing potential
downstream risks to groups. Documentation of computer vision
datasets have also been analyzed to unearth the values that are
prioritized by dataset creators and the field in general [125]. “The
kinds of data collected, how it is collected, and how it is analyzed
all reflect disciplinary and researcher values” [125, p. 4]. The re-
sults showcase that current practices of dataset development in ML
prioritize model development over dataset development, efficiency
over reflexive and critical curation, the collection of large, diverse
datasets over emphasis on the context and circumstances of the data
included in the dataset, and advocate for neutrality and impartiality
in their data development process as compared to disclosing their
positionality and worldviews [125]. Types of intrinsic biases that
occur in ML projects have also been organized by building a “for-
gettance stack” with types of forgetting that occur throughout the
ML pipeline [105]. “..forgetting in data science can also be harmful
or cause violence, not least because our choice of what we deem
unimportant enough to forget to improve our memory, impacts
on our understanding of histories, data, exploitation, harm, and so
on” [105, p. 3]. On the other hand, focussing on intrinsic biases is
also seen as failing to acknowledge the power dynamics at play
in situations [99]. By placing the focus on a bias-oriented framing
rather than a power-oriented one, there is a loss of awareness of
how labour conditions, social processes, and relationships between
dataset creators and consumers impact the data bias present within
ML models [99]. Instead, it is proposed that research must “..in-
terrogate the set of power relations that inscribe specific forms of
knowledge in machine learning datasets” [99, p. 9].

While many of these studies of dataset development discuss
“data curation”, the term is often used generally to discuss data
collection [58, 84, 92]. Contrarily, data curation as a field takes
an encompassing lifecycle view and considers many data work
processes beyond data collection. The relevance of broader data
curation studies to ML is rarely recognized, but several studies
identify the opportunities in adopting practices from data curation
into MLR.

2.2 Theoretical Framework of Data Curation

The information fields of archives, records management, and digi-
tal curation share principles, practices, challenges, and knowledge
frameworks, but also diverge in areas. Data curation has been de-
fined by institutions in varying ways, on occasion coupled with
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digital curation [107]. An important synthesis is made between per-
spectives that see data curation as digital curation, as value-added
infrastructure service, and as an object of archival interest [107].
Data curation can be defined as, “..the activity of managing data
throughout its life cycle; appropriately maintaining its integrity
and authenticity; ensuring that it is properly appraised, selected,
securely stored, and made accessible; and supporting its usability
in subsequent technology environments.” [107, p. 203].

The Digital Curation Center’s lifecycle model consists of stages
of curation that projects undergo and helps in identifying roles
and responsibilities, processes and best practices, standards and
policies, and their documentation [55]. The sequential stages of the
DCC curation lifecycle model are ‘conceptualize’, ‘create or receive’,
‘appraise and select’, ‘ingest’, ‘preservation action’, ‘store’, ‘access,
use, and reuse’, and ‘transform’ [55]. Data curation emphasizes that
each stage of curation must be purposeful and attend to stewardship
and future use [110]. The focus lends itself towards “improvement
of data products” and ensuring data is valuable now and in the
future [110]. For each stage of curation, technical, legal, ethical, and
operational considerations are made.

2.3 Data Curation in Machine Learning
Research

The existing body of knowledge in archival studies, data manage-
ment, and data curation provide opportunities for adoption within
dataset development in ML. Some ML studies have recognized this.
For example, Jo and Gebru urge, “By showing the rigor applied
to various aspects of the data collection and annotation process
in archives, an industry of its own, we hope to convince the ML
community that an interdisciplinary subfield should be formed...”
(67, p. 307].

Archival science offers sophisticated methods of evaluating, fil-
tering, and curating data that require a high degree of supervision
and intervention. While this poses a challenge in some subfields
of ML, lessons can be learned from archives around current key
issues in ML including consent, inclusivity, power, transparency,
and ethics [67]. For example, archives have codes of conduct and
ethics to ensure violations do not occur and data curators consider
and document whether data should be collected at all based on
potential risks and benefits ensuring transparency and supervision
of collected data. Leavy et al. further emphasize the importance of
“... [enabling] critical reflection and responsibility for the potential
effects of the use of data” [80, p. 695]. Their proposed framework for
ethical curation consists of 4 principles detailing how to examine
the power dynamics of whose voices, labour, and perspectives are
included in data curation, how to consider the context and situat-
edness of data, how to recognize that data curation is a continuous
and reflexive process, and how to question the forms of knowledge
that are considered legitimate and are included in the data curation
process as compared to those that are not.

