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Abstract

The harms in which AI is implicated range in nature and scope
from unsafe user interactions through to the societal-wide con-
sequences of AI adoption. Classification of the diverse risks
of AI is foundational to AI governance: regulators, technol-
ogy firms, and policymakers need structured accounts of risk
upon which to act. Researchers and practitioners have accord-
ingly developed many Sociotechnical Outcome Taxonomies
(SOT). This paper presents an empirical study of SOT devel-
opment and use, drawing on 25 interviews with researchers
and practitioners across industry, academia, civil society, and
government. We find SOT are weakly integrated into AI gov-
ernance processes, and identify two features of SOT design
and use that explain why. First, the design choices through
which SOT produce structured representations of the complex
problem space of AI risks tend to be invisible to downstream
taxonomy users. Those users treat the resulting categories as
exhaustive accounts of risk rather than as interpretive aids.
Second, SOT typically enumerate harms without linking them
to decision points or actors implicated in their occurrence,
leaving accountability difficult to assign. We close with design
recommendations for SOT developers and users, and argue re-
alising the potential of SOT requires governance infrastructure
that does not yet exist.

Extended version — https://arxiv.org/abs/2608.06831

1 Introduction
Researchers, policymakers, and industry practitioners have
developed structured classifications of the risks, harms, and
impacts associated with Artificial Intelligence (AI) systems
(e.g., Weidinger et al. 2022; Hutiri, Papakyriakopoulos, and
Xiang 2024; Domı́nguez Hernández et al. 2024; Chan et al.
2023). These artefacts — variously termed taxonomies, ty-
pologies, repositories, or frameworks — are designed to serve
as boundary objects, rendering the social consequences of
AI development legible, enumerable, and governable (Star
2010). We refer to these artefacts as sociotechnical outcome
taxonomies (SOT). SOT are intended to be foundational to
AI governance, referring to the practices, methods, policies,
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and regulations used to manage the development, deploy-
ment, and monitoring of AI technologies (Batool, Zowghi,
and Bano 2025). SOT form part of an emerging set of arte-
facts responding to civil society demands for accountability
in AI development. Specifically, SOT translate the concerns
of stakeholders in AI development, internal and external to
AI firms, into actionable schemas for product teams.

SOT have proliferated over the past decade. Early efforts,
primarily from academia, established conceptual foundations,
such as distinguishing allocational from representational
harms in machine learning (Barocas et al. 2017), identifying
stakeholder-centred risks in language technologies (Bender
2019), and highlighting distinctions between process- and
outcomes-based approaches to harms (e.g., Binns 2018). As
foundation models and generative AI systems scaled commer-
cially, industry research labs became significant SOT produc-
ers, developing taxonomies oriented towards deployed sys-
tems (Weidinger et al. 2022; Bird, Ungless, and Kasirzadeh
2023; Shelby et al. 2023; Solaiman et al. 2023). Parallel ef-
forts emerged from civil society, intergovernmental bodies,
and national standards institutions, drawing on rights-based
framings, regulatory alignment, and community-centred risk
identification (UN B-Tech team 2023; Calvino et al. 2024;
Vassilev et al. 2024; Abercrombie et al. 2024). More recently,
academic and civil society projects have focused on mapping
the landscape (Slattery et al. 2026; Arnold et al. 2024). Tax-
onomising has thus become central to Responsible AI (RAI)
practice.

Little empirical research, however, has examined how SOT
are developed, interpreted, and used in practice, or how their
impact might be evaluated. Currently, we lack a systematic
understanding of how SOT developers conceptualise their
work, how practitioners select and operationalise SOT within
AI development, and how these artefacts mediate broader
governance dynamics. Such understanding is necessary to
inform efforts to standardise SOT or strengthen their role in
AI governance. Examining their use in practice is important
because classification is never neutral: categorisation systems
stabilise particular problem framings, rendering some phe-
nomena visible and actionable while marginalising others
(Bowker and Star 2000). Accordingly, this paper critically
reflects on SOT development, proliferation, and use to ask:
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RQ1 How are SOT developed and put to use within the AI
product development and deployment pipeline?

RQ2 What is the role of SOT in the broader project of AI
governance, and how might this role be strengthened?

To answer these questions, we conducted a qualitative inter-
view study of 25 researchers and practitioners across industry,
academia, and civil society who have developed or used SOT.
Through reflexive thematic analysis, we examine how SOT
are imagined, constructed, operationalised, and contested.
Our analysis is informed by Science and Technology Studies
(STS) scholarship on classification and standardisation (e.g.,
Bowker and Star 2000; Star 1989; Timmermans and Epstein
2010). We conceptualise SOT as proto-standards, that is, stan-
dardisation efforts that seek to stabilise the problem space of
AI harms. Through what Bowker and Star (2000) describe as
“infrastructural inversion,” we shift analytical attention from
the harms enumerated within taxonomies to the classificatory
infrastructure itself. This perspective foregrounds the polit-
ical work of categorisation, specifically the negotiation of
commensurability, creation of residual categories, and tem-
poral challenges of maintaining standards in rapidly evolving
technological environments. We complement this framing
with insights from Human-Computer Interaction (HCI) re-
search on the frictions of operationalising RAI. In providing
one of the first qualitative studies of the development and use
of SOT, our work makes two contributions. First, we articu-
late design and use considerations for SOT developers and
AI practitioners. Second, we describe how SOT can be better
embedded within the broader AI governance landscape.

2 Related Work
2.1 Sociotechnical outcomes taxonomies
AI risks, harms and outcomes are products of complex inter-
actions between sociotechnical systems and multilevel social
phenomena, ranging from individual user interactions to the
societal distributions of resources and power. Accordingly,
they resist straightforward description and categorisation.

The development of SOT emerged as a pragmatic response
to the operationalisation gap in AI governance (Mittelstadt
2019; Morley et al. 2020). Technology firms, in particu-
lar, promulgated high-level ethical principles signalling to
internal teams and external stakeholders how they would
research, develop, and deploy AI technologies, while mit-
igating risks and avoiding social harms (Jobin, Ienca, and
Vayena 2019; Greene, Hoffmann, and Stark 2019). Trans-
lating these abstract principles into engineering constraints,
however, has proven challenging. It requires practitioners to
develop formal definitions of high-level concepts, such as
fairness (Narayanan 2018), to guide their operationalisation
(Mittelstadt 2019; Selbst et al. 2019; Jacobs and Wallach
2021). Researchers and practitioners have introduced SOT
as translation artefacts (Star and Griesemer 1989), to both
map the terrain of sociotechnical hazards associated with
AI technologies and to stabilise this terrain in a way that
is navigable for, and reconcilable with, AI product develop-
ment. Much like checklists, SOT can “provide organizational
infrastructure for formalizing ad-hoc processes and empow-
ering individual advocates” (Madaio et al. 2020, p.10). In

this sense, SOT are intermediate governance artefacts that
translate broad normative commitments into categories that
can be discussed, documented, prioritised, and measured.

