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Last year, | failed to use a publicly available dataset. | was working on a project where my
goal was to measure the extent to which chatbots produce less helpful responses to
prompts written in “non-standard” English dialects. To do that, | needed text written in
those dialects. Other researchers working on the same problem were starting to use a
corpus called the AAVE/SAE Paired Dataset for this. It contains a set of tweets that were
determined by a research team to be written in African American English as well as a
corresponding set of “translations” of those tweets into so-called “Standard American
English” by Amazon Mechanical Turk (MTurk) workers. But when | started looking into the
dataset, | realized | couldn’t use it. When | compared the original and "translated" tweets, |
saw that the MTurk workers had made changes like removing swear words from the
original text that had nothing to do with dialect, but would affect how a chatbot might
respond to the text. In other words, | found errors in the dataset that made it unsuitable for
use in evaluating an Al system — and | had to create my own novel dataset for my project

instead (Harvey et al., 2025a).

| am far from the only researcher with this experience. Researchers have found that label
errors in datasets widely used as model benchmarks obfuscate measures of model
performance (Northcutt et al., 2021), and that benchmark datasets produced by
crowdworkers contain issues including logical fallacies and failures of basic quality control
and consistency (Blodgett et al., 2021). In an interview study | conducted in 2025, | found
that these issues are so pervasive that researchers and practitioners often struggle to use
any publicly available data at all. For example, one practitioner who | interviewed told me,
“Every single public benchmark we use...has a couple of rows that we look at by eye, and
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we're like, ‘that doesn’t make sense.’ And then that makes us question the entire validity of
the benchmark” (Harvey et al., 2025b).

The errors | am describing arise during the process of data annotation, in which data is
augmented with information in order to make it suitable for use in some downstream task.
Data annotation is an extremely broad process: it can include everything from experts
identifying the dialect of a speaker in an audio file to crowdworkers drawing bounding
boxes around cars in video data to Al models determining whether text contains hate
speech or bias. Perhaps because of this breadth, while various best practices for data
annotation have been proposed, few have been widely adopted. In fact, a review found
that a full 30% of recent papers involving annotation tasks published at leading
computational linguistics venues did not conduct, or report conducting, any form of
annotation quality management (Klie et al., 2024).

“‘Data work™ — the time and effort that goes into data development — has long been
undervalued in Al research and practice, and as a result, the field has coalesced around
data development practices that prioritize efficiency and scale over quality (Paullada et al.,
2021; Sambasivan et al., 2021). Data annotation is no exception. When annotation quality
management is conducted, it overwhelmingly involves measuring “agreement” as a proxy
for annotation quality: two annotators label the same instance and “disagreement” is
treated as “error.” Agreement is simple to calculate, but it has several problems. For one
thing, agreement does not necessarily imply correctness. For another thing, agreement
cannot be straightforwardly applied to annotation tasks that are not simply labeling (like

translating tweets across dialects).

Low-quality annotation leads to widespread errors in publicly available data that cause two
distinct problems. First, researchers and practitioners who mistrust public data create
custom and sometimes proprietary datasets for their projects, fracturing the data
landscape in Al research and making it harder to evaluate Al systems in consistent ways.
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At the same time, datasets with well-documented issues continue to be widely used for

model development and evaluation.

| argue that in order to improve data annotation, researchers and practitioners should treat
annotation as a measurement problem. Measurement, as outlined by Adcock and Collier
(2001) is a multi-stage process. The first stage, systematization, involves giving a specific,
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 then produced by applying that operationalization to an instance.
Wallach et al. (2025) have proposed that a critical stage in measurement is interrogation,
which entails assessing the extent to which a concept's systematization,
operationalization, and resulting measurements meaningfully measure the concept.
Interrogation involves assessing reliability, which is similar to statistical precision and asks
whether a measurement can be repeated, as well as validity, which is similar to statistical
unbiasedness and asks whether a measurement is correct (Jacobs and Wallach, 2021). |
argue that the failure to treat data annotation as a measurement problem — and in
particular, the omission of interrogation from the annotation process — is a primary cause of

widespread issues with annotation.

Framing data annotation as a measurement problem immediately makes the limitations of
current approaches clear. Measurement theory proposes a plethora of approaches for
evaluating measurements: Jacobs and Wallach (2021) identify two tests of reliability and
seven tests of validity that are (or should be) commonly used in measurement tasks. Of
those, just one test of reliability (inter-rater reliability, or agreement between annotations
produced by multiple annotators) and one test of validity (predictive validity, or whether
models trained on annotated data perform well on predictive tasks) are regularly used to
evaluate annotations. However, across multiple interview studies that | have conducted
over the past few years, almost every researcher and practitioner that | spoke to reported
that they attempted to validate annotations through manual review. | consider this to be an
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excellent approach for assessing the face validity of annotations, or whether annotations

pass the “sniff test.”

While many researchers and practitioners conduct face validity assessments (in the form
of manual review of annotations) of publicly available annotated data, they usually do not
document or publish the results of those assessments. However, datasets can be
improved by public efforts to identify and correct errors, as has been the case with
ImageNet (Denton et al., 2021; Northcutt et al., 2021). Thus, | call for the establishment of
community face validity assessments. | propose that this could essentially look like a
face validity version of a CAPTCHA. Before an individual can access a dataset for the first
time, they must manually review some small number of randomly sampled data instances
and determine whether they believe that annotations are correct. This data would then be
stored and displayed in the same location where the data is hosted. Over time, it could be
used to develop an estimate of the error rate of the annotated data and to potentially
improve existing annotated datasets.

The Al models that are increasingly mediating our online lives are only as good as the data
we use. Too much of that data is currently bad, and measurement theory should be used
to make it better.
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