Similar to Jo and Gebru, who point out the need for interventions
in ML data, Bender et al. describe the risk of documentation debt
due to large amounts of uncurated and undocumented data that is
used to train large language models [13]. The lack of accountability
and transparency lead to encoded bias in the datasets used for
training. In turn, Bender et al. recommend “making time ... for



FAccT ’24, June 03-06, 2024, Rio de Janeiro, Brazil

doing careful data curation and documentation, for engaging with
stakeholders early in the design process...” [13, p. 619].

Research at the intersection of archives and ML often focuses
on how algorithms can automate archival processes such as extrac-
tion, indexing and retrieval, appraisal, and redaction [25], but some
emphasize “...the opportunity for recordkeeping contributions to
the advancement and appropriate use of Al by bringing expertise
on provenance, appraisal, contextualisation, transparency, and ac-
countability to the world of data” [25, p. 11]. A critical archival
approach is required towards datasets in Al to enable reflection on
ethical issues such as access, consent, traceability, and accountabil-
ity [134].

2.4 How Can Data Curation Benefit ML Data
Work?

The ML model development pipeline consists of data collection,
data processing, model building, training, model evaluation, and
model deployment [49, 109]. Data curation has similar stages in
its lifecycle model. For example, ‘create or receive’, ‘appraise and
select’, and ‘ingest’ relate to data collection in ML, while ‘transform’
can involve data cleaning, data augmentation, and data wrangling
in ML. However, data curation prioritizes two key aspects within
the lifecycle that make it distinct from how dataset development is
performed in ML.

First, data curation has defined inputs, outputs, outcomes, tasks,
and reasons for performing each stage in the lifecycle. Importantly,
all of these elements are defined and implemented through policies
that hold curators and involved stakeholders accountable while
also enabling transparency. The ‘appraise and select’ stage eval-
uates which data should be retained versus discarded for long-term
curation. This process is interventionist and requires curators to
make judgements on the benefits and risks of storing or discarding
the data. In contrast, this is currently missing in ML dataset devel-
opment where many subfields are driven by collecting the largest
amount of data possible. In fact, ML publications introducing new
datasets consider the size of the data collected an important contri-
bution when discussing their work. On the other hand, the ‘appraise
and select’ stage is performed for 5 reasons: to reduce the amount
of data to be curated, to enable efficient retrieval, to enable timely
preservation activities, to limit cost of data storage, and to capture
legalities of data storage and access [57]. The tasks performed in
this stage are documented through an appraisal policy which struc-
tures the process of making appraisal decisions among other agreed
upon requirements for accessibility, retention, etc. The appraisal
policy also supports the collection development policy which is
an outcome of the prior stage, ‘receive’. In the next stage, ‘ingest’,
in which data is submitted for curation, the appraisal schedule is
determined to ensure that there is timely reappraisal of the data be-
ing curated to determine needs for further retention and long-term
value. These defined guidelines and expectations from each stage
of the curation lifecycle enable reuse due to comprehensive docu-
mentation, the establishment of clear context and purpose for data
curation, and high level of intervention that decreases the risk of
introducing intrinsic bias and increases the likelihood of removing
or addressing extrinsic bias. Similar standards and processes can
be adopted into ML dataset development.
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Secondly, data curation takes a lifecycle approach focusing on
adding and maintaining long-term value across each stage, which
is reflected in the norms, standards, and practices of data curation
communities. The inclusion of stages like ‘preservation’ and ‘access,
use, and reuse’ centralizes these reuse-oriented concerns in data
curation. These concepts are considered not solely within their
specified stages but throughout the dataset lifecycle. For example,
considerations around long-term access inform the ‘conceptualize’
stage and data management methods throughout the lifecycle, the
‘receive’ stage identifies access and reuse rights, and the ‘ingest’
stage considers legal ownership issues. The data curation lens there-
fore not only provides standards and practices but also highlights
the value of a cyclical view.

Pennock outlines the benefits of a lifecycle approach for digi-
tal curation, stating that digital materials change throughout their
curation process and adopting a lifecycle model facilitates its con-
tinuous management [117]. This continuity lends itself to the ability
to retain authenticity and integrity. A study of data curation at the
ICPSR find that data work is often thought of as sequential and
is represented through a pipeline but in actuality “data curation
... is a highly collaborative process occurring across a distributed
system over time” [133, p. 20].

