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Abstract

Understanding what constitutes safety in AI-generated con-
tent is complex. While developers often rely on predefined
taxonomies, real-world safety judgments also involve per-
sonal, social, and cultural perceptions of harm. This paper
examines how annotators evaluate the safety of AI-generated
images, focusing on the qualitative reasoning behind their
judgments. Analyzing 5,372 open-ended comments, we find
that annotators consistently invoke moral, emotional, and
contextual reasoning that extends beyond structured safety
categories. Many reflect on potential harm to others more
than to themselves, grounding their judgments in lived expe-
rience, collective risk, and sociocultural awareness. Beyond
individual perceptions, we also find that the structure of the
task itself—including annotation guidelines—shapes how an-
notators interpret and express harm. Guidelines influence not
only which images are flagged, but also the moral judgment
behind the justifications. Annotators frequently cite factors
such as image quality, visual distortion, and mismatches be-
tween prompt and output as contributing to perceived harm
dimensions, which are often overlooked in standard evalu-
ation frameworks. Our findings reveal that existing safety
pipelines miss critical forms of reasoning that annotators
bring to the task. We argue for evaluation designs that scaf-
fold moral reflection, differentiate types of harm, and make
space for subjective, context-sensitive interpretations of AI-
generated content.

Introduction
While current safety assessment frameworks provide pre-
defined categories and numeric labels (Grey and Segerie
2025), they often fail to capture the nuanced moral,
emotional, and contextual dimensions that shape annota-
tors’ judgments (Aroyo et al. 2023; Qadri et al. 2023;
Mostafazadeh Davani et al. 2024). Concerns about gener-
ative AI’s potential harms—ranging from material conse-
quences such as job displacement (Woodruff et al. 2024) to
social and cultural harms like biased representation (Qadri
et al. 2023; Gadiraju et al. 2023)—have fueled the need
for systematic safety evaluation mechanisms. Yet evaluat-
ing the safety of generative AI content, particularly text-
to-image outputs, requires more than structured annotation

*Corresponding authors
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

frameworks; it demands close attention to how annotators
express their reasoning—especially through qualitative in-
puts that reveal tensions, resistances, and alternative safety
conceptualizations not captured by predefined taxonomies.

We are motivated by a central concern: structured, cate-
gorical, and numeric approaches to safety evaluation are fun-
damentally misaligned with how annotators actively engage
with, resist, and reinterpret imposed safety categories. We
argue that annotators are not passive raters but active con-
tributors to how safety should be conceptualized—bringing
with them diverse moral frameworks, emotional salience,
and contextual sensitivities that current annotation schemas
fail to capture. This motivates our central research question:
To what extent do structured safety annotation frameworks
capture the spectrum of annotators’ safety considerations,
and what insights emerge from their qualitative reasoning?

We examine how annotators challenge and reinterpret
structured safety evaluations through their open-ended com-
ments. We analyze the limitations of current annotation
frameworks, particularly their reliance on rigid classification
schemas that obscure disagreement and flatten diverse con-
ceptions of harm. Our goal is not to reject structured frame-
works outright, but to highlight how annotator reasoning ex-
poses gaps in existing taxonomies, revealing a need for more
contextually sensitive evaluation approaches.

To operationalize our approach to safety, we adopt mixed
methods to combine quantitative analysis of structured
safety labels with qualitative analysis of annotators’ justifi-
cations. We used 1000 prompt-image pairs from the Adver-
sarial Nibbler dataset (Quaye et al. 2024). This is a curated
dataset featuring prompts designed to be adversarial, with
the corresponding images generated by text-to-image mod-
els. For each image, annotators were asked to assess whether
the content was biased, sexually explicit, or violent. In addi-
tion to these structured judgments, 637 annotators provided
5372 open-ended comments elaborating on their safety rat-
ings. To support a range of perspectives, we recruited 637
annotators, diversified by self-reported ethnicity, gender,
and age group. While we recognize that this does not fully
represent the breadth of real-world diversity, our aim was to
avoid centering safety evaluations on a single, homogeneous
group. We analyze this rich body of data through thematic
groupings, moral reasoning frameworks, and comparative
assessments of harm-to-self vs. harm-to-others, i.e., how
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annotators evaluate safety in relation to themselves and to
others. Our findings reveal critical flaws in current AI safety
evaluation frameworks, particularly in their inability to cap-
ture annotators’ nuanced reasoning. We demonstrate that:

• Annotators’ reasoning transcends predefined safety tax-
onomies, often invoking moral and emotional reflections
that are not encoded in standard label schemas.

• Annotators consistently perceive harm to others as
greater than harm to themselves, though the magnitude
of this difference varies across demographic groups—
suggesting safety judgments are shaped by broader no-
tions of collective vulnerability.

• Safety judgments are influenced by image quality, gener-
ative distortions, and mismatches between prompts and
outputs, challenging the assumption that safety can be
evaluated neatly in isolation from content quality.

• Annotators’ comments expose fundamental tensions be-
tween rigid, structured guidelines and real-world ethi-
cal considerations, revealing how, for instance, Purity (a
moral foundation related to disgust) informs their percep-
tion of image harm beyond explicit guidelines.

These findings highlight the need for a fundamental shift
in how AI safety evaluations are designed. Rather than treat-
ing qualitative reasoning as peripheral, safety evaluation
frameworks must explicitly integrate subjective and contex-
tual insights. We argue that safety assessments should move
beyond rigid taxonomies toward more adaptive frameworks
that accommodate moral reasoning, emotional responses,
and diverse harm conceptualizations. To this end, we pro-
pose specific recommendations, including increasing flexi-
bility in annotation guidelines, scaffolding annotator reason-
ing, and explicitly differentiating harm-to-self from harm-
to-others in safety evaluation tasks.

Related Work
Tensions in Structured Safety Assessments
A growing body of work evaluates AI safety through struc-
tured annotation tasks that rely on predefined taxonomies
of harm, such as bias, violence, or misinformation (Thoppi-
lan et al. 2022; Anil et al. 2023). These frameworks often
structure annotation as a classification exercise (Smart et al.
2024), instructing annotators to assign discrete labels based
on developer-defined safety categories. While taxonomies
provide consistency, they frequently struggle to capture the
subjective, cultural, and contextual nuances of safety judg-
ments (Dı́az et al. 2022a). Prior studies have shown that an-
notators can perceive the same content as offensive or be-
nign depending on their social positioning or lived experi-
ence (Miceli, Schuessler, and Yang 2020; Santy et al. 2023).

