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Abstract

Stereotypes are very harmful social constructs shaping human perception and behavior. Recent work
shows that large language models (LLMs) may inherit and amplify such social harms. However, most
existing research often focuses on stereotypical biases and overlooks stereotypes and the rich social-
psychological literature on them, resulting in resource wastage and slowed progress in stereotype
research. We argue that meaningful progress in mitigating stereotypes in LLMs requires tighter
integration between social psychology and computational research. To address this gap, we review
core social-psychological theories and frameworks and analyze their computational operationalization,
highlighting substantial open opportunities. We also analyze computational progress across media
narratives, body imaging, and multilingual, multicultural, and multimodal contexts, identifying key
gaps and limitations in each domain. We also present a unified analysis of challenges in stereotype
research. We further discuss implications for responsible Al, highlighting stereotypes as a root source
of downstream harms, and briefly examine the limitations of current mitigation approaches along
with potential improvements via explainability and interpretability. We frame stereotypes in Al as
socio-technical phenomena and urge further research in responsible Al, informed by the perspectives
and future directions presented in this paper.

Keywords: stereotypes; social psychology; computational approaches; bias; responsible Al; computa-
tional social science; language/cultural bias analysis; sociolinguistics; NLP tools for social analysis;
hate-speech detection; bias/toxicity; misinformation detection and analysis

1. Introduction

Humans are quite good at identifying patterns and forming clusters. They naturally construct
conceptual groupings based on shared features, even under uncertainty [1,2], though this process
does not always follow strictly logical rules [3]. Humans tend to classify those similar to themselves
as the “in-group” and those perceived as different as the “out-group” [4-7]. Theories such as the
similarity-attraction hypothesis [8] and social identity theory [9] suggest that people are more attracted
to others who share similar attitudes, values, and traits (i.e., in-groups). This gives rise to in-group
favoritism and can also produce varied emotional responses toward out-groups, such as hate, pity,
or respect, as studied by [4,7,10-12]. These feelings toward out-groups are gradually translated into
thoughts, which then solidify into beliefs: what we call “stereotypes”.

The human brain is evolutionarily tuned to respond rapidly to stimuli perceived as critical for
survival, such as predators or fire, thereby prioritizing System 1 processing' [14-17]. Social competition
and interpersonal relationships likewise constitute fundamental survival-relevant contexts [18-20],

1 System 1 refers to fast, automatic, intuitive, and emotion-driven cognition, in contrast to System 2, which is slower, deliberate,

and analytical [13].
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and therefore tend to elicit fast responses governed by System 1. The origin of stereotypes can thus be
attributed to System 1 thinking and the cognitive distinctions between “in-groups” and “out-groups”.

LLMs are increasingly adopted across a wide range of domains, ranging from educational
applications such as teaching assistants [21] to medical settings, including clinical report generation
[22], to mention a few; their societal impact continues to expand. Recent work shows that LLMs
inherit and sometimes amplify these stereotypes as they learn them from their large-scale pre-training
corpora [23-25]. To mitigate these challenges, research has initially focused on assessing bias in LLMs
by exploiting various tasks, including Natural Language Generation (NLG) [26,27], counterfactual
reasoning [28,29], Natural Language Inference (NLI) [30], Question Answering [31,32], and prompt
completion [33,34]. Gallegos et al. [35] provides a detailed analysis of dataset and metrics designed for
assessing bias in LLMSs. But fundamentally, bias is a different concept from stereotypes, and confusing
biases with stereotypes can give rise to inefficient benchmarks, resulting in substantial resource waste
[36]. These concepts are well-studied in social psychology; however, only a few papers draw on social-
psychological insights, limiting progress in this domain. Stereotypes are the primary origin of inter-
group relations and should therefore be studied separately to understand their effect in Responsible
Al For example, Tomar et al. [37] found that incorporating stereotype detection can improve bias
detection accuracy. Thus, stereotypes hold considerable potential, which, if systematically explored,
can significantly advance Responsible Al research.

To address this gap, this paper focuses primarily on stereotype research and analyzes it from
social-psychological and computational perspectives. Our contributions are:

1. A systematic review of social-psychological theories and frameworks on stereotypes that will
guide future computational research (Section 2). We also review the computational opera-
tionalization of these frameworks and theories, highlighting open opportunities. We analyze
computational progress and gaps across domains such as narrative, media, and body imaging,
and provide future directions (Section 3).

2. A multimodal, linguistic, and geographic analysis of stereotype research, identifying key gaps
and underexplored requirements (Section 4).

3. A unified analysis of challenges in stereotype research by integrating social-psychological and
computational perspectives (Section 5).

4. An analysis of implications for Responsible Al, framing stereotypes as foundational to down-
stream harms, and briefly examining existing mitigation approaches’ failures, while suggesting
potential improvements through explainability and interpretability (Section 6).

2. Social Psychological Perspectives on Stereotypes

In this section, we review key social psychological theories (Section 2.1) and frameworks (Sec-
tion 2.2) on the formation, structure, and function of stereotypes.

