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Abstract 
Large  Language  Models  (LLMs)  exhibit
inequalities  with  respect  to  various  cultural
contexts.  Trained  on  Global  North  data,  they
can  show  prejudicial  behavior  towards  other
cultures.  Moreover,  there  is  a  notable  lack  of
resources  to  detect  biases  in  non-English
languages,  especially  in  Latin  American
dialects. We propose to leverage the content of
Wikipedia,  the  structure  of  the  Wikidata
knowledge graph, and expert knowledge from
social  science  in  order  to  create  a  dataset  of
Questions/Answers  (Q/As)  pairs,  based  on  the
different popular and social cultures of various
Latin American countries. We propose to work
on the definition of sociocultural bias such that
computing  methods  can  be  used  for  both
detecting and quantifying its associated valence.
We will  focus on general  methods adapted to
multilingual  models  in  various  contexts  and
propose  to  apply  this  to  Latin  America,  a
continent  containing  various  cultures,  even
though they share a common cultural ground.

Introduction
Biases  in  AI,  especially  in  Natural  Language
Processing  (NLP),  are  pervasive  and  multi-
faceted. They originate from multiple sources,
including the data used for training (Wiegand et

al.,  2019),  annotation  processes  (Santy  et  al.,
2023; Sap et al., 2022), and even the instructions
provided during annotation campaigns (Parmar
et al., 2023). These biases can manifest as moral
(Hämmerl et al., 2022), social (Sap et al., 2020),
class-related  (Curry  et  al.,  2024),  or  political
biases  (Feng  et  al.,  2023),  influencing  LLM
behavior  in  ways  that  may  perpetuate  or
exacerbate  societal  inequalities  and  cultural
colonization (Amsler, 2007; Tomlinson, 2001).

Social biases can also be explicitly annotated for
detection  within  sentences,  whether  these
biases are overt or implicit (Sahoo et al., 2023).
However,  annotation  efforts  are  costly  and
heavily  dependent  on  language  and  cultural
context (Fort et  al.,  2024).  The subtle nuances
contained  in  the  source  languages  render
machine translation inadequate for such tasks
due  to  lack  of  cultural sensitivity,  irony,  etc.
Moreover,  Hada  et  al.  (2024)  emphasize  the
need for localizing the creation of quality data
and the dangers of outsourcing the creation of
non-English  bias  detection  datasets  in  the
Global North. Indeed, current datasets are poor
at assessing real bias in Global South countries,
failing  to  capture  the  intricacies  of  the  local
cultures, dialects, and knowledge (Santy et al.,
2023).  Indeed,  assessments  rely  on  databases
limited to the Global North, which leads to an
incomplete  understanding  of  how  biases
manifest  in diverse contexts,  whether  cultural
or linguistic. This over-reliance risks  
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perpetuating  systemic  inequalities,  as  models
trained on such datasets are unable to  address
the  unique challenges  and  sensitivities  of  the
Global  South  (Hada  et  al.,  2024).  To  ensure  a
comprehensive and fair approach, it  is critical
to  prioritize  the  creation  of  high-quality,
localized datasets that reflect the lived realities
of underrepresented regions.

As  AI  systems,  especially  LLMs,  become  an
integral  part  of  critical  domains,  addressing
bias  and  ensuring  fairness  remain  key
challenges. While significant progress has been
made  in  understanding  and  mitigating  bias,
several  open  questions  remain:  How  can  we
comprehensively address the trade-off between
fairness  and  interpretability,  especially  in
multilingual  and  multicultural  contexts?  What
methods can ensure equitable representation of
underrepresented  groups  in  resource-limited
settings? Finally, how can these efforts be scaled
to  keep pace with the  rapid development and
use of LLMs in diverse applications? Addressing
these  questions  will  require  interdisciplinary
collaboration,  robust  evaluation  frameworks,
and  an  ongoing  commitment  to  aligning  AI
systems with ethical and societal values.

Finally,  in  a  South American context,  current
geo-cultural  bias  detection  datasets  for  LLMs
are  under  development,  but  the  grid  of  bias
detection is either coarse, regrouping countries
in huge groups based on their GDP (Czarnowska
et al.,  2021),  or very sparse, containing only a
very  few  countries  (Myung  et  al.,  2024).  A
thorough analysis on Latin America is omitted
from  the  study  for  lack  of  fine-grained  data
(Singh et al., 2024; see Figure 1).

