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Abstract

This paper addresses the critical gap in evaluating bias
in multilingual Large Language Models (LLMs), with a
specific focus on Spanish language within culturally-aware
Latin American contexts. Despite widespread global deploy-
ment, current evaluations remain predominantly US-English-
centric, leaving potential harms in other linguistic and cul-
tural contexts largely underexamined. We introduce a novel,
culturally-grounded framework for detecting social biases in
instruction-tuned LLMs. Our approach adapts the underspec-
ified question methodology from the BBQ dataset by incor-
porating culturally-specific expressions and sayings that en-
code regional stereotypes across four social categories: gen-
der, race, socioeconomic class, and national origin. Using
more than 4,000 prompts, we propose a new metric that com-
bines accuracy with the direction of error to effectively bal-
ance model performance and bias alignment in both ambigu-
ous and disambiguated contexts. To our knowledge, our work
presents the first systematic evaluation examining how lead-
ing commercial LLMs respond to culturally specific bias in
the Spanish language, revealing varying patterns of bias man-
ifestation across state-of-the-art models. We also contribute
evidence that bias mitigation techniques optimized for En-
glish do not effectively transfer to Spanish tasks, and that
bias patterns remain largely consistent across different sam-
pling temperatures. Our modular framework offers a natural
extension to new stereotypes, bias categories, or languages
and cultural contexts, representing a significant step toward
more equitable and culturally-aware evaluation of Al systems
in the diverse linguistic environments where they operate.

Warning: This paper contains text that may be offensive
or toxic.

Dataset & Code — https://github.com/mvrobles/SESGO

Introduction

Large Language Models (LLMs) have been deployed and
adopted at a global scale (Anthropic 2025; Google 2025b;
OpenAl 2025), yet their evaluation across diverse linguis-
tic contexts remains limited. While benchmarks like Mul-
tilingual MMLU (OpenAl 2024b) and Multilingual Grade
School Math (Shi et al. 2023) exist, they primarily assess
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factual knowledge rather than harmful content generation
in non-English languages. This gap is particularly concern-
ing given substantial evidence that LLMs can amplify bi-
ases and perpetuate stereotypes (Gallegos et al. 2024; Ben-
der et al. 2021; Abid, Farooqi, and Zou 2021), a risk ac-
knowledged by model developers themselves in their tech-
nical reports (Gemini Team Google 2023; Meta 2024; An-
thropic 2024). As these powerful systems increasingly influ-
ence global discourse, the need for linguistically and cultur-
ally diverse evaluation frameworks becomes urgent.

The development and assessment of LLMSs continue to ex-
hibit a pronounced US-English-centric approach. As explic-
itly acknowledged in the GPT-4 Technical Report (Achiam
et al. 2023), safety mitigations are “mostly designed, built,
and tested primarily in English and with a US-centric point
of view,” with limited evidence of cross-linguistic gener-
alization. Recent initiatives like HELM Safety and AIR-
Bench (Stanford University 2025) represent important steps
toward standardizing responsible Al evaluation, but remain
largely anchored in English-language data and Western eth-
ical frameworks. This linguistic and cultural imbalance cre-
ates significant blind spots in our understanding of how these
models perform across diverse global contexts.

Our Spanish Evaluation of Stereotypical Generative Out-
put (SESGO) framework addresses this critical gap by pro-
viding a culturally situated evaluation methodology specifi-
cally designed for Spanish-language models in Latin Amer-
ican contexts. Building on the methodological approach of
the Bias Benchmark for QA (BBQ) (Parrish et al. 2022),
we use underspecified questions to assess whether models
disproportionately target certain demographic groups when
responding to ambiguous scenarios. Our evaluation prompts
draw from extensively documented stereotypes embedded in
Latin American cultural contexts, capturing region-specific
biases related to race, class, gender, and national origin. To
our knowledge, this represents one of the first systematic ef-
forts to evaluate how commercial LLMs reproduce stereo-
typical content in Spanish, contributing essential insights for
more culturally responsive Al development. Specifically:

* We develop SESGO, an evaluation framework for
instruction-tuned LLMs that draws from cultural expres-
sions and popular sayings to inform prompt generation
capturing regionally accepted social biases in Spanish-
language contexts.



* We create a culturally-grounded Spanish dataset centered
on Latin American contexts, examining four categories
of social bias: gender, race, socioeconomic class, and
xenophobia, with over 4,000 prompts across ambiguous
and disambiguated scenarios.

* We propose a novel metric that combines accuracy with
direction of error, providing a balanced assessment of
model performance and bias alignment that captures nu-
anced patterns of discriminatory behavior.

* We present the first systematic evaluation of leading
commercial LLMs responding to culturally specific bias
triggers in Spanish, revealing that bias mitigation tech-
niques optimized for English fail to transfer effectively
to Spanish contexts and that bias patterns remain consis-
tent across different sampling temperatures.

Our modular framework enables systematic bias evalu-
ation of multilingual instruction-tuned LLMs and can be
readily extended to new stereotypes, bias categories, lan-
guages, and cultural contexts. This approach represents a
significant advancement toward more equitable assessment
of Al systems across the diverse sociocultural and linguistic
environments where they operate.

Paper organization This paper is structured as follows.
We begin by providing a summary of related work on bias
detection in language models. Then, we present our method-
ological approach for evaluating social biases in LLMs
through under-specified closed question answering, detail-
ing how our methodology builds upon existing techniques
while introducing a new metric that balances accuracy and
bias direction. The next section describes the construction
of our novel Spanish-language prompt dataset, specifically
designed to capture contextually relevant social dynamics
in Latin American settings. We explain our prompt design
principles that ensure our prompts reflect culturally specific
manifestations of bias across multiple categories of social
inequality. We then employ this dataset to measure and an-
alyze social biases across multiple instruction-tuned LLMs
and study the cross-linguistic transferability of state-of-the-
art bias mitigation techniques. Finally, we discuss our re-
sults, limitations, and broader implications of our work for
culturally aware bias evaluation and mitigation strategies.

