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Abstract

Data cleaning is an overlooked yet impactful step in the Arti-
ficial Intelligence (AI) development pipeline, leading to neg-
ative downstream impacts when performed carelessly. Using
Discard Studies as a framework, I propose an ethnographic
study of how data practitioners exercise their discretionary
power during the data cleaning process, particularly with re-
spect to discarded data. The in-depth knowledge of the data
cleaning process gained as a result of this study will allow
us to improve guidelines and education on data cleaning for
more ethical AI development.

Problem Space
When it comes to investigating or mitigating the negative
ethical impacts of Artificial Intelligence (AI), it is impossi-
ble to overlook the importance of data in the AI development
process. Whether for training or testing, datasets are essen-
tial to the development of machine learning models. How-
ever, datasets can be a source of harmful model outputs, due
to representational imbalances and injustices (Paullada et al.
2021) or even the construction of measurements (Jacobs and
Wallach 2021; Pine and Liboiron 2015). Therefore, a still-
young field of Critical Data Studies (CDS) has emerged to
examine the socio-political power of data and its construc-
tion process (Iliadis and Russo 2016; Gitelman 2013), fol-
lowing in the footsteps of the well-established Science &
Technology Studies (STS) field (e.g. (Bowker and Star 2008;
Star 1999)).

One of the main overlaps between the CDS and STS
fields is the view of datasets as infrastructure that supports
later (often technical) work. Datasets contain subjectivities
and uncertainty that get erased (Miceli and Posada 2022;
Muller et al. 2021; Plantin 2019) in order to deem the dataset
“clean” and build upon it machine learning models. The per-
ception of the “ground truth” dataset as an objective repre-
sentation of the world contributes to its invisibility.

As researchers have identified dataset construction as a
potential site of problems, various studies have looked at
dataset documentation—as both a source of information
about the construction process (Paullada et al. 2021) and a
potential mitigation measure for future harms (Gebru et al.

Copyright © 2024, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

2021)—but have found the existing levels of documentation
superficial and insufficient in almost all cases. By leaving
out the data-related decisions from the documentation, the
data processing stage is made invisible, and what cannot be
seen cannot be challenged. This risks further entrenching the
worldviews of the dataset creators in the dataset (Miceli and
Posada 2022), which are a potential source of harm.

Datasets are still visible while being built; however, data
practitioners often report that data cleaning (processing) is
both the task that takes up most of their time, and the least
enjoyable (e.g. (CrowdFlower 2016)). Likely because it is
a lengthy, ‘boring’ task, data cleaning is undervalued and
overlooked, leading to negative, downstream effects in AI
development (Sambasivan et al. 2021). One potential risk is
(inadvertently) leaving out or aggregating smaller subpopu-
lations in the data for convenience or “data quality,” leading
to an exclusion of marginalized people (Simson, Fabris, and
Kern 2024).

One way to examine this discarding of data (and the peo-
ple they represent) is through the emerging subfield of Dis-
card Studies (DS). Researchers looking at waste systems in
environmental sciences started studying the wider contexts
of what is considered waste, how it is disposed of, and what
practices this setup normalizes. Applicable to many areas,
DS looks at how discarding practices establish and main-
tain systems of power, whether the discards are material (e.g.
trash), practices, regions, or people (or their data) (Liboiron
and Lepawsky 2022). Therefore, the DS lens is fitting to ex-
amine data cleaning practices—‘getting rid of’ data deemed
‘dirty’ whether by elimination or transformation.

To identify the hidden mechanisms at play, though, it
is not enough to examine educational materials designed
to teach the fundamentals of data cleaning. Participants
in studies on data practices often mention how their ed-
ucation and training is not applicable to real world data
(e.g. (Sambasivan et al. 2021)), and that data cleaning prac-
tices vary greatly between people despite attempts at stan-
dardization (Plantin 2019).

Due to a lack of standards that can apply to all kinds of
datasets, and the ubiquity of uncertainty and subjectivity in-
herent in real world data, it is ultimately up to the individual
data practitioner to determine exactly how a dataset should
be cleaned. This means each practitioner holds a lot of dis-
cretionary power—e.g. the power to determine whether a
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rule applies or not in a borderline case (Hong 2023), or
how to deal with outliers and ‘minority’ data. Therefore,
data cleaning is undeniably a site worthy of investigation for
power dynamics (Sambasivan et al. 2021).

Methodology Proposed
Since dataset documentation is often inconsistent and under-
specified when it comes to data practices, and people have
unique approaches to data cleaning, the best way to investi-
gate the actions of data practitioners is to conduct an ethno-
graphic study on a team cleaning data for an AI (machine
learning) task. By observing the everyday tasks and discus-
sions related to data cleaning, I will be able to identify habits
and other taken-for-granted beliefs that participants may not
be able to identify when asked directly (Star 1999). Often,
data practitioners rely on their ‘intuition’ and tacit knowl-
edge, of which they may not even be aware (Muller et al.
2021). However, interviews will be useful to supplement the
findings by elaborating on the thought processes behind the
actions I observe.

As a piece of infrastructure-in-making, dataset construc-
tion is a great candidate for ethnography, which is estab-
lished as a means to “[surface] silenced voices, [juggle] dis-
parate meanings, and [understand] the gap between words
and deeds” in the seminal work by Star (1999, p.383). I
will apply the methodologies that the Discard Studies au-
thors list: defamiliarization, denaturalization, decentering,
and depurification (Liboiron and Lepawsky 2022). These
methodologies interrupt what is deemed normal or intuitive,
identify the conditions that make discarding the optimal so-
lution, look at the powerful center that remains after the
discarding, and investigate the underlying ideology of the
discarding practices. In addition, enacting datasets ethno-
graphically may prove to have the same benefits as doing so
with algorithms and transform any access issues into find-
ings themselves (Seaver 2017).

Lastly, I will be conducting a short observation at a class
discussing data cleaning and hold focus groups with the stu-
dents in said class, to understand whether the practices I ob-
serve in the industry team are reflected in (or in conflict with)
the current formal education. Students—as newcomers to a
community of practice—are great indicators of what is taken
for granted in said practice, since they run into interruptions
to their experience (Bowker and Star 2008).

Contributions & Significance
The first and most straightforward outcome of my research
will be a detailed description of data cleaning practices,
which is currently lacking in the field and difficult to re-
search due to the time and access limitations of ethnographic
studies in industry settings. This in-depth knowledge of the
practices will also allow me to make policy recommenda-
tions for improved, practical ethical AI development guide-
lines. Finally, I will use the findings to develop pedagogical
guidelines, so that formal education and other training on
data cleaning may be improved. Together, these outcomes
of my research will lead to better data processing pipelines
in the future, reducing harm to marginalized groups.
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