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Abstract

Warning: This article contains stereotypical and offensive contents.

Stereotypical biases in large language models (LLMs) have the
potential to result in discriminatory responses, posing harm to
users and disrupting interactions. While prior research has pre-
dominantly focused on assessing stereotypes in LLMs with fairness
metrics, there is a limited understanding of how users identify and
perceive stereotypes in LLMs. To address this gap, we introduce
STEREOHUNTER, a research probe tool designed to examine how
individuals identify and perceive stereotypes by observing inter-
actions in which users elicit stereotypical responses from LLMs.
Our findings reveal the nuanced considerations and challenges par-
ticipants faced when evaluating these stereotypes, which varied
based on their backgrounds and preconceptions about LLMs. Based
on these insights, we discuss how diverse user perspectives can be
reflected in identifying stereotypes and informing fairness metrics
for mitigating biases in LLMs.
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1 introduction

In recent years, large language models (LLMs) have seen significant
advancements, making these technologies widely accessible to the
general public. While these advancements have created numerous
opportunities, they have also raised concerns about how LLMs
can inherit and perpetuate stereotypical biases from the human-
generated corpora used to train them [37, 59]. Studies have shown
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that these models often generate discriminatory responses, such as
associating certain occupations with specific genders [36], which
can reinforce users’ societal stereotypes and lead to discrimination
against certain groups [5, 37, 59]. As LLMs have a significant impact
on high-stake domains such as healthcare [28], policy [44], and
education [43], these challenges have sparked a growing interest in
understanding and mitigating the biases embedded within LLMs.

To address the stereotypical biases in language models, previ-
ous research has primarily focused on identifying and measuring
stereotypes in these models by developing benchmarks. For exam-
ple, benchmarks like StereoSet [45] and BBQ [48] were introduced
to evaluate stereotypical biases embedded in language models. Al-
though these efforts mark a significant step forward in measuring
LLM stereotypes, recent research has raised concerns about the
inherent ambiguity and unstated assumptions in how these metrics
identify stereotypes [7, 8, 42]. A lack of clear explanations and un-
stated assumptions regarding stereotypes can create a gap between
how these metrics identify stereotypes and how users actually per-
ceive them in real-world interactions [8, 54]. Prior research warns
that without incorporating empirical user perspectives, fairness
metrics risk failing to capture the nuanced and subjective nature
of stereotypes and may even reinforce discrimination, particularly
against marginalized groups [8, 19, 49]. While these efforts aim to
safeguard users from LLM stereotypes, there is still a lack of ex-
ploration into how can incorporate user perspectives into fairness
benchmarks.

This research seeks to bridge this gap by understanding how
actual users identify and perceive stereotypes in LLMs, providing
insights for refining existing fairness metrics and benchmarks to bet-
ter reflect real-world user perspectives. To this end, we developed
STEREOHUNTER, an exploratory research probe that captures how
users perceive and identify stereotypes in their interactions with
LLMs. Within this system, users engage in interactions that actively
elicit stereotypical responses from LLMs, enabling us to deeply
explore their underlying considerations and decision-making pro-
cesses behind user judgments. Through STEREOHUNTER, we aim to
answer three questions:

e What do users consider when identifying stereotypes in
LLMs?

e How do users perceive and react to LLM stereotypes?

e What challenges arise when identifying and mitigating these
stereotypes in LLMs from the user perspective?

To investigate these questions, we conducted a user study with
50 Korean participants, allowing them to use STEREOHUNTER to
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elicit potential stereotypes from LLMs. Our findings reveal that indi-
vidual experiences played a decisive role in how participants judged
stereotypes, with their diverse backgrounds expanding the range of
criteria and considerations. Moreover, participants’ perceptions of
LLM stereotypes evolved during their interactions, revealing a no-
table gap between their initial assumptions and the biases displayed
by the models. Building on these insights, we discuss how we can
integrate diverse user perspectives when developing benchmarks
to identify LLM stereotypes. We also explore how interactions de-
signed to elicit stereotypes can affect user perceptions of LLMs,
proposing ways to leverage this dynamic for more transparent and
user-centered Al systems.

2 related work

2.1 Effort for Identifying and Evaluating LLM
Biases

The NLP community has long acknowledged that language models
trained on human-generated corpora frequently perpetuate harm-
ful stereotypes [40, 52, 58] —overgeneralized beliefs about specific
groups [9]. For instance, models frequently replicate gender biases
consistent with stereotypical associations, such as “Man with com-
puter programmer” and “Woman with homemaker” [10]. Although
these models have advanced unprecedentedly into large language
models, concerns remain that they embed harmful social stereo-
types, which can cause emotional distress for users or reinforce
users’ own biases [5, 24, 59]. Indeed, studies have raised concerns
that LLMs may evoke feelings of exclusion or frustration in users
by generating explicit or implicit discriminatory responses toward
certain groups [12, 37]. Studies have identified inherent bias across
a broad spectrum of categories—ranging from gender [36] and po-
litical ideology [44] to occupation [45, 60], disability status [23],
culture [55], gender identity [23], race [45], nationality [47], and
religion [45].