Related Work

The study of bias and fairness in large language models
(LLMs) has become a central concern in the field, partic-
ularly as these models are increasingly deployed across lin-
guistically and culturally diverse environments. A variety of
evaluation frameworks have been proposed to quantify bias,
including embedding-based metrics, which analyze geomet-
ric relationships in representation spaces; probability-based
metrics, which examine disparities in token likelihoods
across prompts; and generation-based metrics, which assess
bias manifested in the model’s output text. As thoroughly
documented by Gallegos et al. (2024), these methodolo-
gies have evolved in parallel with LLM architectures, pro-
gressing from static word embeddings, through contextual
models like BERT, to contemporary instruction-tuned and
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dialogue-optimized systems. For example, early research
conducted by Bolukbasi et al. (2016); Caliskan, Bryson,
and Narayanan (2017) revealed how word embeddings en-
code societal stereotypes, while later work by Zhao et al.
(2024) demonstrated that even when explicit biases are re-
moved from word representations, models still encode im-
plicit biases in higher-dimensional features. These findings
highlight the persistent challenge of bias mitigation across
model architectures.

Current approaches for auditing instruction-tuned conver-
sational models generally fall into two categories: open-
ended evaluations, including red teaming and adversarial
prompting (Feffer et al. 2024), and controlled evaluations
using structured prompts with predetermined expected be-
havior. Our work builds on controlled prompting approaches
where pre-specified scenarios elicit bias manifestation by
comparing model answers to known correct responses. The
BBQ dataset by Parrish et al. (2022) pioneered this approach
through under-specified ambiguous questions where demo-
graphic biases could be inferred from model answers. BBQ
complemented its analysis with disambiguated settings to
assess model quality when sufficient information exists, bal-
ancing response accuracy with appropriate uncertainty ac-
knowledgment. This methodology has been adopted in tech-
nical reports of state-of-the-art LLMs like Gemini (Gemini
Team Google 2023) and Claude 3 (Anthropic 2024), demon-
strating its value in assessing bias of different Al systems.

However, these approaches face significant limitations
when applied across languages and cultural contexts. The
GPT-4 technical report explicitly acknowledges insufficient
evidence regarding the generalizability of bias mitigation
techniques to non-English languages (Achiam et al. 2023).
Blodgett et al. (2020) emphasize that bias is inherently tied
to power structures that vary across cultures, making di-
rect translation of evaluation frameworks problematic. For
instance, Garrido-Mufioz, Martinez-Santiago, and Montejo-
Réez (2024) revealed persistent gender bias across Spanish
language models despite their state-of-the-art performance,
underscoring the need for culturally-specific evaluation ap-
proaches. This limitation is particularly concerning given the
global deployment of LLMs, where models may exhibit un-
expected behaviors outside their main evaluation context.

While there have been efforts to develop bias detec-
tion datasets beyond English —including CrowS-Pairs for
French (Névéol et al. 2022), adaptations for Slavic lan-
guages (Martinkovd, Stariczak, and Augenstein 2023), and
BBQ versions for Chinese (Huang and Xiong 2024), Basque
(Saralegi and Zulaika 2025), Korean (Jin et al. 2024),
Japanese (Yanaka et al. 2024), and the multilingual BBQ
for Dutch, Spanish, and Turkish (Neplenbroek, Bisazza, and
Fernandez 2024)— these datasets typically rely on direct or
literal translations of English-centric prompts. As such, they
tend to prioritize linguistic equivalence over sociocultural
relevance. This translation-based frameworks often overlook
how harmful content, stereotypes, and biases are embedded
in local histories, power dynamics, and social norms. Bias
detection efforts that rely solely on linguistic equivalence
risk reinforcing an Anglocentric perspective, failing to cap-
ture the complexity of multi-lingual and cultural contexts.



Bias Detection Methodology

In this section, we outline our methodology for detecting
and measuring bias in generative outputs from instruction-
tuned LLMs. First, we introduce our strategy to construct
novel Spanish-language prompts specifically designed for
bias evaluation encoding culturally relevant stereotypes of
different demographic groups. Our framework, summarized
in Figure 1, adapts and extends the underspecified questions
from the Bias Benchmark for Question Answering (BBQ)
dataset proposed by Parrish et al. (2022). The resulting
SESGO dataset implementing this strategy is detailed in the
next section. Next, we propose a new evaluation metric for
bias quantification that combines accuracy with the direction
of error to effectively balance model performance and bias
alignment. Our evaluation framework focuses on generated-
text-based metrics, chosen for their practical relevance to
instruction-tuned models (e.g., chatbots) deployed in com-
mercial applications. This approach offers real-world appli-
cability while being agnostic of specific model architectures,
making it suitable for evaluating any text-generating LLM
regardless of its underlying implementation.

In detail, to develop our closed-question templates for un-
covering social biases in LLM text generation, we draw from
popular sayings and culturally significant expressions doc-
umented in academic literature, editorial publications, and
media sources that reflect pervasive stereotypes within Latin
American contexts (Lucy 1996; Fairclough 2013). This
approach allows us to create a Spanish-language prompt
dataset featuring realistic scenarios where individuals with
different sociodemographic characteristics interact. Each
prompt targets stereotypes affecting historically marginal-
ized groups and follows a dual-format methodology follow-
ing the BBQ dataset (Parrish et al. 2022): ambiguous and
disambiguated contexts. In the ambiguous version, we delib-
erately omit key contextual information, creating a situation
where the model must either reveal underlying stereotypical
biases or acknowledge the lack of sufficient information for
judgment. The disambiguated version includes additional
objective context that should guide the model toward unbi-
ased, factually-grounded responses. Through these carefully
constructed scenarios we leverage culturally embedded ex-
pressions to test how LLMs respond when navigating com-
plex situations with varying levels of contextual specificity.

Moreover, for each prompt, we generate two question
variants framed in positive and negative terms. The nega-
tive version associates a group with unfavorable traits or be-
haviors, while the positive version presents the same group
demonstrating beneficial characteristics (see Figure 1). This
approach allows us to determine whether models exhibit sys-
tematic response tendencies independently of the prompt
context. Using only negative questions would make it im-
possible to distinguish between learned biases and a general
propensity to favor or disfavor vulnerable groups. By incor-
porating both positive and negative framings, we can bet-
ter assess whether models respond in a balanced manner or
demonstrate content-agnostic predispositions.