2.1. Foundational Theories

1. Similarity—Attraction and Social Identity Theory: As discussed in the introduction, similarity-
attraction theory [8] and Social Identity Theory [9] posit systematic in-group favoritism, whereby
individuals favor in-groups over out-groups to enhance self-esteem [10]. Self-esteem comprises
personal and social identity, the latter derived from group memberships based on attributes
such as nationality or age. According to Social Identity Theory, threats to self-esteem intensify
in-group favoritism, which in turn restores self-worth, a prediction supported empirically [38,39].
From this perspective, stereotypes function as mechanisms for self-esteem maintenance, emerg-
ing through in-group favoritism and out-group derogation when out-groups are perceived as
threatening, thereby conceptualizing stereotypes as self-esteem protectors.

2. Social Role Theory: This theory [40] focuses on socialization processes and posits that stereotypes
are shaped by the social roles people occupy, such as lower-status versus higher-status jobs.
Media plays a direct role in shaping stereotypes, often without individuals being consciously
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aware of its influence [41]. In particular, media representations strongly affect body image by
promoting stereotypical ideals, such as muscular and lean bodies for males, and fashionable,
thin bodies for females [42,43]. Social Role Theory is closely related to Social Learning Theory
[44], as both emphasize learning through observation and social reinforcement. These theories
conceptualize stereotypes as social representations representing existing social roles.

3. Social Categorization Theory: This theory states that group-based perception is as fundamental
as individual-based perception [45]. It argues that stereotyping and categorization are the two
central components of perception. It states that both the process of stereotyping and the content
of stereotypes are fluid and dynamic, varying across social contexts. Social context determines the
nature of self-other comparisons and shapes how group boundaries are constructed. It considers
that stereotypes reflect the emergent properties of social groups. It conceptualizes stereotypes as
psychologically valid representations [46], grounded in group-based cognition.

4. Theories Discussing Social Cognition: Social cognition-based theories [47-50] conceptualize stereo-
typing as a “necessary evil,” arising from the human cognitive need for simplicity and order.
These theories view stereotypes as cognitive functions that simplify the complexity of the social
world through implicit and often automatic processes. These theories conceptualize stereotypes
as cognitive schemas structuring perception.

5. Social Justification Theory: This theory [51-53] states that holding negative stereotypes of another
group may serve not only an ego-protective and group-protective function, but also a system-
justifying function. It argues that when status hierarchies relegate groups to relative positions
of inferiority and superiority, members of disadvantaged groups may themselves come to hold
negative beliefs about their own groups in the service of a larger system in which social groups are
hierarchically arranged [54]. This theory states that stereotypes can be considered as reinforcing
the ideology of dominant groups, which may even be endorsed by disadvantaged groups
themselves. It considers stereotypes as ideological representations.

6.  Discursive Philosophy of Categorization: The previous approaches consider categorization as highly
functional and adaptive, and are largely grounded in a realist epistemology (i.e., the assumption
that reality can be understood through facts or reason). Discursive philosophy challenges this
realist epistemology. It does not treat social categories as rigid internal entities used inflexibly;
instead, it is concerned with how people discursively construct social categories. It examines
how these constructions produce subjectivities for both the self and those defined as the “Other.”
Wetherell and Potter [55] states that people are often inconsistent and highly context-dependent
in articulating their beliefs. According to this perspective, stereotypes are relatively stable,
shared, and identifiable, yet emerge through discourse rather than internal cognition. Similarly,
Edwards [56] conceptualize stereotypes and categorization as discursive constructions rather
than cognitive processes [46].

7. Intersectionality Theory: Recent work [57-59] emphasizes that social identities such as race, gender,
and ethnicity interact rather than operate independently. From this perspective, stereotypes
are not isolated constructs but emerge through the intersection of multiple identity dimensions,
producing distinct and context-dependent forms of discrimination (e.g., experiences specific
to Asian American women). Intersectionality thus frames stereotypes as relational and co-
constructed structures across social categories.

Though various theories conceptualize stereotypes in different ways, all of them acknowledge the
harms associated with them.

2.2. Major Frameworks

1. Stereotype Content Model (SCM): The SCM proposes that group stereotypes are structured along
two fundamental dimensions: warmth (perceived intent) and competence (perceived ability)
[7]. Warmth judgments are shaped primarily by perceived competition, while competence
judgments reflect perceived status. These dimensions yield four canonical stereotype profiles:
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admiration (high warmth, high competence; e.g., ingroups), pity (high warmth, low competence;
e.g., the elderly or people with disabilities), envy (low warmth, high competence; e.g., high-
status outgroups), and contempt (low warmth, low competence; e.g., stigmatized groups). Each
quadrant is associated with distinct emotional and behavioral tendencies, ranging from active
facilitation to active harm, enabling the SCM to predict real-world social behaviors such as
inclusion, neglect, or discrimination [7,60].

