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Abstract

Modern AI systems depend on annotated data, but annotation
is rarely treated as the act of measurement that it is. Instead,
annotation quality is commonly reduced to agreement: if mul-
tiple annotators assign the same annotation to a data instance,
the annotations are taken to be high-quality. Yet agreement
does not establish whether annotations validly capture the
underlying concept they are meant to represent. In this paper,
we argue that data annotation should be understood as a
measurement problem. Like other forms of measurement,
annotation requires defining a concept, operationalizing it
through an instrument, applying that instrument, and evaluat-
ing the reliability and validity of the resulting measurements.
Drawing on a literature review of annotation quality research
(N=132) and semi-structured interviews with annotation
team members (N=10), we develop a framework for diag-
nosing and correcting annotation issues. First, we map key
decision points across annotation processes—including task
design, annotator management, quality assessment, quality
improvement, and adjudication—that shape annotation
outcomes. Second, we identify five distinct sources of anno-
tation issues: error, ambiguity, impossibility, subjectivity, and
annotator identity. Annotation problems that appear similar at
the level of outcomes often require different process-level in-
terventions based on their sources. Finally, we translate mea-
surement theory into practical guidance for annotation teams,
showing how assessments of reliability and validity can move
beyond agreement alone. By reframing annotation as mea-
surement, we offer a conceptual foundation for improving the
quality of annotated data used in AI research and practice.

Appendix — https://tinyurl.com/annotation-aies2026

1 Introduction
Modern AI systems are built and evaluated using data. This
data is often produced through data annotation, the process
of augmenting raw data so that it can be used for some
downstream task. In this work, we argue that annotation
should be thought of as a form of measurement in which
teams systematize and operationalize concepts and apply
those operationalizations to data instances. To date, various
best practices for data annotation have been proposed—but,
despite the centrality of annotation to AI development, few
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have been widely adopted (Klie, Castilho, and Gurevych
2024). Perhaps as a result, much annotated data is of shock-
ingly poor quality. Researchers have found that label errors
in widely-used evaluation benchmarks obfuscate measures
of model performance, and that datasets produced by
crowdworkers contain issues including logical fallacies and
failures of basic quality control and consistency (Blodgett
et al. 2021; Harvey, Kizilcec, and Koenecke 2025; Northcutt,
Athalye, and Mueller 2021). Harvey et al. (2025) recently
found that these issues are so pervasive that researchers and
practitioners often struggle to use any annotated data at all.

To date, researchers have primarily identified these issues
by calculating agreement, either between annotations and
“ground truth,” or between multiple annotators. While
this approach can reveal issues, we argue that it is insuf-
ficient for correcting them for two primary reasons. First,
correcting issues at scale requires changing annotation
processes, not only annotation outcomes.1 But annotation
processes, like data work in general, are under-specified
and under-documented, leaving key decision points that
lead to annotation issues invisible: treated as defaults, not
documented, and not interrogated (Paullada et al. 2021;
Sambasivan et al. 2021; Scheuerman, Hanna, and Denton
2021). Second, annotation teams often rely on agreement
among annotators as their primary quality signal (Klie,
Castilho, and Gurevych 2024). Agreement is simple to cal-
culate and useful as one indicator of reliability, but treating
it as evidence of validity is a mistake: annotators may agree
with one another while systematically misinterpreting the
concept, applying the same flawed assumptions, or follow-
ing ambiguous instructions in the same way (Catanzariti
2025; Jacobs and Wallach 2021; Zhao, Liu, and Deng 2013).

In this work, we present the results of a qualitative study
intended to support the correction of data annotation issues.
Informed by a semi-systematic literature review of research
on annotation quality (N=132) and semi-structured inter-
views of researchers on annotation teams (N=10),2 we make

1Using “ground truth” to identify issues is only possible if
ground truth is available, and if ground truth were available for
each data instance, annotation would not be needed. Correcting
issues even when ground truth is not available thus requires
changing an aspect of the annotation process and re-annotating.

2Annotation teams include annotators and annotation man-
agers, who design and manage annotation tasks.
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two primary contributions. First, we make annotation pro-
cesses visible. We map key decision points throughout the
annotation process that can lead to issues, showing where
annotation processes can be changed to improve annotation
outcomes. As part of this, we identify five distinct sources
of annotation issues: error, ambiguity, impossibility, subjec-
tivity, and annotator identity. These issues can all manifest
as a misalignment between annotations and “ground truth,”
but they arise from different parts of the annotation process
and therefore require different interventions.

Second, we argue that researchers and practitioners
should treat annotation as a measurement problem.
In so doing, we build on prior work that has called for
measurement theory to be applied to sociotechnical re-
search (Jacobs and Wallach 2021; Wallach et al. 2025) and
provide a framework for grounding calls to move beyond
agreement when evaluating data annotation (Thomas et al.
2026). Drawing on measurement theory, we show how
annotation teams can evaluate not only whether annotators
agree, but whether annotations are reliable and valid. These
contributions shift annotation quality from an outcome-level
problem that asks whether labels agree with one another
or with a nominal ground truth to a measurement problem
that asks whether annotation processes produce reliable and
valid representations of the concepts they purport to capture.

2 Background
Annotation, a component of data development (Paullada
et al. 2021), is the process of augmenting data (text, image,
audio, video, etc.) so that it can be used for some down-
stream task. There are three types of tasks that are commonly
viewed as annotation (Shmueli et al. 2021):

• Labeling: identification (e.g., drawing a bounding box
around people in an image) and categorization (e.g., de-
termining the species of a plant in an image)

• Evaluation: judging a data instance, according to a rubric
(e.g., scoring an essay) or to annotator preference (e.g., se-
lecting which AI-generated response to a prompt is better)

• Production: producing new data (e.g., captioning a video)

Annotation tasks range from more objective (e.g., identi-
fying the speaker in a video) to extremely subjective (e.g.,
determining the intent of the speaker).

