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Introduction

Large language models now translate policy briefs,
draft legal memos, and chat with millions of people
every day. Yet language is never neutral, it carries
gender, culture, and identity. When a model defaults to
translating a doctor as male or uses a specific informal
greeting, it is not just a possible grammatical error, it is
reproducing the structural biases of its training data. 

This paper explains why gender and culture-aware
dataset design is essential, especially with the new EU
AI Act's provisions coming into effect, and describes
best practices for building AI models that are relevant,
representative, and free of errors.



Context

The typical training data for Machine Learning is created with either
English scraped content or with multilingual corpora, with only part
of the dataset being put through a Reinforcement Learning from
Human Feedback (RLHF) step. This post-training alignment phase is
trying to remove harmful outputs that are already ingrained into the
model. 

The EU AI Act, the first legal framework for AI in the world that aims
to regulate AI technologies within the European Union based on their
risk levels, comes into force in August 2026 for most provisions and
reverses that logic. AI providers must now show, before deployment,
that their systems do not systematically marginalize protected groups
and that every dataset is traceable to its source. That requirement
turns social factors such as gender agreement, cultural honorifics,
and dialectal variation from “nice‑to‑have” features into hard
regulatory constraints.

To meet those constraints, teams must rethink the entire dataset
lifecycle. Source selection and curation, labeling instructions, fine-
tuning objectives, and evaluation dashboards all need to account for
language and cultural nuance. Fairness must be considered when you
collect data, how you label it, and how you stress-test the data.



Why Language Models Inherit Bias

Bias in AI models arises from
overlapping mechanisms that
amplify one another. Training data
patterns shape predictions: if the
word she appears with nurse ten
times more often than with
engineer, the model is likely to
complete the phrase "The senior
engineer said that ___" with he. 

Grammar differences between
languages then worsen the
problem. Spanish marks gender in
words themselves, like chica
versus chico, whereas Turkish
doesn't distinguish gender in third-
person pronouns at all. Text
processing tools developed for
English can miss these distinctions,
producing word representations
that scramble gender signals or
lose them entirely. 

Polite language forms (honorifics)
introduce another challenge:
Japanese has multiple ways to say
"you" whose appropriateness
depends on social relationship, age,
and familiarity. A model that selects
omae rather than anata can insult
the user more than actual profanity.
Lastly, regional dialects often trigger
toxicity filters because many
screening tools were trained on
standard, formal language only.

What these mechanisms share is
that they cannot be fixed by simply
adding more data. Quantity without
careful curation magnifies
frequency bias; it does not cancel it.
Technical interventions must
therefore target the specific
language structures where bias is
created.



Technical Controls: Beyond
Simple Keyword Filters

A modern bias prevention system combines word lists, AI classifiers, and
stress tests, but each component must be culturally adapted to remain
effective. Curated offensive word lists should be built for each language
and region, accounting for creative spelling variations people use to evade
filters. 

AI-based text classifiers, specialized models trained to detect harmful
content, should be trained on balanced, multilingual datasets that include
regional variations. Context-aware classification reduces false alarms, for
instance distinguishing reclaimed slurs used within LGBTQ+ communities
from hate speech. 

Finally, systematic testing with tricky examples (adversarial prompting)
automatically generates paraphrases that hide offensive content inside
idioms or metaphors, exposing weaknesses in the other protective layers
before deployment.
 
Critically, toxicity thresholds cannot be static, as language evolves with
internet culture changes and communities reclaim terms. Continuous
monitoring, with periodic threshold adjustments, ensures that yesterday's
protective barrier does not become tomorrow's censorship.



Respect Markers: Polite Language
and Social Relationships

Polite language forms are not decorative
and they encode the speaker's
relationship to the listener and show
wider social hierarchies. For a
multilingual assistant, getting them
wrong can instantly erode trust.
Addressing politeness accuracy begins
with labeling respectful language during
data preparation. 

Human reviewers mark every pronoun or
verb form that signals respect, creating
training signals unavailable in generic
text collections. 

During text generation, a lightweight
decision system consults user context
like age, relationship type and previous
chat history in order to select the
appropriate politeness level.