2. Agency-Beliefs—Communion (ABC) Model: The ABC model” [62] reframes stereotype content by
positing that social perception is fundamentally organized around Agency (socioeconomic power)
and Beliefs (ideological orientation), rather than the warmth-competence dimensions central to
the SCM. Developed as a critique of SCM, it challenges its theory-driven structure and reliance
on predefined social groups, which may limit the discovery of naturally salient dimensions.
Adopting a bottom-up approach, the ABC model shows that Communion (including warmth and
morality) is not a primary dimension but an emergent construct arising from combinations of
Agency and Beliefs. Empirical evidence across multiple studies indicates that spontaneous group
categorization aligns most strongly with these two dimensions: Agency shapes power-related
judgments, while Beliefs capture ideological alignment. Notably, groups at extreme levels of
Agency are perceived as low in communion, whereas moderate Agency is associated with higher
communal attributions, suggesting that warmth-based judgments are secondary rather than
foundational.

3. Dual-Perspective Model: The SCM proposed by Fiske et al. [7] considers competence as Agency
(A) and warmth as Communion (C). Abele et al. [63] observed that A and C contain multiple
components; for example, masculinity (e.g., “assertive” or “decisive”) is also part of Agency,
while morality (e.g., “fair,” “honest”) is part of Communion. They proposed a facet model that
differentiates A into assertiveness (AA) and competence (AC), and C into warmth (CW) and
morality (CM), and reported a good model fit.

4. Five-Tuple Framework: Both Davani et al. [64] and Shejole and Bhattacharyya [36] converge on a
five-tuple framework for characterizing stereotypes, consisting of the target group (T), relationship
characteristics (R), associated attributes (A), the perceiving group or community in which the stereotype
is held (C), and the context or time interval (I) in which it emerges. Both works emphasize
that stereotypes are inherently dynamic, varying across social groups and evolving over time,
rather than being static representations. This perspective aligns with earlier social psychological
theories highlighting the context-dependent and socially constructed nature of stereotyping
[45]. This framework is particularly valuable for computational modeling of stereotypes, as it
enables the integration of diverse methodological approaches, such as knowledge graph- based
representations, to support structured and systematic analysis.

Table A1l (Appendix B) summarizes these theories and frameworks and Table A2 (Appendix B)
contrasts the theoretical assumptions and perceptual mechanisms of the SCM and ABC models.

3. Computational Research on Stereotypes
3.1. Operationalizing Social-Psychological Frameworks

Fraser et al. [65] computationally operationalized the SCM by deriving warmth and competence
directions from lexicon-based word embeddings [66] and projecting social groups into this space.
They also modeled anti-stereotypes® and validated their findings against survey data. Extending
this approach, Fraser et al. [67] used sentence embeddings and demonstrated strong alignment
with human judgments through empirical validation and case studies on gender- and age-related
stereotypes. Beyond stereotype measurement, SCM has been applied to assess disability bias [68] and
bias mitigation [69,70]. Cao et al. [71] operationalized the ABC model as a computational framework to

2 The terms Agency (A) and Communion (C) were coined by Bakan [61].
3 Anti-stereotypes refer to attributes strongly counter to commonly held beliefs about a social group (e.g., football players
being weak).
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identify group-trait associations in language models, demonstrating moderate alignment with human
judgments, supporting intersectional analysis, and evaluating the approach in a U.S.-centric context.
These works underscores the multidimensional structure of stereotypes. Building on this view, Fraser
et al. [72] analyzed stereotypes across six psychologically grounded dimensions* for ten occupational
groups, showing that while correlations with survey measures vary by dimension, free-text data
capture fine-grained and contextually grounded trait associations. Kim and Johnson [73] extended
SCM resources beyond English by constructing and validating a Korean warmth—competence lexicon
and a labeled Korean sentence dataset, representing the first SCM-based lexical resource for Korean.
There is a need for more research that leverages social-psychological theories and frameworks across
multiple languages and cultural contexts.

3.2. Narrative and Media-Based Analyses

As discussed in Section 2, Social Role Theory [40] posits that media plays a central role in shaping
and reinforcing societal stereotypes. A substantial body of work has examined stereotypical portrayals
in cartoons, films, and broader media narratives [74-83]. More recently, Wang and Lin [84] used LLMs
to extract stereotypes from storytelling content. These studies demonstrate that stereotypes are deeply
embedded in media narratives, lending empirical support to Social Role Theory. They further highlight
the role of media in amplifying stereotypical beliefs. We believe that greater emphasis should be placed
on developing techniques for proactively identifying such stereotypes and assessing their potential
social harms before media content is disseminated to the public.

3.3. Body-Image Stereotypes

Body-image stereotypes play a significant role in shaping social norms, although systematic
research in this area remains at an early stage. Media representations strongly shape body-image ideals,
often reinforcing culturally specific preferences. For example, thin body types are frequently idealized
for women in the United States [85], whereas medium-sized bodies are more socially preferred in
some Middle Eastern contexts [86,87]. Such norms can generate psychological and behavioral pressure,
including the use of weight-altering drugs with potential health risks, highlighting the need for
sustained research on body-image stereotypes and their societal consequences. Bias benchmarks
such as StereoSet [26], CrowS-Pairs [28], and BBQ [88] provide limited coverage of body-imaging
stereotypes. While they include attributes such as “dark-skinned” or “short,” these representations
remain narrow and insufficient to capture the multidimensional nature of body image. Recent efforts
such as BlStereo [89] advance this line of work by incorporating appearance-related attributes® and
using NLI to evaluate bias in LLMs. Automatic modeling of body-image stereotypes from media and
narratives remains an important open problem. Future work should quantify body-image bias across
LLMs and assess the extent to which their outputs reflect such stereotypes.