As part of our evaluation framework, after establishing the
context, we present the model with three response options.
The first option, Target, refers to the historically discrimi-
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nated group according to the specific bias being tested. The
second option, Other, represents the other group within the
given scenario. Finally, the Unknown option is chosen when
the available information is insufficient and does not allow
for a definitive answer. With this framework established, we
now turn to developing appropriate metrics for quantifying
bias in model responses.

Metrics for Bias Quantification

Building on our framework, we now detail our proposed
evaluation metric that quantifies bias in model outputs while
considering both model performance and bias alignment due
to error directionality. For the former, we calculate accuracy
across all prompts in both ambiguous and disambiguated
scenarios. In ambiguous contexts, accuracy reflects the pro-
portion of cases where the model appropriately selects the
Unknown option due to insufficient information. In disam-
biguated contexts, it captures how often the model correctly
identifies the appropriate answer (either Target or Other)
when enough information is available to make a factually-
grounded determination.

However, accuracy alone does not fully capture undesir-
able model behaviors, such as systematic bias against partic-
ular demographic groups. A model may achieve high over-
all accuracy while still exhibiting problematic response pat-
terns. For example, two models with similar accuracy scores
might differ significantly in their error distributions. One
may disproportionately select harmful options related to his-
torically marginalized groups or systematically favor spe-
cific demographic profiles.

Therefore, in addition to model accuracy, we measure
F(Target) and F(Other) as the proportion of incorrect
responses that align or counter documented social biases,
respectively. In detail, F'(Target) is the proportion of in-
correct responses where the model falsely assigns Target as
the answer to a negative question or Other as the answer to
a positive question. The metric F'(Other) is defined analo-
gously, measuring the proportion of incorrect responses that
disadvantage the Other group.

A well-performing model should exhibit high accuracy
while ensuring that incorrect responses do not dispropor-
tionately harm one group over another. Ideally, F(Target)
and F'(Other) should be similar, indicating a balanced dis-
tribution of errors, while maintaining high overall accuracy.
To reflect this desired balance between accuracy and bias,
we define an integrated bias_score metric, evaluated as the
Euclidean distance between the point representing the ideal
model (acc = 1, F(Target) = F(Other)) and the point
characterizing the evaluated model:

bias_score = o - \/(1 — acc)? + (F(Target) — F(Other))?

M
This bias score incorporates both overall performance and
the direction of bias. A lower score indicates better perfor-
mance, with the optimal value being O (perfect accuracy
and/or balanced errors). Moreover, we assign a directional
sign o € {£1} to our proposed bias_score to indicate which
group bears the impact of detected bias. Specifically, posi-
tive values indicate bias affecting the historically marginal-



Popular
Saying

“A Black man without a .
e y Laziness and
master is like a child unwillingness to work
without a father” 8

Stereotype

arriving late and not keeping their word.

Context

In a soccer team, two players promise to train
together. One of the players is white, and the
other is black. One of the two was constantly

Unknown

+

Questions

Non-negative Negative

The black player constantly had trouble
getting up and preferred to sleep a little
longer, arriving late to almost every training

ez ) (

Who consistently
kept their
commitment?

)

Who demonstrated a
lack of commitment?

=

Answers

The Other group:
The white player

The Target group:
The black player

Figure 1: Example from our racism dataset illustrating our evaluation framework. The figure shows a popular saying with its
associated stereotype (laziness), presented in both ambiguous and disambiguated contexts. Each context pairs with non-negative
and negative questions, designed to elicit responses that select either the Target group (black player), the Other group (white
player), or indicate Unknown when information is insufficient.

ized Target group, while negative values reflect bias against
the non-marginalized Other group.

It is important to note that since F(Target) and
F(Other) consider only incorrect answers, these metrics
are bounded by (1—accuracy), creating a triangular con-
straint region as illustrated in the Appendix. The equality
F(Target)+ F(Other) = 1 —accuracy holds for ambigu-
ous questions or disambiguated ones where the model never
responds with Unknown. This constraint helps define the
space of possible error distributions, enabling interpretable
comparisons of bias direction and magnitude within that re-
gion. It also captures the trade-off between accuracy and bias
alignment: the F'-metrics resolve ties between models with
similar accuracy levels, and accuracy resolves ties between
models with similar error distributions.

SESGO: A Spanish-language Dataset for Bias
Detection in LLMs
Contextualizing Bias

Social biases in LLMs cannot be meaningfully evaluated
across languages without recognizing that stereotypes are
culturally constructed and frequently non-transferable be-
tween linguistic contexts. Language is deeply embedded in
culture; it encodes distinct worldviews, social norms, and
historical relations of power (Lucy 1996; Fairclough 2013).
In Latin America, common expressions, sayings, and lin-
guistic markers convey stereotypes and forms of exclusion,
often culturally specific and not directly transferable from
English-speaking contexts (Aristizabal and Garcias 2020;
Castellanos Guerrero and Landazury Benitez 2012).

To illustrate this distinction, consider stereotypes about
migrants across two cultural contexts. In the United States,
public discourse about Latin American migrants often cen-
ters on narratives of “illegality”, unauthorized border cross-
ing, or inability to speak English (Chavez 2020). In several
Latin American countries, migrants from neighboring na-
tions, such as Venezuelan migrants in Colombia or Peru, are
also positioned as an outgroup, but the stereotypes differ:
they may be framed as “job stealers”, blamed for increases
in crime, or associated with overuse of public services (Inter-
Agency Coordination Platform for Refugees and Migrants
from Venezuela 2025; Acosta, Blouin, and Freier 2019). In
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both cases, migrants are the outgroup, yet the historical and
cultural context shapes the content, salience, and perceived
legitimacy of the stereotypes.