Issues in Data Annotation. “Data work”—the time and
effort that goes into data development—has long been
undervalued in ML research and practice (Sambasivan et al.
2021; Gray and Suri 2019), and as a result, the field has
coalesced around data development practices that prioritize
efficiency and scale over quality (Paullada et al. 2021). Data
annotation is no exception (Scheuerman, Hanna, and Denton
2021). At the same time, it is hard to fully account for the
issues present in data annotation because, as Klie, Castilho,
and Gurevych (2024) point out, many papers do not de-
scribe their annotation process in any capacity—despite
the wide variety of documentation practices proposed by
researchers (Hutchinson et al. 2021; Gebru et al. 2021; Hol-
land et al. 2020; Fabris et al. 2022; Dı́az et al. 2022; Bender
and Friedman 2018). Therefore, issues in data annotation are

typically identified by looking at the outcomes of previously
conducted annotation processes. For example, researchers
have identified widespread errors in labeled data (e.g.,
where images are misidentified) (Northcutt, Athalye, and
Mueller 2021; Klie, Webber, and Gurevych 2023) as well
as in produced data (e.g., where crowdsourced text deviates
from annotation instructions) (Blodgett et al. 2021; Harvey,
Kizilcec, and Koenecke 2025). Harvey et al. (2025) found
that practitioners regularly identify label errors in publicly
available annotated data, although they generally do not
document or publish those findings. In other cases, issues are
identified by looking at the performance of models trained
or evaluated on datasets. For example, researchers have
found that image classification models trained on widely-
used datasets like ImageNet can fail to generalize to novel
images (Recht et al. 2019), at least in part because label
categories are too loosely defined (Torralba and Efros 2011).

Ground Truth. Prior work has often identified issues as
occurring when annotations are misaligned with a “ground
truth.” It is important to note that ground truth itself is nebu-
lous: it refers to the true value of the underlying concept that
an annotation seeks to measure, and for any given data in-
stance it may be unknown or contested—and the assumption
that a single ground truth even exists may be flawed (Sloane
et al. 2026).3 Thus, researchers often use proxies to identify
misalignment between annotations and ground truth. For
example, researchers may produce “gold labels” (which are
often expert annotations) for a subset of data instances and
treat gold labels as ground truth (Snow et al. 2008).

Agreement. Although work reviewing annotation out-
comes often compares annotations to “ground truths,”
annotation processes usually focus on maximizing agree-
ment or inter-rater reliability (IRR). Agreement refers
to the extent to which multiple annotations of the same
data instance produced by different annotators agree with
one another (Hayes and Krippendorff 2007; Cohen 1960;
McDonald, Schoenebeck, and Forte 2019). It is appealing
because it is easy to calculate: as long as multiple an-
notations are collected for each data instance, agreement
can be calculated for any labeling task whether or not
ground truth is available.4 In many cases, annotation teams
treat agreement as a proxy for ground truth. Annotation
managers aggregate annotations (e.g., by keeping the
majority annotation for a data instance) and then treat the
aggregated label as a “silver label” (Uma et al. 2021).
However, prior work has repeatedly identified limitations
of and assumptions inherent to this process, including that
highly reliable annotations do not necessarily align with
ground truth (Zhao, Liu, and Deng 2013; Reidsma and
Carletta 2008; Bayerl and Paul 2011; Thomas, Borchers,
and Koedinger 2025; Arhin et al. 2021; Ali et al. 2026).

3It is possible, however, to identify misalignments between an
annotation and a ground truth even when ground truth is not known.
For example, it is possible to determine that an annotation iden-
tifying a photo of a tree as a strawberry is incorrect even without
knowing the ground truth (i.e., what species of plant the tree is).

4One limitation of agreement, however, is that it is not necessar-
ily meaningful for preference-based evaluation or production tasks.
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2.1 Measurement Theory
Measurement theory from the social sciences describes the
process by which underlying concepts—i.e., ground truths,
which may be unobservable, theoretical, or contested—are
captured in instance-level measurements (Adcock and Col-
lier 2001; Wallach et al. 2025). Measurement, as outlined by
Adcock and Collier (2001) is a multi-stage process. The first
stage, systematization, involves giving an explicit definition
to a concept of interest. The next stage, operationalization,
involves developing processes or instruments through which
to measure the systematized concept. Measurements are
produced for specific data instances in the application stage.
Finally, Wallach et al. (2025) argue that measurement pro-
cesses should include an interrogation stage, in which the
reliability and validity of measurements are assessed. Reli-
ability asks whether a measurement can be repeated, while
validity asks whether a measurement is correct (Jacobs and
Wallach 2021). Researchers have identified multiple aspects
of reliability and validity that can be interrogated (Cron-
bach and Meehl 1955; Messick 1987, 1995; Cook and
Beckman 2006; Jackman 2008; Jacobs and Wallach 2021).
We use these aspects of reliability and validity to suggest
opportunities to improve data annotation in §5.

Measurement and Data Annotation. In recent years,
researchers have increasingly argued that various aspects
of sociotechnical research should be viewed through the
lens of measurement theory (Jacobs and Wallach 2021;
Wallach et al. 2025). Building on these arguments, a large
body of work has used reliability and validity to interrogate
data (Blodgett et al. 2021; Eriksson et al. 2025; Gehrmann,
Clark, and Sellam 2023; Gosciak et al. 2026; Harvey et al.
2025; Thomas, Borchers, and Koedinger 2025; Thomas
et al. 2026; Van Der Wal et al. 2024; Xiao et al. 2023; Zhao
et al. 2024; Zhou et al. 2022). For example, both Blodgett
et al. (2021) and Eriksson et al. (2025) use interrogation
to identify major validity issues in widely-used AI and ML
benchmarks (including those based on labeled or produced
data), and call for increased consideration of validity during
dataset development. By building on this broad base of prior
work to explicitly treat data annotation as a measurement
problem, we offer a framework to ground existing and
future work on evaluating data annotation.

3 Methods
Our qualitative methods followed an iterative and highly in-
tertwined approach. First, we conducted a semi-systematic
literature review of papers related to annotation quality
(§3.1). We found two categories of papers: those that fo-
cused on annotation processes and those that focused on an-
notation outcomes. Within the papers that focused on pro-
cesses, we found that papers tended to either propose “best
practices” or survey “current practices” (at least to the extent
that current practices are documented in published work).
However, we struggled to find papers that described how an-
notation teams apply current or best practices—i.e., what
decisions annotation teams make throughout the annota-
tion process that affect the quality of annotations. Thus,
we supplemented our literature review with a small-scale

semi-structured interview study of researchers on annotation
teams in order to surface those accounts (§3.2).

