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Abstract

Human-AI interaction risks account for most real-world AI
harms but remain underrepresented in safety evaluations. In-
stead, these tend to prioritize model-level evaluations, ab-
stracting away the contexts in which harms emerge. In tack-
ling this, responsible AI efforts have provided practitioners
with tools, such as checklists and impact assessments. Yet,
these tools often assume a shared understanding of harm,
overlooking practitioners’ personal, organizational, and me-
dia assumptions. As research increasingly addresses human-
AI interaction risks, it is crucial to examine practitioners’ as-
sumptions. I first conduct a survey and interviews to empir-
ically explore how practitioners envision harm through their
underlying assumptions. Second, I reflect on these findings to
explore how responsible AI efforts can better support critical
reflection on underlying assumptions.

Introduction
In controversies about technology and society, there is no
idea more provocative than the notion that technical things
have political qualities.
—Langdon Winner, 1980

When teaching AI Ethics at a prominent AI organization,
I noticed practitioners’ concerns diverged: some emphasized
artificial general intelligence and competition with China
as their main concern; others argued back by pointing at
more immediate risks, such as overreliance or biases. These
claims often mirrored media’s opposing narratives (Roth-
man 2025), risking the framing of risks through moral pan-
ics rather than evidence-based assessment. In this proposal I
outline a plan to systematically study how practitioners’ per-
sonal, organizational, and media influences shape AI safety
evaluations, to identify current blind spots.

In my previous work I found most real-world
AI harms (69%) occur in human-AI interactions
(De Miguel Velázquez et al. 2024). However, these
harms remain underrepresented in safety evaluations—
making less than 10% in 2024 (Weidinger et al. 2023). Most
evaluations focus on model-level failures, overlooking the
complex, socially situated harms in human-AI interactions
(Weidinger et al. 2023; Feng et al. 2025; Ibrahim et al.
2024). For instance, even if LLMs have an almost perfect
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medical score in a benchmark, this performance does not
necessarily translate to user interactions, where accuracy
drops (Bean et al. 2025). This gap in evaluations is a
problem (see first row in Table 1).

To partially address this, responsible AI communities
such as CHI, CSCW, FAccT, and AIES have made valu-
able progress by designing tools, such as templates or impact
assessments, that help practitioners anticipate negative im-
pacts (Deng, Barocas, and Wortman Vaughan 2025). How-
ever, these tools might fall short in their goal as they as-
sume practitioners have a “view from nowhere”– the illusion
of objective, universal knowledge that neglects the situated
perspective of those producing it (Haraway 1988; Widder
and Nafus 2023). In this paper, I aim to study practitioners’
reactions to these impact assessments themselves and con-
ceptualizations of harm. As social scientists highlight, AI
harm conceptualizations are instead shaped by personal ex-
periences, organizational norms, and media narratives (El-
ish 2019; Olson et al. 2025) – in short, shaped by practition-
ers assumptions. Therefore, I propose the following research
question (RQ):

RQ: How do practitioners perceive and interpret human-
AI interaction harms, given personal experiences, organi-
zational norms, and media narratives?

This research will focus on generative AI, particularly
LLMs, due to data availability, though results may extend
to other modalities. To answer the RQ, I will conduct a user
study on practitioners. Building on these insights I will re-
flect on the best practices of how we can design an educa-
tional guide for the research agenda with conceptual tools
that enables critical and ethical thinking when designing
safety evaluations. This will contribute to the growing re-
search agenda for human-AI interaction and sociotechnical
safety evaluations (Feng et al. 2025).

This proposal partially complements my broader PhD the-
sis on how human-AI interaction risks are under-recognized
in technical discourse, which includes my previous work on
real-world AI incidents (De Miguel Velázquez et al. 2024).

Related Work
This section outlines the relevant fields for this work, also
summarized in Table 1.
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Field How it understands harm Assumptions Methods Gap

AI and Tech Ethics As a technical failure, bias,
or un/fairness

Harms are measurable,
often at the model-
level

Benchmarks, red
teaming, alignment
evaluations

Safety efforts still neglect interactional
harms arising from user-level deploy-
ment (Ibrahim et al. 2024).