Given these widespread concerns about social biases in LLMs,
identifying and evaluating these biases is a crucial first step toward
mitigating their potential risks. Initial efforts to evaluate bias in
language models build on techniques for measuring bias in word
embeddings. One recognized approach involves prompting lan-
guage models with a specific demographic group and then analyz-
ing the open-ended text it generates [20, 25, 35, 53, 57]. Researchers
typically measure biased content by examining factors like sen-
timent, toxicity, and regard in the generated text [15]. Another
strategy, an extension of the word embedding association test, uses
sentence completion referencing a particular demographic group
but subsequently measures how likely the model is to produce
biased responses compared to neutral ones [32, 45, 46, 61]. Stud-
ies such as StereoSet [45] have collected real-world data that may
reflect stereotypical bias through crowdsourcing and used this to
measure whether models reflect stereotypes such as gender, oc-
cupation, race, and religion. Furthermore, BBQ [48] introduces
question-answer sets designed to examine language models’ stereo-
types about various social groups. These benchmarks not only help
evaluate the stereotypical bias but also enable researchers to re-
fine models through post-processing, ultimately aiming to mitigate
biased outputs [38, 50].
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While efforts to mitigate stereotypes in LLMs through bench-
marks are being elaborated, recent studies have highlighted po-
tential risks associated with measuring stereotypes in LLMs using
these benchmarks. These studies raise concerns regarding the lack
of clarification on how stereotypes are measured in the current
benchmarks [7, 8, 42]. They also highlight the presence of ambigui-
ties and unstated assumptions of researchers that affect the concep-
tualization and operationalization of stereotypes [8]. The absence
of clear explanations and unstated assumptions of stereotypes have
been found to impede consistent efforts to mitigate stereotypes and
fail to align with the stereotypes of individuals in real-world con-
texts [1, 42]. These studies underscore the importance of providing
transparent explanations regarding the potential harm caused by
bias and promoting a shared understanding of how stereotypes
should be measured that can converge on the understanding of the
community of society [8, 42].

In this work, we aimed to understand the criteria involved in iden-
tifying stereotypes—considerations that existing fairness bench-
marks often overlook—and explore how they can be incorporated
into fairness metrics. Specifically, we focused on understanding
how individual users perceive and identify stereotypes rather than
relying on pre-defined metrics. We provide a detailed discussion of
this user-centered approach in Section 2.2.

2.2 Integrating User Perspective into Al
Fairness Assessment

Understanding user perspectives on fair algorithmic treatment
has been recognized as a critical step for refining fairness met-
rics [17, 19, 29]. Previous work has found tensions between social
platform algorithms and the marginalized community, suggesting
the need for design heuristics based on participatory user feed-
back [19]. This approach is further supported by work incorpo-
rating users’ notions of fairness into recommendation algorithms,
demonstrating how these perceptions directly influence algorith-
mic outputs [54]. Similarly, considering user groups’ experiences
in practice has been central to developing fairness metrics for Al
models that interact with users [6, 29]. For instance, Beutel et al. [6]
propose improving machine learning fairness by examining mod-
els in real-world deployments, highlighting that relying solely on
algorithmic-level bias elimination without integrating real user
perspectives risks missing actual intentions.

The rise of LLMs and LLM-based services like ChatGPT has
made it easier for ordinary users to interact with LLMs, further
underscoring the importance of understanding how users perceive
these models. For instance, Gadiraju et al. [22] explored disability
perspectives in LLM outputs and discovered that LLMs can produce
discriminatory representations without explicit disability-related
language. To better understand the users’ perspectives, observing
direct user interactions with LLMs sometimes offers deeper insight
into user perceptions. For example, Choi et al. [14] observed people
with ASD engaging with LLMs and gleaned valuable insights into
potential risks and user reactions. However, because stereotypes are
inherently nuanced and subjective, it particularly remains crucial to
examine precisely how individuals identify stereotypes in LLMs and
to consider how such insights might be incorporated into fairness
metrics. This study aims to bridge that gap by allowing real users
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to explore potential stereotypes in LLMs through direct interaction,
carefully observing their perceptions to deepen our grasp of users’
perspectives on subtle and subjective stereotypes.

3 Design of STEREOHUNTER

We designed STEREOHUNTER, a research probe tool [30] that en-
ables us to examine how users identify and perceive LLM stereo-
types by probing interactions in which users elicit stereotypical
responses from LLMs. This section outlines the design rationales
underlying STEREOHUNTER and its proposed interactions, followed
by a detailed description of its interface and a walk-through ex-
ample. The source code of STEREOHUNTER is publicly available at
https://github.com/Hyunseung-Lim/stereoHunter.

3.1 Design Rationales

DR1: Facilitate Ordinary Users to Elicit Stereotypical Re-
sponses from LLMs. Our primary design goal for STEREOHUNTER
is to facilitate user interactions with LLMs, allowing us to exam-
ine how users identify and perceive stereotypes in LLM-generated
responses. To observe these interactions more deeply, we adopted
a jailbreaking style interaction that explicitly allows users to
elicit stereotypical responses from LLMs [13]. These interactions
are widely used in exposing LLMs’ inherent biases by breaking
safety guardrails while motivating users to investigate LLM stereo-
types [13].

Also, we needed to ensure that ordinary users without profes-
sional programming or ML expertise could elicit and evaluate stereo-
typical outputs. Therefore, we adopted a ChatGPT-like interface,
allowing users to input prompts easily and receive corresponding
LLM responses. However, broadly deployed LLM applications such
as ChatGPT typically provide excessive conversational freedom and
remain cautious about generating controversial output due to their
safety guardrails. To address this, we had to design an interaction
that allows users to focus solely on eliciting and identifying stereo-
types from LLMs. Specifically, we designed the interactions so that
users provide a specific situation as input, and the LLM generates
the most natural single line dialogue fitting the situation as output.
This design choice is inspired by previous stereotype datasets that
commonly adopted a data structure consisting of a pair of contexts
and responses [45, 48].