4. Analyzing Multimodal, Linguistic and Geographic Coverage
4.1. Multimodal Representations

Stereotypes manifest across multiple modalities, including text, images, video, and audio. How-
ever, advances in NLP have led most prior work to focus on textual representations, resulting in
a proliferation of text-based benchmarks. More recently, images have received increased attention.
Studies such as Fraser and Kiritchenko [90] reveal substantial gender and racial biases in large vision-
language models (VLMSs), while Jha et al. [91] introduce ViSAGe, a dataset evaluating nationality-based
stereotypes across 135 countries, showing that stereotypical attributes are nearly three times more
likely to appear in generated images and are more offensive for identities from the Global South.
A growing body of work [92-97] further confirms the prevalence of stereotypical biases in VLMs,
underscoring a critical and underexplored challenge for multimodal Al In contrast, research on speech

4 These dimensions were Sociability, Morality, Ability, Assertiveness, Beliefs, and Status.
5 Skin complexion, body shape, height, attire, hair texture, and eye color.
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and video remains limited; for example, Kurinec and Weaver III [98] show that vocal cues alone can
activate racial stereotypes. These findings highlight the need for broader investigation into stereotype
detection and mitigation in conversational audio and video modalities.

4.2. Linguistic and Geographic Coverage

SeeGULL [99] and Visage [91] examine geographic variation in stereotypes, but primarily opera-
tionalize geography through nationality. WinoQueer [27] focuses on stereotypes related to LGBTQ+
identities, providing a dedicated resource for studying sexual and gender minority representation.
Benchmarks such as EMGSD [100] and MGSD [101], inspired by earlier bias datasets including Stere-
o0Set [26] and CrowS-Pairs [28], span dimensions such as race, religion, gender, and age. However, they
inherit key conceptual limitations, notably ambiguous or inconsistent targets of stereotyping, conflat-
ing social groups with non-human or geopolitical entities (e.g., “Norwegian salmon” or “Norway”)
and uneven representation of religions [102]. StereoDetect [36] addresses these issues by grounding
dataset design in social-psychological distinctions between bias and stereotypes, but remains limited
to English and a U.S.-centric context.

These gaps underscore the need for more conceptually grounded and multilingual benchmarks.
Recent efforts include datasets for Korean (KoBBQ [103], KOLD [104]), French (French-CrowS-Pairs [105]),
Hindi (IndiBias [29], BharatBBQ [32]), and Italian (FB-Stereotypes 106, QueeroTypes [107], StereoHoax-
IT [108]). The multilingual MRHC dataset [109], covering Italian, Spanish, and French, examines racial
stereotypes in social media. More recently, SHADES [110] advances the field by curating over 300
stereotypes across 37 regions, translated into 16 languages and annotated with multiple attributes to
enable fine-grained multilingual analysis. Despite these efforts, substantial gaps remain in linguistic
and cultural inclusion. Global coverage is uneven, with limited resources for many low- to middle-
resource languages, including several Dravidian and North-East Indian languages, as well as Arabic and
African languages such as Swahili. Moreover, existing work often underrepresents critical sociocultural
dimensions such as caste, region, religion, race, and ethnicity, constraining the representational breadth
and equity of current evaluations. Future research should explicitly incorporate these factors to enable
more comprehensive and equitable assessments of LLMs.

5. Challenges in Stereotype Research
5.1. The Problem of Generalization

Social psychological theories, such as Social Role Theory and Social Categorization Theory,
clearly require the specification of a social target group for a given stereotype; that is, stereotypes
vary depending on the target group under consideration. Consequently, when datasets have limited
coverage, any model trained to detect stereotypes will possess knowledge only about those target
groups explicitly represented in the training data. Therefore, it is not reliable to use such models
to predict stereotypes for unseen target groups, as these models lack the broader social knowledge
embedded within a community. Shejole and Bhattacharyya [36] proposed a solution to this problem
through Retrieval-Augmented Generation (RAG). However, extracting context-specific information
that is relevant to a particular society and temporal setting remains highly challenging, and the
reliability of the sources used also plays a critical role. Future research on more efficient methods for
social analysis may contribute to addressing this challenge.