As AI technologies have expanded from research-oriented
language models into consumer-facing, multimodal, and
multi-model generative AI systems, SOT have proliferated
and diversified. As of May 2026, there are over 70 SOT
(Slattery et al. 2026); Table A in the Appendix provides a
non-exhaustive list of published SOT to demonstrate this
diversity. Initial efforts focused on the societal impacts of
Natural Language Processing (NLP) (Hovy and Spruit 2016;
Weidinger et al. 2022). Subsequent work extended this classi-
ficatory effort across system types and analytical dimensions.
For example, Slaughter, Kopec, and Batal (2020) catalogued
consumer-facing harms from algorithmic decision-making,
while Shelby et al. (2023) synthesised harms across algorith-
mic systems more generally, distinguishing between types of
harm and the levels at which they occur. Other research re-
fined boundaries between present harms and anticipated risks
(Weidinger et al. 2022), distinguishing technical evaluations
of base AI systems from evaluations of impacts on people and
society (Solaiman et al. 2023), and mapped individual, social,
and biospheric levels of analysis (Domı́nguez Hernández
et al. 2024).

SOT efforts have also adapted to new AI modalities, in-
cluding text-to-image (Bird, Ungless, and Kasirzadeh 2023)
and speech generation (Hutiri, Papakyriakopoulos, and Xiang
2024). These efforts now address specific domains and pop-
ulations — such as clinical and public health (Golpayegani
et al. 2022; Zhou et al. 2025), disability contexts (Wang,
Kameswaran, and Kacorri 2025), and youth (Yu et al. 2025;
Khoo, Chua, and Shong 2025) — as well as emerging cate-
gories of harm, including psychological, social, and relational
harms (Alberts, Keeling, and McCroskery 2024; Alabed et al.
2024; Knox et al. 2025; Zhang et al. 2025) and privacy and
surveillance risks (Lee et al. 2024; Gumusel, Zhou, and Sanfil-
ippo 2024). Many emerging-harm taxonomies adopt more in-
ductive methodologies than earlier work, grounding harm cat-
egories in lived experiences, stakeholder narratives, and user-
reported impacts (Chandra et al. 2025; Archiwaranguprok
et al. 2025; Zhu, Coifman, and Jin 2026; Li et al. 2025). This
methodological shift is occurring in contexts where AI capa-
bilities and social practices are co-evolving rapidly and where
harms are not yet well represented in academic literature.

2.2 Taxonomies as AI governance infrastructure
SOT are governance instruments that coordinate work across
distributed teams, organisations, and regulatory domains.
Drawing on prior work, we identify three interrelated func-
tions SOT may perform within AI governance: (1) structur-
ing internal risk deliberation, (2) embedding harm categories
into documentation and audit processes, and (3) mediating
translation between organisational practices and regulatory
regimes. Our empirical findings extend and complicate the
brief description of these functions below.

Structuring risk deliberation SOT support internal risk
deliberation by providing granular structuring of RAI con-
cerns. High-level principles demarcate areas of ethical
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salience for AI product teams, but leave open critical ques-
tions of interpretation, prioritisation, and implementation
(Mittelstadt 2019). SOT concretise these areas by disaggre-
gating high-level concerns into enumerated categories of
impact, risk, or harm. In doing so, they create reference
points that researchers and practitioners can use during de-
sign reviews, evaluation planning, impact assessments, and
AI audits. Empirical studies of industry practice indicate that
practitioners often lack shared language for discussing so-
ciotechnical harms across product, policy, and legal teams,
and face structural barriers when integrating fairness and re-
sponsibility concerns into existing workflows (Holstein et al.
2019; Rakova et al. 2021; Madaio et al. 2022). Toolkits and
internal governance artefacts can shape how such concerns
are framed and by whom they are raised (Wong, Madaio,
and Merrill 2023). Madaio et al. (2020, 2022), for example,
show that structured artefacts, such as fairness checklists
or review templates, facilitate cross-functional communica-
tion by making implicit assumptions explicit and routinising
some forms of ethical inquiry. SOT operate in a similar man-
ner: they specify what kinds of impacts ought to be consid-
ered, and potentially how different impacts may be mitigated.
In doing so, SOT implicitly define which impacts require
measurement, and they provide categories through which
concerns can be documented and communicated to other
stakeholders. Ultimately, SOT shape how harms become ad-
ministratively visible within AI governance, echoing broader
concerns about problem framing in sociotechnical systems
(Selbst et al. 2019).

Interfacing with AI governance SOT acquire infrastruc-
tural significance through the documentation and audit pro-
cesses into which they are embedded. Transparency docu-
mentation frameworks such as model cards (Mitchell et al.
2022) and datasheets (Gebru et al. 2021) formalise expecta-
tions about which ethical considerations technologists should
record and report. SOT respond to, and mediate, these expec-
tations by structuring how such considerations are surfaced
within companies and how external stakeholders can chal-
lenge inadequate consideration. Internal audit frameworks
similarly rely on structured risk classification. Raji et al.’s
(2020) lifecycle auditing model envisions harm identification
and mitigation as a staged review process producing an ‘ethi-
cal risk analysis chart,’ and Algorithmic Impact Assessments
(AIAs) extend this logic by formalising anticipatory risk eval-
uation (Metcalf et al. 2021; Selbst 2021). SOT interface with
audits and AIAs, working together to conceptually (through
the SOT) and administratively (through the audit or AIAs)
define the space of ethically salient concerns and assign re-
sponsibility for their management. Yet, documentation alone
does not ensure substantive action. Costanza-Chock, Raji,
and Buolamwini (2022) show that shared standards for audit
quality and comparability are underdeveloped, and most eval-
uation criteria for RAI tool development focus on usability
rather than demonstrable harm reduction (Berman, Goyal,
and Madaio 2024). Consequently, documentation and gover-
nance processes may enable the performance of transparency
and responsibility without actually requiring it (Greene, Hoff-
mann, and Stark 2019).

