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Figure 1: Study pipeline for comparing human and LLM interpretations of microaggressions. Humans (via surveys) and LLMs 
(via repeated prompting) evaluated ten dialogue scenarios, providing ratings and rationales for perceived microaggressions. 
Mixed-methods analysis examined similarities and differences across groups. 

Abstract 
Gender microaggressions are subtle yet persistent forms of discrim-
ination in workplace interactions. While LLMs can detect them in 
written texts, it remains poorly understood how their interpreta-
tions align or diverge from human perspectives and experiences. 
We present a mixed-method study comparing how LLMs and hu-
mans differing in gender identity and lived experience, interpret 
gender microaggressions in the workplace. Using short dialogues 
adapted from real-world accounts, we asked 141 participants to 
rate the likelihood that a scenario contains a microaggression and 
provide a rationale for their answers. The same tasks were com-
pleted by 7 different LLM models. Our analysis reveals significant 
differences in how humans and LLMs interpret microaggressions, 
captured in both ratings and rationales, and more interestingly, the 
effect of gender and lived experience on human interpretations. 
These findings highlight the need for systems detecting microag-
gressions to embrace interpretive plurality, and support reflection 
and awareness while accounting for ambiguity. 
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1 Introduction 
Gender bias remains widespread and persistent in professional 
environments [77]. While overt sexism may have declined, discrim-
inatory practices have not decreased [53]; rather, they manifest in 
subtler forms such as microaggressions [20, 24, 48, 78, 84]. These 
can range from interruptions and dismissive remarks to being over-
looked for promotions and more structural manifestations [49], 
with a cumulative effect that can undermine women’s professional 
identities, leadership trajectories, and sense of belonging [48, 62]. 
While these effects have been most commonly studied in women, 
they also affect other groups, such as non-binary individuals [25]. 
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Microaggressions also have organizational consequences: peo-
ple who experience them report higher levels of burnout and are 
more likely to consider leaving their organizations [2, 24, 53], thus 
creating a loss of key talent and leadership potential [60]. This has 
motivated interest in automated tools to help identify and address 
workplace microaggressions. 

While microaggressions can target different aspects of a person’s 
identities, we focus on gender-based microaggressions because they 
are the most common form reported in workplaces, strongly linked 
to burnout and attrition, and central to ongoing equity and inclusion 
efforts [53]. 

Yet microaggressions are especially challenging to address, as 
they are often perpetrated unconsciously, their manifestations are 
ambiguous, and not everyone agrees on whether they are harmful 
[59]. These disagreements highlight that interpretation is socially 
situated, meaning that it depends on context, positionality, and 
lived experience rather than objective classifications [69]. 

A growing body of work has approached microaggression de-
tection as a text classification problem. Researchers have deployed 
machine learning (ML) systems to detect sexism, toxic speech, as 
well as microaggressions, in online contexts [3, 8, 28, 37, 38, 82]. 
While reported detection accuracy can be high, these pipelines face 
consistent limitations associated with microaggressions’ ambiguous 
and context-dependent nature [3, 79]. Annotators that help create 
these systems provide labels for what “counts” as microaggression, 
but recent work demonstrates that their social identity and context 
significantly shape the labels they provide [27, 38]. This challenges 
the assumption that microaggressions can be objectively classified 
using a “gold standard” [18, 27]. 

More recently, researchers have begun exploring large language 
models (LLMs) for microaggression detection, as they can incor-
porate contextual details and generate explanations for their judg-
ments [4]. In the workplace, LLMs are increasingly integrated 
into work flows to support decision-making [7, 31]. Yet, recent 
work shows that LLMs are not neutral observers, but rather their 
outputs often reflect dominant cultural norms and values, poten-
tially marginalising perspectives that differ from these defaults 
[4, 19, 71, 72]. This raises critical questions about how LLMs inter-
pret socially sensitive interactions, and how their interpretations 
may diverge from human perspectives, particularly those of people 
who experience gender microaggressions first-hand. 

There is little empirical evidence on how LLM interpretations 
compare to those of humans, especially when accounting for differ-
ences in gender identity and lived experience with discrimination, 
that research shows shape microaggression perception [10, 27, 36]. 
In this paper, we aim to address this knowledge gap by seeking 
answers to the following research questions: 

(1) RQ1: How do LLMs and humans differ in detecting 
gender microaggressions in workplace scenarios? 

(2) RQ2: What argumentation patterns and interpretive 
strategies do humans and LLMs use when providing 
rationales for their microaggression judgements? 

(3) RQ3: How do human and LLM rationales differ in the 
ways they explain or justify their judgments? 

Here, we use interpretation to refer to the overall judgment of 
whether a scenario constitutes a gender microaggression and why. 

We analyse it through a numerical rating and a rationale (expla-
nation of that rating). We emphasize interpretation rather than 
detection accuracy, as the latter would presuppose an objective 
ground truth. To examine these questions, we stratified human 
participants into six subgroups based on gender identity (male, 
female, non-binary) and lived experience with workplace gender 
microaggressions (with or without). This stratification enables us 
to examine whether the patterns observed map onto gender and 
lived experience differences. 

Our analysis reveals a core distinction that we introduce to char-
acterize differences in interpretation: LLMs exhibit what we term 
categorical sensitivity, identifying microaggressions based on what 
type of harm they represent, often abstracted from context, while 
humans (particularly those with lived experience) demonstrate situ-
ated sensitivity, where their interpretations are grounded in specific 
contextual factors, including attention to ambiguity. This distinction 
has significant implications for the design of automated detection 
systems, suggesting that current LLM approaches may flatten the 
interpretive plurality that makes human sensitivity meaningful, 
and highlighting the need for designs that preserve rather than 
override situated knowledge. 

Our work makes several contributions to the growing literature 
on LLM-supported systems for microaggression detection. First, we 
provide empirical evidence of significant differences between LLMs 
and humans in interpreting gender microaggressions in the work-
place. Second, we identify patterns of alignment between LLMs and 
human subgroups defined by gender identity and lived experience. 
Third, we offer a mixed-methods evaluation approach that pairs 
numerical judgments with rationale analysis, moving beyond treat-
ing microaggression interpretation as a classification task. Finally, 
we propose design implications emphasizing interpretive plural-
ity, power dynamics, and the potential exclusion of non-dominant 
perspectives. 

2 Background and Related Work 
Our work is situated at the intersection of three areas: research 
on gender microaggressions (what they are and how they mani-
fest), Human-Computer Interaction (HCI) and Computer Science 
efforts to detect and mitigate microaggressions with computational 
tools, and feminist/critical perspectives providing a lens to better 
understand the complexities of the social contexts in which they 
emerge. Bringing these areas together clarifies the technical chal-
lenges in designing LLM-based systems that detect and mitigate 
microaggressions in the workplace. 

2.1 Gender Microaggressions in the Workplace 
Microaggressions are common manifestations of bias or discrimina-
tion directed at individuals or groups positioned within systems of 
oppression [81]. They are typically brief and subtle, and manifest 
verbally, behaviorally, or environmentally [78]. Microaggressions 
can be conscious or unconscious, do not require intent, and often 
can pass as jokes, compliments, or misunderstandings [61, 70, 78]. 

The workplace is a distinct setting for these dynamics. Employ-
ees are subject to formal rules and hierarchies they must comply 
with, and spend a substantial amount of time in these environments 
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[49]. In practice, overt sexism may have declined, yet gender dis-
criminatory practices and behaviors persist in more ambiguous 
forms that are harder to identify and contest [20, 24, 48, 78, 84]. 
The prefix micro refers to the scale or granularity of such acts and 
not the severity of their effects [69, 81]. The accumulated effect can 
result in many negative impacts on women such as limitation of 
professional trajectories and diminishing sense of belonging, higher 
rates of burnout, poorer well-being, and increased intentions to 
leave their current roles [2, 24, 46, 48, 49, 53, 62]. 

There is no single definition or taxonomy of gender microaggres-
sions as boundaries remain debated [59]. A widely used starting 
point is Sue’s distinction between microassaults (conscious dero-
gations), microinsults (demeaning slights), and microinvalidations 
(communications that negate lived experience) [49, 62, 78]. Domain-
specific work extends this taxonomy to capture how gender mi-
croaggressions emerge in particular contexts. Kim and Meister iden-
tify five types of recurrent workplace microaggression in STEM: de-
valuation of technical competence, devaluation of physical presence, 
denial of one’s reality, pathologizing character, and pathologizing 
gender, which in their data structure map to an invisible versus 
visible distinction (devaluation and denial vs. pathologizing) [48]. In 
a campus-based study of undergraduate women, Gartner identifies 
seven themes: invisibility, presumed incompetence, sexual objec-
tification, caretaker/nurturer expectations, women-dominated oc-
cupations, environmental invalidations, and intersectionality [35], 
that are also relevant to the workplace. 

Ambiguity is a defining feature of microaggressions. The same 
interaction may be read as harmless by some and harmful by oth-
ers. Targets often need to exert cognitive and emotional labor to 
interpret their subtle manifestations [49]. This ambiguity enables 
for plausible deniability and undermines recognition [46, 68]. Inter-
pretations vary with situational and cultural context, and with the 
positionalities of those involved and interpreting [10, 55, 61]. 

Consistent with this, some scholars argue that microaggressions 
are best understood as observable events whose classification does 
not depend on the perpetrator’s intent or the target’s immediate 
appraisal [68, 81]. Rather, what constitutes a microaggression is bet-
ter defined by members of the marginalized group affected [61]. An 
empirical study on perceptions of gender microaggressions in the 
workplace determined that women were significantly more likely 
to perceive workplace gender microaggressions than men when 
microaggressions are not explicit [10]. This positional variation in 
interpretation provides empirical grounding for our focus on these 
factors in comparing human and LLM interpretations. 

Finally, gender microaggressions frequently intertwine with race, 
ethnicity, age, class, disability, and sexuality. These intersections 
produce harms that cannot be understood by analysing a single 
identity dimension in isolation [55, 70]. In this work we focus on 
gender for analytic tractability and scope, but we recognise this as 
a limitation and return to it in our discussion section. 

2.2 Approaches for Automatic Detection of 
Microaggressions 

A growing body of work has focused on automating detection of 
microaggressions, sexism and toxic speech in online text using 
Machine Learning (ML) models. Most computational work treats 

them as text classification problems, training models using RNNs 
or transformers to predict binary labels or assign categories [3, 
8, 28, 37, 38, 82]. To address data scarcity, some pipelines rely on 
LLM-assisted annotation and synthetic examples [79]. 

While reported detection scores can be high [8, 37, 82], several 
consistent limitations surface: lower recall for detecting microag-
gressions [3, 79], domain shift penalties when moving across plat-
forms [3], and category confusions when statements span multiple 
harm types [8]. Crucially, recent work shows that annotation is 
positional, and annotators’ identity and context determine labels 
[38], challenging the assumption that crowdsourced annotations 
represent objective “gold labels” [58]. 

These detection pipelines rely heavily on textual cues and state-
ment explicitness, making it difficult to capture subtle manifesta-
tions, relational dynamics, and power asymmetries encountered in 
workplace microaggressions. Even multimodal approaches struggle 
with nuanced interactions [21]. 

In the workplace, automated microaggression detection could 
be deployed in several contexts, such as real-time flagging in com-
munication platforms like Slack or Teams, retrospective analysis 
of meeting transcripts, or monitoring offline interactions with ap-
propriate transcription pipelines. Some organizations already use 
artificial intelligence (AI) tools for harassment detection in work-
place online communications [32]. Extending these applications to 
microaggressions is a likely trajectory. 