5.2. Annotation and Labeling Challenges

Stereotypes are embedded in a community (Section 2). Therefore, when constructing benchmarks,
it is essential to select a representative subset of annotators reflecting the target community. Skewed
selection may lead to inefficient or biased benchmarks. Datasets examining more nuanced aspects,
such as the effect of language or regional state, as in the case of India or the USA, require a substantial
number of annotators, since each state may hold differing perceptions of individuals from other states.
Accordingly, annotators must be carefully chosen for each dimension to ensure they appropriately
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represent the context in which stereotype data is being collected. Obtaining skilled annotators poses a
significant challenge. Another important concern relates to labeling quality: annotators may be insuffi-
ciently informed or may submit random responses for compensation. Thus, continuous monitoring
and guidance of less-informed annotators, as well as the identification and removal of spammers, is
necessary to maintain data reliability.

5.3. Scalability Constraints

As discussed in previous sections, achieving comprehensive global coverage across languages,
cultures, and social dimensions requires substantial, coordinated effort. Ensuring that a language
model is globally fair is therefore essential. One possible approach is to evaluate multilingual models
separately within each context, as demonstrated in studies such as Singh et al. [111], Nie et al. [112],
Gamboa et al. [113]. Global representation has consistently posed a significant challenge in research on
stereotypes and bias.

5.4. The Dynamic Nature of Stereotypes

Social Categorization Theory and the Five-tuple Framework highlight the fluid and dynamic
nature of stereotypes, i.e., that “stereotypes change over time.” Fortunately, this change tends to be
gradual and slow. Davani et al. [64] propose the use of knowledge graphs to model phenomena such
as stereotype shifts over time. We further emphasize that stereotype shifts should be systematically
studied through efficient modeling approaches, drawing insights from social-psychological theories
and frameworks to address this issue.

6. Implications for Responsible Al
6.1. Stereotype is the root cause

Steele and Aronson [114] showed that black students performed worse on a test framed as
measuring intellectual ability due to fear of confirming negative stereotypes, a phenomenon known as
stereotype threat. This highlights the risks of LLMs making judgments based on such stereotypes,
as observed in computational studies [115]. Given the serious social-psychological consequences, Al
systems must avoid inheriting the risk of stereotype threat. Another factor is the role of confirmation bias
in stereotypes, where people tend to notice information that supports their preconceptions. More
concerning is when members of stereotyped groups are led to behave in ways that confirm these
stereotypes, a phenomenon called self-fulfilling prophecies [116,117]. These occur when a perceiver’s
false expectations cause a person to act in ways that confirm them. In Responsible Al, for example
in settings where models act as teaching assistants, it is crucial to monitor and prevent self-fulfilling
prophecies. If models exhibit implicit bias, stereotypes could trigger these effects, so models must be
both fair and aware of psychological factors to mitigate them. Bias, prejudice, and discrimination are core
components of social harm (see Appendix A). Figure 1 shows the inter-relationship of stereotype
with social harms connecting social psychology and computational perspectives. It can be seen that
stereotypes are the origin of many problems because of their presence in pre-training corpora. To assess
bias, techniques often analyze probability distributions, while prejudice is commonly measured using
simulated implicit association tests (see Section 6.2). Discrimination is the most evident, with numerous
computational studies demonstrating biased behavior in hiring scenarios [118-122]. Further research
is needed to determine whether LLMs and Al models exhibit personal biases similar to humans and to
understand the underlying causes.
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Model: Low probability for hiring when Human: | don't like people from
social attribute gets changed to X. X community
Human: We should not take him/her individual bias
for the role of math teacher, as A
he/she is from X community. IndIVIduaI
stereotypical
bias
Bias
Some where in pre-
training corpora Discrimination
contains: Vo
“X people are bad at . .
math.” Stereotypes Prejudice Human: X community people not
) allowed for this role.
Human: Oh he is from Model: Producing hate speech towards
community, he would be X, or denying the hiring only on the basis
bad in math. that candidate is from X.

Model: examining prejudice
using Implicit Association Tests (IAT).

A,

A,
Self-fulfilling Stereotype
prophecy Threat

Interviewer (or Model): Let us
take a math test to check your
intellectual ability.

Interviewer (or Model)
makes a candidate from
X community perform
badly in math test by
triggering stereotypes
indirectly

A person from X community will have
a fear that if he/she performs bad, it
will confirm the stereotype

Figure 1. Inter-relationship between of concepts of social psychology and connecting it with Responsible Al
scenarios.

6.2. Does the Absence of Stereotypical Outputs Imply Fairness?

These questions have been extensively studied in social psychology, where individuals may
not explicitly admit bias yet exhibit it in practice. Such bias, termed implicit bias [123], is a key
contributor to prejudice [124,125] and is shaped by automatic cognitive processes, as described in
Social Cognition Theory (Section 2). The Implicit Association Test (IAT) [126,127] was developed to
measure this phenomenon. Similar tests applied to LLMs [128,129] reveal that, despite producing
non-stereotypical outputs, models may implicitly rely on stereotypes, indicating latent prejudice. It
highlights the importance of social-psychology for uncovering hidden prejudice in LLMs.

