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Abstract

AI-related laws, standards, and norms are emerging rapidly.
However, a lack of shared descriptive concepts and moni-
toring infrastructure undermines efforts to track, understand,
and improve AI governance. We introduce AGORA (the AI
Governance and Regulatory Archive), a rigorously compiled
and enriched dataset of AI-focused laws and policies encom-
passing diverse jurisdictions, institutions, and contexts re-
lated to AI. AGORA is oriented around an original taxonomy
describing risks, potential harms, governance strategies, in-
centives for compliance, and application domains addressed
in AI regulatory documents. As of its launch in July 2024,
AGORA included data on several hundred instruments, with
new entries being added continuously. We describe the man-
ual and automated processes through which these data are
systematically compiled, screened, annotated, and validated,
enabling deep, efficient, and reliable analysis of the emerging
AI governance landscape. The dataset, supporting informa-
tion, and analyses are available through a public web interface
(https://agora.eto.tech) and bulk dataset.

Overview and Motivation
As machine learning techniques and generative AI models
proliferate, the question of how to govern AI has attracted
increasing attention from scholars, policymakers, and the
general public. Open issues facing AI policy stakeholders
across social and economic sectors include the ideal level of
centralization (Cihon, Maas, and Kemp 2020); the role of
self-regulation as contrasted against independent oversight
(Raji 2022); the creation or adaptation of institutions (Maas
2023); the translation of social and ethical values into policy
(Schiff 2023); and the adequacy of provisions for effective
monitoring and enforcement (?), among many other issues.

Yet contemporary discussions of AI governance often
lack a shared understanding of existing and proposed laws,
rules, and norms that govern AI technologies—seriously im-
peding efforts to evaluate their effects. This missing base-
line complicates discussions about what additional measures
(or changes to existing measures) are needed to govern in-
creasingly powerful AI systems, makes it difficult for AI de-
velopers and users to understand their current obligations,
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and prevents those crafting new AI-related regulations from
drawing on precedents and prior lessons learned elsewhere.

In short, as AI governance moves from agenda-setting and
policy formulation to adoption and implementation, a con-
ceptual and analytic infrastructure is needed to support pol-
icy learning. At present, efforts to understand the evolving
AI governance landscape face two basic challenges. First,
standardized descriptive concepts are necessary for mean-
ingful regulatory comparison, aggregation, and trend anal-
ysis (Murdick, Dunham, and Melot 2020; OECD 2022).
However, at present there is no widely accepted set of con-
cepts used to describe AI regulations; despite growing ef-
forts, analysts have struggled to taxonomize concepts like
AI risks, harms, and incidents (OECD 2023).

Second, and more fundamentally, there is currently no
sufficiently systematic, robust, and publicly-available com-
pilation of AI regulations to describe in the first place.
AI-related laws, regulations, standards, ethical and norma-
tive frameworks, and similar documents (hereinafter “instru-
ments”) are produced nearly daily by a dizzying array of
actors with different definitions, jurisdictions, and purposes.
Properly understanding this geographically, institutionally,
and thematically diverse enterprise requires systematic data
collection and processing capabilities that have been lacking
to date.

To address these gaps, we present AGORA (the AI Gov-
ernance and Regulatory Archive), a rigorously compiled
dataset of AI governance instruments. AGORA includes in-
strument text, summaries, and extensive metadata describ-
ing the AI-related risks, ethical concerns, governance strate-
gies, incentives for compliance, and application domains ad-
dressed in each instrument. Annotators systematically com-
pile, screen, annotate, and validate data using standardized
processes and an original taxonomy of regulatory concepts
designed to support an effective analytic infrastructure for
governance stakeholders.

To our knowledge, AGORA is the most systematic effort
to date to characterize the emerging AI regulatory landscape.
Earlier and ongoing efforts to map laws and regulations in
AI-related domains provide valuable data for some analyses,
but each has shortcomings that complicate analysis of trends
in AI governance.1 Among other challenges, these sources

1Existing efforts include the International Association of
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tend to omit essential methodological details, such as the
criteria by which they include or exclude documents, the
sources and processes used to locate documents nominally
in scope, and the criteria and conceptual definitions used to
produce original metadata at the document level. Most lack
sufficiently detailed metadata and are not captured via in-
teroperable or download-friendly data formats that can sup-
port detailed analysis and research of AI governance trends.
Many appear to be maintained inconsistently, if at all.