These region-specific dynamics extend beyond migration
to other categories such as race, gender, and socioeconomic
class. For example, discrimination against Indigenous and
Afro-descendant populations in Latin America often draws
on culturally embedded expressions tied to colonial histo-
ries (Telles et al. 2025), while gender norms reflect both
global patterns and local cultural narratives (de Souza and
Rodrigues 2022). Understanding these culturally specific di-
mensions is essential for developing appropriate evaluation
tools for bias in Spanish-language LLMs.

SESGO Dataset

Building on this understanding of culturally specific bi-
ases, we construct a dataset of 4,156 Spanish prompts to
explore biases in LLM generative outputs, with a focus
on social dynamics in Latin America. These prompts are
built around common sayings and expressions that reflect
prevalent stereotypes within the region’s historical, social,
and cultural contexts. Rather than directly translating exist-
ing English-language evaluation sets as previous approaches
(Neplenbroek, Bisazza, and Ferndndez 2024; Névéol et al.
2022), these culturally significant expressions serve as our
foundation for developing templates of situations where
such sayings might naturally emerge, potentially influencing
how LLMs respond to both under-specified (ambiguous) and
specified (disambiguated) contextual prompts. In the am-
biguous version, we intentionally withhold objective infor-
mation, forcing the model to either reveal its biases or ac-
knowledge insufficient data. For the disambiguated version,
we add relevant contextual information to enable objectively
guided responses. These carefully constructed scenarios al-
low us to determine whether models rely on the stereotypes
encoded in culturally embedded expressions when presented
with varying levels of contextual detail, or appropriately
withhold judgment when information is insufficient.

Given Latin America’s distinct socio-cultural landscape
and its predominant forms of discrimination, we apply
this methodological approach to construct targeted prompts
specifically examining discrimination based on gender, race,



socioeconomic class, and migration status. These categories
reflect important forms of social bias in the region. For in-
stance, in Latin America, historical and social structures
have shaped persistent biases linked to colonial legacies,
racial hierarchies, and economic inequality (Adelman 1999).
Discrimination based on race affects access to education,
employment, and political participation (Telles et al. 2025).
Gender biases are reinforced by patriarchal norms (de Souza
and Rodrigues 2022), while extreme wealth disparities con-
tribute to class-based discrimination (Salgado and Castillo
2023). Additionally, migration flows, particularly the recent
Venezuelan displacement crisis, have intensified xenopho-
bic narratives in public discourse and policy-making (Inter-
Agency Coordination Platform for Refugees and Migrants
from Venezuela 2025; Acosta, Blouin, and Freier 2019).

While our dataset primarily consists of original prompts
designed specifically for the Latin American context, we
also adapt applicable prompts from the US-English-based
BBQ dataset (Parrish et al. 2022) when the underlying
stereotypes across the four key categories of discrimination
maintained relevance in our cultural setting (see Table 1).
This dual approach to prompt development serves an addi-
tional analytical purpose: it enables us to examine how effec-
tively current bias mitigation techniques generalize across
languages by restricting portions of our analysis to prompts
available in both English and Spanish.

Table 1 summarizes our prompt distribution across the
four distinct bias categories discussed. In the following
subsections, we elaborate in detail on the specific cultural
stereotypes associated with each bias category in our study,
providing examples of how these are encoded in day-to-day
sayings and popular expressions, therefore shaping social in-
teractions and forms of discrimination across Latin America
and within its diverse national contexts.

Racism  Gender Xenophobia Classism
Original 744 18 1344 408
BBQ adapted 574 666 0 402
Total 1318 684 1344 810

Table 1: SESGO dataset by bias category and prompt source.
The dataset contains 4,156 Spanish-language prompts ad-
dressing four categories of social bias relevant to Latin
American contexts, with both newly created culturally-
specific prompts and adaptations from the BBQ dataset
where stereotypes maintained cross-cultural relevance.

Racism Racial discrimination and ethnic hierarchies have
profoundly shaped Latin American societies since the colo-
nial period (Hoffman and Centeno 2003). Indigenous popu-
lations were subjected to forced labor and servitude, while
the transatlantic slave trade forcibly transported millions of
enslaved Africans to the region, 15 times more than those
taken to the United States (Telles 2014). This historical con-
text has generated deeply embedded linguistic patterns and
expressions that encode racial hierarchies; linguistic features
that LLMs can absorb during training and may inadvertently
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reproduce and exacerbate when deployed.

Despite persistent racial hierarchies, Latin American
countries have historically struggled to define and ac-
knowledge ethnoracial diversity. Many nations removed
racial classifications from censuses after the 1920s, pro-
moting ideologies of mestizaje, but have recently shifted
towards multiculturalism driven by demands for greater
recognition of Indigenous and Afro-descendant populations
(Telles et al. 2025) Today, ethnoracial discrimination re-
mains widespread, both in daily life and in public percep-
tion, whit indigenous and black communities facing signif-
icant disadvantages in education, income, and employment
that transcend social class stratification (Telles 2014; Telles
et al. 2025). This complex relationship with race creates
unique challenges for LLMs trained on Spanish corpora, as
discriminatory patterns become encoded in subtle linguistic
features rather than explicit racial markers.

Therefore, to effectively evaluate harmful racial stereo-
types in Spanish-language LLMs, we must understand these
specific cultural contexts and how discrimination manifests
in everyday expressions. Our SESGO prompts targeting
racism examine stereotypes about Afro-descendant and in-
digenous populations through popular sayings embedded in
day-to-day language. Following Castellanos Guerrero and
Landdzury Benitez (2012), we identify and incorporate the
following stereotypes that reflect and perpetuate societal bi-
ases, influencing public perception and contributing to the
marginalization of these communities:

* Treacherous nature: Expressions such as “El indio al
final da la patada” (“The indigenous person kicks in
the end”), “Negro/Indio no la hace limpia” (“The Black-
/Indigenous does not make it clean”), and “Indio, mula y
mujer, si no te la han hecho te la van a hacer” (“Indige-
nous man, mule, and woman—if they haven’t done it to
you yet, they will”’) portray these groups as deceitful and
treacherous in everyday discourse.

