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Abstract

Machine learning (ML) datasets, often perceived
as neutral, inherently encapsulate abstract and
disputed social constructs. Dataset curators fre-
quently employ value-laden terms such as diver-
sity, bias, and quality to characterize datasets. De-
spite their prevalence, these terms lack clear defi-
nitions and validation. Our research explores the
implications of this issue by analyzing “diversity”
across 135 image and text datasets. Drawing from
social sciences, we apply principles from mea-
surement theory to identify considerations and
offer recommendations for conceptualizing, oper-
ationalizing, and evaluating diversity in datasets.
Our findings have broader implications for ML
research, advocating for a more nuanced and pre-
cise approach to handling value-laden properties
in dataset construction.

1. Introduction

Cloaked under the guise of objectivity, machine learning
(ML) datasets are portrayed as impartial entities, giving the
illusion of reflecting an “unbiased look™ at the world (Tor-
ralba & Efros, 2011). Yet, beneath this veneer, datasets
are not neutral—they are infused with values, bearing the
indelible imprints of social, political, and ethical ideologies
woven into their fabric by their curators (Raji et al., 2021;
Blili-Hamelin & Hancox-Li, 2023; Malevé, 2021).

This inherent value-laden nature becomes glaringly appar-
ent in the perpetuation of social stereotypes and the stark
underrepresentation of marginalized communities within the
lifecycle of ML datasets (Wang et al., 2022; Buolamwini &
Gebru, 2018; Zhao et al., 2021; Birhane et al., 2021; Denton
et al., 2020). From inception to release, datasets emerge as
political artifacts, etched with the signature of their creators’
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perspectives, organizational priorities, and the broader cul-
tural zeitgeist, making them potent instruments in shaping
narratives and reinforcing power structures (Winner, 2017;
Hanna & Park, 2020; Birhane et al., 2022).

This politicization of datasets is particularly conspicuous
in the criteria set by curators. Terms related to diversity,
bias, quality, realism, difficulty, and comprehensiveness are
frequently invoked (Scheuerman et al., 2021), despite a glar-
ing lack of consensus regarding their precise definitions.
For instance, diversity dimensions can encompass a mul-
titude of concepts, spanning “dressing styles” (Bai et al.,
2021), “weather” (Diaz et al., 2022), and “‘ethnic[ity]” (Fu
et al., 2021) to “verbs” (Sadhu et al., 2021), “sentential con-
texts” (Culkin et al., 2021), and “conversation forms” (Fab-
bri et al., 2021a). Diversity can also refer to part of the
collection process, such as recruiting annotators with “diver-
sity in gender, age, occupation/background (linguistic and
ethnographic knowledge), region (spoken dialects)” (Zein-
ert et al., 2021b), and “psychological personality” (Chawla
etal., 2021).

Recognizing this ambiguity, the need for precise and unam-
biguous definitions becomes paramount to ascertain whether
datasets genuinely embody the proclaimed qualities. Treat-
ing value-laden constructs, such as diversity, bias, and
quality, as self-evident perpetuates the fallacious belief
that datasets are inherently neutral. Instead, we posit that
datasets serve as tools wielded by curators to quantify ab-
stract social constructs. Interrogating these values demands
critical questions: How are these constructs defined and
operationalized? And how do we validate that datasets
genuinely encapsulate the values they claim to represent?

In this position paper, we leverage measurement theory,
a framework widely employed in the social sciences, to
develop precise numerical representations of abstract con-
structs (Bandalos, 2018). This application is integral to
our focused analysis of diversity—a frequently touted trait
in ML datasets (Scheuerman et al., 2019)—providing a
structured approach to conceptualizing, operationalizing,
and evaluating claimed dataset qualities. Our scrutiny ex-
tends to 135 text and image datasets, where we uncover
key considerations and offer recommendations for applying
measurement theory to their collection. We underscore the
imperative for transparency in articulating how diversity
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is defined (Section 4) and how the data collection process
aligns with this definition (Section 5). Further, we present
methodologies for evaluating diversity, scrutinized through
the lenses of reliability (Section 6) and validity (Section 7).
Our work culminates with a case study on the Segment Any-
thing dataset (Kirillov et al., 2023), illustrating the practical
application of our recommendations (Section 8).

In summary, this position paper advocates for clearer
definitions and stronger validation methods in creating
diverse datasets, proposing measurement theory as a
scaffolding framework for this process.

2. Background

Measurement is a fundamental aspect of ML systems (Ja-
cobs & Wallach, 2021; Jacobs, 2021). These systems em-
ploy observable, real-world instances to quantify abstract
constructs, including “moral foundations” (Johnson & Gold-
wasser, 2018), “emotion” (Wei et al., 2020), and “gen-
der” (Wang et al., 2019a). However, given the unobservable
nature of these constructs, researchers rely on proxies and
inference. For instance, the identification and prevalence of
specific linguistic features, like derogatory language, serve
as proxies to deduce the existence of misogynistic content
in text (Zeinert et al., 2021a). Assessing the quality of re-
sulting datasets requires careful consideration of the validity
of chosen proxies and the reliability of assumptions underly-
ing ML systems. This is crucial, as proxies may normalize
inadequacies without acknowledging limitations (Andrus
et al., 2021). Such considerations lead us to measurement
theory in the social sciences, which offers methodologies
for quantifying and encapsulating theoretical constructs that
resist direct measurement (Bandalos, 2018).

Conceptually, measurement theory provides a structured
approach to move from latent, abstract constructs to ob-
servable, real-world variables. Conceptualization involves
precisely defining constructs using agreed-upon terms. Re-
searchers then operationalize these concepts by translating
them into observable indicators that can be empirically mea-
sured in the real world (Babbie, 2020; Check & Schutt,
2011). Finally, the measurements undergo evaluation, con-
sidering reliability and validity (Bandalos, 2018).

Recent ML research explores the application of measure-
ment modeling to refine the conceptualization and opera-
tionalization of constructs, including fairness (Jacobs & Wal-
lach, 2021), bias (Jacobs et al., 2020) and intelligence (Blili-
Hamelin & Hancox-Li, 2023). This trend underscores a
growing emphasis on leveraging measurement theory to re-
fine evaluation metrics and benchmarks (Xiao et al., 2023;
Zhou et al., 2022; Subramonian et al., 2023). Principles
from measurement theory have also been applied to datasets,
where Mitchell et al. (2022) suggest measuring various

facets to facilitate dataset curation and meaningful com-
parisons.

Complementarily, we leverage measurement theory to en-
hance ML datasets by transforming implicit, value-laden
properties into measurable constructs. In contrast to previ-
ous work (Blodgett et al., 2021) that concentrated on assess-
ing the validity of natural language processing benchmark
datasets to evaluate stereotyping, we adopt a different ap-
proach. Here, we view the data collection process itself as
the measurement to validate. This involves questioning the
reliability of the collection process and exploring methods
for researchers to validate claimed dataset properties.

Zooming in on the intricacies of diversity, we unearth in-
consistencies in its definitions, a pervasive challenge that
our paper addresses head-on. As in other fields with broad
definitions of diversity (Xu et al., 2020), there is no con-
sensus on what diversity means for ML datasets. Rather
than offering a prescriptive definition, we adopt the various
interpretations provided by dataset collectors and develop
an inductive taxonomy based on these definitions (see Ta-
ble 5). While many ML datasets claim to be more diverse,
neither what researchers mean by the term diversity nor
how this property is achieved are clearly specified. Our
aim, by shedding light on these disparities, is not only to
guide dataset creators but also to equip reviewers with the
necessary insights to critically evaluate authors’ claims. Our
work extends beyond the confines of dataset creation, pre-
senting a broader contribution to the enhancement of ML
and scientific practices. We summarize our considerations
and recommendations in Figure 1.

3. Method

To inform our position, we conducted a systematic litera-
ture review encompassing 135 datasets presented as being
more “diverse”. We choose to focus on image and text
datasets, aligning with the prevailing emphasis on data col-
lection practices in these domains (Scheuerman et al., 2021;
Paullada et al., 2021; Raji et al., 2021). Datasets were identi-
fied through searches across well-established venues in com-
puter vision (ICCV, ECCV, CVPR), natural language pro-
cessing (*CL), fairness (FAccT, AIES), and ML (NeurIPS,
NeurIPS Datasets and Benchmarks Track), concluding with
publications available until September 2022. Inclusion cri-
teria involved retaining papers featuring both a diversity-
related keyword (“divers*”, “bias*”) and dataset-related
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keyword (“dataset”, “annotation’) within their abstracts.

Our comprehensive analysis traverses the entire dataset col-
lection pipeline, ranging from the motivation behind dataset
creation to its eventual release and ongoing maintenance. To
accomplish this, we consulted established guidelines for re-
sponsible data collection (Andrews et al., 2023; Scheuerman
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CONCEPTUALIZATION
Precisely defining constructs using
agreed-upon terms

OPERATIONALIZATION
Translating constructs into
empirically measurable indicators

CONSIDERATIONS

1. Lack of concrete definitions 1. Gaps in documentation
2. Conflation of constructs 2. Lack of methodological caveats
3. Increase in opacity around data
collection

RECOMMENDATIONS

. Communicate how indicators are
defined

. Reflect on taxonomies and labels

State methodological trade-offs

1. Provide concrete definitions

2. Contextualize definitions

3. Critically reflect on what
constructs may reify

w N

1. Lack of details on quality control
2. Erasure of labor

1. Report inter-annotator agreement
metrics

2. Adopt test-retest or split-half
reliability methods

RELIABILITY
Ensuring measurements are
consistent and dependable

VALIDITY
Assessing if empirical
measurements align with theory

1. Lack of robust validation
2. Overreliance on downstream
evaluation

1. Test for cross-dataset
generalization

2. Compare diversity metrics

3. Ensure theoretically unrelated
constructs are in fact unrelated

Figure 1. Overview of considerations and recommendations for conceptualizing (Section 4), operationalizing (Section 5), and evaluating

the reliability (Section 6) and validity (Section 7) of diverse datasets.

etal., 2021; Peng et al., 2021; Google PAIR, 2019; Gebru
et al., 2021; Holland et al., 2020; Bender & Friedman, 2018;
Pushkarna et al., 2022; Blodgett et al., 2022). The evolution
of our codebook variables occurred iteratively during the
coding process, driven by ongoing discussions among the
authors. Refer to Appendix A for more details.