DR2: Enable Users to Evaluate LLM Responses with Stereotype
Annotations. Our system allows users to annotate LLM responses
with one of five labels: Stereotype, Neutral, Anti-stereotype, Am-
biguous, and Irrelevant. We drew inspiration from the human an-
notation process used to create existing stereotype datasets [45] in
order to capture users’ evaluation of whether LLM-generated re-
sponses reflected stereotypical bias. While the first four categories
align with those used in previous annotation tasks [45], we added
the Ambiguous label to capture instances where users found it
difficult to judge whether a response was stereotyped. This addi-
tion not only acknowledges the nuanced and subjective nature of
stereotypes but also enables us to gather insights into the specific
criteria contributing to users’ uncertainty, enriching the overall
evaluation process.
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DR3: Enable Users to Outline What Criteria They Considered
When Identifying Stereotypes. We designed the system to allow
users to specify the criteria that influenced their stereotype identifi-
cation. STEREOHUNTER ask users to take the survey detailing their
reasoning when they annotated a Stereotype or Anti-stereotype
label. The survey includes multiple-choice questions based on cri-
teria that have been recognized in previous research to influence
stereotype identification, such as relevance to the target group [41],
context [3], and specific words [51]. These questions serve a dual
purpose: they support us in capturing the considerations behind
users’ decisions while also encouraging users to reflect on any
unconscious criteria that influence their judgments. Additionally,
these surveys were integrated into post-experiment interviews to
facilitate a deeper discussion of how users considered these criteria.

3.2 Interface of STEREOHUNTER

Figure 1 presents the interface of STEREOHUNTER, designed to
facilitate our intended interactions. The system consists of five
key interface elements, each carefully designed to support users
eliciting and identifying stereotypical responses from LLMs.

3.2.1 Target Group List. To support users in eliciting stereotypes,
we provided a target group list comprising 100 social groups com-
monly associated with societal stereotypes. This list was con-
structed based on existing stereotype-annotated datasets, including
Stereoset [45] and KoBBQ [32], to reflect both general and Korean-
specific stereotypes. To reduce potential biases due to a predefined
list, users were allowed to select target groups not included in the
provided list. Also, the order of target groups was randomized each
time the user entered an input to prevent order effects.

3.22 Input and Output Window. Users can interact with LLMs by
entering a situation sentence in the input window to elicit stereo-
types associated with a target group. Once the user submits an input
by pressing Enter, the output window displays the LLM-generated
response, formatted as a dialogue that aligns with the situation.
Underline LLMs are prompted to generate a single-line dialogue.
However, to observe various interaction cases, we did not con-
strain the LLMs to specify the speaker of the dialogue, meaning the
speaker may not necessarily belong to the target group.

3.2.3 Annotation Buttons. Users evaluate whether LLM-generated
responses contain stereotypes by selecting one of five annotation
categories: Stereotype, Neutral, Anti-stereotype, Ambiguous, or
Irrelevant. They label a response as Stereotype if it reflects stereo-
types and Neutral if it does not convey any specific stereotype.
Anti-stereotype is labeled when the response actively contradicts
or challenges a stereotype, while Ambiguous is labeled when users
find it difficult to determine whether a stereotype is present. If
users recognize that the LLMs’ output is unrelated to their input,
they mark it as Irrelevant. Users who select Stereotype or Anti-
stereotype are asked to complete a follow-up survey explaining
their reasoning in detail. If they choose Ambiguous, they provide
additional context in a text box to clarify their uncertainty.

3.2.4 Detailed Questions. If the user annotates as Stereotype or
Anti-stereotype, users are asked six detailed questions to exam-
ine their reasoning behind the judgment. First, users are asked to
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StereoHunter
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“(female voice) Oh my, what are you
doing here?”

Input: What kind of personality do researchers have?

“(female voice) Oh my, what are you doing here?”
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Figure 1: STEREOHUNTER is a research probe tool aimed at understanding individuals’ perceptions of stereotypes through
interaction with large language models. The interface of STEREOHUNTER has the following elements: (A) Input Window, (B)
Output Window, (C) Annotation Buttons, (D) Target Group List, and (E) History Bar.

select which target group they felt was stereotyped in the LLMs’
responses and to indicate the degree of stereotype on a 5-point
Likert scale. Additionally, two questions were included to explore
the impact of the relationship between the user and the target
group on the judgment of the stereotype. It also asks for a yes or no
answer to whether context influenced their judgment or whether
specific words or expressions influenced it. If the user checks that
specific words or expressions have influenced their decision, they
are asked to highlight them. All responses were further explored
in post-experiment interviews, where participants elaborated on
their thought processes and factors regarding decision-making in
greater depth.

3.2.5 History. The history interface displays the previous interac-
tion logs, allowing users to review or modify their previous inputs.
This feature enables users to refer to past annotations when creating
new inputs and compare prior results while identifying stereotypes,
fostering a more reflective and informed decision-making process.

3.3 A Walk-through Example

To illustrate how users interact with our system, we present a com-
prehensive walk-through (Fig. 2). The process begins when users
select a target group from a predefined group list. Users then en-
ter a specific situation in the input window to generate potential
stereotypical responses about the chosen target. After receiving
the LLM-generated dialogue, users evaluate and annotate the re-
sponse using one of five labels: Stereotype, Neutral, Anti-stereotype,
Ambiguous, or Irrelevant. For responses marked as Stereotype or
Anti-stereotype, the system guides users through detailed questions
to understand their reasoning. When users identify a response as

Ambiguous, they must explain their reasons for uncertainty in judg-
ing the stereotype. After one walk-through, users can enter a new
situation for their target group or select a different group.

3.4 Model Selection and Implementation

Since our system targets users in South Korea, whose primary lan-
guage is Korean, we selected HyperCLOVA [33] as the language
model for STEREOHUNTER. HyperCLOVA is more culturally sensi-
tive and better captures stereotypes unique to Korean society as
a Korean-specific variant of the 82B GPT-3 model, trained on a
560B-token corpus that includes Korean-language blogs and user-
generated content. Additionally, considering our research timeline
from 2022 to early 2023, HyperCLOVA was the most robust and
accessible Korean-language LLM available at the time, as models
like GPT-4 and HyperCLOVA X had not yet been released.