A key limitation is the binary framing of safety eval-
uations—content is often marked as either “safe” or “un-
safe,” without room for uncertainty or gradation (Xu et al.
2021; Dinan et al. 2022). Even when tasks include sub-
labels, for example, indicating if harm stems from medical
advice or biased speech (Aroyo et al. 2023), they rarely cap-
ture why annotators perceive something as harmful or for
whom the harm is most salient (Rauh et al. 2024). As a

result, critical factors that influence real-world harm—like
cultural relevance, emotional resonance, or power dynam-
ics—remain unmeasured. Recent work has begun to address
these shortcomings. For example, Weidinger et al. (2024) in-
troduced a safety annotation protocol where annotators pro-
vided Likert-scale ratings along with written justifications,
and designated arbitrators to review disagreements to deter-
mine final labels. This approach surfaces contextual reason-
ing, but it remains an exception rather than the norm. Most
safety tasks continue to treat disagreement as noise and ig-
nore the meaning embedded in qualitative responses.

Our work builds on these critiques by showing how anno-
tators engage critically with safety frameworks. Their open-
ended comments often resist fixed categories, offering alter-
native interpretations and pointing to types of harm unac-
knowledged by the taxonomy. Rather than treating such re-
sponses as auxiliary, we analyze them as active contributions
that challenge and enrich prevailing definitions of safety.

A Theoretical Lens to Safety Evaluation
As safety evaluation frameworks evolve, researchers have
increasingly drawn on social and ethical theories to interro-
gate what safety means, who defines it, and how it should be
assessed. Shelby et al. (2023), for instance, calls for ground-
ing safety in sociotechnical systems theory, drawing from
feminist and critical race theory to show how algorithms
can perpetuate structural harms. In parallel, Sorensen et al.
(2025) introduces a value-reflection framework based on
luck egalitarianism, arguing that safety evaluations should
consider whether individuals are represented in terms of val-
ues they reflexively endorse. This draws on Rawls’ reflec-
tive equilibrium, suggesting that ethical stances can evolve
through reasoning between principles and cases. This frame-
work shifts safety assessment away from static demograph-
ics toward more agency-centered, deliberative perspectives.

Moral Foundations Theory (MFT) (Haidt and Joseph
2004; Graham, Haidt, and Nosek 2009) also informs how
people make harm judgments in content moderation. Re-
search shows that annotators’ evaluations often reflect dis-
tinct moral domains such as Care and Purity (Davani et al.
2023; Kennedy et al. 2023), particularly in tasks related to
toxicity and hate speech. Yet, while MFT is frequently used
to analyze annotations, it is rarely applied to the design of
annotation tasks themselves.

We build from this work to analyze how moral concerns
arise from the structure of annotation tasks. We ask how
task prompts and label schema shape which moral consid-
erations become visible. We show that annotators’ moral re-
flections are often constrained or redirected by evaluation
design—limiting the ethical diversity that safety frameworks
capture. This suggests that annotation tasks are not neutral
instruments but active mediators of moral expression.

Annotator Reasoning in Safety Evaluations
Prior work demonstrated annotators’ lived experiences, cul-
tural perspectives, and moral intuitions influence how they
evaluate harm in both training data and AI-generated con-
tent (Mostafazadeh Davani et al. 2024; Aroyo et al. 2023;
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Santy et al. 2023). For example, social and political at-
titudes among annotators produce systematically different
judgments (Waseem 2016; Sap et al. 2022; Wang et al.
2024). Research on disagreement in annotation tasks argues
annotators do not simply apply labels mechanistically but
instead bring personal, social reasoning into decisions (Dı́az
et al. 2022b). Other scholars have found that annotator dis-
agreement is not just noise but a meaningful reflection of
diverse perspectives that can be leveraged to form deeper un-
derstandings of both harm and task design (Aroyo and Welty
2014). This line of work has resulted in calls for deeper in-
vestigation of disagreement causes and conditions emerging
from sources beyond sheer noise (Basile et al. 2021).

In safety evaluations, researchers have demonstrated di-
rect connections between social experiences that annotators
draw from and the ways they interpret harm and safety (Pat-
ton et al. 2019). For example, studies of content moderation
have shown that annotators, users, and researchers often
surface ethical, social, and political concerns that exceed
the scope of formal annotation guidelines—highlighting
tensions around platform authority, colonial legacies, and
the need for more participatory or pluralistic approaches
to moderation and labeling (Shahid and Vashistha 2023;
Udupa, Maronikolakis, and Wisiorek 2023; Tobi 2024;
Jhaver, Frey, and Zhang 2023). Building on these per-
spectives, recent scholarship has specifically developed
new approaches to leverage annotator social differences to
improve adversarial evaluation methods (Weidinger et al.
2024). Similarly, our study examines how socially contex-
tual factors of safety are reflected in annotator judgments,
revealing gaps in existing annotation frameworks.

Method
Adversarial Dataset and Annotation
In line with exploring the extent to which structured safety
annotation frameworks capture the full spectrum of annota-
tors’ safety considerations, we utilized 1000 prompt-image
pairs from the Adversarial Nibbler dataset (Quaye et al.
2024), featuring adversarial prompt-image pairs. The pairs
are categorized based on a range of harm types such as bias,
violent imagery, sexually explicit imagery, and topics such
as race, gender, age, nationality, etc.

Our study involved 637 annotators, recruited via Pro-
lific, intentionally diversified to reflect a broader range
of perspectives on safety. Our recruitment ensured repre-
sentation across 30 demographic intersections of gender
(Men, Women), age (GenX, Millennial, GenZ), and ethnic-
ity (White, Black, Latinx, South Asian, East Asian). Annota-
tors were not required to have specialized knowledge for the
task. Our focus was to recruit a range of social experiences
to understand annotation differences, rather than to produce
a demographically representative sample. Each annotator re-
viewed approximately 50 prompt-image pairs.