We seek to build on these important prior efforts by defin-
ing a well-elaborated taxonomy of concepts relevant specif-
ically to AI governance, and by creating data infrastructure
to efficiently and systematically compile information on AI
governance instruments as they emerge.

As of its beta launch in July 2024, AGORA included
several hundred AI regulatory instruments,2 with especially
thorough coverage of relevant United States federal laws
and regulations enacted between 2020 and 2023. Full text
for each instrument is continuously compiled, and addi-
tional documents and thematic metadata added as new AI-
related laws and regulations emerge. AGORA is available
through a public web-based interface (https://agora.eto.tech)
designed in consultation with subject-matter experts and po-
tential users in government, academia, and the private sector,
as well as a bulk dataset suitable for academic analysis.

Below, we discuss AGORA’s taxonomy and scope,
methodological procedures, and trajectory. We conclude by
considering limitations and proposing substantive policy
questions that may be amenable to rigorous analysis and aca-
demic research using AGORA.

Defining AGORA: Scope and Key Concepts
Scope of Coverage
AGORA includes laws, regulations, standards, and similar
instruments that directly and substantively address the de-
velopment, deployment, or use of artificial intelligence tech-
nology. The intent of this scoping definition is to encompass
the large majority of instruments created by lawmakers, reg-
ulators, and standard-setters in direct response to advances
in modern machine learning and related technologies.

Applying subjective elements of this definition, such as
“directly and substantively,” inevitably involves judgment.
When screening documents for inclusion in AGORA, we
try to constrain this judgment by defining heuristics; for ex-
ample, screeners are instructed that an instrument does not
“substantively” address artificial intelligence if it only men-
tions AI in contextual or non-operative language, e.g., “find-
ings of Congress” provisions in bills, passing mentions, or

Privacy Professionals (IAPP) Global AI Law and Policy Tracker
(https://iapp.org/resources/article/global-ai-legislation-tracker),
OECD AI Policy Observatory (https://oecd.ai/en), AI Standards
Hub (https://aistandardshub.org, and OCEANIS collection of
standards (https://ethicsstandards.org/repository), as well as more
specialized compilations by organizations such as the American
Action Forum, Electronic Privacy Information Center, National
Conference of State Legislatures, Future of Life Institute, and
various legal and consultancy groups.

2For current data, visit https://agora.eto.tech.

Federal Register explanatory text accompanying a new reg-
ulation. Screeners are also instructed that instruments ad-
dressing AI-related concepts such as machine learning, ma-
chine autonomy, or algorithmic decision making should gen-
erally be considered in scope; that is, the presence or absence
of the specific term “artificial intelligence” is not determi-
native. In turn, instruments addressing technologies such as
autonomous vehicles and synthetic media are all potentially
within AGORA’s scope (and indeed, the current dataset in-
cludes instruments related to these topics). The full set of
current screening heuristics and accompanying guidance is
publicly available (see online appendices).

Critically, the requirement that instruments “directly” ad-
dress artificial intelligence generally excludes laws predat-
ing the rise of modern machine learning, even if they are
broad enough in scope to bear on AI. We draw this line
to ensure that AGORA’s scope is manageable in practice
and to reinforce the dataset’s emphasis on policies created
in response to 21st century developments in AI, rather than
the entire set of policy instruments that may affect individ-
ual sectors and AI governance writ large. Note, however,
that more recent instruments that tailor these broad laws
to the specific context of AI would qualify for inclusion in
AGORA. For example, while the Civil Rights Act of 1964
would not be included in AGORA, a related federal regula-
tion or guidance document applying the Act to racially dis-
criminatory AI is within AGORA’s scope.