4. Conceptualization

Conceptualization plays a pivotal role in the research pro-
cess, involving the definition and specification of clear con-
structs to be measured (Check & Schutt, 2011; Babbie,
2020). For dataset creators, this phase resembles the transla-
tion of abstract values, such as diversity, into tangible and
concrete definitions. Despite the widely acknowledged im-
portance of diversity as a value for datasets (Van Horn et al.,
2021; Yang et al., 2021; Sugawara et al., 2022; Derczyn-
ski et al., 2016), there is a notable lack of consistency and
clarity among creators regarding its practical interpretation.
This section examines conceptual challenges and provides
recommendations.

4.1. Considerations

Lack of concrete definitions. Recognizing the inherently
abstract nature of diversity, a well-defined concept not only
clarifies the significance of a diverse dataset but also lays
the groundwork for operationalizing the collection process.
Significantly, only 52.9% of datasets explicitly justify the
need for diverse data. For example, Rojas et al. (2022)
underscore the need for geodiverse data, driven by observa-
tions that previous datasets “suffer from amerocentric and
eurocentric representation bias that impacts the performance
of classification tasks on images from other regions”. In this
context, geodiversity serves as a clearly defined construct,
specifying the criteria for diversity based on geographical

locations. Such constructs play a crucial role in streamlin-
ing the operationalization of data collection (e.g., employ-
ing photographers across 63 countries), facilitating a more
straightforward validation process against the intended mo-
tivation. In essence, unambiguous definitions empower both
consumers and reviewers to assess a dataset’s suitability for
specific tasks with heightened confidence.

Conflation of constructs. The lack of a standardized
conceptualization approach can lead to unintended conse-
quences, such as the paradoxical increase in offensive con-
tent observed in larger datasets (Birhane et al., 2023). This
stems from misinterpretations where curators conflate scale
with diversity, assuming increased size inherently leads to
more diverse data (Bender et al., 2021). Scale may help
in some contexts, such as achieving composition diversity,
but relying solely on “scale-thinking”” might overlook cru-
cial nuances and idiosyncrasies inherent in specific tasks or
setups (Diaz & Madaio, 2023; Hanna & Park, 2020).

There is also a tendency to conflate bias with diver-
sity (Scheuerman et al., 2021), exemplified by attempts
to mitigate bias in datasets for text summarization. As
Kim et al. (2019) report, prior works “alleviate [extrac-
tive] bias by collecting articles from diverse news publica-
tions.” Establishing clear conceptual frameworks is not only
a methodological necessity but also a crucial means to navi-
gate complex relationships, recognizing that surface-level
connections between diversity and other constructs, such as
scale and bias, are not causally related.

4.2. Recommendations

Provide concrete definitions. Following the conceptualiza-
tion phase, curators are urged to establish a precise definition
of diversity, ensuring alignment and consistency throughout
the dataset collection process (Check & Schutt, 2011; Bab-
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bie, 2020). Emphasizing the importance of clear definitions,
consider the subtle distinction between seemingly similar
claims, such as representing “diverse scenarios” (Miao et al.,
2022b) and “diverse social scenes” (Fan et al., 2018). The
former is defined in terms of things, stuff, and scene loca-
tion (i.e., “indoor and outdoor”), whereas the latter in terms
of people, cultures, and scene location (i.e., “living room,
kitchen, restaurant, ...”). Definitional disagreements natu-
rally arise, but providing an explicit definition signals the
interpretation of diversity within the context of a dataset, en-
hancing assessment and enabling meaningful cross-dataset
comparisons.

Contextualize definitions. When crafting definitions, cura-
tors must align interpretations with existing literature, eval-
uating theoretical underpinnings (Blodgett et al., 2020) and
building on prior scholarship. In addressing skin tone diver-
sity, Hazirbas et al. (2021) critically assess the drawbacks
of ethnicity labeling practices in a previous facial attribute
dataset (Karkkainen & Joo, 2021), highlighting its subjec-
tivity and potential to cause conceptual confusion. This
scrutiny extends to citing “unconscious biases” linked to the
“other-race effect” identified in psychology (O’ Toole et al.,
1996). In response, Hazirbas et al. (2021) opt to annotate
apparent skin tone, using the Fitzpatrick scale (Fitzpatrick,
1975), acknowledging limitations regarding the scale’s re-
liability and validity (Howard et al., 2021). Such contextu-
alization plays a crucial role in positioning how a dataset
contributes to or challenges prevailing notions.

Critically reflect on constructs. Definitions hold power.
The choices we make in defining constructs, or even the de-
cision to define certain constructs, bestow legitimacy upon
specific beliefs. Thus, prior to advancing with the collection
and release of a dataset, it is crucial to engage in a thoughtful
reflection on the potential for reification—the act of treating
an abstract concept as something concrete (Bhattacherjee,
2012). This tendency is frequently illustrated by the use of
tangible test scores, such as those from IQ tests, to repre-
sent abstract concepts like “intelligence” (Blili-Hamelin &
Hancox-Li, 2023).

This concern gains particular significance in the realm of
demographic diversity. For example, casting gender as bi-
nary reaffirms the normative notion of a binary gender sys-
tem (Hamidi et al., 2018), and using racial categories may
inadvertently endorse the fallacy that these groups are natu-
ral rather than social (Hanna et al., 2020; Khan & Fu, 2021).

Parallel considerations extend to text datasets. Nine sur-
veyed text datasets (Orbach et al., 2021; Abdul-Mageed
et al., 2021; Fabbri et al., 2021a; Peskov et al., 2019; Dur-
mus et al., 2019; Derczynski et al., 2016; Ide et al., 2008;
Rahman et al., 2021; Sugawara et al., 2022) underscore
source diversity by drawing from various topic domains
or websites. It is crucial to recognize that different source

media inherently introduce their own values. Take, for ex-
ample, the Broad Twitter Corpus (Derczynski et al., 2016), a
diverse collection of English-speaking social media content
sourced from the US, UK, New Zealand, Ireland, Canada,
and Australia. Although the authors “were constrained by
the number of local crowd workers” accessible, the exclu-
sion of English-speaking countries, “such as Botswana and
Singapore”, confines the dataset to a Western-centric view.

5. Operationalization

Operationalization involves the meticulous development
of methodologies to empirically measure abstract con-
cepts (Check & Schutt, 2011; Babbie, 2020). In the context
of ML datasets, this manifests as the tangible process of
accumulating instances for a dataset. Within our corpus,
we identify five primary dataset types categorizable by col-
lection methodology: derivatives, “real-world” sampled,
synthetically generated, web scraped, and crowdsourced
(refer to Appendix C for further details). In this section,
we spotlight deficiencies in current collection processes and
present recommendations to surmount these issues.

5.1. Considerations

Gaps in documentation. A significant concern centers on
the insufficiency of information provided regarding datasets.
Consistent with prior work (Scheuerman et al., 2021), we
observe that most papers introduce not only a dataset but
also a new model, task, or algorithm. In particular, out of
the 135 papers analyzed, only 40 are standalone dataset pa-
pers, or those where the dataset is positioned as the primary
contribution. Consequently, limited space is allocated for
dataset creators to furnish detailed insights into collection
strategies or the rationale behind methodological choices.
This lack of (thorough) documentation results in unclear def-
initions from curators, creating uncertainty about the type of
diversity sought and how these concepts are operationalized.
For instance, among the 21 “real-world” sampled datasets,
information on the location and time of data capture, as
well as the identity of the data collectors (e.g., authors,
researchers), is missing in 13 instances. Similarly, for web-
scraped datasets, papers often omit collection criteria, such
as the keyword search queries, crucial for understanding the
dataset’s sampled distribution and potential biases, be they
social or methodological.

This documentation gap is, in part, indicative of cultural at-
titudes prevalent in the ML research. As echoed previously,
there exists a tendency to undervalue data work compared to
model work or algorithmic contributions (Sambasivan et al.,
2021). Papers exclusively dedicated to datasets typically do
not find their way into “top-tier” research venues (Scheuer-
man et al., 2021; Heinzerling, 2022), potentially dissuading
authors from allocating sufficient time and space to elabo-
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rate on their dataset creation processes.

Lack of methodological caveats. Even when datasets of-
fer insights into their collection processes, methodological
considerations or limitations are seldom addressed, account-
ing for 74.8% of cases. Nonetheless, it is essential to ac-
knowledge that every data collection method has inherent
drawbacks. For example, web scraping offers a fast and
cost-effective means to amass large quantities of data (Ra-
maswamy et al., 2024; Raji & Fried, 2021; Li, 2023). How-
ever, concerns arise that this method might only capture
“canonical” perspectives, particularly when utilizing Inter-
net search engines (Barbu et al., 2019; Zhu et al., 2017).
This issue may be exacerbated by, e.g., consensus-based
quality filtering, which tends to exclude noncanonical exam-
ples (Mayo et al., 2023).

In contrast, synthetic generation, offering similar benefits
to web scraping with increased systematic control (Johnson
et al., 2017; Wood et al., 2021; Ros et al., 2016; Wei et al.,
2020), may introduce a domain gap between generated and
real-world data (Wei et al., 2020; Ros et al., 2016). Inclu-
sion of these considerations is crucial as it justifies why the
chosen method is best suited for capturing the proposed
definition of diversity.