Data curation supports greater reflexivity on the importance of
each stage of data work. It highlights that data reuse now and in
the future is dependent on a holistic approach for creating more
transparent and accountable datasets which is only possible through
meaningful dataset development. In the next section, we discuss the
development of a resource that is aimed towards enabling critical
dataset development in ML through a data curation lens.

3 METHODS

Below, we demonstrate how data curation concepts can be adapted,
translated, and operationalized for ML data work.

3.1 Development Process

Our framework for evaluating ML datasets centers on a rubric de-
veloped in a multi-stage design pictured in Fig. 1. We started by
identifying aspects of data curation currently used in ML dataset
creation and those that can be further informed by data curation
frameworks. Based on concept mapping between the two disci-
plines supported through literature reviews, we organized dimen-
sions of data curation concepts and principles relevant to ML. We
developed the rubric iteratively based on existing literature from
digital curation lifecycle models [55], FAIR data principles [138],
considerations of environmental sustainability and justice [10, 120],
prior work on digital curation assessment frameworks [11], and
current ML documentation frameworks. The framework builds on
the significant impact of datasheets [42] and takes the logical next
step. Datasheets [42] are focused largely on the content of datasets.
Our rubric prompts dataset creators to adopt a reflexive stance
about their curation decisions. The earliest drafts of the rubric
went through an internal review process in which the authors it-
eratively discussed and improved the descriptions and evaluation
criteria. This included adding, removing, splitting and grouping
elements, narrowing down the data quality dimensions most apt
for ML datasets, exploring qualitative and quantitative evaluation
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Figure 1: Multi-stage development and evaluation process of the rubric and toolkit

metrics, and arriving at two levels of evaluation, namely a minimum
standard and a standard of excellence. After several iterations of
the conceptual framework, we developed additional resources to
support the use of the rubric, packaged together as a toolkit.

We used the toolkit to evaluate select datasets published in the
NeurIPS benchmarks and datasets track [142]. We collected quan-
titative and qualitative results on the ratings and comments to
understand how data curation is performed in ML, whether data cu-
ration principles were effectively adapted for ML datasets to enable
feasible evaluations, whether there were elements that emerged
as being irrelevant to evaluating ML datasets, and to study the
reviewers’ experience, feedback and reflections from applying the
rubric. The ratings and results contributed to iterative revisions of
the toolkit. In addition, in the final set of evaluations, the review-
ers re-examined the evaluations performed for each dataset, and
asynchronously resolved disagreements in the ratings by providing
comments on whether they agreed or disagreed with another review
and accordingly updating their evaluation rating. The reviewers col-
laboratively discussed the remaining disagreements which helped
in further refinement of the rubric and toolkit. In the following sec-
tions, we outline the contents of the rubric and toolkit. In Section
4, we present our observations and findings from using the rubric
to evaluate ML datasets.

3.2 Rubric

The rubric elements assess the documentation of data composition
and data design decisions (i.e., data work) in 19 dimensions across
five groups. The full rubric is provided in Appendix A. Below, we
briefly discuss a few sample elements within each group.

Scope contains the elements ‘context, purpose, motivation’ and
‘requirements’. The latter element’s criteria expect 1) a dataset cre-
ation plan and 2) considering how problem formulations can in-
troduce intrinsic biases. This echoes data curation’s emphasis on
data management plans that are established at the beginning to
guide the entire curation process. The rubric contains these ele-
ments because establishing the scope is “..a translation task from
a problem in-the-world, into a problem in-the-business, and then
into a data science formulation...Each translation step requires
additional interpretation into data sources and data formulations,
imposing further decisions upon the humans who carry out the

work” [105, p. 9]. Capturing these decisions through documenta-
tion helps unveil the politics and values involved in setting scope
[105, 112, 118].

There is an emphasis on reflexivity throughout the rubric, such
as being intentional and accountable while deciding on the pur-
pose for creating a dataset, but a group of elements are centrally
concerned with ethicality and reflexivity: ‘ethicality’, ‘domain
knowledge and data practices’, ‘context awareness’, and ‘environ-
mental footprint’. The criteria for evaluating ‘ethicality’ includes a
discussion of informed consent and weighing benefits and harms
of the dataset. The criteria expects dataset creators to demonstrate
‘context awareness’ by looking inwards and considering how their
dataset is a non-neutral representation of the real-world impacted
by their perspectives, field epistemologies in which their research is
situated, and social, political, and historical context [127]. Dataset
creators are also asked to document how their ‘domain knowledge’
expertise and ‘data practices’ shape the dataset. Curatorial work re-
quires craft and unstandardized methods: “...curators organize their
work by first developing a gestalt, abstract mental representation of
the data to envision what the final released dataset will entail; they
then use their judgement and expertise to interpret standards, [and]
creatively come up with solutions...” [133, p. 13]. Documentation
of this tacit knowledge makes it explicit which supports informed
choices about reuse. This is supported by Heger et al’s findings
which discuss that ML practitioners “..noted that information that
is implicit or tacit is at risk of being lost if it is not documented”
[51, p. 13].