The rise of LLMs introduces new possibilities for microaggres-
sion detection [4, 38]. Unlike traditional classifiers, LLMs can incor-
porate contextual details and generate textual rationales. They are 
already entering workplace flows to provide humans with recom-
mendations and support decision-making [7, 31], underscoring the 
need to examine how they interpret socially sensitive interactions. 
However, LLM integration introduces new challenges. Research 
shows that LLM explanations can increase user reliance without 
improving awareness [7], and that people consider AI systems fairer 
when the systems’ biases align with users’ own biases [86]. 

A growing body of work examining LLMs as evaluators or judges 
operates largely within a positivist framework [44, 83, 85], treating 
human-LLM agreement as the validity benchmark and disagree-
ment as noise to be minimized. But human annotation reflects social 
position, and annotator identity and beliefs influence the ratings 
annotators give [73]. For socially contested phenomena like mi-
croaggressions, disagreement among humans is something to be 
expected. 

Recent work illustrates this tension: Movva et al. [64] found 
that while GPT-4 can match overall human consensus on conver-
sational safety, it cannot anticipate which conversations will be 
perceived differently by different demographic groups. They also 
found GPT-4 tends to be more stringent than human annotators, 
rating some conversations as unsafe that annotators found benign, 
particularly cases involving “positive” stereotypes (e.g., compli-
menting a group’s perceived traits, yet still based on stereotypes) 
or neutral responses to hateful statements. 

Moreover, LLMs do not represent any particular population uni-
formly. Schäfer et al. [74] found that LLMs align more closely with 
annotations from White individuals than from Black/African Amer-
ican individuals, and were progressively less accurate for older 
individuals in offensiveness rating tasks. Dominguez-Olmedo et 
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al. [30] show that models are closer to uniform distributions than 
to any human population, better representing subgroups whose 
aggregate statistics happen to be closest to uniform. These patterns 
may partly reflect safety-oriented alignment training, which opti-
mizes models to choose “least harmful” options [26, 39, 42, 57], a 
process that can flatten interpretive diversity. 

These limitations have prompted alternative approaches. Recent 
scholarship advances a perspectivist approach that challenges gold-
standard annotation practices [18, 33]. Cabitza et al. [18] argue that 
multiple perspectives should be preserved in annotation practices 
rather than collapsed through majority voting, as disagreement is 
unavoidable for complex, ambiguous phenomena. Similarly, Fleisig 
et al. [33] extend this argument, showing that lived experience 
constitutes a legitimate form of expertise systematically overlooked 
when majority-vote aggregation discards minority annotators’ in-
terpretations. 

This perspectivist turn in computational work echoes longstand-
ing feminist epistemological arguments about situated knowledge 
and the value of marginalized perspectives [40, 41], a connection 
we develop in the following sub-section. Our work extends this per-
spectivist paradigm to human-LLM comparison. Rather than asking 
whether LLMs judge microaggressions accurately (which presup-
poses a ground truth), we examine how their interpretations differ 
from humans whose social positions shape their understanding of 
contested workplace interactions. 

2.3 Feminist and Critical Perspectives 
Feminist and critical perspectives offer essential tools for navigat-
ing these complexities because they start from the premise that 
knowledge is always situated and partial [40]. In the case of mi-
croaggressions, interpretation is highly context-dependent, and 
harm is often invisible to those not experiencing it, leading to sys-
tematic disagreement about what “counts” as a microaggression 
[59, 69, 78]. 

Rather than viewing disagreement as a problem to be solved, fem-
inist frameworks treat multiple perspectives as analytically valuable. 
Fricker’s [34] concept of epistemic injustice helps explain why tar-
gets’ interpretations are often dismissed, both through testimonial 
injustice (not being believed) and hermeneutical injustice (lacking 
shared conceptual resources to articulate harm). Similarly, feminist 
standpoint theory argues that those positioned at social margins of-
ten develop sharper insights into power operations, suggesting that 
lived experience with discrimination provides epistemic advantages 
rather than bias. 

These theoretical insights have direct implications for compu-
tational approaches to bias detection. Feminist perspectives push 
beyond narrow technical views of fairness toward intersectional, 
power-aware understanding of how datasets and models reproduce 
inequality [58]. Knowledge-enhanced language models risk repro-
ducing epistemic injustice because knowledge itself is socially situ-
ated: researchers must be aware of the social nature of knowledge, 
and avoid assuming content labeled “knowledge” to be objective 
and neutral [52]. 

Moreover, AI systems are not neutral [19, 72] observers but are 
built within existing power structures. Recent work demonstrates 

that large language models often reflect dominant cultural perspec-
tives, potentially marginalizing viewpoints that diverge from these 
defaults [71]. This poses fundamental questions for microaggression 
detection systems: whose perspectives are centered when defining 
harm, and whose interpretations are excluded or overridden? 

The stakes of these questions are heightened by how humans 
interact with AI-generated explanations. Research shows that peo-
ple are prone to automation bias, or mistaking LLM outputs as 
meaningful or authoritative [12, 13], and that users consider AI 
systems fairer when their biases align with users’ own expectations 
[86]. When AI systems provide confident-sounding explanations 
about contested social phenomena like microaggressions, they risk 
creating an illusion of objectivity that obscures the situated nature 
of interpretation. This theoretical grounding leads us to examine 
not whether interpretations are correct, but how they emerge from 
different social and technical positions. 

2.4 Situated Comparison Between Humans and 
LLMs 

Building on this body of work, this study compares how LLMs 
and human participants interpret short workplace dialogues con-
taining gender microaggressions. Unlike detection approaches that 
frame microaggression identification as binary classification, we 
examine interpretations, both ratings (judgments) and rationales 
(justifications), to understand the interpretive stances of both hu-
man participants and LLMs, rather than to evaluate correctness 
against a ground truth. Our analysis examines how interpretations 
converge or diverge across LLMs and human subgroups, and how 
their rationales frame microaggressions differently. 

Our focus on gender identity and lived experience as key demo-
graphic variables is grounded in empirical evidence showing sys-
tematic differences in microaggression sensitivity [35, 49]. Research 
demonstrates that women are significantly more likely than men 
to perceive workplace gender microaggressions when they are not 
explicit [10], and that lived experience with discrimination shapes 
interpretive frameworks in ways that provide epistemic advantages 
for recognizing subtle bias. While much of this literature focuses on 
cisgender women’s experiences, gender microaggressions are also 
experienced by other groups, such as trans and non-binary people 
[25]. Our study includes non-binary participants and examines how 
these gender patterns compare to LLM interpretations. 

Importantly, we are not seeking to resolve interpretive ambigu-
ity or determine who is “right” or “wrong” in their assessments. 
Instead, we aim to understand how different interpretive positions 
approach the same nuanced interactions. In this approach we treat 
interpretive diversity as analytically valuable instead of an error. 

These theoretical insights have direct implications for human-
computer interaction (HCI) design. If microaggression interpreta-
tion is inherently situated and contested, then LLM systems de-
signed to detect or respond to workplace microaggressions cannot 
simply optimize for accuracy against a ground truth. Instead, re-
searchers must grapple with fundamental questions about whose 
perspectives these systems should reflect, how they might support 
rather than replace human judgment, and whether computational 
approaches risk flattening the interpretive plurality that feminist 
theory suggests we should preserve. 
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3 Methods 
We conducted a mixed-methods study comparing how humans and 
LLMs interpret workplace gender microaggressions. We presented 
141 participants and 7 LLM models with 10 workplace dialogue 
scenarios, 8 containing different types of gender microaggressions 
and 2 presenting no microaggressions (as controls). Through an 
online survey for humans and API prompting for LLMs, we collected 
numerical ratings (1-5 Likert scale) on the perception of a scenario 
containing a microaggression, and an open-text rationale for their 
ratings, for each scenario (see Fig. 1). We analyzed the data using 
non-parametric statistical tests for ratings and mixed qualitative 
methods for rationales. This study was preregistered prior to data 
collection, study materials and data are available in OSF public 
repository1 . 

Drawing on feminist perspectives, we approach the interpre-
tation of microaggressions as context-dependent, situational, and 
relational [40, 59, 69]. Thus, we acknowledge that there is no gold 
standard in this matter to which LLMs or humans should align. 
This shapes the methodological choices we made: we are not study-
ing LLMs’ capability to detect gender microaggressions, but rather 
how participants and LLMs rate scenarios as microaggressive or 
non-microaggressive, and the justifications they provide for those 
ratings. We acknowledge that a numerical rating does not always 
map directly to the accompanying written rationale (for either hu-
mans or LLMs), yet we treat these paired responses as proxies for 
interpretive stance, enabling us to examine their perspectives in 
more nuanced ways. 

3.1 Scenarios 
We created 8 workplace dialogue scenarios (vignettes [5, 6]), 
adapted from self-reported accounts of workplace microaggres-
sions submitted to microaggressions.com 2 , a public website where 
people anonymously share accounts of microaggressions they have 
experienced. We chose to ground our scenarios in lived experiences 
rather than create hypothetical examples because microaggressions 
are inherently ambiguous phenomena that are best understood 
through narratives situated in real social contexts. 

We filtered the submissions using the website’s “gender” tag, 
alongside workplace-relevant keywords (“boss,” “work,” “office,” 
“coworker,” “colleague,” “manager,” “job,” “career”, “interview”), re-
sulting in 401 posts. We excluded intersectional cases (entries with 
multiple tags), in order to focus specifically on gender-based dy-
namics, yielding 187 posts. 

We then reviewed these posts individually, applying inclusion 
criteria to retain only those that: (1) were understandable as stand-
alone narratives, (2) could be adapted into a dialogue format, and (3) 
were clearly related to a workplace context. This process resulted 
in 60 posts. 

To standardize the presentation format of each submission, we 
transformed them into short dialogues that include gender markers 
(e.g.,“[Woman]:”, “[Man]:”) while preserving the original content 
and meaning (see Table 1). This transformation was performed man-
ually with occasional assistance from GPT-4o for initial formatting, 

1https://osf.io/37qgh/overview?view_only=58d9e950f6af4b60a1de5ffd6e920655
2https://www.microaggressions.com 

followed by careful review and editing to ensure accuracy, natural 
conversational flow, and preservation of the original meaning. 

Because participants could only be exposed to a limited number 
of vignettes without risking cognitive overload [1], we used ten 
final scenarios (see Appendix B): eight containing gender-based 
microaggressions and two neutral workplace interactions [65] that 
served as controls and attention checks, in accordance with similar 
studies [10]. 

To ensure diversity in our selection, we developed an expanded 
classification system building on existing taxonomies. We be-
gan with Sue’s [78] foundational three-category taxonomy (mi-
croassaults, microinsults, and microinvalidations), and incorpo-
rated domain-specific categories from Gartner’s [35] campus-based 
framework, which identifies forms such as sexual objectification 
and undermining of competence, and Kim’s [48] workplace STEM 
taxonomy, which highlights dynamics like gender as professional 
liability and exclusion from networks. This integration resulted 
in eight categories: sexual objectification, gender hostility, under-
mining competence, pathologizing character, restrictive gender 
roles, gender as liability, denial of experience or invalidation, and 
exclusion (see Appendix A for complete taxonomy). We selected 
scenarios to represent a balance across these categories, with some 
scenarios exemplifying multiple types. 

3.2 Pilots and Explorations 
We conducted several pilot studies to refine our methodology and 
study design. No pilot participants were included in the final study. 
Initial pilots (n=7 via Prolific) tested whether dialogue formats were 
clear enough for participants to assess. No participants reported 
comprehension issues. 

A preliminary pilot used binary yes/no responses for microag-
gression judgments, but this failed to capture the inherent ambiguity 
in how microaggressions are interpreted. Based on pilot feedback, 
we adopted a 5-point Likert scale (1=Definitely not, 3=Uncertain, 
5=Definitely yes) to better accommodate interpretive uncertainty. 
We focused on perceived likelihood rather than severity because our 
interest was in interpretive disagreement about what constitutes 
a microaggression, not in comparing harm magnitude. Addition-
ally, initial pilots asked about lived experience using yes/no ques-
tions, which yielded limited insight and failed to capture nuanced 
perspectives. We refined this to multiple-choice options (personal 
experience, witnessing, uncertainty, no experience) followed by 
open-text descriptions for those reporting personal experience. 