Increase in opacity. We posit that the identified issues will
worsen as data collection processes become more opaque.
A clear manifestation of this trend is the increasing reliance
on third-party assistants in data collection efforts (Orbach
et al., 2021; Dave et al., 2020; Miceli et al., 2022b). While
this approach may improve quality and efficiency, it intro-
duces a layer of separation between those commissioning
a dataset and those collecting it. This separation results in
the loss of detailed knowledge, such as participant recruit-
ment practices and quality assessment criteria, necessary
for evaluating the validity of the collection process and the
utility of the dataset. Furthermore, closed-source models
and datasets raise additional concerns (Bommasani et al.,
2023). Examples include closed- and open-source models
such as GPT-4 (Achiam et al., 2023), CLIP (Radford et al.,
2021), Gemini (Team et al., 2023), and Llama 2 (Touvron
et al., 2023). This growing opacity can lead to serious issues,
as model consumers are unable to audit training datasets for
potential biases or critique their construction methodology.

5.2. Recommendations

Clearly define variables of interest. As highlighted by Raji
et al. (2021), there is a prevailing inclination toward gener-
ality in ML research. This is evident in benchmarks claim-
ing to evaluate “general-purpose” capabilities and datasets
attempting to encompass diversity across numerous axes.
However, just as it is impractical for a dataset to capture
all the nuances and complexities of the world, it is equally

implausible to collect diversity across every conceivable
dimension (Raji et al., 2021). For instance, defining diver-
sity as “variety across writing styles” encompasses aspects
such as, but not limited to, “genre” (Soldan et al., 2022),
“narrative elements” (Xu et al., 2020), or “passage source,
length, and readability” (Sugawara et al., 2022).

Rather than pursuing generality, we advocate for curators
to distinctly select and communicate specific variables that
are most relevant to the task their dataset is meant to serve.
Their definition of diversity, insights from prior datasets,
considerations of the limitations in their collection practices,
as well as rationale for excluding plausible aspects of di-
versity can inform this selection. For example, Van Horn
et al. (2021) justify the decision to restrict the number of
Animalia, Plantae and Fungi species in iNat2021 to those
“observed ‘enough’ times by ‘enough’ people” during a one-
year time period, while transparently acknowledging the
arbitrariness of their enumeration of “enough”.

Communicate how indicators are defined. We encour-
age researchers to explicitly define the empirical indicators
they use to measure diversity, specifying the scale, inclu-
sion/exclusion criteria, and other relevant parameters. The
variability in measurements across datasets makes it chal-
lenging to understand specific indicators without clear defi-
nitions. For example, Ithaca365 (Diaz et al., 2022), Mapil-
lary Traffic Sign (Ertler et al., 2020), JHU-Crowd (Sindagi
et al., 2019), and MOTSynth (Fabbri et al., 2021b) all claim
to include images representing diverse weather conditions.
However, the measurement of weather diversity varies, rang-
ing from employing nine categories (MOTSynth) to using
only three (JHU-Crowd).

Clear definitions are paramount to prevent misinterpreta-
tions arising from diverse operationalizations, especially
given that different operationalizations of the same con-
struct can yield markedly different results. For example,
indicators can be categorized as either objective or sub-
Jjective. Objective indicators rely on explicit criteria and
are assessed by external observers, while subjective indica-
tors involve personal perception or evaluation. The YASO
dataset (Orbach et al., 2021) exemplifies this variability,
where sentiment, typically considered subjective, is labeled
by 7-10 crowdworkers. Although sentiment is inherently
subjective, the YASO creators operationalize it as an ob-
jective measurement by reporting the majority sentiment
among crowdworkers. Operationalizing sentiment as an
objective measurement can obfuscate some of the nuances
of sentiment that exist within the data. Such an approach
fails to capture the full spectrum of sentiment, leading to
limited understanding of sentiment diversity.

The approach by Orbach et al. (2021) also introduces po-
tential concerns related to selection bias. Under-performing
workers are excluded based on “test questions with an a
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priori known answer” to ensure annotation quality. This
practice may inadvertently filter out diverse perspectives or
sentiments misaligned with the authors’ subjective views,
impacting the overall representativeness and objectivity of
the YASO sentiment annotations.

Critically reflect on taxonomies and labels. Dataset cura-
tors should apply the same care during operationalization
as in conceptualization, giving thoughtful consideration to
label taxonomies, their suitability for the task, and poten-
tial implications. As an illustrative example, consider the
operationalization of “offensive” across several offensive
language datasets (Warner & Hirschberg, 2012; Rosenthal
et al., 2021; Nobata et al., 2016), where authors employ a
keyword-based approach, selecting texts containing slurs
or swears (Waseem et al., 2017). Defining “offensiveness’
based on keywords presents challenges, as it may overlook
implicitly offensive text (Wiegand et al., 2021; Waseem
et al., 2017) or language where the true offensive nature is
obscured (Hada et al., 2021). Further, this operationalization
ignores the context of the text, leading to potential misla-
beling. For example, depending on the text’s author and
context, the use of an identity term can be either innocuous
or pejorative (Dixon et al., 2018; Davidson et al., 2019).

il

Evaluate trade-offs for data collection. Curators should
thoroughly assess various data collection strategies and jus-
tify their chosen method. Trade-offs are inevitable, and
while demonstrating robustness to different measurement
types is ideal, it can be challenging, especially in resource-
intensive dataset collection. At a minimum, transparent
communication of decision-making processes facilitates the
evaluation of operationalization and collection process va-
lidity. For example, Zhao et al. (2021) revealed a demo-
graphically imbalanced annotator pool, a limitation when
crowdsourcing skin color and gender expression annota-
tions on Amazon Mechanical Turk. Sharing insights into
both successful and unsuccessful methods can prevent the
duplication of null or negative results by future curators.

6. Reliability

Measurement evaluation involves assessing two critical qual-
ities: reliability and validity. In this section, we specifically
delve into the concept of reliability, which concerns the
consistency and dependability of measurement results. For
diverse dataset collection, ensuring the reliability of the
dataset is pivotal, forming the bedrock for the validity of
the entire collection process—that is, how effectively the
gathered dataset captures the essence of diversity.

To assess reliability in diverse datasets, we illuminate two
evaluation methods drawn from the literature on measure-
ment theory: inter-annotator agreement and test-retest re-
liability. We conceptualize dataset reliability as analogous

to concerns about the quality and consistency of the collec-
tion process. Much like with an unreliable measurement, a
dataset that yields inconsistent results when applied to the
same case erodes trust in drawn conclusions, making the
reliability of data collection essential (Bandalos, 2018).

6.1. Considerations

Lack of details on quality control. In our corpus analysis,
a notable theme that emerged is the limited information
available on quality control measures for datasets. Only
56.3% of the datasets provided specifics about their quality
control processes. This deficiency, as discussed in Section 5,
is closely tied to the broader issue of inadequate details in
the dataset collection process.

Erasure of labor. While datasets occasionally offer in-
formation regarding quality, the focus tends to be on hu-
man annotators rather than the data instances. Surprisingly,
only 36.8% of datasets include crucial details about annota-
tion quality, such as annotator training processes, attention
checks, compensation methods, and work rejection poli-
cies. This omission underscores the undervaluation of the
labor invested in dataset creation. Crowdworkers are often
seen as costs to be minimized, overlooking their significant
contributions to datasets (Williams et al., 2022; Shmueli
et al., 2021; Miceli et al., 2022a). Similarly, the substantial
effort required to ensure high-quality datasets is frequently
ignored.

6.2. Recommendations

Inter-annotator agreement. An established method for as-
sessing reliability, particularly in crowdsourcing, is through
inter-annotator agreement. This method often entails multi-
ple annotators labeling an instance, with the final label de-
termined by a majority vote (Davani et al., 2022). Another
method to gauge inter-annotator reliability is by employ-
ing statistical measures of agreement. We find that some
text datasets provide quantitative metrics (Sun et al., 2021;
Castro et al., 2022; Cao & Daumé III, 2020; Peskov et al.,
2019; Johnson & Goldwasser, 2018; Angelidis & Lapata,
2018; Ide et al., 2008; Webster et al., 2018; Zhong et al.,
2021), such as Fleiss’s « (Fleiss, 1971) or Cohen’s « (Co-
hen, 1960), to quantify inter-annotator agreement. While
consensus methods are employed in both text and image
datasets, quantitative metrics for inter-annotator agreement
are reported exclusively in text datasets. We recommend
that image dataset curators also incorporate these statistical
measures when evaluating crowdsourced labels.

The suitability of inter-annotator agreement is contingent on
how diversity is defined and operationalized in the specific
dataset. While measuring agreement enhances reliability, in
certain cases, it might conflict with the diversity goal. For
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example, prior research has demonstrated that “integrating
dissenting voices into machine learning models” (Gordon
et al., 2022) can be beneficial, conferring “robustness to
adversarial attacks” (Peterson et al., 2019). Furthermore,
relying on aggregation methods, such as majority voting,
may systematically erase certain groups’ perspectives from
datasets altogether (Davani et al., 2022; Sachdeva et al.,
2022). This tension between reliability and diversity is fun-
damentally linked to the chosen construct of diversity. If
diversity involves a range of annotator demographics or
perspectives, traditional reliability measures may not be ap-
propriate. However, in tasks aiming for singular, congruous
“objective” labels, incorporating inter-annotator agreement
metrics can offer valuable insights into reliability.

Test-retest reliability. Another approach that dataset col-
lectors can adopt is the test-retest method. In education, this
method involves administering the same test twice over a pe-
riod, with consistent results indicating reliability (Guttman,
1945). This principle is particularly relevant when assessing
the reliability of collection methods like web scraping. For
instance, curators can reapply the same methodology to rec-
ollect instances, validating whether the recollected dataset
maintains the same diversity properties. Nonetheless, as em-
phasized by Jacobs & Wallach (2021), a lack of reliability
from these tests does not necessarily imply that the collec-
tion methodology inadequately captures diversity. Changes
in the underlying data distribution over time (Chen & Zou,
2024; Yao et al., 2022) can influence the results. For exam-
ple, when evaluating linguistic diversity using data scraped
from Reddit, major societal events, such as elections (Waller
& Anderson, 2021), can unexpectedly alter the distribution.
Even in such cases, measuring test-retest reliability remains
valuable for gaining insights into potential shifts in data
distributions.