Taxonomizing AI Governance
AGORA is built around a conceptual taxonomy that is in-
spired by scholarly and policy literature, but intended to be
useful to a wide range of potential users and reasonably intu-
itive to both those users and AGORA annotators. This nec-
essarily involves balancing comprehensiveness with parsi-
mony and interpretability. The taxonomy was drafted by an
interdisciplinary team with training in law, data engineering,
public policy, political science, AI governance, and quantita-
tive and qualitative social science methods, with input from
potential AGORA users in government, academia, and the
private sector, and has been refined iteratively based on an-
notator and user feedback. The approach is thus both theory-
driven and in part inductive, drawing on existing literature
and adapting where gaps were identified.

The taxonomy consists of discrete concepts (“codes”) or-
ganized into five overarching domains, defined below:

• Risk factors governed: The characteristics addressed by
the instrument that affect AI systems’ propensity to cause
harm, closely related to ethical concerns. Surveying these
characteristics is a focus of many current AI policy ef-
forts (Barrett et al. 2023; Bengio et al. 2023; European
Commission 2021), while others focus on specific risk
characteristics such as those related to bias, safety, or se-
curity. AGORA’s risk codes are adapted from the risk cat-
egories outlined in the widely-used AI Risk Management
Framework issued by the U.S. National Institute of Stan-
dards and Technology (2023).

• Harms addressed: The potential harmful consequences
of the development or use of AI that this instrument
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Code Definition Example of text that would justify
applying this code

Keywords that may signal
code should be applied

1. Risk factors governed
Bias The instrument governs undesirable

biases in the outputs of AI systems,
including biases according to commonly
protected classes such as race or gender.

“It shall be unlawful for an employer or
an employment agency to use an
automated employment decision tool
unless such tool has been the subject of
a bias audit conducted no more than
one year prior to the use of such tool.”

Bias, fairness,
discrimination, unequal

2. Harms addressed
Harm to physical
health/safety

This includes death, injury, or a
reduction in lifespan.

“Clinical performance testing must
demonstrate that the device performs as
intended under anticipated conditions of
use, including detection of
gastrointestinal lesions and evaluation
of all adverse events.”

Injury, death, disability,
public health, disease,
illness, health outcome

3. Governance strategies
Evaluation Requiring, encouraging, etc. the

systematic evaluation of AI systems, or
of broader systems or processes into
which AI is directly integrated.

“The Secretary of Defense shall
establish performance objectives and
accompanying metrics for the
incorporation of artificial intelligence
and digital readiness into such
platforms, processes, and
operations. . . ”

Audit, assessment, assess,
impact assessment, red
team, test, evaluate, metric,
measure, monitor

4. Incentives for compliance
Access to
business
opportunities

Includes provisions that create or
otherwise address advantages in
obtaining business opportunities for
people or organizations who comply
with the instrument’s provisions (or
withhold such advantages for those who
do not comply), such as the right to do
business in general, preferred or
exclusive access to public tenders, etc.

“Each unit shall structure procurement
procedures, consistent with the purposes
of this subtitle, to try to achieve an
overall percentage goal of the unit’s
total dollar value of artificial
intelligence procurement contracts
being made directly or indirectly to
certified enterprises.”

Procure, public tender,
request for proposals,
public procurement,
certified business, certified
enterprise, conduct
business, transact, license,
approved provider, certified
provider

5. Application domains addressed
Transportation Includes autonomous vehicles,

aerospace, avionics, and related
components. This category also includes
AI-enabled unmanned aerial vehicles;
drones; and mobile robots for logistics
and warehousing.

“The Commandant, acting through the
Blue Technology Center of Expertise,
shall regularly assess available
unmanned maritime systems and
satellite vessel tracking technologies for
potential use to support missions of the
Coast Guard.”

Aircraft, vehicle,
transportation, drone,
train, transit, aerospace,
flight, avionics, logistics,
warehousing

Table 1: Selected codes, definitions, examples, and keywords included in the AGORA codebook.

means to prevent (Altman, Wood, and Vayena 2018;
NIST 2023; Slaughter, Kopec, and Batal 2021). Per
AGORA’s definitions, “harms” are the consequences of
“risks” (prior bullet). For example, an AI system that
is insecure or biased (risk characteristics) might end up
causing harm to physical health, human rights, or finan-
cial loss (harms). AGORA’s harm codes are adapted from
categories of harm developed by CSET researchers for
use with the AI Incident Database (Hoffmann and Frase
2023; McGregor 2021).

