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Abstract
Data powering AI is often opaque. Researchers, NGOs, and law and
policy leaders have called for greater transparency about how data
is used for training, fine-tuning, and evaluation. While data trans-
parency is often championed as crucial, what it concretely enables
is largely implicit. Similarly, the concerns developers seem to have
about transparency go unstated. This lack of clarity has led some
researchers to critique transparency demands as disconnected from
the actual benefits—or risks—to specific stakeholders. We analyze
documentation from four stakeholder groups to create a taxonomy
of the risks and benefits of dataset transparency. Data transparency
is perceived as either a risk or a benefit given a stakeholder’s posi-
tion, rather than wholesale. We also propose data availability and
data documentation as two lenses through which to consider trans-
parency. We discuss how best to strategically promote situational
data transparency that takes into account the relationship between
stakeholder position, transparency modality, and benefits/risks.
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1 Introduction
Large AI systems trained on extensive data, known as foundation
models (FMs) [22, 45, 113], have become central to recent advance-
ments in AI due to their versatility across a wide range of applica-
tions [51, 59, 186, 202]. However, the developers of these models
face criticism over how they collect and use data (e.g., [42, 95, 134,
135, 211]). Unlike task-specific narrow models, such as face de-
tectors and recommender systems, FMs require vastly more data
for training, fine-tuning, and evaluation [112, 219, 243], leading to
intense scrutiny of data scaling practices.

FM developers often scrape data from the web [73, 117]. Many
have highlighted harms that result from this practice, raising con-
cerns about privacy breaches, lack of consent, harmful content,
intellectual property violations (e.g., [24, 26, 135])—and how this
data influences model behavior and outcomes [42, 154, 211]. Little
is known about the datasets used to pre- and post-train the most
profitable and ubiquitous FMs on the market [47, 88, 235]. Commer-
cial developers, in particular, often limit documentation, making
insights into these datasets inaccessible to external stakeholders. Re-
searchers and law and policy leaders have expressed concerns that
the opacity of commercial AI datasets impedes independent analy-
sis of the harms of black-box proprietary models [60, 95, 169, 189],
even as these models become increasingly integrated into daily
life. Some have critiqued the current trajectory of AI data mining
practices for failing to account for social good goals, which they
believe would be better enabled by transparency [75, 153, 221, 224].

Data transparency has been proposed as a solution to address
the concerns associated with AI datasets, broadly, and FM datasets,
specifically. The implicit argument is that greater visibility into how
datasets are constructed and what they contain could help mitigate
associated concerns [154]. However, as critical transparency schol-
ars have argued far before the advent of FMs, transparency is not
inherently good, but a principle that can enable both benefits and
risks [69, 227], contingent on context [82, 177]. Thus, to position
AI data transparency as a precondition for affected stakeholders to
meaningfully engage in the current AI data ecosystem, we need to
better understand the perceived benefits of transparency, as well as
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the perceived risks. As Corbett and Denton argue about how trans-
parency has been approached in responsible AI, “We need to start
framing the value of transparency in a contingent manner instead
of the current norm of presuming transparency has an inherent
normative value” [66].

In this work, we build on Corbett and Denton’s call to better un-
derstand the underlying incentives of AI data transparency, specif-
ically in the current AI data ecosystem dominated by FMs. By
framing transparency as contingent, we thus argue that it is neces-
sary to approach transparency as a value that is rooted in specific
stakeholder needs and perspectives [83]. We examine how AI data
transparency can pose risks and present benefits by analyzing docu-
ments from four different stakeholder groups in the AI transparency
space: researchers, NGOs, law and policy leaders, and commercial
and community developers [78]. In the context of this paper, we
specifically situate our use of the term “transparency” to mean AI
data transparency, broadly characterized as practices, approaches,
and demands associated with making visible and accessible some, or
all, characteristics of the data underlying training, fine-tuning, and
evaluating models, including but not limited to the processes underly-
ing data curation, the provenance of the data, the composition of the
data, and the (raw and/or processed) data itself [38, 39, 55, 165, 235].

Our key contribution is a taxonomy of risks and benefits of AI
data transparency. We surface four perceived risks (contamina-
tion, competitiveness, safety, and scrutiny) and four perceived ben-
efits (accountability, innovation, integrity, and suitability) of AI
data transparency. We also propose two factors influential to trans-
parency perceptions. The first factor is stakeholder position: whether
a stakeholder takes a stance of transparency advocate, pushing for
data transparency, or opposition, seeking to conceal aspects of AI
data. The second factor we identify is transparency modality, either
in the form of data availability or data documentation. We argue
that the degree of transparency for either modality impacts the
range of risks and benefits that may impact relevant stakeholders.

We take the position that the benefits of transparency should
be prioritized, particularly because many of the data transparency
risks primarily affect those who stand to gain from opaque data
practices—even if they harm other stakeholders. Our taxonomy
is aimed at guiding transparency advocates towards situational
data transparency: taking into account the benefits and risks trans-
parency may present to specific stakeholders with specific goals
using specific modalities. To be more effective in their advocacy,
advocates should align situational data transparency interventions
with specific goals, such as accountability to legal frameworks,
rather than broad calls that position transparency as an assumed
inherent good. For example, transparency advocates may choose
to articulate goals in ways that convince developers to adopt trans-
parency within their existing incentive mechanisms or dispute
otherwise unfounded arguments for data opacity. We hope that
our taxonomy aids data transparency advocates in surfacing and
executing benefits while navigating the risks. As such, we conclude
this paper with a range of considerations for promoting situational
data transparency more effectively. For HCI researchers working
on responsible AI data practices, we discuss how our taxonomy can
act as a grounding framework for future research.

2 Related Work: Opposing Opacity
We summarize literature on AI data transparency practices and ap-
proaches. We then describe critiques of how transparency has been
mainstreamed in responsible AI. We describe how approaches have
been divorced from critical transparency scholarship, resulting in an
approach to dataset transparency that prioritizes explainability but
fails to account for efficacy or impact. Critical transparency scholar-
ship informs our approach to developing the taxonomy presented
in this paper.

2.1 Transparency: The Antidote to AI Harms?
Transparency is a foundational principle proposed to mitigate many
of the major issues associated with AI [3]. While transparency is, in
reality, a nebulous concept with numerous definitions [23, 225], data
transparency can be broadly defined as the ability to perceive or gain
access to information about the underlying data within a system,
including characteristics like collection processes, composition,
and provenance [39]. Transparency can be thought of in terms of
visibility; “the possibility of accessing information, intentions or
behaviours ... revealed through a process of disclosure” [214].

Generally, the data used to train, fine-tune, and evaluate FMs are
not released to the public. Often, FM datasets are so minimally doc-
umented that their composition is entirely unknown. This opacity
is not a new phenomenon; it has existed since companies commer-
cialized narrow AI models (e.g., [138, 150, 183, 201, 216]). However,
the scale of FMs has brought data transparency concerns even
more to the forefront than for their narrow model counterparts
[31, 136, 219]. Recently, Pepe et al. found that only 14% of pre-
trained transformer-based machine learning models on Hugging
Face specify their training datasets in model cards [162]. Without
deeper understanding of the data used to train these models, it is
difficult for stakeholders to anticipate model limitations, yet alone
mitigate harms.

While academic researchers still tend to embrace transparency
in the form of open-source datasets [122, 178, 232], commercial de-
velopers rarely release the datasets used in their models [2, 56, 149,
173]. There has been ongoing pressure on companies developing
AI to be more transparent about their data practices and use. The
logic behind these calls is, in part, as follows: being more transpar-
ent enables people to do something in response to the potential or
real harms surfaced by AI. Worth et al. argue that “AI data trans-
parency is needed to address the particular limitations for public
accountability of AI systems” (emphasis in original) [235]. Scholars
have developed databases, measures, and trackers for assessing the
overall transparency of FMs. For example, the Foundation Model
Transparency Index rates 14 FMs on a transparency scale from
0-100, with one dimension including dataset transparency [47].
Others have developed mechanisms for documenting data curation
choices. Some of the most known transparency documentation
frameworks include Datasheets for Datasets [84], Healthsheets
[175], and Dataset Nutrition Labels [102].

Alongside pushes for transparency are drives for more open-
source AI models [7, 30, 35, 99, 140, 231], though the definition
of open-source AI remains somewhat in contention. In 2024, the
Open Source Initiative (OSI), a non-profit organization focused
on promoting the open-source software movement, released an
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official definition [172]. For an AI model to be open-source by this
definition, the developer must include: “1) the complete description
of all data used for training, including (if used) of unshareable data,
disclosing the provenance of the data, its scope and characteristics,
how the data was obtained and selected, the labeling procedures,
and data processing and filtering methodologies; (2) a listing of all
publicly available training data and where to obtain it; and (3) a
listing of all training data obtainable from third parties and where to
obtain it, including for [free]” [11]. Commercial models previously
branded as open-source, like Llama and Gemma, fail to meet criteria
for this definition due to data opacity.

Data transparency is also emerging as key within AI legislation,
with various data documentation requirements enshrined in laws
in, for example, the European Union (EU) [14], United States (US)
[9], and China [5]. In the United States, California law AB-2013
similarly requires developers—and even those that fine-tune or re-
train models—to provide publicly available information about the
training data of certain generative AI systems 1. China’s Measures
for Generative AI requires information about generative AI data
sources and labeling to be shared with regulators only if necessary
for enforcement, rather than proactively mandating disclosure 2.
The EU stands out for providing a tool: a training data transparency
template for providers of certain general-purpose AI models [15].

However, there is a lack of standardization regarding data trans-
parency. Legal approaches to enforcing AI data transparency may
diverge in both content and prescriptiveness, leading to calls for
greater global standardization and coordination of data documen-
tation artifacts [104]. The current global policy landscape suggests
we may see continued theoretical agreement about the importance
of data transparency, but different approaches in practice, and at
various levels of abstraction ([9, 18].