7. Validity

Conceptually, construct validity ensures that a measure
aligns with theoretical hypotheses. Adapting this definition,
we explore the construct validity of diversity in ML datasets,
aiming to determine whether the final dataset aligns with
theoretical definitions. To assess validity in diverse datasets,
in this section, we apply two commonly used subtypes of
construct validity (Campbell & Fiske, 1959) for evaluation:
convergent validity and discriminant validity.

7.1. Considerations

Lack of robust validation. We observe a lack of robust val-
idation for diversity claims made by dataset creators. This
issue is partly rooted in the ambiguity surrounding the term.
‘When the construct lacks a clear definition, it becomes chal-
lenging to empirically assess whether the collected dataset
genuinely adheres to the specified standards. Even when

validation is attempted, it may often center around incorrect
constructs. While dataset authors may present metadata
frequency or other summary statistics about their datasets,
these metrics do not consistently align with the diversity
dimensions described during the dataset’s motivation

Overreliance on downstream evaluation. Another preva-
lent evaluation method involves benchmarking the down-
stream performance of a newly proposed model. This ap-
proach is observed in 48.5% of datasets. However, it may
assess the wrong construct by primarily focusing on model
performance rather than the intrinsic characteristics of the
dataset. Model performance, for instance, may increase due
to the learning of “shortcuts” (Geirhos et al., 2020) rather
than genuine increases in dataset diversity.

7.2. Recommendations

Convergent validity. Convergent validity ensures corre-
lated results for different measurements of the same con-
struct (Campbell & Fiske, 1959). One approach is to com-
pare a newly collected dataset to existing ones. Striking
the right balance involves establishing the novelty of a
new dataset while demonstrating its similarity to existing
work (Quinn et al., 2010; Jacobs & Wallach, 2021). We pro-
vide recommendations for evaluating convergent validity.

Cross-dataset generalization. Commonly employed to eval-
uate “dataset bias” (Torralba & Efros, 2011), cross-dataset
generalization enables researchers to compare datasets. By
utilizing existing datasets with similar structures (e.g., label
taxonomy, modality) and constructs of diversity, collectors
can train on their dataset and test on existing datasets or
vice versa, comparing relevant metrics such as accuracy.
Model performance can also be assessed against standard
train-test splits from the same dataset. If the models perform
similarly in both cross-dataset and same-dataset scenarios,
it suggests that the datasets have similar distributions for the
target variable, indicating correlated constructs of diversity.
Prior work (Khan & Fu, 2021) adopted Fleiss’s « to measure
the consistency of predictions among models. However, a
constraint of employing cross-dataset generalization is the
necessity for congruent taxonomies (for the target variable)
and comparable distributions across datasets.

Comparing existing diversity metrics. Dataset collectors
can leverage established metrics for measuring data diver-
sity (Mitchell et al., 2022). For instance, Friedman & Dieng
(2023) introduced the Vendi Score, drawing inspiration from
ecology and quantum statistical mechanics, as a measure of
diversity within image and text dataset categories. Curators
can demonstrate how their collection process aligns with
such recognized diversity metrics. Given that diversity met-
rics depend on the embedding space employed (Friedman &
Dieng, 2023), datasets should be benchmarked across a mul-
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tiplicity of spaces optimized for the definition of diversity
selected by the dataset curators.

Discriminant validity. Discriminant validity assesses
whether measurements for theoretically unrelated constructs
yield unrelated results (Campbell & Fiske, 1959). Consider
the initial Visual Question Answer (VQA) dataset (Antol
et al., 2015), which aimed to collect diverse and interest-
ing questions and answers, encompassing question types
such as “What is ...”, “How many ...”, and “Do you see a
...”. If diversity is defined by the types of questions asked,
it should have no relation to other factors, such as gender
distribution.!

Prior works (Goyal et al., 2017; Agrawal et al., 2018; Hud-
son & Manning, 2019; Johnson et al., 2017) identified lan-
guage biases in how questions and answers are formulated
in the VQA dataset. For instance, based on the dataset con-
struction, a model predicting “Yes” whenever the question
begins with “Do you see a ...” can achieve high accuracy
without considering the image in question (Goyal et al.,
2017). This suggests potential low discriminant validity for
the given measure, highlighting the importance of applying
discriminant validity to mitigate construction biases during
dataset creation.

8. Case Study

To demonstrate the practical application of measurement
theory in ML data collection, we examine the Segment Any-
thing dataset (SA-1B) (Kirillov et al., 2023) as a case study.
We choose SA-1B due to its recent release and its alignment
with large-scale datasets aimed at advancing foundation
model research (Bommasani et al., 2021). Moreover, SA-
1B benefits from clear documentation (Gebru et al., 2021)
provided by the authors. Through this case study, we inves-
tigate the conceptualization, operationalization, and evalua-
tion of diversity, showcasing how our recommendations can
enhance the dataset collection process.

SA-1B comprises “11M diverse, high-resolution, licensed,
and privacy protecting images and 1.1B high-quality seg-
mentation masks”. According to the datasheet, the authors
emphasize the dataset’s enhanced geographical diversity
compared to existing datasets, driven by the goal of foster-
ing “fairer and more equitable models”. The images are
sourced from a third-party and captured by photographers.
Notably, the masks are generated using a novel data engine
detailed in the paper, and they are not semantically labeled.

Conceptualization. Although the datasheet mentions how
diversity is defined, we can enhance this conceptualization

"Note that comparing gender distribution may not be reason-
able for testing discriminant validity when the interest is in demo-
graphic diversity, as these are related constructs.

by providing a more concrete and specific definition. First,
the term ““geographic diversity” is clarified to encompass
a variety in both the country where the image is taken and
the socioeconomic status of that country. Second, beyond
geographic diversity, the dataset also defines diversity in
terms of the variety in object appearance, including factors
such as object size and complexity of object shape, as well
as the number of objects per image. Finally, these definitions
can be contextualized by referencing existing geodiverse
datasets (Rojas et al., 2022; Shankar et al., 2017).

Operationalization. Transitioning from conceptualiza-
tion to operationalization, the different variables are im-
plemented as outlined below. We highlight a strength of this
work, which lies in the clear and well-defined indicators.

* Country of origin: Inferred from a caption describing the
content in the image and a named-entity recognition model
(NER) (Peters et al., 2017) to identify location names.

e Socioeconomic status: Used the World Bank’s (WDI,
2022) income level categorization for the country.

* Object size: Calculated image-relative mask size (i.e.,
square root of mask area divided by image area).

* Object complexity: Calculated mask concavity (i.e., 1 -
mask area divided by area of masks’ convex hull).

* Number of objects: Calculated as the count of masks.

A critical examination of these operationalizations brings
forth two noteworthy considerations. First, as acknowledged
by the authors, relying on an NER model for inferring the
country of origin introduces the potential for errors due
to, e.g., social bias or ambiguity (e.g., “Georgia” can re-
fer to both a US state and a country). Second, opting to
operationalize geolocation at the country level overlooks
intra-national differences, potentially leading to the presen-
tation of stereotypical representations of individuals within
that country (Naggita et al., 2023).

While the indicators are well-defined, there is room for
improvement in the transparency surrounding the dataset
collection process. The dataset, collected through a third
party, reflects increasing opacity in collection processes
(Section 5.1). Several important details about the collection
process are omitted. For instance, the instructions given
to photographers to enhance variation in object appearance
and location are undisclosed. Further, while SA-1B does
achieve diversity in objects, it is unclear whether this is a
result of explicit instructions and deliberate sampling or
simply a byproduct of scale.

Evaluation. The authors substantiate their diversity
claims by comparing object masks with those of similar
datasets, such as COCO (Lin et al., 2014) and Openlm-
ages (Kuznetsova et al., 2020). For example, they demon-
strate alignment with respect to the distribution of object
complexity. SA-1B distinguishes itself, however, by exhibit-
ing more variety in mask sizes and the number of masks per
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image, showcasing convergent validity.

A recommended enhancement involves providing valida-
tion for geographic diversity. Although the authors present
figures illustrating the distribution of country of origin, em-
phasizing geodiversity is crucial as object appearances vary
globally (De-Arteaga et al., 2019; Shankar et al., 2017; Ra-
maswamy et al., 2024). To bolster the validation of this
diversity aspect, the authors could compare distributions
inferred from object labels or visualize object mask repre-
sentations across different geographic regions.

9. Discussion

Finally, we dive into additional considerations regarding
three key points: the inherent tensions between measure-
ment and scale, the documentation burden imposed on
dataset creators, and changing constructs over time.

Measurement and scale. One potential tension within
our proposed framework revolves around the interplay be-
tween diversity and scale. Currently, there is a prevalent
belief among dataset curators that diversity will organically
emerge as a consequence of dataset scale. For instance,
Sindagi et al. (2019) argue that having “such a large num-
ber of images”, in their dataset, JHU-Crowd, “results in
increased diversity in terms of count, background regions,
scenarios, etc.” Contrary to this notion, we posit that di-
versity, along with other constructs dataset curators aim to
capture, is not an automatic byproduct of scale. Instead, it
requires careful conceptualization, operationalization, and
subsequent evaluation. This may impede scalability by intro-
ducing an additional need for curation and explicit control
on the curator’s side. Nevertheless, as previous studies have
advocated (Diaz & Madaio, 2023; Hanna & Park, 2020),
challenging the concept of “scale thinking” can be advan-
tageous, not only ethically but also for downstream perfor-
mance. For example, Byrne et al. (2021) emphasize the
importance of “carefully curated, annotated datasets that
cover all the idiosyncrasies of a single task or transaction”
as a key factor in enhancing model performance, countering
the prevailing notion solely focused on scale.