3.1 Literature Review
We conducted a semi-systematic literature review of aca-
demic work related to annotation quality.5 We conducted
a keyword search of the ACM, ACL, IEEE, and NeurIPS
paper databases for terms related to annotation (annotat*
| label* | coding) and quality (subjectiv*
| objectiv* | ambigu* | eval* | valid*
| reliab* | *agree* | bias* | ground
truth | error*), requiring that keywords representing
both annotation and quality were present in the title or ab-
stract of the work. We selected relevant works by manually
reviewing and filtering papers, first by title and then by
abstract. Inclusion criteria for relevance were:

(a) Being about annotation specifically (as opposed to, e.g.,
crowdwork in general); and

(b) Evaluating, critiquing, or improving annotation out-
comes (as opposed to, e.g., producing annotations); or

(c) Proposing or documenting annotation practices.

We supplemented this using a natural language search
for ‘‘barriers or best practices in data
annotation’’ using AI2 Asta.6 Finally, to minimize
selection bias, we reviewed the citations of papers surfaced
by our search and added work that met the inclusion criteria
for title and abstract relevance to our pool. Overall, we
reviewed 132 publications spanning 1972 to 2026.

We categorized papers as focused on annotation processes
or annotation outcomes. Papers focused on annotation pro-
cesses either proposed “best practices” or surveyed “current
practices,” while papers focused on annotation outcomes
evaluated the quality of existing annotated data. We synthe-
sized process-focused papers to develop a high-level under-
standing of the stages of the annotation process, which we
used to scaffold our semi-structured interviews. We catego-
rized outcome-focused papers according to their evaluation
approach, attempting to map evaluation approaches to one or
more of the reliability and validity aspects described in §2.1.

3.2 Interview Study
Between November and December of 2025, we conducted
10 semi-structured interviews with individuals who have
been involved in data annotation projects. We recruited
participants through purposive and snowball sampling in
order to recruit individuals with varied experience with and
opinions on data annotation. Interviews were 60 minutes
long and were conducted and recorded via Zoom. Partic-
ipants provided informed consent prior to the start of the

5A semi-systematic literature review is a research method
that is designed for tasks like providing an overview of research
that spans diverse disciplines (like data annotation). While
semi-systematic literature reviews do not necessarily require
strictly systematic search and research strategies (e.g., following
PRISMA guidelines), they nevertheless require that strategies are
transparently presented and well justified (Snyder 2019).

6https://asta.allen.ai/
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P1 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
P2 ✓ ✓ ✓ ✓ ✓ ✓ ✓
P3 ✓ ✓ ✓ ✓ ✓ ✓ ✓
P4 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
P5 ✓ ✓ ✓ ✓ ✓ ✓ ✓
P6 ✓ ✓ ✓ ✓ ✓ ✓ ✓
P7 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
P8 ✓ ✓ ✓ ✓ ✓ ✓
P9 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

P10 ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Totals 9 10 10 3 1 2 3 5 7 1 2 3 1 7 5 5

Table 1: Characteristics of interview participants, including demographics and prior experience with annotation projects. Note
that participants could report multiple roles, data mediums, domains, and racial identities.

interview, and all participants were compensated for their
time with a $50 gift card. The study was reviewed by an
Institutional Review Board (IRB).

Participants. All participants have taken on annotator
roles in prior projects, and all but one have also taken on
annotation manager roles. Participants work across a variety
of domains, including education, law, and general-purpose
ML. All participants hold research roles, although several
described working on annotation projects within industry
labs or for non-academic reasons (e.g., for the purposes
of mounting a legal appeal). All participants are based in
North America. Additional background information about
interview participants is provided in Table 1.

Interviews. To start, participants were asked to briefly
list the data annotation projects that they had been involved
with. They were then asked to describe each project, in-
cluding the annotation goal, data medium (e.g., text, image,
video), scale (e.g., data size, project timeline), and annotator
population (e.g., experts, trained annotators, crowdworkers,
AI). Participants were asked to describe their annotation
processes in detail, focusing on key decision points and
challenges that they faced throughout. We initially asked
open-ended questions (e.g., “can you describe the data an-
notation process on your project?”) and asked more specific
follow-ups as needed (e.g., “what tools or platforms did you
use to collect annotations?”). For all decision points and
challenges mentioned, participants were asked what action
they took and what they thought the effects of that action on
their resulting annotations were. The full semi-structured
interview guide is available in OSF Appendix A.

Thematic Analysis. We then conducted a reflexive
thematic analysis on the resulting interview transcripts,
following an inductive-deductive coding approach (Braun
and Clarke 2006, 2019). The first author, in discussion with

the other authors, developed an initial set of deductive codes
that focused on key decision points related to misalignment
between annotations and a “ground truth,” including how
participants identified misalignments and what they did in
their annotation processes to address them. The first author
then manually reviewed the transcripts to identify the pres-
ence of those codes. While doing so, the first author iden-
tified additional key decision points raised by participants
and inductively added them to the set of codes. Finally, the
first author recoded all transcripts with the full set of codes.

Positionality. Our approach to thematic analysis is shaped
by our own positionality. We are a team of academic
researchers with backgrounds in computer science, data
science, statistics, and philosophy. Before their career in
academia, the first author worked in industry as a data
scientist, and, as a result, personally values data work
and is liable to notice and question when it is implicitly
undervalued. At the same time, although all members of
the research team have served as annotation managers or
personally annotated data for various research projects,
none have ever worked as crowdworkers or as full-time data
annotators. Furthermore, because we are based in the US
and English is the only language shared across all members
of the research team, our interviews were conducted in
English and our analysis is US-centric.

Limitations. We acknowledge several limitations of our
approach. In particular, our interview study relied on a
small (though in line with typical sample sizes for similar
research; see Caine (2016)) and non-representative partic-
ipant pool. We believe our interview study is nevertheless
valuable as a supplement to our literature review, which
lacked narrative accounts of decision points and associated
challenges arising during annotation projects. Although
our participant pool is not representative of all annotators

1255



1

Task 
Design

Annotator Management 
&

Annotation Collection

Quality 
Assessment

Quality Improvement 
&

Adjudication

Figure 1: The high-level data annotation process consists of
iterative stages of Task Design, Annotator Management & Anno-
tation Collection, Quality Assessment, and Quality Improvement
& Adjudication.

or annotation managers, it is not intended to be: we used
targeted recruiting to reach out to individuals who we knew
had varied experiences with and opinions on annotation in
order to capture a breadth of perspectives.