Elements that document key stages of the ML pipeline are
included in the rubric because they demonstrate the foundation
of how the dataset was developed, namely ‘data collection’, ‘data
processing’, and ‘data annotation’. While these elements are familiar
to dataset creators, the rubric offers the opportunity to approach
these elements from a different perspective. For example, aside
from disclosing the data sources from which data was collected,
the rubric urges reflection on how choices in ‘data collection’ have
embedded interpretative assumptions because the act of selecting
data or “discovering” data, especially one source over another, is
a human, subjective act that involves interpretation [105]. The
rubric also prompts for reflexivity in the process of ‘data collection’
rather than at its end. It suggests that criteria for selecting data
sources should be discussed and decided prior to its collection in
an active process of assessing whether data sources fit the criteria.
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Ultimately this process must be documented so that data reuse is
more transparent, similar to collection development policies in data
curation.

The rubric underscores the application of the data curation lens
through the elements about data quality dimensions, including
‘suitability’, ‘representativeness’, ‘authenticity’, ‘reliability’ and ‘in-
tegrity’, along with ‘structured documentation’. ‘Suitability’ prompts
dataset creators to reflect on whether their dataset aligns with the
purpose they established at the start of the dataset development
process and whether the quality of the dataset enables the fulfill-
ment of that purpose. ‘Representativeness’ is included to promote
awareness of introducing extrinsic biases through data collection.
Dataset creators are asked to define the population represented in
their dataset and comment on whether a representative sample is
included. ‘Authenticity’, ‘reliability’, and ‘integrity’ are inter-related
elements but are analytically separate concepts and specifically de-
fined in archival and digital curation fields. An authentic dataset is
one that “is what it purports to be” [32-34, 56, 119]. This means that
the development of the dataset should include discussion of how
‘authenticity’ was established i.e., how the dataset creators verified
the origin of the data they collected. Additionally, it should discuss
how authenticity is impacted once the collected data is prepro-
cessed and how the now derived dataset will continue to maintain
authenticity. Establishing this chain of authenticity ensures that the
dataset that is created is based on verified data and the future reuse
of the new dataset can also have a claim of authenticity. A reliable
dataset is one that is “capable of standing for the facts to which it at-
tests” i.e., that the data points reflect what they represent [32]. The
rubric prompts the assessment of the maintenance of ‘reliability’
while creating the dataset and how reliability can be maintained
once the dataset is reused. A dataset with ‘integrity’ is one where
“the material is complete and unaltered” [14, 21, 35, 56, 102]. The
rubric prompts evaluators to check whether dataset creators dis-
cuss how integrity has been maintained during dataset creation and
future management of integrity. Lastly, we include the ‘structured
documentation’ element within this category as the rubric prompts
evaluators to assess whether a context document was included to
provide documentation about the quality of the dataset’s contents.

To increase transparency and appropriate reuse of datasets in
ML, the rubric adopts and adapts the widely used FAIR principles
for data management [138]. The FAIR (findability, accessibility,
interoperability, reusability) principles were first produced to im-
prove the stewardship and management of research datasets but
since then have been adopted into numerous disciplines, including
AI/ML [7, 39, 66, 88, 108]. In the rubric, documentation for each
of ‘findability’, ‘accessibility’, ‘interoperability’, and ‘reusability’ is
prompted as individual elements with the principles split into mini-
mum standard and standard of excellence based on their importance
and relevance for ML datasets [138]. Inclusion of the principles in
the rubric enables increased transparency and reusability while
fostering improved collaboration.

3.3 Toolkit

The conceptual framework of the rubric is complemented with 1)
instructions detailing how dataset creators can use the rubric to eval-
uate their own processes and how dataset re-users (or reviewers)
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can evaluate existing datasets, 2) guiding principles, recommen-
dations, and FAQ to help in evaluating datasets using the rubric,
3) guidance on interpreting the FAIR principles and authenticity,
reliability, integrity, and representativeness, 4) a glossary, 5) and
sample evaluations. The toolkit is provided in Appendix B.