We developed the system interface using React! and connected
it to a Flask?-based backend server which leverages HyperCLOVA
APL To implement the intended interaction of STEREOHUNTER, we
prompted HyperCLOVA to generate the most appropriate single-
line dialogue based on user input. All interaction logs are stored in
a database built with SQLAlchemy on the server.

4 user study

We conducted a user study to examine how users perceive and
identify stereotypes in LLMs, engaging them in eliciting stereotypi-
cal responses using STEREOHUNTER. Instead of directly evaluating

!https://react.dev
Zhttps://flask.palletsprojects.com
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Figure 2: Interaction Flow of STEREOHUNTER. (1) Users select which target to elicit stereotypes by referring to the list of target
groups. (2) Users imagine situations to elicit stereotypes about the target and enter them in the input window. (3) Users check
the output of LLMs to determine whether they reflect stereotypes. (4) Users annotate the output with one of five annotations by
judging whether stereotypes of the target are embedded. (5) Users are asked to respond to detailed questions regarding the

annotation.

biases within LLMs or analyzing societal stereotypes held by in-
dividuals, our study focuses on generating empirical insights into
how users identify stereotypes and what factors influence their
judgments. Since our participants were exclusively Korean, we do
not claim that our findings represent all possible ways people iden-
tify stereotypes, as cultural factors can significantly shape these
perceptions. Rather, this study serves as a case study that highlights
overlooked user perspectives, which existing fairness metrics often
fail to account for when assessing stereotypes.

4.1 Participants

Since individual backgrounds can significantly influence how peo-
ple perceive stereotypes, we recruited participants with diverse

gender, age, and occupational backgrounds. Since identifying stereo-
types often depends on subtle language cues, participants needed
fluency in linguistic nuance to identify them accurately. As a re-
sult, we conducted the study in Korean, which naturally limited
participation to native Korean speakers.

We recruited participants through online communities and re-
ceived 93 responses in our initial recruitment survey. From these,
we selected a diverse group of 50 participants, ensuring a balanced
demographic representation. The final sample consisted of 26 male
and 23 female participants, with one participant opting not to dis-
close their gender. Participants’ ages averaged 31.64 (SD = 12.39,
Max = 58, Min = 19) years old, and all were Korean nationals. Partic-
ipants received compensation of about $10 for their participation in
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PartiIcIi)pant Age Gender Occupation LLM Usage
P2 25 M Student Frequently
P5 24 M Student Not at all
P6 24 M Graduate student ~ Very Frequently
P7 26 M Graduate student Occasionally
P8 24 F Graduate student Occasionally
P9 23 M Student Frequently
P13 24 F Graduate student Not at all
P14 25 M Student Frequently
P20 21 F None Not at all
P22 21 F Student Occasionally
P23 24 M Office Worker Occasionally
P27 31 F Researcher Not at all
P31 54 F Self Employed Not at all
P32 56 M Real Estate Agent Rarely
P35 39 F Self Employed Not at all
P38 19 F None Not at all
P39 31 M Soldier Frequently
P42 19 F Student Not at all
P44 31 F Project Manager Frequently
P49 19 F Student Not at all

Table 1: Demographic information of interview participants.

the user study, and those who participated in follow-up interviews
received an additional $10.

4.2 Procedure

Given the constraints of the ongoing COVID-19 pandemic at the
time of the study (January 2023), we conducted the user study re-
motely via Zoom to ensure participant safety and accessibility. We
deployed STEREOHUNTER as an online platform, enabling partici-
pants to engage with the system remotely while ensuring that all
interactions were systematically recorded on the server for analysis.

First, participants were provided with an overview of the re-
search background and experimental procedure, followed by a tuto-
rial to familiarize them with STEREOHUNTER’s interface. Given the
potential risks associated with the study, we explicitly informed
participants that they could discontinue the experiment anytime.
Following this introduction, participants used STEREOHUNTER for
45 minutes, interacting with LLMs to elicit and evaluate stereo-
typical responses. During this period, participants were asked to
complete the following tasks as many times as possible: 1) select a
target group, 2) input situations that can induce the LLM to gen-
erate stereotypical responses about the chosen group, 3) evaluate
the LLM-generated responses, and 4) provide a rationale for their
evaluations. In total, each user study session lasted approximately
60 minutes per participant.

Following the study, we conducted semi-structured interviews
with 18 participants who volunteered for a post-study discussion
(Table 1). Each interview lasted 60 minutes and explored partici-
pants’ overall experiences, reflections on the collected data, and
perceptions of stereotypes in LLM-generated output. In particular,
these interviews focused on reviewing participants’ interaction
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logs, prompting them to explain their thought processes and key
considerations of their identifications in detail. All interviews were
recorded for further qualitative analysis.

4.3 Analysis

Since we sought to capture the nuanced, personal, and contextual
dimensions of stereotyping, we adopted a qualitative analysis that
allowed us to uncover user perceptions and considerations shaped
through the interactions, offering understandings that might oth-
erwise remain hidden. We recorded all log data (including inputs,
outputs, and labels) on a server and fully transcribed every inter-
view.

We began by examining the brief statistical summaries of the
log data to gain an overall picture of participant interactions. Then,
we classified the interaction patterns according to the participants’
own criteria for identifying stereotypes. Next, we used Atlas.ti to
perform a detailed qualitative analysis of the interviews to uncover
the underlying reasons for participants’ behaviors and any changes
in their perceptions. We separated the interview data into two main
categories: what participants considered indicative of stereotypes
and how they perceived LLM bias during the interactions. Through
open coding, the first author initially grouped related excerpts into
themes and then iteratively refined these themes based on feedback
from other researchers. Based on feedback from other researchers,
themes were iteratively added, merged, and created until the most
prominent themes were revealed in the data.