6.3. Mitigation, Interpretability, and Explainability

We provide a brief analysis for failure of bias mitigation strategies in Appendix C. From a social-
psychological perspective, most mitigation strategies target explicit social harms, yet addressing
implicit model biases remains essential (Section 6.2). Evidence that anti-stereotypes reduce human
prejudice [12,65] suggests their promise for future stereotype mitigation in LLMs. In Responsible
Al explainability and interpretability techniques offer promising directions for addressing a wide
range of challenges. Recent studies, such as work on attention-head pruning [130-133], show that
selectively modifying internal components of LLMs can reduce bias to some extent. These approaches
can be promising for identifying stereotype subspaces in LLMs, namely regions of the parameter
space that contains the knowledge of stereotypes prevalent in society. Interpretability methods can
play an important role in locating and characterizing these subspaces. In parallel, explainability
techniques such as SHAP [134] and LIME [135] can be used to analyze the attributions produced by
stereotype detectors. These attributions can be analyzed through established social-psychological
theories, enhancing theoretical rigor and interpretability in stereotype research. Future work could
investigate how modifying stereotype-related subspaces impacts other harms and model’s original
efficiency contributing to the transparency of LLMs.

7. Conclusions

Stereotypes have been extensively studied in social psychology; however, computational re-
search has yet to fully leverage this body of knowledge. In this paper, we first reviewed key social-
psychological theories and frameworks on stereotype formation and persistence, and examined how
they have been operationalized computationally, highlighting that existing work has only scratched
the surface and that substantial opportunities remain for deeper computational engagement with
these theories. We also analyzed computational progress across media narratives, body imaging,
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and multilingual, multicultural, and multimodal contexts, identifying key gaps and limitations in
each domain. We presented a unified analysis of challenges in stereotype research by jointly consid-
ering social-psychological and computational perspectives. Finally, we discussed implications for
responsible Al, positioning stereotypes as a root cause of downstream harms, connecting them to
broader social-psychological constructs, and examining their impact from both Al model and human
perspectives. We also briefly reflected on the failures of existing bias mitigation approaches and
highlighted some points on how explainability and interpretability techniques can help in solving
these issues. We position stereotypes in Al as socio-technical phenomena and argue for a reframing
of how responsible Al research conceptualizes and addresses stereotype-related harms. We contend
that advancing fairness and reducing social harms in responsible Al requires a shift in perspective.
We summarize future research directions discussed in this paper in Table 1. By grounding future
computational research in established social-psychological underpinnings and by pursuing the future
research directions outlined in this paper, responsible Al systems can move toward more principled,
culturally grounded, and effective interventions.

Table 1. Future Research Scope and Opportunities: Bridging Social Psychological and Computational Perspectives.

Section Subsection Future Research Scope & Opportunities

Leverage the Five-Tuple Framework (Target, Relation,
Attributes, Community, Time) to enable structured
computational analysis, such as through knowledge
graph-based representations.

Section2  Major Frameworks (Section 2.2)

Focus on using social-psychological theories to guide the
development of robust techniques for measuring and
operationalizing stereotypes; address gaps in multilingual and
multicultural contexts.

Computational Operationalization (Section 3.1)

Implement proactive identification of stereotypes in media
Narrative/Media (Section 3.2) narratives to assess and mitigate potential social harms before
dissemination.

Section 3

Systematically quantify body-image bias in LLMs and develop
Body-Image (Section 3.3) automatic modeling from media representations to monitor
stereotypical ideals.

Expand investigations into stereotype detection and
Multimodality (Section 4.1) mitigation beyond text and images to include conversational
audio and video.

ion 4
Section Create conceptually grounded, multilingual benchmarks

moving beyond English/US-centric data; include complex
dimensions like caste and regional state-level perceptions (e.g.,
India or USA).

Linguistic/Geographic Coverage (Section 4.2)

Research more efficient methods for social analysis to help
Generalization (Section 5.1) models handle unseen target groups and extract
context-specific information.

Select representative annotator subsets reflecting the target
Annotation (Section 5.2) community to ensure unbiased benchmarks and avoid skewed
Section 5 selections.

Explore strategies for modeling contexts separately to achieve
Scalability (Section 5.3) global inclusivity despite current resource and scalability
constraints.

Systematically study the dynamic nature of stereotype shifts
Dynamic Nature (Section 5.4) through efficient modeling approaches, drawing insights from
social-psychological theories and frameworks.

Monitor and prevent self-fulfilling prophecies and stereotype
threat; investigate whether LLMs and AI models exhibit
personal biases similar to humans and understand underlying
causes.

Stereotype as the origin (Section 6.1)

Conduct more research revealing implicit bias through
Implicit Bias (Section 6.2) measures like simulated implicit association tests and other
Section 6 psychological frameworks.

Removing Implicit Bias for mitigation; Anti-stereotypes for
mitigation; Identify stereotype subspaces in LLMs; use

Mitigation, Interpretability and Explainability (Section 6.3) explainability techniques (e.g., SHAP, LIME) to analyze model
attributions through established theories; investigate impacts
on original task efficiency.