Because users often want to adjust
formality levels, adjustable politeness
controls offer a way to modify tone on
demand. One popular approach
represents politeness as a sliding scale. 

Moving along that scale transforms
"Would you please" into "Can you"
without changing the core message.
After deployment, native speaker
evaluation completes the feedback loop. 

Language experts rate generated text on
perceived respect levels, and those
scores train the system to better match
desired politeness in future responses.



Meeting EU AI Act Requirements:
Managing bias in model data

The EU AI Act elevates several of these practices from
recommendations to legal requirements for any system classified
from prohibited, limited‑risk (transparency), minimal‑risk (voluntary),
and general‑purpose/systemic‑risk. 

The following three areas are especially relevant to reduce the risk of
biased outcomes for multilingual chatbots deployed in recruitment,
healthcare, justice, and other sensitive domains.

Data and Data Governance
(High‑Risk Data Quality)

Data quality and governance requirements mandate that high-risk AI
systems must use datasets that are "relevant, representative, free of
errors, and complete" to prevent discrimination. 

This involves ensuring balanced samples across gender identities,
geographic regions, and cultural groups, including underrepresented
communities. 

Teams must validate all data labels against expert standards to
eliminate errors or low-quality entries, and actively add more data
from under-represented groups such as minority dialects to achieve
fair representation. 

The regulation requires documenting the entire data pipeline, from
source selection through final validation, creating an auditable trail
that demonstrates compliance.



Accuracy, Robustness and
Security (Reducing Bias)

Accuracy and bias reduction requirements demand that providers
demonstrate their AI meets declared accuracy levels and includes
explicit measures to reduce biased outcomes. This means conducting
stress tests with challenging inputs such as gender-swapped
sentences or mixed-language phrases and carefully measuring error
rates. Systems must undergo robustness testing using deliberately
confusing or ambiguous inputs to assess reliability under edge
conditions. Additionally, teams must implement security measures
protecting data pipelines against poisoning attacks that could inject
biased training examples, potentially undermining months of careful
curation work.

Human Oversight
(Human‑in‑the‑Loop Controls)

Human oversight requirements establish that effective human
supervision is mandatory, with systems designed to allow
intervention before, during, or after AI outputs. Subject matter
experts must validate samples of chatbot responses on sensitive
topics like mental health or legal advice before deployment.
Production systems need alert mechanisms that immediately route
critical conversations, such as crisis situations or potential self-harm
disclosures, to human operators. Teams must also implement ongoing
monitoring protocols, using conversation logs to review weekly
samples and correct harmful patterns as they emerge, creating a
continuous improvement cycle that adapts to new forms of bias or
misuse.



Culture in the Loop: The Essential
Role of Human Experts

Sociolinguists and community
representatives are often treated as
post‑production copy‑editors,
brought in to tidy up phrasing after
the “real” engineering is done. That
inversion of priorities can introduce
blind spots.

Embedding cultural experts early in
the process has concrete
engineering benefits: they shape
source‑selection criteria to avoid
biased texts that skew sentiment,
they write annotation guidelines
that distinguish affectionate teasing
from harassment, and craft
adversarial testing scenarios
grounded in regional realities, such
as caste slurs in Hindi or anti‑Roma
rhetoric in Romanian.

Budgeting for cultural expertise is
very important, especially for AI
models that will want to work in
the EU space. A rule of thumb
derived from large‑scale
localization projects is to allocate
at least a full‑time linguist per
target language during dataset
construction and work with them
for maintenance. 

By doing so, the cost is negligible
compared with a model recall, a
regulatory fine, or the
reputational damage of a viral
screenshot.



Closing Thoughts

Language models shape how humans perceive one another. If they
silence dialects, misgender professionals, or flatten cultural nuance,
they erode trust in the very tools built to democratize knowledge.

Responsible dataset design is therefore not an optional ethical add-
on but the foundation upon which Responsible AI should be built on.

By integrating word-level checks, adversarial debiasing, and human
cultural wisdom throughout the development lifecycle, engineers can
ship multilingual assistants that earn user confidence with every
interaction.



Learn more about our services on
our Data Services page.

datamundi.ai/ai-data-services

http://datamundi.ai/ai-data-services