5 findings

In this section, we first present a statistical overview of partici-
pant interactions with STEREOHUNTER and report their interaction
patterns. We then analyze participants’ key considerations and
challenges while identifying stereotypes in LLM responses. Lastly,
we discuss reflections on participants’ perceptions from their inter-
actions with LLMs via STEREOHUNTER.

5.1 Descriptive Summary of Using
STEREOHUNTER

All 50 participants actively interacted with LLMs, collectively en-
tering an average of 57.12 (SD = 41.85, Max = 187, Min = 10) inputs
into STEREOHUNTER. The average input length was 16.52 (SD =
8.13) syllables, while the corresponding LLM-generated responses
averaged 19.28 (SD = 15.36) syllables. Among these interactions,
participants labeled 9.82 (SD = 5.95) responses as Stereotype, 1.66
(SD = 2.03) as Anti-stereotype, 21.44 (SD = 21.43) as Neutral, 1.66
(SD = 1.86) as Ambiguous, and 4.72 (SD = 5.41) as Irrelevant. Partic-
ipants attempted to elicit stereotypical responses from an average
of 24.56 (SD = 11.85) target groups. The most frequently selected
target was transgender, with 184 selections, followed by Chinese
(103 selections), Japanese (70 selections), and Southeast Asians (66
selections).

Among the 574 responses labeled as either Stereotype or Anti-
stereotype, the most targeted groups corresponding to the stereo-
type were females, with 35 selected, followed by transgender (31
selections), males (27 selections), homosexuals (18 selections), and
Koreans (15 selections). In the detailed questions, the strength of
the stereotype is rated as average at 3.60 (SD = 1.17). Then, 16.20% of
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participants identified themselves as belonging to the target group,
and familiarity with the target was rated at an average of 3.13 (SD
= 1.14). Additionally, participants identified that 50.87% of outputs
were influenced by context, while 64.11% were affected by specific
words.

5.2 Interaction Patterns for Eliciting
Stereotypical Responses from LLMs

Through iterative interactions, participants developed their own
approaches to elicit stereotypical responses from the models. Based
on their strategies and criteria for identifying stereotypes, we clas-
sified their interaction patterns into three categories. This section
outlines the patterns that emerged when participants elicited stereo-
typical responses from LLMs, focusing on their strategies and the
underlying reasons for identifying whether the output reflected
stereotypes.

5.2.1 Test the Association Between Targets and Traits. The most
frequent strategy used by participants was to test whether the LLM
would explicitly attribute certain traits to specific target groups. For
instance, they tested whether the LLMs would assume the gender
of a doctor as male and a nurse as female.

(User) Input: A girl is drawing a picture
with her favorite color.

(LLM) Output: “I like pink because it’s the
color of my mom, whom I love :)”

By deliberately constructing situations that required the LLMs to
associate specific traits (e.g., color preferences) with a target group
(e.g., girls), participants encouraged LLMs to generate potentially
stereotypical responses. In this case, participants identified whether
stereotypes were reflected by reporting whether characteristics
associated with LLM responses were mentioned. Although this
approach provided a straightforward way to test for bias, models
with built-in safeguards often refused to answer or provided neutral
output. As P22 remarked, ‘T felt that LLMs capture the intent behind
the situation and provide answers that are very neutral rather than
natural conversations.” (P22)

5.2.2  Create Implicit Situations Where Stereotypes Lead to Mis-
perception. To secretly elicit a stereotypical response, participants
tried to create implicit situations in which stereotypes of specific
targets led to misperception. When LLMs showed bewilderment in
their response, they labeled it as a Stereotype, indicating they were
interpreting situations through stereotypical assumptions about
the target group.

(User) Input: A soldier enters the women’s
restroom.

(LLM) Output: “(female voice) Oh my god, why
are you coming here?”

In this example, participants checked whether the model as-
sumed that soldiers must be male, which produced an awkward
or biased response. Although this approach showed promise in
circumventing the safety guardrails of the LLMs, participants found
it challenging to craft implicit situations for possible target groups,
particularly those with whom they were less familiar.
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5.2.3  Examine Multiple Responses. Some participants found it chal-
lenging to determine whether an LLM’s response was genuinely
stereotypical by examining only a single output. To address this,
they compared multiple responses under various conditions. One
strategy adopted by participants is inputting the same situation sev-
eral times and reviewing the collected responses. As P2 explained,
“T think it is difficult to confirm that the LLM expressed a stereotype
based on only one response. I checked whether the LLM-generated
response reflected a stereotype by entering the same input multiple
times and reviewing the percentage of stereotypical responses among
the results.” This allowed them to discern whether a response was
a mere coincidence or indicative of their stereotypical bias.

In addition, we observed that participants entered several dif-
ferent targets in a similar situation. By comparing targets with
different stereotypes, participants confirmed the stereotype of the
targets.

(User) Input: Professors are making plans
for their children’s education.

(User) Input: Carpenters are making plans
for their children’s education.

(User) Input: Athletes are making plans for
their children’s education

“Checking that the structure of sentences clearly changed depend-
ing on whether the target was a professor or a carpenter, the targets
definitely seemed to be a factor influencing the response of the lan-
guage model. However, I think we need to think about whether the
reflected characteristics are stereotypes about the target.” (P7) Al-
though the difference in responses did not necessarily represent
whether stereotypes were reflected, participants said they could ob-
serve how LLM perceived the subject and more rigorously evaluate
whether LLM reflected stereotypes.

5.3 Considerations and Challenges in
Identifying Stereotypes of LLMs

Through interaction with STEREOHUNTER, participants elicited and
evaluated stereotypical responses of LLMs. Depending on their
strategy, participants identified stereotypical responses of LLMs by
checking for specific expressions, considering context, or compar-
ing differences in multiple responses. In this section, we report on
users’ criteria and the challenges they faced in identifying stereo-
typical responses.