• Governance strategies: The means provided in the in-
strument to address, assess, or otherwise act with respect
to the development, deployment, or use of AI. These es-
sentially constitute the proposed solutions to the policy
problems or goals articulated (Borrás and Edler 2014;
Bullock et al. 2022). They comprise the largest group
of codes in AGORA, reflecting the wide range of reg-
ulatory tools and tactics being used to address AI and
its challenges (Schiff 2023; Johnson and Bowman 2021),
from disclosure and evaluation requirements to conven-
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ing, institutional creation, and pilot and testbed creation.
AGORA’s governance strategy codes were developed it-
eratively by the AGORA leadership team over the first
several months of annotation.

• Incentives for compliance: The types of incentives pro-
vided for people, organizations, etc., to comply with the
requirements of the instrument (Gutierrez 2021). This
small group of codes covers positive and negative incen-
tives commonly seen in AI-related statutes and regula-
tions, such as subsidies and fines, respectively.

• Application domains addressed: Any economic or so-
cial sectors, such as healthcare or defense, specifically
addressed in the instrument as contexts for AI develop-
ment, deployment, or use. AGORA’s application codes
are adapted from the TINA industry taxonomy used in
prior analyses of AI-related investment (Arcesati et al.
2023; Arnold, Rahkovsky, and Huang 2020) and are
comparable in granularity to 2-digit NAICS codes (US
Census Bureau 2022), with one exception: given signifi-
cant attention to the use of AI by governments in particu-
lar (Medaglia, Gil-Garcia, and Pardo 2023; Wirtz, Wey-
erer, and Geyer 2019; White House 2020), the code for
government applications of AI is divided into subcate-
gories, allowing for more precise analysis.

As of publication, these categories encompass 77 different
codes in total. To facilitate consistent annotation of abstract
concepts, most codes are given detailed definitions. Annota-
tors are also given examples of instrument text meeting more
complex coding definitions as well as related keywords, ex-
ceptions, and considerations influencing interpretation. Se-
lections from each category are provided in Table 1, with
complete definitions and examples available online (see ap-
pendix).

Methodology and Workflow
This section describes the processes and concepts according
to which instruments are collected, screened, and processed
for inclusion in AGORA, as depicted in Figure 1.

Collection, Screening, and Compilation
Candidate documents for inclusion in AGORA are currently
collected manually or using semi-automated means (e.g.,
saved queries against larger datasets) from a wide range
of official and unofficial sources, reflecting the decentral-
ized, largely ad-hoc status of current AI governance track-
ing. These sources include:

• Official, general-purpose regulatory compilations, such
as the Congress.gov service for United States federal leg-
islation and the Federal Register for United States federal
regulation, and comparable subnational sources.

• Unofficial compilations of law and policy relevant to AI,
digital issues, or related topics. Examples include the In-
ternational Association of Privacy Professionals (IAPP)
Global AI Law and Policy Tracker, the OECD AI Policy
Observatory, and the OCEANIS collection of standards.

• Informal lists compiled by researchers, typically focused
on particular topics or scopes of interest, such as crimi-
nal law, frontier model governance, ethical frameworks,
industry standards, or Chinese AI regulation.

Human screeners review these sources (periodically, in
the case of sources that update) and assess the instruments
in them against the AGORA scoping definition and screen-
ing instructions. Screening decisions are made by single an-
notators, who are encouraged to consult with the broader
AGORA team in difficult cases.3

For instruments judged to be in scope, screeners locate
the authoritative text of the instrument (for example, on the
official website of the United States Congress or a state leg-
islature) and use it to populate basic metadata such as ti-
tle and date of introduction. Annotators also identify “pack-
ages,” or larger, thematically diverse instruments containing
AI-related portions amidst other, AI-unrelated material. A
typical example is the annual National Defense Authoriza-
tion Act (NDAA) in the United States, a massive, largely
AI-unrelated law with some diverse AI-related provisions
sprinkled throughout in recent years. NDAAs and other such
packages are divided into conceptually discrete AGORA in-
struments, corresponding to sections, subsections, or other
subdivisions in the packages, according to standing guid-
ance (see appendix).