4 Making Annotation Processes Visible
In this section, we focus on annotation processes. Drawing
on our literature review, we provide a brief overview of the
high-level annotation process (§4.1). Then, drawing primar-
ily on our interview study, we provide a more detailed map
of key decision points that occur throughout that process and
that can lead to annotation issues (§4.2). Finally, drawing
on both studies, we identify distinct sources of annotation
issues stemming from different decision points (§4.3).

4.1 High-Level Annotation Process
There are multiple disciplines across which data annota-
tion is conducted: while some projects draw on princi-
ples of qualitative coding from the social sciences, oth-
ers view annotation as a more straightforward crowd-
sourcing challenge—and as AI-based annotation becomes
widespread, annotation is increasingly seen as a prediction
task (Callison-Burch and Dredze 2010; He et al. 2024; Mac-
Queen et al. 1998). Different disciplines follow slightly dif-
ferent annotation processes, but all generally include the
four stages of Task Design, Annotator Management & An-
notation Collection, Quality Assessment, and Quality Im-
provement & Adjudication, as shown in Figure 1 (Beck
2023; Daniel et al. 2019; Fereday and Muir-Cochrane 2006;
Klie, Castilho, and Gurevych 2024; MacQueen et al. 1998;
Sabou et al. 2014; Törnberg 2024).

Task Design includes selecting data, writing a codebook
or annotation guidelines, and planning what the annotation
process will look like. Annotator Management & Annota-
tion Collection includes selecting an annotator population,
training annotators, and collecting annotations. Quality
Assessment includes determining whether already-collected
annotations are of sufficiently high quality. If quality is not
sufficiently high, Quality Improvement involves changing
either annotation processes or annotation outcomes to im-
prove annotation quality; otherwise, Adjudication involves
selecting the final set of annotations from all those collected.

4.2 Key Decision Points in Annotation Processes
Each stage of the annotation process has associated key de-
cision points. These decision points, many of which are un-
documented in published annotation studies and even treated

as “defaults” by annotation teams, have the potential to af-
fect the quality of annotation outcomes. We summarize key
decision points in Table 2 and discuss them in detail below.

Task Design. Before annotation can begin, data must
be collected and pre-processed so that it is well-formatted
for annotation. Key decision points in this stage include
determining whether data is representative of the underlying
concept that annotation seeks to capture and determining
how data should be preprocessed. Interview participants
who used “gold labels” reported that it was particularly
important to determine whether those labels were repre-
sentative of their underlying concept, as non-representative
gold labels will systematically fail at catching annota-
tion issues (P2, P5). Interview participants also reported
struggling to determine the best way to preprocess data
without introducing “compounding” (P1) or “cascading”
(P10) issues (P1–P3, P10). For example, P2 described an
annotation task in which crowdworkers evaluated the clarity
of website terms of service. To set up the task, he scraped
terms of service from sites and had to decide whether to
strip HTML elements from the scraped pages (which risked
dropping relevant information like bolding, font size, and
font color) or to leave them in (which risked reducing
readability of the text). Although prior work has similarly
found that annotation quality is affected by data collection
and preprocessing procedures, such decisions are rarely
discussed in published annotation studies (Grondin-Verdon,
Caillat, and Ouni 2024; Hays et al. 2023).

A decision that was particularly challenging for many
participants was determining the unit of annotation (P1–P3,
P6, P8, P10). For example, if text data is annotated, should
it be annotated sentence-by-sentence or paragraph-by-
paragraph? P6, who was annotating trial transcripts for
aspects of gender stereotyping (e.g., hypersexualizing
women), described the tradeoffs inherent to this decision:

“When you have a trial transcript. . . you have a
lot of interruptions. . . So this is a little bit more
difficult to code by sentence. . . it was very difficult for
researchers to [know whether they should] code [an
exchange] three different times, or [just] once. And
we in the end decided that it would increase inter-
rater reliability if we expanded the unit of text. . . That
creates a problem, because if, quantitatively, you now
want to say, ‘how many times was there a reference to
her having sex, or wanting to have sex?’ we’ve only
coded it once, instead of coding it three times. And
what linguists will tell you is that repetition matters.
You know, if somebody hears ‘she wanted to have
sex’ five times, that’s gonna have more of an impact
than ‘she wanted to have sex’ once. . . In the end, I
think this is a process of what are you prioritizing?”

Other decision points identified during this phase were de-
termining the modality of annotation (e.g., multiple choice
vs. free response) (P4); determining whether and how to col-
lect measures of annotator certainty (P1, P5, P6); navigat-
ing the tradeoff between writing annotation guidelines that
were comprehensive without being overly long (P9) (see Di-
mara, Bezerianos, and Dragicevic 2017; Gadiraju, Yang, and
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Stage Components Key Decision Points

Task Design

Data Is data representative of the underlying concept?
How should data be preprocessed?

Schema
What is the modality of annotation?
What is the unit of annotation?
Should measures of certainty be collected? How?

Guidelines How to handle the comprehensiveness/readability tradeoff?

Process Through what interface should annotations be collected?
What is the optimal level of coordination among annotators?

Annotator
Management &
Annotation
Collection

Selection What should the annotator population be?
Should screening or qualification testing be applied?

Training &
Feedback

How should annotators be trained?
Should annotator feedback be provided/solicited?

Incentives What is the optimal payment structure?

Quality
Assessment Metric Selection Should agreement be used? If so, which agreement metric should be used?

Should gold labels be created? If so, how?

Quality
Improvement &
Adjudication

Improvement
Should new annotations be collected or should existing annotations be filtered?
If new annotations are collected, what changes should be made to the process?
If existing annotations should be filtered, how?

Adjudication
Should all annotations be retained, or should annotations be aggregated?
If annotations are to be aggregated, how?
How should certainty be expressed?

Table 2: Key decision points affecting the quality of annotations at each stage of the annotation process, identified through our
literature review and interview study.

Bozzon 2017; Pradhan, Schaekermann, and Lease 2022);
designing an optimal interface for collecting annotations,
especially when the data to be annotated was multimodal
(P7–P9); and determining the optimal level of coordination
among annotators (e.g., should annotators come to a con-
sensus or independently annotate instances?) (P1, P4, P7).
Multiple participants noted that all of these decision points
are complicated by the rise of AI annotators, as the extent to
which best practices for human annotation can be applied to
AI is not yet clear (P1, P2, P5, P7, P10) (see He et al. 2024).