Documentation burden. In Section 5.1, we shed light
on the documentation gap in ML research. To tackle this
challenge, we advocate for enhanced clarity and explicit
communication throughout the dataset collection pipeline.
However, we acknowledge the significant and often un-
derestimated burden that documentation places on dataset
creators—a task that is frequently undervalued within re-
search communities and organizations (Heger et al., 2022).
This burden is further exacerbated by the necessity to ad-
dress existing “documentation debt” (Bandy & Vincent,
2024), referring to commonly used datasets with inadequate
or absent documentation. Overcoming these challenges

demands systemic changes in how data work is perceived
within the ML community (Sambasivan et al., 2021). We
highlight ongoing efforts in this area, including the estab-
lishment of academic venues such as the Journal of Data-
centric Machine Learning Research and NeurIPS Datasets
and Benchmarks Track. These initiatives mark a crucial
initial step toward tackling this pervasive problem.

Constructs changing over time. Our framework does not
account for potential shifts over time, such as discrepan-
cies between training and testing data caused by temporal
changes (Yao et al., 2022; Bergman et al., 2023). In Sec-
tion 6.2, we acknowledge this when discussing how the
reliability of webscraped data can be impacted by changes
to Internet trends or current events. Moreover, the very
nature of the construct being measured may undergo trans-
formations. For instance, the racial categories employed
in the US Census have undergone significant changes over
the years (Lai & Medina, 2023). Since these categories
often serve as a taxonomy for race in ML datasets, it is
evident how such changes can influence and date the un-
derlying construct. Recognizing that construct definitions
should be contextualized, datasets inevitably become tied to
the temporal setting of their collection. Instead of striving
for time-invariant datasets, we advocate for directing our
efforts towards the development of algorithms capable of
withstanding such distribution shifts (Koh et al., 2021; Yao
et al., 2022).

10. Conclusion

We explored the application of measurement theory prin-
ciples as a framework for enhancing ML datasets. Present
data collection practices often treat value-laden constructs
within datasets, like diversity, as implicit or self-explanatory.
This approach gives rise to subsequent challenges in validat-
ing and replicating the assertions made by authors in their
work. Significantly, the lack of a standardized framework
in dataset creation exacerbates issues related to the repro-
ducibility crisis in science. Our analysis discerns that the
absence of clear definitions and quantification by dataset
authors amounts to selective reporting, hindering standard-
ization. By leveraging measurement theory principles, we
advocate for a more nuanced and precise approach to con-
ceptualizing, operationalizing, and evaluating value-laden
properties in dataset construction. This approach not only
fosters transparency, reliability, and reproducibility in ML
research but also contributes to addressing the pervasive
issue of the reproducibility crisis in science.
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Impact Statement

Our paper introduces strategies for enhancing ML dataset
collection by leveraging measurement theory principles. By
fostering a more deliberate and thoughtful approach among
researchers, our work stands to positively influence the soci-
etal impact of ML dataset curation. Moreover, our recom-
mendations extend beyond mere dataset collection, offering
insights into improving transparency and reproducibility
within ML research more broadly.
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A. Methodology

We provide additional details on our methodology, including how we selected datasets to review, our coding procedure, and

categorization details.

A.1. Literature Review

We surveyed a total of 135 image and text datasets using a defined process outlined in Figure 2. Initially, we collected papers
from key conferences and journals in computer vision (CVPR, ECCV, ICCV), natural language processing (*CL released
on ACL Anthology), machine learning (NeurIPS, NeurIPS Datasets and Benchmarks Track), and fairness (FAccT, AIES)
venues. Using regular expressions, we identified papers containing keywords related to “diversity” or “bias” in their titles
or abstracts. Subsequently, we filtered these papers based on abstract content, focusing on those introducing new datasets
or annotations. Manual screening ensured that the discussions on “diversity” or “bias” were pertinent to dataset creation,
the articles were in English, and primarily research-focused. Finally, we randomly selected 135 datasets from this pool for

review.

Records identified from the

Records remaining after

Records remaining after Datasets included in the

database — filters applied — relevance assessed — literature review
(N=100,738) (N=2,247) (N=185) (N=135)
Conferences Filters Criteria

« Computer Vision and Pattern
Recognition (CVPR)

« European Conference on
Computer Vision (ECCV)

« International Conference on
Computer Vision (ICCV)

Title or Abstract contains:
[divers* | bias*]

AND
Abstract contains:

Introduces a new dataset or
new annotations on a dataset
“Diversity” or “bias" is
describing the new dataset or
annotations

CL* released on ACL Anthology
NeurlPS

NeurlPS Datasets and Benchmarks
(NeurlPS D&B)

ACM Conference on Fairness,

[new dataset | novel dataset |
annotation* | introduced dataset
| proposed dataset | introduced
a dataset | proposed a dataset]

Written in English
Primarily research paper

Accountability, and Transparency,
« AAAI/ACM Conference on Al,
Ethics, and Society

Figure 2. Overview of the search strategy used to identify diverse datasets for inclusion in our corpus.

Dataset

Diversity Definition

Ithaca365 (Diaz et al., 2022)

Vehicle Re-Identification for Aerial Image (VRAI) (Wang et al., 2019c)

GTAS Crowdcounting (Wang et al., 2019b)

Bilingual Text Separation (BTS) (Xu et al., 2020)

“[D]ata is repeatedly recorded along a 15 km route under diverse scene (urban, highway, rural,
campus), weather (snow, rain, sun), time (day/night), and traffic conditions (pedestrians, cyclists and
cars)”

“The images are taken by two moving UAVs in real urban scenarios, and the flight altitude ranges
from 15m to 80m. It results in a large diversity of view-angles and pose variations, and so increases
the difficulty of the corresponding RelD task.”

“Diverse Scenes. GCC dataset consists of 400 different scenes, which includes multiple types of
locations. For example, indoor scenes: convenience store, pub, etc. outdoor scenes: mall, street,
plaza, stadium and so on ... Diverse Environments. In order to construct the data that are close to the
wild, the images are captured at a random time in a day and under a random weather conditions.
In GTAS, we select seven types of weathers: clear, clouds, rain, foggy, thunder, overcast and extra
sunny.”

“The diversity of BTS can be described at three levels: (1) scene-level diversity: it covers common
life scenes including street signs, shop signs, plaques, attractions, book covers, banners, and couplets;
(2) image-level diversity: appearances and geometric variances caused by camera-captured settings
and background distractions such as perspective, illumination, resolution, partly blocking, blur and
s0 on, in total including 14,250 fine-annotated text images; (3) character-level diversity: variances
of character categories, up to 3,985 classes including Chinese characters, English letters, digits,
common punctuation with varied fonts and sizes.”

Table 1. Example quotes illustrating concrete definitions of diversity from selected surveyed datasets.
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A.2. Coding Procedure

Coding was performed by DZ, JTAA, and OP. We initially coded a set of three datasets independently. After coding
these initial datasets, we collaboratively discussed any discrepancies in our codes and refined the codebook definitions.
Subsequently, we divided the remaining 132 datasets among the three of us for individual coding. To identify overarching
themes, each of us individually generated themes, which we later grouped into larger categories during synchronous
discussions.

A.3. Categorization

Definition of standalone dataset. A paper was considered to present a standalone dataset if its primary contributions were
the introduction of a novel dataset, benchmark, or set of annotations. For example, if a paper introduces a new model, task,
or algorithm, it would not be classified as presenting a standalone dataset.

Criteria for concrete definition. We applied the following criteria to determine whether a concrete definition of diversity
was provided in a dataset paper. We checked whether the dataset authors explicitly stated a consistent and complete definition
of diversity. For example, if a dataset was described as “diverse” in multiple ways throughout the paper, it would not be
considered to have a concrete definition. Additionally, we ensured that the dataset authors listed out the specific aspects
that were more diverse (e.g., different illumination conditions, sources of news). Examples of concrete diversity definitions
identified are provided in Table 1.

B. Additional Dataset Collection Details

In Section 5, we categorize dataset collection methodologies into five main types. Further details on this taxonomy are
provided in Table 2, with a list of datasets in our corpus categorized accordingly in Table 3.

C. Dataset Details

Here, we offer additional insights into the 135 image and text datasets coded during our literature review. Table 4 provides a
taxonomy for different types of diversity we observed and Table 5 outlines the diversity type for each dataset. Furthermore,
Tables 6 to 8 summarize our analysis across all datasets.
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Method

Definition

Example

Webscraping (N = 47)

Crowdsourcing (N = 9)

Direct Collection (N = 20)

Derivative (N = 47)

Synthetic Generation (N = 13)

Instances are sourced and downloaded from content that is posted
to the Internet, typically for purposes other than being used for
creating a machine learning dataset

Instances are sourced from a group of people that are not directly
members of the research team for the purposes of creating a machine
learning dataset

Instances are created or collected by members of the research team
in the real-world

Instances are sourced from an already existing dataset

Instances are artificially manufactured or procedurally generated
rather than capturing real-world events

Text: Mega-COV (Abdul-Mageed et al., 2021) consists of multi-
lingual tweets sourced using Twitter’s streaming APIL

Image: Idrees et al. (2018) combine three web sources, “Flickr,
Web Search, and the Hajj footage,” to create UCF-QNREF, an
image dataset used for crowd counting.

Text: To create dialogue data for MultiDoGO, Peskov et al.
(2019) ask Amazon Mechanical Turk workers to engage with an
“agent” in an Wizard-of-Oz approach.

Image: EPIC-KITCHENS (Damen et al., 2018) contains video
footage collected by 32 participants across four different coun-
tries. To note, participants contribute this footage voluntarily and
without compensation.

Text: While there are no text datasets from our corpus in
which the instances are directly collected, the GICoref (Cao
& Daumé III, 2020) is an example where annotations are manu-
ally generated (i.e., directly collected) by the paper authors.
Image: The Waymo Open Dataset (Sun et al., 2020) is collected
using specialized equipment and vehicles across three different
locations: Phoenix, Mountain View, and San Francisco.

Text: Ni et al. (2019) combine review datasets from Amazon
Clothing and Yelp Reviews dataset to generate a novel dataset
for recommendation justification.