Annotation and Validation
Using the basic metadata and authoritative text compiled
during the screening process, AGORA annotators generate
summaries and thematic codes for each in-scope instrument
using the AGORA taxonomy (see Table 1 above) and fur-
ther instructions provided in the AGORA codebook (see ap-
pendix). A custom-built Airtable interface structures the an-
notator workflow and facilitates quick and accurate annota-
tion.

AGORA’s summaries are meant mainly to help users skim
and sift, rather than as an analytic resource in themselves;
the codebook provides brief instructions for short- and long-
form summaries, but significant discretion is left to annota-
tors.

The thematic coding process is more constrained. Anno-
tators read each instrument in full, and then decide whether
each of the 77 codes in the AGORA taxonomy applies at
any point in the instrument,4 based on the definition and
(where available) examples and keywords provided in the

3If capacity permits in the future, we hope to move to double
screening of prospective AGORA records, consistent with our dou-
ble annotation/validation process, described below.

4As of July 2024, AGORA’s taxonomy applied to instruments
as a whole. Longer or more thematically diverse instruments may
have many associated tags, and it may not be immediately clear
which parts of the instruments justify which tags. Annotators were
tagging some of these instruments at the section or subsection level
as of July 2024, but the resulting granular data were not yet inte-
grated into the AGORA interface and public dataset. Over time,
we plan to increase the proportion of instruments coded at the sec-
tion or subsection level and integrate the outputs into the AGORA
interface and dataset.
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Figure 1: Data collection and analysis workflow

codebook. The codes in the taxonomy are described gener-
ally, and examples provided, above (see “Taxonomizing AI
Governance”); full definitions of the 77 codes are available
online (see appendix).

In deciding which tags apply, annotators are instructed to
consider only the operative text of each instrument; to fo-
cus on what the instrument explicitly states or clearly and
directly implies; and to ignore material unrelated to artificial
intelligence. (For elaboration on each of these constraints,
refer to the relevant portions of the codebook, available on-
line (see appendix)).

After initial annotation, a second annotator (designated
the “validator”) reviews each instrument in full and dis-
cusses any disagreements with the initial annotator. Note
that these are not fixed roles; each AGORA annotator serves
as initial annotator on some instruments and as validator on
others, minimizing the chance of certain systematic biases.

To assess the reliability of the annotation process, 21
AGORA instruments, covering a range of instrument types
and jurisdictions, were assigned to two different and non-
overlapping annotator-validator pairs, resulting in two dif-
ferent sets of all 77 unique thematic codes for each instru-
ment. For this test set (highly skewed distributions, nominal
data, two coders), Guilford’s g (Holley and Guilford 1964)
was 91.4 (ranging from 71.4 to 1 for different codes) and
Gwet’s AC1 (Gwet 2008) was .83 (ranging from .43 to 1),
indicating variable but generally substantial interrater agree-
ment across different codes in the AGORA taxonomy.

Output and Distribution
Once all issues identified in validation have been resolved,
the instrument’s record, consisting of validated metadata,

short and long summaries, and thematic codes, is marked
complete. The schema for a complete, public AGORA
record is included in the appendices.

Complete records are periodically added to the public
AGORA dataset and web interface using an automated
script. The web interface, depicted in Figure 2, is designed
for efficient browsing and includes full text of instruments.

Current State of AGORA

As of July 2024,5 AGORA included 168 fully annotated
instruments, plus 19 screened but unannotated “packages”
(discussed above). An additional 278 instruments had been
screened, determined to be in scope, and were in the anno-
tation process. New instruments are added regularly as they
clear the screening process.

Initial collection efforts focused on recent, adopted United
States federal laws and regulations, making those instru-
ments overrepresented initially; 140 of the 168 fully anno-
tated instruments fully annotated as of July 2024 were U.S.
federal laws or regulations, largely from 2021 or later, or
sections of such documents. The other instruments included
regulations, statutes, and policy documents issued by U.S.
states and localities, the Chinese central government, and the
European Commission, indicating the range of source ma-
terial amenable to AGORA’s methodology and taxonomy.
The median number of thematic codes applied to a fully an-
notated AGORA instrument was 8 (range: 0 to 43; average:
10.2; calculated May 2024).