© 2025 by the ). Distributed under a Creative Commons CC BY licen



https://doi.org/10.20944/preprints202601.0815.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 12 January 2026 d0i:10.20944/preprints202601.0815.v1

10 of 19

8. Limitations

This paper integrates insights from social psychology and computational research to provide a
comprehensive view of stereotyping in large language models (LLMs), but several limitations should
be noted. First, our focus on combining social-psychological and computational perspectives may
limit discussion of other relevant factors, such as technical optimization or purely algorithmic in-
terventions, which are beyond the scope of this work. Second, although we review computational
progress across multimodal, linguistic, and cultural domains, practical challenges remain. Achieving
global inclusivity requires substantial resources and skilled annotators, which can constrain scalability
and coverage. While we suggest potential strategies, such as modeling contexts separately, these
approaches remain aspirational. Overall, our analysis highlights the importance of a joint computa-
tional and social-psychological perspective for grounding stereotype evaluation in linguistic, social,
and historical contexts. Future work should continue bridging these perspectives while addressing
practical constraints in data collection, annotation, and model design.

Appendix A. Stereotypes, Bias, Prejudice and Discrimination

In Section 6.1, we discuss bias, prejudice, and discrimination as core components of social harm.
Below, we briefly elaborate on each of these concepts to clarify their roles and interrelationships in the
formation and perpetuation of social harm.

Appendix A.1. Stereotypes

Stereotypes are overgeneralized beliefs about members of a social category, attributing uniform
traits to all individuals and ignoring individual differences [136]. For example, “Asians are good
at math” overlooks variation within the group and can lead to unfair assumptions [114,137]. Anti-
stereotypes—beliefs that counter prevailing stereotypes—can reduce biased thinking [136]. Only
beliefs about social categories, not general truths, qualify as stereotypes.

Appendix A.2. Bias

Bias refers to inclinations or partiality favoring or disadvantaging certain groups, which can
be explicit (conscious) or implicit (automatic) [138,139]. Explicit bias underlies overt discrimination,
whereas implicit bias operates unconsciously, subtly influencing perceptions and behaviors [7]. Bias is
distinct from stereotypes, though stereotypical biases arise from underlying stereotypical beliefs [35].

Appendix A.3. Prejudice

Prejudice is an affective attitude toward individuals based solely on their social category, reflecting
emotions such as fear, contempt, or dislike [136,140]. It often arises automatically (System 1) but can
be mitigated through deliberate reflection (System 2) [13]. Prejudice forms the emotional basis for
discriminatory behavior and can be reduced by positive intergroup contact [141? ].

Appendix A.4. Discrimination

Discrimination is the behavioral enactment of biased attitudes, leading to unfair treatment of
individuals or groups [140]. It can be:

*  Direct: overt actions such as refusing service or workplace harassment [138,142].
¢ Indirect: neutral-appearing policies or practices that disproportionately disadvantage certain
groups, e.g., standardized tests or institutional barriers [143-145].

Appendix A.5. Distinguishing Stereotypes from Bias

Recent work [36] highlights persistent conceptual confusion between stereotypes and biases,
which has led to the construction of benchmarks having inconsistenices for stereotypes (e.g., MGSD
[101], EMGSD King et al. [100]). This confusion limits the validity and generalizability of stereotype-
detection models, as they often capture surface-level biases rather than the underlying social structures
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that define stereotypes. Bias is a distinct concept and should not be confused with stereotypes. While

stereotypical bias refers to biases that originate from underlying stereotypes, stereotypes themselves

are not equivalent to bias. For a detailed discussion of bias in the context of LLMs, we refer the reader

to Gallegos et al. [35].

Appendix B. Summarizing Social-Psychological Theories and Frameworks

In Section 2, we discussed various theories and frameworks related to stereotypes. We summarize
them in Table A1l. We compare the SCM Model and the ABC Model in Table A2.

Table Al. Summary of major theories and frameworks explaining the formation, function, and structure of

stereotypes across social psychology and computational social science.

Theory / Framework

Core Assumptions

View of Stereotypes

Key References

Similarity-Attraction & Social
Identity Theory

Social Role Theory

Social Categorization Theory

Social Cognition Theories

System Justification Theory

Discursive Approaches to
Categorization

Intersectionality Theory

Stereotype Content Model
(SCM)

Agency-Beliefs-Communion
(ABC) Model

Dual-Perspective (Facet) Model

Five-Tuple Framework

Individuals derive self-esteem
from group memberships;
intergroup comparison
motivates ingroup favoritism
and outgroup derogation. Social
identity is shaped by perceived
group belonging.

Social structures and role
distributions shape expectations
about groups; repeated
exposure normalizes role-based
differences.

Humans perceive the social
world through group-based
categorization; context
determines which identities
become salient.

Cognitive efficiency drives
humans to rely on schemas and
heuristics to manage
informational complexity.
Individuals are motivated to
preserve existing social
hierarchies, even when
personally disadvantaged by
them.

Social reality is constructed
through language and discourse
rather than fixed cognitive
representations.

Social identities are
interdependent and mutually
constitutive rather than
additive.

Group perception is structured
along warmth and competence
dimensions shaped by
competition and status.