Finally, we conducted systematic tests of temperature and top-p 
settings across model families. While parameter variations affected 
phrasing, thematic coding remained consistent. Given GPT-5’s lack 
of parameter control (as of August 2025), we standardized on default 
settings (temperature=1) across all models. Early testing showed 
high consistency in LLM outputs across multiple generations, lead-
ing us to expand from three to ten repetitions per scenario [4]. 

3.3 Tasks 
The study consisted of two tasks directed to both human par-
ticipants and LLMs. Participants completed an online survey 
(Qualtrics), and LLMs were prompted via their respective APIs. 
Our working definition of gender-based microaggression was given 

https://osf.io/37qgh/overview?view_only=58d9e950f6af4b60a1de5ffd6e920655
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Table 1: Example of dialogue construction from original microaggression account to structured scenario format 

Original snippet Transformed dialogue 

“Why don’t you fax him a picture of yourself? I’m sure he’ll get 
that memo to you faster.” A male colleague, when I tell him his 
co-worker has not yet faxed me the memo I requested. 

[Woman]: “I still haven’t received that memo, could you check 
with him?” 
[Man]: “Why don’t you fax him a picture of yourself? I’m sure 
he’ll send it faster.” 

to both groups: “Subtle and often ambiguous forms of discrimination 
based on a person’s gender. They are often normalized or dismissed 
as minor, but their harm is cumulative. It emerges through patterns 
of marginalization, misrecognition, and social exclusion over time. 
They may take the form of jokes, comments, or actions that convey 
hostility, reinforce stereotypes, or make individuals feel unsafe, under-
mined, excluded, or dismissed”. Then both humans and LLMs were 
presented with the same two tasks for each scenario: 

(1) Microaggression rating (Likert): “Do you think this inter-
action contains a gender-based microaggression?” 
Responses were collected on a 5-point Likert scale: 1 (Defi-
nitely not), 2 (Probably not), 3 (Uncertain), 4 (Probably yes), 
5 (Definitely yes). 

(2) Rationale (open text): “Why did you choose that answer?” 
Participants provided a free-text explanation for their rating. 
For LLMs, we acknowledge we cannot claim that these ac-
counts represent the true “reasoning” to assign a rating, but 
they are treated as outputs that reflect interpretive position-
ing that is assessed in complement to the rating. 

3.4 Participants 
The study was approved by our institution’s Human Research Ethics 
Committee (application ID 5560). Participants were informed about 
the sensitive nature of the content, and informed consent was ob-
tained before any data collection. They were recruited via Prolific3 . 
We used crowd workers because they provide access to a diverse, 
geographically distributed sample. To ensure participants had suffi-
cient professional exposure to workplace dynamics, we required a 
minimum of one year of work experience as a screening criterion. 

To attend to diversity of perspectives, we stratified human par-
ticipants by self-reported gender identity (47 male, 47 female, and 
47 non-binary). In the survey we also asked participants to report 
their lived experience with workplace gender microaggressions. 

We focused on gender identity and lived experience rather than 
geographic or cultural background for two reasons: first, recent 
work suggests that social attitudes and lived experience predict 
annotation behavior more reliably than demographic categories 
alone [11, 45, 66, 73]; second, this focus kept the study design man-
ageable while maintaining theoretical coherence with our emphasis 
on situated interpretation. 

To capture participants’ self-reported lived experience, we first 
provided our working definition of gender microaggressions and 
then asked whether they had experienced or witnessed such inci-
dents at work through a multiple choice question. Response options 

3https://www.prolific.co 

included personal experience, witnessing it happening to others, 
uncertainty, or no experience. 

Participants who reported personal experience were asked an 
open-ended follow-up at the end of the survey describing, in their 
own words, how they had experienced this in the workplace. This 
question was designed to provide context for interpreting results 
rather than to systematically analyze experience characteristics; 
we did not collect structured data on frequency or severity. The 
distribution of lived experience across gender groups reflected doc-
umented prevalence patterns: 7 of 44 male participants, 30 of 44 
female participants, and 27 of 47 non-binary participants reported 
lived experience with workplace gender microaggressions (See Ta-
ble 4). The low number of males with lived experience is consistent 
with research showing gender microaggressions disproportionately 
target women and gender minorities [53], and we interpret find-
ings for this subgroup (ME, n=7) with appropriate caution given 
constraints on statistical power. 

During data analysis, close reading of the rationales revealed six 
participants whose responses showed distinctly different patterns 
that suggested they were AI generated: responses were substan-
tially longer, followed identical structures across all scenarios, and 
consistently incorporated verbatim phrasing from the question 
prompt. One response explicitly included “Ask ChatGPT” and was 
immediately excluded. The remaining five participants were con-
tacted through Prolific and self-reported AI assistance. All six were 
excluded from analysis, yielding a final sample of 135 participants 
(44 male, 44 female, 47 non-binary). 

3.5 LLM Setup 
We evaluated three families of large language models with API 
access: GPT (OpenAI)4 , Claude (Anthropic)5 , and Gemini (Google)6 . 
These models were selected because they are widely available in 
“ready-to-use” form and are actively being integrated into commer-
cial and research applications, making them relevant for under-
standing how LLMs interpret microaggressions. 

Within each model family, we selected both the most powerful 
and most cost-efficient variants to capture potential performance 
differences across computational resources. This dual selection crite-
rion ensures our findings are relevant for both research applications 
(which may use premium models) and practical deployments (which 
often rely on efficient models). As of August 2025, this resulted in 
Claude Opus 4 (CO), Claude Sonnet 4 (CS), GPT-5 (G5), GPT-5 nano 
(G5n), Gemini 2.5 Pro (GMp), and Gemini 2.5 Flash (GMf). We also 
included GPT-4o (G4o), as GPT-5 had been released recently. 

4https://openai.com/api
5https://www.anthropic.com
6https://ai.google.dev 

https://5https://www.anthropic.com
https://4https://openai.com/api
https://3https://www.prolific.co
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Figure 2: Data collection method showing participant stratification and response collection across human subgroups and LLM 
model variants. 

We used default settings (temperature = 1) across all models 
to ensure consistency, particularly given GPT-5’s lack of parame-
ter control. Each model received the same ten scenarios and was 
prompted with identical instructions given to participants (see Ap-
pendix C for complete prompt). The instructions did not include 
examples. We used ten repetitions per scenario to increase robust-
ness of comparisons [4]. For each run, both the Likert rating and 
open-text rationale were stored in csv format for analysis. 

Our prompt included a definition that described microaggres-
sions as involving cumulative harm, marginalization, and misrecog-
nition (see Appendix C). Prior work shows that including definitions 
affects LLM detection sensitivity; Kumar et al. [54] found that re-
moving definitions from toxicity detection prompts substantially 
reduced model recall. Informed by this, we included a definition in 
our prompt, and provided the same definition to human participants 
to ensure identical task framing across all raters. 

3.6 Data Analysis 
We conducted both quantitative and qualitative analyses to exam-
ine similarities and differences between human participants and 
LLMs in their interpretations of gender-based workplace microag-
gressions. 

3.6.1 A quick note on our chosen approach. We are working within 
a disciplinary tension: most computational approaches to bias de-
tection follow positivist framings oriented toward quantifiable met-
rics and algorithmic solutions. Conversely, critical HCI scholarship 
acknowledges that meaning is socially constructed and requires 
interpretive, non-positivist approaches. 

We deliberately inhabit this tension: adopting some familiar 
structures from CS/AI evaluation to enable comparison, while 
grounding our interpretation in reflexive, constructivist princi-
ples. Our analysis includes both reflexive thematic analysis and 
descriptive coding with frequency counts (what might appear as 
quantitative content analysis)[15]. We begin with structures famil-
iar to CS/HCI audiences (ratings, frequencies) while fundamentally 

grounding our interpretation in constructivist principles. While 
our primary analytical focus remains on examining rationales, con-
structing themes, and reflexively engaging with meaning-making, 
the ratings offer additional analytical dimensions that enrich our 
interpretation. 

3.6.2 Quantitative Analysis. We analyzed the Likert-scale ratings 
of the ten scenarios by computing descriptive statistics (mean, stan-
dard deviation) for each rater group across microaggression and 
control scenarios. This included human subgroups based on gender 
identity and lived experience and each LLM model. Data analysis 
was performed using IBM SPSS Statistics 20. 

A variety of statistical tests were employed to determine the 
statistical significance of observed effects and to extract meaningful 
insights. We used non-parametric procedures (i.e., Kruskal–Wallis 
H tests for multi-group comparisons and Mann–Whitney U tests 
for two-group contrasts), because normality and homoscedasticity 
were not consistently satisfied across variables, following the as-
sumption guidance in Harwell [43]. For brevity, we omit assumption 
test outputs. To interpret the magnitude of these effects beyond sta-
tistical significance, we computed effect-size statistics using Epsilon-
squared (𝜖 2) for Kruskal-Wallis tests and 𝑟 for Mann-Whitney U 
tests. We interpreted 𝜖 2 values based on guidelines by Tomczak 
and Tomczak [80] and King et al. [50], where values in the range 
[0.01, 0.08) indicate a small, [0.08, 0.26) a medium, and ≥ 0.26 a 
large effect. For pairwise contrasts, we interpreted 𝑟 following Co-
hen [23]’s benchmarks: 𝑟 < 0.1 (very small), 0.1 ≤ 𝑟 < 0.3 (small), 
0.3 ≤ 𝑟 < 0.5 (moderate), and 𝑟 ≥ 0.5 (large). 

Finally, when an omnibus Kruskal–Wallis test was significant, we 
conducted Dunn’s post-hoc pairwise comparisons with Bonferroni 
correction and report adjusted p-values. 

3.6.3 Qualitative Analysis. Our approach for the qualitative analy-
sis of rationales was to conduct reflexive Thematic Analysis (TA), 
following Braun and Clarke’s six-phase process[14, 16]. For this, 
we used the software ATLAS.ti. We familiarized ourselves with the 

https://ATLAS.ti
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data, and coded all rationales (both from humans and LLMs) itera-
tively. We started coding closely to the data, then two researchers 
discussed the codes and developed initial themes. After this we 
analyzed the coded data and iterated on the themes. Then a split 
approach was adopted: we developed descriptive codes, meaning 
codes that resembled topics or categories, contrary to what is ex-
pected from reflexive TA [17]. In parallel we also created themes 
based on meaning, or interpretative stories, aligning more closely 
with reflexive TA approaches [16]. 

We adopted a dual coding approach to bridge quantitative and 
qualitative insights. First, we developed category codes (descrip-
tive), that diverge from what is expected from reflexive TA practice 
[15]. However, this allowed us to quantify patterns and create ana-
lytical bridges to ratings data. Second, we constructed interpretive 
themes through reflexive meaning making, aligning with reflexive 
TA principles[17]. These themes were not discovered or proven by 
code counts, as their meaning or significance does not depend on 
their frequency. 

Category codes included stance, argumentation elements such as 
ambiguity cues, framing context, stating impact, stating intent, and 
describing a microaggression mechanism. The codes were gener-
ated inductively, and in a second iteration, microaggression mecha-
nisms were coded in alignment to the expanded taxonomy described 
in Appendix A. 

4 Results 
In this section we present the main differences found in the inter-
pretations given by humans and LLMs. As explained in the previous 
section, we consider interpretations paired answers of a numerical 
rating, and an open rationale justifying the rating. We begin this 
section with the ratings, providing an overview of humans and 
LLMs answers, and explore more in depth the differences in human 
responses based on gender and lived experience, and in LLMs based 
on model family and type. We then present the differences in how 
the rationales from humans and LLMs are constructed, showing 
overall distributions and main differences. Finally, we present 3 
emerging themes that were constructed through reflexive thematic 
analysis of the rationales. 

