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Abstract

Biases embedded in text corpora pose significant challenges to the development of fair and equitable Artificial
Intelligence (AI) systems. These biases, often reflective of historical inequalities and stereotypes, are inadvertently
learned by Large Language Models (LLMs) during training, leading to the generation of text that can perpetuate
and amplify these biases. Such biases are particularly problematic when these models are employed in real-
world applications, where they can impact decision-making processes and accessibility for diverse user groups.
Additionally, the complexity of generated text further exacerbates the issue for individuals with cognitive
impairments, making it harder for them to understand information. In response to these challenges, ATS has
emerged as a vital tool to transform complex texts into more accessible formats. Given the challenges mentioned
above, the main objective of this doctoral research is to investigate and develop methodologies for the detection
and mitigation of biases in training corpora used for LLMs, particularly for ATS in the tourism sector.
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1. Introduction

The continuous generation of large volumes of textual data has contributed to the proliferation of
biases, which are frequently embedded in the training corpora of language models. Biases embedded in
text corpora pose significant challenges to the development of fair and equitable Artificial Intelligence
(AI) systems. Machine learning (ML) methods can not only reflect existing societal biases but also
exacerbate them [1]. Biases and inequalities in the data may be absorbed by the algorithm and reflected
in outputs when training models, which can have a significant and often harmful impact on people’s
lives [2]. Consequently, the development and use of high-quality corpora—characterized by fairness
and explainability—are essential, as they significantly influence research outcomes. Therefore, the goal
of corpus fairness is to ensure that ML models trained on these corpora do not perpetuate or amplify
biases present in the data.

Moreover, the increasing complexity of information poses significant barriers to comprehension for
the general public. Official communications, in particular, must be accessible to all individuals, including
those with reading difficulties or cognitive impairments. However, manual text simplification is costly,
as it demands considerable time and specialized expertise. Manual simplification of the existing volume
of textual content is impractical [3]. This challenge underscores the necessity for automated approaches
that facilitate equitable access to information. In this context, ATS seeks to transform original texts into
simplified versions that are more accessible and easier to understand.

Taking these considerations into account, this PhD thesis aims to define and establish the research
focus and direction of this thesis, thereby providing a structured framework and clearly defined objectives
to guide the subsequent investigation. The remainder of this article is organized as follows: Section 2
presents an overview of bias detection and mitigation, as well as ATS; Section 3 outlines the research
hypothesis and objectives; Section 4 details the proposed methodology; and Section 5 highlight several
research questions that remain open for discussion.
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2. Background and Related Work

Prior to outlining the research proposal, this section provides a contextual overview of the current
state-of-the-art in bias detection and mitigation, as well as in Automatic Text Simplification.

2.1. Bias in Corpora: Implications for Fairness and Quality

One of the concerns regarding Artificial Intelligence (AI) systems lies in the fairness of their outputs,
which can result in significant negative social impacts when such systems are biased or unfair. For
instance, these biases may manifest as “significant prejudice towards different genders and race” [4]. To
mitigate such issues at the data level, this work emphasizes corpus fairness—the principle that a corpus
should be representative of the population’s diversity. As defined by Mehrabi et al. [5], fairness refers to
“the absence of any prejudice or favouritism toward an individual or group based on their inherent or
acquired characteristics.” Accordingly, this study defines a fair corpus as one that provides an accurate
and balanced view of the language or phenomenon under investigation, without reinforcing existing
biases.

Ensuring fairness at the corpus level directly relates to broader concerns of corpus quality, which
encompasses the validity, reliability, and representativeness of the textual data. Corpus quality is
determined not only by its balance and representativeness but also by the sufficiency of the data and its
alignment with the target discourse domain [6] [7]. Within this framework, corpus fairness becomes a
fundamental component, as it demands that the dataset avoids prejudice and adequately reflects the
diversity of the target population [8]. Thus, a fair corpus is inherently a high-quality corpus—unbiased,
balanced, and inclusive—ensuring that the models trained on it are less likely to perpetuate harmful
stereotypes or social inequities. However, biases originate from three interrelated sources: training

data bias, embedding bias, and label bias [9].

+ Training data bias arises when the input corpus encodes historical and societal inequalities. Such
biases are frequently embedded in language patterns that models internalize during pretraining,
leading to the replication of stereotypes—such as associating specific professions with particular
genders—or the marginalization of underrepresented groups [10, 11, 12].

« Embedding bias is introduced during the generation of semantic representations, where vector
spaces reflect and amplify stereotypical associations. For instance, certain professions may be
semantically clustered in ways that align with gender norms (e.g., aligning femininity with nursing
and masculinity with medicine), thereby influencing downstream tasks in biased ways [13, 14].

« Label bias occurs during the fine-tuning phase, particularly in instruction tuning, where human
annotators’ subjective judgments and sociocultural perspectives affect the labeled data [15, 16].
Techniques such as reinforcement learning with human feedback (RLHF) further risk encoding
individual annotator biases, as model alignment with human preferences may inadvertently
reflect narrow value systems [17]. Mitigating these forms of bias requires comprehensive strate-
gies, including diversifying annotator backgrounds, employing systematic fairness metrics, and
establishing rigorous annotation protocols [18, 9].