2.2 Critical Transparency: Aligning
Transparency with Action

Clearly, many different stakeholders—including researchers, NGOs
(e.g., OSI), law and policy leaders, and the developers of open-
source models—are concerned about the transparency of AI data.
While some developers curate opaque datasets, both “soft” calls
(e.g., agreements, policy, definitions) and “hard” calls (i.e., laws and
regulations) seek to push the boundaries of AI data from opaque
to transparent. However, simply advocating that developers be
transparent does not provide clarity on what data transparency
should achieve. Even when transparency is mandated by law (e.g.,
[5, 9, 14]), the actions that transparencymay enable for stakeholders
are often left implicit or vague.

Corbett and Denton interrogated how transparency approaches
regularly fail to enable positive or productive impacts on the fair-
ness or accountability goals central to the responsible AI commu-
nity. They critiqued the assumptions that transparency itself “is
an effective means of making AI systems more fair and account-
able” and “in general, is a societal good and therefore should be
pursued as an end in itself” [66]. Even if some stakeholders might
view transparency as an inherent societal good [225], the call for
transparency in AI has become a trope that is divorced from specific

1see §1(b-d) of [9]
2see Article 19 of [5]

situational intent. Instead, it has largely been used as a synonym
for explainability, purporting that explanation alone is interchange-
able with intervention [66]. More direct actions which should be
enabled by transparency are rarely measured or evaluated [66]. As
Gray et al. argue about dark patterns [90], a lack of clarity about
the underlying dimensions defining transparency may limit trans-
disciplinary efforts to advocate for AI data transparency in an era
where commercial developers vie to define what should and should
not be transparent [85].

Further, approaches to transparency in responsible AI research
have often been divorced from the rich scholarship on critical trans-
parency studies, which appropriately situates transparency as an
ambiguous principle that enables or disables certain actions or val-
ues. From this perspective, transparency is not inherently positive;
it can have many negative implications [23, 69, 125, 127, 225, 227].
Critical transparency scholars have highlighted the potential risks
associated with naive calls for transparency, including: enabling
surveillance [50, 147, 155], harming vulnerable groups [25, 37, 159],
and obfuscating more pertinent regulatory and democratic inter-
ventions [23, 41, 127]. As Keyes et al. satirically articulate in [116],
providing transparency about an algorithm designed to eliminate
elderly people with low social credit scores does not make such
an algorithm ethical or moral; it simply allows you to know what
morally reprehensible actions are being taken by the algorithm. Or
as Xu and Mustafaraj summarize: “transparency alone does not
guarantee ethical outcomes” [239].

In reality, transparency is neither an inherent benefit or risk.
Rather, transparency shifts information asymmetries towards or
away specific stakeholders, enabling them to take specific actions
[79, 115, 199]. Transparency is thus a value that the designers of
datasets may choose, or choose not, to incorporate [83, 176, 247].
Thus portrayed, how data transparency is, or is not, presented en-
ables strategic behaviors, which may result in both benefits and
harms. Corbett and Denton proposed ways that responsible AI
scholars can steer transparency demands towards more meaning-
ful and productive impacts: by reclaiming transparency from ex-
plainability, making transparency contingent, and centering how
transparency mechanisms impact people [66].

In this work, we employ a longstanding HCI tradition of center-
ing stakeholder values [83, 176, 247] examine the contingent rea-
sons different affected stakeholder types may advocate or oppose
AI data transparency. Centering different stakeholder perspectives
can raise different values, which is crucial when considering what
critical transparency might enable or disable for those stakeholders.
We assess whether these perceived risks and benefits are associ-
ated with specific modalities of dataset transparency. As such, we
build Corbett and Denton’s invitation to better situate transparency
within the kinds of results that it can actually enable, beneficial or
otherwise. We can then argue more strategically for the underly-
ing benefits that data transparency should enable, given its specific
modality, and to more concretely mitigate associated risks. Through
providing a taxonomy of risks and benefits—taking into account
stakeholder positions and transparency modalities—we also extend
recent literature on better defining properties of responsible AI
(e.g., [160]).
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3 Method: Towards Making Dataset
Transparency Contingent

Inspired by prior work focused on conceptually classifying the
impacts of algorithmic technologies via engagement with prior
literature (e.g., [124, 180]), like FMs (e.g., [74]), our goal is to create
a conceptual taxonomy [32] of AI data transparency through a
ground-up empirical analysis of existing literature on AI data trans-
parency. We now describe our approach to defining the contingent
risks and benefits of AI dataset transparency.

3.1 Sampling scope.
We sample documentation using different actors in the AI trans-
parency space. In this work, we have chosen to simplify the number
of stakeholders that we analyzed for several reasons. We sought
primarily to understand how transparency might impact stakehold-
ers with specific roles in the FM ecosystem—development, research,
regulation, and advocacy. These four roles were derived from a
clustering of actions associated with Eyert and Lopez’s eight ac-
tors (e.g., machine learning practitioners, companies, and some
scholars and NGOs participate in development; researchers and
scholars, NGOs, politicians, activists, journalists, and political de-
cision makers participate in advocacy) [78]. We note that some
stakeholder perspectives overlapped. For example, when sampling
for researchers, we also identified academic papers focused on the
development of transparent models (e.g., [119, 133]). We sampled
literature and documentation from: (1) academic researchers,
(2) NGOs, (3) law and policy leaders, and (4) commercial and
community model developers.

3.1.1 Sampling limitations. Weacknowledge that these stakeholder
groups do not cover the full spectrum of those invested in or im-
pacted by AI or FMs. It is also crucial to note that many stake-
holders (such as community developers) have discussions about
transparency outside of academic publication, making documents
and discussions more difficult to systematically sample. For exam-
ple, while the authors of Llama [89] and Gemini [204] discuss efforts
to minimize safety risks, they do not openly discuss other reasons
for limiting disclosure to their data, either in the cited white papers
or in blog posts. Data subjects are also a crucial stakeholder group
in AI data transparency discussions, but often largely represented
via academic researchers focused on human subjects research. Sim-
ilar to community developers, discussions of transparency directly
from known or potential data subjects may occur on more informal
sources like forums. We openly acknowledge that certain perspec-
tives may be underrepresented in our analysis, given they did not
surface in the systematic sampling approaches we developed. Fur-
thermore, it was more straightforward to systematically sample
works from researchers and developers, given how such works are
indexed compared to those of NGOs and law and policy leaders,
especially given the rapidly evolving legal and policy landscape.
For this reason, we purposively sampled from NGOs and law and
policy (see Section 3.2.2 and Section 3.2.3), which we acknowledge
means that these stakeholders are underrepresented in comparison
to researchers and developers, in particular. Future work specifi-
cally focused on these underrepresented stakeholder groups would
be of value.

We also note that, while we explicitly chose to include China’s
Interim Measures for the Management of Generative Artificial In-
telligence Services [5], our sample largely represents Anglophone
countries. As prior scholars have stated, many computing venues,
like CHI and FAccT, remain dominated byWEIRD nations [132, 185].
However, this limitation is also due to our language proficiency be-
ing English, leading us to conduct sampling in English. Future work
on data transparency would benefit from explicitly non-English
sources.

Overall, documents reflecting different stakeholder perspectives
on FM transparency are in a space of rapid development (e.g., policy
and legal frameworks). We sought to represent diverse stakeholder
perspectives without seeking to attempt to ensure our corpus was
whole and complete. However, the documents they produce present
an opportunistic starting point for understanding the perceived
risks and benefits of data transparency. We did not weigh certain
stakeholder perspectives as more important in defining risks and
benefits, but sought to identify trends that arose across and between
stakeholders. We note numerous areas for future work given these
limitations in Section 7.

3.2 Document Selection
We examined 153 sources. We sought to gather a diverse set of
literature to ensure that we represent the perspectives of four dif-
ferent types of stakeholders involved in AI dataset transparency
discussions: researchers, NGOs, law and policy leaders, and de-
velopers. A modified PRISMA Flow Diagram [156] describing our
document selection process across stakeholders can be found in
Appendix A.1.1. A corpus of our sources can also be found in
Appendix A.1.2. Finally, our coding materials can be found at
https://doi.org/10.5281/zenodo.18340221.

3.2.1 Researchers. Weexamined 91 academic research papers. Given
the nature of academic publication to be indexed by discipline and
topic, we took a systematic sampling approach to our selections.
We first targeted academic work on data transparency by target-
ing two scholarly communities in the ACM: FAccT and CHI. We
chose to target work published at FAccT because it is: (1) explic-
itly dedicated to scholarship focused on fairness, accountability,
and—most crucially—transparency in algorithmic systems; and (2)
as a transdisciplinary venue, the role that HCI scholarship is play-
ing continues to increase. Meanwhile, we chose to include works
at CHI not only because it remains the premier HCI venue, but
because human-centered AI (HCAI) topics like data transparency
continue to grow in its proceedings. Further, the literature at CHI
often differs from the literature at FAccT. While FAccT works often
presented insights based on literature and case studies, CHI works
often included talking directly with stakeholders, including evaluat-
ing data transparency prototypes. While the focus of works at CHI
were not necessarily the transparent sharing of data used to train
models like works seen at FAccT, user-centric data transparency
still provided insights into the potential risks and benefits of data
transparency. We acknowledge that other communities, such as
AIES and AAAI, are also scholarly communities with work on trans-
parency in AI systems. We chose to focus on FAccT and CHI in this
paper, specifically, because both remain the premiere conferences
for both transparency in AI and HCI, respectively.
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Finally, we decided to augment our research by exploring trans-
disciplinary scholarship indexed on Google Scholar.We chose to use
Google Scholar because we sought perspectives from researchers
outside of ACM publications, as well as works in progress, as pub-
lished on arXiV. Ultimately, our goal was not to comprehensively
cover the perspectives of either HCI or responsible AI scholars, but
to examine a range of differing perspectives. We acknowledge the
limitations of Google Scholar for sourcing literature, particularly
in its lack of reproducibility.