Annotator Management & Annotation Collection. By
far the biggest decision point in the annotator management
phase, reported by all participants, was deciding how
to select the annotator population: should annotators be
human experts, human crowdworkers, AI, or some combi-
nation thereof? Participants reported having to determine
whether annotation required expertise or could be done
by crowdworkers (P3), and whether annotation required
human perspectives or could be done by AI (P6, P8, P10).
Participants also grappled with the fact that, although AI
annotators tended to make fewer errors than humans, the
errors they did make were often less explainable (P2, P5).
They also struggled with resource constraints, such as cost
and time, that prevented them from regularly using expert
human annotators (P1–P3, P6, P7, P9, P10), who were seen
as a gold standard.

There is a large body of research on managing and incen-
tivizing crowdworkers which deals with questions of how
to select an annotator population, how to decide whether

annotators should be screened (e.g., based on their prior
tasks completed on a crowdwork platform) or tested (e.g.,
by completing an assessment prior to the start of the task),
how to communicate with annotators, and how to determine
optimal payment structures to incentivize high-quality
annotation while still following fair labor practices (Alab-
duljabbar and Al-Dossari 2016; Alonso 2015b; Calderon,
Reichart, and Dror 2025; Callison-Burch and Dredze 2010;
Daniel et al. 2019; Eickhoff 2018; Hansen et al. 2013; Ho
et al. 2015; Kovashka et al. 2016; Lease 2011; Li et al. 2017,
2019; Sabou et al. 2014; Snow et al. 2008; Vaughan 2018).
Despite this, participants found themselves struggling with
many of these questions, as well as with newer problems like
preventing unwanted LLM use by crowdworkers (P4, P9).

Quality Assessment. Interview participants generally
assessed the quality of annotations in three ways: manually
reviewing a subset of annotations to see whether they passed
the “sniff test” (P1–P5, P8–P10), calculating inter-rater reli-
ability (P1–P3, P6, P7, P9, P10), and calculating agreement
between annotations and gold labels (P1, P2, P7, P10).
Deciding which approach to use (agreement, gold labels, or
other) is a universal challenge. Although most annotation
managers calculated and tried to reach high IRR, they also
acknowledged that high agreement does not necessarily
imply high correctness (P1, P7, P8, P10). Nevertheless,
they felt that reaching high IRR was often a necessary task
to have their annotations seen as valid by third parties.
However, as has been extensively discussed in prior work,
it is usually not clear which of many possible IRR metrics
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to rely on (all have been criticized for resting on unrealistic
assumptions), nor is it clear what a threshold for “good”
IRR even is (Banerjee et al. 1999; Bayerl and Paul 2011;
Braun 2024; Checco et al. 2017; McDonald, Schoenebeck,
and Forte 2019; Reidsma and Carletta 2008; Zhao, Liu, and
Deng 2013).7 Consistent with prior work, participants often
prioritized agreement even when they felt that it was not the
best indicator of annotation quality, a phenomenon that was
summarized by P10 as “a gap between what is publishable
and what a peer reviewer will say [is] good enough, and
what we actually all should be doing or considering as a
research community.”

Quality Improvement & Adjudication. In the last stage
of the annotation process, teams must decide whether their
annotations are sufficiently high-quality. If not, they must
decide how to improve annotations: either by collecting
new annotations or by removing lower-quality ones. If
teams decide to remove lower-quality annotations, several
key questions arise about how to do that filtering: what
metric and threshold should be used to indicate low quality?
Should filtering be done at the data instance level (so that
every annotation for a given data instance is removed) or at
the annotator level (so that every annotation produced by a
particular annotator is removed)? If teams decide that their
data is sufficiently high-quality, they must conduct adju-
dication, which is the process by which a final annotation
(or set of annotations) for a data instance is determined. To
perform adjudication, annotation teams must first decide
whether to retain all labels for an instance or aggregate
them into a single label. During this stage, annotation teams
may also consider whether and how to express certainty
in their final published dataset. Participants reported that
their biggest challenge in this stage was deciding whether
or not to aggregate labels: multiple participants reported
believing that data instances in their setting were genuinely
ambiguous, but nevertheless needing a single gold label for
their downstream tasks (P2, P5, P9).

Prior work suggests many approaches for improving the
quality of data annotations, including identifying “hard”
data instances (Beigman Klebanov and Beigman 2009);
identifying “low-quality” annotators (Dawid and Skene
1979; Gordon et al. 2021; Hovy et al. 2013); and returning to
earlier stages of the annotation process to improve aspects of
task design or annotator management (Alonso 2015b; Hube,
Fetahu, and Gadiraju 2019; Pradhan, Schaekermann, and
Lease 2022; Röttger et al. 2022; Sabou et al. 2014; Vaughan
2018). Interestingly, some prior work has also proposed
that annotation errors—and disagreement generally—can
be leveraged in ML processes for learning models that are
robust to noise, and that may outperform models trained on
‘cleaner’ data (Ali et al. 2026; Basile et al. 2021; Peterson
et al. 2019; Plank 2022; Reidsma and Op Den Akker 2008;
Schmarje et al. 2022; Sheng, Provost, and Ipeirotis 2008;
Thebault-Spieker et al. 2023; Uma et al. 2021).

7Zhao, Liu, and Deng (2013) identify 22 published IRR metrics
(many of which are mathematically equivalent). Popular metrics
include percent agreement, Cohen’s κ (Cohen 1960), and Krippen-
dorff’s α (Hayes and Krippendorff 2007).

4.3 Distinct Sources of Annotation Issues
Annotation issues can often be identified by finding mis-
alignments between an annotation and a “ground truth.” But
the action needed to correct an annotation issue depends
on the source of that issue. Based on our literature review
and interview study, we propose a taxonomy of five distinct
sources of annotation issues (Table 3). While many of
these sources have been identified and discussed by prior
work, here, we offer a set of definitions that more clearly
distinguish unique sources of issues from one another.