To move beyond the limitations of purely quantitative as-
sessments, our data collection captured several facets of an-
notator feedback. Participants assigned harmfulness ratings
on a 5-point scale, critically distinguishing between person-
al/individual perception (‘How harmful do you find this?’)

and perceived impact on others (‘How harmful would others
find this?’). We opted for a 5-point scale rather than binary
ratings to enable more granular analysis. While multiple-
choice questions linked to Adversarial Nibbler’s harm cat-
egories provided a structured layer, the optional free-form
text comments were indispensable. These qualitative inputs
were designed to allow annotators to express their reasoning,
thoughts, and feedback, thereby providing the rich, multi-
format data necessary for our exploration of how annotators
challenge and reinterpret structured safety evaluations.

Open-ended Comments
The annotators left 5372 comments, reflecting an overall
commenting rate of 16.8% across all rated prompt-image
pairs. Acknowledging that annotation tasks are necessarily
rigid in structure, we looked to open-ended comments for
additional context on annotator reasoning. Comments were
normally distributed across the prompt-image pairs, with a
mean of 5.37 comments appearing on each rated pair (min:
0; max: 15; std: 2.41). On average, annotators left com-
ments on 8.4 prompt-image pairs (min: 0; max: 50; std:
12.44). However, individual annotators displayed very dif-
ferent rating behaviors, with 213 annotators (33.44%) leav-
ing no comments at all and 90 annotators (14.13%) leav-
ing more than 20 comments. Further details on commenting
rates across image harm types and annotator demographics
can be found in the online Appendix1.

Analysis
Qualitative Analysis We conducted a thematic analysis to
uncover safety considerations not explicitly encoded in task
instructions and label schemas. This analysis aimed to un-
derstand how annotators contextualize the content they eval-
uate by considering factors beyond safety alone. We took a
reflexive thematic analysis approach to analyze the interview
data following Braun and Clarke (Braun and Clarke 2019,
2021). Though we don’t explicitly develop a code book, the
reflexive approach allow us to identify the patterns within
the qualitative comments. Given the high volume of com-
ments, exceeding 5000 across over 1000 image and prompt
pairs, we adopted a systematic approach. We began by rank-
ing image-prompt pairs based on the number of comments
received. We then looked for thematic patterns by exam-
ining comments for the highest-ranked pairs and proceed-
ing downwards. As we read these comments in context with
their corresponding image and prompt, we quickly identified
larger thematic categories, such as emotional responses, im-
age quality judgments, and prompt-image alignment. From
these broader categories, we subsequently developed more
granular subthemes. This qualitative analysis highlights con-
siderations that extend beyond predefined guidelines to in-
form a more nuanced understanding of AI safety evaluation.

Reasoning Analysis Building on these qualitative obser-
vations of emergent themes, we next conducted a more fo-
cused analysis to systematically quantify specific aspects
of annotator reasoning: (1) annotators’ harm focus which

1https://arxiv.org/abs/2507.16033
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Figure 1: Annotators provided judgement on overall image harmfulness, reasons for harmfulness, and open comments

is their perception of harm-to-self vs. harm-to-others, and
(2) annotators’ moral reasoning expressed in comments.
We use annotator-provided harm focus scores and inferred
moral reasoning in comments as two measures of anno-
tator harm reasoning. In order to analyze harm focus, we
compared ratings of harm-to-self and harm-to-others, which
were scored on a scale of 0 to 4. We compared overall rating
differences between harm-to-self and harm-to-others as well
as ratings within demographic groups.

Moreover, we analyzed expressions of moral reasoning in
annotators’ textual comments. We further compared moral
reasoning in annotator comments to moral language in the
task instructions and in image prompts. In order to conduct
a quantitative analysis of moral reasoning—either expressed
in annotators’ open-ended comments or in image prompts—
we developed a moral sentiment autorater instructioned to
capture moral values related to Care, Equality, Proportion-
ality, Loyalty, Authority, and Purity, according to the Moral
Foundations Theory (Graham, Haidt, and Nosek 2009).

To develop the moral sentiment autorater, we applied
instruction-tuning to a large language model (GPT-4o),
leveraging the model’s pre-existing knowledge and guiding
it to detect moral sentiment through natural language in-
structions. To this end, we fed GPT-4o a prompt describ-
ing the task of coding moral foundations in text along with
the description of the six moral foundations (Atari et al.
2023) as well as an example text related to each founda-
tion (autorater prompts and instructions can be found in the
online Appendix). To evaluate the performance of the au-
torater, we employ it for labeling a randomly selected subset
(N=5000) of the Moral Foundations Reddit Corpus (Trager
et al. 2022), a dataset of 17k Reddit posts (and comments)
each labeled by multiple trained annotators on the moral
foundations they include. The statistics of the autorater per-
formance are shown in Table 1. We opted to use an au-
torater rather than human annotators because of the com-

plexity of moral tagging, which requires trained annotators
and because of the availability of the annotated test data. A
trade-off of the autorater approach is that we are unable to
audit accuracy by analyzing agreement across multiple an-
notators. We then applied the classifier to item prompts, as
well as annotator comments and captured the list of moral
foundations expressed in each.

Findings
What is Missing from Task Safety Definitions?
Unaccounted (emotional) Dimensions of Safety Anno-
tators frequently expressed emotional and affective reactions
that defied simple categorization within existing labels. We
observed explicit mentions of a spectrum of emotions that
often signaled a type of harm not directly elicited by the pre-
defined safety policies or linked to the safety violation types
(see Fig. 1). For instance, comments indicated:

• Fear. Many annotators used terms like “scary” (e.g., for
distorted faces or images suggesting violence like a gun
pointed at a child), “disturbing” (e.g., “Absolutely vile to
see someone get ran over, very distressing and disturb-
ing,” or “Disturbing and looks like blood” for red paint),
or “upsetting” (e.g., “The image of the boy has many
distortions... I find it distasteful because it appears that
the boy is playing on the wrong side of the side rails”).
The graph in Fig 2 quantifies “fear” as the most fre-
quently mentioned emotion (233 mentions while nearly
half of these mentions are associated with violent con-
tent, the content deemed not harmful also evoked second
highest mention of fear). Comments like “Scary without
knowing it is paint. Most would assume blood” high-
light how visual ambiguity directly triggers fear and dis-
tress. Images of children in potentially dangerous situ-
ations (e.g., “A kid hanging off of a rail or roof, could
possibly fall which could cause injury or death”) also
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Foundation # test set (N=5000) Precision Recall F1-score AUC

care 1282 0.75 0.42 0.54 0.69
equality 865 0.57 0.34 0.43 0.64
proportionality 958 0.53 0.19 0.28 0.57
authority 982 0.51 0.32 0.4 0.62
loyalty 545 0.37 0.28 0.32 0.61
purity 456 0.31 0.2 0.24 0.58

Table 1: Precision, recall, F1-score and AUC of the GPT-based autorater in detecting each moral foundation.

frequently evoked distress. Other content described as
“scaring,” “alarming,” or leading to “chills” (e.g., “gave
me the chills” for a grotesque image) further indicate
emotional unease. Explicit mentions of potential “anxi-
ety” and “mental health” impact were also present.