FAccT sampling. To source literature from FAccT, we searched
the FAccT proceedings in the ACM Digital Library for papers with
“dataset transparency,” “data sharing,” or “open data” in their titles,
abstract, or author keywords. This yielded 92 papers. However,
this number was misleading, both because of the colloquial use
of transparency in “FAccT” and because papers did not always
explicitly focus on issues of data transparency. We reviewed each
paper to ensure that it focused on data transparency. In total, we
selected 34 papers on data transparency.

CHI sampling. When we used similar keywords as our ap-
proach to FAccT sampling to source literature specific to AI data
transparency from CHI, we found that, despite an overwhelming
number of results (2,468), most papers had nothing to do with data
transparency. As such, we decided to focus solely on full papers
in the ACM Digital Library for papers with “data transparency”
in their titles, abstract, or author keywords. Much as we describe
below on including arXiv, we did not remove extended abstracts as
we sought to understand any contingent actions tied to data trans-
parency. This approach yielded 114 results. We then reviewed each
result to ensure that references to data transparency were to AI or
FMs. We did not include papers focused on data transparency for
other technical services, like apps that did not clearly use machine
learning or AI. In total, we sampled 21 papers.

Google Scholar sampling.We augmented our research sample
by examining literature outside of FAccT and CHI. We used Google
Scholar to identify the most relevant papers with the search term
“foundation model dataset transparency.” While we removed pa-
pers unrelated to dataset transparency (e.g., focused on non-profit
foundations), we did not remove papers due to their publication
origin (e.g., arXiv) or focus (e.g., critiques, frameworks). We sourced
papers until we reached 50, then refined the sample by excluding
those not explicitly addressing AI or FM transparency. This yielded
36 papers.

3.2.2 NGOs. We examined documentation from three NGOs that
focus on AI transparency: (1) Open-Source Initiative (OSI); (2) Part-
nership on AI (PAI); and (3) The Transparency Coalition. We used
purposive sampling [157] to select these three NGOs, because they
have openly critiqued commercial AI and FM transparency practices
and been involved in developing data transparency definitions and
frameworks. We were already familiar with these NGOs given their
role in ongoing research and other initiatives in the AI transparency
space. We examined statements about transparency on their web-
sites, as well as reports, white papers, and other documentation
relevant to their stances on AI data transparency.

3.2.3 Law and Policy Leaders. As previously highlighted in Sec-
tion 2.1, transparency has already been enshrined in AI legislation.
Additionally, it underlies many AI policy frameworks. We examined

nine frameworks, either already established as critical transparency
artifacts of law and policy or clearly indicative of them: (1) Execu-
tive Order 14110 on Safe, Secure, and Trustworthy Development
and Use of Artificial Intelligence [154]3; (2) The EU AI Act [14]; (3)
Hiroshima Code of Conduct [4]; (4) NIST-AI-600-1, Artificial Intel-
ligence Risk Management Framework: Generative Artificial Intelli-
gence Profile [154]; (5) OECD’s Recommendation of the Council on
Artificial Intelligence [13]; (6) Seoul Frontier AI Commitments [8];
(7) the UK’s “A pro-innovation approach to AI regulation” white
paper [12]; (8) Generative Artificial Intelligence: Training Data
Transparency, AB-2013, California Legislature (2023–24) [9]; and
(9) China’s Interim Measures for the Management of Generative Ar-
tificial Intelligence Services [5]. We sourced most frameworks from
Howell and Ifayemi [104], but also purposively included AB-2013
[9] and the Interim Measures for the Management of Generative
Artificial Intelligence Services [5], given the specificity of AI data
transparency measures in both.

While these nine frameworks offer baseline approaches to data
transparency by legal and policy leaders, their ability to remain
evergreen is dependent on global policy changes. It remains to
be seen how these frameworks may influence future compliance,
governance, standardization, and industry efforts on transparency.4

3.2.4 Developers. As described in the introduction, the prolifera-
tion of FMs are currently driving the AI landscape and opening up
new conversations about data transparency. Therefore, we chose to
focus on documentation associated with FMs. We examined docu-
mentation from 50 FMs. We examined any explicit justifications for
or against data transparency, as well as more implicit stances about
data transparency (e.g., statements about proprietary data serving
the needs of customers insinuating a desire for maintaining a com-
petitive advantage). We included fully closed-source proprietary
models (e.g., Google’s Gemini, OpenAI’s GPT); open-weight mod-
els (e.g., Meta’s Llama, Google’s Gemma); and fully open-source
(i.e., the data is freely available) models (e.g, Cohere’s Aya, Big-
Science’s BLOOM). We sourced models from the LMSYS Chatbot
Arena Leaderboard, citations in research papers (e.g., [47, 198]), and
from legal cases (e.g., [33, 53, 197]) until we reached 50 FMs. We
eliminated FMs that did not have sufficient documentation to ana-
lyze in the form of robust model cards, technical reports, or papers
(e.g., XAI’s Grok). Given that reporting on training and fine-tuning
data in the selected model documentation is still sparse, we also
examined websites, data and model cards, and sometimes Hugging
Face forums linked to official model cards, when available. Nonethe-
less, some developers never explicitly state, or even implicitly imply,
their stance on data transparency in any of these documents (e.g.,
Qwen3, Command A, Yi). While we acknowledge that there are
many other closed-source, open-weight, and open-source models
3While this Executive Order has been revoked as of January 20, 2025 [16], we believe
it is still a relevant example highlighting AI transparency in policy by a previous
administration.
4New and evolving legal obligations are likely to provide updated regulatory guidance
on AI data transparency provisions. For example, the passage of South Korea’s AI
Basic Act, effective January 2026, has created conditions for future potential regulatory
guidance and enforcement actions that cover key transparency provisions for high-
impact AI. Additionally, the ongoing implementation of provisions in existing laws
like the EU AI Act may shed more light on compliance transparency obligations, as
will the General-Purpose AI Code of Practice, Guidelines, and Training Data Template.
Finally, shifts in political leadership, like administration changes, could always inform
future law and policy on AI data transparency.
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out there, we did not seek to be fully comprehensive in our list of
existing FMs. Instead, we sought diverse perspectives from different
developers.

3.3 Analysis Approach
To understand the potential risks and benefits of AI data trans-
parency, we analyzed statements surrounding transparency in our
corpus. We examined statements that promote and justify AI data
transparency, as well as those that either explicitly or implicitly
resist transparency. Many of the documents we analyzed discussed
the transparency of data explicitly. However, because many docu-
ments discuss transparency as relevant to AI or FMs more broadly,
we also decided to extrapolate how these value statements could
pertain to data more specifically.

The first author performed initial line-by-line open coding [171].
The first author coded for what we perceived as either (1) the risks
or (2) the benefits associated with data transparency. Coding was
informed by the question: What does this statement say or insinuate
that data transparency enables? For example, we saw statements
that insinuated releasing a dataset may risk leaking personally
identifiable information about data subjects. Some statements also
included sentiments about both risks and benefits. For instance, the
following statement promotes the sharing of AI training data so that
external parties can audit that data (and, presumably, its connection
to model outputs), but at the same time acknowledges the risks that
developers are concerned about, namely competitiveness:

“Major AI labs continue treating full-scale training data
specifics as proprietary secrets, citing competitive ad-
vantages around quality or scale, but leaving au-
diting near impossible for those affected by AI ser-
vices” [86].

After coding excerpts based on what transparency enables, the
research team met to collectively refine the open codes into more
specific lower-level concepts.We then began to define them through
examples in the data. Instances could be assigned more than one
concept. For instance, the example above was labeled with “pri-
vacy” and “competitiveness.” During discussions, we also decided
to discard codes that were prevalent but not necessarily relevant to
our goal of defining contingent risks and benefits. For example, we
saw many stakeholders state the benefit of data transparency as
trustworthiness.” However, as we note further in Section 7, trust-
worthiness is also a vague concept largely lacking articulations of
the specific actions it enables.

Following the phase of defining lower-level coding concepts,
the first author then began to thematically cluster each code into
higher-level themes. These higher-level themes described the larger
concepts tying the lower-level codes together. For example, we
discussed how “privacy,” “surveillance,” “unsafe content,” and “data
misuse” are tied together under the higher-level thematic concept of
“safety.”We defined this theme as a risk that data transparencymight
pose, particularly to data subjects and the public. The application
of themes was discussed with the team and further refined.

Overall, we coded our documents using tiered codes. At the
highest level were two sentiments: risk or benefit. Beneath these
two sentiments, we coded eight higher-level themes: four risks
and four benefits. Nested beneath these higher-level codes, we

developed more specific lower-level codes associated with each
risk and benefit: seven described risks and eight described benefits.
Not all higher-level themes were broken down into lower-level
codes. For example, the higher-level theme of “Contamination” did
not have more specific lower-level codes; meanwhile, the higher-
level theme of “Accountability” had three lower-level codes: “advo-
cacy,” “ownership,” and “oversight.” Our codebook can be found at
https://doi.org/10.5281/zenodo.18340221.