4.1 Ratings 
As explained in the method section, ratings were captured using a 5-
point Likert scale to capture if the rater thought a scenario contained 
a microaggression. Higher ratings meant the scenario more likely 
contained a microaggression. To assess the consistency of these 
interpretations, we calculated inter-rater reliability using Kendall’s 
coefficient of concordance (𝑊 ). We found moderate agreement 
levels within both groups, with Human participants (𝑊 = 0.55, 
𝑝 < .001) showing slightly higher concordance than AI outputs 
(𝑊 = 0.51, 𝑝 < .001). This variability is further illustrated by 
the rating distributions presented in Figure 3, which vary notably 
between humans and LLMs and between scenarios. 

In the scenarios that contained microaggressions (S1-8), human 
ratings (in yellow) show higher diversity than LLMs’ (in purple). 
Particularly for scenarios 4, 6, and 8. Scenario means (Table 2) show 
LLM averages between 4.66–5.00 vs. human 3.04–4.73, with notably 
smaller standard deviations for LLMs indicating more uniform 

responses. Inferentially, LLMs and humans differed significantly 
on nearly all scenarios containing microaggressions (S1–S8; all 
𝑝 < .001). Specifically, S1 (𝑈 = 3604, 𝑧 = −3.85, 𝑝 < .001, 𝑟 = −0.19; 
small effect), S2 (𝑈 = 3275, 𝑧 = −4.67, 𝑝 < .001, 𝑟 = −0.25; small 
effect), S3 (𝑈 = 3201, 𝑧 = −4.84, 𝑝 < .001, 𝑟 = −0.26; small effect), 
S4 (𝑈 = 3353, 𝑧 = −3.73, 𝑝 < .001, 𝑟 = −0.23; small effect), S5 
(𝑈 = 3920, 𝑧 = −3.58, 𝑝 < .001, 𝑟 = −0.13; small effect), S6 (𝑈 = 
1596, 𝑧 = −8.04, 𝑝 < .001, 𝑟 = −0.54; large effect), S7 (𝑈 = 3570, 
𝑧 = −4.43, 𝑝 < .001, 𝑟 = −0.20; small effect), and S8 (𝑈 = 2481, 
𝑧 = −5.94, 𝑝 < .001, 𝑟 = −0.39; medium effect). 

For the two control scenarios, the differences did not reach 
significance (S9: 𝑈 = 4900, 𝑧 = 1.79, 𝑝 = .073; S10: 𝑈 = 4725, 
𝑧 = 1.83, 𝑝 = .068), supporting that neutral interactions were not 
over-classified as microaggressive by either group. In what follows, 
the analysis focuses on Scenarios 1–8 (those containing gender 
microaggressions). 

While differences were statistically significant across all microag-
gression scenarios, the magnitude of this difference varied. Scenar-
ios such as S1 and S5 showed small effect sizes (𝑟 between -0.13 
and -0.19), and it suggests a directional agreement despite inten-
sity differences. In contrast, Scenario 6 yielded a large effect size 
(𝑟 = −0.54), and Scenario 8 a medium effect (𝑟 = −0.39), highlight-
ing instances where human and LLM interpretations fundamentally 
diverge rather than simply differ in rating intensity. 

4.1.1 Gender Effects Among Human Participants. Gender identity 
significantly influenced ratings on four of the eight microaggression 
scenarios: S1 (Kruskal–Wallis H: 𝜒 2 (2) = 7.30, 𝑝 = .026, 𝜖 2 = .04; 
small effect), S2 (𝜒 2 (2) = 6.02, 𝑝 = .049, 𝜖 2 = .03; small effect), S3 
(𝜒 2 (2) = 14.33, 𝑝 < .001, 𝜖 2 = .09; medium effect), and S6 (𝜒 2 (2) = 
20.59, 𝑝 < .001, 𝜖 2 = .14; medium effect). These omnibus effects 
were modest-to-moderate in size. No significant gender effects were 
found for S4 (𝑝 = .823), S5 (𝑝 = .552), S7 (𝑝 = .251), or S8 (𝑝 = .357). 
The presence of medium effects for S3 and S6, compared to small 
effects for S1 and S2, suggests that gender identity played a more 
substantial role in shaping interpretations for scenarios involving 
‘gender as liability’ and ‘restrictive gender roles’ compared to other 
categories. 

Table 3 presents the means and SD when disaggregating by gen-
der. Results reveal that non-binary participants gave slightly higher 
means than male/female participants in all scenarios. Male partici-
pants rated lowest in S1, S2, S3, S5, and S6, rating particularly low 
in the later (𝑀 = 2.32, 𝑆𝐷 = 1.29). Post-hoc pairwise comparisons 
with Bonferroni correction showed that for S1, non-binary partici-
pants rated the scenario significantly higher than male participants 
(𝑎𝑑 𝑗 .𝑝 = .034). For S3, the difference between non-binary and male 
participants was also significant (𝑎𝑑 𝑗 .𝑝 < .001). S6 showed sig-
nificant differences between male participants and both female 
(𝑎𝑑 𝑗 .𝑝 = .043) and non-binary participants (𝑎𝑑 𝑗 .𝑝 < .001). For S2, 
no pairwise comparisons were significant after correction. 

4.1.2 Effects of Lived Experience. When looking at the differences 
in lived experiences, we expand the 3 gender groups to 6 (see Fig. 
4). Participants with lived experience consistently provided higher 
ratings than those without such experience. Independent-samples 
Mann–Whitney tests showed significant differences for S1 (𝑈 = 
1894.0, 𝑧 = 2.48, 𝑝 = .013, 𝑟 = −0.17; small effect), S2 (𝑈 = 1245.5, 
𝑧 = 3.94, 𝑝 < .001, 𝑟 = −0.29; small effect), S3 (𝑈 = 1250.5, 𝑧 = 4.69, 
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Figure 3: Rating distributions showing greater interpretive diversity among humans compared to LLMs across microaggression 
scenarios (S1-S8) and control scenarios (S9-S10) 

Table 2: Mean ratings and standard deviations by scenario, showing consistently higher LLM ratings with lower variance 
compared to humans across microaggression scenarios (S1-S8) 

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8 Scenario 9 Scenario 10 
Group 

Human 4.56 ± 0.86 4.36 ± 1.05 4.33 ± 1.09 4.13 ± 1.08 4.73 ± 0.71 3.04 ± 1.43 4.65 ± 0.74 3.71 ± 1.30 1.05 ± 0.22 1.11 ± 0.40 
LLM 4.94 ± 0.23 4.94 ± 0.23 4.94 ± 0.23 4.70 ± 0.46 5.00 ± 0.00 4.66 ± 0.48 5.00 ± 0.00 4.73 ± 0.45 1.00 ± 0.00 1.00 ± 0.00 

Table 3: Mean microaggression ratings by gender identity, showing systematic differences with non-binary participants rating 
highest and male participants lowest across most scenarios 

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8 

Male 4.32 ± 1.09 4.07 ± 1.25 3.93 ± 1.25 4.11 ± 1.13 4.64 ± 0.78 2.32 ± 1.29 4.61 ± 0.75 3.61 ± 1.42 
Female 4.50 ± 0.88 4.41 ± 1.02 4.32 ± 1.20 4.05 ± 1.12 4.77 ± 0.68 3.07 ± 1.37 4.61 ± 0.65 3.55 ± 1.37 
Non-Binary 4.83 ± 0.43 4.60 ± 0.80 4.72 ± 0.62 4.21 ± 1.00 4.79 ± 0.69 3.68 ± 1.32 4.72 ± 0.80 3.96 ± 1.10 

𝑝 < .001, 𝑟 = −0.35; medium effect), and S6 (𝑈 = 1255.5, 𝑧 = 3.67, 
𝑝 < .001, 𝑟 = −0.31; medium effect). Differences were not significant 
for S4 (𝑝 = .101), S5 (𝑝 = .126), S7 (𝑝 = .820), or S8 (𝑝 = .153). 
All means and SD values can be seen in Table 2, among all LLM 
rater types. Notably, while lived experience had a small impact on 
ratings for S1 and S2, it showed a medium effect size for S3 and 
S6, indicating that for certain subtle microaggressions, possessing 
lived experience significantly alters the perception of harm. 

These results show that within each gender category, those with 
lived experience (ME, FE, NBE) rated scenarios higher than their 
counterparts without lived experience (MX, FX, NBX). Notably, 
males without experience (MX) consistently showed the lowest 
means, while non-binary participants with experience (NBE) often 
showed the highest ratings (e.g., S1: 𝑀 = 5.00, 𝑆𝐷 = 0.00). Post-hoc 

analyses of the six distinct human rater types revealed significant 
differences between MX and NBE on S1 (𝑎𝑑 𝑗 .𝑝 = .006), S2 (𝑎𝑑 𝑗 .𝑝 = 
.006), S3 (𝑎𝑑 𝑗 .𝑝 < .001), and S6 (𝑎𝑑 𝑗 .𝑝 < .001), representing the 
extremes of the spectrum. 

4.1.3 LLM Model Family and Model Version Differences. In general, 
all LLM families had ceiling effects (𝑀 = 5.00, 𝑆𝐷 = 0.00), as 
reported in Table 5. For Gemini models this happened across all 8 
scenarios, while for Claude models this happened in 6 scenarios 
and for GPT models in 2 scenarios. SDs were usually low, with the 
highest one being 0.51 (Claude, Sc 4). Kruskal–Wallis tests indicated 
significant model family differences in S4 (𝜒 2 (2) = 12.83, 𝑝 = .002, 
𝜖 2 = .16; medium effect), S6 (𝜒 2 (2) = 53.83, 𝑝 < .001, 𝜖 2 = .77; large 
effect), and S8 (𝜒 2 (2) = 34.28, 𝑝 < .001, 𝜖 2 = .48; large effect). No 
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Table 4: Participant stratification by gender identity and lived experience with workplace gender microaggressions 

Abbreviation Rater type 𝑛 

MX Male without lived experience with gender microaggressions 37 
ME Male with lived experience with gender microaggressions 7 
FX Female without lived experience with gender microaggressions 14 
FE Female with lived experience with gender microaggressions 30 
NBX Non-binary without lived experience with gender microaggressions 20 
NBE Non-binary with lived experience with gender microaggressions 27 

model family effects were found in S1 (𝑝 = .062), S2 (𝑝 = 1.000), S3 
(𝑝 = 1.000), S5 (𝑝 = 1.000), and S7 (𝑝 = 1.000). Dunn–Bonferroni 
tests showed that in S4, Claude and GPT were lower than Gemini 
(adj. 𝑝 = .002 and 𝑝 = .018). In S6, Claude differed from both GPT 
and Gemini (both adj. 𝑝 < .001). In S8, GPT differed from Claude 
and Gemini (both adj. 𝑝 < .001). 

When examining specific model versions, significant differences 
emerged for S2 (𝜒 2 (6) = 14.11, 𝑝 = .028, 𝜖 2 = .13; medium effect), S3 
(𝜒 2 (6) = 14.11, 𝑝 = .028, 𝜖 2 = .13; medium effect), S4 (𝜒 2 (6) = 57.27, 
𝑝 < .001, 𝜖 2 = .81; large effect), S6 (𝜒 2 (6) = 55.88, 𝑝 < .001, 𝜖 2 = .79; 
large effect), and S8 (𝜒 2 (6) = 44.58, 𝑝 < .001, 𝜖 2 = .61; large effect). 
No version effects were found in S1 (𝑝 = .107), S5 (𝑝 = 1.000), S7 
(𝑝 = 1.000), S9 (𝑝 = 1.000), or S10 (𝑝 = 1.000). The large effect sizes 
observed across both model families (up to 𝜖 2 = .77) and specific 
versions (up to 𝜖 2 = .81) in scenarios S4, S6, and S8 highlight 
that both broad different models and granular within-model family 
updates can alter detection thresholds for ambiguous scenarios. 