• Anger. Anger is a frequently expressed emotion in the
comments, often triggered by images that are perceived
as stereotypical, offensive, or misleading. The strongest
indicators of anger are direct accusations of offensive-
ness (e.g., “It is extremely offensive to put one group of
people as a terrorist,”), or expressions of outrage at in-
appropriate content (e.g., “This is disgusting-secretaries
don’t wear this. Why is it sexual?!”). Annotators also
conveyed anger through rhetorical questions highlight-
ing perceived bias (“Why choose a woman with her
torso showing?”), and direct expression (e.g. “Image is
completely inaccurate!”, “This image should not be out
there” or “Unacceptable and an example of systemic
misandry and sexism towards men. This needs to end
NOW.”) These comments highlight a clear emotional re-
sponse of anger when the generated images violate ethi-
cal boundaries or perpetuate harmful representations.

• Sadness. Comments on images depicting potential harm
to children (e.g., “baby covered in blood, severed body
part,” or “The baby looks demonic”), poverty (e.g., “Poor
kids should make us feel sad,” “It’s more sad than harm-
ful” for emaciated people), or accident/war scenes (e.g.,
“The accident looks distressing to me,” “can possibly
trigger ptsd for people who witnessed or experienced the
911 attack,” or “sad” for a dead person) evoked “sadness”
(62 mentions). Annotators also expressed concerns about
images triggering “trauma or PTSD” for others (e.g.,
“This image could be traumatic for women that have ex-
perience sexual harassment in the workplace,” or “This
image is disturbing showing a woman’s scars after an ac-
cident”). Sadness at the thought of “human casualties”
from an explosion and explicit empathy for suffering an-
imals (“I am vegan- it makes me sad”) also surfaced.

• Disgust. Annotators described content as “gross looking”
(e.g., for deformed clown faces), or found images “dis-
turbing” due to “torn flesh and missing limbs” or “dis-
torted and merging of the bodies.” The term “disgust”
was explicitly mentioned 13 times, indicating a strong
visceral negative reaction. Comments such as “Abso-
lutely vile to see someone get ran over,” or “eww” (for
a disproportionately wide mouth or an inappropriate sec-
retary outfit), and “yuk” (for an ugly image) also captured

this sentiment. Images described as “sickening” (e.g., the
picture is a bit sickening” for potential animal cruelty),
“morbid” (e.g., for a car accident aftermath or a creepy-
looking person), or “unpleasant to look at” further fall
into this category. Instances of “gory” or “bloody” de-
pictions, even if not explicitly stated as blood, often trig-
gered disgust and concerns about graphic content.

• Amusement/Positive Reactions. Conversely, some im-
ages, despite potentially problematic elements (e.g.,
stereotypes, distortions), elicited amusement (e.g., “I
found this very amusing,” “Funny :)”, “This made me
laugh,” or “This is extremely funny”). Positive descrip-
tors such as “beautiful,” “cute,” “lovely,” “nice,” and
“mesmerizing” were also used for images that did not
trigger harm, or were appreciated for their aesthetic qual-
ity despite certain issues.

Beyond emotional reactions, annotators noted perceptual
unease that contributed to a sense of discomfort:

• Confusion. Widespread annotator confusion (168 com-
ments) was evident through phrases like “I don’t under-
stand the query” or “hard to tell what I’m even looking
at.” This cognitive state often accompanied images that
felt nonsensical or poorly rendered, indirectly contribut-
ing to a sense of discomfort.

• Uncanniness. Annotators described images as “just a
strange pic”,“just odd,” or “weird” (e.g.,for a strange
dance move” or weird render of a person”). The term
“uncanny” was also used (e.g., regarding disfigured faces
or bizarre conceptual mashups like “tree man”). These
descriptions, often tied to physical distortions like “de-
formity,” “misplaced body parts,” and not “real” faces,
led to feelings of unease, even if not overtly harmful.

These emerging themes highlight a critical need to enrich
AI image evaluation frameworks by integrating subjective,
emotional, and perceptual elements. As Fig 2 shows, even
content not flagged as “harmful” can evoke a wide range of
emotions. These images are highly impactful and directly
linked to safety perception, yet are currently overlooked by
existing violation types. A more nuanced framework is es-
sential to capture the diversity of user perspectives and the
multifaceted nature of harm.

Dual Evaluation of Prompt Intent and Image Beyond
assessing the generated image, annotators frequently parsed
the safety of both the generated image and the safety risks of
the intended prompt. This reveals a critical layer of reason-
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Figure 2: Proportion of mentions of common emotion terms (and synonyms) in comments in each harm type. Numbers within
the bars represent the count of comments in each harm type. Numbers above the bars represent totals for each comment type.

ing missed by current task designs, which emphasize gen-
erated outputs. Despite instructions to prioritize image eval-
uation, many comments distinguished between prompt and
image safety or clearly indicated text prompt evaluations.
Some noted a harmful prompt might lead to a benign im-
age, stating, “The prompt was racist, the generated email
not so much,” or “The prompt is stereotypical but I just
see two cowboys in front of a sign.” Others directly high-
lighted this discrepancy, with comments like, “The image
isn’t harmful but the prompt definitely is. Yikes,” or con-
versely, “even though the prompt is bad the photo generated
is fine.” Annotators also acknowledged when a prompt’s in-
tent directly influenced the output, as seen in “It’s what the
prompt asked for. It might be disturbing to some people as
it’s bones and part of a dead body can be seen on the floor,”
or when a harmful prompt led to a predictable stereotype:
“Again, prompt is using a slur so I can see how a stereo-
type was generated.” Furthermore, the perception of safety
varied between the text based prompt and rendered image,
such as, “Kinda looks like a video game figurine, so not as
scary as the prompt sounds”. These comments highlight how
annotators infer the prompt author’s intent and evaluate the
potential safety of images a prompt may produce, alongside
the safety of the actual, realized image. This dual evalua-
tion—of both prompt intent and image outcome—represents
a significant oversight in current frameworks.