5For current data, visit https://agora.eto.tech.
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Figure 2: Screenshots from the AGORA web interface as of July 2024: browsing view (left) and instrument detail view (right)

Using AGORA: Implications for Academics,
Policymakers, and Developers

Though it may be useful to anyone with an interest in AI,
AGORA was developed with three primary user populations
in mind: scholars, governance practitioners, and AI develop-
ers.

A core goal of the project is to support scholars and
other analysts in understanding trends in, features of, and
impacts of AI governance. The current version of AGORA
already covers some analytically meaningful groupings in
their entirety, including all AI-relevant United States fed-
eral laws and regulations enacted from 2020 to 2023. Over
time, AGORA’s ongoing, cumulative regulatory data collec-
tion process will allow increasingly general insights into the
pace, diffusion, substantive focus, and impact of AI gover-
nance efforts globally, as well as comparisons across juris-
dictions or topics. Beyond direct trends then, the data en-
able insights into deeper theoretical and ethical questions
such as the nature of power and policy influence (Khanal,
Zhang, and Taeihagh 2024), the role of actors in the policy
process (Arts 2003), the translation of social or ethical val-
ues into governance (Ulnicane and Aden 2023), and unique
features of the governance of emerging technology (Leung
2020; Schiff 2022).

Critically, AGORA provides both structured data
(instrument-level thematic codes according to the AGORA
concept taxonomy) and unstructured data (document text) as
raw material for such analyses, supporting a wide range of
analytic methods. These include quantitative methods (re-
gression analyses, time series analyses, quasi-experimental
designs, quantitative content analysis (e.g., Neill et al.
2017; Parinandi et al. 2024; Schiff 2024) and qualitative
approaches (process tracing, case studies, thematic analysis,
discourse analysis (e.g., Voltolini and Eising 2017; DeLeon
1998; af Malmborg and Trondal 2023)). As a result,
AGORA is well suited to serve as a keystone tool for a
broad range of research questions, such as those listed in
Table 2.

AGORA is also designed for AI governance practitioners,

such as legislators, regulatory agencies, and state and local
officials grappling with the opportunities and challenges of
increasingly powerful AI. This is an especially important
use given the technical, conceptual, and interpretive com-
plexity associated with AI. While policymakers at all scales
of government have been trying to build capacity and ex-
pertise in AI (Lee 2022; Shrum et al. 2019), the challenge
is likely to remain, and applied and accessible tools will be
indispensable for evidence-based policymaking (Frisch and
Kelly 2003; Umbach 2020). For these users, AGORA pro-
vides an archive of precedents and potential source material
for new AI regulations and a way to monitor regulatory de-
velopments in peer jurisdictions or at different levels of gov-
ernment.

Finally, AGORA offers valuable data for AI researchers,
developers, and deployers subject to regulation, as well as
second- and third-party auditors, journalists, and members
of civil society interested in evaluating the practical and eth-
ical limitations of existing and proposed AI guardrails (Raji
2022; Samoili et al. 2020). These actors can use AGORA to
identify regulations that apply to them or affect their work,
assess regulatory trends and strategies emerging elsewhere
that could eventually spread to their local jurisdictions, or
engage in analysis or advocacy related to perceived gaps in
AI governance.

Conclusion
Limitations
AGORA has important limitations. When practicable, mit-
igations have been added to AGORA guidance and pro-
cesses.

First, AGORA’s focus on instruments that directly ad-
dress AI means that many AI-relevant laws, regulations,
and norms are excluded. In particular, laws of general
applicability—for example, securities regulation (FINRA
2024), civil rights law (Andrews and Bucher 2022; Kim
2022), or even common-law tort doctrines (?Sharkey
2024)—have implications for modern AI. However, this
body of often older, AI-relevant general law is a potentially
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Research
Domains

Example Questions

Trends and
basic
descriptive
questions

• Do AI governance instruments typically
cover the public or private sector?

• Which social and economic sectors (e.g.,
healthcare, military) are commonly
addressed or neglected?