For S2 and S3, no pair survived Bonferroni correction; S4, S6, and 
S8 had multiple significant pairs (see Appendix ?? for full post-hoc 
tables). 

4.1.4 All Rater Types Comparison. Considering all 13 rater types 
(six human subgroups + seven LLM variants), Kruskal–Wallis tests 
showed significant differences in S1, S2, S3, S4, S6, S7, and S8 (all 𝑝 < 
.05) while there was no difference in S5 (𝑝 = .447) (see Table 6). This 
analysis reveals the full spectrum of interpretive variation, from 
males without lived experience (often lowest ratings) to various 
LLM models (often ceiling ratings). 

4.2 Rationales: comparison of code frequencies 
in rationales among humans and LLMs 

In this subsection we first compare rationales between humans 
and LLMs, considering both stance and argumentation elements. 
Following the same structure as with ratings, we then go more 
in depth into gender, lived experience, model family and model 
version differences. 

When providing rationales, raters would often give a stance. 
Either stating that the interaction contains a microaggression (Yes-
MA), or stating it does not contain a microaggression (No-MA). 
When none of them was provided, rationales where coded with 
“no stance”. Table 7 compares stance frequencies and ratings. Qual-
itative codes for stance align closely with the ratings they gave. 
We grouped ratings into pairs: 5 & 4 (indicating the scenario likely 
contains a microaggression) and 2 & 1 (indicating it likely does 
not), as these pairs differ only in certainty level (“definitely” versus 

“probably”). Humans expressed a mix of stances 81.29% of the ratio-
nales contained stance affirming there was a microaggression in 
the scenario (Yes-MA), 13.14% denied there was a microaggression 
(No-MA), and 5.55% provided no stance, whereas LLMs rationales 
uniformly contained Yes-MA stances (100.00%). 

Figure 4 summarizes argumentation elements present in the 
rationales. From all human rationales (𝑛 = 1080), 7.87% contained 
ambiguity cues, meaning instances in which either the rater was 
unsure or pointed out that context was not sufficient to be certain. 
In contrast, among LLM rationales (𝑛 = 560), only 0.18% contained 
ambiguity cues (equivalent to only one answer). The same is true 
for stating intent, although much less frequent (1.94% in humans 
vs 0.18% in LLMs). Humans also provided specific framings to the 
context of the dialogue (e.g., “feedback”, “advice”, “backhanded 
compliment”) more often than LLMs (11.67% vs 4.82%). 

Alternatively, both stating an impact and describing a microag-
gression mechanism, where found more often in LLM rationales 
than humans. Impact was stated in 47.32% of LLM rationales vs. 
5.83% of human rationales, and mechanisms were found in almost 
all LLM rationales (92.50%) vs. 57.13% in humans. Together, these 
distributions indicate that human reasoning often acknowledges un-
certainty and context, while LLMs rationales often focus on impact 
and mechanisms. 

4.2.1 Genders vs LLM Model families. To deepen the analysis, we 
break down the results by gender and model family. Table 8 presents 
the stance frequencies found in rationales compared to the ratings. 
In the same way as Human-LLM comparison, we found that the 
qualitative codes for stance align to ratings. Among gender groups, 
non-binary participants showed the lowest no-MA stance rationales 
(Table 8), and greater use of ambiguity cues and microaggression 
mechanisms than other human groups (Fig. 5). Additionally, male 
participants’ rationales showed the highest percentages for framing 
context, compared to other genders. 

LLM families remain highly consistent in mentioning microag-
gression mechanisms in rationales. GPT shows lower use of mecha-
nisms and higher use of impact statement than other LLM families. 

4.2.2 All rater types. Comparing the six human rater types (defined 
in Table 4: MX/ME/FX/FE/NBX/NBE), Table 9 shows how groups 
with lived experience more often provided “Yes-MA” stances and 
fewer “no-stance” rationales than their same-gender counterparts 
without such experience, consistent with the ratings analysis. In 
terms of argumentation elements (Fig. 6), they also referenced mi-
croaggression mechanisms more frequently. 
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Table 5: Mean microaggression ratings by LLM model family, showing ceiling effects across all families with minimal variance. 

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8 

Claude 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 4.50 ± 0.51 5.00 ± 0.00 4.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 
GPT 4.87 ± 0.35 4.87 ± 0.35 4.87 ± 0.35 4.63 ± 0.49 5.00 ± 0.00 4.87 ± 0.35 5.00 ± 0.00 4.37 ± 0.49 
Gemini 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 

Table 6: Mean microaggression ratings across all participant types, revealing systematic variation from male participants 
without experience (lowest) to LLM models (highest with ceiling effects). Above the divider are human subgroups (see Table 4). 
Below the divider are LLM models (CO = Claude Opus, CS = Claude Sonnet, G5 = GPT-5, G5n = GPT-5 nano, G4o = GPT-4o, GMf 
= Gemini Flash, GMp = Gemini Pro) 

Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6 Scenario 7 Scenario 8 

MX 4.24 ± 1.16 3.97 ± 1.32 3.78 ± 1.29 4.11 ± 1.22 4.65 ± 0.72 2.38 ± 1.32 4.59 ± 0.80 3.51 ± 1.50 

ME 4.71 ± 0.49 4.57 ± 0.53 4.71 ± 0.49 4.14 ± 0.38 4.57 ± 1.13 2.00 ± 1.15 4.71 ± 0.49 4.14 ± 0.69 

FX 4.50 ± 0.76 4.00 ± 1.24 3.86 ± 1.35 3.64 ± 1.15 4.86 ± 0.36 2.36 ± 1.15 4.50 ± 0.76 3.14 ± 1.46 

FE 4.50 ± 0.94 4.60 ± 0.86 4.53 ± 1.07 4.23 ± 1.07 4.73 ± 0.78 3.40 ± 1.35 4.67 ± 0.61 3.73 ± 1.31 

NBX 4.60 ± 0.60 4.25 ± 0.97 4.45 ± 0.83 3.90 ± 1.07 4.70 ± 0.57 3.20 ± 1.54 4.75 ± 0.79 3.85 ± 1.18 

NBE 5.00 ± 0.00 4.85 ± 0.53 4.93 ± 0.27 4.44 ± 0.89 4.85 ± 0.77 4.04 ± 1.02 4.70 ± 0.82 4.04 ± 1.06 

CO 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 4.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 

CS 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 4.00 ± 0.00 5.00 ± 0.00 4.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 

G5 4.80 ± 0.42 4.90 ± 0.32 5.00 ± 0.00 4.80 ± 0.42 5.00 ± 0.00 4.90 ± 0.32 5.00 ± 0.00 4.50 ± 0.53 

G5n 4.80 ± 0.42 5.00 ± 0.00 4.90 ± 0.32 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 4.60 ± 0.52 

G4o 5.00 ± 0.00 4.70 ± 0.48 4.70 ± 0.48 4.10 ± 0.32 5.00 ± 0.00 4.70 ± 0.48 5.00 ± 0.00 4.00 ± 0.00 

GMf 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 

GMp 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 5.00 ± 0.00 

Table 7: Comparison of stance frequencies from rationales and corresponding rating distributions, showing alignment between 
qualitative codes and quantitative measures 

Rater n Yes-MA 5-4 No stance 3 No-MA 2-1 

Humans 1080 81.29% 80.18% 5.55% 7.22% 13.14% 12.59% 
LLMs 560 100.00% 100.00% 0.00% 0.00% 0.00% 0.00% 

Regarding LLM model differences, GPT4o less often provided 
microaggression mechanism in rationales, and was the one that 
most often stated impact. It is interesting to note also how Gemini 
models almost always state mechanisms, but a difference appears 
between GMf and GMp when stating impact (60.00% vs 27.50%). 

4.3 Themes in rationales 
We constructed two main themes through reflexive TA. The first 
one, Anchored Tensions in Human Rationales, refers to how humans 
ground their rationales in specific framings or contextual anchors, 
often creating some tensions in their reasoning. The second one, 
Centering Harm in LLM Rationales, refers to how LLMs outputs 
center harm in their rationales, often generalizing or detaching 
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Figure 4: Argumentation style distribution showing humans employ diverse reasoning strategies while LLMs predominantly 
focus on mechanism-based explanations 

Table 8: Stance frequencies by gender and model family, revealing systematic differences in interpretive certainty across human 
subgroups while LLM families show uniform agreement 

Rater n Yes-MA 5-4 No stance 3 No-MA 2-1 

Male 352 75.40% 74.10% 5.40% 7.70% 19.00% 18.20% 
Female 352 80.70% 79.50% 4.80% 6.80% 14.50% 13.60% 
Non-Binary 376 87.20% 86.40% 6.40% 7.20% 6.40% 6.40% 
Claude 160 100.00% 100.00% 0.00% 0.00% 0.00% 0.00% 
GPT 240 100.00% 100.00% 0.00% 0.00% 0.00% 0.00% 
Gemini 160 100.00% 100.00% 0.00% 0.00% 0.00% 0.00% 

them from the dialogue’s context. We describe these two themes 
below. 

4.3.1 Anchored Tensions in Human Rationales. Human rationales 
were frequently characterized by an effort to “anchor” their interpre-
tations in specific parts of the context. In other words, participants 
grounded their rationales in elements, norms, or conditions that 
they would point to. In some cases, these anchors took the form 
of specific framings of the context in which the interaction took 
place. Some participants described the context of the interaction 
as compliments, jokes or feedback: “To me it sounds like a joke so I 
won’t take it as a gender-based microaggression” (FX; Sc2), “Are com-
pliments bad now?” (MX; Sc1), “ha, absolutely! highlighting someones 
gender like this is a weird backhanded compliment. just say ‘one of 
my best mechanics’ if you must” (NBX; Sc1). 

At other times, participants anchored their reasoning in spe-
cific elements of the dialogue itself. For instance, one respondent 
explained: “Without the phrase ‘I expect more from you’ I would 
have said probably not, but this feels like she is saying she expects it 
specifically from this person” (NBE; Sc6). Another highlighted the 

absence of potential targets: “There is no one present to be offended 
by the statement, since both of the people speaking are identified as 
men. . . If this had been said in front of women, the answer would 
be different” (NBX; Sc2). Building on this, some participants used 
anchors to articulate their boundaries for what “counts” as a mi-
croaggression. One participant noted: “If the second person was a 
man I would probably say yes but in this case I am unsure” (FX; Sc6). 
Similarly, for a different scenario another participant explained: 
“This seems like a dialogue where men are acknowledging that they 
regularly engage in inappropriate workplace conversation. However, 
because no bystanders are mentioned, is this really a microaggression 
if it not aimed at a specific target?” (NBE; Sc2). 

In cases where participants felt they lacked sufficient anchors, 
they often pointed to the need for additional context. For example: 
“I’d have to know the context as people are generally ignorant, but 
it is a female term” (ME; Sc4), “The word ‘bitch’ is kind of sexist in 
origin, but also some people are definitely reclaiming it, including 
some gay men. . . so it’s unclear from this interaction” (NBE; Sc4), or 
“Ok I get that the implication here is that she’s attractive and that will 
speed things up, but it’s also such a bizarre suggestion that I can also 
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Figure 5: Argumentation elements by gender and model family, showing non-binary participants use more ambiguity cues and 
microaggression mechanisms while LLM families demonstrate uniform high mechanism usage 

Figure 6: Argumentation styles across all participant types, revealing systematic patterns from human interpretive diversity to 
uniform LLM mechanism-focused explanations 

kind of see the possibility of him thinking she looks really stern and 
scary” (NBE; Sc7). In that line, it is worth mentioning that these 
anchors often make tensions visible in participants’ reasoning. For 
instance: “Probably yes, but honestly valid. I call everyone a bitch 
too. Not good for the workplace but if they were friends I’d say not a 
microaggression” (NBE; Sc4). Or: “It’s certainly rude and would make 
me angry if someone said it to me, I am unsure because I wouldn’t be 
able to state whether this is gender-based. It depends on the profession 
of the people speaking” (NBX; Sc6). 