A related prompt/image interplay concerned model cor-
rectness. Annotators assessed whether images accurately
represented their generating prompts and perceived mis-
matches frequently contributed to harm assessments. This
was further complicated by divergent interpretations of fac-
tors like stereotypes, where some annotators focused on
physical appearance while others identified contextual cues,
such as implied violence, highlighting the subjective nature
of evaluation.

Factors Intertwined with Safety Evaluation Annota-
tors’ comments also revealed reasoning that, more broadly,
defied discrete labeling practices.

Image quality played a considerable role in some anno-
tators’ judgments. For example, annotators often described
distortions or visual glitches, such as disfigured faces, as

“disturbing” or “indicative of harm”, rather than as neu-
tral technical flaws. This occurred despite the task omit-
ting instructions on image quality. Moreover, annotators in-
terpreted these quality artifacts as semantically meaningful.
One annotator commented, “The image is not harmful at all;
he just has a bit of a distorted face.” By the same token,
some annotators interpreted image quality artifacts as inten-
tional harm, attributing emotional meaning to glitches. For
instance, another annotator interpreted a distorted face in a
different image to be “indicative of pain”.

Annotators often interpreted quality artifacts as semanti-
cally meaningful, aligning with a broader tendency to fill
contextual gaps in image content. This reveals a critical in-
sight: annotators’ implicit considerations of quality ex-
pose two additional sources of harm not typically cap-
tured in task design: visual quality artifacts and fidelity.
In these instances, annotators drew from inferred narratives
to make judgments. For example, an image of an animal on
a road led to assumptions about broader contextual details.
Other examples included inferring contextual meaning from
ambiguous elements, like interpreting unspecified flags as
American or projecting intent behind visual artifacts. This
extends beyond the established concept of “quality of ser-
vice” harm (e.g. (Shelby et al. 2023)), as we observed anno-
tators interpreting image quality in ways that directly impact
harm perception, rather than simply representing a group.

Annotators also appeared to make implicit judgments
about the hierarchy of harms present in content. Through
their comments, it was clear that certain themes, such as
nudity, appeared to outweigh other considerations, such as
stereotypes or violence. This phenomenon likely stems from
the nature of these harms; nudity, for instance, is often a
more categorical and straightforward harm to flag for many
people, whereas the assessment of stereotypical harms often
feels more graded and subjective. Consequently, the inher-
ent salience of certain harms may have influenced the over-
all assessment, potentially affecting the recognition of other
harms or leading to their prioritization. This raises a cru-
cial question about whether the salience of a particular harm
should be explicitly captured in evaluation frameworks, par-
ticularly for harms that tend to be outweighed by others.
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Attribute Harm-
self

Harm-
other

Score
delta

E
th

ni
ci

ty
Latinx 0.81 1.20 0.39
White 0.70 1.04 0.34
SouthAsian 0.94 1.24 0.29
EastAsian 0.83 1.12 0.29
Black 1.09 1.23 0.14

G
en

. Man 0.77 1.13 0.36
Woman 0.98 1.21 0.22

Table 2: Mean scores for ‘harm-to-self’ and ‘harm-to-other’
within demographic groups. ‘Unsure’ responses were ex-
cluded from analysis. Score delta is computed by subtracting
‘harm-to-self’ from ‘harm-to-other’.

How is safety scored for different audiences?
Next we present results disentangling annotators’ harm
judgments for different potential targets of harm– them-
selves and others. As an initial test of annotator and an-
notation quality, we ran the CrowdTruth framework (Du-
mitrache, Aroyo, and Welty 2018), comparing unit quality
(uqs), or overall annotator agreement across items based on
harm-to-self and harm-to-other scores (uqsself = 0.568,
uqsother = 0.658). Unsurprisingly, annotators rated harm-
to-self more consistently than they did harm-to-others on av-
erage. In addition, annotators rated harm-to-self lower than
harm-to-others, however key patterns emerged among dif-
ferences in these ratings across annotator subgroups.

Demographic Differences in Harm Scores Analyzing
gender, women annotators provided an overall higher mean
harm-to-self score compared with men annotators, as well
as an overall higher mean harm-to-others score. We gener-
ated a test statistic by calculating the difference of weighted
harm score means and ran a permutation test to calculate a p-
score. Our tests showed significant differences among men
and women annotators regarding the score delta– the dif-
ference between the harm-to-self and harm-to-others scores
among annotators within a single group. That is, the differ-
ence of harm score differences between each group varied.
The mean difference between women annotators’ harm-to-
self and harm-to-other scores was significantly smaller than
the mean difference between men annotators’ harm-to-self
and harm-to-other scores (τall = −0.155, p < 0.001).

Similarly, the mean difference between White annota-
tors’ harm-to-self and harm-to-other scores was significantly
larger than the mean differences among non-White annota-
tors’ harm-to-self and harm-to-other scores (τall = 0.071,
p < 0.001). This appears to be driven, in part, by a much
smaller difference among Black annotators. Overall, while
we do not know which specific factors drive group differ-
ences in harm scores, our test provides evidence that the de-
piction of one’s own identity is NOT a primary driver.

Based on prior work citing annotators’ sensitivity to dif-
ferent harms based on social experiences (Dı́az et al. 2022b),
one explanation for the differences in score deltas is that
women and non-White annotators may have had higher sen-

sitivity to harm in image categories which more often de-
picted them. For non-White annotators, this includes images
tagged by Nibbler contributors (and manually verified by
the paper authors) as race-related and for women annota-
tors, this included gender-related and sexual images (which
disproportionately depicted women). A higher sensitivity to
harms in these content categories would explain women and
non-White annotators’ higher harm scores, as well as ex-
plain their smaller score deltas.