Biased corpora used in training LLMs can influence not only fairness of model outputs but also
the inclusiveness of simplified texts. For example, if original texts reinforce gender or cultural biases,
simplification systems may perpetuate or even amplify them. Therefore, ensuring fairness in training
corpora is a necessary step for developing inclusive ATS systems.

2.2. Automatic Text Simplification: Linguistic Levels

Promoting information accessibility is progressively more essential as the volume of textual content
continues to grow, posing significant barriers to comprehension for individuals with cognitive im-
pairments, non-native speakers, and those with limited literacy skills [19]. ATS seeks to address this
issue by reducing linguistic complexity without altering the intended meaning, thereby improving the



readability and overall accessibility of written information while operating across various linguistic
dimensions [3][20]: lexical, syntactic and discourse-level simplification.

Lexical simplification (LS) focuses on replacing complex words with simpler alternatives, typically
using lexical resources or pretrained language models such as BERT [21]. The complexity of a word
is often inversely related to its frequency, with general words being more polysemous and technical
terms usually monosemic [22]. Therefore, the effectiveness of LS is influenced by both the topic of the
text and the contextual appropriateness of the synonyms used [23]. LS typically involves five subtasks,
which can be addressed either modularly or jointly in end-to-end systems [19, 24, 25, 26, 27]:

1. Complex Word or Phrase Identification (CWI/CPI), which seeks to identify terms likely to be
difficult for target audiences [19, 28]; according to [25, 29], a word is considered complex if it
occurs less than five times per million and meets at least one additional criterion, such as being
archaic, long, borrowed, culturally uncommon, low-frequency, highly specialized, or used with
an unusual meaning

2. Substitution Generation (SG), where candidate synonyms are produced using lexical databases,
embeddings, or language models [25]

3. Substitution Selection (SS), which involves selecting contextually appropriate alternatives that
preserve meaning [19, 25]

4. Substitution Ranking (SR), which orders synonyms by simplicity, generally informed by word
frequency [26, 25]

5. Morphological generation and context adaptation to ensure grammatical integration of the
substitution [26]. In cases where substitution fails, simplification may involve generalization or
explanatory expansion, resulting in increased lexical and syntactic divergence from the original
text [30].

Syntactic simplification (SS) targets structural complexity in sentences by removing or transform-
ing difficult syntactic constructions—such as coordination, subordination, relative clauses, and passive
forms—while preserving meaning [28, 20]. Techniques include sentence splitting, voice transformation,
and ambiguity resolution [31, 32], as sentence length and structure have a direct impact on readabil-
ity, particularly for non-native speakers and readers with cognitive impairments [33]. A set of core
operations for SS has been identified, including splitting, merging, reordering, insertion, deletion, and
transformations such as lexical substitution and voice alterations [32, 28, 34, 35, 36]. These operations
collectively enhance sentence-level comprehensibility and often lead to discourse-level changes, thereby
linking syntactic and discursive simplification [24].

At the discourse or document level (DS), simplification involves modifying multi-sentence
structures to improve coherence and accessibility [37]. Operations include paragraph splitting, sentence
reordering, clarification of coreference chains, anaphora resolution, and title generation [20]. Since
syntactic simplification can affect referential clarity and coherence, DS strategies also account for
these dependencies. For example, inappropriate pronoun removal may disrupt coherence, while
overuse of prepositional phrases may introduce complexity. Rule-based systems for DS have been
proposed, incorporating strategies for entity replacement, substitution generation, and ranking based
on referential accessibility [24]. Given that many real-world applications demand a broader contextual
understanding, document-level simplification is often more applicable than sentence-level approaches
[37]. Overall, the choice of linguistic level in TS—lexical, syntactic, or discursive—substantially
influences the design of resources and tools employed for effective simplification.

Building on the considerations previously detailed, corpus fairness, by promoting balanced and
representative data, directly contributes to the quality of linguistic resources. This is particularly
relevant for Automatic Text Simplification, where the effectiveness of simplification strategies relies on
the integrity and inclusiveness of the underlying corpora.



3. Research Description

Large Language Models (LLMs) are predominantly trained on large-scale textual corpora that often
contain implicit and explicit biases. These biases are not only learned by the models but also potentially
amplified, raising ethical and societal concerns.

In this research, we hypothesize that mitigating biases at the corpus level during the training phase of
LLMs can significantly reduce the propagation of social and representational inequalities in downstream
tasks. Specifically, we focus on the application of LLMs to the task of ATS within the touristic domain,
where biased representations and inaccessible language can hinder communication. Addressing these
issues jointly allows for the development of simplification systems that are not only more accessible
but also fairer.

3.1. Objectives

This doctoral research aims to investigate and develop methods for detecting and mitigating biases in
the training corpora of LLMs, with the aim of reducing biased behavior in ATS systems, particularly
within the tourism sector.