• What are the prevalent and neglected harm
categories, risk categories, and governance
instruments reflected in AI governance
documents?

• How have priorities reflected in governance
instruments changed over time?

Policy
formulation,
legitimation,
adoption,
and diffusion

• To what extent are policy problems coupled
with relevant policy solutions, including
monitoring, enforcement, or incentive
strategies?

• What factors are associated with the
diffusion of problem framings (e.g., risks or
harms) or policy solutions over time and
across levels of government or regions?

• What might explain the adoption, or lack
thereof, of proposed policies?

Policy im-
plementation
and
evaluation

• Are policy instruments with monitoring,
evaluation, or enforcement provisions
successfully implemented?

• What accounts for the success or failure of
policy implementation?

Comparative
questions

• How does the underlying understanding of
AI policy problems and governance
solutions vary across sectoral or
institutional contexts, including different
levels of government or across countries
and regions?

• How do different types of documents (e.g.,
standards versus laws) vary in terms of their
formality, specificity, or normative force?

• To what extent is there convergence or
divergence across governance instruments,
and why?

Table 2: Candidate research facilitated by AGORA

unbounded set, and the applicability of any particular instru-
ment may be debated. Accordingly, we exclude these instru-
ments from AGORA’s scope. Though this makes AGORA
a necessarily incomplete guide to the overall AI governance
landscape, it reduces uncertainty over the bounds of the re-
source. Also, AI-focused implementations of more general
laws—such as agency regulations or guidance explaining
how broad existing authorities will be applied to AI—are
in scope for AGORA, reducing the impact of the exclusion.
Nonetheless, this limitation means AGORA cannot substi-
tute for careful region-, context-, and sector-specific analysis
of regulations relevant to particular groups, organizations, or

AI use cases, though it can enhance such analysis.
Second, the AGORA screening and annotation processes

require substantial human judgment and effort, and are thus
relatively time-intensive, limiting throughput. AGORA’s
nominal scope is far broader than the set of documents col-
lected to date. This includes important limitations in terms of
AGORA’s regional and linguistic coverage. We plan to ex-
periment with automation (discussed below) and seek more
resources to increase processing volume and multi-language
coverage. In the meantime, we have focused annotators’ ef-
forts on especially high-profile or consequential instruments
(e.g., adopted rather than proposed policies) and on sets of
instruments of particular interest to current AGORA stake-
holders.

Third, annotators exercise judgment in applying
AGORA’s scope and taxonomy, raising the risk of incon-
sistency emerging from researcher (or more fundamental)
subjectivity. To improve reliability and rigor, we provide
detailed conceptual definitions, along with examples and
decision heuristics. Further, we implement a dual annota-
tion process (initial annotation followed by validation and
reconciliation) for each instrument, with disagreements and
other issues elevated to AGORA leadership and resolved
according to defined procedures. Finally, we maintain a
searchable central repository of prior questions and answers
and make it accessible to all AGORA annotators online.

Extending and Expanding AGORA

Moving forward, AGORA’s annotation team will continue
to screen and annotate instruments for the dataset. Based on
their experience, we will continue to refine AGORA’s scop-
ing criteria and taxonomy. Priorities for annotation include
achieving, and thereafter maintaining, comprehensive cov-
erage of all enacted and proposed U.S. federal and state
statutes within AGORA’s scope, even as we increase the
number and diversity of instruments from other jurisdic-
tions.

In parallel, to improve throughput and potentially anno-
tation consistency, we plan to continue experimenting with
large language models to summarize and annotate instru-
ments according to the AGORA taxonomy, building on re-
cent research into using LLMs for complex concept iden-
tification and similar processing tasks involving law and
social science texts (Ziems et al. 2024; Shen et al. 2023).
We may also integrate AGORA screening and metadata
collection with regulatory APIs as available, including the
Congress.gov API for federal legislation and the Plural API
for state laws.