Image: The Localized Narratives dataset (Pont-Tuset et al., 2020)
provides new annotations on images sourced from COCO (Lin
et al., 2014), Flickr30k (Plummer et al., 2015), ADE20K (Zhou
etal., 2017), and Open Images (Kuznetsova et al., 2020).

Text: SynthBio (Yuan et al., 2021) is generated using language
models which involve creating attribute lists (e.g., notabilities,
nationality, birth date) and synthesizing biographies for people
who possess these attributes.

Image: Karazija et al. (2021) create the image scenes in Clevr-
Tex using a selection of photo-mapped materials, objects, and
backgrounds that are procedurally generated with the Blender
APL

Table 2. Taxonomy of the commonly used dataset collection methodologies identified through our literature review. We provide a
definition of the collection methodology, the number of datasets (V) in our corpus that use this methodology, as well as an example of an
image and text dataset from our corpus.
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Method

Dataset

Webscraping

Crowdsourcing

Direct Collection

Derivative

Synthetic Generation

VideoCoAtt (Fan et al., 2018), VCR (Zellers et al., 2019), StockEmotion (Wei et al., 2020), FineDiving (Xu et al., 2022a), iNat2021 (Van Horn et al.,
2021), Natural World Tasks (NeWT) (Van Horn et al., 2021), FEVEROUS (Aly et al., 2021), Semantic Scholar Visual Layoutenhanced Scientific Text
Understanding Evaluation (S2-VLUE) (Shen et al., 2022), Mega-COV (Abdul-Mageed et al., 2021), Bajer (Zeinert et al., 2021a), GICOREF (Cao
& Daumé 111, 2020), StackEx (Yuan et al., 2020), Gillani & Levy (2019), DuConv (Wu et al., 2019), Durmus et al. (2019), Broad Twitter Corpus
(BTC) (Derczynski et al., 2016), VPS (Miao et al., 2021), JHU-Crowd (Sindagi et al., 2019), PASS (Asano et al., 2021), LiRo (Dumitrescu et al.,
2021), IconQA (Lu et al., 2021), Pratapa et al. (2022), FairytaleQA (Xu et al., 2022b), Celis et al. (2016), Ruddit (Hada et al., 2021), CMU-MOSEAS
(CMU Multimodal Opinion Sentiment, Emotions and Attributes) (Bagher Zadeh et al., 2020), Video-and-Language Event Prediction (VLEP) (Lei
et al., 2020a), Big BiRD: A Large, Fine-Grained, Bigram Relatedness Dataset for Examining Semantic Composition (Asaadi et al., 2019), Reddit
TIFU (Kim et al., 2019), MAD (Soldan et al., 2022), Fu et al. (2021), Mapillary Traffic Sign Dataset (MTSD) (Ertler et al., 2020), TrackingNet (Miiller
et al., 2018), UCF-QNREF (Idrees et al., 2018), SketchyScene (Zou et al., 2018), Video gAze CommunicATION (VACATION) (Fan et al., 2019a),
Query-based Video Highlights (QVHighlights) (Lei et al., 2021b), Rahman et al. (2021), Chinese LOng Text understanding andgeneration (LOT) (Guan
et al., 2022), WikiEvolve (De Kock & Vlachos, 2022), Sugawara et al. (2022), Multi-lingual retrieval Typologically Diverse (Mr. TyDi) (Zhang et al.,
2021), WIKIBIAS (Zhong et al., 2021), Gender Shades (Buolamwini & Gebru, 2018), iEAT (Steed & Caliskan, 2021), GAP Coreference (Webster
et al., 2018), Bias in Bios (De-Arteaga et al., 2019)

EPIC-KITCHENS (Damen et al., 2018), ObjectNet (Barbu et al., 2019), MultiDoGO (Peskov et al., 2019), SCT v1.5 (Sharma et al., 2018),
Charades (Sigurdsson et al., 2016), Wiegand et al. (2021), TicketTalk (Byrne et al., 2021), Taskmaster-1 (Byrne et al., 2019), Camp Site Negotiation
(CaSiNo) (Chawla et al., 2021)

ETH3D (Schops et al., 2017), Cityscapes (Cordts et al., 2016), SUNRGB-D (Song et al., 2015), RID (Wan et al., 2018), Wang et al. (2019¢), Waymo
Open Dataset (Sun et al., 2020), Zhang et al. (2020), HOI4D (Liu et al., 2022), Person30k (Bai et al., 2021), VisDrone-DET 2018 (Cao et al.,
2021), Vehicle Re-Identification for Aerial Image (VRAI) (Wang et al., 2019c¢), Drive&Act (Martin et al., 2019), Wilddash2 (WD2) (Zendel et al.,
2022), VTUAV (Zhang et al., 2022), Nutrition5k (Thames et al., 2021), Habitat-Matterprot 3D (HM3D) (Yadav et al., 2023), Ithaca365 (Diaz et al.,
2022), Multimodal Audio-Visual Detection (MAVD) (Valverde et al., 2021), FreiHAND (Zimmermann et al., 2019), Vision-based Fallen Person
(VFP290K) (An et al., 2021)

SUNRGB-D (Song et al., 2015), ADE-Affordance (Chuang et al., 2018), OK-VQA (Marino et al., 2019), GQA (Hudson & Manning, 2019),
VCR (Zellers et al., 2019), DAVSOD (Fan et al., 2019a), CoSOD3k (Fan et al., 2020), KeypointNet (You et al., 2020), ArtEmis v2.0 (Mohamed
et al., 2022), VidSitu (Sadhu et al., 2021), Tracking Any Object (TAO) (Dave et al., 2020), HowToVQA69M (Yang et al., 2021), iVQA (Yang et al.,
2021), CropHarvest (Tseng et al., 2021), FIBER (Castro et al., 2022), DocRED (Huang et al., 2022), Sun et al. (2021), YASO (Orbach et al., 2021),
Mickey Corpus (Lin et al., 2021), X-CSQA (Lin et al., 2021), ConvoSumm (Fabbri et al., 2021a), Room-Across-Room (RxR) (Ku et al., 2020), Ni
et al. (2019), Johnson & Goldwasser (2018), OpoSum (Angelidis & Lapata, 2018), Manually Annotated Sub-Corpus (MASC) (Ide et al., 2008),
WIDERFACE-DEMO (Yang et al., 2022), TVR (Lei et al., 2020a), PASS (Asano et al., 2021), LiRo (Dumitrescu et al., 2021), AP-10K (Yu et al.,
2021), Drawzeski et al. (2021), MightyMorph (Goldman & Tsarfaty, 2021), Amazon Customer Reviews (O’Neill et al., 2021), mTVR (Lei et al.,
2021a), ArSarcasm (Farha & Magdy, 2020), R4C (Inoue et al., 2020), Lepp & Levow (2020), Schulz et al. (2019), MAD (Soldan et al., 2022), VIdeo
Panoptic Segmentation in the Wild (VIPSeg) (Miao et al., 2022a), TrackingNet (Miiller et al., 2018), Localized Narratives (Pont-Tuset et al., 2020),
Zhao et al. (2021), Hemani et al. (2021), Culkin et al. (2021), Racial Faces in the Wild (RFW) (Wang et al., 2019¢)

CLEVR (Johnson et al., 2017), Synthia (Ros et al., 2016), GTAS Crowd Counting (Wang et al., 2019¢c), FakeAVCeleb (Khalid et al., 2021),
MotSynth (Fabbri et al., 2021b), ClevrTex (Karazija et al., 2021), SketchyScene (Zou et al., 2018), 3D Furnished Rooms with layOuts and semaNTics
(3D-FRONT) (Fu et al., 2021), SynthBio (Yuan et al., 2021), Chinese LOng Text understanding andgeneration (LOT) (Guan et al., 2022), Culkin et al.
(2021), Winobias (Zhao et al., 2018), Winogender (Rudinger et al., 2018)

Table 3. Collection methodologies employed in the datasets encompass a range of approaches: webscraping, involving the retrieval of
instances from the Internet; crowdsourcing, which entails soliciting contributions from individuals not affiliated with the research team;
direct collection, where data instances are gathered by members of the research team themselves; derivative, which leverages one or
multiple existing datasets; and synthetic generation, wherein instances are artificially generated rather than derived from real-world events.
Note that each dataset may utilize multiple collection methodologies.
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Diversity

Definition

Example

Composition (N=58)

Source (N=26)

Domain (N=18)

Subject (N=16)

Annotator (N=2)

Variety in what a dataset instance contains, such as linguistic properties
(e.g., language, vocabulary used), scene or background, objects, viewpoint,
image properties (e.g., resolution, focal length), or pose

Variety in where data instances are collected from, such as web source
online or geographic origin

Variety in the “topic area” of the data instances, such as what disciplines
the text is drawn from or what artistic style is represented in the image

Representation of human subjects in the dataset, such as by protected
attributes (e.g., gender, race, age), physical characteristics (e.g., skin tone,
weight, height), nationality, socioeconomic status, and language

Representation of annotator backgrounds, such as demographic back-
ground, domain expertise, or political affiliation

Text: X-CSQA (Lin et al., 2021) is collected to extend question-
answering text evaluation beyond just English into multiple other
languages

Image: Nutrition5k (Thames et al., 2021) contains a “wide variety of
ingredients, portion sizes, and dish complexities.”

Text: ConvoSumm (Fabbri et al., 2021a) draws from multiple online
sources (New York Times comments, Reddit, StackExchange, and
email threads)

Image: Tseng et al. (2021) sample their crop dataset across several
countries

Text: S2-VLUE (Shen et al., 2022) consists of scientific papers from
19 different academic disciplines

Image: TVR (Lei et al., 2020b) contains videos from six TV shows
across diverse genres

Text: SynthBio (Yuan et al., 2021) is a synthetically generated eval-
uation set for WikiBio (Lebret et al., 2016) which is balanced with
respect to the gender and nationality of biography subjects

Image: An et al. (2021) recruit participants with different “skin color
and age” as data subjects

Text: Zeinert et al. (2021a) recruit annotators with diversity “in gender,
age, occupation / background (linguistic and ethnographic knowledge),
region (spoken dialects)” to label misogyny online.