The rubric is used to evaluate a minimum standard and a stan-
dard of excellence. The former is evaluated on a pass/fail basis,
the latter using none/partial/full. The minimum standard criteria
relay the expected level of documentation from all ML datasets
while the standard of excellence criteria advocates for a high level
of criticality and the documentation only receives “full” when all
sub-criteria are satisfied. The guiding principles, recommendations,
and FAQ sections provide overarching suggestions such as how to
approach the evaluation of a dataset that has multiple sources of
documentation such as the publication, appendix, website, GitHub
page, etc.

Additional guidance is provided for the data quality dimensions
‘representativeness’, ‘authenticity’, ‘reliability’, and ‘integrity’ as
these elements must distinctly be evaluated from an archival and
digital curation perspective. For example, ‘representativeness’ is
related to ‘reliability’ but more closely focussed on whether the
dataset accurately represents the overall set of observations or
entities that it claims to be a sample of. Similar guidance is provided
around the FAIR principles with simplified explanations and links
to self assessment tools and checklists based on the FAIR principles.

4 FINDINGS
4.1 Application

In order to study whether data curation concepts were feasible for
ML dataset development in practice, a set of authors with varied
exposure to both ML and digital curation fields conducted a sample
set of evaluations using datasets published in NeurIPS. Further
information about the authors’ expertise is discussed in Appendix
C.1. The evaluations were conducted in four rounds (training, round
1, round 2, and round 3).

We started with a training round so reviewers could become
adept with applying the rubric, become familiarized with new con-
cepts and terminology using the toolkit as supplementary material,
and ask questions to improve their understanding. The training
round consisted of 5 randomly selected datasets published in the
NeurIPS benchmarks and datasets track from 2021-2023. Next, three
rounds of evaluations were performed on (20) randomly selected
datasets; the first round consisted of 10 datasets and the remaining
of 5 each. The datasets are listed in Appendix C.2. Following each
round, we worked on resolving any disagreements, questions and
feedback by improving the rubric and toolkit, and addressing any
concerns raised by the reviewers.

We analyzed the ratings and comments for all the evaluations
by measuring inter-rater reliability (IRR). We calculated IRR by
using two-way mixed, consistency, average-measures intra-class
coefficient (ICC) given our fully crossed design to assess the consis-
tency of the raters’ evaluations of rubric elements across subjects
[96]. Since the ratings for the variables (i.e., rubric elements) were
measured on an ordinal scale (i.e., full, partial, none and pass, fail),
the ICC was the best suited statistic to assess IRR [47]. ICC values
of 1 indicate perfect or complete agreement, 0 indicates random
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Figure 2: IRR across datasets and rounds

agreement, and negative values indicate systematic disagreement.
ICC values of less than 0.40 indicate poor IRR, values between 0.40
and 0.59 indicate fair IRR, values between 0.60 and 0.74 indicate
good IRR, and values between 0.75 and 1.0 indicate excellent IRR
[24].

Fig. 2 shows the progression of IRR from training (datasets 1-
5), round 1 (datasets 6-15), round 2 (datasets 16-20), and round 3
(datasets 21-25). The lowest ICC value is 0.45 for dataset 8 which
indicates fair agreement while the highest is 0.89 for dataset 21
which indicates excellent agreement. Across datasets, the IRR val-
ues span from fair to excellent which indicates the difficulty in
obtaining truly consistent evaluations. Nonetheless, the distribu-
tion of IRR per round shows lower variability in the consistency
as the rounds progress indicating gradual improvement through
iterations. Furthermore, round 3 has all 5 ICC values indicating ex-
cellent agreement (ICCs between 0.76 and 0.89). We also compared
reliability across elements, which had mixed results, as discussed
further in Appendix C.3.

To assess the extent to which the rubric and toolkit improve-
ments between the evaluation rounds were impacting the consis-
tency of the evaluations, we analyzed the disagreements by datasets
and elements. A summary of the average number of inconsistencies
across datasets can be found in Appendix C.4. Most importantly,
the metric demonstrates that the overall percentage of all disagree-
ments decreased from training (32%),round 1 (25%), round 2 (23%),
to round 3 (7%) indicating that the iterative development of the
rubric was improving the consistency of the evaluations.

We reviewed the inconsistencies across each element of the
rubric to determine whether any specific elements were standing
out as infeasible to adapt from data curation to ML or required
further improvements to adapt. To measure this, we calculated the
percentage of datasets with inconsistencies for each rubric element
as shown in Appendix C.5.