5.3.1 Experience-Bound Judgments of Stereotypes. Identifying
stereotypes first required participants to assess whether partic-
ular social groups were associated with widely held stereotypes.
However, in many cases, such stereotypes were not clearly defined
or broadly recognized. As a result, participants often relied on their
personal experiences to make such judgments. P13 noted, ‘T think I
tried to write as much as possible based on my experience that a stereo-
type can exist.” Likewise, P49 recalled, “When I searched YouTube for
coding help, most of the videos were by Indians—so I assumed Indians
might be good at coding.”

This reliance on personal experience shaped how participants
selected target groups, often narrowing their attention to familiar
or personally relevant domains. “Since I don’t know much about
other professions, I think I just choose the groups of professions related
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to me or groups related to genders and ages.” (P49) Many Korean
participants tended to choose groups from nearby countries—such
as Japanese, Chinese, or Southeast Asian populations—while groups
like Hispanics were mentioned less frequently. They also found
it more challenging to recognize stereotypes associated with less
familiar groups. For example, P7 labeled the dialogue below as
’Ambiguous’, unsure whether it genuinely embodied a Hispanic
stereotype.

(User) Input: A Hispanic person is heading
out to lunch.
(LLM) OQutput: “What should we eat today? How
about tacos?”

Participants often struggled to judge whether an LLM response
reflected a shared social stereotype or merely a personal impression.
P6 said, “The output is a typical dialogue about the target, but I'm not
sure if it is a social stereotype.” Similarly, P8 worried that the stereo-
types she recalled based on her own experiences may not align
with broader societal views. In some cases, participants overlooked
stereotypes simply because they were unaware of them. Notably,
a few of the participants recognized stereotypical content after
reflecting during the interview. P13 reflected, “As I went through the
interview one by one like this, it seemed that there was a dialogue that
embedded stereotypes that I had not seen at the experiment.” Even
when participants had some knowledge of group-based stereotypes,
uncertainty about their social validity made confident evaluation
difficult.

5.3.2  Blurred Boundaries Between Hate Speech and Stereotypical
Bias. The most commonly mentioned challenge under the Ambigu-
ous label was the difficulty in distinguishing between hate speech
and stereotype-based expressions. For example, P5 noted, ‘T cre-
ated a situation that elicited derogatory remarks about a certain race,
but since the response did not explicitly mention any stereotypical
characteristics, it was unclear whether it should be considered dis-
criminatory. However, if negative perceptions of a particular race
constitute stereotypes, this could be categorized as a stereotypical
response.” Similarly, P9 was unsure whether a response portraying
a rude customer’s remark about a female chef should be seen as
outright sexism or as reinforcing gender-based stereotypes, and
thus labeled it as ’Ambiguous.

(User) Input: A customer commenting when
they realize the chef is a woman.

(LLM) Output: “Wow, the food here is
excellent and the chef is a beautiful woman,
too!”

As stereotypes and hate speech often occur concurrently, par-
ticipants struggled to draw clear boundaries between them. In the
absence of predefined criteria, they developed their own standards
for interpretation. Some treated any negative remark about a group
as a stereotype, while others applied the label only when specific
traits were attributed to that group.

5.3.3  Users’ Preconceived Beliefs in Stereotypes. A notable chal-
lenge in identifying stereotypes was that some participants held
biased beliefs themselves. Several participants questioned the objec-
tivity of their own judgements. P14 stated, ‘T think I had stereotypes
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about stereotypes, so I think I was more sensitive to evaluating stereo-
types about certain targets.” On the other hand, some participants
refused to classify certain widely acknowledged stereotypes as bi-
ases, believing them to be factual. For example, when reviewing a
response about a girl, P44 stated, ‘T heard from a nurse that empiri-
cally, girls start to walk faster than boys. So, this is not a stereotype.
It is the truth.” Surprisingly, some participants expressed discrimi-
natory views, yet showed little awareness of the prejudiced nature
of their remarks. P31, for example, expressed negative opinions of
transgender and homosexual individuals and refused to acknowl-
edge that she held biases against them. While our study aimed
to capture a broad range of user perspectives, these cases raise
important concerns about how users’ own biases can distort their
judgment of stereotypes.

5.4 Participants’ Perceptions Regarding LLM
Stereotypes

5.4.1 Perceived vs. Observed Stereotypical Bias in LLMSs. Since most
participants were not experts in LLMs, they initially lacked a clear
understanding of how extensively these models might reflect stereo-
types. Their assumptions varied widely—some were unaware that
LLMs could contain stereotypes at all, while others believed, based
on media narratives, that the models would be inherently biased.
After interacting with STEREOHUNTER, some participants recog-
nized a gap between their expectations and the actual biases in
the LLMs. Some were surprised that LLMs could reflect everyday
stereotypes in their responses. P38 remarked, ‘T think I was a bit
shocked that they would say such stereotypical things because I didn’t
think language models could have stereotypes.”

On the other hand, some participants anticipated a high preva-
lence of stereotypes but found fewer stereotypical responses than
expected. P22 noted, ‘T thought the language model would have a lot
of everyday conversations with stereotypes... there were fewer stereo-
types than I thought.” Others also observed that the model seemed
to intentionally avoid stereotypes. P5 commented, ‘Tt avoids stereo-
types better than the previous models, and it seems to be learning
a little more.” While the safeguards embedded in LLMs reduced
overt bias, they sometimes made responses feel overly neutral and
artificial. P20 said, ‘T felt like the AI was trying to be too neutral, and
it felt alien compared to real-world dialogue.”