Moving across internal and external boundaries SOT
also operate at the interface between organisational practice
and regulatory regimes. Risk-based regulatory frameworks,
such as the EU AI Act, depend on categorical distinctions
that organisations must interpret and implement through con-
formity assessment, technical documentation, and reliance
on harmonised standards (Veale and Zuiderveen Borgesius
2021). Data protection laws, on the other hand, compel organ-
isations to articulate risks in structured formats (Kaminski
and Malgieri 2021; Metcalf et al. 2021). Within this broader
standardisation environment, SOT operate as intermediary
devices, aligning legal risk categories with internal evaluation
metrics and governance procedures, consistent with broader
accounts of how standards mediate between regulatory norms
and organisational practice (Timmermans and Epstein 2010).
AI governance increasingly proceeds through documenta-
tion, standardisation, and categorical alignment, with SOT
mediating among these.

2.3 Taxonomy proliferation and challenges
While the proliferation of SOT reflects growing attention
to AI-related harms, their divergences introduce instability
in AI governance processes. Existing scholarship identifies
coordination challenges, participatory burdens, and missing
guidance for SOT use. These challenges produce a complex
and unstable landscape of SOT adoption. Yet, limited empiri-
cal research examines how SOT are operationalised within
AI governance processes. Our interview study addresses this
gap by examining how SOT are developed, operationalised,
and contested in situ.

Fragmentation and selection ambiguity Recent large-
scale reviews of sociotechnical harms (Shelby et al. 2023)
and meta-repository initiatives (Slattery et al. 2026) demon-
strate overlap and divergence in the scope of SOT, the ter-
minology used within, and the level of abstraction around
which they are organised. SOT users must choose between
partially overlapping frameworks without established criteria
for determining which is most appropriate for a given system,
sector, or organisational context. Fragmentation may also
enable strategic evasion of AI governance, wherein organisa-
tions select SOT that are narrower in scope or omit particular
risks — akin to “ethics washing” in other AI governance
practices (Bietti 2020; Arnold et al. 2024).

Participatory burdens Many SOT emphasise participa-
tory development processes (e.g., Abercrombie et al. 2024).
Such approaches are often normatively justified as enhanc-
ing legitimacy and inclusivity. However, in a context where
SOT are proliferating, they may create cumulative burdens
for community advocates and stakeholders asked to partic-
ipate in their development. Critical scholarship on design
justice and participatory governance highlights the risks of
extractive engagement, consultation fatigue, and the uneven
distribution of labour onto communities and individuals with
limited institutional power (Birhane et al. 2022; Cooper et al.
2022; Costanza-Chock 2020; Rakova et al. 2021). When mul-
tiple SOT are developed in parallel, potentially consulting
overlapping communities, there may be little coordination to
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mitigate repeated engagement demands or to share insights
across initiatives.

Guidance for use While SOT provide structured enumera-
tions of harms or risks, they rarely specify how they should be
selected, combined, or operationalised in practice. Compre-
hensive taxonomies (e.g., Weidinger et al. 2022; Slattery et al.
2026) describe categories and subcategories but typically do
not offer decision frameworks for prioritising harms or resolv-
ing trade-offs between competing impacts. Decisions about
which harms to prioritise, how to weigh conflicting impacts,
and how to determine when an SOT has been sufficiently
applied remain largely under-specified.

3 Method
Through expert interviews, we explored practices and per-
spectives about taxonomising societal impacts of AI.

3.1 Recruitment
We recruited participants with experience developing or us-
ing SOT. Contributors to SOT were identified through the
literature summarised in the preceding section and the profes-
sional networks of the research team. Two sets of inclusion
criteria were used:

• Taxonomy developers: Contributors to the development
of an SOT designed to enable systematic thinking about
the potential consequences of deploying an AI system or
AI technology. We interpreted both “contribution” (e.g.,
co-authorship, advisory roles) and “AI” broadly: if an
SOT used the term AI or associated terms (e.g., GenAI,
Frontier AI), we considered it relevant.

• Taxonomy users: Individuals who have engaged with
SOT in a work or research setting. Engagement could take
many forms, from using an SOT in an evaluation of an AI
system to using an SOT to inform research. Participants
needed some prior familiarity with an SOT (e.g., its layout,
scope, and purpose) but did not need to be deeply familiar
with multiple SOT.

Through email outreach, we recruited 25 participants from
industry, academia, and civil society or government, across
five regions (see the summary in Table B and further par-
ticipant details in the Appendix). Among the participants,
17 had contributed to the development of one or more SOT
(representing over 20 SOT collectively), and eight had en-
gaged with taxonomies primarily as users in RAI evaluation
contexts.

Sector Europe UK N. America Other Total

Academia 0 2 6 0 8
Industry 2 0 8 0 10
Civil Soc./Gov. 1 1 4 1 7

Total 3 3 18 1 25

Table 1: Participants by sector & geography (n = 25).

3.2 Data Collection
We developed two versions of a semi-structured interview
protocol, one for SOT developers and one for SOT users, and
structured both protocols around two themes:
1. The development or use of specific SOT: For developers,

this focused on questions about purpose, envisaged use
cases, target audiences, and design decisions. For users,
this included questions about how they selected SOT for
particular tasks, what challenges they encountered when
using it, and what made an SOT useful or not.

2. The broader role of SOT in tracking and managing
societal outcomes of AI deployments: This included how
SOT fit within the RAI ecosystem and how societal impact
is understood and measured in participants’ organisations.

All interviews were conducted online, lasted approximately
60 minutes, and were recorded with consent, transcribed, and
de-identified. Participants were compensated with gift cards
and offered the opportunity to review direct quotes before
publication. The project was approved by the ANU IRB.

3.3 Data analysis
We analysed the transcripts using reflexive thematic analy-
sis (RTA) (Braun and Clarke 2006, 2021). This approach
foregrounds the influence of researchers in interpreting data,
encouraging them to reflect on that influence as they develop
and refine codes, and it aims for rich interpretations rather
than a consensus of meaning (Byrne 2022). All authors par-
ticipated in the analysis, meeting regularly as a team over
six months to review transcripts and inductively develop low-
level codes based on the semantic content of each interview.
Discussions at each meeting compared interpretations, sur-
faced disagreements, and challenged assumptions that our
shared familiarity with the domain could lead us to overlook.

We grouped low-level codes into higher-level codes on a
digital whiteboard; one author led the initial grouping before
the broader team progressively developed these into themes
through multiple rounds of discussion and refinement. See the
Appendix for the codebook produced through this analysis.
The distinction between SOT developers and users that we
envisaged in our interview design proved difficult to maintain
during analysis: several participants recruited as developers
described drawing on existing SOT in their own work, while
those recruited as users were often simultaneously develop-
ing internal SOT. We therefore report differences between
industry-based participants and those in other sectors, but not
between nominal ‘developers’ and ‘users.’