Image: N/A

Table 4. Taxonomy of the definitions of diversity identified through our literature review. We provide a definition of diversity, the number
of datasets (N) in our corpus that use the respective definition of diversity, as well as an example of an image and text dataset from our
corpus. We do not find any image datasets in our corpus that seek to use a more diverse annotator pool.

26



Measure Dataset Diversity, Don’t Just Claim It

Category

Dataset

Composition Diversity

Source Diversity

Domain Diversity

Subject Diversity

Annotator Diversity

Reduce Dataset Bias

Promote Diversity (or Fairness) in Downstream Applications

Not specified

ETH3D (Schops et al., 2017), Cityscapes (Cordts et al., 2016), Synthia (Ros et al., 2016), ADE-
Affordance (Chuang et al., 2018), RID (Wan et al., 2018), VideoCoAtt (Fan et al., 2018), OK-VQA (Marino
etal., 2019), Wang et al. (2019¢), GTAS5 Crowd Counting (Wang et al., 2019¢), DAVSOD (Fan et al., 2019a),
CoSOD3k (Fan et al., 2020), Zhang et al. (2020), HOI4D (Liu et al., 2022), Person30k (Bai et al., 2021), Track-
ing Any Object (TAO) (Dave et al., 2020), VisDrone-DET 2018 (Cao et al., 2021), Vehicle Re-Identification
for Aerial Image (VRAI) (Wang et al., 2019¢c), ObjectNet (Barbu et al., 2019), Mickey Corpus (Lin et al.,
2021), X-CSQA (Lin et al., 2021), Room-Across-Room (RxR) (Ku et al., 2020), Broad Twitter Corpus
(BTC) (Derczynski et al., 2016), Wilddash2 (WD2) (Zendel et al., 2022), DAD-3DHeads (Martyniuk et al.,
2022), NutritionSk (Thames et al., 2021), VPS (Miao et al., 2021), Charades (Sigurdsson et al., 2016),
Trans10K (Xie et al., 2020), Silberman et al. (2012), Waymo Open Motion Dataset (Ettinger et al., 2021),
MotSynth (Fabbri et al., 2021b), JHU-Crowd (Sindagi et al., 2019), Habitat-Matterprot 3D (HM3D) (Yadav
et al., 2023), AP-10K (Yu et al., 2021), ClevrTex (Karazija et al., 2021), Drawzeski et al. (2021), Mighty-
Morph (Goldman & Tsarfaty, 2021), CMU-MOSEAS (CMU Multimodal Opinion Sentiment, Emotions and
Attributes) (Bagher Zadeh et al., 2020), Taskmaster-1 (Byrne et al., 2019), MAD (Soldan et al., 2022), Bilingual
Text Segmentation (BTS) (Xu et al., 2022b), VIdeo Panoptic Segmentation in the Wild (VIPSeg) (Miao et al.,
2022a), Ithaca365 (Diaz et al., 2022), Fu et al. (2021), Multimodal Audio-Visual Detection (MAVD) (Valverde
et al., 2021), Mapillary Traffic Sign Dataset (MTSD) (Ertler et al., 2020), TrackingNet (Miiller et al., 2018),
Localized Narratives (Pont-Tuset et al., 2020), UCF-QNREF (Idrees et al., 2018), Cars Overhead with Context
(COWC) (Mundhenk et al., 2016), 3D Furnished Rooms with layOuts and semaNTics (3D-FRONT) (Fu et al.,
2021), FreiHAND (Zimmermann et al., 2019), Video gAze CommunicATION (VACATION) (Fan et al., 2019a),
Query-based Video Highlights (QVHighlights) (Lei et al., 2021b), Vision-based Fallen Person (VFP290K) (An
etal., 2021), Culkin et al. (2021), Camp Site Negotiation (CaSiNo) (Chawla et al., 2021), Multi-lingual retrieval
Typologically Diverse (Mr. TyDi) (Zhang et al., 2021)

VideoCoAtt (Fan et al., 2018), Waymo Open Dataset (Sun et al., 2020), iNat2021 (Van Horn et al., 2021),
EPIC-KITCHENS (Damen et al., 2018), Drive&Act (Martin et al., 2019), CropHarvest (Tseng et al., 2021),
Semantic Scholar Visual Layoutenhanced Scientific Text Understanding Evaluation (S2-VLUE) (Shen et al.,
2022), YASO (Orbach et al., 2021), Mega-COV (Abdul-Mageed et al., 2021), ConvoSumm (Fabbri et al.,
2021a), MultiDoGO (Peskov et al., 2019), Durmus et al. (2019), Broad Twitter Corpus (BTC) (Derczynski
et al., 2016), Manually Annotated Sub-Corpus (MASC) (Ide et al., 2008), Wilddash2 (WD2) (Zendel et al.,
2022), VTUAV (Zhang et al., 2022), The Dollar Street Dataset (Rojas et al., 2022), PASS (Asano et al.,
2021), Ithaca365 (Diaz et al., 2022), Multimodal Audio-Visual Detection (MAVD) (Valverde et al., 2021),
Mapillary Traffic Sign Dataset (MTSD) (Ertler et al., 2020), Cars Overhead with Context (COWC) (Mundhenk
et al., 2016), Video gAze CommunicATION (VACATION) (Fan et al., 2019a), Query-based Video Highlights
(QVHighlights) (Lei et al., 2021b), Rahman et al. (2021), Sugawara et al. (2022)

OK-VQA (Marino et al., 2019), StockEmotion (Wei et al., 2020), FineDiving (Xu et al., 2022a), VidSitu (Sadhu
et al., 2021), Tracking Any Object (TAO) (Dave et al., 2020), EPIC-KITCHENS (Damen et al., 2018),
Drive&Act (Martin et al., 2019), OpoSum (Angelidis & Lapata, 2018), VPS (Miao et al., 2021), TVR (Lei
et al., 2020a), Waymo Open Motion Dataset (Ettinger et al., 2021), GQA (Hudson & Manning, 2019),
HowToVQAG69M (Yang et al., 2021), IconQA (Lu et al., 2021), Video-and-Language Event Prediction
(VLEP) (Lei et al., 2020a), MAD (Soldan et al., 2022), Fu et al. (2021), Localized Narratives (Pont-Tuset et al.,
2020)

Martin et al. (2019); Khalid et al. (2021); Cao & Daumé III (2020); Yang et al. (2022); Rojas et al. (2022);
Fabbri et al. (2021b); Byrne et al. (2021); Zimmermann et al. (2019); An et al. (2021); Yuan et al. (2021);
Chawla et al. (2021); Wang et al. (2019¢); Buolamwini & Gebru (2018); Zhao et al. (2018); Rudinger et al.
(2018); Webster et al. (2018)

Bajer (Zeinert et al., 2021a), mTVR (Lei et al., 2021a)

CLEVR (Johnson et al., 2017), VCR (Zellers et al., 2019), ArtEmis v2.0 (Mohamed et al., 2022), iVQA (Yang
et al., 2021), FEVEROUS (Aly et al., 2021), FIBER (Castro et al., 2022), DocRED (Huang et al., 2022),
SCT v1.5 (Sharma et al., 2018), Salient Objects in Clutter (SOC) (Fan et al., 2018), Wiegand et al. (2021),
ArSarcasm (Farha & Magdy, 2020), R4C (Inoue et al., 2020), Big BiRD: A Large, Fine-Grained, Bigram
Relatedness Dataset for Examining Semantic Composition (Asaadi et al., 2019), Reddit TIFU (Kim et al.,
2019), Hemani et al. (2021), Chinese LOng Text understanding andgeneration (LOT) (Guan et al., 2022),
WikiEvolve (De Kock & Vlachos, 2022), WIKIBIAS (Zhong et al., 2021)

Natural World Tasks (NeWT) (Van Horn et al., 2021), Sun et al. (2021), StackEx (Yuan et al., 2020), Gillani &
Levy (2019), DuConv (Wu et al., 2019), Ni et al. (2019), Johnson & Goldwasser (2018), LiRo (Dumitrescu
et al., 2021), FairytaleQA (Xu et al., 2022b), Celis et al. (2016), Lepp & Levow (2020), Zhao et al. (2021),
iEAT (Steed & Caliskan, 2021), Bias in Bios (De-Arteaga et al., 2019)

SUNRGB-D (Song et al., 2015), KeypointNet (You et al., 2020), Pratapa et al. (2022), Schulz et al. (2019)