Unstable and unreliable nature: Sayings like “Negro
ni el ganado, porque en la madrugada se pierde” ("Not
even Black cattle, because by dawn, it goes missing”) and
“El que va con indio va solo” (“Whoever goes with an
indigenous person goes alone”) suggest that they are dis-
loyal or prone to abandonment. The widespread expres-
sion “Indio comido, indio ido” (“Indigenous person fed,
indigenous person gone”) reinforces the idea of ingrat-
itude, implying that Indigenous people take what they
need and leave without appreciation.

Dehumanizing physical stereotypes: Common sayings
like “No hay negra que mal no huela” (“There is no
Black woman who doesn’t smell bad”) perpetuate stereo-
types about poor hygiene. Similarly, literature such as
Las Guajibiadas (Aponte de Torres 1995) reinforces this
bias, describing Indigenous women as “huelen a feo y
tienen piojo que da grima” (“they stink terribly and have
lice that cause disgust”).

Laziness and unwillingness to work: Phrases such as
“El que afloja tiene de indio” (“Whoever slacks off has
something of an indigenous person”) and “Negro sin amo
es como hijo sin padre” (“A Black man without a mas-



ter is like a child without a father”) reinforce the idea
that these groups are inherently lazy, incapable of self-
sufficiency, and destined for poverty.

Based on these culturally embedded stereotypes, we gen-
erate 744 prompts specific to regional contexts in Latin
America. We complement these with adapted prompts from
the BBQ Race-Ethnicity dataset (Parrish et al. 2022). While
the BBQ dataset was originally designed to address stereo-
types prevalent in the United States, many of its themes
—such as those related to drug and alcohol abuse, crim-
inality, lack of ethics, miserliness, dysfunctional families,
and lack of intelligence— remain applicable to Latin Amer-
ican contexts despite differences in historical and cultural
specifics. Finally, to ensure that our analysis genuinely con-
trasts the same social categories across regions, we base all
racial labels on official census terminology (e.g. “White per-
son” vs. “Black person”), avoiding colloquial variants that
might carry different connotations. Each pair of prompts is
constructed with exactly parallel wording, differing only in
the Target group label. When we make geographical distinc-
tions, for example, contrasting “person from the Caribbean
coast” with “person from the central highlands”, we se-
lect regions with well-documented Afro-descendant ma-
jorities versus other population distributions, again keep-
ing every other element of the prompt identical. Addition-
ally, we incorporate historically Black Colombian surnames
(Jaramillo-Echeverri and Alvarez 2023) and use phrases like
“person from an Indigenous community” to ensure accurate
representation of the region’s complex racial dynamics.

Gender Gender bias remains deeply rooted in Latin
American societies, shaped by historical, cultural, and so-
cial structures that perpetuate inequalities (Hoffman and
Centeno 2003). Despite advancements in gender equal-
ity, women face persistent disparities in income distri-
bution, labor market access, political representation, and
personal autonomy (Medina-Herndndez, Fernandez-Gémez,
and Barrera-Mellado 2021; Gasparini and Marchionni
2015). These systemic inequalities manifest through gender-
based violence (Torres, Solberg, and Carlstrom 2002) and
through language itself, where stereotypes are embedded in
common expressions like “Eso es cosa de mujeres” (“That’s
a women’s thing”) and “;Qué nena!” (“What a girl!”). Sim-
ilarly, LGBTQ+ communities across the region experience
discrimination influenced by conservative cultural and re-
ligious norms (Corrales 2015), which reinforces exclusion
and limits access to education, healthcare, and employment
opportunities for women and gender-diverse individuals.
Unlike other categories of bias that are highly culture-
specific, gender stereotypes show substantial similarities
across Western societies, making them more transferable be-
tween linguistic and cultural contexts (Torres, Solberg, and
Carlstrom 2002). Recognizing this transferability, the ma-
jority of our gender-related prompts are Spanish translations
of the BBQ dataset, adapted to maintain cultural relevance
while leveraging the well-established framework for gender
bias evaluation. Building on prior research on gender stereo-
types in Latin America, we identify key themes that reflect
persistent societal perceptions influencing gender roles, sex-
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ual orientation, and identity:

* Emotional instability and irrationality: Women are
often depicted as emotionally unstable and less ratio-
nal, a stereotype reinforced by expressions such as “Las
mujeres piensan con el corazon, no con la cabeza”
(““Women think with their hearts, not with their heads”).

* Domestic roles and caregiving: Traditional expecta-
tions link women to domestic responsibilities, reflected
in sayings like “La mujer cuida de los nifios” (“Women
take care of the children”).

e Lack of leadership and professional incompetence:
Women are often perceived as less capable leaders, sup-
ported by expressions like “Las mujeres no saben man-
dar” (“Women don’t know how to lead”).

* Male dominance and emotional suppression: Men are
expected to embody dominance and emotional restraint,
as reflected in expressions such as “Los hombres no llo-
ran” (“Men don’t cry”).

* Logical reasoning in STEM education: The belief that
logical reasoning and STEM fields are inherently mas-
culine persists, conveyed through expressions like “Las
mujeres no son buenas para las matemdticas” (“Women
aren’t good at math”™).

These pervasive stereotypes, embedded in everyday lan-
guage, exemplify the biases that LLMs can “learn” during
training on Spanish-language corpora, potentially reinforc-
ing harmful gender assumptions when generating text or
making predictions in ambiguous contexts.

Classism Latin America stands as the most unequal region
in the world when measured by the Gini coefficient (Tsounta
and Osueke 2014), with a persistent gap between wealthy
and impoverished populations that exceeds disparities ob-
served in other global regions. This extreme inequality has
deep historical roots in colonial structures and continues
to shape contemporary social interactions across the region
(Gasparini and Lustig 2011). Moreover, the consequences
of class-based discrimination are far-reaching and multidi-
mensional (Portes and Hoffman 2003). This discrimination
manifests through both institutional mechanisms and inter-
personal interactions, where visible and perceived markers
of class status —including speech patterns, residential ad-
dress, clothing styles, and physical appearance— become
bases for differential treatment (Telles 2014; Gaviria, Med-
ina, and Palau 2010).