We analyzed responses after each round and consequently in-
troduced changes to the toolkit that would reduce inconsistencies
iteratively. As a result, we were able to identify improvements in
some rubric elements and recurrent challenges in others. Difficulties
with curation-specific terminology such as the difference between
‘findability’ and ‘accessibility’ was addressed by clearer definitions
and examples. Other difficulties, such as the applicability of data

quality evaluation for datasets that were synthetic (not collected)
were addressed with better guidance. Lastly, ‘reliability’, ‘authen-
ticity’, and ‘integrity’ were difficult to evaluate because while the
documentation provided by dataset creators acknowledged the lim-
itations of the dataset, it was not in terms that addressed these
elements specifically.

To get a better understanding of the reason for the inconsisten-
cies after round 2, we analyzed the evaluations by comparing the
evaluation comments against a “reference” comment. Based on this
analysis, specific patterns emerged on the reasons for disparate
evaluations between raters. These reasons, in turn, revealed four
types of challenges in applying data curation concepts to ML con-
texts. A sample set of analyzed evaluations is presented in Table 1,
and discussed in further detail in the following section.

In response to the range of evaluation outcomes for the ‘struc-
tured documentation’ dimension, we reviewed the current data
practices reported by the dataset creators in more detail by an-
alyzing the context documents provided with publications. Our
review, detailed in Appendix C.6, indicates that out of 25 datasets
assessed, 6 lacked an accompanying context document. Of the 19
datasets with context documentation, we identified limitations that
undermine their completeness and utility. This review highlights
instances where modifications to standard datasheets or checklists
by dataset creators lead to the omission of essential curation details.
We document cases where the provided information was ambigu-
ous or could not be independently verified, emphasizing the need
for improved documentation standards to uphold the integrity of
data curation processes.

4.2 Challenges

Table 1 introduces four challenges we identified through the evalu-
ation results. They illustrate the difficulties of designing an eval-
uation framework that assesses ML concepts using data curation
principles. These challenges are not comprehensive but serve as a
demonstration of salient issues in this interdisciplinary space.

4.2.1 False Friends. Some elements refer to terms shared between
data curation and ML (or computing broadly) that have non-shared
meanings (false friends). For example, ‘reliability’ in engineering
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and computing disciplines refers to expected consistency in perfor-
mance (i.e., that a system will perform as expected in a given time
period and environment). For datasets, this is often interpreted as
the trustworthiness of data in terms of accuracy and consistency
[137]. However in data curation, reliability is defined as whether
data is “capable of standing for the facts to which it attests” [32]. For
the example provided in Table 1, raters evaluated the standard of
excellence for ‘reliability’ for dataset 19, which has criteria stating
that the documentation discusses the management of reliability for
appropriate reuse in the future, i.e., how the dataset structure and
documentation enable reliable re-purposing and reuse. Interpreting
this criteria as “dataset reliability” leads to consideration towards
whether the dataset would be accurate over time for reuse and
consistently available. Accordingly, Rater 3’s evaluation points to
a discussion on maintenance and findability of the dataset rather
than an evaluation of processes in place to ensure that the dataset
will continue to represent the information it is about even when it
is reused and repurposed.

4.2.2 Interpretative Flexibility. The rubric’s more open ended cri-
teria lead to interpretative flexibility, which can result in divergent
ratings. For example, the evaluation of ethicality in dataset 20 sur-
faced how different standards and expectations can collide, resulting
in a full range of evaluations. While one rater was fully satisfied by
a discussion of potential negative impacts (full), another recognized
these statements as typical but expected more (partial), and the
third considered them insufficient (none).

4.2.3 Depth of Analysis. The third challenge arose as a result of
reviewers bringing differing expertise and different technical know-
how to evaluating an element, but the important question is how
deep an evaluation can and should go beyond surface documen-
tation. Table 1 points to an example of this for evaluating ‘inter-
operability’ for dataset 17. The criteria direct reviewers to assess
whether the metadata and data are readable by humans and ma-
chines. This can be interpreted by evaluating whether the dataset is
made available in a standardized and documented format. Data for-
mat standardization however has multiple levels. For example, even
a structurally simple standardized ‘container’ format such as CSV
must be complemented with clear definitions of each column. For
more complex data, the recursive analysis and exhaustive models
of dependency networks can become effort intensive [44].