Errors occur when annotators do not follow given
instructions (P1, P2, P4–P9). A large body of prior work is
devoted to identifying errors that occur when crowdworkers
try to ‘game’ annotation tasks (Alonso 2015a; Marshall
et al. 2023). In our interviews, participants were more likely
to think of errors as good-faith mistakes stemming from
fatigue (P1, P2, P6, P7) or over-reliance on heuristics-based
annotation strategies (e.g., annotating for sentiment based
on keywords as opposed to careful reading of text) (P2, P4,
P7). Ambiguity occurs when annotation instructions do not
provide enough information to determine what an annota-
tion should be (P2, P3, P5–P8, P10). Ambiguity has been
identified by prior work as a source of low agreement in
annotation (Braun 2024; Geva, Goldberg, and Berant 2019;
Schwirten et al. 2024). Unlike prior work, we distinguish
ambiguity from impossibility, which occurs when data
instances themselves do not provide enough information to
determine what an annotation should be (P5, P7). Subjec-
tivity occurs when an annotation depends on the personal
values, feelings, or beliefs of an annotator (P1–P3, P5–P10).
Many researchers have identified subjectivity, which also
contributes to low agreement, as a major challenge in
data annotation (Arhin et al. 2021; Ferracane et al. 2021;
Hettiachchi et al. 2023; Kapania, Taylor, and Wang 2023;
Pang et al. 2023; Parmar et al. 2023; Sap et al. 2022; Schu-
mann et al. 2023; Wang et al. 2025; Wen-Yi et al. 2024).
Subjectivity affects even tasks that may sound objective,
such as identifying the skin tone of an individual captured
in an image (Barrett, Chen, and Zhang 2023). Finally, we
introduce identity as a source of annotation issues when
the quality of an annotation depends not on the content
of the annotation, but on the identity of the annotator (P4,
P9). For example, AI-generated annotations are misaligned
with a desired “ground truth” when they are created for an
evaluation task intended to elicit human preferences.

The cause of the issue affects the solutions that can or
should be applied to address it. It is important to have a
clear language for understanding issues and their causes—
without it, annotation managers may try to correct issues
using inappropriate methods. For example, Zhang et al.
(2025) find that annotation managers often treat all low-
agreement annotations as errors, when in fact, large-scale
low agreement is likely to indicate that annotations may
be ambiguous or impossible. Nevertheless, the annotation
managers studied by Zhang et al. (2025) responded to these
cases by rejecting (and thus declining to pay) large swaths
of annotators. In addition to constituting an objectionable
labor practice, this action will not solve the problem if
annotation tasks are ambiguous or impossible.
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Source Definition Potential Solutions

Error The annotator did not follow instructions Retrain annotators; filter annotators

Ambiguity There is not enough information in the annotation instructions to
fully determine the annotation

Improve annotation instructions;
refine annotation schema

Impossibility There is not enough information in the data to fully determine the
annotation Re-process data; filter data

Subjectivity The annotation depends on implicit values, beliefs, opinions, or as-
sumptions

Improve annotation instructions;
refine annotation schema

Identity The identity of the annotator is not aligned with the desired annotator
population Filter annotators

Table 3: Sources of annotation issues. The source of an issue determines potential solutions to the issue.

5 Improving Annotation Reliability and
Validity with Measurement Theory

Despite the fact that annotation issues are often thought of
as misalignment between annotations and “ground truths,”
annotation teams consistently focus on agreement (between
multiple annotators on the same data instance) as their
primary quality metric. This is a fundamental mismatch that
is often justified by the fact that agreement is generally easy
to calculate and “ground truth” is inevitably not available for
all data instances (if it were, annotation would not be neces-
sary). Measurement theory offers a broader vocabulary for
evaluating annotation quality in terms not only of whether
annotators agree, but of whether annotations are reliable and
valid measures of the concepts they are intended to capture.
In this section, we draw on measurement theory to identify
relevant aspects of reliability and validity, and use findings
from our literature review and interview study to show how
they can be incorporated into annotation processes.

Test-Retest Reliability. While inter-rater reliability is
the dominant approach to measuring annotation quality, it
is rare to assess test-retest reliability (also referred to as
intra-rater reliability), which asks whether annotations are
consistent when produced by the same annotator at different
points in time. Abercrombie et al. (2025) recently found
that, of more than 80,000 papers in the ACL Anthology,
just 56 of them (0.07%) report measuring test-retest reli-
ability. However, researchers hypothesize that test-retest
reliability can be used to identify sources of disagreement
in annotation (e.g., distinguishing disagreement caused
by subjectivity from disagreement caused by random
error) (Abercrombie et al. 2025; Gordon et al. 2021). In
subjective annotation tasks, measuring test-retest reliability
may thus be a better way of identifying high-quality anno-
tations than measuring IRR (Arhin et al. 2021). Test-retest
reliability also has its challenges, however: due to its
relative unpopularity, there are currently no agreed-upon
best practices for how to best calculate it (for example,
how long should researchers wait between original and
subsequent annotations?) (Abercrombie et al. 2025).

Consistent with prior work, very few interview par-
ticipants reported measuring test-retest reliability. Some
seemed unaware that it existed, like P1, who asked: “Like,

check over your own work? I don’t know that that’s
ever been done.” However, two participants reported that
test-retest reliability had unique benefits not captured
in other forms of reliability (P7, P10). P7 described it
as “low-hanging fruit for quality [assessment]. . . of the
annotator.” P10 argued that assessing test-retest reliability
is particularly important for subjective tasks, noting that
“as you code data. . . your affinity with the data and your
understanding of the construct will change.”

Face Validity. Face validity assessments, in which re-
searchers check whether annotated data instances “look
right” or pass the “sniff test” are common—nearly every
interview participant reported engaging in face validity
assessments by conducting manual review of a subset of
annotated data instances (P1–P5, P8–P10). Prior work has
found that this practice is widespread (Harvey et al. 2025).
However, these face validity assessments are often informal
and thus neither documented nor published. In a rare
exception describing a small-scale face validity assessment,
Harvey, Kizilcec, and Koenecke (2025) described identi-
fying issues in a crowdsourced corpus of tweets written in
both African American English and ‘Standard’ American
English (Groenwold et al. 2020), and choosing not to use
the dataset as a result. Similarly, Grondin-Verdon, Caillat,
and Ouni (2024) conducted a face validity assessment
of a gesture recognition corpus by re-annotating parts
of the corpus and comparing their annotations to crowd-
sourced ones. For larger-scale face validity assessments,
researchers may turn to automated methods (e.g., confident
learning (Northcutt, Athalye, and Mueller 2021)) that are
intended to identify likely annotation errors that can then be
manually examined (Klie, Webber, and Gurevych 2023).