The final output of our analysis is a taxonomy of four risks and
four benefits associated with AI data transparency. We describe
our step-by-step coding process in Table 1. Though we present
descriptive proportions of the benefits and risks we identified in
Section 4, our overall approach is Interpretivist in nature [152].
Given the Interpretivist nature of this work, many of the concepts
we identify in our taxonomy are not isolated; much like all of so-
cial reality, they have a tendency to overlap or reflect multiple
worldviews [52]. As such, we abide by the tenets of Interpretivist
qualitative research and did not seek to quantitatively define agree-
ment [144, 195]. Agreement on the themes presented in this work
was reached through team discussions, leading to iterative refine-
ment (see Table 1). We still choose to report descriptive statistics in
our findings, so that readers can get a sense of how often sources
expressed risks and benefits. In particular, we report how often
we coded sources as expressing risks or expressing benefits. We
remind readers that these statistics are still rooted in authors’ in-
terpretations about what constituted a risk or a benefit.

4 A Taxonomy of Risks and Benefits of AI Data
Transparency

We now present our taxonomy of risks and benefits of AI data
transparency, together with illustrative examples from our anal-
ysis. We first present four risks of data transparency: scrutiny,
contamination, competitiveness, and safety. We then present four
benefits of data transparency: accountability, innovation, integrity,
and suitability. We also present two factors central to determining
the implications of AI data transparency: stakeholder positions and
transparency modalities. Definitions for risks and benefits can be
found in 2. Definitions for each factor can be found in 3.

4.1 Risks of AI Data Transparency
Risks made up 40.4% of our coding, with 52.9% of sources expressing
one or more risks of data transparency. Many risks were articulated
by the developers of FMs and their associated dataset. 36% of de-
veloper sources expressed one or more risks, making up 58% of all
developer codes. Meanwhile, 62.6% of researchers expressed one
or more risks5; 55.6% of law and policy leaders expressed one or
more risks; and 33.3% of NGOs expressed one or more risks. Many
researchers and law and policy leaders also seemed aware of the
arguments made by some developers against data transparency,
such as how data transparency could negatively affect the competi-
tiveness of developers and more technical researchers. Many of the
risks were associated with fully or partially releasing data, but also

5We note that those sources sampled from Google Scholar made up the majority (37%)
of risk codes, with 34% of Scholar sources articulating one or more risks. While sampled
to represent researchers broadly, this may also indicate a diversity of researchers, who
may be focused on development or protecting technical breakthroughs.
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Step Description Result

Familarization
Coded a random sample of excerpts with descriptions of
how transparency was being described in the text. Dis-
cussed themes we were seeing relevant to transparency
risks and harms.

A better shared understanding of how transparency is de-
scribed in the documents. The development of a guiding
question for more focused coding: What does this state-
ment say or instinuate that transparency enables?

Open Coding Coded each excerpt with short representative labels of a
benefit and/or risk (e.g., oversight, reproducability).

21 codes divided into 10 risks (liability, backlash, cost, com-
petitiveness, feasibility, privacy surveillance, safety misuse,
contamination) and 11 benefits (evaluation, reproducibility,
collaboration, participation, innovation, advocacy, owner-
ship, oversight, suitability, trustworthiness).

Discussion of Initial Codes
Discussed existing open codes. Developed thematic group-
ing of open codes by discussing their similarities. Grouped
open codes into higher-level codes that were descriptive of
the 21 lower-level codes.

8 themes divided into 4 risks (scrutiny, contamination, com-
petitiveness, safety) and 4 benefits (accountability, innova-
tion, integrity, suitability).

Defining Themes Wrote a definition for each higher-level theme. Discussed
and refined these definitions as a group. Codebook with definitions.

Thematic Coding Grouped excerpts under these 8 themes. Final codebook with examples grouped into themes.

Table 1: A table describing our analysis process [170] step-by-step.

Theme Risk / Benefit Core Cause(s) Implication(s)

R
is
ks

Contamination Training data is compromised or
tainted. Fully open data availability. Can result in poor performance,

bias, or homogenization.

Competitiveness Failure or success in the AI mar-
ketplace.

Fully open data availability &/or
Robust documentation.

Can cause a developer or com-
pany to lose their competitive
edge in the AI marketplace.

Safety Failure to mitigate harm or injury
due to data use. Fully open data availability

Access to the data may cause
harm or injury (e.g., through
viewing unsafe content, privacy
exposure, or the data being used
maliciously)

Scrutiny Critical observation of data prac-
tices.

Fully open data availability &/or
Robust documentation.

Developers or companies facing
legal consequences or brand dam-
ages.

B
en

efi
ts

Accountability
Ability to hold a company or de-
veloper accountable for data prac-
tices.

Partially or fully open data avail-
ability &/or Robust data docu-
mentation.

Advocacy on behalf of those im-
plicated or harmed by data prac-
tices &/or Improved legal over-
sight and policy and lawmaking
activities given increased under-
standing of data practices &/or
Insights into data provenance
that improve recourse and con-
trol over data for data owners and
subjects

Innovation
Improve SOTA and introduce
new AI methods, products, use
cases, etc.

Fully open data availability.

Access to data will help smaller,
less resourced, more diverse indi-
viduals and organizations partici-
pate in the AI landscape and thus
improve the AI marketplace.

Integrity
Ability to assess ethical princi-
ples and claims underlying both
datasets and models.

Partially or fully open data avail-
ability &/or Robust documenta-
tion.

Access to specific parts of the
data or robust documentation
about specific aspects of the data
can allow stakeholders to eval-
uate the ethical principles of
datasets and models & Access to
data can allow stakeholders to re-
produce scientific results.

Suitability Ability to assess whether a model
is suitable for intended use. Robust documentation.

Users can use information about
the dataset to assess whether a
model is suitable for their use
cases.

Table 2: A table describing each of the risks and benefits of FM data transparency, the core cause(s) of the risk/benefit
(i.e., data documentation vs. data availability), and what specific implications the risk/benefit may enable.

with documentation being too comprehensive or detailed. It is also
notable that many risks overlap, meaning that “contamination” can
impact “competitiveness,” for example. We show example overlaps
in Figure 3.

4.1.1 Contamination. Approximately 5.2% of sources we analyzed
contained concerns about sharing data due to potential data con-
tamination, making it the least expressed risk in our corpus. Data
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contamination occurs when the test dataset is inadvertently in-
cluded in the training dataset. This risk is primarily significant
when sharing carefully curated evaluation datasets, especially those
not available online, as they could be absorbed into the training
data for FMs during (re)training or fine-tuning. As FMs are fre-
quently updated with new data, the likelihood of contamination
grows. Evaluation datasets intended to assess a model’s generaliza-
tion ability may instead influence its performance, undermining
reliability and inflating results. As the developers of GPT-3 wrote:
“A major methodological concern with language models pretrained
on a broad swath of internet data, particularly large models with the
capacity to memorize vast amounts of content, is potential contami-
nation of downstream tasks by having their test or development sets
inadvertently seen during pre-training.” [54] They state that even a
small bug in filtering can lead to contamination that is too costly to
fix via retraining. The developers of Gemini 1.5 similarly wrote, “We
found controlling for accidental leakage on webpages and open-source
code repositories to be a non-trivial task, even with conservative fil-
tering heuristics.” [204]. Filtering out overlapping data can become
increasingly complex if the same datasets are regularly released
and used by model developers.

Contamination is primarily an issue when the dataset itself is
released publicly. However, issues of homogenization can occur
even if training data is not released publicly, as developers source
data from the same publicly available sources and datasets. As Hop-
kins et al. write, homogenization “can result in the long tail of more
creative, infrequent, or context-specific expressions effectively disap-
pearing over time” [103]. The release of more proprietary datasets
may potentially increase homogenization if other developers start
to regularly use the same released datasets for training and fine-
tuning.

4.1.2 Competitiveness. About 23.5% of sources we analyzed con-
tained statements about how comprehensive and transparent docu-
mentation or data sharing may risk developers’ competitive ad-
vantage in the burgeoning AI marketplace. Competitiveness refers
to how a developer and/or their company can achieve success in
the face of direct market competition. Data is thus treated as a trade
secret, given its centrality in FM development. As Alderman et al.
report, “In documentation published at the launch of its GPT-4 model,
OpenAI (2023) stated that it would not share detailed information
about “data set construction” and other aspects of the model’s devel-
opment due to ‘the competitive landscape and the safety implications
of large-scale models”’ [21]. Transparency advocates, including law
and policy stakeholders, also acknowledge that “transparency may
compromise competitive advantage or intellectual property rights”
[47].

Though many developers who published their models to Hug-
gingFacewere asked questions in the community forums about their
training data, we observed one instance where a developer openly
responded. One of the developers of Mixtral 7B [109] responded to
the user question “Could you please share some of [information
on the data used to train the baseline model] as well, in line with
the model’s open source philosophy?” with: “Unfortunately we’re
unable to share details about the training and the datasets (extracted
from the open Web) due to the highly competitive nature of the field.
We appreciate your understanding!”

Interestingly, even stakeholders who otherwise support data
sharing expressed some concerns about competitiveness. For ex-
ample, Tseng et al. found in their co-design exploration of a partic-
ipatory LLM for journalism that the journalists they interviewed
still saw the need to protect proprietary data [213]. In such cases,
the participants in Tseng et al.’s study felt that some data should
be shared or pooled with other organizations, while more sensitive
data should be kept secret (not solely for competitive purposes, but
also for safety purposes).

Given the centrality of data to AI development, competitiveness
is threatened not only by releasing data to the public, but by robust
documentation that reports in great detail the collecting, annotating,
and cleaning processes of data.

4.1.3 Safety. About 39.2% of sources we analyzed expressed con-
cerns about safety issues associated with transparency. Safety
broadly refers to mitigating the likelihood that data can cause harm
or injury. Safety issues were depicted as impacting exploited data
subjects, data users who may be exposed to unsafe data, and the
public who may be targets of malicious data use. NIST wrote that
FMs present “eased production of and access to violent, inciting, radi-
calizing, or threatening content as well as recommendations to carry
out self-harm or conduct illegal activities” [154]. Developers thus
try to eliminate unsafe data prior to training and fine-tuning so
that models do not learn and regurgitate harmful responses (e.g.,
[89, 166, 204, 205]). As complete removal of harmful content is rarely
guaranteed, safety risks remain if developers release a dataset that
could still contain unsafe content or personally identifiable infor-
mation (as seen with LAION [43, 164, 209] and ImageNet [44, 67]).
Safety risks impact data users who are exposed to unsafe or offen-
sive content.