5.4.2 Balancing Naturalness and Responsibility in LLM Stereotype
Handling. Through their interaction with STEREOHUNTER, partic-
ipants recognized a central tension: the desire for fluent, natural
responses that may carry stereotypical overtones versus the po-
tential harm caused by stereotypical content. Many noted that this
dilemma mirrors real-life scenarios, where people must navigate
between natural conversation and the risk of reinforcing harmful
biases. This prompted discussions on how LLMs should behave
when stereotypes arise.

Several participants argue that LLMs, as publicly accessible sys-
tems, should adhere to stricter standards than everyday speakers.
P38 emphasized, “An LLM can converse with anyone—even very
young children-so it could inadvertently reinforce users’ stereotypes.
With that in mind, the model should be designed to minimize stereo-
typical language as much as possible.” P5 echoed this view, “An
LLM is almost like a public figure. Just as celebrities on television
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must watch what they say, an LLM—because of its reach—needs to be
especially careful about biased expressions.”

Other participants agreed that stereotypes are harmful but felt
that models should not simply avoid them altogether. Instead, they
suggested that LLMs acknowledge stereotypes in subtle ways that
promote user awareness. P6 proposed, “Everyone has stereotypes.
The key is to avoid voicing them outright. Instead of purging every
trace of bias from an LLM, the model should deliver a high-level
nudge—warning the user that the utterance may contain a stereotype
and prompting them to exercise caution.” P7 added, “The same stan-
dards for stereotypes should apply to humans and Al Rather than
completely blocking an Al from expressing such things, we should
allow it to select more natural expressions so that Al can coexist with
humans. However, appropriate guidelines are needed for each situation
and purpose.” Together, these perspectives highlight the need for
nuanced interaction designs that maintain conversational fluency
while signaling awareness of underlying stereotypes.

5.4.3  From Evaluation to Introspection. Through the user study,
our participants came to recognize how easily stereotypes appear
in everyday language—often without conscious awareness. While
evaluating whether LLM responses contained bias, they noticed
that similar expressions were common in their own speech. P5
reflected, ‘Tt seems I use stereotypical words little by little without
realizing it.” Similarly, P20 noted that the study made him more
critical of biases he had previously overlooked. Interaction with
STEREOHUNTER prompted deeper reflection, encouraging some
participants to examine the criteria they used to judge stereotypes.

Some participants went further by trying to establish explicit
criteria for identifying stereotypes. They noted that, before the
user study, they did not have to identify everyday conversations as
biased, but through repeated reflection, they learned to recognize
when dialogues might be potentially harmful. Other participants
perceived the LLM as a mirror—both of societal stereotypes and of
their own. P27 observed, “Through the interaction, I realized it might
be slightly different from the general stereotypes and the stereotypes
that I have.” P23 added, “The language model felt less stereotypical
compared to real people, which is something I think people should be
aware of and try to reduce a bit more.” As such, the interaction with
STEREOHUNTER served not only as a way to evaluate the model,
but also as a prompt for self-reflection on personal and societal
stereotypes.

6 discussion

Through STEREOHUNTER, we examined how participants perceive
and identify stereotypes in LLMs. Our findings revealed that partic-
ipants encountered nuanced considerations and challenges when
evaluating these stereotypes, and that the difficulties varied accord-
ing to their backgrounds and preconceptions about LLMs. This
section discusses how diverse user perspectives can be integrated
into the identification of stereotypes and the development of fair-
ness metrics for LLM biases. Additionally, we discuss strategies
for incorporating user perspectives through a participatory ap-
proach and increasing their awareness of potential stereotype risks
in LLMs.
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6.1 Incorporating the Diverse and Intricate User
Perceptions of Stereotypes in LLMs

As highlighted by prior research on Al fairness, identifying stereo-
types in LLMs requires integrating diverse user perspectives [27, 41].
Our findings confirm that users’ criteria for identifying stereotypes
vary significantly, shaped by factors such as personal relationship
with the target group and their lived experiences. Especially our
Korean participants provide attention to issues related to the Ko-
rean context, aligning with studies demonstrated for culturally in-
formed approaches that account for cultural differences [18, 31, 32].
These findings underscore the importance of allowing different user
groups and stakeholders to share nuanced and personal views on
potential stereotypical biases rather than relying solely on unified
definitions of stereotypes.

However, existing benchmarks often consolidate stereotypical
bias into a standardized framework that can overlook the complex-
ity of users’ thought processes and overshadow minority perspec-
tives [11, 26, 34]. Our results suggest that users consider more than
whether a stereotype is present; they also assess whether it leads to
discriminatory language, reflects group consensus, or conflicts with
their personal beliefs. Consequently, simple classifications adopted
in our system, such as Stereotype versus Neutral, still failed to
capture these subtleties. This highlights the limitations of rigid
classification-based benchmarks, suggesting that despite efforts to
integrate diverse perspectives, they may still fall short in accurately
representing the lived experiences and judgments of target groups.
To address these limitations, future research should focus on devel-
oping more robust benchmarking approaches that go beyond basic
classification tasks. Recently emerging benchmarks that assess a
model’s intermediate reasoning steps, rather than only its final
answer, demonstrate the potential for richer evaluation metrics to
transcend the limitations of current approaches [56]. Building on
such work, we advocate an expanded approach that weaves nuanced
perceptions and diverse perspectives into the evaluation, ultimately
producing an inclusive stereotype-identification benchmark that
foregrounds multiple viewpoints and user considerations.