4 Findings
Participants positioned SOT as foundational to the broader
project of RAI. In their accounts, SOT enable product teams,
policy makers, regulators, activists, and community groups to
map and navigate the complex problem space of AI risks and
impacts. SOT are “critical scaffolding” [C10]1 for developing

1We refer to participants using A (academia), I (industry) or C
(civil society or government) and an ID number (e.g. A1). Several
participants have moved between sectors during their career; we
display only their affiliation at the time of this study.
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a shared vocabulary to inform risk analysis, impact assess-
ment, and harm mitigation efforts, fostering accountability
for AI deployment decisions. While participants’ evidence
of SOT adoption was largely anecdotal, their reports of in-
terest in SOT [A11, C12, I7, I8, I20] indicate the potential.
Participants were cognisant of the challenges of SOT prolif-
eration, adoption, and integration into AI governance, but the
opportunity for SOT to be foundational to the development of
robust AI governance regimes was nonetheless clear to them
[A9, A11, C10, C19, I2]. Yet, participant descriptions of how
SOT are used in practice demonstrate our first finding: SOT
are not well integrated into AI governance processes, with
little evidence of SOT being used to inform AI deployment
decisions or the monitoring of AI impacts.

Participants’ responses highlighted two significant barriers
to realising the potential of SOT, constituting our second and
third findings. To structure the landscape of AI risks, SOT
inherently reduce the complexity of the problem space.
Enacting this reduction requires resolving design tensions —
most significantly the “altitude problem” [I21], wherein SOT
developers must choose the right level of abstraction at which
to define AI risks or impacts. Participants observed that AI
risks and impacts are not natural phenomena to be mapped,
but rather sociotechnical outcomes whose causes must be
explicated to scaffold substantive and targeted AI governance
interventions. Yet, incorporating causal analysis into the
development of SOT has proved challenging, and most
existing SOT do not attempt to identify the decision points
or critical actors who may be responsible for the catalogued
risks occurring.

Participants advocated for a range of approaches to address-
ing these barriers. Our final finding reports three recommen-
dations for improving SOT development and adoption, on
which participants converged: linking harm categories in SOT
to decision-points in product development, strengthening ex-
ternal requirements on technology firms to ensure monitoring
of risks enumerated in SOT, and improving coordination
across currently overlapping and sometimes divergent SOT
frameworks. Together, these recommendations signal a move
towards standardisation across SOT, although they raise the
question of where within the AI ecosystem, from a normative
perspective, SOT development should be led. We return to
this question in our Discussion.

4.1 Gaps in integrating SOT into AI governance
Across participants’ accounts, the integration of SOT into
AI governance remains partial and uneven. This is visible
in two strands of our data, which we examine in turn: the
proliferation of SOT in the absence of coordination across
them, and the limited visibility participants reported into the
adoption of SOT and the outcomes SOT attempt to anticipate.

Proliferation without coordination Proliferation is a con-
dition practitioners must navigate rather than a resource they
can draw on. The multiplicity of SOT creates “analysis paral-
ysis” [I8], with attention spent grappling with subtly different
and often incompatible classifications rather than acting on
the harms those classifications enumerate [I4, A15, I16]. I14
reported that “there are so many of them” that “choosing your

approach” has itself become “a limitation of taxonomies.”
Organisationally, proliferation enables strategic selection of
SOT while confounding efforts to standardise harm classifi-
cation. As A11 observed, “the ways that different AI people
or AI organisations or companies frame [risks] are some-
times suspiciously narrow.” I16 located the consequence in
the absence of coordinated alternatives: fragmentation drives
“every company. . . to create their own” SOT. Responses were
adaptive rather than corrective and, in aggregate, exacerbated
proliferation. Rather than waiting for coordination, partici-
pants built local workarounds, “reformulating what has been
said” in existing SOT [A15]. I4 described creating “map-
pings between different taxonomies, so at least all of the
work you’ve done under taxonomy A will still be relevant.”
These workarounds enabled participants to situate their work
within a fragmented landscape, but did so by adding further
layers to it. I8 described the resulting condition: “you just
need to act and you don’t know how or what to act upon.”

Adoption and outcomes without visibility Beyond the
navigational challenges of proliferation, SOT developers have
little visibility into how their SOT are used. The absence of
feedback channels surfaces directly: “I unfortunately have no
evidence whether people have found it useful” [I20]; there
is little “insight into how [developers] actually do, or if they
actually do,” use them [I14]. I14 and I20 are both based in
industry, so their lack of visibility into SOT use is particularly
striking, though it should not be misread as a lack of interest
in SOT utility. Where evidence of use did exist, it was anecdo-
tal. I8 described an SOT they contributed to as “quite widely
used. . . I mean, not all the time.” Without infrastructure that
would track adoption systematically, neither the developers
of SOT nor those evaluating their utility can diagnose where
integration is succeeding and where it is failing. The same
absence operates downstream, at the level of the harms SOT
are intended to anticipate. There is little evidence that risks
enumerated in SOT are systematically monitored after de-
ployment. An aspirational adverse event reporting pipeline
is “like a fantasy” [I8], while C17 reported that post-launch
monitoring “consistently gets de-prioritised.” Together, these
visibility gaps mean that the foundational role participants as-
cribed to SOT in the broader project of AI governance cannot
be empirically assessed from within the current ecosystem.

4.2 Seeking clarity while navigating reductionism
Participants described SOT as responding to the complexity
of AI impacts by imposing a structure on the problem space
[C17, I8, I25, I4, A5, I2, A9, A11, C19, A24]. I8, for example,
observed that “you have a bunch of phenomena that you’re
interested and confused by. . . you’re trying to impose some
kind of structure onto this.” By imposing structure, partici-
pants framed SOT as enabling understanding of the problem
space and foreshadowing action.

This frame of “imposing structure” reflects an awareness of
the subjectivity inherent in developing classificatory schemas.
This subjectivity begins in the composition of the SOT devel-
opment team itself, which may “naturally narrow the scope”
[A1]. As I25 opined: “If the taxonomy is created primarily
from the. . . circle jerk of computer science, then it’s not nec-
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essarily actually mapping the full breadth of risk.” Counterex-
amples to I25’s account exist: SOT development teams span-
ning disciplinary or institutional boundaries formed shared
vocabularies and deepened their appreciation of AI risks
through the development process [C10, I2, I7, I8]. However,
as we explore below, this awareness is in tension with the de-
sire for SOT that AI practitioners can easily interpret and act
on. That desire can incentivise reductionist design choices
that simplify the problem space in ways that serve some
audiences better than others.