According  to  Adilazuarda  et  al.  (2024)  and
Hershcovich et al. (2022), in the axes to consider
when  assessing  the  cultural  knowledge  of  a
model,  common  ground  is  the  shared
knowledge that  can be assumed as  known  by
others. Factual local knowledge is a subpart of
this, on which we are focusing at a fine-grained
level with respect to the geographic region. We
are targeting popular culture and sociocultural
knowledge as this is a strong common basis for
individuals  of  the  same  social  group  and
important  to  understand  the  local  humor,
political  discussions,  and  popular  references.
Even  though  studies  state  that  culture  is  not
restrained  to  trivia  (Zhou  et  al.,  2025),
references  and  knowledge  of  popular  culture
are important basics for common ground in the
way people are communicating with each other,
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Figure 1: The distribution of cultural knowledge of MMLU (Hendrycks et al., 2021) is very unbalanced with
respect to the geography. The dataset LATAM-related part is ridiculously small, representative of current

datasets for cultural knowledge and bias assessment.



helpful  to  reach  a  higher  degree  of  intimacy
when two entities are discussing (Adams et al.,
2004). Even though some events can be specific
to social groups and can be told in-between the
groups, some others are the basis of a cultural
foundation  that  enables  fluid  communication.
The way we refer to certain events can define
social groups, hence knowing what these events
are about is essential.

To summarize
 We would like to detect biases in LLMs,

in  terms  of  their  factual  and  socio-
cultural knowledge on specific regions. 

 This  is  an  important  issue,  and
especially  for  Inclusion,  as  LLMs  are
increasingly  adopted  for  critical
applications. 

 Our solution would take the form of a
database  of  Q/As,  created  from  high-
quality Wikipedia and Wikidata content
that is semi-automatically curated. This
dataset can serve many more purposes
than just  bias  assessment  (see  Section
3.5). 

 Our  project  aligns  with  three  of  the
Wikimedia  2030  Movement  Strategy
Recommendations.  By  using
Wikipedia’s  structured  knowledge  and
engaging Wikimedia  Chile,  the  project
promotes  are  recommendations  [3]
Provide  for  Safety  and  Inclusion,  [7]
Manage  Internal  Knowledge and  [8]
Identity Topics for Impact. 

 We  hypothesize  that  Wikimedia  data
can be leveraged to extract high-quality
data  related  to  socio-cultural
knowledge.

The starting date of our proposal is July 1, 2025
and it will end a year later.   

Related work
Culturally  aware Natural  Language Processing
(NLP) is an emerging topic that has drawn a lot
of attention in recent years (Hershcovich et al.,
2022; Liu et al., 2024; Pawar et al., 2024). Fung et
al.  (2024)  propose  CultureAtlas,  which  uses
Wikipedia content in order to create a dataset of
assertions that are true or false. They focus on
cultural norms and practices, but not on local
factual knowledge from popular culture, useful
to  understand  inside  jokes  or  references.
BLEnD  (Myung  et  al.,  2024)  is  a  dataset  of
questions  and  answers  (Q/As),  from  16
countries/regions and 13 languages containing
15,000 short answers questions on topics such
as  sports,  food,  family,  education,  work-life,
and holidays.  As the dataset has been created
manually, its size and topics are limited to 1,000
Q/As  per  region.  CulturalBench  (Chiu  et  al.,
2024) is another example of a manually created
dataset,  containing  1,227  Q/As  on  17  diverse
cultural topics from 45 global regions.

Nguyen  et  al.  (2023)  extract  knowledge  from
large corpora  such as  C4,  which is  noisy  and
leads  to  a  loss  of  specific  information  with
respect  to  individual  subregions  (Fung  et  al.,
2024).  Wang  et  al.  (2024)  propose  CRAFT,  a
method that retrieves culture-related data from
the 600B tokens SlimPajama dataset. They first
used keywords to extract text segments and off-
the-shelf LLMs to generate Q/As using or not the
context, hence relying on non-verified content
from  the  dataset  or  (non-verified)  parametric
knowledge of another LLM model. CultureBank
(Shi et al., 2024) is a dataset created from TikTok
and  Reddit,  constructed  by  automatically
extracting  culture-related  comments  and
associated  cultural  descriptors  using  an  LLM.
The descriptors expressed in natural language
are clustered, and then described using another
LLM.  They  evaluate  the  LLM  in  a  grounded
evaluation with  a  persona  and  an  action  in  a
contextual situation. Unlike prior datasets, our
proposal focuses on culturally grounded factual
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knowledge rather than beliefs or social norms,
and it exploits Wikipedia’s structured taxonomy
to  automate  and  scale  the  Q/A  generation
process across underrepresented regions

Methods

Raw Wikipedia Data Collection 

Our  data  collection  method  is  relying  on  the
knowledge graph of Wikidata in several ways: to
get an initial pool of candidate articles, and to
further  filter  them.  Every  category  contains
articles  and  subcategories,  which  makes  it
possible  to  scrape  the  content  in  a  recursive
way. The main idea is to start from a category
containing cultural information about a region
such as "Cultura de Chile", "Cultura de Peru", or
other Region of Interest (RoI), and recursively
collect  the links of  the Wikipedia articles (see
Algorithm  1).  A  manual  validation  of  the
subcategories from a sociologist helps to reduce
the categories that are not relevant for our RoI,
such  as  "Idioma  Española"  which  contains
everything  related  to  Spanish  in  general,  or
"Alumnados de  [ENT]"  which contains all  the
people that went to the school  [ENT]. Overall,
this method is domain-agnostic and allows the
construction  of  a  high-quality  database,
enhanced with the specific metadata contained

in the Wikidata knowledge graph, which helps
to structure and analyze its own content.