Together, these examples illustrate how participants incorpo-
rated context and ambiguity into their interpretations by anchoring 
them in relational, normative, or contextual cues. Rather than treat-
ing the scenarios as self-evident, human rationales often account 

for uncertainty and conditionality. The rationales were not centered 
on the linguistic content of the dialogues, but how situated context 
defines meaning. 

4.3.2 Centering Harm in LLM Rationales. The second theme ap-
peared in LLM rationales, which tended to be centered around 
harm framed at a generalized level. While models sometimes refer-
enced parts of the dialogue, these were not central for explaining 
their rationales. Instead, the rationales positioned harm itself as the 
main explanation for why a comment was or was not considered 
a microaggression. For example, one rationale explained: “It tar-
gets a woman with a gendered insult; the reply tries to normalize it, 
reinforcing hostility and misrecognition” (G5n; Sc4). 
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Table 9: Stance frequencies across all participant types, 
demonstrating the full spectrum from conservative human 
interpretations to uniform LLM agreement 

Rater n Yes-MA 5-4 No stance 3 No-MA 2-1 

MX 296 74% 72% 6% 8% 20% 20% 
ME 56 86% 86% 2% 4% 12% 11% 
FX 112 71% 69% 8% 12% 21% 20% 
FE 240 85% 85% 3% 5% 12% 11% 
NBX 160 79% 80% 8% 9% 13% 11% 
NBE 216 93% 91% 6% 6% 1% 3% 
CO 80 100% 100% 0% 0% 0% 0% 
CS 80 100% 100% 0% 0% 0% 0% 
G5 80 100% 100% 0% 0% 0% 0% 
G5n 80 100% 100% 0% 0% 0% 0% 
G4o 80 100% 100% 0% 0% 0% 0% 
GMf 80 100% 100% 0% 0% 0% 0% 
GMp 80 100% 100% 0% 0% 0% 0% 

Another noted: “The man dismisses her programming skills as 
unearned luck due to diversity hiring, implying she’s not qualified 
and reinforcing harmful stereotypes” (CS; Sc8). These rationales can 
be seen as categorical statements, for instance, “Labeling her by 
gender and dismissing her discomfort signals bias; it misrecognizes 
her feelings and reinforces marginalization” (G5; Sc1). Although 
some rationales sometimes pointed to elements of the dialogue, 
these details were not used to situate the interpretation in context, 
but rather to support broader claims about harm, as in “The man 
highlights gender unnecessarily (‘female mechanic’) and dismisses 
her discomfort (‘too easily offended’), reinforcing stereotypes and 
invalidating her feelings” (Gmf; Sc1). 

These generalizations often manifested in two ways that of-
ten overlapped. First, many statements described harm in broad 
terms, without anchoring it in the specifics of the interaction, or 
to a specific target (individual or group). For example, “The man’s 
comment sexualizes the woman, implying her appearance, not profes-
sional merit, would expedite a task. This reinforces harmful gender 
stereotypes” (Gmf; Sc7). Second, some rationales invoked harms 
that sounded correct in general, but did not clearly align with 
the scenario at hand. For example, “Focuses on gender stereotypes 
(smile/warmth) over performance, undermining credibility” (G5; Sc6), 
“The feedback dismisses performance to demand gendered emotional 
labor (smiling, warmth), reinforcing stereotypes.” (Gmf; Sc6), or “re-
inforcing unequal power, implying her work depends on appearance” 
(G5; Sc7). In these cases, the harms identified (undermined credi-
bility, demands of gendered emotional labor, and unequal power) 
appear detached from the immediate context of the vignette. 

The interpretive significance of this theme is that LLMs frame 
their rationales by centering and abstracting harm. They drew on 
generalized categories such as “reinforcing stereotypes” or “under-
mining autonomy”, and expressed these as definitive statements. 
In doing so, the rationales moved beyond the particulars of the dia-
logues and projected harms at the level of accumulated or patterned 
interactions. 

5 Discussion 
Our findings reveal a fundamental tension in how microaggressions 
are interpreted: LLMs consistently assign high ratings (4.7-5.0) with 
minimal variance, while humans show substantially more interpre-
tive diversity that systematically varies by gender identity and lived 
experience. This pattern suggests that LLMs’ uniform responses 
miss the contextual anchoring and situated knowledge that human 
participants demonstrated. LLMs’ high ratings appear similar to 
the higher ratings from participants with lived experience (NBE), 
but this apparent alignment masks important differences in their ra-
tionales that have significant implications for automated detection 
systems. We discuss the significance of these results and their im-
plications for the design of automated systems for microaggression 
detection, adopting a feminist lens. 

Additionally, the systematic differences between human sub-
groups constitute significant findings in relation to the interpreta-
tive capabilities of LLMs. The fact that MX participants consistently 
rated scenarios lowest while NBE participants rated them highest 
illustrates standpoint theory [40]: those with lived experience of 
marginalization develop epistemic advantages in recognizing subtle 
discrimination. While LLMs achieve high ratings providing gener-
alized rationales, in the next sections we raise concerns about how 
automated systems might override the interpretive frameworks 
of humans without providing the situated knowledge that makes 
sensitivity meaningful. 

Finally, building on our findings and considerations, we provide 
design implications for the future development and adoption of 
LLMs for automated detection and interpretation of microaggres-
sion in the workplace. 

5.1 High ratings without situatedness do not 
equal “greater sensitivity” 

Safety-oriented alignment and harm-aversion training appear to 
push models toward conservative thresholds that prioritize avoiding 
false negatives (missing harm) over false positives [39, 42, 57, 63]. 
This produces high ratings even in scenarios where humans dis-
agree because they are particularly ambiguous. In our data, LLMs’ 
high means (4.7−5.0) occur with minimal variance, whereas human 
means are lower (3.04 − 4.73) with substantially larger spread. We 
observed that the magnitude of the difference between human and 
LLM ratings was not uniform; rather, it scaled with the ambiguity of 
the scenario. In straightforward scenarios like S1, where the insult is 
overt, the effect size was small (𝑟 = −0.19), indicating that humans 
and LLMs largely agreed on the presence of a microaggression, dif-
fering mostly in certainty. However, in highly context-dependent 
scenarios like S6 (“Smile more”), we observed a large effect size 
(𝑟 = −0.54). Humans may have downgraded their ratings due to 
contextual ambiguity, whereas LLMs maintained maximum ratings 
because the text might have triggered a “gender stereotyping” rule. 
The large effect size does not just show disagreement; it quantifies 
the models’ inability to account for the situational nuance that 
significantly lowered human ratings. 

Small effect sizes in straightforward scenarios (S1, S5) indicate 
that humans and LLMs can reach similar conclusions when microag-
gressions are overt, differing mainly in certainty. The medium-to-
large effects in ambiguous scenarios (S6: 𝑟 = −0.54; S8: 𝑟 = −0.39) 
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reveal where categorical and situated sensitivity fundamentally 
diverge. These cases are precisely when contextual judgment is 
required. 

Notably, we initially expected LLMs to align more closely with 
dominant groups’ perspectives (particularly male participants with-
out lived experience), based on research showing AI systems often 
reflect viewpoints of privileged cultures [71, 72]. However, findings 
on demographic alignment are mixed: some studies find alignment 
with Western, white, or younger populations [71, 74], while oth-
ers suggest models are closer to uniform distributions than to any 
specific population [30]. When certain demographic groups appear 
“better represented” by LLMs, this may simply reflect which groups 
happen to have more uniform response patterns. We caution against 
interpreting higher ratings as “greater sensitivity”. To clarify why, 
we propose a distinction between two types of “sensitivity”: 

Categorical sensitivity Involves consistently interpreting 
gender microaggressions through identifying whether in-
teractions fit into predefined harm categories (such as “re-
inforcing stereotypes” or “undermining competence”) and 
applying these labels consistently across similar cases, re-
gardless of specific contextual factors. 

Situated sensitivity emerges from lived experience and con-
textual understanding of how microaggressions operate 
within specific social and organizational dynamics. Human 
participants with lived experience demonstrated this by 
grounding their rationales in specific relational and situ-
ational factors. 

LLMs’ categorical sensitivity provides high rates for microaggres-
sion detection. However, their rationales’ detachment from lived 
experiences makes these detections less contextually grounded 
and actionable. In contrast, human situated sensitivity correlates 
with gender identity and lived experience (NBE participants rat-
ing highest), consistent with literature showing that rater iden-
tity significantly affects annotation patterns [27, 36]. Perspectivist 
approaches foreground whose interpretations are centered in an-
notation practices [18, 33]. Our distinction between categorical 
and situated sensitivity complements this by characterizing what 
grounds interpretation. 

The distinction between categorical sensitivity and situated sen-
sitivity has critical implications. When participants provided ratio-
nales like "This seems like a dialogue where men are acknowledging 
that they regularly engage in inappropriate workplace conversation. 
However, because no bystanders are mentioned, is this really a mi-
croaggression if it is not aimed at a specific target?" (NBE; Sc2) they 
demonstrated situated sensitivity by using contextual anchors to 
articulate boundaries for what they believe constitutes a microag-
gression in that specific context. When LLMs provided rationales 
like "The feedback to "smile more, be more warm" despite meeting 
all targets reinforces gender stereotypes about women needing to be 
pleasant/nurturing." (CS; Sc6), they demonstrated categorical sen-
sitivity by identifying harm through general patterns. We are not 
claiming humans are universally “better” interpreters. Rather, we 
argue that some humans (particularly those with relevant lived 
experience) provide more grounded reasoning that reflects a richer 
understanding of context-specific microaggressions. This aligns 

with feminist standpoint theory’s claim that marginalized positions 
offer epistemic advantages [40]. 

5.2 The Challenge of Interpretive Plurality in 
Automated Systems 

Ambiguity is intrinsic to gender microaggressions [48, 69, 78]. Our 
results revealed that only humans surfaced ambiguity cues and con-
structed meaning around specific “anchors” (contextual elements 
like speaker relationships, organizational dynamics, presence of 
bystanders, and dialogue-specific details), while LLMs centered on 
harm, detaching their rationales from context, lacking nuanced 
reasons for their interpretations, and thus flattening ambiguity. 
While Aoyagui et al. [4] found that earlier GPT models (3.5 and 
4) acknowledged some ambiguity through context-dependent re-
sponses, their examples reveal generalized rather than situated 
reasoning. For instance, responses like “it depends on the context 
it’s used in” (GPT-4) acknowledge contextual variation without 
specifying the particular anchors that would shift interpretation. 
Our findings with newer models suggest this gap has widened, 
with current LLMs showing even less ambiguity acknowledgment 
(0.2% vs their reported 11-32%), further demonstrating how safety-
oriented alignment in newer model generations may push models 
toward categorical identification and higher rates of detection. 

The mismatch between how humans and LLMs approach inter-
pretive challenges has significant implications. First, systems that 
flatten interpretive plurality may miss the nuanced reasoning that 
makes human sensitivity meaningful. Second, deploying LLMs to 
detect and explain microaggressions risks creating over-reliance 
on algorithmic judgments [7, 13, 31], for example by dismissing 
human interpretations as “subjective” while treating AI outputs as 
“objective”, losing the situated knowledge that enables meaningful 
sensitivity, and increasing confidence in AI explanations without 
improving actual understanding of workplace dynamics. 