Class-based discrimination permeates daily social inter-
actions, critically shaping social attitudes between individu-
als within and across social classes. These divisions are re-
inforced through linguistic practices and discourse patterns
that subtly maintain social hierarchies. Our examination of
socio-economic class biases draws upon and operationalizes
well-documented cultural stereotypes that permeate Latin
American societies. These stereotypes function not only as
cognitive shortcuts but as mechanisms that legitimize and
reproduce structural inequality (Reimers et al. 2000; Kessler
and Dimarco 2013; Aristizabal and Garcias 2020):

* Educational assumptions: The pervasive belief that in-
dividuals from lower socioeconomic backgrounds lack



educational capabilities or intellectual potential. This
stereotype manifests in sayings such as “; Qué se puede
esperar? Es de familia humilde” (“What can you expect?
They’re from a humble family”) .

* Criminalization of poverty: The automatic association
between poverty and criminal behavior, often expressed
in phrases like “cara de delincuente” (“criminal face”)
or “tiene pinta de ladron” (“looks like a thief”’) which
frequently target individuals from marginalized commu-
nities based solely on their appearance or neighborhood.

* Presumptions of work ethic: Contradictory stereotypes
that simultaneously characterize the poor as both lazy:
“son pobres porque quieren” (“they’re poor because they
want to be”); and as suitable only for menial labor: “la
gente como ellos estd hecha para el trabajo duro” ( “peo-
ple like them are made for hard work’), which naturalizes
class stratification.

¢ Class-based speech discrimination: The stigmatization
of linguistic patterns associated with lower socioeco-
nomic status, particularly regarding accent, vocabulary,
and grammar usage.

Our prompts are carefully constructed to test whether
LLMs would reproduce these documented biases when pre-
sented with scenarios where class indicators were either ex-
plicitly stated or subtly implied through cultural markers
recognized within Latin American contexts.

Xenophobia The political and economic crisis in
Venezuela has triggered one of Latin America’s largest
population displacements, with over 7.7 million Venezue-
lans leaving their country and approximately 6.5 million
settling elsewhere in the region (Inter-Agency Coordination
Platform for Refugees and Migrants from Venezuela 2025).
This mass migration has created significant integration
challenges, with Venezuelan migrants facing barriers to
regularization, labor markets, and basic services, while
experiencing xenophobia and discrimination in host coun-
tries (Acosta, Blouin, and Freier 2019). Research reveals
widespread xenophobic attitudes throughout the region,
with an Amnesty International (2022) report finding
that 67% of Peruvians express negative views toward
Venezuelan migrants.

Digital platforms have amplified xenophobic discourse,
an LLMs risk perpetuating these biases when trained
on datasets containing discriminatory narratives. Research
demonstrates that LLLMs can internalize xenophobic linguis-
tic patterns and generate outputs reinforcing stigma (Bender
et al. 2021), potentially associating Venezuelan migration
with negative terms like “insecurity” or “economic burden”
similar to anti-Muslim and anti-Jewish biases documented
by Abid, Farooqi, and Zou (2021). This computational per-
petuation of bias legitimizes exclusionary narratives while
obscuring migrants’ socioeconomic contributions, particu-
larly in contexts where LLMs generate news, educational
materials, or legal guidance.

To build our SESGO prompts evaluating xenophobia,
we draw from the EIl Bardmetro initiative, a collaborative
effort launched in 2021 to analyze discriminatory narra-
tives targeting marginalized groups across Latin America
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(El Barémetro 2024). Through a proprietary dataset of so-
cial media posts, we identify 35 recurrent discourses about
migrant populations categorized into three groups: calls to
action (incitements to violence), support for punishment
(endorsements of state sanctions), and verbal abuse (moral
harm through insults and stereotypes). These documented
xenophobic expressions serve as our evaluation templates,
encompassing scenarios related to criminality, violence, ne-
glect, envy, and other stereotypes commonly directed at mi-
grants, allowing us to systematically assess how LLMs re-
produce discriminatory narratives based on national origin.
Notably, for this xenophobia category, we did not incor-
porate prompts from the original BBQ dataset (Parrish et al.
2022). The BBQ stereotypes predominantly reflect U.S.-
specific contexts involving Asian populations (e.g., from
China and India), frequently centering on themes such as
food customs, personality traits, and terrorism, particularly
regarding migrants from countries like Syria and Pakistan.
Moreover, in the U.S. context, Latin American migrants are
often perceived as a homogeneous group, without distinc-
tion between national origins. This limitation underscores
the need for regionally-specific evaluation frameworks that
capture nuanced discriminatory patterns for more accurate
and culturally relevant assessment of algorithmic systems.

Bias Assessment of Spanish-Language LLM
Responses

In this section, we present an empirical evaluation of cultural
bias in LLMs focused on Spanish language in Latin Ameri-
can contexts. We first evaluate state-of-the-art models using
our SESGO dataset, examining how these systems respond
to both ambiguous and disambiguated scenarios involving
historically vulnerable groups across four bias categories.
We then investigate cross-linguistic transferability by com-
paring model performance on identical stereotype prompts
in both English and Spanish, revealing critical gaps in mul-
tilingual bias mitigation. Finally, we study the impact of the
temperature sampling parameter on bias manifestation, find-
ing negligible effects across the analyzed models.

To our knowledge, our work presents the first systematic
evaluation examining how instruction-tuned LLMs respond
to culturally specific bias in the Spanish language. Our eval-
uation setup includes six leading commercial models that
consumers and developers can readily access through public
interfaces, providing insights into bias manifestation in Al
systems encountered by millions of users daily. Specifically,
in the following subsections we evaluate:'

1. Llama 3.1 Instruct (Meta 2024) (8B parameters, Meta).

2. Llama 3.1 Lexi Uncensored (Orenguteng 2024) (8B pa-
rameters, based on Meta’s Llama 3.1 Instruct).

3. Deepseek R1 Distill Qwen (Guo et al. 2025) (7B param-
eters, DeepSeek Al).

4. GPT-40 mini (OpenAl 2024a).
5. Gemini 2.0 Flash (Google 2025a).

"For models without publicly disclosed parameter counts, we
use versions equivalent in size and capabilities.
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Figure 2: Evaluation of LLM responses to ambiguous Span-
ish prompts in the SESGO dataset that intentionally lack suf-
ficient information for definitive answers. The y-axis shows
model accuracy (proportion of correct Unknown responses),
while the x-axis displays bias alignment (positive values indi-
cate bias against Target group, negative values against Other
group). Numbers in parentheses represent calculated bias
scores using equation (1).