Curation 

All  the  articles  falling  in  the  subcategories  of
our mother categories are not all relevant. For
this  reason,  we  find  it  necessary  to  filter  out
what is judged as general interesting knowledge
from  what  is  more  collateral.  We  collect  the
following  metadata  to  enhance  the
characterization of each article:

 Median number of monthly views
 Number of languages of the page
 PageRank score
 Type of entity
 Neighborhoods in the graph
 Path in the category taxonomy
 Length of the article

These  features  will  be  evaluated  to  learn  a
supervised machine learning model to accept or
reject  any  article  based  on labels  from
sociologist annotators. This process will restrict
our  database  of  articles  to  culturally  relevant
content from the RoI.
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Q/As Generation 
In  this  step,  the  database  of  socio-culturally
relevant  Wikipedia  articles  from  a  RoI  is
leveraged in order to create a set of questions
and associated answers. For this objective, we
are using an LLM taking the article as context in
a more general prompt containing a definition
of culture.

General  Prompts In order to find the prompt
that  outputs  the  most  relevant  questions,  we
will  try  to  ground  them  with  different
definitions of cultures, based on: anthropology,
general cultural exploration, psychological and
symbolic  significance,  sociology,  or  on  an
integrative cultural definition. The quality of the
questions will be validated manually by human
experts  (i.e.,  sociologists)  with  a  quantifiable
methodology grounded in social sciences. Each
of these prompts will be evaluated regarding the
quality  and  sociological  pertinence  of  the
generated Q/As (see Section 3.3).

Hallucination Reduction We define criteria to
assess the quality of a pair of question/answer:
the information asked should be based on the
content  of  the  article,  without  adding  any
external  information  such  as  other  facts  or
complex reasoning, even though true, that will
undesirably influence the true answer with the
type  of  LLM  used  to  generate  the  dataset.  A
good  question  is  correctly  formulated,  asking
for  something  precise  and  not  ambiguous
present  in  the  article,  not  using  an  overly
complex  or  specific  vocabulary  or  concepts
(such  as  collective  identity  or  communal
expression) . A good answer responds totally to
the  question,  uses  solely  the  content  of  the
article  without  adding outside  facts,  and does
not add specific reasoning. 

These definitions will be added in the prompt of
the  LLM.  Additionally,  specific  LLM-based
techniques  to  mitigate  hallucinations  will  be
applied  to  ensure  that  the  model  focuses  on
external content and not parametric knowledge
(Sun et al., 2025; Jin et al., 2024; Li et al., 2024).

Q/As Validation 
At this point, the dataset of Q/As, even though
coming  specifically  from  Wikipedia  and
supposedly on topics of interest, will be passed
through a large-scale human validation phase.
We  will  first  ask  sociologist  experts  to  give  a
score  to  the  questions,  and  then  non-expert
people  from  different  socio-cultural
backgrounds  to  give  an  interest  score  to  the
article,  a  score to a  question,  and then give a
score to the answer of the model. This ensures a
validation of our collected data by both a group
of  social  scientists  and  a  group  from  civil
society. We will also gather human answers to
the questions of the dataset in order to compare
them with the  ones  given by Wikipedia-based
LLMs.

Benchmark 

Ultimately,  the  benchmark  will  be  used  to
structurally assess the socio-cultural knowledge
of LLMs on specific regions, crucial to improve
inclusion  within  such  technologies.  Metadata
will  be  used to structure  the scores  regarding
different  topics  from  the  RoI,  creating  inter-
country  categories  such  as  "Gastronomy",
"Arts",  "Sports".  We  plan  to  evaluate  several
state-of-the-art  LLMs  [3] and  publicly  release
our  dataset  and  code,  an  online  platform  to
explore the data, and the benchmarking results
in  a  scientific  paper.  As  a  side  note,  the
benchmark  can  be  extended  to  multimodal
model  assessment  using  the  pictures  of  the
articles, which are scraped as metadata.
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Other Applications 

We will investigate other potential applications
of the benchmark such as: 

 [7] Linking  similar  concepts  from
different regions of interest 

 Creating quizzes to test  the knowledge
of a user on Wikipedia article pages

 [7] Automatically  detecting  subjective
facts in Wikipedia articles

 [3] Based  on  similarity,  recommend  a
Wikipedia  page  based  on  a  socio-
culturally related user question

 [8] Detect  topics  where  knowledge  is
missing  and  where  parametric
knowledge  from  state-of-the-art  LLMs
can help. In particular, methods like the
one  of  Liu  et  al.  (2025)  that  can trace
back to  the  original  document  from  a
trillion  tokens  corpus  in  real  time,
would help to find new content that is
missing in the Wikipedia pages.