Finally, when LLM systems are positioned as authoritative inter-
preters of workplace interactions, the focus shifts from supporting 
humans in articulating their experiences to replacing their judg-
ment with algorithmic verdicts. This risks epistemic injustice in 
two forms: testimonial injustice occurs when targets’ or even per-
petrators’ interpretations are dismissed in favor of “objective” algo-
rithmic assessments, while hermeneutical injustice emerges when 
LLMs’ generalized harm rationales replace the situated knowledge 
frameworks that targets use to make sense of their experiences 
[34]. 

Prior HCI work cautions that LLM explanations can increase 
reliance without improving awareness [7]. Our findings suggest 
this risk may be particularly acute for microaggression detection, 
where LLMs’ objective-sounding but contextually detached outputs 
could create the illusion of understanding why particular interac-
tions constitute microaggressions, without real awareness of the 
contextual factors that influence microaggression perception (such 
as power relationships, organizational norms, and interpersonal 
dynamics). 

With situated sensitivity, naming what would “tip the scales” (e.g., 
intent, power asymmetry, organizational norms, the relationship 
between actors) creates the possibility for awareness in humans. If 
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LLMs could provide insights on what contextual factors are anchor-
ing different possible judgments, they could help users consider 
alternative interpretations or expand their interpretive framework 
to encompass multiple viewpoints. But generalizations, by lacking 
plurality and conveying a seemingly objective truth, do not pro-
vide the same opportunity. Moreover, people tend to consider AI 
recommendations only when they align with their expectations 
and beliefs, not when they are “correct” or “fair” [86]. These find-
ings suggest that if automated systems are to meaningfully support 
workplace interactions around microaggressions, they must ac-
count for interpretive plurality rather than flattening it. 

A natural response to these challenges is to ask whether situated 
sensitivity could be approximated through context-aware models. 
However, we caution against framing this as an optimization prob-
lem. Situated sensitivity emerges from being positioned within 
social structures and developing interpretive frameworks through 
lived experience. Models exhibit what Cabitza et al. [18] would 
characterize as weak perspectivism, meaning that at best, LLMs may 
have been trained on diverse human judgments, but their outputs 
still reflect aggregated patterns that flatten interpretive plurality 
into categorical responses. A model can be made context-sensitive 
(responsive to contextual features), but not genuinely situated (in-
terpreting from a social position). Moreover, current models cannot 
predict when demographic groups will differ in their perceptions 
of harm (i.e., find it more harmful than others) [64]. Context sensi-
tivity should not be mistaken for the interpretive grounding that 
makes human sensitivity meaningful. 

This limitation would likely extend to purpose-built systems 
fine-tuned for microaggression detection (see Section 5.3.4). While 
such systems might produce outputs that appear more contextu-
ally grounded, fine-tuning on particular perspectives would risk 
encoding those perspectives as a new ground truth [33], but still 
flattening interpretive plurality. 

5.3 Design implications: Critical and Technical 
Considerations 

In this section, we provide implications for designing systems that 
use LLMs for automatic detection of workplace gender microag-
gressions. Our findings reveal fundamental tensions between how 
humans and LLMs interpret microaggressions, raising both critical 
questions about whether such systems should exist and technical 
considerations for how they might be designed if deployed. Cru-
cially, our critique of LLMs does not imply that humans provide 
an objective alternative. Human interpretations are themselves 
situated and partial, so if neither LLMs nor any single human per-
spective can serve as an objective arbiter, the question becomes 
what role technology should play. We argue the goal is not to find a 
more “accurate” judge, but to support interpretive dialogue that pre-
serves plurality. Our approach aligns with feminist HCI’s emphasis 
on pluralism, embodiment, and situated knowledge as foundations 
for design [9]. 

5.3.1 Questioning the Need for Automated Detection of Microaggres-
sions. There is no singular, context-free ground truth for whether 
a given interaction "counts" as a microaggression [68, 69, 78, 81]; 
interpretations are value-laden and socially situated. Our findings 
show that even when LLMs appear to align with marginalized 

groups’ ratings, their interpretations fundamentally differ from 
the situated knowledge that makes human sensitivity meaningful. 
Positioning automated systems as arbiters of truth risks policing 
speech and disproportionately burdening marginalized groups, as 
seen in pipelines that over-flag some marginalized communities’ 
speech [42] and in ableism detection systems that make incorrect as-
sumptions and provide explanations people with disabilities found 
“judgmental instead of educational” [67]. 

The workplace is already a site where power imbalances affect 
people [49]. Designers should first question why automated detec-
tion is required, who would benefit, and who might be harmed, 
aligning with feminist principles that interrogate technological so-
lutionism [29, 51] and interpret technology as a medium of power 
[22]. 

This concern is particularly acute because microaggressions al-
ready involve epistemic injustice [34], as targets often struggle 
to have their experiences believed or validated within organiza-
tional hierarchies. As we established through feminist standpoint 
theory[40] and empirical evidence showing women are more likely 
than men to recognize non-explicit microaggressions [10], those 
who experience discrimination develop nuanced interpretive frame-
works for understanding subtle bias. However, when automated 
systems are positioned as authoritative arbiters of what constitutes 
a microaggression, they risk institutionalizing the dismissal of these 
experiential perspectives in favor of algorithmic “objectivity”. This 
could deepen existing power imbalances by replacing the situated 
knowledge that enables meaningful sensitivity with categorical 
judgments that lack contextual grounding. Therefore, we caution 
against adopting LLMs for microaggression detection in the work-
place, while proposing alternative applications that go beyond mere 
detection to support situated self-reflection. 

5.3.2 Supporting Self-Reflection Through Interpretive Dialogue. 
Our findings reveal that meaningful microaggression sensitivity 
emerges from situated reasoning that acknowledges contextual 
anchors and interpretive uncertainty. Rather than replacing human 
judgment with algorithmic verdicts, systems should support users 
in articulating and examining their own interpretive frameworks 
while exposing them to alternative perspectives. This approach 
builds directly on our finding that human participants with lived 
experience demonstrated contextually grounded reasoning by iden-
tifying specific contextual elements that affect their interpretations. 

When LLM systems flag potential microaggressions, they could 
prompt reflection rather than simply providing verdicts. Instead of 
categorical statements about harm, systems could invite users to 
consider the contextual anchors required for meaningful interpre-
tation, such as speaker relationships, organizational norms, and in-
teraction history. Additionally, systems could frame their rationales 
as viewpoints from different positionalities, preserving interpre-
tive plurality while expanding users’ awareness that participants 
with different backgrounds often interpreted similar interactions 
differently. This approach would encourage the kind of situated 
reasoning we observed in participants with lived experience, while 
avoiding the risk of algorithmic verdicts overriding human inter-
pretive frameworks. 

5.3.3 Meeting Users’ Interpretive Starting Points. Research on con-
firmation bias in AI-assisted decision-making demonstrates that 
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users tend to override AI recommendations when the system’s 
implicit values conflict with their own perspectives [86], reveal-
ing a fundamental design challenge for microaggression detection 
systems. While some recent work has attempted to personalize 
explanations to individual users [47], such approaches still aim to 
achieve interpretive consensus rather than recognizing that dis-
agreement itself may be meaningful and legitimate. Rather than 
treating disagreement among users as noise to be filtered out, it 
should be recognized that effective AI intervention requires under-
standing and working with users’ interpretive frameworks. The 
systematic differences we found in how people interpret microag-
gressions based on gender identity and lived experience are legiti-
mate starting points that systems should account for. This could 
involve adaptive explanation strategies that recognize users’ gender 
identity and lived experience as relevant contextual factors, and 
recommendation systems that can present alternative perspectives 
without invalidating users’ initial assessments. Systems should be 
designed to expand rather than override interpretive frameworks, 
recognizing that the goal is to foster dialogue rather than enforce 
consensus. 

5.3.4 Technical Recommendations: If Such Systems Are Built. 

Rationale Design for Situated Reasoning. Building on our finding 
that meaningful sensitivity involves contextual anchoring, systems 
should move beyond generalized harm rationales toward contextual 
specificity [4]. This requires technical approaches that surface inter-
pretive dependencies rather than flatten them. Prompt engineering 
could explicitly request situated reasoning by asking models to 
identify contextual elements that would alter interpretations. 

Training objectives could aim to move beyond categorical sen-
sitivity toward more contextually grounded outputs, though as 
noted in Section 5.2, this remains a partial approximation rather 
than genuine situated sensitivity. Systems could be designed to 
present contextual factors (such as speaker relationships, organiza-
tional dynamics, or interaction setting), allowing users to explore 
how different contextual assumptions lead to different interpretive 
outcomes. 

Prior work offers some support for contextual approaches: Ku-
mar et al. [54] found that including conversational context corrected 
35% of LLM errors in moderation tasks. This suggests that the con-
textual anchoring we observed in human rationales could poten-
tially be approximated through prompt design. However, as we 
noted in Section 5.2, context-sensitivity is not the same as situated 
sensitivity. Providing more information may improve outputs with-
out producing genuinely situated reasoning. Additionally, Jiang et 
al. [45] found that overloading prompts with additional information 
(such as annotator demographics) can decrease model performance, 
suggesting that pre-trained models may lack perspectivist founda-
tions that cannot be easily added through prompting alone. It is 
important to also note that collecting such information in work-
place settings raises significant privacy and surveillance concerns, 
and needs to account for power dynamics, tying back to our critique 
in Section 5.3.1. 

Implementation Considerations. The aforementioned approaches 
could be embedded through multiple technical pathways. Fine-
tuning could incorporate diverse perspective datasets, treating in-
terpretive stance as a learnable parameter following Aoyagui et 
al.’s work [4]. For embedding ambiguity and plurality of perspec-
tives [76], this could involve setting LLMs training objectives that 
preserve interpretive disagreement rather than forcing one-sided 
perspectives. Additional approaches include prompt engineering 
templates that explicitly request multiple plausible interpretations 
with uncertainty ranges, and output formats that present contextual 
factors and interpretive alternatives rather than single categorical 
judgments. Ultimately, these technical approaches should support 
human agency and situated reflection rather than automating judg-
ment, recognizing that the goal is fostering awareness rather than 
enforcing conformity to algorithmic verdicts. 

5.4 Limitations 
Our findings are bounded by specific model versions and prompt 
design choices. Different model versions, temperature settings, or 
prompt formulations could yield different patterns of interpretation. 
LLM rationales represent stochastic text generation [12] rather than 
deliberative reasoning processes, limiting claims about models’ ac-
tual “understanding” of microaggressions. Also, our observations 
about differences between model generations should be interpreted 
cautiously, as these differences could result from various factors 
including changes in training data, alignment procedures, or archi-
tectural modifications rather than representing systematic trends 
in model capabilities. 

Our study design may have influenced the patterns we observed 
in LLM responses. The working definition provided to both humans 
and LLMs explicitly framed microaggressions in terms of cumula-
tive harm, marginalization, and misrecognition (see Appendix C). 
Prior work has documented LLM sensitivity to prompt wording 
[56, 75], thus LLM rationales likely reflect this framing. It is possible 
that alternative prompt formulations would produce different LLM 
behaviors. Understanding to what extent prompt modifications 
alter the manifestation of categorical sensitivity was outside the 
scope of this study. Yet under identical conditions, humans and 
LLMs produced systematically different response patterns. This 
asymmetry has implications for the design of LLM-based systems 
that aim to automatically detect microaggressions: while we can-
not exclude the possibility that LLMs could approximate situated 
reasoning, such behavior would require explicit programming, for 
example, through mechanisms such as fine-tuning that accounts for 
[4], with diverse annotation schemes [18], and involving annotators 
with lived experience [33]. 

The scenarios were adapted from self-reported experiences on a 
specific platform, which may not represent the full range of work-
place microaggressions across different organizational cultures and 
contexts. Additionally, subgroup analysis is limited by uneven sam-
ple sizes, particularly for males with lived experience (n=7). While 
this small sample size limits the generalizability of findings spe-
cific to this group, the patterns observed align with theoretical 
expectations and provide valuable preliminary insights. 