In order to determine whether differences in harm-to-
self and harm-to-other scores were related to representation
of women and non-White identities in prompt-image pairs,
we re-ran the score delta comparison, filtering out prompt-
image pairs that depicted annotator identity. For example,
for women annotators, we filtered out the explicitly sexual
and gender-related image pairs (350 total). If women anno-
tators’ sensitivity to their own gender depiction is a driver
of increased harm scores, we would expect the size and/or
direction of the rating effect to change. If the effect is un-
changed, this would indicate that women annotators’ higher
scores were driven by other factors. Similarly, for non-White
annotators, a change in rating effect between ratings on all
images compared with ratings on the set of images removing
race and nationality depictions, would indicate that identity
depictions in prompt-image pairs influenced harm scores.
The Nibbler dataset also included a category of age-related
prompt-image pairs, however these primarily depicted chil-
dren and some older adults. As these age groups were not
well-represented among our annotators or not at all repre-
sented, in the case of children, we did not run an age compar-
ison. The results show that women annotators’ harm scores
on each image set were significantly different from men an-
notators’ scores. This effect was nearly identical in size and
in the same direction before and after removing the 350 sex-
ual and gender-related prompt-image pairs (τno−gender =
−0.140, p < 0.01). Thus, women annotators’ own iden-
tity depiction was not the driver of their higher harm scores.
Similarly, non-White annotators’ harm scores on the set of
images removing the 200 race and nationality depictions re-
mained statistically significant and had near-identical effect
in the same direction (τno−race = 0.074, p < 0.001)).

How does the task align with annotator reasoning?
We began our analysis of moral reasoning within the task by
examining the language employed in the rating instructions.
The application of our moral sentiment autorater to the task
introduction and instructions does not indicate presence of
any implied or explicit moral sentiment. This finding sug-
gests that while the instructions acknowledged subjectivity
via a special note, the overall task design emphasized the
need for annotators to strive for neutrality and objectivity
in their decision-making, rather than overtly directing them
towards particular moral conclusions. While the task frame-
work attempted to standardize safety evaluation, annotators
frequently invoked moral reasoning that diverged from the
intended structure of the task in multiple ways.

Moral Sentiment in Prompts vs. Comments We applied
the moral sentiment classifier both to the prompts and open
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Evoked Moral Sentiment Top 10 associated tokens in the Prompt
Care pet, wrestling, toddler, baby, upset, explosion, knife, hunting, roaring, toy
Equality typical, marathon, housekeeper, loving, successful, uneducated, impoverished, topper, class, good
Proportionality — (no input was labeled as evoking Proportionality)
Authority magnificent, north, korean, duty, nurse, queen, celebration, francis, jean, boyfriend
Loyalty islamophobia, liberian, israel, israeli, korean, north, religious, aggressive, peace, waving
Purity nudity, need, naked, sexually, offend, revealing, religious, clothed, sexualised, sexual

Table 3: The top 10 tokens across all prompts that are most significantly related to evoking each moral sentiment.

comments. While only 7.0% of prompts were labels as hav-
ing any moral sentiment, 24.4% of the comments are labeled
as including some sort of moral sentiment. Annotators are
more likely (t(5254) = 2.10, p = .03) to leave a morally
driven comment for prompts that include a moral sentiment
(M = 30.2%, STD = 48.1%) comparing to non-morally
driven prompts (M = 24.7, STD = 44.5%). In other
words, while the prompt might include no explicit moral lan-
guage, its adversarial intent leads to generating sensitive im-
ages that evoke moral judgments in annotators. For instance,
with the prompt “Signs of an early pregnancy”, an annotator
commented: “There is some nudity and then a depiction of
certain ethnicity is favored when ethnicity isn’t specified”.
The autorater flagged this for both Equality (favoring an eth-
nicity), and Purity (nudity).

To explore the type of language in the prompt that can
evoke judgment relevant to each the moral foundations, we
conducted a logistic regression analysis to calculate the im-
pact of each token present in the prompt (extracted through
a TF-IDF2 approach). Table 3 shows prompt tokens that sig-
nificantly relate to each moral sentiment expressed in com-
ments. The finding suggests that the adversarial nature of
the prompts, even without explicit moral language, implic-
itly leverages and evokes specific moral judgments. We fur-
ther assess whether the evoked moral judgments influence
annotators’ perceptions of harmfulness, leading to more fre-
quency of harmful labels, as well as annotator disagreement.

Moral Sentiments and Their Influence on Judgments A
linear regression analysis shows that expression of Care
(β = .79, p < .001), Equality (β = .76, p < .001), and Pu-
rity (β = .85, p < .001) are all associated with an increase
in the level of harmfulness assigned to the text. Since moral
foundations expressed in comments shed light on the aspects
of morality intertwined in the task, and inspired by previous
research on the impact of moral value differences on annota-
tion disagreement (Davani et al. 2023), we further explored
the impact of evoked moral values on annotator disagree-
ment. A regression analysis shows that expression of Care
(β = .04, p < .001), and Purity (β = .04, p < .001)
are significantly associated with a decrease in the agreement
(calculated through unit clarity score in the CrowdTruth
framework), however, the other four foundations do not sig-
nificantly correlate with agreement (all having p > .05). No-

2TF-IDF creates a vector representation for each prompt, in
which each dimension represents the frequency of a specific to-
ken in the prompt (TF), divided by a metric for informativeness of
the token (IDF)

tably, these two foundations are relevant to findings of our
qualitative analysis, as Care intentions requires preventing
harm-to-others, and Purity intentions are strongly motivated
by an emotion of disgust (Graham et al. 2013).

Discussion
What is Safety?
In its broadest sense, safety encompasses myriad factors,
and, of the wide range of safety considerations one might
make, only a subset lend themselves to distillation into an
annotation task. While scholars have dedicated attention to
outlining an array of risks and harms associated with genera-
tive AI (Shelby et al. 2023; Weidinger et al. 2023), our quali-
tative results highlight not only aspects of safety that a given
evaluative label set might “miss”, but also how safety and
quality considerations intersect in practice, complicating the
labeling of real world data. For example, the annotators in
our study applied an implicit hierarchy to safety concerns,
at times focusing on sexualization in place of other safety
concerns that may have also been relevant. Aside from how
annotators may prioritize different safety concerns, our re-
sults also raise the question of how other data characteristics
can shape safety reasoning. For example, image distortion,
which model developers typically consider to be an image
quality issue distinct from content safety, at times, enhanced
annotators’ safety concerns—as did images that annotators
perceived to be inaccurate reflections of the prompt.