Reduction treated as description The structuring work
SOT do is necessarily reductive: a navigable category schema
cannot, by definition, preserve all the specificity of the phe-
nomena it organises. Referring to deepfake harms, I20 illus-
trated how individual categories collapse phenomena that
remain heterogeneous in practice:

The kind of harm that happens if a deepfake is used to
fool a grandmother [is different] to the kind of harm
that happens with the Marco Rubio thing that. . . hap-
pened on a political level. . . to the kind of harm that
happens if a CEO’s voice is taken. They’re actually
quite different.

The single category of “deepfake harm” offers structure for
those acting on the SOT, but only by collapsing distinctions
that matter for who is responsible, who is harmed, and what
mitigation might involve. The category risks communicating
more clarity than the underlying phenomena warrant.

The simplification of AI risks has unintended conse-
quences for the way AI governance processes recognise and
address harms. Several participants recognised the sociopo-
litical consequences of the choices this reduction entails:

At the end of the day, taxonomies are language cre-
ation. . . if language and categorisation is power, tax-
onomies hold power. Because if you create [a] taxon-
omy and you leave out categories intentionally, those
categories won’t get measured. [I20]

I8 named the corollary risk: “the danger, of course, is always
that you start to mistake your abstraction for reality. . . people
think the taxonomy is real.” In both accounts, the reductive
work of an SOT is interpretive, not descriptive. The risk is not
that SOT simplify per se, but that the simplifications come
to be treated as descriptions of the world rather than as one
possible structuring of it.

Usability concerns guide navigation of design tensions
SOT enable discussion and debate about AI risks by establish-
ing a shared vocabulary. The framework of an SOT, however,
must overcome what I21 termed the “altitude problem:”

Having a ridiculously high branching factor [or] a very
flat taxonomy is not that helpful. You need to have
some degree of nice categorical structuring to it. But
how do you decide which elements can be promoted
to what level within the taxonomy?

The risk here is the failure to meaningfully clarify the prob-
lem space; neither exhaustive lists nor high-level categories
enable interpretation of AI risks. C17 similarly noted that the
same categories mean different things to different actors:

The same words mean different things [to all the stake-
holders], and you need to be able to root the [SOT] in
concrete examples.

The criterion for determining the right ‘altitude,’ across ac-
counts, is thus ease of interpretation for those expected to act
on the SOT [A6, A3, A15, C17].

Some risks are likely easier to describe with “concrete
examples” than others, which may lead to imbalances across
SOT categories. Optimising for interpretability therefore has
two risks for SOT: inviting reductionist interpretations of AI
risks and impacts, and losing fidelity to the heterogeneity of
experiences within a category or across affected communi-
ties.

The altitude problem is further complicated by the need
for SOT to retain their relevance across successive genera-
tions of AI technologies. As A9 observed, a “real difficulty
with taxonomies of technology is that. . . if they’re too deep,
they become redundant really quickly.” Thinking of SOT as
‘living’ documents — which evolve over time while retaining
their core structure — resolved tensions between flexibility
and stability for several participants [I4, I16, I20, I21]. I16
described how precise risk definitions may be less useful than
a balance of flexibility and stability that allows product teams
to intuit risks and move quickly to action. The pace of SOT
change is thus calibrated to practitioner workflow, without
consideration of the needs of other stakeholders.

4.3 Mitigating risks requires addressing causality
The purpose of SOT, for many participants, is interpretive
rather than declarative [C10, I8, I7]. A15 termed this “the
procedural value of taxonomising,” which “maybe exists
irrespective of whether or not at the end of it you try to
publish a paper.” I2 framed the SOT they contributed to as
“a sort of reflection, an initial tool embedded in the process
before we go to a more formal process.” I7, meanwhile, tied
SOT development directly to accountability for AI impacts:
developers “can be held accountable to what they’ve done
about it because they’ve just declared that they know.” Across
these accounts, the deliberative work of SOT development
generates shared vocabulary and prepares product teams to
engage with AI risks; SOT development serves as a “critical
scaffolding” [C10] for actions intended to mitigate the risks
SOT enumerate.

Interpretation scaffolds action SOT scaffold governance
actions by reducing the complexity of analysing AI risks. The
value of SOT, C10 argued, lies not in the categorisation itself
but in the systematic analysis it enables. Across accounts,
SOT facilitate the handoff between identifying risks and act-
ing on them [I21, I2, C12, A15, I16, C19, A24, C17]. I16
used the language of ‘passing’ to describe the function of
SOT, which enable RAI teams to “suss out risk types and
then pass that off to the [product] team with some helpful
advice or strategies that they can use to measure, assess, and
determine” next steps. In these cases, SOT function as trans-
lation aids, converting diffuse concerns about AI risks into
forms that are tractable for AI product teams, and, in doing so,
enabling responsibility for concerns to move from ethics or
research teams to product teams. This translational function
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was valued across institutional contexts [A11, I8, I16, I14, I2,
C17, C19]: generalised concern about AI risks is, in itself, a
barrier to productive action [I4, C17, C12].

A24 extended this scaffolding role in a direction other
participants did not, describing SOT as serving a diagnostic
function after deployment as well as a proactive one before
it: “If you’re building an AI system in any of these areas, this
taxonomy helps you pay attention to. . . what can be done
to make sure certain types of outcomes are not produced.
And on the other flip side. . . [AI] systems are going to make
mistakes. And when they do. . . where is the problem? What
category of problems are we dealing with?” A24’s account is
also distinctive in centring the interests of affected communi-
ties rather than the operational needs of product teams: when
working with marginalised communities, A24 argued, the
right approach is to “Go talk to the community. Figure out
what they need.” Across our interviews, this orientation was
rare; the scaffolding function of SOT was overwhelmingly
described in terms of actions for product teams.