Table 5. Surveyed datasets cover various categories of diversity, alongside additional identified factors such as reducing dataset bias and
promoting diversity (or fairness) in downstream applications. Note that each dataset may encompass multiple categories of diversity.
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3D Furnished Rooms with layOuts and semaNTics (3D- NA
FRONT) (Fu et al., 2021)
ADE-Affordance (Chuang et al., 2018) v
AP-10K (Yu et al., 2021) v v v v v
Amazon Customer Reviews (O’Neill et al., 2021) v NA NA v v v
ArSarcasm (Farha & Magdy, 2020) NA NA v v
ArtEmis v2.0 (Mohamed et al., 2022) v NA NA v v
Bajer (Zeinert et al., 2021a) v v v v v v
Bias in Bios (De-Arteaga et al., 2019) NA NA v NA
Big BiRD: A Large, Fine-Grained, Bigram Relatedness Dataset v v
for Examining Semantic Composition (Asaadi et al., 2019)
Bilingual Text Segmentation (BTS) (Xu et al., 2022b) v v v
Broad Twitter Corpus (BTC) (Derczynski et al., 2016) v v v v v v
CLEVR (Johnson et al., 2017) v NA NA
CMU-MOSEAS (CMU Multimodal Opinion Sentiment, Emo- v/ v v
tions and Attributes) (Bagher Zadeh et al., 2020)
Camp Site Negotiation (CaSiNo) (Chawla et al., 2021) v
Cars Overhead with Context (COWC) (Mundhenk et al., 2016)
Charades (Sigurdsson et al., 2016) v
Chinese LOng Text understanding andgeneration (LOT) (Guan v v
etal., 2022)
Cityscapes (Cordts et al., 2016) v v v v v v
ClevrTex (Karazija et al., 2021) v v v NA
CoSOD3k (Fan et al., 2020) v v v v
ConvoSumm (Fabbri et al., 2021a) v v
CropHarvest (Tseng et al., 2021) v v v NA
DAD-3DHeads (Martyniuk et al., 2022) v v
DAVSOD (Fan et al., 2019a) v v
DocRED (Huang et al., 2022) NA NA v v
Drive&Act (Martin et al., 2019) v v NA
DuConv (Wu et al., 2019) NA NA NA
EPIC-KITCHENS (Damen et al., 2018) v v v
ETH3D (Schops et al., 2017) v v NA
FEVEROUS (Aly et al., 2021) NA NA v v
FIBER (Castro et al., 2022) NA NA v v v
FairytaleQA (Xu et al., 2022c) v v v
FakeAVCeleb (Khalid et al., 2021) v v v v NA
FineDiving (Xu et al., 2022a) v
FreiHAND (Zimmermann et al., 2019) NA NA
GAP Coreference (Webster et al., 2018) NA NA v
GICOREEF (Cao & Daumé 111, 2020) NA NA v
GQA (Hudson & Manning, 2019) v v
GTAS5 Crowd Counting (Wang et al., 2019b) v v v NA
Gender Shades (Buolamwini & Gebru, 2018) NA NA v v v
HOI4D (Liu et al., 2022) v v v
Habitat-Matterprot 3D (HM3D) (Yadav et al., 2023) v v
HowToVQAG69M (Yang et al., 2021) v NA
IconQA (Lu et al., 2021) v v
Ithaca365 (Diaz et al., 2022) v v v
JHU-Crowd (Sindagi et al., 2019) v NA

KeypointNet (You et al., 2020)

Table 6. (Table continues in Tables 7 and 8). Summary of our analysis across all 135 image and text datasets. Column labels: standalone,
indicating whether the dataset paper exclusively presents a dataset without introducing novel models, tasks, or algorithms; concrete
definition, indicating whether the dataset paper includes a clear definition of diversity (VA for datasets focusing solely on bias, not
diversity); justification, denoting whether the dataset paper discusses the rationale behind incorporating diversity into the dataset (NA
for datasets focusing solely on bias, not diversity); collection trade-offs, indicating whether the dataset paper discusses drawbacks of
the chosen collection methodology or provides considerations for alternative methodologies; quality information, signifying whether
the dataset paper includes details on how dataset quality was verified (e.g., manual inspection by creators, inter-annotator agreement
scores); and annotation information, specifying whether additional details about annotators were provided (e.g., training they underwent,
qualification criteria). We rely solely on the description of the dataset provided in the body of the accompanying paper when completing
this table.
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LiRo (Dumitrescu et al., 2021) NA NA v
Localized Narratives (Pont-Tuset et al., 2020) v v
MAD (Soldan et al., 2022) v v
Manually Annotated Sub-Corpus (MASC) (Ide et al., 2008) v v
Mapillary Traffic Sign Dataset (MTSD) (Ertler et al., 2020) v v v v
Mega-COV (Abdul-Mageed et al., 2021) v v NA
Mickey Corpus (Lin et al., 2021) v v v NA
MightyMorph (Goldman & Tsarfaty, 2021) NA NA NA
MotSynth (Fabbri et al., 2021b) v v v NA
Multi-lingual retrieval Typologically Diverse (Mr. TyDi) (Zhang v v
etal., 2021)
MultiDoGO (Peskov et al., 2019) v v v
Multimodal Audio-Visual Detection (MAVD) (Valverde et al., v NA
2021)
Natural World Tasks (NeWT) (Van Horn et al., 2021) v v v NA
Nutrition5k (Thames et al., 2021) v v NA
OK-VQA (Marino et al., 2019) v v
ObjectNet (Barbu et al., 2019) v NA NA v NA
OpoSum (Angelidis & Lapata, 2018) v
PASS (Asano et al., 2021) v v v NA
Person30k (Bai et al., 2021) v
Query-based Video Highlights (QVHighlights) (Lei et al., 2021b) v
RA4C (Inoue et al., 2020) NA NA v v
RID (Wan et al., 2018) v NA
Racial Faces in the Wild (RFW) (Wang et al., 2019a) v
Reddit TIFU (Kim et al., 2019) v NA
Room-Across-Room (RxR) (Ku et al., 2020) v v v v v
Ruddit (Hada et al., 2021) v v
SCT v1.5 (Sharma et al., 2018) NA NA NA
SUNRGB-D (Song et al., 2015) v NA NA v v
Salient Objects in Clutter (SOC) (Fan et al., 2018) v v v
Semantic Scholar Visual Layoutenhanced Scientific Text Under- v
standing Evaluation (S2-VLUE) (Shen et al., 2022)
SketchyScene (Zou et al., 2018) v
StackEx (Yuan et al., 2020) v v NA
StockEmotion (Wei et al., 2020) v v v
SynthBio (Yuan et al., 2021) NA NA v v v
Synthia (Ros et al., 2016) v v NA
TVR (Lei et al., 2020b) v v v
Taskmaster-1 (Byrne et al., 2019) v v v
The Dollar Street Dataset (Rojas et al., 2022) v v v NA
TicketTalk (Byrne et al., 2021) v
Tracking Any Object (TAO) (Dave et al., 2020) v v v
TrackingNet (Miiller et al., 2018) v v
Trans10K (Xie et al., 2020) v v
UCF-QNREF (Idrees et al., 2018) v
VCR (Zellers et al., 2019) v v v
VIdeo Panoptic Segmentation in the Wild (VIPSeg) (Miao et al., v v v v
2022a)
VPS (Miao et al., 2021)
VTUAV (Zhang et al., 2022) v v NA
Vehicle Re-Identification for Aerial Image (VRAI) (Wang et al., v v

2019¢)

Table 7. (Continued from Table 6). Summary of our analysis across all 135 image and text datasets. Column labels: standalone, indicating
whether the dataset paper exclusively presents a dataset without introducing novel models, tasks, or algorithms; concrete definition,
indicating whether the dataset paper includes a clear definition of diversity (NA for datasets focusing solely on bias, not diversity);
Jjustification, denoting whether the dataset paper discusses the rationale behind incorporating diversity into the dataset (NA for datasets
focusing solely on bias, not diversity); collection trade-offs, indicating whether the dataset paper discusses drawbacks of the chosen
collection methodology or provides considerations for alternative methodologies; quality information, signifying whether the dataset
paper includes details on how dataset quality was verified (e.g., manual inspection by creators, inter-annotator agreement scores); and
annotation information, specitfying whether additional details about annotators were provided (e.g., training they underwent, qualification
criteria). We rely solely on the description of the dataset provided in the body of the accompanying paper when completing this table.
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VidSitu (Sadhu et al., 2021) v v v
Video gAze CommunicATION (VACATION) (Fan et al., 2019b) v v v
Video-and-Language Event Prediction (VLEP) (Lei et al., 2020a) v v
VideoCoAtt (Fan et al., 2018) v v
VisDrone-DET 2018 (Cao et al., 2021) v
Vision-based Fallen Person (VFP290K) (An et al., 2021) v v v v v
WIDERFACE-DEMO (Yang et al., 2022) v
WIKIBIAS (Zhong et al., 2021) NA NA v
Waymo Open Dataset (Sun et al., 2020) v v v v
Waymo Open Motion Dataset (Ettinger et al., 2021) v NA
WikiEvolve (De Kock & Vlachos, 2022) NA NA NA
Wilddash2 (WD2) (Zendel et al., 2022) v v
Winobias (Zhao et al., 2018) NA NA NA
Winogender (Rudinger et al., 2018) NA NA
X-CSQA (Lin et al., 2021) v v v NA
YASO (Orbach et al., 2021) v v v v
Culkin et al. (2021) v
Drawzeski et al. (2021) v v
Durmus et al. (2019) v v
Fu et al. (2021) v v NA
Gillani & Levy (2019) NA NA NA
Johnson & Goldwasser (2018) NA NA v v
Lepp & Levow (2020) NA NA v v
Ni et al. (2019) NA NA NA
Pratapa et al. (2022) v NA
Schulz et al. (2019) NA NA v v
Silberman et al. (2012)
Sugawara et al. (2022) v v v v
Sun et al. (2021) v v
Wang et al. (2019¢) v v NA
Wiegand et al. (2021) NA NA v v
Zhang et al. (2020) NA
Zhao et al. (2021) NA NA v v v
Celis et al. (2016) v v NA
Hemani et al. (2021) NA NA NA
Rahman et al. (2021) v v v
iEAT (Steed & Caliskan, 2021) NA NA NA
iNat2021 (Van Horn et al., 2021) v v v v
iVQA (Yang et al., 2021) v
mTVR (Lei et al., 2021a) v v v

Table 8. (Continued from Table 7). Summary of our analysis across all 135 image and text datasets. Column labels: standalone, indicating
whether the dataset paper exclusively presents a dataset without introducing novel models, tasks, or algorithms; concrete definition,
indicating whether the dataset paper includes a clear definition of diversity (NA for datasets focusing solely on bias, not diversity);
Justification, denoting whether the dataset paper discusses the rationale behind incorporating diversity into the dataset (NA for datasets
focusing solely on bias, not diversity); collection trade-offs, indicating whether the dataset paper discusses drawbacks of the chosen
collection methodology or provides considerations for alternative methodologies; quality information, signifying whether the dataset
paper includes details on how dataset quality was verified (e.g., manual inspection by creators, inter-annotator agreement scores); and
annotation information, specitfying whether additional details about annotators were provided (e.g., training they underwent, qualification
criteria). We rely solely on the description of the dataset provided in the body of the accompanying paper when completing this table.
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