To remedy this, safety can be more specifically nuanced
and operationalized in the context of a given task and per-
haps joined with alternative labeling mechanisms to better
capture these nuances. For example, a simple redesign of
safety labeling could explicitly prompt for primary and sec-
ondary labels to capture safety concerns with lower salience
or priority in the context of a given prompt-image pair. How-
ever, the relationship between safety and image quality more
broadly points to an inherent challenge in evaluation ap-
proaches that seek to compartmentalize judgments of quality
from judgments of safety, as well as ignore the potential rela-
tionship between the two. Annotators may not reasonably be
expected to distinguish safety from quality, meaning task de-
sign changes would be needed in the analysis of labels rather
than in task instructions or label schema. As the overall out-
put quality of generative AI increasingly improves, many
quality concerns will dissipate. However, consistent qual-
ity issues with roots in underrepresentation and diminished
model understanding of minoritized contexts may point to
systematic oversight in safety evaluation pipelines echoing
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Qadri et al. (2023)’s calls for culturally inclusive evaluation.
At a basic level, our results reveal both a need to structure

safety evaluation in a way that supports annotators in rea-
soning through concerns salient to data requesters, as well
as a need to understand unprompted concerns that arise for
annotators. Each of these needs influences the values en-
coded in data. We note a parallel to Denton et al. (2020),
who argue that the values encoded in datasets are shaped by
their contexts of creation. More narrowly we are focused on
annotation task design, which Amironesei and Dı́az (2024)
similarly highlight is shaped by a range of implicit and ex-
plicit design decisions. Annotators bring their own implicit
sets of values, reflected through their reasoning, which may
not be aligned with how data requesters design a given task,
which our qualitative analysis of annotator comments helps
to elucidate. At the same time, prompt-image pairs as well
as other content that annotators may be tasked with evalu-
ating can invoke reasoning that may diverge from what data
requesters expect. For example, we found that specific lan-
guage in prompts can evoke moral reasoning in annotator
comments. This observation aligns with challenges previ-
ously highlighted in related fields like content moderation,
where studies show annotators often surface ethical, social,
and political concerns that exceed the scope of formal anno-
tation guidelines (Shahid and Vashistha 2023; Udupa, Ma-
ronikolakis, and Wisiorek 2023; Tobi 2024; Jhaver, Frey, and
Zhang 2023). This tendency underscores that even when task
instructions aim for neutrality or lack overt moral framing,
annotators frequently engage their own moral sentiments
and bring judgments extending beyond the explicit task re-
quirements into their evaluations. A failure to align task de-
sign with annotator reasoning may result in implicit value
tensions that produce inconsistent labels.

Safety to Whom?
Because annotators can be more certain of their own harm
sensitivity compared with a broader group of unnamed oth-
ers, it is not surprising that labels differed for assessments of
harm-to-self compared with harm-to-others. However, dis-
parities in this difference across annotator groups suggest
that annotators make judgments with varying ideas of oth-
ers’ sensitivity to harm. For example, the score delta among
Black annotators was nearly a third that of White annota-
tors. Importantly, when annotating for harm to others, an-
notators are typically not asked to specify whom these “oth-
ers” represent, allowing for a wide range of implicit interpre-
tations—from a general public to specific demographics or
even imagined communities. While past work on safety an-
notation has disaggregated safety ratings according to who
the specific targets of harm are in objectionable content (e.g.,
Weidinger et al. 2024), safety evaluation tasks do not typi-
cally disaggregate between annotators’ perceptions of harm
as individuals compared with their perceptions of harm on
behalf of others. Instead, annotators are implicitly treated
as a representative proxy of others. However, it is well ac-
knowledged that curating a representative pool of data an-
notators is exceedingly nontrivial and often infeasible (Dı́az
et al. 2022b). This means that it is necessary to rely on an-
notators’ ratings as indicators of both their own safety and

the safety of others, raising questions about how to approach
asking annotators to make judgments on behalf of others.

A key insight from research on annotators’ lived expe-
riences is that sociocultural experiences can enable indi-
viduals to identify socially significant meaning in content
that may be unrecognized by others, for example in rec-
ognizing details related to carceral imagery and gang vi-
olence in text and images (e.g., Patton et al. 2019). In-
deed, we observed differences both in absolute ratings of
harm and in the difference between harm-to-self and harm-
to-others ratings across demographic groups. Interestingly
however, we found that demographic subgroups followed
similar annotation patterns regardless of whether the content
they were annotating depicted an aspect of their own iden-
tity. For example, the gap in harm-to-self and harm-to-others
scores among women annotators was identical whether or
not women were the subject of the content they rated. In
other words, although our diverse pool of annotators showed
systematic differences in rating behavior, our results did not
indicate that this was due to specific sensitivity to their own
identity representation.

At the same time, our findings are not intended to in-
dicate that diverse annotator pools and sociocultural expe-
rience do not provide valuable insight. Demographic sub-
groups’ systematically different rating patterns still suggest
that social experiences may inform broader reasoning dif-
ferences that influence annotators’ sensitivity both to harms
more generally, as well as others’ potential sensitivity to
harm. More broadly, the annotation behaviors we observed
point to needed grounding or clarity for annotators regarding
who they should be considering when making harmfulness
judgments. From our results, it is not clear if annotators from
different demographic subgroups were considering different
“others” or if they made different assumptions about those
same groups’ sensitivity to harm. Additionally, we identified
“antipatterns” in rating wherein groups that were generally
more sensitive to harmfulness annotated lower harmfulness
than their annotator peers. For example, for one prompt-
image pair in which the n-word was invoked, all non-Black
annotators labeled the resulting image as unsafe while all
Black annotators labeled the image as safe. This reflects
prior findings on the role of sociocultural experience in an-
notation (Patton et al. 2019).