Safety risks can also be consequential for unsuspecting data
subjects whose privacy-sensitive content is exposed. For example,
Franchi et al. found that datasets with dense street imagery reg-
ularly fail to protect identities even with face and license plate
anonymization techniques. They recommended that the organiza-
tions sharing such privacy-sensitive datasets consider how best
to “take responsibility for ensuring their ethical use by researchers,
governments, and corporations” given that “unconditional sharing,
without legal repercussions, will inevitably cause privacy harm to
groups” [81]. In a single instance, one of the developers of Guanaco
openly criticized someone reporting the dataset to HuggingFace
for their exposure of private data. Rather than removing private
data from the dataset, they removed the entire dataset, updating
the data card with the statement, “The people here don’t deserve it”
[63]. Publicizing a dataset opens it up to external scrutiny that may
also reveal unsafe data practices.

Finally, some authors expressed concerns that being too trans-
parent or open about data could lead to malicious use. Releasing
data, or even documenting some forms of data curation in extensive
detail, may allow malicious actors to use that information or data
in harmful ways [20, 123, 142, 161].

4.1.4 Scrutiny. About 17.6% of sources we analyzed contained
broad concerns about scrutiny from external stakeholders enabled
by dataset transparency. At the forefront of these concerns are
that developers, usually in commercial contexts, may face legal
consequences, especially amid regulatory ambiguity and ongoing
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lawsuits related to IP protections [121], particularly related to harms
for copyright holders in generative AI contexts[137, 139]:

“Existing foundation models are trained on copyrighted
material. Deploying these models can pose both legal
and ethical risks when data creators fail to receive ap-
propriate attribution or compensation ... Thus, the risk
of infringement is real, and fair use will not cover every
scenario where a foundation model is created or used.
The exact amount of risk is unclear, and the law will
evolve with ongoing litigation” [86].

Legal risks are also associated with the presence of undetected
illegal content in massive datasets. While developers describe at-
tempts to remove illegal and harmful content from their datasets
[89, 204], it is possible that the removal of some content is missed.
For the open-source developer community, this is particularly per-
tinent, as “liability for harms arising from downstream usage could
chill the open FM ecosystem by exposing open FM developers to severe
liability risk” [46].

Commercial developers are also concerned that opening up about
their data practices could damage their brand reputation and
thus cause them to incur losses. As Pushkarna et al. write in [165],
“Any information included in a transparency artifact can be expected
to receive greater scrutiny.” Such reputational harm can be seen
in instances where companies have released datasets intended for
fairness purposes, but were scrutinized for other ethical deficiencies,
like subject consent (e.g., [93, 148]).

Commercial developers, in particular, may perceive opacity about
data curation as a form of protection from legal risks and brand
damages: “Model developers that transparently disclose and openly
provide data are subject to greater risk than developers that obfuscate
the data they use, even if the underlying facts are identical” [46].
However, especially given the increase in laws requiring trans-
parency (e.g., [9]), opacity may be insufficient to protect developers
from legal risks, including if they have trained on privacy-violating
data, data to which they have not secured appropriate rights, or
otherwise problematic data.

4.2 Benefits of AI Data Transparency
Benefits made up 59.6% of our coding (as opposed to 40.4% dedicated
to risks), with 96.9% of sources expressing one or more benefits
of transparency (as opposed to 52.9% who expressed one or more
risks). Benefits of AI data transparency were largely expressed in
researcher, NGO, and law and policy sources. These stakeholders
also saw data transparency as affecting the general public. 100% of
NGOs expressed one or more benefits; 88.8% law and policy leaders
expressed one or more benefits; and 81.3% of researchers expressed
one or more benefits. Meanwhile, 42% of developers expressed
one or more benefits. While these stakeholder groups promoted
more robust, transparent documentation, some researchers, NGOs,
and community developers additionally advocated for fully open-
source datasets (e.g., [11, 133, 229]). It is also notable that many of
these benefits overlap, meaning that “accountability” can impact
“integrity,” for example. We show example overlaps in Figure 3.

4.2.1 Accountability. About 35.9% of sources contained arguments
that more transparency about data practices can ensure account-
ability for irresponsible, unethical, or illegal data practices. On the

one hand, transparency might allow advocacy on behalf of those
implicated by extractive data practices. For example, that trans-
parency into data sources could allow law and policy leaders to craft
stronger arguments for provenance and copyright laws [48, 86, 239];
transparency into the labor practices underlying dataset curation
could allow both affected workers and regulators to advocate for
better working conditions [1, 47, 128]; and transparency into the
environmental factors caused by collecting data and training mod-
els could lead to more robust environmental policies around AI
[76, 239].

Besides advocating for better or new policies, transparency has
also been seen as a way to enable regulators to hold developers
accountable via oversight. For example, the explanatory notice for
the general-purpose AI training data template by the EU Commis-
sion shows how transparency is intended to facilitate compliance
with the EU AI Act and broader rights:

“Transparency of the training data in the Summary
may facilitate data subjects’ rights and more broadly
support the enforcement of the Union data protection
rules” [14].

Transparency was also seen as enabling ethical oversight over
concerns with data ownership (e.g., [13, 14, 92]). Currently, a lack
of transparency is seen as a barrier to knowing where data comes
from and who produced that data, making it impossible for either
rightholders or data subjects to oversee its use or hold developers
accountable for its use. As the authors of the open-source model
and dataset BLOOM state: “Abstractive approach[es] to data curation
leads to corpora that are difficult to meaningfully document and
govern after the fact, as the provenance and authorship of individual
items is usually lost in the process” [234]. Transparency about data
provenance should allow “rightsholders [to] choose to reserve their
rights over their works’’ [14].

4.2.2 Innovation. About 34% of sources expressed access to data
as central to innovation: improving existing AI techniques or
developing new ones. Transparency, particularly in the form of
open-source datasets, was of interest to “less-well-resourced actors
such as academic labs and open-source developers” seeking to “ad-
vance the AI capability frontier” [184]. As the Open Source Initiative
states, “Open Source AI ... spurs innovation and quality due to in-
creased competition and tackles AI monoculture by providing more
stakeholders access to foundational technology” [11].

At the core of promoting innovation was the drive to ensure that
diverse stakeholders can participate in the field. Developers of
the cross-institutional fully-open models and datasets, RedPajama,
stated: “Inmanyways, AI is having its Linuxmoment. Stable Diffusion
showed that open-source can not only rival the quality of commercial
offerings like DALL-E but can also lead to incredible creativity from
broad participation by communities around the world” [6]. Extending
beyond many other open datasets that prohibit commercial use,
the developers of RedPajama make their dataset available for com-
mercial use specifically to promote innovation and “democratiz[e]
access” [226].

4.2.3 Integrity. About 47.1% of sources promoted transparency so
that external stakeholders can ensure the integrity of the data used
to train models. This makes integrity the most ubiquitous benefit of
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transparency in our findings. As George et al. write, “comprehensive
audits of training data [... are] a privilege currently reserved only for
developers” [86]. External stakeholders should be able to evaluate
that the datasets underlying AI meets principles of fairness (i.e., fair
distributions, a lack of bias towards certain properties or groups
[11, 174, 215]), privacy (i.e., data subjects are properly anonymized
and cannot be easily de-anonymized [58, 203]), and safety (i.e.,
there is no harmful content, like violence or child exploitation
imagery (CEI or CSAM [57, 164, 203–205]), or offensive content
[166, 203, 246]):

“Understanding the origins and characteristics of the
training data is crucial for assessing the reliability and
biases inherent in LLMs. A lack of transparency about
data sources and composition hinders the ability to iden-
tify and mitigate biases which can be perpetuated in
model outputs” [133].

Researchers, in particular, regularly expressed concern that data
opacity is a primary barrier to reproducibility (e.g., [19, 106, 238]),
a major principle underpinning the integrity of scientific progress.
Simson et al. lament the common practice of solely naming a dataset,
without either sufficiently describing its composition or provenance,
or providing a dataset for others to replicate scientific results:

“This is a significant risk to the reproducibility and gen-
eralization of ... research for a combination of two rea-
sons: (1) many publications do not document their usage
of a dataset sufficiently, assuming that merely the name
of a dataset clearly identifies its usage and (2) publica-
tions that do document data usage or offer reproducible
code vary greatly in their usage, disproving the idea that
merely identifying a dataset by its name is sufficient
information” [194].

As a result of concerns over issues of integrity, some developers
have chosen to release datasets. For example, the developers of
OLMo released the dataset used to train it, called Dolma, alongside
detailed data documentation. They stated that “a core tenet of our
work is openness, which we define to mean (i) sharing the data itself
and (ii) documenting the process to curate it” to “enable the broader
research community to use our artifacts to study (and scrutinize)
language models being developed today, even those developed behind
closed doors” [196].

4.2.4 Suitability. About 9.2% of sources we examined described
wanting more transparent information about datasets to know
whether a model is suitable for specific uses. For example, if a
developer wishes to build on a model with open weights, such as
Llama, knowing information about the dataset can help them “assess
its suitability for their purpose and avoid misuse” ([130]). Further,
even if datasets are released for others to use, determining their
utility for modeling still requires appropriate documentation to be
provided. As Alderman et al. write:

“We believe that transparent communication of dataset
composition, including biases and limitations, can mean
AI ... technologies are developed with the most appro-
priate (rather than the most popular) datasets” [21].