We captured lived experience as a binary variable (with/without) 
rather than collecting frequency or severity data. While this limits 
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the granularity of our analysis, this reflects our view that lived 
experience provides epistemic resources, without hierarchizing ex-
periences based on intensity. Future work could explore whether 
frequency or intensity of lived experience correlates with interpre-
tive patterns. 

Our participants were recruited via Prolific without stratifying 
by geographic location or cultural background. Because gender 
norms and microaggression interpretation can vary across cultures, 
this limits the generalizability of our findings. Recent work suggests 
regional variation in sensitivity to offensive language [27], though 
the same study found that participants’ moral values play a more 
important role than geo-cultural distinctions in shaping percep-
tions of offensiveness. We note that demographic variables do not 
always predict annotation behavior [11, 45, 66], and meaningful 
cross-cultural comparison would require theoretical grounding be-
yond demographic proxies. Future work could explore how cultural 
context and moral values jointly shape microaggression interpreta-
tion. 

This study focuses exclusively on gender-based microaggres-
sions, excluding intersectional cases where gender intersects with 
race, ethnicity, age, class, disability, or sexuality. This decision was 
made for analytic tractability and scope management, but it rep-
resents a substantial limitation. Our findings may not generalize 
to more complex intersectional dynamics, and the scenarios we 
studied likely underrepresent the full spectrum of workplace dis-
crimination experiences. 

6 Conclusion 
This study reveals three key findings on human and LLM interpre-
tations of workplace gender microaggressions. First, LLMs consis-
tently assign high ratings with minimal variance, while humans 
show substantial interpretive diversity that varies systematically 
by gender identity and lived experience. Second, humans employed 
diverse argumentation strategies including ambiguity acknowledg-
ment and contextual framing, while LLMs predominantly relied on 
mechanism-based explanations that focus on categorical harm iden-
tification. Third, we identified two distinct reasoning approaches: 
humans demonstrated situated sensitivity that acknowledges inter-
pretive uncertainty and grounds judgments in specific contextual 
elements, whereas LLMs provided more generalized harm-centered 
explanations that were detached from dialogue specifics. These sys-
tematic differences support feminist standpoint theory’s claim that 
marginalized positions offer epistemic advantages in recognizing 
subtle discrimination. 

These findings challenge the assumption that higher detection 
rates indicate greater sensitivity. We distinguish between LLMs’ 
categorical sensitivity, and humans’ situated sensitivity, which is 
contextually grounded and acknowledges interpretive uncertainty. 
This distinction matters because meaningful microaggression de-
tection requires understanding not just whether harm occurred, 
but how contextual factors shape interpretation. 

The implications are significant for automated detection systems. 
Rather than treating interpretive disagreement as an error, systems 
should preserve and leverage interpretive plurality. If deployed, 
such systems must account for situated knowledge while avoiding 
algorithmic verdicts that override human interpretive frameworks. 

This work advances critical computing methodology by moving 
beyond accuracy metrics to examine interpretive positioning in 
contested social phenomena. Our mixed-methods approach, pair-
ing numerical ratings with rationale analysis, offers a possibility 
for studying AI interpretation of subjective tasks. We contribute 
the distinction between categorical and situated sensitivity as a 
framework for evaluating systems handling ambiguous social inter-
actions, while demonstrating how feminist standpoint theory can 
inform the design of automated detection systems that preserve 
interpretive plurality. 
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A Expanded Taxonomy 

Table 10: Expanded taxonomy of gender microaggressions combining Sue’s [78] foundational framework with workplace-
specific categories from Kim & Meister [48] and Gartner [35] 

Subtype Source Definition Example 

Microassault — Overt, conscious bias or discriminatory act 

Sexual Objectification Gartner Being treated primarily as a sexual object 
or valued for appearance over intellect 

Leering; comments on body/clothes; in-
nuendo 

Gendered Hostility Self Overt hostile behavior that explicitly targets 
someone’s gender or gender expression 

“You’re just here for diversity points”; 
sexist jokes; “Women shouldn’t be in 
tech” 

Microinsult — Subtle snubs that convey bias or stereotyping (often unconscious). 

Undermining Compe-
tence (Assumptions of 
Inferiority / Devalua-
tion of Technical Compe-
tence) 

Kim & Meister / 
Gartner 

Presuming women are less capable, espe-
cially intellectually or professionally; un-
dermines identity as a skilled expert 

Surprise at skill; explaining basic con-
cepts; attributing work to male col-
leagues; assuming men are more com-
petent 

Pathologizing Charac-
ter 

Kim & Meister Framing a woman’s personality as the prob-
lem 

“You’re too assertive/aggressive”; 
judged more harshly in evaluations 

Restrictive Gender 
Roles 

Gartner Expecting women to behave in stereotypi-
cally feminine or nurturing ways 

Being told to smile; expected to take 
notes; criticized for being assertive 

Gender as a Liability Kim & Meister Framing gender itself as a defect; treating 
gender identity or expression as incompati-
ble with competence, leadership, or reliabil-
ity 

“You’ll be distracted now that you have 
kids”; being seen as “the woman” on 
the team; unsolicited comments about 
starting a family 

Microinvalidation — Negation of the thoughts, feelings, or experiential reality of a marginalized person. 

Dismissal (Invalidation 
of Experience / Denial of 
One’s Reality) 

Gartner Dismissal or denial of one’s gendered expe-
riences or feelings; discrediting perceptions 
of sexism 

“You’re too sensitive”; “It’s not that 
deep”; “I’m sure he didn’t mean it like 
that” 

Exclusion (Devaluation 
of Presence)∗ 

Kim & Meister 
(classified as mi-
croinsult) 

Treating women as invisible or not legiti-
mate; denying contribution or right to be 
heard 

Ignoring women in meetings; excluding 
from decisions 

B Selected Scenarios 

Sc. Label(s) Dialogue 

1 Dismissal + Gender as Liability [Man]: "This is my best female mechanic!" 
[Woman]: "I’ve told you I don’t like being introduced that way." 
[Man]: "You’re too easily offended." 

2 Exclusion [Man 1]: "Oh great, we’re getting a woman on the team." 
[Man 2]: "Yeah, guess we’ll have to clean up our conversations now." 
[Man 1]: "Can’t joke around like we used to." 

3 Gender as Liability [Woman]: "I don’t plan on getting married or having children." 
[Man]: "Well, all the independent women I knew eventually settled down. Your instinct will kick 
in soon." 
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4 Gendered Hostility + Dismissal [Woman]: "Calling her a bitch is not ok." 
[Man]: "When I call her a bitch, I’m not being sexist. I call men bitches too." 

5 Pathologising Character + Exclusion [Woman]: "I’d like to take the lead on this team project." 
[Man]: "No offense, but you’re more of a mother than a team leader." 

6 Restrictive Gender Roles [Woman]: "I’ve had no customer complaints and met all my sales targets." 
[Woman]: "Yes, but you need to smile more be more warm. I expect more from you" 

7 Sexual Objectification [Woman]: "I still haven’t received that memo, could you check with him?" 
[Man]: "Why don’t you fax him a picture of yourself? I’m sure he’ll send it faster." 

8 Undermining Competence [Man]: "Oh, you’re a programmer? Wow, you’re so lucky!" 
[Woman]: "Lucky?" 
[Man]: "Yeah, software companies are dying to hire women right now." 

9 Control [Man]: "Could you send me the updated file?" 
[Woman]: "Sure, I’ll send it over after the meeting." 
[Man]: "Thanks!" 

10 Control [Woman]: "I’ve added the client notes to the shared document." 
[Man]: "Great. I’ll review them this afternoon." 
[Woman]: "Let me know if anything’s missing." 

C LLM Prompt 
C.1 System Definition 

For this study, we define gender-based microaggressions as: subtle and often ambiguous forms of discrimination based on a 
person’s gender. They are often normalized or dismissed as minor, but their harm is cumulative. It emerges through patterns of 
marginalization, misrecognition, and social exclusion over time. They may take the form of jokes, comments, or actions that 
convey hostility, reinforce stereotypes, or make individuals feel unsafe, undermined, excluded, or dismissed. 

C.2 Question Prompt 
A. Do you think this interaction contains a gender-based microaggression? 
Respond with ONE digit only (1–5) on its own line. Where: 
1 = Definitely not 
2 = Probably not 
3 = Unsure 
4 = Probably yes 
5 = Definitely yes 

B. Why did you choose that answer? 
Respond in 150 characters or fewer. 

D Statistical Test Results 
The following tables report full Kruskal–Wallis and Mann–Whitney test results, including omnibus effects across groups. Significance is 
evaluated at 𝛼 = .05. 
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Table 12: Kruskal–Wallis tests across Gender with Dunn–Bonferroni post-hoc comparisons. 

Kruskal–Wallis 𝐻 Post-hoc comparisons (Adj. 𝑝) 

Scenario 𝐻 Male vs Female Male vs Non-Binary Female vs Non-Binary 

S1 7.301* * 
S2 6.023* 
S3 14.332*** *** 
S4 0.389 
S5 1.187 
S6 20.592*** * *** 
S7 2.767 
S8 2.057 
S9 2.733 
S10 5.639 

* 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001 

Table 13: Mann–Whitney tests comparing human vs. AI ratings. 

Scenario S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

𝑝-value < .001 < .001 < .001 < .001 < .001 < .001 < .001 < .001 .073 .014 
Kruskal–Wallis 𝐻 14.84*** 21.76*** 23.43*** 13.94*** 12.78*** 64.59*** 19.61*** 35.32*** 3.21 6.04* 

Table 14: Kruskal–Wallis tests across Model with Dunn–Bonferroni post-hoc comparisons (Scenarios S1–S10). 

Kruskal–Wallis 𝐻 Post-hoc comparisons (Adj. 𝑝) 

Scenario 𝐻 GPT vs Claude GPT vs Gemini Claude vs Gemini 

S1 5.576 
S2 5.576 
S3 5.576 
S4 12.830** * ** 
S5 0.000 
S6 53.833*** *** *** 
S7 0.000 
S8 34.275*** *** *** 
S9 0.000 
S10 0.000 

* 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001 

Table 15: Kruskal–Wallis tests across AI model versions. 

Scenario S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

𝑝-value .107 .028 .028 < .001 1.000 < .001 1.000 < .001 1.000 1.000 
Kruskal–Wallis 𝐻 10.46 14.11* 14.11* 57.27*** .000 55.88*** .000 44.58 .000 .000 

Table 16: Mann–Whitney tests for lived experience (with vs. without). 

Scenario S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

𝑝-value .013 < .001 < .001 .101 .126 < .001 .820 .153 .075 .022 
Result Sig. Sig. Sig. n.s. n.s. Sig. n.s. n.s. n.s. Sig. 
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Table 17: Kruskal–Wallis tests across rater type with Dunn–Bonferroni post-hoc comparisons (Scenarios S1–S10). 

Kruskal–Wallis 𝐻 Post-hoc comparisons (Adj. 𝑝) 

Scenario 𝐻 MX–NBE MX–FE FX–NBX ME–NBE 

S1 13.968* ** 
S2 17.898** ** 
S3 28.569*** *** ** ** 
S4 8.138 
S5 4.748 
S6 29.946*** *** ** * 
S7 3.560 
S8 4.674 
S9 8.935 
S10 13.182* * 

* 𝑝 < .05, ** 𝑝 < .01, *** 𝑝 < .001 

Table 18: Kruskal–Wallis tests across all rater types (humans and AI). 

Scenario S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 

𝑝-value < .001 < .001 < .001 < .001 .071 < .001 .016 < .001 .164 .012 
Kruskal–Wallis 𝐻 14.84*** 21.76*** 23.43*** 13.94*** 12.78 64.59*** 19.61* 35.31*** 3.21 6.04* 