4.24 Scoping. The last challenge in designing the rubric was scop-
ing the expected standard of documentation from dataset creators.
For example, in evaluating the maintenance of integrity while de-
veloping the dataset (minimum standard) and management of in-
tegrity for appropriate reuse in the future (standard of excellence),
it is challenging to scope which points in the data pipeline the
dataset creators are responsible for documenting processes around
integrity. In the example of dataset 16, raters reported confusion
around whether the integrity should be evaluated based on the
integrity of the collected data, or the maintenance of integrity in
the data pipeline, or the integrity of the final produced dataset.
Similarly, in the example shown in Table 1 of dataset 19, ‘domain
knowledge and data practices’ was challenging to evaluate because
it was unclear whether expertise in collecting the data, the problem
domain overall, or developing the dataset needed to be documented.
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5 DISCUSSION
5.1 Limitations

We identify two key limitations in the application of the rubric.
First, using the rubric to evaluate ML datasets requires training,
practice, and familiarity with data curation concepts. Performing
evaluations iteratively and taking part in workshops and discus-
sions help improve the required data curation knowledge. This also
creates a potential scenario in which ML experts may be expected to
acquire an unreasonable amount of expertise in data curation prior
to applying the rubric. Uptake of such a rubric requiring specialized
knowledge and skills that are improved over time is presently a
limitation on the immediate resolution of using data curation to
improve fairness, accountability, and transparency in ML dataset
development.

Second, our current evaluation framework is used to explore the
connections between data curation and ML dataset development
through its application on a select set of datasets where evaluations
are performed by a select set of reviewers. In addition, the review-
ers were trained in using the rubric. Furthermore, the results from
the application of the rubric are on the basis of randomly selected
datasets that aim to represent ML datasets at large. This means that
our findings are predicated on these factors. This further implies
that the improvements made to the toolkit are on the basis of diffi-
culties faced in evaluating a sample set of datasets. We report IRR
metrics that showcased improved consistency in responses between
each round. However, we cannot distinguish to what degree the
ICC values improve because the toolkit was updated and improved
after each round, or because the reviewers became more consistent
at interpreting and evaluating the rubric criteria.

5.2 Pathways Forward

We outline some recommendations to address the challenges based
on the lessons learned from applying a data curation lens to examine
ML data practices. These challenges combine problems that can be
fixed with tensions that will remain present and need navigation,
thus they present opportunities for growth between the disciplines
through continued exploration of the intersections in data practices,
including further toolkit development.

The presence of false friends across fields suggests that evolving
documentation can aid with defining, understanding, and navigat-
ing the differences in shared terms. Toolkit components like the
glossary and FAQ can provide evolving required context to ensure
that shared terms between ML and data curation are evaluated as
intended.

The challenge of interpretative flexibility presents an opportunity
to engage in generative discussion and collaboration that broadens
the association between data curation and ML dataset development.
As with any form of descriptive evaluation, the rubric necessitates
interpretation. The recent emergence of research intersecting these
fields means that evaluation across the disciplines is complex. One
consideration for generative discussion is to what extent (and if
it all) the evaluators need to agree in their assessments. It can be
argued that a better approach would be to embrace the flexibility
of the evaluations within the format of the rubric and create an
evaluation framework that doesn’t result in ratings and comments
but questions and recommendations to foster collaboration instead
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Table 1: Sample set of round 2 evaluations and challenges

Data- | Element Evaluation Comments (paraphrased) Reference Comment Reason for Inconsistency Challenge

set

19 Reliability, stan- | Rater 2 (none) mentioned that there | I would rate this as none. De- | Reliability is interpreted from a soft- | False friends
dard of excel- | was no specific discussion of reliability | spite the maintenance section | ware or computing perspective which
lence as it pertains to reuse. Rater 1 (partial) | in the datasheet, the response | considers consistent performance

pointed to the maintenance section of | does not discuss maintenance | rather than a data curation perspective
the datasheet. Rater 3 (full) pointed to a | as it pertains to maintaining re- | which considers how data will remain
DOI and maintenance plan as assurance | liability when the dataset is re- | true to the facts it represents through
for long-term reliability. purposed and reused. reuse.

20 Ethicality, stan- | Rater 1 (none) stated that the doc- | I would rate this as a none be- | Rater 3 interprets this dataset as being | Interpretative
dard of excel- | umentation doesn’t go beyond stan- | cause there is no further dis- | as low-risk for ethicality and doesn’t | flexibility
lence dard ethics statements. Rater 2 (partial) | cussion of ethics beyond typical | believe there is a need to “go beyond

stated that documentation on potential | negative impacts statements. requirements listed in ethics framings”.
negative impacts is identified. Rater 3

(none) states that there is no identifiable

risk in this dataset.