AI governance and regulation are still in their early days,
with growing volume, complexity and variation posing chal-
lenges to public awareness and understanding. The AGORA
database and public interface aim to help minimize some of
these challenges, and will adapt in turn to meet the needs
of scholars, developers, policymakers, and other stakehold-
ers interested in responsible and ethical governance of AI
systems.
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Ethics Statement
The AGORA dataset is derived entirely from public doc-
uments produced by governments and other large organi-
zations. It does not include any data specific to individual
people or vulnerable groups. As such, the AGORA team
does not foresee substantial ethical harms from the devel-
opment and sharing of AGORA beyond those usually asso-
ciated with policy repositories and datasets.

However, we are mindful of several potential ethical con-
cerns. First, AGORA’s coverage is not comprehensive. Al-
though data compilation is ongoing, at present (and for the
foreseeable future) the content of the dataset skews toward
statutory documents from the United States. Although we
have applied the AGORA taxonomy and data collection
workflow to documents from other jurisdictions and com-
munities and are confident these processes will be compat-
ible with more diverse AI governance data, we have yet to
fully test this hypothesis. In the meantime, it will be critical
to stress to AGORA users that the resource is not compre-
hensive, and in what ways.

Moreover, many informal and all unwritten mechanisms
and practices of AI governance are omitted from AGORA
altogether, as the dataset includes only written instruments.
Relying solely on AGORA to understand the AI governance
landscape would therefore give an incomplete picture that
could, for example, neglect essential aspects of governance
ranging from implicit norms to educational practices, ex-
clude AI governance activity in communities with less for-
malized practices, or distort understanding of how AI gover-
nance works in organizations or situations where unwritten
rules and power dynamics tend to supplant formal codes.
We stress that AGORA cannot account for the entirety of
AI governance, and caution that overreliance on formal and
written instruments may undermine robust understanding,
harming vulnerable groups and neglecting essential aspects
of ethical AI practice.

Another key consideration is that the AGORA interface
is provided in English and currently focuses on English-
language documents, potentially leading to unequal access
to this resource for some stakeholders (representing a known
challenge in academia and in AI governance and ethics
specifically). We intend to expand the regional and linguistic
coverage of AGORA, provided sufficient partnerships and
resources. We also welcome outreach from diverse stake-
holders on how AGORA is or is not meeting their needs,
any inaccuracies, or harms that the team has not anticipated
so that we may address them.

On balance, it is our hope that the tool, developed by an
interdisciplinary team with significant focus on ethical is-
sues, can raise awareness of possible ethical risks, harms,
and enable study of the successes or failures of proposed
governance solutions and make high-quality data available
to a broader range of AI governance stakeholders. To fur-
ther mitigate potential user misunderstandings that could
lead to harm, we document AGORA’s limitations, and dis-
cuss use cases and research questions for which it is in-
appropriate, in the AGORA documentation, available at
https://eto.tech/tool-docs/agora.

Positionality Statement
While the authors come from a range of backgrounds and
have diverse regional focus areas, all authors are currently
affiliated with United States academic institutions and sev-
eral have focused on United States legal and political issues
in relevant prior work and training. This perspective shaped
the AGORA taxonomy and initial data collection efforts,
which skewed heavily toward documents from the United
States. We have attempted to design AGORA to capture data
and insight from a broad range of jurisdictions and institu-
tional types. Nonetheless, we acknowledge that AI gover-
nance scholars and stakeholders from different backgrounds
and disciplines may have focused on different types of gov-
ernance documents, different jurisdictions, or different AI-
related themes and concerns in building a similar dataset.
We plan to solicit and incorporate feedback from a broad
range of AGORA users as the resource develops.

Adverse Impact Statement
Because AGORA only includes public-domain, non-
experimental data of a non-personal nature, we foresee little
adverse impact from compiling or sharing the dataset. Our
primary adverse impact concerns relate to potential misun-
derstanding of the dataset and its limitations, as explored
above.
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Appendix
Visit AGORA’s public documentation, available at
https://eto.tech/tool-docs/agora, to access:

• AGORA screening instructions: AGORA annotators
use this document to determine whether documents are
within AGORA’s scope and to guide collection of basic
metadata for in-scope documents.

• AGORA codebook: The codebook defines and explains
each of the 77 thematic codes in the AGORA taxonomy.

• AGORA schema: The schema for fully annotated, pub-
lished AGORA records, including field descriptions.
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