6. Claude 3.5 Haiku (Anthropic 2024).

We employ a structured prompting framework based on
System-User interactions to ensure a standardized and pro-
cessable response format across the analyzed models (see
Appendix A.l for details). This controlled bias elicitation
approach ensures consistent model interactions while min-
imizing potential variations due to implicit instructions or
differences in contextual interpretation.

Bias Evaluation with SESGO Dataset

Our evaluation reveals distinctive patterns of bias manifes-
tation across the SESGO dataset. In Figure 2, we present
results for ambiguous scenarios where insufficient informa-
tion should ideally lead models to withhold judgment. The
Llama 3.1-based models (both Instruct and Lexi Uncen-
sored) exhibit markedly higher bias compared to other lead-
ing language models, with accuracy scores falling below 0.5
and stronger bias alignment against discriminated (Zarget)
groups. While less pronounced, this tendency also appears
in Claude 3.5 Haiku, GPT-40 mini, and Gemini 2.0 Flash,
which tend to discriminate against target groups when an-
swering incorrectly in ambiguous scenarios, though this is
less frequently due to their higher accuracy. Interestingly,
DeepSeek R1 displays the opposite pattern with a mild bias
toward the Other group, though its high accuracy means this
tendency is supported by relatively few incorrect responses.

When provided with disambiguated contexts (Figure 3),
all models demonstrate substantial improvements in both ac-
curacy and bias scores. Accuracy differences narrow con-
siderably in these disambiguated scenarios, suggesting that
contextual ambiguity, rather than inherent model capabil-
ities, drives much of the performance variation in bias-
sensitive tasks. DeepSeek R1 and Claude 3.5 Haiku show the
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Figure 3: Evaluation of LLM responses to disambiguated
Spanish prompts in the SESGO dataset that contain ad-
ditional information about demographic groups. The y-axis
shows model accuracy (proportion of responses matching the
correct answer for each prompt), while the x-axis displays
bias alignment (positive values indicate bias against Target
group, negative values against Other). Numbers in parenthe-
ses represent calculated bias scores using equation (1).

highest absolute bias scores in this setting, indicating resid-
ual bias despite the clarity of the prompts. GPT-40 mini and
Gemini 2.0 Flash emerge as the most balanced performers,
maintaining consistently high accuracy while demonstrating
the most robust mitigation of discriminatory patterns under
disambiguated conditions.

Table 2 and Table 3 present results disaggregated across
our four social categories under ambiguous and disam-
biguated conditions. In ambiguous questions, xenophobia
consistently yields the highest bias scores across all mod-
els compared to other bias categories, likely reflecting the
limited transferability of xenophobic stereotypes from U.S.
contexts to Latin American ones. However, this pattern
shifts in disambiguated contexts: while DeepSeek R1 con-
tinues to exhibit elevated bias scores in xenophobic scenar-
ios, other models demonstrate varying patterns, with most
showing higher bias scores in response to prompts involving
racist stereotypes. Performance rankings across models re-
main relatively consistent with our aggregated findings, with
DeepSeek R1 and Gemini 2.0 Flash achieving the best per-
formance across all categories in ambiguous contexts, while
GPT-40 mini and Gemini 2.0 Flash obtain the highest scores
in disambiguated settings.

Cross-Linguistic Transferability of Bias Mitigation

While our main focus is on bias manifestation in Spanish, a
critical question remains: do models exhibit similar bias pat-
terns across different languages when presented with equiv-
alent stereotypes? To address this question, we compute bias
scores using two complementary datasets. First, we use the
original English BBQ prompts containing stereotypes rele-
vant to both U.S. and Latin American contexts. Second, we
compare these with their direct Spanish translations (form-
ing our matched dataset, similar to (Neplenbroek, Bisazza,



GPT-40 mini  Llama 3.1 Instruct Llama 3.1 Uncensored DeepSeek R1 ~ Gemini 2.0 Flash ~ Claude 3.5 Haiku
Gender Bias 0.006 0.510 0.390 0.000 0.037 0.206
Racism 0.050 0.530 0.524 0.039 0.019 -0.085
Classism 0.069 0.602 0.595 0.087 0.017 0.200
Xenophobia 0.514 0.993 0.907 -0.224 0.285 0.431
Pooled 0.196 0.694 0.638 -0.101 0.110 0.241

Table 2: Model performance on ambiguous prompts across the four bias categories in the SESGO dataset. Models demonstrate
variable responses with Llama-based models showing higher bias scores particularly against historically vulnerable groups.
Pooled bias scores are calculated over all prompts in SESGO. Best value for each bias category (in absolute value) in bold.

GPT-40o mini Llama 3.1 Instruct Llama 3.1 Uncensored DeepSeek R1 ~ Gemini 2.0 Flash ~ Claude 3.5 Haiku
Gender bias 0.061 0.105 0.154 0.202 0.000 0.000
Racism -0.070 -0.191 -0.168 0.273 0.114 -0.321
Classism 0.000 -0.093 0.053 0.229 0.000 0.185
Xenophobia -0.076 -0.146 -0.096 -0.303 0.066 -0.172
Pooled -0.074 -0.143 -0.120 0.262 0.110 -0.227

Table 3: Model performance on disambiguated prompts across the four bias categories in the SESGO dataset. All models
exhibit reduced bias scores compared to ambiguous scenarios, with GPT-40 mini and Gemini 2.0 Flash showing particularly
balanced responses across population groups. Pooled bias scores are calculated over all prompts in SESGO. Best value for each

bias category (in absolute value) in bold.

and Ferndndez 2024)), as shown in Figures 4 and 5. It is
important to note that the xenophobia category is not eval-
vated in this section due to the lack of transferability of
nationality-based bias contexts in the BBQ dataset. In addi-
tion, we include results from our complete SESGO dataset,
presented in our main results, as a reference point to demon-
strate the importance of culturally-contextualized evaluation
frameworks. This approach allows us to isolate language ef-
fects (matched prompts) while also highlighting how bias
manifestation differs when using culturally-specific stereo-
types and expressions rather than translated content alone.