17 Inter- Rater 1 gave a fail (minimum) and none | I would rate this as a pass | It is difficult to decide to which extent | Depth of analy-
operability, (excellent) and mentioned there was | for minimum standard because | human and machine readability should | sis
both levels no explicit documentation of how the | dataisina popular, standard for- | be evaluated. The reference comment in-

dataset integrates with other workflows. | mat. I would rate this as none | dicates that a popular, standard format
Rater 2 (also fail/none) mentioned that | for excellence because con- | is sufficient. However, while CSV is a
machine and human readability is dis- | trolled vocabularies and quali- | popular format, it can only be processed
cussed implicitly because data is in a | fied references for linking were | if all columns are fully defined. The
CSV format but fails for lack of discus- | not used/discussed. reviewers would need expertise about
sion on integration. Rater 3 (pass/full) multiple data formats and their struc-
mentioned all relevant info was given tures to fully assess this.

on GitHub.

19 Domain knowl- | Raters 1 and 2 gave a fail because there | I would rate this as a fail, be- | The documentation describes the cura- | Scoping
edge and data | was no explicit documentation about | cause there is no explicit discus- | tion of LLMs as intensive and special-
practices, mini- | this element. Rater 3 gave a pass, and | sion on how the process of de- | ized (presented as a description of the
mum standard | mentioned that expertise is required in | veloping this dataset required | problem domain). This is however not a

curation, web crawling, and natural lan- | special skills/expertise. description of the knowledges required

guage processing. to develop this dataset. The challenge
for the raters is to interpret the extent
of documentation the dataset creators
are responsible for.

of dissonance. In fact, one of the identified challenges of enforcing
triangulation is that it acts as a barrier to collaboration [5]. Instead,
approaching interpretative disagreements as a way to understand
evaluators’ perspectives can prompt deeper reflexivity [5, 68]. This
can be especially helpful in progressing the interdisciplinarity be-
tween the fields at this early stage of intersection.

The challenge of depth of analysis is linked to interpretative flex-
ibility because requiring agreement in evaluations means requiring
identical levels and types of expertise from the reviewers. In other
words, the optimal depth of analysis will vary because depth of
expertise varies and disagreements happen on different levels. How-
ever, as we discussed above, if the evaluation framework does not
require agreement among reviewers, the disagreements arising due
to depth of analysis can become prompts for deeper levels of assess-
ment. Disagreements would then become generative and would be
used as a starting point for discussion.

The related challenge of scoping occurs due to inevitable entan-
glement of data curation and ML. The processes of curation and
dataset development are inseparable in practice, yet conceptually
separable even when occurring contemporaneously. Setting clear
boundaries on the expectations from data creators can aid in scop-
ing the documentation they are responsible for. But as datasets

regularly reuse prior datasets, it is not easy to determine the appro-
priate boundary of responsibility for the quality of data curation. A
guiding principle for this boundary, adopted from data curation, can
be to maintain the chain of custody, i.e., dataset creators should be
expected to provide all possible documentation relating to their pro-
cesses and pointing to others’ documentation for processes outside
their control.

6 CONCLUSION

Jo and Gebru “hope[d] to convince the ML community that an
interdisciplinary subfield should be formed...” [67, p. 307]. In order
to make sense of the intersecting terminologies and concepts in
this interdisciplinary space, we must develop the right tools. Here,
we explore what form and content these tools might take. The
paper explored the intertwined relationship of data practices in
data curation and ML and presented a method for how data curation
concepts can be adapted for ML dataset development. The process of
exploring this intersection of fields yielded a high-level framework
of dimensions and criteria as well as insights into the challenges
of merging these fields’ perspectives. We adopted standards for
transparency and accountability built into data curation processes
to evaluate the documentation of dataset development in ML.
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Based on our data, we claim that the evaluation enabled by the
framework identifies strengths and weaknesses in order to prioritize
targeted improvements by incorporating data curation methods
where they are most needed. As a diagnostic aid, the formative
evaluation helps ML practitioners decide how to improve their
dataset’s documentation and develop staged objectives to improve
their practices. Aggregate evaluation results highlight priorities,
such as environmental footprint disclosures. By incorporating data
curation norms, evaluation criteria, and terminology into evaluation
guidelines for ML, the framework contributes to normalizing the
idea that data curation is part of ML and guides the community in
systematically addressing and evaluating it.

This work answers calls for data curation in AI/ML [25, 67],
supports the examination of intrinsic and extrinsic biases in the
dataset development process, and facilitates greater reflexivity [80].
Our results demonstrate the potential of collaboration between
data curation and ML data work, with the toolkit as a resource for
bridging the gap in practice.
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