3.1.1. Specific Objectives

Based on this objective, several sub-objectives have been defined to outline a detailed workflow:

1. Conduct a comprehensive review of current methodologies for bias detection and mitigation in
corpora, with an emphasis on practices that contribute to fairness and quality in dataset creation.

2. Examining the state-of-the-art techniques in Automatic Text Simplification, including both rule-
based and neural approaches.

3. Constructing high-quality and fair corpora tailored for ATS, including both general-domain and
tourism-specific texts.

4. Developing a task-specific instruction corpus to enhance supervised fine-tuning for ATS.

5. Training LLMs for the ATS task in the touristic domain using the constructed corpora, with a
focus on bias mitigation throughout the training pipeline.

6. Generating and publishing Spanish-language resources, including corpora, linguistic guidelines,
and LLMs to support future research and development.

7. Aligning research outputs with the Sustainable Development Goals, particularly SDG 5 (Gender
Equality), and SDG 10 (Reduced Inequalities).

Through the realization of these objectives, the research aims to make a significant contribution to
the ethical development of LLMs and to enhance the accessibility of tourism-related content through
fair and effective text simplification methodologies.

4. Methodology

This PhD thesis presents a methodology based on a comprehensive review of bias detection and
mitigation techniques, with a focus on ATS.

The approach is divided in two main steps. The first one, consists on the data collection, which
involves three different corpus:

+ The refinement of the ClearSim corpus, involving data cleaning and bias mitigation, to ensure a
high-quality, unbiased dataset.

+ The use of a domain-specific corpus of approximately 300 million tokens, which is centered on
tourism-related content.

+ The creation of a simplification instruction corpus designed to train an instructed model tailored
for tasks within the ATS domain.



The second step of the method consist on the training of a model that combines the bias mitigation
tecnhiques, ATS task and constrained in the tourism domain. To do so, the core model for the experiments
Salamandra 7b, based on a transformer architecture, will be fine-tuned with all the collected data. This
methodology concludes with the development of a system that integrates bias mitigation techniques
and ATS capabilities within a domain-adapted LLM framework, for the purpose of a discriminative
simplified task that enhances readability without compromising accuracy.

Ethical considerations, review processes, and bias mitigation will be integrated into the development
of a language model, ensuring an ethical and reliable approach to ATS in the tourism domain.

4.1. Related experiments and work in progress

The experiments conducted investigate gender bias in text generated by LLMs in Spanish, a language
where gender is inherently embedded in its linguistic structure. The study proposes a validated
methodology for quantifying this bias, which involves the creation of gendered seed-word lists, the
construction of a Spanish-specific corpus with curated prompts, and the analysis of gender polarity
and co-occurrences in the generated text. This methodology was tested on five state-of-the-art LLMs:
GPT-3.5, GPT-4, Llama 3, Gemini 1.5, and Mixtral8x7b. The research provides a systematic framework
for detecting gender bias in Spanish, revealing performance variations among models and highlighting
gender disparities. The aim of this work is to enhance bias quantification methodologies and contribute
to the development of more equitable Al systems.

The ongoing work focuses on the analysis and fine-tuning of the Salamandra model for the tourism
domain. The Salamandra model (Salamandra-7B-Instruct, available at [https://huggingface.co/
BSC-LT/salamandra-7b-instruct]) will initially be evaluated to establish its baseline performance.
Subsequently, fine-tuning will be conducted using a corpus of simplification data in Spanish. The
primary objective of the experiments is to adapt the model to the tourism domain, with particular
emphasis on the language simplification classification task.

5. Research issues to discuss

This section addresses the challenges encountered in conducting this research that need to be taken
into consideration. Future research aims to include bias detection and mitigation methods that can
be applied to the Spanish language, creating high-quality corpora and enhancing the task of ATS for
turism text simplification.

Our research topics cover several subjects that are open to discussion. This study focuses on three main
key topics, which are outlined below, along with the questions each of these topics could encompass.

The following key questions serve as the foundation for a thorough investigation into the intersection
of fairness, bias, and text simplification in this research project:

1. Fairness: The primary issue to be addressed concerns the considerations of fairness and quality.
What criteria define fairness and quality within these contexts, and how can these criteria be
effectively implemented?

2. Bias Detection and Mitigation: The next topic focuses on the identification and mitigation
of biases. Are there comprehensive sets of features that effectively describe various types of
biases in human-related data? Can attribute lists be constructed for this purpose, and are there
identifiable linguistic patterns that indicate and assist in the detection of biases? Additionally,
which specific patterns must be recognized and addressed? Regarding tourist-related information,
how can biases be minimized, and is there a particular pattern that requires detection?

3. Automatic Text Simplification: From the perspective of accessibility, who is most affected
by the complexity of information, and which users would benefit most from text simplification
systems? Should the focus be on a specific target audience, or should a more general approach be
adopted to reach a broader population?
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These inquiries form the core of an in-depth exploration into fairness, bias, and text simplification
within the scope of the present research.
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