Action without causal analysis may be misdirected The
form of action SOT scaffold follows from their descriptive
approach to enumerating harms. SOT describe AI risks but
do not, in general, explain how risks manifest as harms or im-
pacts, or specify the actors whose decisions may exacerbate
or mitigate them [I8, I20, C10, C13]. As I8 put it:

There’s a missing element of causation in the taxon-
omy. . . We are treating it like a botany taxonomy as
opposed to, ‘Wait, we’re the ones doing this.’. . . When-
ever it’s discovered or detected and pointed out, of
course they. . . go to court and say, ‘No, we’re not
responsible.’ [I8]

A botany taxonomy reflects the positivist epistemology of the
naturalist classifying plants based on cellular and biological
traits, without regard to questions of accountability for their
distribution in a particular environment. SOT, treated simi-
larly, render AI harms as objective, passive phenomena to
be observed and classified rather than as normative, dynamic
outcomes produced by identifiable decisions. As I8 argues,
the descriptive posture of existing SOT means that harms are
documented without causal attribution, and the organisations
producing the underlying systems are positioned to deny
responsibility for what SOT record. Other participants simi-
larly highlighted gaps in SOT “root cause analysis” [A24];
“we’re only categorising incidents and risks without actually
looking at how risks arise” [I20; cf. C10, I21]. This lack of
explicit causal analysis within SOT is, in part, a product of
the diffuse range of risk sources unique to the form and func-
tion of individual AI systems. I8 notes, when reflecting on
conversations about causality with AI product teams during
SOT development: “You’d get to a point in the discussion
where they’d say, ‘Well. . . that’s just society, that’s just how
society is. We can’t be held responsible for inequality. We
can’t be held responsible for racism.”’ Where harms can be
attributed to the social world in general, rather than to AI
development specifically, responsibility for catalogued risks
becomes similarly diffuse.

Where SOT adopt a descriptive orientation, there are con-
sequences for the kinds of action they can scaffold. Two

consequences, in particular, are visible across participants’
accounts: action may be misdirected, focusing more on mea-
suring risk proxies than on preventing harm [I20]; and ac-
countability infrastructure that could connect documented
harms to responsible actors remains underdeveloped [I7, I8].
The first consequence is visible in how SOT-based measure-
ment work is constructed, while the second can be seen in
accountability gaps for addressing SOT-catalogued risks.

A3 described a recurring disconnect between the measure-
ments SOT enable and the impacts SOT enumerate: “There’s
a lack of connection made between what is that impact and
what is the model or the system’s performance?” Without
a causal account that links system features to the impacts
they produce, SOT-informed measurement is limited to sys-
tem properties that are tractable to measure, rather than to
the impacts that are the SOT’s substantive concern. The ac-
tion SOT scaffold thus tracks the measurable rather than the
consequential.

The second consequence concerns how actors are held
accountable, or made responsible, for addressing risks de-
scribed in an SOT. I14 described the experience of attempting
to challenge a product team’s decision-making using SOT-
based concerns:

There was one product team that was just driving me
absolutely crazy because they didn’t really have any
justification. . . And there was not really a way to fight
that justification because, to them, if they have people
buying something that’s more justified than, like, a
paper [describing an AI risk].

C12, from civil society rather than within a technology firm,
observed: “You have to have some kind of way to point out
what you’re talking about [to decision makers].” These ex-
tracts demonstrate an evidentiary and accountability asymme-
try. Product teams have tools to articulate how their decisions
impact certain forms of consumer behaviour, but RAI teams
and civil society lack the tools to articulate how product deci-
sions may increase AI risks in any form that activates internal
accountability processes.

Where SOT do inform organisational processes, depending
on organisational culture, classification can displace action
altogether. I8 provided one example: “You just kind of point
to like, ‘Oh, we did a datasheet’. Then it’s like. . . and what
did you do because of that?. . . The answer is, ‘We didn’t
actually change it. We just document.”’ Datasheets may be-
come evidence that risk has been considered, not evidence
that risk has been addressed. I2 named the same risk from
a different vantage point, describing the attitude of “I use
this tool and this sort of Bible, in quotes, oh, I’m done. . .
It’s okay. I got the green light. Push it into market.” In both
accounts, the intended governance work of SOT is displaced
by the organisational work of demonstrating governance has
occurred. Without causal scaffolding linking categories to
decision points and responsible actors, SOT-informed gov-
ernance may default to dominant logics already operative
within the firm.

Myopic focus on corporate concerns The descriptive ori-
entation of SOT can shape which catalogued risks are ad-
dressed in practice. Without external requirements to address
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impacts documented in SOT, decisions about prioritisation
may be guided by other incentives, namely a firm’s com-
mercial and reputational considerations. I16 described the
fundamental tension between near-term “business needs” and
the “long time” it takes to “understand societal impacts,” not-
ing that harms often only become “glaringly apparent after
something has already launched.” Product launches thus act
as a contradictory inflection point, marking a transition in
the firm’s development cycle and the beginning of real-world
societal impact. Consequently, at the time initial risk assess-
ments and mitigation strategies are developed, threats to the
business and the product timeline are highly legible, while
long-term societal impacts remain opaque. RAI practitioners
navigate this asymmetry by framing SOT adoption in com-
mercial terms: “How do we sell this to product teams so they
feel like. . . it accelerates their launch” [I16].

Yet, this commercial framing may influence which SOT-
catalogued harms are actually addressed, further ignoring
long-term societal impacts. As risks are weighed against
business interests, reputational visibility may be a primary
proxy for harm. As I8 described, the operative question dur-
ing launch decisions is often simply: “What would the New
York Times headline read?” Relying on media coverage and
social media monitoring [I7] as the barometer of risk means
harms can be systematically deprioritised if they are diffuse,
slow-moving, or borne by communities with limited public
voice. I20 highlighted the geographic bias of this dynamic:
“Europe would focus very much on Europe, US [is] very
much concerned about deepfakes and harms associated with
that, but then cultural erasure in the Global South kind of
gets ignored.”

4.4 Improving SOT development and adoption
Across our interviews, participants articulated converging
views regarding future development of SOT and their inte-
gration into AI governance, highlighting the need for causal
analysis linking harm categories to decision points in product
development and responsible actors [I8, I20, C13, C12, C10];
external requirements to ensure technology firms are account-
able for AI risk mitigation and monitoring [I16, A11, A24,
I7]; and coordination across the fragmented landscape of dif-
ferent SOT, moving towards standardised approaches to AI
risk classification, identification, and monitoring [C17, A11,
I16, I21]. Participants framed technology firms’ development
of SOT as a pragmatic response to the absence of external
requirements and the need for structured approaches to think-
ing about AI risks and impacts [I16, C17, I8]. This framing
reflects the lack of alternatives rather than an endorsement of
industry as the appropriate locus for this work.

Participants cautioned, however, that the form that integra-
tion takes matters. C17 described the historical trajectory of
SOT integration into firm-level AI governance as a flatten-
ing movement, from a “noble minded, ethical, philosophical
approach to harm” through to a “corporatised risk approach”
integrated into “normal compliance practices.” A11 described
a sharper version of the same concern, observing that “bad
evals can just serve to increase boldness and reduce potential
for liability. . . [and] decrease responsibility for the down-
stream problems.” Integration into evaluation and compli-

ance processes, in this account, do not merely flatten but
actively reduce accountability, by providing documented evi-
dence that risks have been considered and discharged. The
implication is not that further development and adoption of
SOT should be resisted, but that steps towards standardisation
across SOT should be taken cautiously. Standardisation —
whether through external requirements, internal compliance
regimes, or cross-industry coordination — moves the locus of
definitional authority over what counts as an AI risk. Where
definitional authority comes to rest shapes which risks remain
visible, whose accountability is activated, and what counts
as having addressed a classified harm. This highlights the
underlying question raised by participants’ recommendations:
where, within the AI ecosystem, the work of developing and
coordinating SOT should sit, whether with regulators [A1],
academia [A11], civil society [C10], or distributed across AI
governance actors [A3] — a question we turn to below.