Human-Computer
Interaction (HCI)

As situated, relational, and
experienced

Design shapes experi-
ence and agency

User studies, partic-
ipatory design

Tools exist, but can benefit from assess-
ing their efficiency (Berman, Goyal, and
Madaio 2024)

Science and Tech-
nology Studies
(STS)

As socially constructed and
politicized

Harms emerge through
power and discourse

Discourse analysis,
ethnography

STS insights rarely inform concrete harm
mitigation practices (Ananny and Craw-
ford 2018)

Table 1: Background and research gap across fields. The aim of the paper is to combine human-computer interaction (second
row) and STS (third row) to solve the gap from tech ethics (first row).

Do harm anticipation tools work in practice? Tools
such as impact assessments can be useful for AI practition-
ers to uncover potential negative impacts (Deng, Barocas,
and Wortman Vaughan 2025). Researchers have co-designed
tools that are practical, and empirically grounded (Rakova
et al. 2021a; Metcalf et al. 2021; Do et al. 2023; Deng,
Barocas, and Wortman Vaughan 2025). Reflecting on how
these tools work in practice, a systematic review found they
are often evaluated for usability, rather than for whether
they achieve their intended purpose. (Berman, Goyal, and
Madaio 2024). The way the impacts are operationalized in
impact assessments may diverge from actual harms, so that
usability alone is insufficient. (Metcalf et al. 2021). Less at-
tention has been given to on how practitioners respond to
harms given their pre-existing social beliefs.

Organizational and media influences on harm percep-
tion Scholars like Forsythe (1993), Wajcman (2007), and
Suchman (2002) show how decisions in research embed so-
cial values: biases influence workflows and design decisions,
and even fairness claims within technical systems can ob-
scure systemic injustices in practice (Selbst et al. 2019).
Practitioners’ understandings of harm are often shaped more
by personal experience, organizational norms, and media
narratives than by social science frameworks (Rakova et al.
2021b; Selbst et al. 2019). For example, practitioners’ demo-
graphic backgrounds influence how they perceive and act on
ethical concerns in AI (Olson et al. 2025), while account-
ability is also shaped by press narratives (Elish 2019).

Research Design
Methods To address the RQ (practitioners’ interpretations
of harm) I will design and conduct a set of interviews and a
survey.
1. Survey and interview design: the survey and interview

questions will be informed by a literature review on AI
ethics, organizational decision-making, and media influ-
ences, as well as insights from real-world AI incidents
(De Miguel Velázquez et al. 2024).

2. Conducting survey and interviews: the survey will be dis-
tributed online to reach a broad range of AI practitioners
across sectors. The interviews will be conducted online
or in person, will last around 45-60 minutes, in order to

allow in-depth exploration of participants’ experiences
with AI harms, organizational norms, and media narra-
tives.

3. (Tentative) Focus groups: focus groups could be con-
ducted as an additional method to observe the collective
discussions about harm perception. These remain tenta-
tive and will be refined based on consortium feedback.

Participants In this research, I define practitioners
broadly as those who work in any role on a team that de-
velops products or services involving AI, following other
work (Holstein et al. 2019; Orr and Davis 2020). I will prior-
itize those whose work focuses on designing and conducting
safety evaluations or responsible AI work. Sampling will be
purposive, targeting influential professionals (Collett 2024),
using networking, and snowballing sampling.

Analysis I will use critical discourse analysis to analyze
the survey and interviews to reveal how practitioners in-
terpret human-AI interaction harms, and to partially reveal
how these interpretations shape safety evaluations (Carvalho
2008). I will extract actionable takeaways, such as patterns
and gaps in understanding human-AI risks, and ways to im-
prove impact assessments for ethical reflection.

Limitations A practical limitation will be to access practi-
tioners which may limit sample size (Collett 2024). I would
like to address this at AIES and hear from professionals on
the field how to mitigate this.

Conclusion
By systematically exploring how practitioners perceive and
interpret human-AI interaction harms through personal, or-
ganizational, and media norms, this research will contribute
to understanding their assumptions when using impact as-
sessment tools. The findings from the survey and interviews
will uncover the assumptions practitioners bring to AI safety
evaluations. These insights will reveal both blind spots and
opportunities for responsible AI education. Ultimately, this
work emphasizes that harm is not merely a technical failure,
but a socially and politically situated phenomenon. Harm is
not neutral—it is politically defined (Ananny 2024; Hilgart-
ner and Bosk 1988).
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