Content Validity. Content validity asks whether annota-
tions “wholly and fully capture the substantive nature” of
the concept that they seek to measure (Jacobs and Wallach
2021). In the context of annotation, content validity is
most notably considered in social science research. Social
science research, which often conceives of annotation
as a qualitative coding task, discusses the importance of
establishing clear definitions and coding rules for concepts
of interest, and of grounding these definitions in specific
theories (MacQueen et al. 1998). In contrast, critical
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scholars have repeatedly pointed out that crowdsourced
annotation work and annotation tasks intended for AI/ML
systems often do not include clear systematizations or
operationalizations of concepts of interest (Blodgett et al.
2021; Scheuerman et al. 2020).

Interview participants, especially those with backgrounds
in social sciences, described attempting to establish content
validity by using established theories to develop their
codebooks or annotation guidelines (P1, P2, P10). P10
described how they interrogated the content validity of their
annotation guidelines:

“We actually had raters with an understanding of
the. . . theories. We gave them the codes [i.e., labels]
and had them rate them for how clear are they, how
concise are they, how aligned with the theory are
they, how practical are they? And so we have these
raw metrics of code quality.”

Convergent Validity. Convergent validity asks whether
annotations correlate with other, valid, annotations of related
concepts. Because content validity is rarely considered,
assessing convergent validity in annotated data is nearly
impossible: it is extremely hard to combine and compare
different datasets. For example, in a review of language
corpora annotated with information on negation, Jiménez-
Zafra et al. (2020) found that one-third of datasets lacked
annotation guidelines entirely. The others had incomplete
or inconsistent guidelines, making it impossible to combine
and compare for the purposes of a convergent validity
assessment. Bostan and Klinger (2018) had similar findings
in a review of corpora annotated for emotion classification.

Similarly, interview participants reported that they
struggled to use existing annotated data and annotation
guidelines, whether or not they had been involved in the cre-
ation of the data or guidelines in the first place (P1–P4, P6,
P10). A primary reason for this was that participants felt that
the concepts being annotated were often not consistently
systematized or operationalized. Like prior researchers,
they struggled with how to compare or combine different
systematizations or operationalizations of related concepts.

Assessing convergent validity thus requires establishing
content validity of annotation processes as a first step.
Well-documented annotation processes can also be helpful
here: for example, Recht et al. (2019) were able to conduct
a convergent validity assessment of ImageNet (Deng et al.
2009) by replicating the original process used to select and
label images and then testing the ability of models trained
on the original ImageNet data to label the new images.

Predictive Validity. Predictive validity asks whether
annotations can predict relevant related concepts. It is
inadvertently assessed almost by definition for many data
annotation projects conducted in computational fields: the
explicit goal of annotation projects is often to build a model
that performs a downstream prediction task. Thus, a view
expressed by some interview participants is that annotations
can be thought of as valid if they can be used to build an
accurate predictive model (P1, P3). However, it is often
challenging to specify what exactly the prediction task
should be. For example, Catanzariti (2025) conducted an

interview study of individuals annotating videos of faces for
affect; although the annotations were intended to measure
fine-grained emotional states at specific points in time,
practitioners assessed quality based on whether models built
using the annotations could predict broader outcomes (“is
this person generally sad?”).

Discriminant Validity. Discriminant validity asks
whether annotations are too correlated with concepts not
related to those that they seek to capture. While interview
participants did not report engaging in discriminant va-
lidity assessments, prior work suggests opportunities for
incorporating discriminant validity assessments into the
annotation process. For example, researchers have trained
models on annotated data that they then use to predict
information that should not be contained in annotations—if
the models perform well, this is a sign that annotations have
low discriminant validity. For example, Geva, Goldberg,
and Berant (2019) find that, in widely-used natural language
understanding (NLU) benchmarks, it is possible to predict
the IDs of annotators who produced particular examples.
This suggests that rather than simply measuring NLU, the
annotations are also inadvertently capturing information
about individual annotators.

Taken together, we recommend that researchers and prac-
titioners working on annotation projects should:

(a) Determine the source of an annotation error before taking
action to resolve it (see Table 3), e.g., by measuring test-
retest reliability in addition to IRR (to distinguish ambi-
guity from subjectivity) or by adding an option for anno-
tators to indicate that an instance cannot be annotated (to
distinguish ambiguity from impossibility);

(b) Clearly systematize and operationalize concepts of inter-
est to establish content validity and facilitate interroga-
tions of convergent and discriminant validity;

(c) Document and report the results of face and predic-
tive validity assessments that are already informally con-
ducted (clearly specifying or pre-registering the predic-
tive task for predictive validity assessments); and

(d) Build infrastructure to support interrogation (see §6).

6 Discussion
In this work, we presented the results of a qualitative study
that is intended to facilitate the correction of issues in data
annotation. Here, we outline several avenues for future
work that our findings suggest will be particularly fruitful.

Learning from Qualitative Coding. Multiple partici-
pants reported either that they struggled to identify best
practices for their annotation tasks (P1, P7), or that they
frequently observed other annotation projects that did not
follow what they considered to be well-documented best
practices (P9, P10). This is largely due to the fact that data
annotation is a task that exists across multiple disciplines
which are often not in conversation with each other. For
example, P1, whose background is in machine learning, felt
that “as a team we’re learning best practices that already
exist. . . more from the qualitative research community.”
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Similarly, P7, whose background is in data science, (jok-
ingly) described the feeling of realizing that their annotation
challenge could be addressed by adopting best practices
from another field: “political science, apparently, has been
doing [pairwise annotation] for a long time and hiding it
from everybody else.” When computer science and machine
learning researchers think of data annotation, they often
focus on bringing in best practices from crowdwork and
even from prediction tasks. We suggest that best practices
from the social sciences could be a valuable source of ideas
for improving the reliability and validity of data annotation.