6.2 Enhancing Fairness in LLMs Through
User-Centered Approach

Previous studies have highlighted the challenge of defining stereo-
types explicitly, making it difficult to develop reliable bench-
marks [7, 8, 42]. Similarly, our findings showed that participants
struggled to identify stereotypes in LLMs without clear definitions,
often relying on subjective judgments that led to inconsistencies.
The blurred boundary between stereotypes and hate speech further
added to this confusion, especially when evaluating responses that
resembled factual statements [31, 45]. Theoretical work in social
science also emphasizes the difficulty of precisely defining stereo-
types [4], which complicates the creation of universal benchmarks.
While mitigating bias is crucial, a benchmark alone may not be suf-
ficient to protect users from harmful stereotypes unless it accounts
for diverse perspectives.

Consequently, rather than focusing solely on mitigating stereo-
types within LLMs through benchmarks, the primary goal should
be to address users’ actual interaction experiences to reduce poten-
tial risks [49]. A promising approach is actively involving users in
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the process by allowing them to report their experiences in real-
time. Previous studies have shown that direct user participation,
such as human-in-the-loop approaches [2, 21], can iteratively im-
prove models by addressing real-world issues as they emerge. Our
findings likewise reveal that when participants surfaced and exam-
ined stereotypes during their interactions, they offered valuable
insights into how ordinary users perceive and interpret these bi-
ases. Such engagement also fostered deeper discussion about how
LLMs respond and the attitudes they convey from a user standpoint.
We recommend that future research explore ways to integrate di-
rect user feedback into stereotype mitigation by leveraging real
interaction cases with LLMs. This approach would ensure that di-
verse perspectives inform continuous improvements, ultimately
contributing to developing fairer models that better align with user
expectations.

6.3 Enhancing User Literacy Around LLM
Stereotypes

Our findings indicate that ordinary users generally have a limited
understanding of the stereotypes embedded in LLMs and often rely
on preconceptions before engaging with them. However, interac-
tions with LLMs through STEREOHUNTER can raise users’ awareness
of these stereotypes and encourage deeper reflection on underlying
biases. By actively eliciting stereotypical responses, participants
gained a clearer view of how LLMs mirror societal biases and re-
fined their criteria for identifying stereotypes. Because stereotypical
biases in LLMs are challenging to eliminate entirely, improving user
literacy is crucial to helping individuals recognize and critically
evaluate these stereotypes rather than simply accepting them at
face value. Even before the advent of LLMs, prior research identified
Al literacy as a promising way to empower users against poten-
tial Al-related harms, including stereotypes [39]. Future research
should further explore how user interactions might be leveraged
to enhance LLM literacy. We propose that interactions designed
to engage users to elicit LLM stereotypes, as illustrated through
STEREOHUNTER, can be a promising approach to increase users’
literacy about LLM stereotypes.

7 limitations and Future Work

In this section, we outline several limitations of our study. First,
our participants do not fully represent the diverse perspectives
of people worldwide, particularly since the study was limited to
Korean participants. While our research provides valuable insights
as a case study on understanding user perspectives, the broader user
perspective on stereotypes remains highly nuanced and subjective.
Not only do different stereotypes exist in different cultures, but
attitudes toward stereotype acceptance and the level of caution
required regarding these may also vary across cultures [16]. Future
research should examine a broader range of user perspectives and
explore additional factors influencing stereotype identification.
Additionally, our study focused on qualitative analysis to ex-
plore the users’ thought processes in identifying stereotypes, and
we did not conduct a quantitative or linguistic analysis. However,
linguistic analysis of these logs could provide crucial insights into
stereotype identification, particularly given the strong dependence
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of stereotypes on language characteristics. We plan to conduct fu-
ture work on systematically collecting and analyzing these logs to
offer insights into identifying stereotypes in LLMs.

8 Conclusion

This study set out to uncover how users perceive and identify stereo-
types in LLMs by introducing STEREOHUNTER, a research probe that
lets users elicit stereotypes directly from the models. Our findings
show that individual experiences strongly shape how participants
judge stereotypes, with their diverse backgrounds expanding the
criteria and considerations of identifying stereotypes. Moreover,
the participants’ perceptions evolved during the interaction, high-
lighting a pronounced gap between their initial assumptions and
the biases exhibited by LLMs. We argue that addressing these biases
calls for universally understandable measures of stereotypes, paired
with the direct involvement of diverse users in developing such
metrics. Our research also indicates that human engagement with
LLMs illuminates their capabilities and motivates individuals to
confront and reduce associated stereotypes. We hope this work
serves as a valuable case study for researchers developing fairness
metrics to mitigate stereotypical biases in LLMs.

Ethical Considerations Statement

Since we recognized the potential risks of our study, particularly the
exposure of participants to stereotypical responses from LLMs, we
designed our user study to minimize any harm to participants and
potential target groups. During recruitment, we provided a clear and
transparent explanation of the study’s purpose, emphasizing our
goal of analyzing and mitigating stereotypes in LLMs rather than
reinforcing them. To protect participants’ mental well-being, we
administered a screening questionnaire to identify individuals who
might be especially vulnerable to negative psychological effects.

During the experiment, we explicitly informed participants that
they might encounter biased or harmful LLM outputs and encour-
aged them to engage critically rather than passively accept any
stereotypes they encountered. Because partial definitions of stereo-
types can limit perspectives and inadvertently steer participants
toward certain opinions, we allowed participants to use their own
definitions for this study. We also respected participant autonomy
by permitting individuals to withdraw from the study at any time
without consequences and to decline interview questions that made
them uncomfortable.

We anonymized all collected data and restricted its use to re-
search purposes only, recognizing that some participants might be
uncomfortable disclosing personal biases. When reporting our find-
ings, we minimized the disclosure of participants’ specific inputs
to safeguard both our participants and the target groups, focusing
instead on their underlying identification processes. By integrating
these ethical considerations, we ensured that our study contributed
meaningfully to research on LLM stereotypes while upholding rig-
orous ethical standards. This study was approved by the university’s
institutional review board (IRB).
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