5 Discussion
5.1 Implications for SOT developers and users
STS scholars have documented how methodological and po-
litical choices embedded in classification work are rarely
made explicit. This opacity has several consequences for
those who inherit the categories (Bowker and Star 2000;
Star and Strauss 1999; Suchman 2002). Phenomena that do
not fit are absorbed into residual categories or distorted to
fit those that exist. The labour through which the schema
was stabilised becomes invisible and difficult to contest, and
the positions from which the categories were produced are
hidden from those who later use them.

Our findings show this opacity at work in SOT practice,
with three consequences revealed in participants’ accounts.
First, without shared conventions for how SOT are organ-
ised, scoped, and described, users cannot reliably compare
or combine them. Participants worked around this navigation
problem through local mappings that, in aggregate, deep-
ened the problem they were responding to. Second, where
the interpretive work informing an SOT is invisible, the cate-
gories travel without the caveats that produced them, and SOT
designed as reflexive aids can be taken up as performative
checklists. Third, where opacity disguises the choices about
whose concerns the SOT centres, risks more readily legible
to technology firms tend to be reified, while less legible risks,
and the communities affected by them, are marginalised. We
turn now to three design properties that respond to these
consequences: interoperability, extensibility, and traceability.

Interoperability SOT can be made comparable and com-
binable through deliberate design, rather than relying solely
on after-the-fact translation. Three design moves support this.
First, SOT need shared structural conventions through con-
sistent organising primitives: clear distinctions between risks,
impacts, and harms; between types of harm and levels at
which they occur; and between observed and anticipated ef-
fects. Through such primitives, two SOT using compatible
conventions can be aligned even if their specific categorical
content differs (Bowker 2000). Second, explicit metadata
regarding evidentiary sources, target audience, intended uses,
and definitions of risk and scope should be integrated directly
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into the SOT rather than accompanying notes. Treating this
context as a core component of the artefact makes visible the
articulation work of SOT development, exposing the debate,
negotiation, and judgement under uncertainty through which
categories are stabilised (Star and Strauss 1999). This docu-
mentation would allow users to assess fit, identify overlap and
gaps, and integrate categories across multiple SOT without
flattening the vital distinctions that produced them (Edwards
et al. 2011). Third, the SOT development process itself should
produce explicit mappings to adjacent SOT (e.g., noting a cat-
egory maps to X in another scheme or stating it has no direct
equivalent). Publishing SOT with these documented corre-
spondences facilitates interoperability and absorbs the heavy
translation labour participants currently report undertaking
themselves. Practically, as Bagehorn et al. (2025) describe,
this mapping can be supported by adopting stable semantic
identifiers for risks, and using frameworks like the Simple
Standard for Sharing Ontological Mappings (Matentzoglu
et al. 2022).

Extensibility An SOT’s categorical structure can leave
space for new evidence of risks or harms, technological devel-
opments, or contexts to be incorporated.Three design moves
support extensibility (Ribes and Finholt 2009; Jackson 2014).
First, state explicit boundary conditions. Rather than merely
documenting what an SOT covers, the artefact should explic-
itly identify adjacent contexts it does not cover and where
compatible categorisation is still needed. Defining this neg-
ative space clearly signals to downstream users where ex-
tensions are welcome and roughly what shape they can take.
Second, develop risk categories designed to operate across
multiple levels of abstraction. When SOT allow categories to
be unpacked at finer granularity or aggregated upward with-
out breaking the overall structure, it enables users at different
operational altitudes to engage with and extend the artefact in
either direction. For example, Shelby et al. (2023) organised
harms by type and level, providing a modular architecture
that Wang, Kameswaran, and Kacorri (2025) extended to
map harms related to disability. Third, include mechanisms
for integrating new evidence in the initial publication of the
SOT, rather than deferred to future re-development cycles.
Conceptually, Weidinger et al. (2022) demonstrate this by
distinguishing between observed harms and anticipated risks.
This built-in distinction creates a designated holding space
for new empirical evidence, while the interactive taxonomy
developed by Abercrombie et al. (2024) offers an example of
tooling to support extensibility.

Traceability SOT enumerate harms but, as our third find-
ing documents, rarely connect those harms to the decisions,
deployment contexts, and actors implicated in producing
them. This disconnect can allow classification to substitute
for meaningful action, reducing the potential of SOT to sup-
port accountability within AI governance. Two design moves
support traceability. First, include causal pathways linking
classified risks to the decision points and actors that shape
their occurrence. Full causal models require examining so-
ciotechnical specifics of a given AI system and its context
of use, and would risk overburdening participants in col-
laborative SOT development. But even lightweight causal

mapping is powerful. By indicating how a risk might arise,
and whose decisions govern that context, the SOT gives users
and external stakeholders a concrete basis to challenge what
might otherwise be interpreted as diffuse, unavoidable harms.
Slattery et al. (2026)’s Causal Taxonomy, which categorises
entity, intent and timing, provides a practical example of
this approach. Second, monitoring requirements should be
made explicit alongside causal pathways. For each pathway,
the SOT should specify what needs to be observable in de-
ployment for a classified risk to be detected. Naming these
observability requirements makes the link between classifica-
tion and intervention explicit, even when the infrastructure
to fulfil them does not yet exist. A rigorous measurement
practice, supported by complementary diagnostic approaches
(e.g., (Rismani et al. 2023, 2025; Wallach et al. 2025)), will
allow SOT developers to surface these observability gaps.

5.2 Implications for AI governance
Integration gaps in AI governance reflect more than coor-
dination shortcomings. SOT do important work surfacing
potential AI harms across product teams, policymakers, and
civil society. But in a regulatory environment with few bind-
ing requirements specific to AI harm mitigation, technology
firms remain largely able to self-regulate how they respond to
surfaced harms (Greene, Hoffmann, and Stark 2019). Those
outside technology firms have few pathways for holding them
to account for risk prioritisation or mitigation actions. Our
finding that classification can substitute for action, and can
occur without sanction, is unsurprising in this light (Costanza-
Chock, Raji, and Buolamwini 2022). The proliferation of
SOT compounds the gap. When every firm develops its own
internal SOT, harm definition becomes a private rather than a
public activity. The consequences of those private definitional
choices accrue to publics that have little role in making them.