Our analysis reveals evident cross-linguistic disparities in
the manifestation of bias. Figures 4 and 5 present the bias
score differences between English and Spanish versions of
equivalent prompts in ambiguous and disambiguated set-
tings, respectively. In ambiguous contexts, three out of six
models exhibit higher bias scores when processing Spanish
prompts relative to their English counterparts. The Llama
3.1-based models show the most pronounced disparity, with
bias scores approximately 1.5 times higher in Spanish under
identical stereotypical scenarios. This elevated bias stems
from models both answering incorrectly more often in
Spanish and showing stronger discrimination against Target
groups when they do. That is, when prompted with equiv-
alent stereotypes in Spanish, these models generate harm-
ful content more often with an increased tendency to target
historically marginalized groups. Finally, all models exhibit
an increase in the absolute value of bias scores when evalu-
ated on the full SESGO dataset compared to the translated
prompts alone, highlighting how culturally-specific stereo-
types and expressions pose additional challenges for bias
mitigation beyond simple translation effects.

In disambiguated settings, we also observe marked cross-
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linguistic differences, but with a pattern opposite to ambigu-
ous contexts. When comparing bias scores, all models ac-
tually display higher absolute bias values when processing
English prompts compared to their matched Spanish trans-
lations. Furthermore, Llama 3.1 Instruct and Gemini 2.0
Flash reverse their bias direction between languages, shift-
ing which demographic groups face discrimination. These
unexpected findings underscore the limitations of English-
centered bias mitigation techniques when models are de-
ployed in other languages. When comparing the matched
Spanish prompts to our full SESGO dataset, we find two
distinct patterns: Gemini 2.0 Flash and Claude 3.5 Haiku
maintain consistent bias manifestations across both Span-
ish datasets, while the remaining models —notably GPT-
40 mini and Llama 3.1 Lexi Uncensored— show substantial
differences, including reversals in bias direction.

Bias Presence Across Sampling Temperatures

We assess whether adjusting the sampling temperature af-
fects bias in language models. As shown in Figure 6 (and de-
tailed in the Appendix Table A3), bias scores remain remark-
ably stable across temperature values from 0.1 to 1 for all
models, with DeepSeek R1 as the only exception, though it
shows no consistent trend. These findings are consistent with
prior work indicating that temperature has limited impact on
both problem-solving ability (Renze 2024) and creative out-
put (Evstafev 2025). Overall, this stability suggests that bias
is not significantly influenced by decoding randomness and
instead reflects deeper, structural patterns embedded in the
models’ weights and training data. That is, inference-time
parameter adjustments like temperature appear insufficient
to address discriminatory behavior, reinforcing the need for
upstream interventions in model training and fine-tuning.
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Figure 4: Cross-linguistic comparison of bias scores in am-
biguous prompts. Three out of six models show increased
bias in Spanish (square mark) when comparing matched
prompts in English (circle mark), and five models show even
higher bias scores when evaluated on the full culturally con-
textualized Spanish dataset (line mark).
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Figure 6: Bias scores show minimal variation across sam-
pling temperature (0.1 to 1.0). Dashed line y = 0 represents
the theoretical unbiased baseline.

Discussion

Our study evaluates bias in state-of-the-art instruction-tuned
LLMs responding to culturally relevant Spanish prompts.
In ambiguous contexts, many models exhibit biases against
historically marginalized groups, with varying degrees of
severity. When provided with disambiguating information,
model performance improves and biases decrease. Most sig-
nificantly, bias scores consistently increase when models op-
erate in ambiguous contexts in Spanish compared to En-
glish across comparable stereotypical prompts. This am-
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Figure 5: Cross-linguistic comparison of bias scores in dis-
ambiguated prompts. Four models show higher bias in En-
glish (circle mark) vs. Spanish (square mark), and shifts in
the discriminated group are observed in Llama 3.1 Instruct
and Gemini 2.0 Flash. Bias scores in the full SESGO dataset
(line mark) for reference.

plified bias stems from models both answering incorrectly
more often in Spanish and showing stronger discrimination
against Target groups. Finally, we show that temperature set-
tings do not significantly influence bias manifestation, indi-
cating that addressing these biases requires interventions at
the training stage rather than through inference-time adjust-
ments. Our findings underscore the urgent need for cross-
linguistic benchmarking and culturally aware model design.
The results demonstrate that current bias mitigation strate-
gies do not generalize effectively across languages, poten-
tially leaving non-English users disproportionately exposed
to biased outputs from generative Al systems.

We also acknowledge some limitations of our work and
provide avenues for future research. First, our evaluation fo-
cuses specifically on Latin American cultural contexts and
may not generalize to other Spanish-speaking regions with
different social dynamics. However, our modular frame-
work readily offers a natural extension to new stereotypes,
bias categories, languages, and cultural contexts. For in-
stance, it can be adapted to examine country-specific bi-
ases within Latin American countries, accounting for in-
traregional variations. Second, our assessment relies on a
fixed set of prompts representing well-documented stereo-
types, which may not capture the full spectrum of bias man-
ifestations. While we draw from popular sayings and cul-
turally significant expressions documented in academic lit-
erature, editorial publications, and media sources to develop
our templates, these could be refined through user studies or
expert reviews (e.g., domain experts in Latin American stud-
ies) to validate the representativeness of the dataset and bias
categories. Finally, our binary categorization of responses
may oversimplify the nuanced ways bias can manifest in
more open-ended interactions, a limitation shared by previ-
ous closed-question approaches to bias identification (Galle-
gos et al. 2024). These limitations suggest several promising
directions for extending our work to broader contexts and
more nuanced culturally grounded evaluation approaches.
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