Expected output
The project will deliver a new methodology to
assess  sociocultural  knowledge  in  language
models,  along with  an open-source  dataset  of
culturally-specific  question-answer  pairs
focused on the Latin American region. Through
a scientific publication in conferences such as
EMNLP or ACL, the methodology will be openly
documented and shared with researchers in the
AI  and  Social  Science  community.  These
researchers  will  benefit  from  an open-source,
replicable and transparent method that can be
adapted for diverse geographical contexts.

The  methodology  will  be  applied  to  the  Latin
American  region  (it  is  language-agnostic),
resulting  in  an  open-source  dataset  of
sociocultural knowledge question-answer pairs,
and  the  scores  of  various  LLMs  on  the
benchmark,  in  order  to  be  aware  of  cultural
gaps  and  improve  the  models.  An  interactive
platform will be created to explore the dataset,

offer quizzes for  Wikimedia users,  and collect
annotations  from  the  community  in  order  to
enhance the dataset quality. Finally, the results
will  be  disseminated  through  a  collaborative
seminar with Wikimedia Chile,  engaging local
communities  in  contributing  to  methods  to
mitigate cultural bias in growingly-mainstream
LLMs.

Risks
One key risk is  the potential  non-relevance of
the scraped Wikipedia articles, and another is
the  hallucinations  that  may  occur  during
content  generation  by  LLMs.  To  mitigate  the
first risk, we will leverage information from the
knowledge  graph  of  Wikidata  along  with
sociological expertise to select the most relevant
topics, then use automated metrics such as the
number  of  languages  in  which  an  article  is
available,  median  monthly  page  views,  and
PageRank scores (Page et al., 1999) to filter and
ensure the pertinence of selected content. For
the  second  risk,  we  will  employ  specific
techniques  to  anchor  LLM-generated  outputs
strictly to factual information contained within
the Wikipedia articles (Niu et al.,  2024; Sun et
al., 2025; Gao et al., 2023; Jin et al., 2024), thus
reducing hallucinations and focusing on factual
information to avoid unintended biases related
to the reasoning patterns of specific LLMs.

Community impact plan
We  plan  to  organize  a  workshop  with
Wikimedia  Chile  to  present  our  work  to  the
community.  This  half-day  workshop  will  take
place at the University of Chile and will allow:
(i) the  research  team  to  present  in  detail  the
different  technical  facets  of  the  work such as
the models’ architectures, the issues faced, and
results obtained from the annotation platform;
(ii) the  Wikimedia  Chile  team  to  present
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possible applications of the dataset such as quiz
generation or factuality assessment, (iii) a demo
involving the Wikimedia volunteers from Latin
America  presenting  the  data  exploration
platform  and  the  annotation  recollection
platform  to  contribute  to  the  continuous
improvement of the project.

Evaluation

A  concrete  measure  of  the  project  success
would  be  the  quality  of  the  Latin  American
dataset. In order to assess its quality, we will ask
human  experts  from  diverse  sociological
backgrounds  to  give  feedback  on  the  dataset,
using  a  set  of  scoring  functions.  People  from
different  countries  will  give  a  score  of
pertinence  to  every  question,  answer
themselves, and finally grade the gold-standard
answer obtained from the Wikipedia page. Our
expected  results  on  the  objective  metrics  are
several:  (i) people from the country should be
significantly better  at  answering their  cultural
background, (ii) questions relating to a country
should be seen as relevant for a significant part
of the population of the country,  (iii) answers
should  be  seen as  pertinent  and  factual.  This
will  also  help  us  to  estimate  the  level  of
knowledge  of  humans  when  compared  with
LLMs.

Another  concrete  measure  would  be  the
engagement  of  the  Wikimedia  community,
particularly  as  the  culture  evolves  in  time,  to
keep  collecting  data  continuously  after  the
project ends and ensure the dataset remains up-
to-date. This can be quantified with the number
of  annotations  collected  and  the  number  of
visits on our dataset platform.

Budget
Total budget of the project has been evaluated
of

36,925  USD.  Our  project  does  not  provide
incentives to the researchers, only support for
master and PhD students, as students are from a
socio-economic class well known to be prone to
precariousness  in  Chile.
https://docs.google.com/spreadsheets/d/1wKQA
qosN34CJZZOTnNpiaVKtl2N1LT-
94Agd0uQD7rY/edit?usp=sharing
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