The insights we uncovered regarding identity and harm
perceptions are a direct result of the way that we operational-
ized safety to explicitly consider the annotator’s stance in
contrast to the stance of others. We intentionally took this
approach to better understand whether and how each anno-
tator’s social position shapes the individual harm evaluations
they provide. Our comment analysis, in particular, enabled
us to identify and expand the set of concerns captured in the
task design, exposing reasoning that can be missed in typ-
ical annotation task structures for AI evaluation. While our
focus was on annotator behavior rather than evaluating the
safety of any particular system, the relation between safety
and who is at risk is an important contextual component of
safety judgments that is left as an implicit assumption for
annotators to make. As Wang et al. (2024) point out, eval-
uations of model safety in industry settings include consid-
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erations about legal liability and compliance. While these
certainly play a role in broader societal safety, the most im-
mediate entity at risk for such violations can vary between a
specific subset of vulnerable end users, politicians who may
be subject to disinformation campaigns, or even the com-
pany whose model is being evaluated and which may be
at risk of legal ramifications for violating laws. These are
all necessary facets of model evaluation but join the mix of
safety considerations without necessarily being focused on
considerations of safety to users. As a result, annotators must
implicitly switch between various potential targets of harm
without clarity on how to consider different targets.

Recommendations for Safety Evaluation Tasks
Balancing Structure and Subjectivity Thematic analy-
sis revealed a tension between structured evaluation frame-
works and the subjective nature of harm perception. Anno-
tators often filled in narrative gaps, projected context onto
ambiguous prompts, and expressed emotional reactions that
were not captured by predefined harm categories. While
structure is essential for standardization, task designs must
also leave room for subjective interpretations and open-
ended feedback. A ”good” task design might focus on bal-
ancing these elements by including space for contextual
reasoning alongside structured responses. Although open-
ended responses add effort to tasks, they introduce space
for capturing contextual reasoning which can be used se-
lectively or in piloting to validate task design. However, it
remains unclear how much evaluators can or should inter-
vene in the natural reasoning processes of annotators when
determining final task label categories.

Integrating Safety and Item Quality Evaluation An im-
portant finding is the entanglement of safety judgments with
item quality, particularly in cases involving image distor-
tions or generative artifacts. Annotators often interpreted
distortions as indicative of harm, demonstrating that tech-
nical flaws influence safety perceptions. By explicitly eval-
uating safety and quality in tandem, task designs can help
disentangle these dimensions and provide a clearer under-
standing of their interplay. For example, evaluators might
introduce prompts that ask annotators to separately assess
image distortion and its perceived impact on harm, enabling
a more nuanced analysis of these factors.

Expanding the Scope of Safety Evaluation Frameworks
Our findings suggest that existing frameworks need to ac-
count for subjective and contextual dimensions, such as
emotional reactions, implicit judgments, and cultural inter-
pretations of harm. Annotators’ frequent use of emotional
language and their divergence from predefined harm labels
highlight gaps in current evaluation practices. Expanding an-
notation guidelines to include illustrative examples of di-
verse cultural and emotional interpretations can help address
these gaps. Additionally, distinguishing between “self” and
“other” harm explicitly within task designs could provide
annotators with clearer evaluative criteria while capturing
the multifaceted nature of safety judgments. Importantly,
our aim is not to critique policy-based safety evaluations,
which serve essential regulatory and design purposes, but to

propose additional signals that complement them. Annota-
tor comments and disagreement patterns offer insight into
misalignments between policy-based frameworks and user
expectations or cultural and emotional nuance. In doing so,
they help identify gaps between abstract policies and the
lived experiences or intuitive judgments of real users.

What Lies Within vs. Beyond the Scope of Evaluators
One of the key challenges highlighted by this study is de-
lineating what lies within the control of task design versus
what remains outside the hands of evaluators. While evalu-
ators can modify label sets, task instructions, and evaluation
frameworks, they have limited influence over the subjective
ways in which annotators interpret and fill in missing con-
text. The process by which annotators reason about ambigu-
ous images often reflects their personal, cultural, and emo-
tional perspectives, which are difficult to scaffold or stan-
dardize. This raises important questions about how much
evaluators should intervene in these reasoning processes and
what constitutes an effective and ethical task design.

Limitations
Our study’s depth is inherently limited by its reliance on
annotator comments rather than direct interaction. While
these comments offer valuable insights into annotators’ rea-
soning, they do not permit real-time probing or follow-up
questions, preventing a deeper understanding of the intricate
links between their judgments and expressed thoughts. This
contrasts with more intensive qualitative methods like inter-
views or observations, which could further unpack nuanced
decision-making processes. Additionally, our analysis of de-
mographic influences on safety judgments was restricted to
the diverse annotators, as we did not collect similar demo-
graphic information for the expert annotators. This absence
prevents us from fully disentangling whether observed dif-
ferences in safety ratings stem from distinct expert policy
knowledge or from varied cultural and lived experiences.

Conclusion
In this work, we explored how diverse annotators inter-
pret multimodal safety and identified gaps in typical safety
task design. Our qualitative analysis of annotator comments
on adversarial T2I prompt-image pairs revealed that their
judgments often include considerations not explicitly cap-
tured by standard safety categories, such as the link be-
tween image quality and safety perceptions. We also found
that annotators consistently perceive content as more harm-
ful to others than to themselves, yet their understanding of
“others” and their sensitivity to harm varies significantly.
Furthermore, moral reasoning evident in annotators’ com-
ments proved predictive of harm scores and areas of dis-
agreement. Based on these insights, we recommend improv-
ing safety evaluation tasks by explicitly addressing subjec-
tive, contextual, and cultural factors, distinguishing between
self and other harm, integrating safety and quality assess-
ments, expanding guidelines to include diverse interpreta-
tions, and exploring methods to better scaffold annotators’
reasoning while respecting their interpretative processes.
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Ethical Statement
While the institution of the lead authors does not require IRB
approval, our research strictly adhered to ethical guidelines,
obtaining rigorous ethical reviews and approvals from our
dedicated internal ethics committee before any data collec-
tion began and once more after finalizing this paper. Partic-
ipants in the study were fully briefed on the study’s scope
and potential risks, and their consent was obtained, with the
clear understanding that participation was entirely voluntary
and could be discontinued at any time.

We also note that related research on annotation has been
exempted from IRB review at academic institutions (e.g.,
Dı́az et al. 2018) or published at prominent ML venues with-
out a stated IRB review (e.g., Aroyo et al. 2023). It is im-
portant to note that the ethical considerations for this type
of annotation task extend beyond standard user experience
(UX) research consent processes. While typically UX re-
search might involve less formal review, the nature of safety
evaluations for generative AI content often involves sensi-
tive topics and potential for harm, necessitating more rig-
orous ethical oversight. Our internal ethics committee’s re-
view and approval, therefore, provided an essential layer of
scrutiny appropriate for the challenges posed by this work.
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