Where, then, in the AI governance ecosystem should the
work of SOT development sit? Participants gestured in dif-
ferent directions, including regulators, academia, civil soci-
ety, or distributed across actors. Each has structural limits.
Industry-led development brings empirical grounding from
proximity to deployed systems, but participants described
an asymmetric publication regime: researchers in industry
labs are rewarded for novel taxonomies and constrained from
publishing actual incidents. The result is a steady supply of
new SOT alongside little public evidence about whether the
harms those SOT enumerate are actually occurring or be-
ing addressed. The SOT closest to deployed systems are the
least likely to be public, and the most visible SOT are largely
categorisation without empiricism. Regulator-led develop-
ment could address concerns about democratic legitimacy
— weighing different harms against each other is, in sub-
stance, a political question (Bowker and Star 2000) — but it
risks the flattening of normative commitments into compli-
ance categories that participants observed occurring within
firms. Academic and civil society-led development can pre-
serve normative breadth, but lacks the empirical visibility
and enforcement leverage that would make SOT operative in
deployed contexts. No single locus offers a complete answer.

Standardisation across SOT would, in principle, address
many of these challenges by providing a common referent, re-
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ducing the strategic space for firm-level selection and partial
uptake. But standards emerge through accretive coordination
across institutional sites, requiring an accumulated substrate
of shared vocabularies, infrastructural commitments, com-
parable evidentiary records, and consolidated institutional
authority (Timmermans and Epstein 2010). The AI gover-
nance landscape lacks these. No existing institution combines
the empirical visibility, democratic legitimacy, and enforce-
ment leverage that standardisation requires. The technology
firms best positioned to lead standard-setting for SOT are
also those whose interests standardisation would most readily
entrench. Premature standardisation under these conditions
risks freezing the definitional asymmetries our findings have
identified, on terms that suit incumbents. What is needed
first is not a standard but the substrate from which a standard
could later emerge.

Assembling this substrate is the AI governance work
needed to complement the SOT design recommendations
outlined above. A well-designed SOT does little if the con-
ditions for its uptake, comparison, and contestation do not
exist; interoperability, extensibility, and accountability must
be realised at the level of the ecosystem too. Governance
efforts can begin to assemble the infrastructure within which
these properties become consequential: accretive infrastruc-
ture (Timmermans and Berg 1997) through which future
standards for AI risk, harm, and impact definition, classifica-
tion, and monitoring may develop. The most tractable starting
point is aggregation: a registry, perhaps hosted by an exist-
ing standards institution, where SOT are deposited alongside
their developmental documentation and where monitoring
and reporting expectations can be attached to catalogued risks.
Such a register would do three things. First, it would make
interoperability a property of the ecosystem rather than work
that each developer replicates. Second, it would offer a place
where empirical evidence currently siloed within firms could
begin to be assembled, giving extensibility a basis in accu-
mulating evidence rather than in developer foresight alone.
Third, it would enable monitoring expectations to be attached
to classification work, turning the link between classification
and intervention into a potentially enforceable governance
relation rather than a developer aspiration. AGORA (Arnold
et al. 2024) offers a partial precedent at the regulatory level.
This is the broader governance project that SOT scaffold, and
on which their value ultimately depends.

6 Limitations
Four limitations bear on how our findings should be read.
First, our sample mirrors the geographic concentration that
our participants themselves critique: participants and authors
are based in the US, Europe, UK, and Australia, with no
representation from the Global South. The dynamics we de-
scribe may look different from positions our team cannot
speak from. Second, our findings are based on retrospective
accounts of SOT development and use, rather than direct
observation of taxonomising practice or its effects on prod-
uct decisions. Triangulation through ethnographic studies of
SOT in use would be helpful. Third, we recruited participants
through their prior engagement with SOT, which excludes the
perspectives of practitioners who encountered SOT and chose

not to use them. Their reasoning would provide vital counter-
evidence regarding SOT uptake. Finally, several participants
spoke with notable candour and their quotes recur across our
themes; we have sought to balance their voices against others
where possible, but especially forthright participants likely
influenced the analysis.

7 Conclusion & Future Work
We set out to investigate two research questions about the
development and use of SOT, specifically their role in AI
governance. Through interviews with researchers and practi-
tioners (n = 25), we found SOT developers and users to be
keenly aware of a core tension: imposing a useful structure
on an inherently complex problem space without flattening
the nuance required to properly analyse AI risk. While SOT
are theoretically positioned to bridge the operationalisation
gaps between high-level ethical principles and their imple-
mentation in product decisions, we found them to be weakly
integrated into actual AI governance processes. Our findings
locate this weak integration in features of SOT design and
use that simply proliferating more SOT will not, on its own,
resolve. The necessary, but reductive, choices through which
SOT structure the problem space of AI risks tend to be in-
visible to downstream taxonomy users, causing frameworks
intended as interpretive aids to be misused as exhaustive de-
scriptions. SOT also tend to enumerate harms without linking
them to the decision points or specific actors implicated in
their occurrence, leaving accountability difficult to assign and
facilitating classification to substitute for substantive action.

Realising the governance potential of SOT requires inter-
vention at the artefact and ecosystem levels. For SOT devel-
opers, we articulate three desiderata: interoperability, exten-
sibility, and traceability, the last of which demands explicit
causal pathways and observability conditions for classified
risks. At the ecosystem level, rather than pursuing premature
standardisation that risks entrenching incumbent interests,
we advocate for assembling the substrate from which future
standards might emerge: a shared registry that aggregates
SOT alongside their developmental documentation, eviden-
tiary records, and monitoring expectations. Finally, to better
understand when classification leads to mitigation, future
empirical research must directly observe SOT in use across
industry, civil society, and regulatory agencies.

Positionality Statement
Our team is interdisciplinary and inter-sectoral. Three authors
hold industry affiliations and three are based in academia,
with disciplinary backgrounds spanning NLP, HCI, and STS.
Four authors are based in the United States, two in Australia.
All authors are active in the RAI research community. One au-
thor led the development of an SOT; others have contributed
to the development of SOT or used them in evaluation work.
We recognise SOT as one of the few RAI artefacts with up-
take across research, policy, and industry, while also being
aware of widespread barriers to effective RAI adoption in
practice. Our analysis proceeds from an intermediary po-
sition, neither disinterested outsiders to questions of SOT
development nor entirely insiders to SOT adoption within
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technology firms.
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