4.3 Factors Influential to Risk/Benefit
Perceptions

In the prior section, we articulated how AI data transparency can
entail certain risks and benefits. However, we observed that both
risks and benefits are contingent on two factors that implicitly arose
through our analysis: (1) the positions stakeholders took on AI data
transparency; and (2) the modality of AI data transparency.

4.3.1 Stakeholder Position: A Spectrum Between Transparency Advo-
cacy vs. Transparency Opposition. We observed stakeholders falling
on a spectrum between two broad categories: (1) transparency
advocacy, pushing for better AI data transparency, and (2) trans-
parency opposition, resisting (often more implicitly or silently) AI
data transparency. The two poles on this spectrum between advo-
cacy and opposition were not inherently associated with specific
types of stakeholders, though they did often correlate with specific
stakeholder types. For example, we found that a more risk-aware
approach to transparency was expressed by commercially-oriented
developers and law and policy leaders. By contrast, those advocat-
ing for data transparency seemed less concerned by these risks.
Researchers, NGOs, law and policy leaders, and more community-
oriented developers largely associated transparency with benefits.

These positions do not exist on a binary of “anti” versus “pro”
transparency stances. Some stakeholders may oppose transparency
in some cases, while advocating for transparency in others. For
example, law and policy leaders may push for transparency about
the sourcing of data to better uphold legal frameworks, while rec-
ognizing that making certain data publicly available may create
privacy concerns (e.g., the EU AI Act [14]). Therefore, it is impor-
tant to consider that stakeholder positions on transparency can
shift along a spectrum between these two poles, depending on both
the modality transparency takes on and their interpretation of risks
versus benefits. We acknowledge the spectrum between advocacy
and opposition, but use the broad terms transparency advocate and
transparency opponent for simplicity throughout the remainder of
the paper.

Transparency advocates often centered notions of power be-
tween developers and the public or smaller organizations. Com-
mercial developers, who curate and store datasets, are seen as hav-
ing disproportionate power to make data transparency decisions—
particularly given a lack of legal measures to impose data trans-
parency. Developers can choose to share aspects of datasets that
further their underlying ambitions while obfuscating aspects that
might block those ambitions [244]. On the other hand, those who
are not curating AI datasets themselves—such as independent re-
searchers, NGOs, law and policy stakeholders, and developers in
smaller organizations (or outside of organizations)—are positioned
without as much power to make any transparency decisions. The
power to reveal or obfuscate is seen as largely in the hands of
commercial developers who have the capital to build large-scale
training datasets, leaving even community developers interested
in transparency benefits like innovation and suitability equally as
deprived of such benefits as non-developers. The skew in trans-
parency decision-making power is exemplified in the increasing
tendency for corporate developers to “release by blog post” and thus
bypass the critical scrutiny that scientific peer review entails [131].
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Factor Type Definition Spectrum

Stakeholder Position

Transparency Advocate
A stakeholder who advocates for (some
or all) AI data transparency due to the
perceived benefits to their values, often
dependent on transparency modality

May advocate for partial or complete data
transparency (in the form of either docu-
mentation or availability) to enact benefits

Transparency Opponent
A stakeholder who opposes (some or all)
AI data transparency due to the perceived
risks to their values, often dependent on
transparency modality

May oppose either partial or complete
data transparency (in the form of either
documentation or availability) to reduce
risks

Transparency Modality

Data Documentation The descriptions of different elements rel-
evant to an AI dataset

May include descriptions of data sources,
data composition, data creation processes,
etc. in differing levels of detail

Data Availability
The availability of the (pre-training, fine-
tuning, evaluation) data to external par-
ties

May range from entirely closed-sourced
(not available to external parties) to en-
tirely open-source (completely available
to external parties)

Table 3: A table describing the two factors shapingwhether AI data transparency is a risk or a benefit: (1) stakeholder
positions on data transparency and (2) the modality of data transparency. Stakeholder positions are not fixed nor
necessarily binary and may occupy a spectrum between advocacy and opposition, depending on modality and
perceived risks and benefits.

4.3.2 Transparency Modalities: Data Availability and Data Docu-
mentation. The extent of these risks and benefits is further shaped
by two transparency modalities: (1) data documentation and (2)
data availability [229]. Data documentation refers to descriptions
of different elements of a dataset, including its composition and
creation process. Data availability refers to the accessibility of data
for training, fine-tuning, and/or evaluation.

Much like with stakeholder positions, these two modalities of
data transparency are not binary, but rather exist on a spectrum.
Data documentation is a spectrum between no documenta-
tion and robust documentation on any contextually relevant
dataset attributes. Data availability is a spectrum between
closed-source and open-source, where fully closed-source means
no access to any of the data and fully open-source means full access
to all of the data, including relevant annotations or metadata. Fur-
ther, a developer team may use multiple datasets for pre-training,
fine-tuning, or evaluating their model, but choose only to document
or release one or some (e.g., the developers of Nemotron-4 released
their HelpSteer2-Preference dataset for model alignment [162], but
not their pre-training data).

Both dataset documentation and dataset availability are also in-
dependent variables. It is possible to release an open-source dataset
with no or poor documentation, just as it is possible to release an
open-source dataset with robust documentation. While most com-
mercial datasets are closed-source with poor documentation (e.g.,
GPT, Llama, Gemini), some developers have released open-source
datasets with robust documentation (e.g., BLOOM, Aya).

Modality can influence whether a stakeholder is an advocate or
opponent of AI data transparency. For example, developers may
face increased scrutiny if they provide robust documentation about
specific characteristics of the data, such as the specific sources
of the data, regardless of whether they do or do not release the
dataset. Robust documentation can elevate legal or reputational
risks by inviting further scrutiny upon dataset characteristics, such
as data collection processes, data worker treatment and wages,
and the question of whether subjects have consented to be in the

dataset. Meanwhile, releasing a fully open-source dataset contain-
ing sensitive or personally identifiable information, even without
documentation, may expose developers to scrutiny about safety—
even when other ethical aspects of the dataset are not disclosed,
such as worker wages.

Given the enduring opacity around dataset documentation, most
transparency proponents advocate for better documentation norms
and practices. Transparency advocates have provided many tools
for improving the robustness of dataset documentation, like guides
about how and what to document (e.g., [84, 146, 175, 229]). Some
have also argued that robust documentation, including dataset
recipes (i.e., instructions for creating similar datasets), are suffi-
cient for enabling benefits like integrity. For example, the NeurIPS
Paper Checklist Guidelines for best practices in machine learning
research states: “Reproducibility can be accomplished in various ways
... In general. [sic] releasing code and data is often one good way to
accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results ... or other means that are
appropriate to the research performed” [17].

Even while some transparency advocates, like NGOs, have called
for open-source datasets, it is notable that not all transparency
advocates ask for open-source datasets.We did not observe any calls
for open-source datasets from law and policy leaders. Transparency
advocates often advocated for open-source datasets when they
were particularly concerned with achieving innovation or ensuring
integrity via reproducibility. Others, less interested in development
or scientific integrity, advocated instead for the ability of third
parties to evaluate integrity in the form of safety or fairness checks,
which may require time-restricted access to the data or access to a
limited sample. For example, McKinney et al. stated: “If a dataset
cannot be shared with the entire scientific community, because of
licensing or other insurmountable issues, at a minimum a mechanism
should be set so that some highly trained, independent investigators
can access the data and verify the analyses” [145].
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5 Discussion: Treading the Transparency
Tightrope

While templates on what should be documented about AI data has
been a crucial first step in data transparency efforts (e.g., with data
cards [165] or datasheets [84]), it is also crucial that transparency
advocates and opponents alike are able to articulate why and for
what purposes AI data transparency—or opacity—is necessary. In
this work, we turned to cross-disciplinary discussions about AI
data transparency in order to conceptualize transparency as con-
tingent [66]. We developed a taxonomy to codify the specific risks
and benefits underlying current AI data transparency discourse.
Whether data transparency is perceived as a risk of benefit de-
pends on whether a stakeholder takes on the position of either data
transparency advocate or data transparency opponent, though the
degree to which a stakeholder may advocate or oppose can vary.
Perceptions of risks and benefits are shaped by the specific modality
data transparency takes on, whether in the form of data availability
or data documentation.

We now show how transparency advocates can use our taxon-
omy to ground data transparency advocacy in risks and benefits.
More specifically, we use our taxonomy to argue for situational
data transparency—data transparency that is contingent upon how
transparency presents benefits and risks to specific stakeholders
with specific goals using specific modalities.

5.1 Situational Data Transparency: Using the
Taxonomy to Maximize Situational Benefits
and Minimize Situational Risks

In Section 4.3, we broke down how two factors influenced whether
transparency presented a risk or a benefit: (1) the position of a
stakeholder in relation to data transparency and (2) the modal-
ity that data transparency takes on. In this section, we seek to
demonstrate through a theoretical example how an open-source
dataset with robust documentation may present situational benefits
to transparency advocates, but also situational risks to transparency
opponents (see Figure 4). Through this example, we highlight key
opportunities for transparency advocates to consider how best to
optimize for situational benefits while mitigating situational risks.

In particular, we delve into how decisions around the degree
(ranging from partial to complete) of transparency modal-
ity (data documentation vs. data availability) may activate
different benefits and risks. We describe how the more robust
the data availability, the more that benefits like “Accountability”
and “Suitability” and risks like “Scrutiny” and “Competitiveness”
may increase. Meanwhile, the more robust data documentation,
the more that benefits like “Innovation” and “Integrity” and risks
like “Contamination,” “Safety,” “Scrutiny,” and “Competitiveness”
may increase. On the other hand, no data availability and no data
documentation may have no risks, but also no benefits. We argue
that to best utilize situational transparency, transparency advocates
must make convincing arguments that the situational risks do not
outweigh situational benefits. For an advocate to better position the
benefits of transparency, they should be able to articulate how the
degree of a transparency modality maps to specific, contextualized
benefits that outweigh or avoid relevant risks.