Social perception is organized
around agency and ideological
beliefs, with communion
emerging secondarily.

Agency and communion each
consist of multiple
sub-dimensions (e.g.,
assertiveness, morality).

Stereotypes are relational,
contextual, and temporally
grounded phenomena.

Stereotypes function as
self-esteem regulators that
maintain positive social identity
and reinforce ingroup—outgroup
boundaries.

Stereotypes emerge as
reflections of socially assigned
roles and are reinforced through
cultural and media
representations.

Stereotypes are fluid,
context-dependent
representations emerging from
group-level perception rather
than fixed beliefs.

Stereotypes are cognitive
shortcuts—functional yet
potentially biasing mental
representations.

Stereotypes serve ideological
functions by legitimizing and
stabilizing unequal social
systems.

Stereotypes are discursive
resources—contextual, flexible,
and rhetorically constructed in
interaction.

Stereotypes emerge at the
intersections of multiple
identities, producing
context-specific and
compounded forms of
marginalization.

Stereotypes map onto
predictable emotional and
behavioral responses (e.g.,
admiration, pity, contempt).
Stereotypes reflect perceived
power relations and ideological
alignment rather than intrinsic
warmth.

Stereotypes operate through
fine-grained evaluative
dimensions rather than coarse
traits.

Stereotypes are structured as
(Target, Relation, Attributes,
Community, Time Interval),
enabling computational
modeling.

Byrne [8], Tajfel and Turner
[9], Turner and Reynolds
[10], Ellemers and Haslam [38]

Eagly [40], Ward and Friedman
[41], Gauntlett [42], Bartlett et al.
[43]

Turner et al. [45], Augoustinos
and Walker [46]

Fiske [47], Fiske and Haslam
[49], Fiske and Taylor [50]

Jost et al. [51], Jost and Van der
Toorn [52], Jost [53], Banaji [54]

Augoustinos and Walker
[46], Wetherell and Potter
[55], Edwards [56]

Cho et al. [57], Carastathis
[58], Crenshaw [59]

Fiske et al. [7], Cuddy et al. [60]

Koch et al. [62]

Abele et al. [63]

Shejole and Bhattacharyya
[36], Davani et al. [64]
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Table A2. Comparison of the Stereotype Content Model (SCM) and the Agency-Beliefs-Communion (ABC) Model.

Agency-Beliefs-Communion (ABC)

Aspect Stereotype Content Model (SCM) Model
Core dimensions Warmth and competence Agency and beliefs; communion is
emergent
Methodological stance Th(.eory—drlven; predefined groups and ~ Data-driven; Fhmenswns emerge from
traits spontaneous judgments
Conceptual focus Intentions (warmth) and ability .SOCIOQCOI’\OII\.IC power (agency) and
(competence) ideology (beliefs)
Role of communion Fundamental evaluative dimension Derlved from combinations of agency
and beliefs
. Warmth and competence vary Extreme agency predicts lower
Group perception . . .
independently perceived communion

Appendix C. Briefly Analyzing Failure of Bias Mitigation Strategies

In Section 6.3, we note that current bias mitigation techniques exhibit notable limitations, which
are briefly discussed in this section.

There are various techniques for bias mitigation [35]. From a computational perspective, it
becomes clear that many existing techniques fail because they focus on surface-level symptoms,
including words, tokens, or decoding heuristics, rather than the underlying causes of harm. These root
drivers include biased data collection practices, entangled social identities, model inductive biases, and
poorly specified objectives. Consequently, interventions based on limited word lists, proxy attributes, or
simple reweighting often miss substantial forms of harm or introduce new distortions, such as erasure,
reduced representational diversity, and unintended distribution shifts. Many approaches rely on strong
but implicit assumptions, including binary or immutable social categories, the interchangeability
of harms across groups, or the preservation of meaning under surface-level substitutions. Such
assumptions rarely hold in realistic linguistic and social contexts. In addition, mitigation methods
frequently optimize inappropriate metrics, for example token-level parity, rather than outcomes tied to
downstream social impact. Together with computational constraints and the brittleness of classifiers
used to identify harmful content, these limitations result in mitigation strategies that appear effective
on narrow benchmarks but fail when evaluated with real users and within existing power structures.
Meaningful progress therefore requires approaches that target root causes through careful attention to
data provenance and representational choices, articulate explicit fairness objectives linked to concrete
harms, and employ rigorous, human-centered evaluation guided by social-psychological principles.
We refer the reader to Gallegos et al. [35] for a detailed discussion of bias mitigation techniques.

From a social-psychological perspective, many mitigation strategies primarily target the explicit
components of social harm, such as overtly toxic or abusive outputs. However, as discussed in
Section 6.2, addressing social harm also requires confronting implicit bias in models. It also guides
that Anti-stereotypes can be used for stereotype mitigation in reducing human prejudice [12,65], hence
this techniques can also be explored for mitigation in the future.

Appendix D. Use of Al Assistants

We used Gemini and ChatGPT to assist with minor writing refinements and grammatical correc-
tions.
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