Furthermore, critical scholarship from the social sciences
is the primary avenue through which questions of con-
sequential validity of data annotations (i.e., what are the
societal impacts of annotations?) are examined. Catanzariti
(2025), Denton et al. (2021), Lin (2022), Scheuerman et al.
(2020), and Scheuerman, Hanna, and Denton (2021) argue
that annotations “construct” ground truth, making subjective
or value-laden judgments appear objective and immutable.
Thus, annotations can reify social hierarchies and reinforce
power imbalances (Smart et al. 2024). Scholars have also
noted that power imbalances can be reinforced within
the annotation supply chain (DiSalvo et al. 2024; Miceli,
Schuessler, and Yang 2020). As crowdsourcing became
an increasingly popular annotation paradigm in the early
2010s, Irani and Silberman (2013) raised the alarm that
“human computation currently relies on worker invisibility.”
Despite the efforts of researchers like Irani and Silberman
(2013), who introduced the Turkopticon system to allow
crowdworkers to share experiences, organize, and engage
in mutual aid, and Miceli et al. (2025), who proposed
Workers’ Inquiry as a Research Methodology to center
crowdworkers in AI research, annotation labor remains
largely invisible today (Gray and Suri 2019). Annotation
tasks are often outsourced to low-wage workers located in
lower-income countries who are subject to myriad risks,
including psychological harm from labeling toxic data
as well as privacy risks that are inherent to production
tasks (Hao 2025; Le Ludec, Cornet, and Casilli 2023;
Shestakofsky 2024; Shmueli et al. 2021; Smart et al. 2024).
Annotation managers often view annotators as adversarial
parties who may try to “game” the system by being paid
to provide low-effort, low-quality data (Rothschild et al.
2024). As a result, annotation managers employ various
surveillance and quality control measures to remove human
uncertainty and subjectivity from annotations, often reject-
ing annotations and withholding pay from annotators who
do not meet certain standards (Meisner, Duffy, and Ziewitz
2024; Rothschild et al. 2024; Zhang et al. 2025). To improve
consequential validity in data annotation it is crucial to rely
on critical scholarship that centers workers by emphasizing
how leveraging worker errors, worker disagreement, and
communication with workers can help improve both labor
conditions and data quality (Lin and Jackson 2023; Schaek-
ermann et al. 2018; Simons, Gurari, and Fleischmann 2020).

Accounting for AI. Current practices are being adjusted
to account for the growing role of AI in data annotation
pipelines (Desai, Card, and Jacobs 2026; Tan et al. 2024).

Researchers have proposed a variety of approaches for
combining human judgment with AI precision and consis-
tency in order to improve annotation processes (Calderon,
Reichart, and Dror 2025; He et al. 2024; Schroeder,
Roy, and Kabbara 2025; Tavakoli and Zamani 2025). An
overarching theme is that AI annotators have the potential
to prevent common human errors in annotation that are
caused by fatigue or inattention (Wen-Yi et al. 2024). At the
same time, however, researchers are raising alarms about
the potential for AI annotators to replace human perspec-
tives in annotation and potentially render crowdsourced
data unusable (Wang, Morgenstern, and Dickerson 2025;
Westwood 2025). Research shows that LLMs can produce
dramatically different annotations depending on minor
prompt variation (Röttger et al. 2024), raising concerns
of “LLM-hacking” (Baumann et al. 2025). Co-annotation
between humans and LLMs can also lead to humans
adopting LLM annotations, even if humans on their own
would annotate differently (He, Naphade, and Huang 2025).
Exploring how annotation teams may use AI to reduce an-
notation issues—without introducing new ones—is thus an
important avenue for future work (e.g., Kumar et al. 2026).

Building Infrastructure to Support Interrogation. Fi-
nally, future research should explore practical avenues for
interrogating the reliability and validity of annotations.
In particular, almost all interview participants (P1–P5,
P8–P10) reported conducting manual review of annotations
to see if they passed the “sniff test”—i.e., face validity
assessments. However, these assessments were informal:
participants did not document or publish their results. Build-
ing infrastructure to formalize face validity assessments
(e.g., by creating repositories for data users to share and
aggregate the results of their manual reviews or mechanisms
for the research community to flag low-quality annotations
in public datasets) could thus enable the improvement of
annotated data at scale, in line with prior work that has
shown that datasets can be improved by public efforts
to correct errors (Beyer et al. 2020; Denton et al. 2021;
Northcutt, Athalye, and Mueller 2021; Peychev et al. 2023).

7 Conclusion
Through a literature review (N=132) and interview study
(N=10), we contribute a framework to support the correction
of annotation issues. First, we map key decision points
throughout the annotation process that can lead to anno-
tation issues. By making these decision points, which are
often taken for granted, visible, we show where annotation
processes can be changed in order to improve annotations.
Second, we argue that researchers and practitioners should
treat annotation as a measurement problem. In so doing, we
build on prior work that has called for measurement theory
to be applied to sociotechnical research (Jacobs and Wallach
2021; Wallach et al. 2025) and provide a framework to
ground prior work that has called for researchers to look be-
yond agreement when evaluating data annotation (Thomas
et al. 2026). We make concrete suggestions for how anno-
tation processes can move beyond agreement to interrogate
and improve the reliability and validity of annotations.
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wende, L.; Daumé III, H.; and Kirchhoff, K., eds., Proceed-
ings of the 2013 Conference of the North American Chap-
ter of the Association for Computational Linguistics: Hu-
man Language Technologies, NAACL, 1120–1130. Atlanta,
Georgia: Association for Computational Linguistics.
Hube, C.; Fetahu, B.; and Gadiraju, U. 2019. Understanding
and Mitigating Worker Biases in the Crowdsourced Collec-
tion of Subjective Judgments. In Proceedings of the 2019
CHI Conference on Human Factors in Computing Systems,
CHI, 1–12. Glasgow Scotland Uk: ACM. ISBN 978-1-4503-
5970-2.
Hutchinson, B.; Smart, A.; Hanna, A.; Denton, R.; Greer,
C.; Kjartansson, O.; Barnes, P.; and Mitchell, M. 2021. To-
wards Accountability for Machine Learning Datasets: Prac-
tices from Software Engineering and Infrastructure. In Pro-
ceedings of the 2021 ACM Conference on Fairness, Ac-
countability, and Transparency, FAccT, 560–575. Virtual
Event Canada: ACM. ISBN 978-1-4503-8309-7.
Irani, L. C.; and Silberman, M. S. 2013. Turkopticon: in-
terrupting worker invisibility in amazon mechanical turk. In
Proceedings of the SIGCHI Conference on Human Factors
in Computing Systems, CHI, 611–620. Paris France: ACM.
ISBN 978-1-4503-1899-0.
Jackman, S. 2008. Measurement. In The Oxford Handbook

1264



of Political Methodology. Oxford University Press. ISBN
9780199286546.
Jacobs, A. Z.; and Wallach, H. 2021. Measurement and Fair-
ness. In Proceedings of the 2021 ACM Conference on Fair-
ness, Accountability, and Transparency, FAccT, 375–385.
New York, NY, USA: Association for Computing Machin-
ery. ISBN 978-1-4503-8309-7.
Jiménez-Zafra, S. M.; Morante, R.; Teresa Martı́n-Valdivia,
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