Such a scenario reflects common tensions we observed between
transparency advocates in research (e.g., [92, 184, 234]), NGO (e.g.,
OSI), and open-source development communities (e.g., Cohere, Big-
Science, and even commenters on some proprietary model cards on
HuggingFace [109]), versus those developers and law and policy
experts in private companies (e.g., OpenAI, Anthropic, Meta). But
we also note once more that the classifications of “advocate” and
“opponent” are not binary or tied to specific types of stakeholders—
some stakeholders may oppose certain forms of transparency to a
certain degree, for example. However, we oncemore discuss them as
simply “advocates” and “opponents” in this section to more clearly
illustrate differential benefits and risks.

Our analysis throughout this section is represented in the vi-
sualization in Figure 4, which we will point to throughout these
scenarios. By demonstrating how situational data transparency
differs from transparency calls divorced from risks and from trans-
parency obfuscation divorced from benefits, we seek to showcase
how situational data transparency can offer a more pragmatic ap-
proach contingent upon stakeholder positions.

5.1.1 Maximal Benefits to Transparency Advocates. Drawing from
the arguments advocating for data transparency in the sources we
analyzed, we can imagine how maximal data availability and maxi-
mal data documentation may yield maximal benefits. For example,
having complete access to the data underlying large proprietary
LLMs, like GPT-4, could enable smaller-scale and open-source devel-
opers increased opportunities to innovate, given their own relative
lack of resourcing [96, 179, 218]. Accurate and robust data documen-
tation outlining data collectionmethods and sources, environmental
impacts, bias assessments, and underlying labor could allow law
and policymakers to hold the companies using the documented
data accountable to relevant laws and best practices. Similarly, both
full access to data and robust documentation could allow external
researchers to ensure the integrity of released models by auditing
datasets for principles of fairness and assessing the reproducibility
of model results. Such access and documentation could also enable
both law and policymakers and researchers to assess the suitability
of the given data to the tasks a given model was trained to do, al-
lowing them to make more informed decisions about what misuse
of the data might constitute.

5.1.2 Maximal Risks to Transparency Opponents. Like with maxi-
mal benefits, we can also draw on the concerns sources expressed
about data transparency to imagine how maximal data availability
and maximal data documentation may yield maximal risks. For
example, making data fully available is generally perceived as a risk
to competitiveness; even documenting collection procedures to an
extremely detailed degree can be perceived as a risk to competitive-
ness, as other companies may replicate the same methodologies,
which has led developers to provide minimal documentation. Re-
leasing the data also risks future contamination as model developers
continuously aggregate data for model improvements. Given that so
much data is collected from the web, some dataset developers may
also oppose releasing the data due to potential safety issues with
the content in the dataset. Further, it may introduce privacy con-
cerns for any subjects whose personally identifiable data is in the
dataset. Finally, making data fully available or robustly document-
ing data sourcing brings increased scrutiny to the data developers.
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Due to their use of data infringing upon intellectual property rights
[55, 110, 223], it is possible that scrutinizing these data and sources
can carry a risk of financial loss if taken to court (e.g., [61, 200]).

Of course, not all risks to transparency opponents can be ar-
gued as justifiable. If a developer is concerned about scrutiny into
data practices leading to legal consequences because they were
fully aware that they engaged in illegal or questionable activities,
then the risk they perceive about those practices is ethically (and
potentially legally) fraught.

5.1.3 Maximizing Benefits, Mitigating Risks. Given that different
stakeholders see risks and benefits to different transparency modali-
ties, rather than focusing solely on maximizing transparency, trans-
parency advocates should prioritize situational data transparency
grounded in assessments of both benefits and risks. A more sit-
uational approach to data transparency was observed in certain
sources we analyzed, which acknowledges both the risks and bene-
fits of transparency.We already observed law and policy approaches
that could be categorized as sitting in the “compromise zone” visual-
ized in Figure 4. For example, we observed suggestions for mitigat-
ing safety issues for data subjects through privacy preservation and
maintaining competitiveness for developers, while also enabling
accountability measures, evaluation procedures, and innovation in
the AI marketplace [14].

To best maximize benefits and mitigate risks, it is necessary
to consider which modalities of transparency require data avail-
ability and documentation, what the degree of transparency for
these modalities should be, and who those transparency modalities
should be available to. For example, to best enable accountability
to legal frameworks and ensure data is fair, it may be best to make
data available to regulatory auditors, rather than the general pub-
lic. At the same time, if the goal of transparency is to ensure data
subjects can best take ownership of how their data is being used
by developers, the general public may need robust documentation
about the data sources used in a dataset or methods for assessing
whether their data is present within a dataset—ideally, in a way that
still enables safety. To ensure safety, a dataset developer may en-
able methods for subjects to search their presence in a dataset (e.g.,
by enabling search of specific usernames relevant to the sources
used [97]) while foregoing releasing the data itself; they might con-
sider only documenting methods to remove illegal, upsetting, or
objectionable content, without making access to that content possi-
ble. Perhaps the developer may release only a portion of the data,
which would enable benefits like innovation, integrity, account-
ability, and even suitability, but also maintain competitiveness and
reduce contamination and safety concerns.

Overall, how best to make compromises between risks and ben-
efits and promote situational data transparency depends on the
stakeholders involved and how those stakeholders assess the risks
and benefits of different transparency modalities. Using the tax-
onomy of risks and benefits, as well as the associated factors in-
fluential to them, different stakeholders can begin to ground their
arguments in more concrete goals, rather than in vague calls that
presume sweeping transparency as an inherent and necessary good
[23, 66, 244].

6 Considerations for Promoting Situational
Transparency

As we have shown, there are many considerations when weighing
the risks and benefits of AI data transparency. Yet, many trans-
parency advocates fail to explicitly name the benefits they seek
to enact with transparency, leaving their intentions or desired ac-
tions implicit. Further, calls for transparency often fall short of
considering potential risks, which can aid transparency advocates
in pressuring transparency opponents (who might center, for ex-
ample, competitiveness above all else).

Overall, we argue that there may be opportunities to promote
benefits and bypass risks by strategizing about stakeholders and
modalities. Our taxonomy presents a practical opportunity for trans-
parency advocates (including HCI researchers) to understand ten-
sions and consider trade-offs in their aim to increase AI data trans-
parency. Beyond answering why datasets should be made more
transparent, this taxonomy also presents a starting point for ask-
ing how to best make datasets more transparent—and who that
transparency might benefit or harm. Building on these considera-
tions, transparency advocates can take a step forward, following
the position of Eyert and Lopez, to view transparency as a “com-
municative constellation” that centers the democratic negotiation
between relevant stakeholders rather than technocentric unidirec-
tional explainability mechanisms [78]. Beyond implementing data
transparency, researchers can employ this taxonomy to more con-
cretely define transparency, in both research approaches (e.g., in
participatory research) and in situating findings and takeaways. As
a starting point, we present six considerations for situational data
transparency:

• Consider your own position in relation to data trans-
parency: Identify the type of stakeholder you identify as
and your reasons for advocating for data transparency. What
benefits would data transparency enable for you or other
stakeholders like you? What modalities would that trans-
parency require to enable those benefits? Are there certain
thresholds of transparency that would best enable those ben-
efits? Understanding one’s own position in relation to the
perceived benefits of data transparency will aid in concretiz-
ing arguments for those benefits.

• Identify other types of stakeholders: Identify all stake-
holders who will be impacted by data transparency decisions.
Assess the benefits and the risks to each stakeholder. Con-
sider whether benefits and risks will increase or decrease
given documentation and availability decisions. Consider
whether tensions between benefits and risks can be resolved
by specifying different data modality regimes. For exam-
ple, a dataset may be accessible to external auditing bodies
or government bodies for safety evaluations, while being
inaccessible to the general public [71]. Determining which
stakeholders may or may not need certain types of data trans-
parency can help makemore grounded arguments about data
transparency risks and benefits.

• Provide incentives for the developers of datasets to be
transparent: Currently, much of the power to make trans-
parency decisions is in the hands of developers. Outside of
possible legal requirements (e.g., [9]), it may be necessary
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to consider how best to incentivize data transparency, espe-
cially when proprietary data is considered a highly valuable
asset. For example, numerous developers have embraced
open-weight FMs because, for them, the perceived benefits
outweigh possible risks. How can transparency advocates
showcase the same benefits for data? Articulating the ben-
efits of data transparency may require more grounded ar-
guments that appeal to developer motivations. It is possible
that some developers perceive the scrutiny of academic re-
searchers as overly critical or untethered from production
contexts, causing a freezing effect [182]. For example, HCI
researchers might showcase how data transparency would
benefit stakeholder groups that developers care about [192].

• Show that transparency goals are necessary or success-
ful: Currently, transparency is largely measured in the form
of absence/presence. For example, the Foundation Model
Transparency Index [47] measures data transparency on
whether or not decisions are documented. While in some
cases, simply describing a decision-making process (e.g.,
when annotating data) may be considered sufficiently trans-
parent, in other cases, access to the data itself may be nec-
essary (e.g., for model innovations, for third-party perfor-
mance evaluations). Transparency advocates must consider
how to better measure or showcase that transparency about
specific decisions can enable desired benefits. For example,
user-centered design and evaluation methods can be used
to assess the viability of transparency approaches (e.g., [75].
Similarly, advocates should consider when data opacity de-
cisions may better align with broader responsible goals like
fairness (e.g., deciding not to release a subset of the dataset
to protect at-risk data subjects). For HCI researchers, like
those in the CHI community, our taxonomy can be used
to ground human-centered research with data subjects in
exploring and advocating for more actionable transparency
interventions that align with specific community goals (e.g.,
[68]).

• Provide a specific list of transparency requests andwhy
they matter: Many calls for data transparency are vague in
nature, arguing that transparency is necessary without iden-
tifying the modality of transparency that is desired or for
what purposes it is necessary. Transparency advocates can
better achieve their goals by specifying what types of trans-
parency they desire. For example, the European commission
recently published a template for developers of “general-
purpose AI” that provides specific, purpose-driven requests
for data documentation to enable accountability, integrity,
and innovation goals while protecting competitiveness, such
as: (1) general information (e.g., details about provider, model,
types of training content, general characteristics); (2) a list
of data sources; and (3) relevant data processing aspects (in-
cluding details about the removal of illegal content) [14].
Researchers could similarly ground transparency advocacy
in specific, actionable requests for change, as seen in calls
for improving fairness measurement techniques (e.g., [108])
and categorical definitions (e.g., [222].

• Push for explicit risk-based justifications for a lack of
transparency: Currently, most risk-based arguments for

non-transparency lack true justification. Many developers
of FM datasets did not actually discuss, even implicitly, their
reasoning for not being more transparent, even in document-
ing the processes or composition underlying their datasets.
If transparency about data is risky, then a developer should
show how and why it is risky. Further still, a developer
should be able to explain which aspects of the data present
specific risks, as well as whether risks are tied to documen-
tation or availability. For example, if a developer does not
want to release a dataset because they claim it will expose
data subjects to privacy concerns, why have they not en-
acted privacy-preserving techniques before releasing the
data? Transparency advocates can rely on the taxonomy to
interrogate whether transparency opponents are actually
making reasonable arguments for their lack of transparency.

7 Limitations and Future Work
While we identified four risks and four benefits of FM dataset trans-
parency, these are unlikely to be exhaustive. Our aim is to provide
an initial taxonomy of the risks and benefits of data transparency,
which are still absent from transdisciplinary responsible AI lit-
erature. Future research, particularly empirical studies involving
diverse stakeholder groups (e.g., amongst data subjects), could un-
cover additional risks and benefits—potentially expanding on the
stakeholder categories proposed by Eyert and Lopez [78]. We see
many opportunities for future work that centers underrepresented
stakeholders, like data subjects, NGOs, and community developers,
using methodologies like participatory design, interviews, or social
media data analysis. Further, the risks and benefits captured in this
work are broad. As such, the variance or differential importance of
each risk or benefit is not captured. For example, legal rather than
reputational risks may be of greater concern to certain stakeholders
than other risks. Further work is needed to empirically verify how
stakeholder perspectives on risks and benefits map to the factors
of transparency we identified. We also hope that the factors can in-
spire future work focused on determining the appropriate modality
of transparency given dataset context and which stakeholder types
will be using them, developing better incentives for developers to
be transparent, and measuring whether transparency successfully
enables benefits and mitigates risks. Further still, as even well-
documented or openly available datasets are modified and reused
across the ever-shifting landscape of AI, sometimes being made
available and sometimes being retracted, determining how the ben-
efits and risks associated with specific datasets might transform
over time is an open question [64]. We also note that there may be
continual regulatory interest pertaining to data transparency, given
the anticipated increase in data transparency-related compliance
over the next year (e.g., [9]). In presenting this taxonomy, we are
not making any recommendations about how best to comply with
these laws.

Finally, we observed that the four benefits we identified were
often discussed in the sources we analyzed as increasing the trust-
worthiness of datasets, FMs, and their developers [80, 91, 220].
However, trustworthiness is similar to transparency in that it can
enable other benefits (e.g., perceiving a model as suitable to adopt or
perceiving an academic contribution as scientifically sound) but not
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itself be the primary benefit [168]. For example, we observed devel-
opers reporting aspects of ethical and legal compliance to increase
trust in their accountability to law and ethical principles (e.g., IBM’s
proprietary dataset for training Granite [10]). We believe future
work focused explicitly on understanding what trustworthiness
means is still needed, attending to questions about what types of
trust transparency can enable and who that trust may benefit or
harm, depending on what attributes trust is placed in.

8 Conclusion
The opacity of AI datasets has led many to advocate for increased
transparency. Yet transparency is often portrayed as a primary
virtue, without specificity about what benefits it enables—or what
risks should be accounted for. In this work, we developed a taxon-
omy of risks and benefits associated with AI data transparency. Our
taxonomy is intended to aid transparency advocates inmakingmore
informed situational data transparency demands by considering
both the risks and benefits data transparency may pose to different
stakeholders, including transparency opponents. Currently, power
in making transparency decisions is skewed towards those trans-
parency opponents who develop and own proprietary models and
associated proprietary datasets, some of whom have strategically
wielded opacity to maximize their own goals. We argue that, by
mapping out both risks and benefits, advocates can better develop
action plans to shift the balance towards maximizing benefits. We
further provision transparency advocates with two modalities of
data transparency—data documentation and data availability—so
that they can better articulate what kind of transparency best ad-
vances their goals.
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A Appendix
A.1 Document Selection Details

Figure 1: An altered PRISMA Flow Diagram [156] showing the sampling processes we took for each of the four
stakeholder groups we sourced documentation from. Given documentation is shared much different between
these four types of stakeholders, we took different approaches to sampling the appropriate representative sources.

A.1.1 PRISMA Flow Diagram.

A.1.2 Documentation Corpus List.
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Stakeholder Role Source Citation / Name

Researchers
CHI [27, 29, 62, 100, 107, 114, 126, 141, 187, 188, 193, 206–208,

217, 228, 233, 237, 240, 241, 245]

FAccT
[19, 34, 36, 40, 57, 58, 64, 65, 68, 72, 77, 81, 94, 103, 106, 111,
120, 128, 150, 158, 160, 164, 165, 167, 175, 181, 194, 210, 213,
230, 238, 242, 248]

Scholar
[21, 28, 46–49, 70, 74, 76, 86, 87, 92, 95, 98, 101, 105, 118, 129–
131, 133, 143, 145, 151, 163, 174, 184, 190, 191, 203, 212, 215,
229, 235, 236, 239]

NGOs Purposive sampling Open-Source Initiative (OSI), Parnership on AI (PAI), The
Transparency Coalition

Law & Policy Leaders
[104] [4, 8, 12–14, 154, 154]
Purposive sampling [5, 9]

Developers
Various sources, including: LMSYS Chat-
bot Arena Leaderboard & [33, 47, 53, 197,
198]

Alpaca, AmazonNova, Arctic-Embed, Aya, BLOOM, Claude
3, Command A, DBRX, Deepseek-V3, Dolphin, ERNIE 3.0
Titan, Falcon, Gemini, Gemini 1.5, Gemma, Gemma 2, GLM,
GPT-1, GPT-2, GPT-3, GPT-4, Granite, Guanaco, Hermes 3,
HunyuanVideo, InternLM2, Jamba, KOALA, LLaMA, Llama
2, Llama 3, Mistral 7B, Mixtral 8x7B, Nemotron-4, OLMo,
OpenChat, PaLM 2, Phi-3, Qwen3, RedPajama-INCITE,
Reka, Sparrow, Stable Diffusion 3, Stable LM 2, Starling
7B, Step-Audio, Tulu 3, Vicuna, Yi, Zephyr

Table 4: A table documenting each of our main sources in our document analysis for each stakeholder type, as
described in Section 3.2.

A.2 Query Syntaxes
A.2.1 FAccT ACM Full Query Syntax. "query": Title:(dataset transparency) OR Title:(data sharing) OR Title:(open data) OR Abstract:(dataset
transparency) OR Abstract:(data sharing) OR Abstract:(open data) OR Keyword:(dataset transparency) OR Keyword:(data sharing) OR
Keyword:(open data) "filter": Conference Collections: FAccT: Fairness, Accountability, and Transparency

A.2.2 CHI ACM Full Query Syntax. "query": Title:(data transparency) OR Abstract:(data transparency) OR Keyword:(data transparency)
"filter": Conference Collections: CHI: Conference on Human Factors in Computing Systems

https://opensource.org/
https://partnershiponai.org/
https://www.transparencycoalition.ai/
https://www.transparencycoalition.ai/
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A.3 Additional Figures

Figure 2: The figure shows how the risks we identified can overlap with one another. We note that these overlaps
may not be exhaustive; other overlapping considerations between each risk or multiple risks may also exist.
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Figure 3: The figure shows how the benefits we identified can overlap with one another. We note that these overlaps
may not be exhaustive; other overlapping considerations between each benefit or multiple benefits may also exist.
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Figure 4: A heatmap visualization that shows how both the risks and the benefits of transparency are more salient
the more open availability and the more robust documentation is. Here, in our example dataset, we show how
finding compromises in themiddle of the heatmapmay present themost maximal situational benefits andminimal
situational risks.


	Abstract
	1 Introduction
	2 Related Work: Opposing Opacity
	2.1 Transparency: The Antidote to AI Harms?
	2.2 Critical Transparency: Aligning Transparency with Action

	3 Method: Towards Making Dataset Transparency Contingent
	3.1 Sampling scope.
	3.2 Document Selection
	3.3 Analysis Approach

	4 A Taxonomy of Risks and Benefits of AI Data Transparency
	4.1 Risks of AI Data Transparency
	4.2 Benefits of AI Data Transparency
	4.3 Factors Influential to Risk/Benefit Perceptions

	5 Discussion: Treading the Transparency Tightrope
	5.1 Situational Data Transparency: Using the Taxonomy to Maximize Situational Benefits and Minimize Situational Risks

	6 Considerations for Promoting Situational Transparency
	7 Limitations and Future Work
	8 Conclusion
	Acknowledgments
	References
	A Appendix
	A.1 Document Selection Details
	A.2 Query Syntaxes
	A.3 Additional Figures


